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Abstract
Antimicrobial resistance (AMR) and coronavirus disease 2019 (COVID-19) currently represent
two of the most important threats to human health, with both AMR and COVID-19 resulting
in millions of deaths worldwide and severe socioeconomic disruption. It is therefore critical
to understand how interventions can be used to mitigate the impact of these two threats to
human health. However, there are large gaps in research exploring the range of impacts
following the introduction of interventions on the transmission dynamics of AMR and COVID19. In particular, the influence of livestock antibiotic stewardship on AMR in human
populations is poorly understood. This includes antimicrobial resistant foodborne disease
caused by human pathogens such as Salmonella. Additionally, during the initial stages of the
COVID-19 pandemic in 2020, there was a need to understand the feasibility of so-called
“optimal” strategies to best mitigate the impact of outbreaks.
In this thesis, I aimed to explore the impact of interventions on the transmission dynamics of
AMR and COVID-19. A systematic scoping review identified the literature base for the
modelling of AMR transmission/dissemination between livestock/human populations.
Mathematical models were also developed to explore the impacts of livestock antibiotic
curtailment on antimicrobial resistant human foodborne disease and to optimise the timing,
strength and duration of non-pharmaceutical interventions (NPIs) to mitigate COVID-19
outbreaks.
Large literature gaps in AMR modelling were identified, with existing models exploring a
narrow subset of model structures, interventions, settings, and a general lack of model
validation in identified studies. Livestock antibiotic curtailment resulted in increases in the
daily incidence of foodborne disease, as well as a decrease in the proportion of antibioticresistant human infections. However, increases in foodborne disease could be mitigated by
strengthening biosecurity along the farm-to-fork pathway. The efficacy of livestock antibiotic
curtailment to control human antibiotic-resistant foodborne disease was disrupted when the
influence of AMR contamination on imported food products was also modelled. This was
attributable to an increase in antibiotic-sensitive/resistant foodborne disease from imported
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sources, unalterable through local antibiotic curtailment strategies. Additionally, while
optimal NPIs to minimise the attack rate and epidemic peak were identified, they were found
to be fragile, with robust, but suboptimal interventions over a broader parameter space for
the timing, strength and duration of NPIs being more practical and less prone to
implementation error.
This work presented in this thesis adds to a growing evidence base quantifying the intended
and unintended impacts of interventions on the transmission dynamics of AMR at the onehealth interface and COVID-19. This thesis also provides modelling frameworks that can be
expanded to explore future AMR and COVID-19 research questions.
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Lay Summary
Antibiotics are commonly used in livestock and humans to both prevent and treat diseases
caused by bacteria. However, the use and misuse of antibiotics can drive the spread and
evolution of harmful bacteria that are no longer treatable by antibiotics, so called
antimicrobial resistant (AMR), or more specifically, antibiotic resistant bacteria. As resistant
bacteria may spread from livestock to humans, AMR in livestock may have a direct impact on
human health. COVID-19 is another major threat to human health, with the disease causing a
global pandemic, millions of deaths worldwide and severe socioeconomic disruption.
Interventions can be used to control AMR bacterial disease and COVID-19, with interventions
considered any activity undertaken to prevent, cure or reduce the impacts of a disease.
However, these interventions may have intended impacts, as well as unintended and possibly
adverse impacts on human health. It is important that policy makers understand the range of
potential consequences following the introduction of interventions, so that AMR and COVID19 can be controlled effectively. However, there are currently a number of gaps in existing
knowledge regarding the impacts of interventions on these two human health threats. This
includes understanding how reducing livestock antibiotic usage can impact foodborne disease
in humans and how non-pharmaceutical intervention (NPIs), which are interventions other
than taking medicine or vaccines, can be fine-tuned and best introduced in populations to
reduce the impact of COVID-19 outbreaks on human health.
To explore the impact of interventions on both COVID-19 and AMR, mathematical models
were used. These models are simplified, mathematical representations of real-life systems. A
review of existing mathematical models looking at the transmission of AMR between livestock
and humans was conducted. Novel mathematical models were then developed to explore the
impacts of livestock antibiotic curtailment on AMR in human foodborne disease and how to
introduce NPIs to best mitigate COVID-19 outbreaks.
The review identified large literature gaps in studies describing the transmission of AMR
between livestock/humans using mathematical modelling, with only a small range of
mathematical models used, a limited number of livestock/human populations modelled, and
iv

an inability to confirm/validate the output of the models with real-life data. The output of the
models developed in this thesis showed that reductions in livestock antibiotic usage could
result in potential increases in human foodborne disease, as well as decreases in antibioticresistant human infections. However, these increases in foodborne disease could be
counteracted by introducing measures to increase food safety/hygiene during livestock/food
processing. Interventions which reduce livestock antibiotic usage in with the aim of
decreasing human resistance could also be disrupted by the importation of food products
from exporting countries. This was due to the presence of AMR foodborne bacteria on
imported food products contributing to human foodborne disease, unalterable through
domestic/local interventions. Optimal NPIs which aim to minimise the human health effects
of COVID-19 were also identified. However, the room for error with the introduction of these
optimal interventions were extremely narrow and therefore likely to be difficult to implement
in ongoing outbreak scenarios. NPIs that were less effective, but less prone to implementation
error, termed “robust” NPIs, were considered an alternative to optimal NPIs.
This thesis adds to a growing evidence base, quantifying the impact of interventions on the
transmission dynamics of AMR between livestock/human populations and also on COVID-19.
The mathematical models presented in this thesis can also act as a template for future
research to further investigate the impacts of interventions on AMR and COVID-19.
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1
Introduction
1.1

COVID-19 and antimicrobial resistance

1.1.1 Overview of COVID-19 and AMR
Human infectious diseases can occur due to the transmission of microorganisms such as
bacteria, viruses, fungi or parasites from other humans, but also from animals, arthropod
vectors, plants and the environment. Coronavirus disease 2019 (COVID-19) and antimicrobialresistant bacterial infections currently represent two of the most important threats to human
health from infectious diseases.
COVID-19 is an infectious disease caused by severe acute respiratory syndrome coronavirus
2 (SARS-CoV-2). The first human cases of COVID-19 were identified in December 2019, with
cases rapidly increasing worldwide and the outbreak being classified as a pandemic by the
World Health Organisation (WHO) on the 11th March 2020 (World Health Organisation,
2020b). As of the time of writing (early 2022), the COVID-19 pandemic has resulted in over six
million deaths worldwide and severe socioeconomic disruption, with the latter occurring both
directly from the impact of the pandemic, but also due to the severe impacts of the measures
implemented to stop the spread of COVID-19 (Dong et al., 2020).
Antimicrobial resistance (AMR) occurs when microorganisms develop or acquire the ability to
resist antimicrobials such as antivirals, antibiotics and antifungals. Bacterial AMR is a related
phenomenon, and is specific to when bacteria develop or acquire the ability to resist
treatment with antibiotics (World Health Organisation, 2021a). Antibiotics are a critical tool
in the prevention and treatment of bacterial infections, killing (bactericidal) or inhibiting the
growth (bacteriostatic) of bacteria. Antibiotics also have an agriculture purpose, with
1

antibiotics used as a therapeutic in livestock food animals but also to promote growth
(Castanon, 2007). Bacteria can possess intrinsic resistance to antibiotics, occurring when
bacteria are naturally and innately resistant to antibiotics (Cox and Wright, 2013). However,
antibiotic resistance is more commonly gained through spontaneous mutations to elements
of the bacterial genome relevant for the activity of antibiotics, or through the acquisition of
resistance genes through the horizontal gene transfer (HGT) of mobile genetic elements
(MGE) between bacteria (Lerminiaux and Cameron, 2019). Human infections caused by
antibiotic-resistant bacteria are a leading public health threat, with the antibiotic therapeutics
used to treat potentially life-threatening but routine bacterial infections rendered ineffective
by AMR. Therefore, there is a critical need to address AMR, with an estimated 4.95 million
deaths associated with bacterial AMR in 2019 and a projected cumulative cost of 100 trillion
USD to global economic output by 2050 (O'Neill, 2016, Murray et al., 2022).

1.1.2 Epidemiological situation of COVID-19 in 2020
Since the emergence of COVID-19 in 2019, significant progress has been made to understand
the pathogenesis and transmission dynamics of the disease. However, the epidemiological
situation and knowledge of SARS-CoV-2 was uncertain in early 2020 due to the emerging state
of the pandemic. Early indications from epidemiological analyses of COVID-19 suggested a
high probability of sustained onwards transmission and a difficulty in containing outbreaks in
seeded countries. This includes early estimates of the basic reproduction number (R0) in
January/February 2020, with early WHO estimates indicating an R0 of between 1.4-3.28 and
an understanding that implemented travel bans would be unable to contain the international
spread of COVID-19 from affected countries (Flaxman et al., 2020a, Liu et al., 2020).
Additionally, initial outbreaks in China and Italy demonstrated wide variation in population
vulnerability, with elderly individuals most at risk from hospitalisation and deaths (Modi et
al., 2021, Davies et al., 2020a). These initial outbreaks also demonstrated the vulnerability of
healthcare systems unprepared for the severity of COVID-19, with a near collapse of health
care services in severely affected regions in Wuhan, Emilia-Romagna and Lombardy (Gatto et
al., 2020, Du et al., 2021). The increasing understanding of the severity and speed at which
2

COVID-19 was spreading resulted in many countries with fledgling outbreaks considering the
introduction of strict control measures to combat the spread of outbreaks, and in order to
avoid healthcare capacity from being overwhelmed (Department of Health & Social Care,
2020).

1.1.3 Selection and transmission of AMR in the context of a one-health
approach
The acquisition of antibiotic-resistance does not necessarily result in the proliferation and
spread of the resistant bacteria. However, the selective pressure resulting from the use and
misuse of antibiotics is a major factor that may drive the rise of antibiotic-resistant bacteria.
Bacteria exist in complex microbial communities, with antibiotic-sensitive and antibioticresistant bacteria present in mixed populations. Therefore the toxic effect of antibiotic
concentrations over or near the MIC, defined as the lowest concentration of an antibiotic that
inhibits the visible growth of a microorganism, kills/inhibits the growth of antibiotic-sensitive
bacteria, allowing for antibiotic-resistant bacteria to benefit from a fitness advantage and
proliferate (Barbosa and Levy, 2000). However, bacterial exposure to antibiotics is also
heterogeneous, with sub-inhibitory concentrations of antibiotics also promoting resistance
through the activation of stress responses to cope with the exogenous stress of antibiotics
(Bernier and Surette, 2013). Examples include the activation of the SOS stress-response,
which can indirectly promote antibiotic-resistance, with increases in the mutation rate,
formation of biofilms and the promotion of HGT (Bernier and Surette, 2013).
It is important to note that this selection can occur through normal/routine usage of
antibiotics, but can also be exacerbated through the misuse of antibiotics. This misuse occurs
when antibiotic usage is avoidable or incorrectly implemented (Ventola, 2015). Examples
include the unnecessary prescription of antibiotics for viral infections (Tanday, 2016), use of
last-line antibiotics such as carbapenems or polymyxins for routine purposes (Ventola, 2015),
and the use of broad-spectrum antibiotics that impact a wider range of bacteria, in contrast
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to narrow spectrum specific antibiotics which are targeted to more specific species of bacteria
(Melander et al., 2018).
Antimicrobial resistant bacteria do not solely occur within-hosts, but can also spread and be
transmitted between hosts and populations. This spread/transmission between hosts can
occur within and between human, livestock and environmental reservoirs (Figure 1.1)
(Woolhouse et al., 2015). This interconnectedness between AMR reservoirs has led to a “onehealth” approach being used to tackle the AMR crisis, with this approach changing the
previous human-centric AMR paradigm, to consider the role of livestock populations and the
environment. Examples include antibiotic-resistant foodborne bacteria such as Salmonella
spp. being identified throughout the livestock-to-human farm-to-fork pathway, direct contact
between livestock and farm workers facilitating the spread of AMR and with antibiotic
residues and antibiotic-resistant bacteria contaminating environmental reservoirs through
slurry runoff in agricultural settings and through hospital effluent in human settings (ManyiLoh et al., 2018, Kümmerer and Henninger, 2003).

Figure 1.1. Transmission routes for the spread of antimicrobial resistance between human,
livestock and environmental reservoirs. Taken from Woolhouse and Ward, (2013).

4

1.2

Interventions to control COVID-19 and AMR

1.2.1 Overview of interventions to control COVID-19 and AMR
Interventions are an important tool to control the spread of human health threats such as
AMR and COVID-19. An intervention can be considered any activity undertaken to improve
human health, by either curing or reducing the severity/duration of an existing disease (Smith
et al., 2015).
In the context of COVID-19, the primary interventions used to control outbreaks during the
initial stages of the pandemic were non-pharmaceutical interventions (NPIs), which contrasts
to contemporary pharmaceutical interventions such as the usage of vaccination or antivirals
(Tregoning et al., 2021, Frediansyah et al., 2021). These NPIs aim to decrease contact rates
within populations to reduce the transmission of COVID-19. This includes school closures,
travel restrictions, home isolation/household quarantine of cases and social distancing
(Flaxman et al., 2020a). Packages of multiple NPIs, colloquially known as “lockdown”
measures, were the primary tool used to control COVID-19 transmission in early 2020 across
many countries worldwide (Flaxman et al., 2020a).
Interventions to target AMR include infection prevention and control (IPC) measures which
aim to prevent the transmission of antibiotic-resistant bacteria (World Health Organisation,
2021a). This is especially relevant in healthcare contexts where nosocomial transmission can
occur amongst vulnerable individuals such as organ transplant recipients, neonates and
patients in intensive care units (Friedrich, 2019). The most critical of these healthcare
associated infections include the so-called ESKAPE pathogens, which include Enterococcus
faecium, Staphylococcus aureus, Klebsiella pneumoniae, Acinetobacter baumannii,
Pseudomonas aeruginosa, and Enterobacter spp. (Mulani et al., 2019). However, AMR
interventions also include those looking to prevent the occurrence of resistance from the
point of origin. These interventions include antibiotic stewardship interventions in livestock
and human populations to reduce the unnecessary usage of antibiotics, through alterations

5

in prescribing behaviour and introduction of taxation to de-incentivise the usage of antibiotics
(Woolhouse et al., 2015, O'Neill, 2016).
These interventions to prevent the development and spread of AMR are especially important
when considered in the context of a one-health approach to control AMR. Antibiotic usage in
livestock has been of particular interest in the last few decades, with Danish research in the
1990s identifying an association between avoparcin usage as a growth promoter in livestock
food animals and the widespread prevalence of vancomycin-resistant enterococci in livestock
(Bager et al., 1997). This resulted in a ban of the usage of avoparcin as a growth promoter and
subsequently all usage of avoparcin in the EU (Aarestrup, 2012). The success of these initial
interventions has been followed by an increasing focus on antibiotic stewardship
interventions to reduce the risk of livestock-origin antibiotic-resistant bacteria spreading to
human populations, with this including a 2006 European Union ban and 2017 US Food Drug
Administration regulation on antibiotic growth promotion (European Commission, 2005b, US
Food & Drug Administration, 2013).

1.2.2 Intended impacts of interventions to control COVID-19 and AMR
Interventions to control infectious disease are introduced with the direct intention of
improving human health. In the context of COVID-19, an example of these intended effects
include the use of packages of NPIs in 2020 to reduce hospitalisations and prevent the
overwhelming of healthcare capacity (Ferguson et al., 2020). The efficacy of these NPIs has
been estimated in literature, with a reduction in the effective reproduction number (Rt) of
COVID-19 below 1 (Rt < 1) and an estimated 59,000 (95% credible interval 21,000-120,000)
deaths averted in Europe from the initiation of severe NPIs, up until 31st March 2020
(Flaxman et al., 2020a). Additionally, the development and introduction of COVID-19 vaccines
such as BNT162b2 and ChAdOx1 have been shown to be highly effective, with a significant
reduction in the severity and risk of infection across a large range of COVID-19 variants (Eyre
et al., 2022, Sheikh et al., 2021).
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Antibiotic stewardship interventions are also introduced with the direct intention to reduce
the occurrence of antibiotic-resistance in the targeted population, and in the context of a onehealth approach, across the entire human/livestock/environment interface (Woolhouse et al.,
2015). The efficacy of these antibiotic stewardship interventions have been reported in
literature, with a meta-analysis identifying estimated pooled absolute risk reductions of 1015% and 24% in livestock and human resistance respectively in studies where livestock
antibiotic usage has been removed (Tang et al., 2017). Another example includes
retrospective epidemiological analyses of the impact of Danish AGP bans in Enterococcus spp.
in broiler poultry and fattening pigs, with conclusive evidence of an association between
decreases in livestock antibiotic usage and livestock resistance across a range of different
antibiotic classes (Figure 1.2) (Aarestrup, 2005).
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Figure 1.2. Comparison of changes in consumption of antibiotics used for growth promotion
and the level of antimicrobial resistance in E. faecium and E. faecalis isolated from Danish
broiler and pigs from 1995-2003. Figure taken from Aarestrup, (2005).
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1.2.3 Uncertainties and unintended impacts of interventions to control
COVID-19 and AMR
In addition to the direct and intended impacts of interventions, there may also be unintended
and adverse human health consequences to introducing interventions (Clarke et al., 2019,
Tang et al., 2019, McEwen et al., 2017, Lorenc and Oliver, 2014). These “knock-on” effects
often occur beyond the impacts envisaged by the policy makers introducing the intervention.
This is especially relevant for the human health threats of AMR and COVID-19, with
uncertainty in the effects of interventions also exacerbated by the large levels of uncertainty
in the mechanisms underlying the occurrence and spread of AMR and with the novel nature
of COVID-19, especially as the pandemic was unfolding in 2020.
An example can be observed with the NPIs used to tackle the COVID-19 pandemic in 2020,
with economic, physical and mental health repercussions during and following the cessation
of NPIs (Nicola et al., 2020, Pierce et al., 2020, Pfefferbaum and North, 2020). There were also
a range of adverse epidemiological impacts of NPIs, with temporary suspension of
procedures/screening for non-communicable diseases (NCDs), with the aim to increase
healthcare resources for the COVID-19 response, potentially resulting in a decrease in
detection of breast cancer and cardiovascular disease cases (Dyer, 2020). Additionally, the
inadequate focus on elderly populations during the initial stages of “lockdown” measures,
resulted in the rapid discharge of infected individuals to care homes and lack of testing,
consequently leading to large number of care-home associated COVID-19 deaths (Daly et al.,
2021). These unintended consequences of COVID-19 interventions, reflects a need to better
understand how interventions such as NPIs can be better introduced in future situations to
mitigate the potential adverse effects of interventions.
There is also a large amount of uncertainty in the impacts of interventions intended to control
the spread of AMR. This is particularly the case with the transmission of AMR at the
livestock/human interface, with large amounts of uncertainty regarding the extent and
mechanisms underlying the zoonotic transmission of AMR between livestock and human
populations (Muloi et al., 2018). Additionally, due to the focus on interventions to curtail the
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usage of antibiotics, the loss of the therapeutic pressure offered by antibiotics may lead to
adverse health effects in livestock/human populations (Marshall and Levy, 2011). As an
example, surveillance data identified a temporary increase in necrotic enteritis in 25/1700
Danish broiler flocks compared to 1-2/1700 in the years preceding a ban on AGPs (McEwen
et al., 2017). The loss of antibiotic pressure due to livestock antibiotic curtailment has also led
to fears that there would be an increase in the incidence of livestock disease and
consequently, increases in human disease (Marshall and Levy, 2011, Casewell et al., 2003,
Phillips et al., 2004).
Retrospective analysis of antibiotic usage in finishers and weaners between 1992 and 2008
identified limited evidence of these increases in human disease following curtailment
(Aarestrup et al., 2010). However, the uncertainty in the impacts of AMR interventions
highlights the importance of understanding and quantifying the range of potential
consequences of interventions, especially in the context of livestock antibiotic curtailment
interventions introduced as part of a “precautionary principle” approach into highly complex
one-health systems (Tang et al., 2017, Phillips et al., 2004).

1.3

Exploring the impact of COVID-19 and AMR interventions
using mathematical models

1.3.1 What are mathematical models?
Mathematical models are important tools to understand both the transmission dynamics of
diseases and also to explore the potential intended/unintended impacts of interventions.
These models can be defined as mathematical representations of real-life systems and can be
broadly separated into two groups: empirical models and mechanistic models (Bonate, 2011).
Empirical models explore the relationship between observations and do not require an in
depth understanding of the mechanisms generating the data (Bonate, 2011). This includes
statistical modelling to determine early estimates for the serial interval of COVID-19 and
investigations into the association between patterns of antibiotic use and AMR in
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livestock/humans (Olesen et al., 2018, Nishiura et al., 2020). In contrast, mechanistic models
are based on physical and physiological processes, and explicitly describe the mechanisms
underlying the system generating the data/observations (Bonate, 2011). Examples of this type
of modelling include use of the ubiquitous SIR model, used to understand the transmission
dynamics of diseases including COVID-19. Variations of the SIR model structure have also
been applied to understand AMR dynamics (Bertozzi et al., 2020, Spicknall et al., 2013).
Mechanistic models are well suited to explore the intended and unintended impacts of
interventions due to the explicit modelling of the different mechanisms underlying disease
transmission. A common example includes modelling interventions that may alter the
probability of infection following contact or the number of contacts, by altering transmission
parameters. Additionally, mechanistic models can be utilised in a hypothesis-testing role, by
exploring different model structures and parameters, representing different hypotheses and
assumptions about the transmission of disease. These can be compared and formally tested,
to identify the most feasible mechanisms underlying transmission given the observed data.
This hypothesis-testing role of mechanistic models is well suited to explore the impacts of
interventions to target AMR and COVID-19, given the uncertainty regarding the mechanisms
underlying the dissemination/transmission of AMR and COVID-19, especially during the
emerging stages of the pandemic in 2020.

1.3.2 Use of mathematical models to explore AMR interventions
Mechanistic modelling of interventions in AMR have primarily focused on changes to
infection, control and prevention (ICP) procedures, and antibiotic restriction policies
(Niewiadomska et al., 2019). Examples include understanding the direct impact of antibiotic
restriction policies and ICP in hospitals and communities on hospital acquired vancomycinresistant Enterococcus faecium (VREF) and methicillin-resistant Staphylococcus aureus
(MRSA) infections (Austin et al., 1999, Kouyos et al., 2013). However, there has also been an
increasing interest in exploring the impact of interventions in connected one-health systems,
with a key example being modelling/exploring the impact of livestock antibiotic stewardship
interventions on human resistance and the dynamics of AMR establishment in human
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populations (Smith et al., 2002, van Bunnik and Woolhouse, 2017) (Figure 1.3). Note that
chapter 2 in this thesis conducts a systematic scoping review of models exploring AMR
transmission at the livestock/human interface.

Figure 1.3. Model structure for the transmission of AMR between livestock and human
populations. Figure taken with permission from Dr Bram van Bunnik, the corresponding
model and analysis is published in van Bunnik and Woolhouse, (2017).
A number of models have also explored the unintended consequences and uncertainties
associated with the introduction of AMR interventions and the mechanisms driving
transmission. The motivation for these modelling approaches is due to a fundamental lack of
understanding of the mechanisms that drive the generation, transmission and dissemination
of AMR both within/between populations, and the impact of interventions (Birkegård et al.,
2018, Niewiadomska et al., 2019, Marshall and Levy, 2011). Key examples include the impact
of population structure and coexistence mechanisms on the impact of interventions, and on
general AMR transmission dynamics. Mathematical modelling of different coexistence
mechanisms such as growth competition and negative frequency-dependent growth
demonstrate qualitatively different impacts of vaccination against Streptococcus pneumoniae
(S. pneumoniae) when compared to the modelling of other coexistence mechanisms (Davies
et al., 2021). Additionally, modelling of interactions in spatially separated populations has also
identified the importance of between-“patch” connectivity on disrupting the efficacy of local
patch-specific antibiotic stewardship interventions (Krieger et al., 2020).
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However, it is important to note that there are still significant gaps in literature modelling
these uncertainties in AMR transmission dynamics and the unintended impacts of AMR
interventions. This includes quantifying the potential for adverse livestock/health effects
following the loss of antibiotic pressure from curtailment of antibiotic usage. While
epidemiological literature has identified a lack of evidence in surveillance that suggests the
occurrence of these increases, or that accompanying biosecurity can be used to drive down
these increases in disease, only a limited number of mathematical models have explored this
phenomenon (Schlundt and Aarestrup, 2017). Examples include a number of risk-analysis
models exploring increases in foodborne disease, such as campylobacteriosis, following
interventions to curtail livestock antibiotics (Singer et al., 2007, Cox and Ricci, 2008). However,
the mechanistic components used in these model structures are often limited, limiting an
understanding of exactly how adverse health effects are generated and how additional
interventions can be specifically implemented to prevent these adverse impacts of
interventions. This represents a significant literature gap, especially considering an increasing
focus on limiting the usage of livestock antibiotic in a more therapeutic role, with EU
legislation banning the routine/prophylactic usage of antibiotics in 2022 (EUR-Lex, 2019).
There is also a need to explore the impact of population structure and external sources of
AMR on disrupting AMR dynamics within “local” populations. This includes the potential for
external AMR transmission pressures to alter the impact of local AMR interventions. An
example includes the influence of 1% interactions between subpopulations reducing the
ability for local changes in antibiotic usage to change local antibiotic resistance by up to 50%
(Olesen et al., 2020). Additionally, spatially-heterogeneous subpopulations were found to
promote the coexistence of antibiotic-sensitive and antibiotic-resistant strains (Krieger et al.,
2020).
However to date, no models have explored the impact of population structure or external
sources of AMR transmission in the context of interventions at the one-health interface. This
includes the role of AMR on imported food products potentially disrupting the impact of onehealth interventions within an importing country of interest (George, 2019, Mateus et al.,
2016, Jung et al., 2022). This is an important knowledge gap, especially considering an
increasing worldwide reliance on imported food products to meet global demand,
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renegotiation of trade deals and increasing demand for the diversification of food products
(Gehlhar and Coyle, 2001, Zhao et al., 2021, Kinnunen et al., 2020, Porkka et al., 2017).

1.3.3 Use of mathematical models to explore COVID-19 interventions
Mathematical models have also been extensively used to simulate transmission dynamics of
COVID-19 and to project the impact of interventions (Bertozzi et al., 2020). As stated earlier
in the chapter, the main focus during the early stages of the pandemic was to understand the
direct and intended impacts of non-pharmaceutical interventions on the mitigation of COVID19 epidemic peaks (Department of Health & Social Care, 2020), with this also being reflected
in the mathematical modelling studies conducted during this period. This includes the use of
stochastic, individual based modelling of NPIs aiming to suppress or mitigate COVID-19
outbreaks in the highly publicised “report 9”, which provided evidence for the efficacy of strict
packages of NPIs to prevent ICU capacity from being overwhelmed in the US and UK (Flaxman
et al., 2020a).
While effective at preventing NHS healthcare capacity from being overwhelmed, the adverse
and unintended impacts of severe packages of NPIs were quickly recognised, with these
interventions being unsustainable/time-limited, with economic, physical and mental health
repercussions during and following the cessation of these interventions (Nicola et al., 2020,
Pierce et al., 2020, Pfefferbaum and North, 2020). Mathematical modelling was used to
retrospectively analyse the human health impacts of introducing severe NPIs under
alternative circumstances, to minimise the adverse and unintended impacts of these
interventions. This includes insight into how differences in the timing, duration and strength
of NPIs could have potentially altered COVID-19 associated mortality and morbidity compared
to the course of action actually undertaken during the initial pandemic waves in 2020.
In particular, there was interest to identify methods to “optimise” the introduction of NPIs to
minimise both the attack rate and the peak prevalence/incidence (Morris et al., 2021, Di Lauro
et al., 2021). This involves fine-tuning the introduction of NPIs by altering the timing, duration
and strength of NPIs to mitigate the attack rate and peak incidence/prevalence, while also
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reducing the adverse socioeconomic impacts of NPIs. Research into optimising different NPI
strategies was conducted in parallel by multiple research groups during early 2020, including
optimising single time-limited reductions to transmission (Di Lauro et al., 2021, Morris et al.,
2021), intermittent pulsing of NPIs (Centers for Disease Control and Prevention, 2013, Rawson
et al., 2020) and gradual ramping-down of intervention measures following an initial
reductions to transmission (Gevertz et al., 2021, Miclo et al., 2020, Rawson et al., 2020).
However, following this initial modelling in 2020, there still existed knowledge gaps, with a
lack of integrative frameworks comparing and exploring optimisation of a range of
qualitatively different NPI strategies (ramping up, pulsing etc.) and a lack of modelling
exploring the effect of altering assumptions regarding model structure (SEIR, SIRS, etc.) on
optimisation.
These are important phenomena to explore, as while theoretically appealing NPIs can be
optimised, such as strict and constant reductions to transmission, the COVID-19 outbreak has
demonstrated that the use of these more realistic interventions are often limited by public
acceptance (Gollwitzer et al., 2021). Therefore, alternative NPI interventions should be
explored, such as the use of NPIs with a gradual easing or “unlocking” to give a sense of return
to “normality”, or pulsed interventions to allow for brief periods of public freedom. It is also
important to explore if the identification of optimal NPIs is robust to different assumptions
regarding model structure, this is especially relevant as novel experimental and
epidemiological studies shed light on the pathogenesis of COVID-19 (exposed period, waning
immunity etc.) and to allow for flexibility in the use of these NPIs for other emerging disease
outbreaks.

1.4

Research hypothesis, aim and thesis outline

Within the context of AMR and COVID-19, large literature gaps exist exploring the impact of
interventions on disease dynamics. In particular, there is a need to explore both the direct
and intended human health consequences resulting from the introduction of interventions,
but also the unintended impacts, which often have adverse human health effects. This
includes interventions such as livestock antibiotic curtailment and the introduction of non15

pharmaceutical interventions to control COVID-19. Literature has also set out the utility of
mathematical modelling to explore these uncertainties in the impact of COVID-19 and AMR
interventions, and to quantify intuition/assumptions held in epidemiological literature.
This led to the formulation of a research hypothesis in this thesis: that interventions to target
AMR and COVID-19 will have both intended and unintended impacts on human health.
Therefore, the overall aim of this thesis was to explore the impact of interventions on AMR
and COVID-19. To explore the overall aim of this thesis and motivated by the previously
described points, four individual research questions were posed and addressed individually
across separate data chapters.
Given the current lack of an integrated framework exploring the range of mechanistic models
of AMR between livestock and human populations, a systematic scoping review of the current
literature base of mechanistic models of AMR at the livestock/human interface will be
conducted in chapter 2. A mathematical modelling approach will then be used in chapter 3 to
explore the literature gap with regards to the potential effects of livestock antibiotic
curtailment on human foodborne disease. This chapter is motivated by intuition held in
epidemiological literature, regarding the potential for negative human health consequences
following a loss in livestock antibiotic pressure. Chapter 4 will expand upon the model
described in chapter 3, by recognising that the influence of livestock AMR on human
resistance is not limited to a single homogenous source, with AMR on food products from
both domestic and imported sources potentially disrupting local human AMR dynamics. This
chapter will specifically focus on the influence of imported AMR potentially disrupting the
efficacy of livestock antibiotic curtailment on reducing human resistance. Finally, chapter 5
will explore the concept of optimal non-pharmaceutical interventions to control COVID-19
outbreaks. This chapter is motivated by work performed in early 2020 in response to the
emerging COVID-19 pandemic.
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2
Mechanistic models of
antimicrobial resistance
transmission between food
animals and human
populations: A systematic
scoping review
2.1

Introduction

The livestock-to-human transmission pathway has been suggested as a major contributor to
the spread of antimicrobial resistance (AMR) in human populations (Hassell et al., 2019). This
can be attributed to the spread of AMR bacteria, genes or antibiotic residues from livestock
to human populations, which can occur through direct contact, or indirectly through the
environment and contamination of food products. This potential connection between AMR
found in livestock and human sources has led to a “one health” approach being applied
towards the transmission and spread of AMR (McEwen and Collignon, 2018). The adoption of
this one-health approach has seen the rapid expansion of the evidence base to understand
the patterns, dynamics and extent of the spread of AMR between livestock and human
populations (Niewiadomska et al., 2019). This has included advances in the mathematical
modelling of AMR.
Mathematical modelling can be broadly categorised into either empirical or mechanistic type
models, with significant overlap between these two types (Bonate, 2011). Empirical models
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explore the relationship between observations and do not require an in-depth understanding
of the mechanisms generating the data. Examples in AMR research include the use of
statistical models to assess the relationship between patterns of antibiotic use and AMR in
livestock/humans, identifying the extent of relatedness between isolates from agricultural
and human settings using whole genome sequencing (WGS) and the retroactive attribution
of human AMR to different livestock reservoirs (Duarte et al., 2021, Ludden et al., 2019,
Olesen et al., 2018). On the other hand, mechanistic models are based on physical and
physiological processes, and explicitly describe the mechanisms underlying the system
generating the data (Bonate, 2011). In the context of AMR, this enables a greater
understanding of the processes that influence the dynamics of AMR. Examples include the
use of dynamic epidemiological models to understand how population structure and
coexistence mechanisms may influence AMR interventions, understanding the mechanisms
underlying antibiotic sensitive/resistant coexistence and exploring the influence of AMR in
livestock reservoirs on human AMR dynamics (Davies et al., 2021, van Bunnik and Woolhouse,
2017).
Empirical models are well suited to study AMR in a one-health context due to the historical
lack of AMR data in environmental/agricultural reservoirs and the unclear understanding of
the mechanisms underlying the existence/transmission of AMR in different sources (Knight et
al., 2019, Van Boeckel et al., 2019, Wee et al., 2020). Empirical AMR models can therefore
provide insight into the associations between AMR present in different one-health settings,
without needing an exact understanding or explicitly modelling the mechanisms underlying
the spread of AMR.
However, a lack of in-depth understanding into the exact mechanisms underlying the spread
of AMR does not limit the usefulness of mechanistic models. Exploratory mechanistic models
can be used in a hypothesis testing capacity. For example, different mechanistic model
structures can be explored, representing different hypotheses and assumptions about the
transmission/generation of AMR. These models can be tested and compared to identify
feasible mechanisms for AMR persistence (Davies et al., 2019, Davies et al., 2021, Spicknall et
al., 2013). Additionally, the use of sampling-based uncertainty analysis and global sensitivity
analyses can identify key parameters and transmission pathways that drive human/livestock
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AMR. This hypothesis testing role of mechanistic models can greatly enhance the evidence
base around AMR transmission dynamics, without requiring in-depth data to parameterise
the model, or a concrete understanding of the precise mechanisms underlying AMR
transmission (Blower and Dowlatabadi, 1994, Wu et al., 2013). Increases in the accessibility
of AMR data across human and livestock populations, as well as advances in WGS approaches,
will also likely increase the viability of future highly parameterised mechanistic models of
AMR (Duarte et al., 2021, World Health Organisation, 2021b, Van Boeckel et al., 2019).
Mechanistic models of AMR also enable the exploration of the impacts of interventions on
future AMR dynamics. Examples include modelling the impact of vaccination strategies on
antibiotic-resistance in Streptococcus pneumoniae (S. pneumoniae) and different behavioural
interventions, such as antibiotic curtailment and improved water, sanitation and hygiene
(WASH) strategies on AMR in both livestock and human populations (Bootsma et al., 2006,
Davies et al., 2021). The ability of these mechanistic models to explore future interventions is
an important characteristic, especially when placed into context of the increasing focus on
mitigating the effects of AMR in humans using a one-health approach. This includes
interventions which range from large scale bans such as the 2006 EU ban on the use of
growth-promoting antibiotics (European Commission, 2005a) and a 2022 ban on the routine
use/prophylaxis of antibiotics in livestock (The European Parliament and Council of the
European Union, 2018), to several more localised interventions in individual countries
(Aarestrup et al., 2001).
Despite the important role of mechanistic models in understanding the dynamics of AMR at
the one-health interface, only a few reviews have been published that summarise the use of
mechanistic models between livestock and humans. Examples include reviews that
summarise subsets of mechanistic models, such as population-level dynamic epidemiological
models and also risk assessments evaluating the risk of foodborne AMR to human populations
(Caffrey et al., 2019, Niewiadomska et al., 2019, Spicknall et al., 2013). However, to date no
study has been conducted to explore the entire breadth of mechanistic models of AMR at the
livestock-to-human interface within an integrated systematic review.
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To address this literature gap, this chapter aims to conduct a systematic scoping review of
mechanistic models of AMR transmission between livestock and human populations. By
categorising the types of mechanistic models used to model AMR between livestock and
humans, and identifying key limitations of current modelling approaches, this chapter can
inform future one-health mechanistic models of AMR and consequently enhance
understanding of AMR dynamics.
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2.2

Methodology

2.2.1 Search strategy
A systematic search of publications relevant to mechanistic modelling of AMR transmission
between food animals/livestock and humans was carried out using PubMed-MEDLINE and
Web of Science databases. Publications were not limited by date, but with the extraction of
papers finalised on the 25/11/21.
MeSH terms were used to inform the creation of the search terms, with the search strategy
roughly structured to identify studies relevant to mathematical modelling, antimicrobial
resistance, and livestock (food animals). The full search strategy, with all associated MeSH
terms can be found below:
(model OR simulation OR (“risk analysis” OR “risk assessment” OR “hazard assessment” OR
“cost benefit” OR “exposure assessment” OR “risk management” OR “adverse outcome” OR
“attributable fraction” OR attribution* OR “health hazard” OR “quantitative assessment” OR
“consequence assessment”)) AND (((antimicrobial OR anti-microbial OR anti-bacterial OR
antibacterial OR antibiotic OR drug OR aminoglycoside OR carbapenem OR cephalosporin OR
penicillin OR macrolide OR quinolone OR sulphonamide OR lactam* OR tetracycline OR
amphenicol OR polymyxin OR pleuromutilin OR multi-drug OR multidrug OR extensively-drug
OR fluoroquinolone OR lincosamide OR amoxicillin OR ampicillin OR neomycin OR kanamycin
OR gentamicin OR chloramphenicol OR streptogramin OR trimethoprim OR streptomycin OR
gentamycin OR erythromycin OR metronidazole OR bacitracin OR fosfomycin OR colistin OR
furaltadone OR novobiocin OR rifaximin) AND (resistan* OR nonsusceptibility OR nonsusceptibility)) OR extended-spectrum*) NOT ((malaria OR plasmodium) OR (HIV OR “human
immunodeficiency virus”) OR (neoplasia* OR neoplasm OR tumor OR tumour OR cancer OR
malignancy) OR (pharmacodynamic OR pharmacokinetic) OR (fungi OR fungus OR mold) OR
prion OR (“in vivo” OR “in vitro” OR in-vivo OR in-vitro) OR (pet OR “companion animal” OR
“companion animals” OR “companion dog” OR “companion cat”) OR biofilm OR (epilepsies OR
“awakening disorder” OR epilepsy) OR vaccine) AND (livestock OR animal OR farm OR food OR
21

chicken OR broiler OR poultry OR eggs OR layers OR pork OR swine OR pig OR cattle OR beef
OR lamb OR sheep OR mutton OR fish)
Results from both PubMed-MEDLINE and Web of Science databases were merged and
duplicates

were

then

removed.

Publications

were

kept/removed

using

the

inclusion/exclusion criteria described in the section below (section 2.2.2). An overview of the
search and inclusion/exclusion process can be found in the PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-analyses) diagram (Figure 2.1). The finalised PRISMA
reporting checklist can be found in Appendix Table A1.

Figure 2.1. PRISMA flow diagram for the inclusion/exclusion of studies for the scoping
review.

2.2.2 Inclusion and exclusion criteria
Mathematical models describing the farm-to-fork transmission of antimicrobial resistant
bacteria, either fully or partly modelled using a mechanistic model, were included.
Mechanistic models were defined as any model which uses mathematical techniques to
explicitly describe/model the movement or transmission of antibiotic-resistant bacteria
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through the farm-to-fork pathway from livestock-to-human populations. Therefore, only
mechanistic models which either implicitly or explicitly model AMR transmission to humans
originating from livestock populations were included in this review.
By extension, this review excluded any fully empirical or statistical model with no
mechanistically modelled component. This includes attribution studies which use
genomic/epidemiological data to retroactively “attribute” cases or isolates found in humans
to livestock sources, as working backwards to retroactively attribute cases using statistical
techniques does not mechanistically model the process of transmission/movement of AMR
bacteria.
Qualitative models were also excluded from this systematic scoping review, as these models
do not explicitly model the transmission/dissemination of AMR between livestock and
humans. Semi-quantitative models were included, on the condition that the quantitative
component of the model explicitly describes the dynamics of AMR between populations.
Models which solely use expert opinion to define a risk-scoring system to determine the AMR
exposure/risk to human health were therefore excluded (World Health Organisation, 2021c).
Studies were also excluded if the hazard modelled was not antibiotic-resistant bacteria but
antibiotic residues, as this does not represent an explicit modelling of the “transmission”
dynamics of AMR, rather a determination of the extent of contamination of the selective
pressure of resistance through the farm-to-fork pathway. Models describing the
transmission/dissemination of mobile genetic elements (MGEs), such as plasmids were
included, on the condition that the between-population transmission of MGEs was modelled,
and not solely within-host dynamics.
As this chapter was interested in models describing antibiotic-resistant bacterial transmission
through the farm-to-fork pathway, papers which look at companion animals or AMR from
non-aquaculture fisheries were also excluded. This chapter also focused on AMR in bacteria
(or antibiotic resistance), and therefore excluded studies relating to HIV, malaria or cancer.
Studies solely investigating within-host dynamics or pharmacodynamics/pharmacokinetics
were also excluded. Non-novel reviews or meta-analyses were also excluded.
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2.2.3 Definition of risk assessments and dynamic epidemiological models
An iterative process was used to define the search terms to identify relevant mechanistic
models of AMR. Two primary types of mechanistic models of AMR were identified, defined as
either “risk assessment models” or “dynamic epidemiological models”. This preliminary
identification and categorisation of the mechanistic models of AMR enabled more specific
search terms to be used for the systematic scoping review.
Studies were categorised into risk assessments or dynamic epidemiological model categories
primarily by assessing the aims of the included study. As an example, a risk assessment, or
more specifically a quantitative microbial risk assessment (QMRA), is an approach which aims
to estimate the human health risk (of infection/exposure/disease etc.) from microbial hazards
such as antibiotic-resistant bacteria (Laboratory for Infectious Disease and the Environment,
2016). In contrast, dynamic epidemiological models are more concerned with understanding
how an overall system describing an infectious disease behaves (Keeling and Rohani, 2011).
It is important to note that a risk assessment may have components that can be used to
describe AMR/disease transmission dynamics, and a dynamic epidemiological model can be
used to estimate risk of disease in human populations. This overlap between the aims of the
different studies using mechanistic models meant that the structure of the mechanistic model
was also used to determine model categorisation.
A QMRA can also be defined through the four steps of hazard identification, hazard
characterisation, exposure assessment and risk characterisation. While a dynamic
epidemiological model can be identified using compartmental, individual-based, branching
process and even semi-mechanistic hierarchical model structures to describe disease
transmission.
Therefore, using both the model structure and the aims of the included studies, studies were
classified as either using a risk assessment or dynamic epidemiological type model. Studies
were also capable of being defined as both using dynamic epidemiological model and risk
assessment model, if the study utilised model structures from both types.
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2.2.4 Study selection
The initial search and abstract screening was performed by ALKM. A second round of
exclusion/inclusion criteria was performed with full text by ALKM, with uncertain/borderline
studies reviewed by both ALKM and BADvB. Full text for all 27 included studies were then
analysed by ALKM and all relevant data extracted.

2.2.5 Data availability, code and software used
The data extracted from the final set of publications can be found summarised in Table 2.1.
Full .csv files, including a full list of raw, extracted data and code for data analysis can be found
in https://github.com/alexmorgan1995/Chapter-1. Base R and RStudio were used to tabulate
data for analysis (RStudio Team, 2020, R Development Core Team, 2020).
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Table 2.1. Data extracted for included review studies describing the mechanistic modelling
of AMR between livestock and human populations.
Type of Data Extracted
Metadata (title, authors, year, country of origin)
Modelled Country
Hazard/Bacteria modelled
Drug Class/Resistance Modelled

Classification Examples
Variable
United Kingdom, France etc.
Salmonella spp., Campylobacter spp., etc.
Tetracycline, fluoroquinolones etc.
Epidemiological peer-reviewed study or
experimental study
Routine surveillance programme, epidemiological
peer-reviewed study or experimental study
Yes/No
Deterministic or stochastic
Dynamic epidemiological model or risk
assessment
Hospital, community, farm workers etc.
Swine, Cows, poultry etc.
Swine food products, poultry food products etc.
Water, air etc.
Livestock-Food-Human, Food-Human, LivestockHuman etc.
Hazard Identification/Hazard
Characterisation/Exposure Assessment/Risk
Characterisation/Consequence Assessment
Individual-based, compartmental (SIS),
compartmental (SEIS) etc.

Primary
Data sources used

Secondary

Expert Opinion
Deterministic or Stochastic Model
Type of Mathematical Model
Human
Livestock
Populations Modelled
Food Product
Environment
What parts of the farm-to-fork pathway was
modelled?
What elements of a risk assessment were
included?
What was the structure of the dynamic
epidemiological model?
If not a risk assessment or a dynamic
epidemiological model – what model was used?

Dispersion model etc.
Cases/Human Intake/Dynamic
Compartment/Proportion/Probability
Cases/Rate/Dynamic
Compartment/Proportion/Probability
Number of contaminated products/Rate/Dynamic
Compartment/Proportion/Probability/Microbial
load
Microbial load/concentration
Directly/Indirectly/Not modelled
Directly/Indirectly/Not modelled
Yes/No
Yes/No
Formal/Informal/Not modelled
Yes/No
Formal/Informal/Not modelled

Humans
How was AMR bacteria
colonisation modelled?

Livestock
Food products

Environment
Humans
How was antibiotic usage
modelled?
Livestock
Humans
Was antibiotic curtailment
modelled?
Livestock
Was an uncertainty analysis conducted?
Was a sensitivity analysis conducted?
Was the model validated?
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2.3

Results

2.3.1 Overview of included mechanistic models
The initial literature search identified 6383 studies, which was reduced to 4745 after the
removal of duplicate studies (Figure 2.1). Title/abstract screening using relevant inclusion and
exclusion criteria resulted in 144 papers which were sought for full-text retrieval. A final round
of inclusion/exclusion narrowed these down to 27 included studies which describe the
mechanistic modelling of AMR transmission between livestock and human populations (Alban
et al., 2002, Alban et al., 2008, Anderson et al., 2001, Bai et al., 2021, Booton et al., 2021,
Claycamp and Hooberman, 2004, Collineau et al., 2020, Cox and Popken, 2004, Cox and Ricci,
2008, Depoorter et al., 2012, Evers et al., 2017, Gao et al., 2015, Hurd et al., 2004, Innes et
al., 2020, Kelly et al., 2004, Limayem and Martin, 2014, Nekouei et al., 2018, Njage and Buys,
2017, Opatowski et al., 2021, Plaza-Rodríguez et al., 2021, Qu et al., 2019, Singer et al., 2007,
Singer et al., 2017, Smith et al., 2002, Smith et al., 2003, van Bunnik and Woolhouse, 2017,
Zhang et al., 2021).
The publication date of the 27 included studies ranged from 2001 to 2021, with a constant
number of studies being produced yearly over time (coefficient = 1.0034, adjusted R2 =
0.9284) (Figure 2.2A). The number of risk assessment studies was found to increase faster
(coefficient = 0.7115, adjusted R2 = 0.9316) when compared to dynamic epidemiological
models (coefficient = 0.4325, adjusted R2 = 0.947) during 2001-2021 (Figure 2.2B).
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Figure 2.2. A) Cumulative frequency of included studies between 2001-2021. B) Cumulative
frequency of included studies between 2001-2021 stratified by model category. C)
Geographical distribution of included studies between 2001-2021. Purple line in A) denotes
linear regression between years and cumulative publication frequency, while in B) they
represent linear regressions stratified by model category. Size of points in B) denote the
number of studies originating from each country.
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The majority of publications were published in North America and in Europe (n = 23/27), with
publications also from China (n = 3/27) and South Africa (n = 1/27) (Figure 2.2C). This
geographical distribution was also reflected in the locations modelled within the individual
studies (Table 2.2).

Table 2.2. Comparison of country of publication and modelled countries in included review
studies.
Country
Belgium
Canada
China
Denmark
France
Germany
Netherlands
South Africa
Thailand
United
Kingdom
United States
Other
Not Specified

Number of Studies
(Publication)
1
2
3
2
1
1
1
1
0
2

Number of Studies
(Modelled Country)
1
2
3
2
0
1
1
1
1
0

13
0
0

13
1
1

2.3.2 Bacteria species and antibiotic classes modelled

A total of five bacteria species were modelled in the 27 included studies, with several studies
modelling multiple bacteria species. The most common bacteria modelled was Escherichia
coli (E. coli) (n = 9/27), followed by Enterococcus spp. (n = 8/27) (Figure 2.3). Human
foodborne pathogens were also commonly modelled, with Campylobacter spp. (n = 7/27) and
Salmonella spp. (n = 5/27) also modelled. A small number of studies also modelled
Staphylococcus aureus (S. aureus) (n = 2/27). The remainder of studies did not explicitly
specify which bacteria species were modelled (n = 4/27).

29

Figure 2.3. A) Frequency of bacteria species stratified by the proportion of antibiotic classes
modelled in each bacteria species. B) Proportion of antibiotic classes modelled in each
bacteria category. Note that in A) several studies modelled more than one bacteria species
or antibiotic class, therefore the sum of numerators or “height” of the bars do not equal to
the number of included studies (n = 27).
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It is important to note that there is great heterogeneity in the categorisation of antibiotic
classes across different studies. Therefore, antibiotic classes were defined according to a
commonly cited systematic literature review (Coates et al., 2011). A wide range of antibiotic
classes were modelled across the included studies (Figure 2.3), with studies often modelling
more than one antibiotic classes (Table 2.3). Cephalosporins were the most commonly
modelled antibiotic class (n = 9/27), followed by generic antibiotics, with these studies not
explicitly specifying the antibiotic class modelled (n = 7/27). Penicillins (n = 5/27),
streptogramins (n = 4/27), quinolones (n = 3/27), tetracyclines (n = 3/27), macrolides (n =
3/27), glycopeptides (n = 1/27) and polymyxins (n = 1/27) were also represented in the among
modelled antibiotic classes.
Table 2.3. Number and distribution of antibiotic classes in the bacteria species modelled in
included review studies.
Antibiotic Class
Modelled1
Cephalosporins
Glycopeptide
Macrolides
Penicillins
Polymyxin
Quinolones
Streptogramins
Tetracycline
Not Specified
1

Enterococcus
(N studies)
1
1
1
1
0
1
4
1
1

Campylobacter
(N studies)
1
0
3
0
0
2
0
1
0

Salmonella
(N studies)
3
0
0
1
0
1
0
2
1

E. coli
(N studies)
8
0
0
5
0
1
0
3
1

S. aureus
(N studies)
1
0
0
1
0
1
0
1
1

Note that multiple bacteria species and antibiotic classes may be modelled multiple times in each study (tetracycline-

resistant Salmonella, macrolide-resistant Salmonella etc.). Therefore, the sum of rows and columns may not correspond to
the values seen in the text, which is in relation to the overall number of studies (n =27)

Modelled antibiotic classes were distributed heterogeneously across the modelled bacteria
species (Figure 2.3, Table 2.3). Interesting observations include an overrepresentation of
penicillin and cephalosporin beta-lactam antibiotics in studies modelling E.coli (n = 13/18).
Streptogramins were also found commonly modelled in studies with Enterococcus spp. (n =
4/11). Macrolide antibiotics were also overrepresented in studies which modelled
Campylobacter spp. (n = 3/7 of Campylobacter spp. studies).
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2.3.3 Types of dynamic epidemiological models and risk assessment models
included
Studies were grouped into the type of mechanistic model used, being categorised as a risk
assessment (n = 16/27), dynamic epidemiological model (n = 8/27) or as using both model
structures (n = 3/27) (Figure 2.4). Risk assessments, including studies which were categorised
under both model types, were further categorised based on if the four typical steps of a
quantitative microbial risk assessment (QMRA) were conducted. Hazard identification (n =
18/19), hazard characterisation (n = 7/19), exposure assessment (n = 19/19) and risk
characterisation (n = 7/19) (Figure 2.4A). However, a risk characterisation step was only
considered completed if all three previous QMRA steps were performed. Therefore, an
additional “consequence assessment” category was included, based on if the included study
performed a final risk calculation step but with a missing exposure assessment or hazard
characterisation step (n = 3/19). One study categorised as a risk assessment also included the
use of an atmospheric dispersion model as a component of the exposure assessment step (n
= 1/19).
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Figure 2.4. Overview of dynamic epidemiological model and risk assessment model
structures used in included studies. A) Modelled components of risk assessments. B)
Compartmental model structures used. Note that consequence assessments are not a typical
part of a QMRA framework, they are instead posed as an alternative to risk characterisation,
without the completion of all precursor steps. Red arrows in compartmental models
represent reversion to population susceptibility following infection. S, E, and I compartments
denote susceptible, exposed (colonised) and infectious compartments respectively. Note that
ISIR models, with no explicit “susceptible” compartment, are categorised as SI models for
simplicity.
Dynamic epidemiological models, including those categorised as both model types, all used
compartmental model structures (n = 11/27) (Figure 2.4B). The majority of these models were
categorised as a Susceptible-Infectious (SI) model type, with individuals belonging to either a
state free of infection (S) or infectious with an antibiotic-resistant infection (I) (n = 3/11).
Variations on this include a reversion to susceptibility following infection (SIS) (n = 1/11) and
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also susceptibility being generically defined as all infection states which are not antibioticresistant (ISIR) (n = 2/11).

A number of studies also modelled an exposed compartment (SEI model), representing an
exposure to antibiotic-resistant bacteria preceding the establishment of host colonisation
capable of significant infectious transmission (n = 3/11) (Figure 2.4B). All included SEI models
included reversion back to susceptibility (SEIS). A small number of studies also included coexistence dynamics between antibiotic-sensitive and antibiotic-resistant bacteria, with two
infection states modelled (SIRIS) (n = 1/11). A variation of this model structure includes a
reversion to susceptibility for both antibiotic-sensitive and antibiotic-resistant infection states
(SIRISS) (n = 1/11).

2.3.4 Populations and transmission pathways modelled
All studies modelled a human population, with the majority of the human populations being
modelled as an unspecified generic population (n = 23/27) (Figure 2.5). A small proportion of
included studies stratified the human population into community and hospital
subpopulations (n = 4/27). Food products were modelled in a large number of studies (n =
19/27), with studies often modelling more than one specific food product (Figure 2.5). The
majority of studies did not explicitly state the food product modelled (n = 7/19). The most
commonly modelled named food products were poultry (n = 5/19) and bovine origin food
products (n = 4/19). Swine food products (n = 2/19) and vegetables (n = 1/19) were the least
common modelled food products. Explicit modelling of the livestock population was also
common (n = 16/27), with most modelled as a generic, unspecified livestock population (n =
12/16). A small minority of studies modelled poultry (n = 3/16) and bovine (n = 1/16) livestock
populations (Figure 2.5). A small subset of environmental reservoirs were also modelled (n =
3/27), with water (n = 2/3) and air (n = 1/3) being modelled.
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Figure 2.5. Populations and transmission pathways modelled for antibiotic-resistant
bacteria in the included studies. Note that transmission pathways are denoted by arrows,
with the combination of L = Livestock, H = Human, F = Food and E = Environment describing
the transmission pathway (i.e. LEH = Livestock-Environment-Human). The relative size of the
arrows denote the number of studies modelling that transmission route. Bubbles denote the
different “populations” modelled, with the subcategorization of each population described in
each bubble. The denominator for each bubble is the total number of studies included in the
review.
The livestock-food-human route was the most commonly modelled transmission pathway,
with studies that aim to encompass the entire farm-to-fork process often modelling this
pathway (n = 10/27) (Figure 2.5). The livestock-human pathway was also commonly modelled
(n = 8/27), with this representing both direct contact and generic transmission between
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livestock and humans, with no explicit modelling of “intermediate” stages such as food
products. The food-human pathway was also commonly modelled (n = 7/27), with these
studies modelling this pathway opting to not explicitly model the original livestock host. Less
common transmission routes include the livestock-environment-human pathway, involving
contamination of environmental reservoirs with antimicrobial resistant bacteria from
livestock (n = 3/27) and the human-livestock “reverse” transmission route (n = 3/27). Note
that a number of studies modelled more than one transmission pathway.

2.3.5 AMR colonisation, antibiotic usage and curtailment
AMR colonisation was modelled in human populations in all included studies, with the most
common method to model human AMR as a compartment within a dynamic epidemiological
model (n = 11/27) (Table 2.4). A number of studies modelled human AMR colonisation
indirectly as a probability of exposure/infection by antibiotic-resistant bacteria (n = 9/27).
Human AMR colonisation was also modelled as the number of cases of antibiotic-resistant
infection in a population (n = 5/27), as a static proportion/percentage/prevalence (n = 1/27),
or as the daily estimated risk of human consumption of antimicrobial resistant bacteria (n =
1/27).
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Table 2.4. Modelling approaches used to describe AMR colonisation in human, livestock,
food products and the environment in included studies.
Population
Modelled

Human AMR
Colonisation

Livestock AMR
Colonisation

Food AMR
Colonisation

Environmental
AMR
Colonisation

Characteristic
Dynamic Compartment
Cases of Human AMR Illness
Estimated Human Consumption
of AMR bacteria
Probability of Illness or
Exposure from AMR
Prevalence/Percentage/Proporti
on
Dynamic Compartment
Cases of Livestock AMR
Illness/Colonisation
Transmission/Exposure Rate of
Exposure in Humans due to
AMR bacteria from Livestock
Prevalence/Percentage/Proporti
on
Not Modelled
Dynamic Compartment
Microbial Concentration on
Food Products
Estimated Number of
Contaminated food products
Probability of Illness/Exposure
in Humans due to AMR bacteria
on Food Products
Transmission/Exposure Rate of
Exposure in Humans due to
AMR bacteria from Food
Products
Prevalence/Percentage/Proporti
on
Not Modelled
Microbial Concentration in
Environment
Not Modelled

Number of Studies
(n = 27)
11 (40.7%)
5 (18.5%)
1 (3.7%)
9 (33.3%)
1 (3.7%)
5 (18.5%)
1 (3.7%)
4 (14.8%)
6 (22.2%)
11 (40.7%)
1 (3.7%)
5 (18.5%)
1 (3.7%)
1 (3.7%)

6 (22.2%)

10 (37.0%)
5 (18.5%)
3 (11.1%)
24 (88.9%)

AMR colonisation in food products was modelled in the majority of studies (n = 22/27), with
most studies modelling AMR colonisation as a proportion/percentage/prevalence, such as the
proportion of bacterial isolates from food products with an antibiotic-resistant phenotype (n
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= 10/22) (Table 2.4). A number of studies also modelled AMR as a transmission rate/pressure
from food products to humans (n = 6/22), a microbial load/concentration on food products
(n = 5/22), a compartment in a dynamic epidemiological model (n = 1/22), indirectly through
a probability of AMR colonisation to human populations (n = 1/22) or as the absolute number
of contaminated food products (n = 1/22).
AMR colonisation in livestock was modelled in most studies (n = 16/27) (Table 2.4).
Approaches to model AMR in livestock include using a proportion/percentage/prevalence,
such as the proportion of isolates originating from livestock being antibiotic-resistant (n =
6/16). AMR colonisation was also modelled using a compartment in dynamic epidemiological
models (n = 5/16), a rate of transmission or exposure to human populations from livestock (n
= 4/16) and as the number of cases of antibiotic-resistant livestock infections (n = 1/16). AMR
colonisation in the environment was not commonly modelled (n = 3/27), with this being
represented as a microbial concentration present in the environment.
Under half of the included studies modelled the direct impact of antibiotic consumption in
human populations (n = 13/27) (Table 2.5). This included modelling consumption as a rate
driving conversion of antibiotic-sensitive to antibiotic-resistant infections due to antibiotic
usage/pressure. Antibiotic consumption was commonly modelled as an indirect phenomenon
in livestock (n = 16/27). These included studies that implicitly assume that antibiotic-resistant
bacterial colonisation on food products can be attributed to antibiotic usage in food animals.
Studies also modelled livestock antibiotic consumption directly (n = 11/27), with these models
often using a proportion to describe the coverage of food animals that are treated with
antibiotics.
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Table 2.5. Presence/absence of antibiotic consumption and curtailment modelled in
included studies.
Population Modelled
Human Antibiotic
Consumption
Livestock Antibiotic
Consumption
Human Antibiotic
Curtailment
Livestock Antibiotic
Curtailment

Characteristic
Directly Modelled
Indirectly Modelled
Not Modelled
Directly Modelled
Indirectly Modelled
Not Modelled
Modelled
Not Modelled
Modelled
Not Modelled

Number of Studies
(n = 27)
13 (48.1%)
0 (0.0%)
14 (51.8%)
11 (40.7%)
16 (59.3%)
0 (0.0%)
2 (7.4%)
25 (92.6%)
11 (40.7%)
16 (59.3%)

Antibiotic curtailment was modelled in livestock populations more commonly (n = 11/27) than
in human populations (n = 2/27) (Table 2.5). Examples of how curtailment was modelled
include a decrease in the rate of conversion from antibiotic-sensitive to antibiotic-resistant
infection states, or as a shift in the dose-response relationship between the exposure to AMR
bacteria and the risk of antibiotic-resistant infection in humans.

2.3.6 Data sources used
The data sources used by each study were categorised into primary and secondary data
sources, and then further stratified into experimental, epidemiological and routine
surveillance data sources (Table 2.6). Studies were also categorised based on the use of
expert-opinion, driven by prior knowledge or assumptions. Secondary data was used by the
majority of studies (n = 24/27), with each of these studies using secondary data from
epidemiological peer-reviewed studies (n = 24/27). Data from routine surveillance programs
was also commonly used (n = 20/27). The least commonly used secondary data source was
data from either lab-based or population-level experimental studies (n = 11/27). A large
number of studies also used expert opinion (n = 23/27), with several studies solely using
expert-opinion for model parameterisation (n = 2/27). This ranged from rough approximation
of parameter values, to the aggregation of opinions from panels of experts for model
parameterisation. Primary data was only used by one study, in the form of analyses conducted
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on bacterial isolates collected from different study locations (n = 1/27). Only one study did
not use any form of data for model parameterisation (n = 1/27), with arbitrary
parameterisation used to explore model dynamics.
Table 2.6. Primary and Secondary data sources used in included review studies
Data Category

Type of Data

Epidemiological Data
(Peer-reviewed)
Primary Data
Experimental Data
(Peer-reviewed)
Routine Surveillance
Programs
Epidemiological Data
Secondary Data
(Peer-reviewed)
Experimental Data
(Peer-reviewed)
Expert Opinion

Number of
studies
1
0
20
24
11
23

2.3.7 Uncertainty/sensitivity analyses and model validation
Formal uncertainty analyses were conducted in the majority of studies, with this involving the
use of parameter sampling to fully explore the range of potential values for uncertain model
parameters (n = 15/27) (Table 2.7). Informal uncertainty analyses were used in a number of
studies (n = 8/27), defined as the use of probability distributions to describe uncertainty and
stochasticity with model parameters. This approach was considered separate from more
rigorous and systematic formal uncertainty analyses. Only a small number of included
mechanistic models did not include any form of uncertainty analysis (n = 4/27). Formal
sensitivity analyses were conducted in over half of the included studies (n = 14/27), with all
other included studies lacking a sensitivity analysis (n = 13/27) (Table 2.7).
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Table 2.7. Uncertainty, sensitivity analyses and model validation conducted in included
review studies.
Type of Analysis
Uncertainty Analysis
Sensitivity Analysis
Model Validation

Subcategorization of
Analysis or Validation
Formal
Informal
No Analysis
Conducted
No Analysis
Formal
Informal
No Validation

Number of
studies
15
8
4
14
13
1
2
24

Model validation is a critical step in the development of mechanistic models, involving
comparison of model output to “real-world” data to identify how accurately the model
represents reality (Kopec et al., 2010) (Table 2.7). Model validation can be roughly categorised
into formal model validation, involving out/in-sample validation of the model output with
data and qualitative informal validation to compare the output of the model against expert
opinion or epidemiological data. The majority of studies failed to conduct any sort of model
validation (n = 24/27). With only a small minority of studies conducting either a formal (n =
1/27) or even informal model validation (n = 2/27).
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2.4

Discussion

This systematic scoping review identified 27 studies from 2001-2021 which mechanistically
modelled the transmission of AMR between livestock/human populations. A larger number
of studies were categorised as risk assessments compared to dynamic epidemiological
models, with a small number of studies categorised as both model types. Five bacteria species
were identified in included studies, with E. coli, Campylobacter spp., Salmonella spp. and
Enterococcus spp. being well represented. A range of different antibiotic classes were also
modelled, including beta-lactams (cephalosporins and penicillins), streptogramins,
tetracyclines and macrolides. Exposure assessment stages were well represented amongst
risk assessment studies, and with all dynamic epidemiological models using a compartmental
model structure. A large number of studies modelled food products, with the entire farm-tofork pathway often modelled. Antibiotic colonisation and curtailment were also commonly
modelled, with most studies using a mix of expert opinion, data from peer-reviewed
epidemiological studies and routine surveillance programs. Uncertainty and sensitivity
analyses were often conducted and with the majority of studies failing to validate model
output.
Human foodborne pathogens such as E. coli, Salmonella spp. and Campylobacter spp. were
the most commonly modelled bacteria species. This makes intuitive sense, with these
pathogens representing bacteria with the most direct human health risk from livestock food
animals, and by extension, the pathogens that most likely result in resistant disease in humans
from food animals. Food animals acting as a possible reservoir for extended-spectrum betalactamase (ESBL) producing E.coli and the high historical usage of tetracycline in poultry and
swine, which are known reservoirs of Salmonella spp. and Campylobacter spp., also explain
the high representation of these drug/bug combinations in the included studies (Palmeira and
Ferreira, 2020, van Rennings et al., 2015).
A significant number of studies modelling both streptogramins and Enterococcus spp. were
also identified, the majority of which were specified as E. faecium. Streptogramin-resistant E.
faecium (SREF) have long been a major concern due to the potential for virginiamycin usage
42

in livestock to select for SREF and render streptogramins used in humans, such as
quinupristin/dalfopristin (Q/D), ineffectual (Aarestrup et al., 2001). This is a problem as Q/D
is often used to treat opportunistic E. faecium infections, a common cause of nosocomial
infection in hospitals (Hershberger et al., 2004). This likely explains the high number of
included studies that modelled this specific drug/bug combination. One included study also
modelled glycopeptide-resistant E. faecium, specifically vancomycin-resistant Enterococcus
spp. (VRE) (Smith et al., 2002). The limited number of studies modelling VRE is surprising given
the historical use of the glycopeptide avoparcin as livestock feed additives and the inclusion
of VRE on the WHO priority pathogen list for the R&D of new antibiotics as a “critical”
drug/bug combination (Aarestrup et al., 2001, World Health Organisation, 2017). However,
this lack of focus may be partially explained by the lack of identified studies preceding 2001,
and the implementation of a 1997 EU ban on avoparcin (Casewell et al., 2003).
The hazard characterisation step of the QMRA approach was poorly represented in included
risk assessment studies (n = 7/19). This step involves the use of dose-response models,
described using biologically plausible mechanistic models such as beta-poisson models, or
alternatively by determining the exact functional relationship between dose/response
(Teunis and Havelaar, 2000, Weir et al., 2017). In the context of AMR, these models are used
to describe the relationship between the risk of adverse human effects and exposure to AMR
bacteria. Dose-response models are often heavily reliant on data from experimental studies.
As an example, beta-poisson models require the quantification of an r parameter, describing
the probability of one bacterium establishing infection in the host (Weir et al., 2017). The lack
of hazard characterisation steps and dose-response modelling in included risk assessments
likely represents a limitation in the availability of specific experimental data for a specific
drug/bug combination (Birkegård et al., 2018). The integration of experimental study designs
to provide primary data for the parameterisation of mathematical models is a potential
method to parameterise and validate the hazard characterisation steps of QMRAs. However,
this approach is understandably subject to time and cost limitations.
It is interesting to note that all included dynamic epidemiological models utilised
compartmental model structures. Individual-based or agent-based models have been
commonly used in disease modelling literature in a predictive capacity or to provide high43

resolution modelling of host behaviour (Keeling and Rohani, 2011). However, the historical
lack of high-quality AMR datasets for model parameterisation may also explain the absence
of individual/agent-based models of the farm-to-fork pathway in this review, with the
detailed nature of these models necessitating a large amount of model parameterisation,
especially when behavioural factors are considered (movement, contact, etc.) (Birkegård et
al., 2018, Willem et al., 2017).
Susceptible-Infected (SI) compartmental models were well represented in included studies,
with this being a flexible framework to model the different assumptions of AMR transmission,
with the “susceptible” state capable of being defined as “true” susceptibility or simply as the
fraction of the population with no antibiotic-resistant infection (van Bunnik and Woolhouse,
2017, Booton et al., 2021). This simplifying assumption removes the need to model
coexistence dynamics with different infection states if infection/colonisation with AMR is the
sole focus of the study. However, modelling the mechanisms that drive multi-strain
coexistence of antibiotic-sensitive/resistant bacteria has been shown to impact the
qualitative dynamics of AMR transmission and the projected impact of interventions (Davies
et al., 2019, Davies et al., 2021). Exploring these different coexistence models should be
conducted in future AMR models at the livestock-to-human interface.
Additionally, only one model was identified that used a stochastic compartmental model (Cox
and Popken, 2004). Stochastic processes are commonly modelled in QMRAs and also have an
important role to play in dynamic epidemiological models. This is to account for randomness
in modelling rare events such as the probability of bacteria surviving during the farm-to-fork
pathway (Keeling and Rohani, 2011). It is important to continue the usage and modelling of
these stochastic processes in future mechanistic models of AMR at the one-health interface.
It is surprising to note the absence of mechanistic models describing the transmission of AMR
between livestock and farm workers in agricultural environs. While the extent of AMR
transmission between livestock-humans has not been determined, it has been suggested that
the zoonotic transmission of AMR as an occupational hazard in agricultural settings is a
potentially important route for the livestock-to-human transmission of AMR (Garcia-Graells
et al., 2013). There was also limited inclusion of studies modelling the environmental reservoir
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of AMR and an overall absence of aquaculture in included review studies. Exploring these
sources of AMR is particularly important given the growing importance of aquaculture to
meet demands for nutrition and the increased amount of AMR surveillance in environmental
reservoirs to generate novel datasets for research (Hendriksen et al., 2019, Naylor et al.,
2021).
The use of secondary data from epidemiological peer-reviewed studies and routine
surveillance programs was common in included studies. This likely reflects the quality of
established national and regional surveillance infrastructure to monitor AMR in livestock,
humans and in food products such as Global Antimicrobial Resistance and Use Surveillance
System (GLASS), European Centre for Disease Prevention and Control (ECDC) reports and
various national surveillance reports (European Food Safety Authority, 2021, World Health
Organisation, 2021b). However, it is important to note there is still a scarcity of data to
parameterise/validate models, with a limited number of studies independently validating
model output (n = 3/27). This can likely be attributed to the often complicated-to-validate
nature of modelled AMR outcome measures, such as the estimated probability of
consumption in humans of resistant bacteria through the farm-to-fork pathway (Depoorter
et al., 2012). However, parameterisation of models using traditional AMR surveillance
approaches could be supplemented by the integration of WGS and genomic data for model
parameterisation (Thorpe et al., 2021). This WGS data could be collected as primary data,
with information on SNP differences between isolates used to infer “transmission” events,
and with the relative frequency of these transmission events used to infer transmission rates,
contact matrices and other model parameters.

Due to uncertainty with the mechanisms driving AMR and parameterisation of the model due
to sparse data, it makes intuitive sense that a large number of studies were either stochastic
(QMRAs) or performed formal sampling-based uncertainty analyses. Sensitivity analyses were
also conducted by a large number of studies. In the context of AMR, these sensitivity analyses
are useful due to the ability to identify important parameters that contribute to variation in
different AMR relevant outcome measures (Blower and Dowlatabadi, 1994, Wu et al., 2013).
Examples include identifying the minor role of livestock antibiotic curtailment on impacting
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human resistance using a variance-based Fourier amplitude sensitivity test and/or the use of
regression-based spearman’s rank correlation coefficients to identify the frequency of
antibiotic misuse as an important parameter for AMR bacterial acquisition in the community
(Opatowski et al., 2021, van Bunnik and Woolhouse, 2017). It is important that future AMR
modelling continue to include both uncertainty and sensitivity analyses in future mechanistic
models of AMR.
It is important to note that the only intervention categorised in this review was antibiotic
curtailment in livestock and human populations. Focus was placed on curtailment due to the
historical importance of this intervention to control the emergence of AMR in both human
and livestock populations (Kirchhelle, 2018). However, livestock antibiotic curtailment is not
the sole strategy used to control AMR, with enhanced education/awareness campaigns,
WASH interventions, improved surveillance and vaccines also being previously modelled in
AMR research (Niewiadomska et al., 2019). This review also only included mechanistic models
which explicitly model AMR through the farm-to-fork pathway. It should be noted that
mechanistic models that do not explicitly model the farm-to-fork pathway could also be
applied in the context of AMR transmission between livestock and human populations. This
systematic review was also limited to two databases, with only English publications sought
for retrieval.
Several included risk assessment models identified a minimal-to-low risk to humans from
AMR foodborne bacterial hazards originating from either livestock or on food products.
Examples include 2-39 human cases of SREF per year (in 2001) attributable to foodborne
transmission and a 1 in 33 billion probability of fluoroquinolone-resistant bacterial infection
due to enrofloxacin usage in dairy heifers (Claycamp and Hooberman, 2004, Cox and Ricci,
2008). Similarly, included models suggested that banning antibiotic usage in livestock would
likely not have detrimental impacts on human health, with an increase in only a single
mortality per year resulting from a ban on streptogramins in livestock in the USA (Cox and
Popken, 2004). This was contrasted with a number of publications suggesting significantly
large increase in illness days per year in humans resulting from livestock antibiotic curtailment
(Singer et al., 2007, Kelly et al., 2004). However, results from dynamic epidemiological
modelling studies identified a limited role of livestock antibiotic usage on the spread of AMR
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in human populations (Booton et al., 2021, van Bunnik and Woolhouse, 2017). A small number
of studies also suggested that livestock usage may instead seed AMR in human populations,
allowing for subsequent human antibiotic usage to select for, and facilitate the spread of,
AMR in humans (Smith et al., 2002).
This systematic scoping review explored the current state of mechanistic modelling of AMR
at the livestock-human interface. Important foodborne pathogens such as E. coli, Salmonella
spp., Campylobacter spp., important opportunistic commensals such as Enterococcus spp.
and clinically-relevant drug/bug combinations were well represented in identified AMR
mechanistic models. Identified models also commonly used uncertainty and sensitivity
analyses, which can be considered important due to the current uncertainty with regards to
model parameterisation, the mechanisms underlying AMR transmission and data for model
parameterisation. However, important literature gaps were also identified, such as the need
to explore a greater range of dynamic epidemiological models, the incorporation of novel
approaches to parameterise/validate models and a focus on underrepresented
populations/environments such as the environmental reservoir, aquaculture and farm
workers. By addressing these literature gaps, mechanistic models can be developed that
comprehensively explore the issue of AMR transmission at the livestock-to-human interface.
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3
Modelling the effects of
livestock antibiotic usage on
human foodborne disease
3.1

Introduction

Antimicrobial resistance (AMR) is currently one of the largest threats to human health, with
a growing number of key antibiotic therapeutics being rendered ineffective by resistant
bacterial pathogens. Livestock antibiotic usage has been identified as a potentially important
driver of AMR in human populations, with cross-species transmission of resistant bacteria and
resistance determinants possibly occurring at the livestock/human interface (Woolhouse et
al., 2015). This has led to calls to curtail the usage of livestock antibiotics, with the 2006
European Union ban and 2017 US Food Drug Administration regulation on antibiotic growth
promotion aiming to safeguard the efficacy of clinical antibiotics and reduce the potential for
transmission of resistant pathogens from livestock-to-human populations (European
Commission, 2005b, US Food & Drug Administration, 2013).
A range of beneficial outcomes have been reported as a consequence of livestock antibiotic
curtailment, including decreased faecal Enterococcus spp. resistance rates in Denmark and
Germany resulting from the 2006 growth promotion ban (Aarestrup et al., 2001, European
Commission, 2005b, Tang et al., 2017). However, transient increases in the carriage of other
resistant pathogens, increases in livestock carriage of foodborne pathogens and increases in
therapeutic livestock antibiotic usage following antibiotic curtailment have also been
suggested in AMR literature (Casewell et al., 2003, Hao et al., 2014, Phillips et al., 2004, Tang
et al., 2019, Wierup, 2001). These negative consequences have been proposed to be
attributable to increases in livestock production in the years following the European ban on
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antibiotic-mediated growth promotion and due to other resistance-related genetic factors
(Aarestrup et al., 2010, Aarestrup, 2015, Schlundt and Aarestrup, 2017). However, the
unforeseen nature of these potential consequences highlights the risks of introducing
interventions into highly complex and poorly understood systems as part of a “precautionary
principle” based approach (Phillips et al., 2004). The need to better understand the potential
long-term intended and unintended impacts of future AMR policy is also likely to increase in
coming years, with new EU legislation strictly controlling the use of livestock antibiotics for
metaphylaxis or prophylaxis by 2022 (EUR-Lex, 2019). However, the precise relationship
between livestock antibiotic usage and antibiotic-resistant/sensitive human foodborne
disease remains poorly understood (Tang et al., 2017).
One approach to better understand the complexities of livestock antibiotic usage includes the
use of mathematical models. These models can help by testing uncertainties, especially
regarding the potential effects of livestock antibiotic usage on human health and the extent
of AMR transmission at the livestock/human interface. However, there is a severe dearth of
models that quantitatively explore these uncertainties (Niewiadomska et al., 2019). Existing
frameworks include predictive risk assessment models and a small number of generalised
deterministic models (Alban et al., 2008, Anderson et al., 2001, Caffrey et al., 2019, Cox, 2005,
Hurd et al., 2004, Spicknall et al., 2013). Nevertheless, significant knowledge gaps still exist,
including a lack of understanding of the potential consequences resulting from livestock
antibiotic curtailment and the impact of different scenarios on altering these consequences
(Marshall and Levy, 2011).
To address some of the gaps in AMR modelling literature, a deterministic mathematical model
was developed to explore the effects of livestock antibiotic curtailment on common
foodborne infections in humans across a range of scenarios. By explicitly modelling both
livestock/human populations and various assumptions regarding the effects of livestock
antibiotic usage, this chapter explores the potential long-term consequences of livestock
antibiotic curtailment, including alterations to the overall incidence of human foodborne
disease and the proportion of antibiotic-resistant human foodborne disease. Additionally, this
chapter explore the effects and feasibility of introducing interventions to mitigate the
potential adverse consequences of livestock antibiotic curtailment.
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3.2

Methodology

3.2.1 Model structure and description
A deterministic compartmental model was developed to describe the transmission of
antibiotic-resistant and antibiotic-sensitive foodborne bacteria within and between livestock
and human populations (Figure 3.1) (Kermack and McKendrick, 1927). Each host population
can be stratified based on their respective infection status: susceptible humans (SH), humans
infected with antibiotic-sensitive bacteria (ISH), humans infected with antibiotic-resistant
bacteria (IRH), susceptible livestock food-animals (SA), livestock food-animals infected with
antibiotic-sensitive bacteria (ISA) and livestock food-animals infected with antibiotic-resistant
bacteria (IRA).

Figure 3.1. Model structure describing the transmission of foodborne pathogens
between/within livestock and human populations.
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Transmission is simplified into four transmission routes: animal-to-animal (βAA), human-tohuman (βHH), animal-to-human (βHA) and human-to-animal (βAH) transmission, with each β
parameter linearly describing both indirect and direct transmission between compartments
for model tractability. A background rate of transmission in the livestock population was also
modelled (ζ); representing infection/contamination of livestock hosts from sources other than
livestock or humans. This includes the influence of transmission from the environment, the
influence of AMR from spatially separated livestock populations, and the potential for coresistance due to co-selection by usage of other antibiotic classes. This background
transmission rate was scaled by a factor of 0.5 to ensure an equal influence of ζ on both
antibiotic-sensitive and resistant transmission routes. This value was chosen due to a lack of
a priori information on potential differences in background livestock contamination rate
between

antibiotic-sensitive/resistant

strains.

Natural

recovery

from

antibiotic-

sensitive/resistant infection occurs in both human/livestock populations at rate rH and rA
respectively. Per capita birth/death rates are represented by µA in livestock and µH in human
populations.
A parameter (τ) was used to describe the selective pressure and therapeutic effect of livestock
antibiotic usage. The selective pressure of livestock antibiotics was modelled as a single
transition rate, encompassing a range of evolutionary and biological phenomena that may
convert hosts between antibiotic-sensitive to resistant infection/carriage states. One
plausible mechanism includes an implicit majority-minority relationship in each infectious
state, with hosts in each infected compartment possessing a small proportion of bacteria
belonging to the other susceptibility class. Subsequent antibiotic usage may therefore clear
antibiotic-sensitive bacteria (ISA) and allow the minority antibiotic-resistant strain to
proliferate and dominate (IRA) (Spicknall et al., 2013).
Similarly, a single reversion parameter (φ) was used to encompass a range of different
biologically plausible phenomena that may cause reversion of antibiotic-resistant (IRA) to
sensitive strains (ISA). As antibiotic usage was modelled as a constant, generalised usage in
livestock, this reversion rate may encompass growth costs of antibiotic resistance, resulting
in antibiotic-sensitive strains in an implicit majority-minority relationship, to outcompete and
dominate resistant strains (Spicknall et al., 2013).
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To link antibiotic usage to both recovery from antibiotic-sensitive infection and antibioticresistance conversion, the t parameter was modelled to influence both pathways. However,
a scaling parameter was introduced (κ) to model the relative efficacy of antibiotic mediated
recovery in livestock and to reduce the dependency of both pathways on the single
parameter. Transmission-related fitness costs associated with antibiotic-resistance were
included and assumed to reduce the rate of transmission for antibiotic-resistant bacteria as a
scaling factor (α).
Model equations for the deterministic compartmental model (Figure 3.1) can be found below
(eqn 3.1):
𝑑𝑆!
𝜁𝑆!
= 𝑟! (𝐼"! + 𝐼#! ) + 𝜏𝜅𝐼"! − 𝛽!! 𝑆! [𝐼"! + 𝐼#! (1 − 𝛼)] − 𝛽!$ 𝑆! [𝐼"$ + 𝐼#$ (1 − 𝛼)] −
𝑑𝑡
2
𝜁𝑆! (1 − 𝛼)
−
− µ! (𝑆! − 1)
2
𝑑𝐼"!
𝜁𝑆!
= 𝛽!! 𝐼"! 𝑆! + 𝛽!$ 𝐼"$ 𝑆! + 𝜑𝐼#! +
− 𝐼"! (µ! + 𝑟! + 𝜏 + 𝜏𝜅)
𝑑𝑡
2
𝑑𝐼#!
𝜁𝑆! (1 − 𝛼)
= 𝛽!! 𝐼#! 𝑆! (1 − 𝛼) + 𝛽!$ 𝐼#$ 𝑆! (1 − 𝛼) + 𝜏𝐼"! +
− 𝐼#! (µ! + 𝑟! + 𝜑)
𝑑𝑡
2
𝑑𝑆$
= 𝑟$ (𝐼"$ + 𝐼#$ ) − 𝛽$$ 𝑆$ [𝐼"$ + 𝐼#$ (1 − 𝛼)] − 𝛽$! 𝑆$ [𝐼"! + 𝐼#! (1 − 𝛼)] − µ$ (𝑆$ − 1)
𝑑𝑡
𝑑𝐼"$
= 𝛽$$ 𝐼"$ 𝑆$ + 𝛽$! 𝐼"! 𝑆! − 𝐼"$ (µ$ + 𝑟$ )
𝑑𝑡
𝑑𝐼#$
= 𝛽$$ 𝐼#$ 𝑆$ (1 − 𝛼) + 𝛽$! 𝐼#! 𝑆! (1 − 𝛼) − 𝐼#$ (µ$ + 𝑟$ )
𝑑𝑡
eqn 3.1

3.2.2 Primary outcome measures
Two primary outcome measures were considered in this chapter: 1) the daily incidence of
human non-typhoidal salmonellosis per 100,000 population in the EU, defined as the sum of
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the daily incidence of antibiotic-sensitive and resistant infections at the long-term non-zero
steady state. This was calculated directly from model output as the daily proportion of newly
infected humans, multiplied by the EU population size and then scaled by 100,000 (details
found in Appendix D) (Eurostat, 2021). 2) The proportion of antibiotic-resistant human nontyphoidal salmonellosis (I*RHProp) (defined as IRH/(ISH+IRH) at the long-term non-zero steady
state.
The long-term non-zero steady state of the two previously defined quantities was calculated
using the “rootSolve” package. Although it is likely that the current “real-world” dynamics of
AMR are in flux due to the influence of interventions, population dynamics etc., studying it at
equilibrium is a useful indication of the long-term dynamics of the AMR and where the system
is heading. This is especially the case for resistant Salmonella spp. infections, with a short
duration of infectious human carriage (1/rH), facilitating a rapid approach to equilibrium. This
approach is also justified with temporal surveillance data suggesting the proportion of
antibiotic resistance in livestock populations has stabilised at roughly constant levels in recent
years (Appendix Figure B1-2).

3.2.3 Model parameterisation and case studies
An approximate Bayesian computation sequential Monte-Carlo (ABC-SMC) approach was
used for parameter estimation. Summary statistics and distance functions were used to
estimate the posterior probability distribution of model parameters given the data, 𝑃(𝜃|𝑥! ).
Detailed methodology for the ABC-SMC approach can be found in Toni et al, (2009) (Toni et
al., 2009).
While the primary outcome measures are relevant for humans (incidence and I*RHProp), the
model also simulates the relationship between livestock antibiotic usage and the proportion
of antibiotic-resistant livestock infection. As a key part of the model is to assess dynamics
following a withdrawal in livestock antibiotic usage, it is critical that the model is able to
reproduce a realistic relationship between livestock antibiotic usage and resistance.
Therefore, this livestock portion of the model was fitted to the relationship between usage
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and resistance present in surveillance data. Resistance data was obtained from the European
Food Safety Authority (EFSA) summary reports. The proportion of isolates resistant to the
specific antibiotic class from carcasses of broiler poultry/fattening pigs were extracted from
the respective EFSA datasets (European Food Safety Authority, 2016a, European Food Safety
Authority, 2017a, European Food Safety Authority, 2018a, European Food Safety Authority,
2019b, European Food Safety Authority, 2020, European Food Safety Authority, 2021).
Antibiotic sales data was obtained from European Surveillance of Veterinary Antimicrobial
Consumption (ESVAC) reports (European Surveillance of Veterinary Antimicrobial
Consumption, 2016, European Surveillance of Veterinary Antimicrobial Consumption, 2017,
European Surveillance of Veterinary Antimicrobial Consumption, 2018, European Surveillance
of Veterinary Antimicrobial Consumption, 2019, European Surveillance of Veterinary
Antimicrobial Consumption, 2020). ESVAC antibiotic sales data is found averaged for all
livestock species in each country in the original surveillance report.
A scaling calculation was therefore required to convert the generic antibiotic sales to a value
specific to the modelled livestock host with sales described as grams per population
correction unit, g/PCU. Details of this can be found in Appendix C. Note that due to a lack of
accurate country-level antibiotic usage data, sales were assumed to be a proxy for usage.
Mentions of “usage” are therefore in reference to the ESVAC sales data. Model convergence
was checked through a sum of squares comparison to a baseline/null linear regression model,
observing approximated posterior distributions, and assessment of the simulated summary
statistics during each generation to the desired target values through convergence plots
(Appendix G).
Four case studies were chosen to aid model parameterisation and to ground the model with
EU epidemiological surveillance data. These case studies were: 1) ampicillin-resistant nontyphoidal Salmonella in broiler poultry to humans from 2014-2018, 2) tetracycline-resistant
non-typhoidal Salmonella in broiler poultry to humans from 2014-2018, 3) ampicillin-resistant
non-typhoidal Salmonella in fattening pigs to humans from 2015-2018 and 4) tetracyclineresistant non-typhoidal Salmonella in fattening pigs to humans from 2015-2018.
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These four case studies were chosen due to the high level of usage (both historical and
current) of tetracycline and ampicillin in broiler poultry and fattening pigs, and the availability
of resistance data for these two livestock species (Veterinary Medicines Directorate, 2019,
European Surveillance of Veterinary Antimicrobial Consumption, 2016, European Surveillance
of Veterinary Antimicrobial Consumption, 2017, European Surveillance of Veterinary
Antimicrobial Consumption, 2018, European Surveillance of Veterinary Antimicrobial
Consumption, 2019, European Surveillance of Veterinary Antimicrobial Consumption, 2020).
The relationship between sales/usage and resistance for these four case studies was used as
the basis for the model fitting and parameterisation in this chapter.

3.2.4 Datasets and livestock parameterisation
Yearly ESVAC data for livestock antibiotic sales and EFSA data on the proportion of Salmonella
spp. isolates obtained from livestock species carcasses resistant to the tetracycline/ampicillin
were used to create usage/sales and livestock resistance pairs for each country in each
respective case study (European Surveillance of Veterinary Antimicrobial Consumption, 2016,
European Surveillance of Veterinary Antimicrobial Consumption, 2017, European Surveillance
of Veterinary Antimicrobial Consumption, 2018, European Surveillance of Veterinary
Antimicrobial Consumption, 2019, European Surveillance of Veterinary Antimicrobial
Consumption, 2020, European Food Safety Authority, 2016a, European Food Safety Authority,
2017a, European Food Safety Authority, 2018a, European Food Safety Authority, 2019b,
European Food Safety Authority, 2020, European Food Safety Authority, 2021). These pairs
spanned across multiple years for each country (Appendix Figure C1-2). Therefore, for any
one country, there may be multiple usage/resistance pairs corresponding to different years
in the dataset. These pairs were used to determine the observed relationship between
livestock antibiotic sales/usage and the proportion of antibiotic-resistant livestock infection
in European countries between 2014-2018 for each respective livestock species.
It is important to note that the stratification of each country into their respective yearly data
for each data point introduces an assumption that the level of antibiotic usage will also be
representative of resistance for a particular year. Due to the existence of lag between the
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effects of antibiotic stewardship interventions and alterations in either human or livestock
resistance (Bean et al., 2005), it is important to ensure that there are relative levels of stability
in the yearly usage and resistance for each country. For the majority of included countries,
this temporal stability for each country across included yearly data points was observed
(Appendix Figure B1-2 and C1-2); therefore there can be confidence that resistance will still
correspond to usage in the explored time period.

3.2.5 Summary statistics and distance measures
A sum of square errors summary statistic was used to fit the modelled and observed
relationship between antibiotic usage and resistance using the ABC-SMC approach. A
simulated dataset for each case study was generated by modelling the proportion of antibiotic
resistant livestock infections for each country/year observation, for each of the observed
levels of antibiotic sales included in the dataset. The sum of squared errors between the
simulated and observed proportion of antibiotic-resistant livestock infection for each
country/year data point was then calculated. In accordance with the EFSA methodology,
countries with less than ten isolates in the respective EFSA dataset for a particular year were
omitted from the dataset (European Food Safety Authority, 2016a, European Food Safety
Authority, 2017a, European Food Safety Authority, 2018a, European Food Safety Authority,
2019b, European Food Safety Authority, 2020, European Food Safety Authority, 2021).
Two additional summary statistics were also used: 1) minimise the difference between the
modelled daily EU incidence of human salmonellosis at baseline antibiotic usage and the
observed ECDC daily EU incidence of human salmonellosis currently observed (0.593 per
100,000), 2) minimise the difference between the model estimated proportion of resistant
human salmonellosis at baseline antibiotic usage and the EFSA averaged European proportion
of resistant human salmonellosis specific for each case study. The baseline antibiotic usage
for each case study was considered the unweighted average tetracycline/ampicillin usage
across each included antibiotic country/year data point. 1) Ampicillin-resistance in broiler
poultry (0.314 at 0.0049 g/PCU), 2) tetracycline-resistance in broiler poultry (0.316 at 0.0069
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g/PCU), 3) ampicillin-resistance in fattening pigs (0.345 at 0.0125 g/PCU) and 4) tetracyclineresistance in fattening pigs (0.340 at 0.01305 g/PCU).

3.2.6 ABC-SMC parameter estimation
An ABC-SMC approach was used to estimate the marginal posterior probability distribution
for six model parameters (θ) given the data, 𝜃 = {𝛽"" , 𝜅, 𝜑, 𝛼, 𝛽#" , 𝜁} (Minter and Retkute,
2019, Toni et al., 2009). Other model parameters were not fitted as estimates with high levels
of certainty were available (rH, rA, μA and μH), or due to the relative nature of other
transmission parameters with respect to βAA, βHA and ζ (βHH and βAH). βHH and βAH were instead
held at values of 0.0001. These relatively low values were chosen due to the negligible impact
of these transmission routes on Salmonella spp. transmission (Centers for Disease Control
and Prevention, 2013). Prior distributions for each fitted parameter can be found in Table 3.1.
Table 3.1. Prior distributions used for ABC-SMC model fitting
Parameter
βAA

φ

κ

α

ζ

βHA

Description
Per Capita Rate of Transmission (Direct
and Indirect) between the Infected
Animal Fraction and Susceptible Animal
Fraction
Per Capita Rate of Conversion from
Antibiotic-Resistant to AntibioticSensitive Infection in Animals
Scaling parameter to model uncertainty
in the effects of antibiotic treatment (τ)
on the per capita rate of antibioticresistant to antibiotic-sensitive
conversion.
Transmission-related fitness costs
associated with antibiotic-resistance
Background rate of transmission of
foodborne bacteria to the livestock
population
Per Capita Rate of Transmission (Direct
and Indirect) between the Infected
Animal Fraction and Susceptible Human
Fraction

57

Prior Distribution

Description

𝑈(0, 0.25)

Uninformative
Prior

𝑈(0, 0.1)

Uninformative
Prior

𝑈(0, 2)

Uninformative
Prior

𝐵𝑒𝑡𝑎(𝛼 = 1.5, 𝛽 = 8.5)

Vague
Prior
(Davies et al.,
2019, Davies et al.,
2021)

𝑈(0, 1)
𝑈(0, 1.5) (Ampicillin in
broilers)

Uninformative
Prior

𝑈(0, 0.0005)

Uninformative
Prior

The ABC-SMC model fit was run for ten generations, with each generation running until the
acceptance of 1000 particles. Acceptance thresholds (ε) were required for each of the three
summary statistics for each generation, calculating the difference between the modelled
summary statistic and the observed data. These thresholds can be found in Appendix G
(Appendix Table G1). These were generated through an iterative trial-error process to ensure
that distance measures and summary statistics were as close to target values, while still
ensuring that the ABC-SMC process was time-efficient.
A multivariate normal distribution was chosen for the ABC-SMC perturbation kernel (Toni et
al., 2009), with the randomly sampled mean and covariance matrix calculated from the
previously accepted generation of accepted particles. An intersection metric was used to
ensure that accepted particles satisfied tolerance values set for the distance measure for each
calculated for each summary statistic per generation. Mean point estimates from the
approximated marginal posterior probability distributions of the 10th accepted generation
were used as the final parameter sets for each respective case study. Point estimates and
calculated 95% HDIs from the marginal posterior distribution for each model parameter, as
well as final parameter values can be found in Table 3.2.
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Table 3.2. Parameter values for model case studies.

Parameter

βAA

βHH

βAH

βHA

ζ
τ

Description

Per Capita Rate of Transmission
(Direct and Indirect) between the
Infected Animal Fraction and
Susceptible Animal Fraction
Per Capita Rate of Transmission
(Direct and Indirect) between the
Infected Human Fraction and
Susceptible Human Fraction
Per Capita Rate of Transmission
(Direct and Indirect) from the
Infected Human Fraction to the
Susceptible Animal Fraction
Per Capita Rate of Transmission
(Direct and Indirect) from the
Infected Animal Fraction to the
Susceptible Human Fraction
Background rate of transmission of
foodborne bacteria to the livestock
population
Per Capita Rate of Antibiotic Usage
in Livestock (Baseline) in g/PCU
Efficacy of antibiotic-mediated
livestock recovery.

κ

Transmission-related fitness costs
associated with antibiotic-resistant
strains (relative to antibioticsensitive strains).
Per Capita Rate of Conversion from
antibiotic-resistant to antibioticsensitive infection in animals
Per Capita Rate of Natural Recovery
from Animal Infection

α

φ
rA

Per Capita Rate of Natural Recovery
from Human Infection

rH

Per Capita Birth/Death Rate in
Animals
Per Capita Birth/Death Rate in
Humans

µA
µH
1

Case Study (Fitted) Parameter Values
(Sum of squares from model fit in square brackets)
Ampicillin
Tetracycline
Ampicillin
Tetracycline
resistance in
resistance in
resistance in
resistance in
Broiler
Broiler
Fattening Pigs Fattening Pigs
Poultry
Poultry
(SS = 0.969)
(SS = 1.456)
(SS = 1.987)
(SS = 5.473)

References

0.116613
[0.004307,
0.227580] 1

0.091145
[0.001947,
0.206444] 1

0.072271
[0.000508,
0.178430]1

0.094618
[0.000415,
0.216028] 1

N/A

0.00001

0.00001

0.00001

0.00001

N/A

0.00001

0.00001

0.00001

0.00001

N/A

0.0001388
[0.000130,
0.000145] 1

0.000149
[0.000134,
0.000163] 1

0.000169
[0.000154,
0.000184] 1

0.0001870
[0.000166,
0.000210] 1

N/A

0.8789726
[0.285250,
1.478116] 1

0.653686
[0.250350,
0.999701] 1

0.687408
[0.302243,
0.998396] 1

0.629688
[0.239937,
0.997063] 1

N/A

0.0067

0.0067

0.0123

0.0116

N/A

1.144771
[0.251745,
1.995368] 1

0.682709
[0.006160,
1.459921] 1

0.470487
[0.000743,
1.058426] 1

0.854826
[0.018652,
1.793183] 1

N/A

0.009010
[0.000461,
0.020193] 1

0.162060
[0.011241,
0.317247] 1

0.374363
[0.281892,
0.474565] 1

0.485538
[0.391098,
0.572014] 1

N/A

0.030938
[0.024368,
0.036523] 1

0.021652
[0.011457,
0.031297] 1

0.013677
[0.008160,
0.019323] 1

0.009931
[0.004160,
0.016450] 1

N/A

0 days-1

0 days-1

60 days

-1

-1

60 days

-1

5.5 days

-1

240 days

5.5 days

5.5 days

-1

5.5 days

42 days-1

42 days-1

240 days

-1

28835 days

-1

28835 days

-1

-1

-1

28835 days

-1

Note that values in bold are mean point estimates from the posterior distribution of fitted

parameters, lower and upper bounds of the 95% HDI are shown in square brackets.
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-1

28835 days

(Nair et al.,
2018)
(World Health
Organisation,
2018)
(Sheridan et
al., 1992)
(Roser, 2013)

3.2.7 FAST sensitivity analyses
A Fourier amplitude sensitivity test (FAST) approach was used to conduct a sensitivity analysis
of the model system to the model parameters with regards to the two primary model
outcome measures (Saltelli and Bolado, 1998): 1) the daily incidence of human foodborne
infection and 2) proportion of antibiotic-resistant human infection. The parameter space
range chosen for the sensitivity analysis was limited to an order of magnitude above and
below the parameterised values. For fitted model parameters, this range was taken as an
order of magnitude above and below the fitted mean point estimate for each parameter
across each considered case study.
The FAST approach was also used to identify the sensitivity of the model system to two
intervention related outcome measures: 1) Relative changes in daily incidence when livestock
antibiotics were curtailed (τ = 0 g/PCU), compared to daily incidence at mean baseline
livestock antibiotic usage across the four case studies (τ = 0.00934 g/PCU) and 2) Relative
changes in daily incidence under antibiotic curtailment (0 g/PCU) relative to the fixed
observed daily incidence with current levels of antibiotic usage (0.593 per 100,000).
1) Relative changes in the daily incidence when livestock antibiotics are curtailed (τ = 0
g/PCU), compared to the daily incidence at the baseline livestock antibiotic usage (τ =
0.00934 g/PCU).
The purpose of this outcome measure was to identify parameters (excluding τ) which had the
greatest influence on relative changes in the daily incidence when livestock antibiotics are
curtailed from baseline levels (τ = 0.00934 → 0 g/PCU). The baseline level of the daily
incidence changed with each explored combination of parameters from the Fourier sampling
algorithm, with each scenario possessing a unique baseline daily incidence at τ = 0.00934
g/pCU. Therefore, alterations to model parameters reflected a new location/drug/bug
livestock host scenario or case study. By assuming this flexible baseline, parameters/scenarios
could be explored which resulted in the greatest relative change in daily incidence when
livestock antibiotics are curtailed (τ = 0 g/PCU). The baseline level of livestock antibiotic usage
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was fixed at τ = 0.00934 g/PCU to facilitate the comparison of outcome measures across the
different parameter combinations. The outcome measure is formally defined as: daily
incidence at τ = 0 / daily incidence at τ = 0.00934.
2) Relative changes in daily incidence when livestock antibiotics were curtailed (τ = 0 g/
PCU), compared to the fixed daily incidence of 0.593 per 100,000 population.
This outcome measure allowed for the identification of parameters (excluding τ) which could
best control increases in daily incidence upon livestock antibiotic curtailment (τ = 0 g/PCU).
This is similar to the previous outcome measure, but with the daily incidence at baseline
livestock usage fixed to 0.593 per 100,000 population, representing the baseline level of daily
incidence for the four considered case studies. This fixed value can be considered a threshold
of daily incidence that would be undesirable to exceed, due to this being the current level of
daily incidence observed at baseline livestock antibiotic usage levels (τ = 0.00934 g/PCU). By
fixing the daily incidence and identifying relative variation from this “threshold” value,
parameters can be identified that result in the greatest change from this threshold, and by
extension parameters that can best control or prevent increases in the daily incidence beyond
what is already observed with livestock antibiotic usage. The outcome measure is formally
defined as: daily incidence at τ = 0 / 0.593 per 100,000.

3.2.8 Data availability, model code and software used

All simulations were carried out using R and RStudio (RStudio Team, 2020, R Development
Core Team, 2020). R packages “desolve” and “rootSolve” (Soetaert et al., 2010) were used for
all model simulations. An overview of raw data can also be found in Appendix B and C.
Reproducible

code

and

all

raw

data

for

https://github.com/alexmorgan1995/Chapter-2.
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model

fitting

can

be

found

at:

3.3

Results

3.3.1 Observed relationship between livestock antibiotic usage and
livestock antibiotic-resistance
A descriptive analysis was first conducted to investigate the presence of a relationship
between antibiotic sales (as a proxy for usage) and antibiotic resistance for the four modelled
case studies (Table 3.3). All fattening pig case studies and the ampicillin-resistance in broiler
poultry case study displayed a significant association between antibiotic usage and resistance
(p < 0.05). The tetracycline-resistance in broiler poultry case study was only found to be
significant at p < 0.1. Predictions using the regression models and the 95% confidence
intervals for model predictions were plotted against case study surveillance data (Figure 3.2;
Table 3.3).
Table 3.3. Linear regression of model case study data.
Variable
Intercept Constant
Antibiotic Usage
(mg/PCU)

Ampicillin
Resistance in
Broiler Poultry

0.1216
0.0128
[0.0005**]

Case Study
Tetracycline
Ampicillin
Resistance in
Resistance in
Broiler Poultry Fattening Pigs

0.3120
0.0088
[0.0965*]

0.3692
0.0066
[0.0145**]

Tetracycline
Resistance in
Fattening Pigs

0.400879
0.0064
[0.0307**]

p-values are found in square brackets under model estimates. **Significant at 0.05. * Significant at 0.1. NS Not Significant.
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Figure 3.2. Relationship between scaled antibiotic sales and the proportion of isolates
resistant across different EU country/year pairs from 2014-2018. A) Ampicillin-resistance in
broiler poultry, B) tetracycline-resistance in broiler poultry, C) ampicillin-resistance in
fattening pigs and D) tetracycline-resistance in fattening pigs. Solid line and ribbons
represent the best fitting linear regression between sales and resistance with 95% CIs for
model predictions.

3.3.2 Fitted relationship between livestock antibiotic usage and livestock
antibiotic resistance
Using mean point estimates from the approximated marginal posterior probability
distributions for each of the four case studies, the modelled relationship between antibiotic
usage and livestock tetracycline/ampicillin-resistance was plotted. This was compared to
observed country-level antibiotic usage and livestock tetracycline/ampicillin-resistance
surveillance data (Figure 3.3). It is important to note that the ζ parameter (ζ > 0) is necessary
to prevent I*RHProp decreasing to 0 upon livestock antibiotic curtailment (τ = 0 g/PCU). Inclusion
of the ζ parameter was shown to provide a better fit to the model compared to a null model
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with ζ = 0 (Appendix F). Approximated marginal posterior probability distributions for the
fitted model parameters from the ABC-SMC approach and respective diagnostics for each
model fit can be found in Appendix G (Appendix Figure G3; G6; G9-12).

Figure 3.3. Observed and modelled relationship between livestock antibiotic usage data and
antimicrobial-resistant salmonellosis in humans. A) Ampicillin-resistance in broiler poultry,
B) tetracycline-resistance in broiler poultry, C) ampicillin-resistance in fattening pigs and D)
tetracycline-resistance in fattening pigs. Solid red lines and ribbons represent model fit
resulting from the approximated posterior distribution using ABC-SMC and the corresponding
95% HDI. Country-specific 95% confidence intervals for the observed data (dots) were
calculated for each case study using a 1-sample proportion test with continuity correction.

3.3.3 Impact of livestock antibiotic curtailment on human foodborne
disease
Curtailment of livestock antibiotic usage (τ → 0 g/PCU) resulted in small increases in the daily
incidence of human salmonellosis relative to at baseline antibiotic usage levels across all four
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case studies (Figure 3.4). The fitted daily incidence and I*RHProp for each case study can be
found in Table 3.4. Curtailment of livestock antibiotic usage in the fattening pigs case studies
resulted in the largest increase in the daily incidence, with a 1.11-fold (0.668 per 100,000)
increase relative to baseline levels, and a 1.20-fold increase (0.72 per 100,000) for the
ampicillin and tetracycline case studies respectively. Increases in the daily incidence for the
broiler poultry case studies were almost non-existent, with no fold change below 3 significant
figures (0.598 per 100,000) being identified for the ampicillin case study and a 1.02-fold (0.617
per 100,000) increase in the daily incidence for the tetracycline usage case study.

Figure 3.4. Impact of alterations in livestock antibiotic usage (τ) on the daily incidence of
salmonellosis and the proportion of resistant human infection (I*RHProp). A) Ampicillinresistant human salmonellosis from broiler poultry. B) Tetracycline-resistant human
salmonellosis from broiler poultry. C) Ampicillin-resistant human salmonellosis from fattening
pigs. D) Tetracycline-resistant human salmonellosis from fattening pigs. Grey bar denotes the
case study specific baseline livestock antibiotic usage. Numbers above the bars denote
I*RHProp.
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Table 3.4. Fitted values for the primary outcome measures for the four model case studies.

Outcome Measure

Daily incidence of
human salmonellosis
Proportion of
antibiotic-resistant
human salmonellosis
(I*RHProp)

Ampicillin
Resistance in
Broiler Poultry
[0.0049 g/PCU]

Case Study
Tetracycline
Ampicillin
Resistance in
Resistance in
Broiler Poultry
Fattening Pigs
[0.0069 g/PCU] [0.0125 g/PCU]

Tetracycline
Resistance in
Fattening Pigs
[0.01305 g/PCU]

0.595

0.600

0.598

0.601

0.301

0.317

0.349

0.342

Baseline antibiotic usage displayed in square brackets for each case study.

Curtailment of livestock antibiotic usage also resulted in decreases in the proportion of
resistant human salmonellosis across all four cases studies (Figure 3.5). This ranged from
33.5% (ampicillin usage in broiler poultry) to 65.1% (tetracycline usage in fattening pigs)
decreases in human resistance across the modelled cases studies. Increases in livestock
antibiotic usage above baseline usage levels in the four case studies resulted in the opposite
phenomenon being observed, with small decreases in overall human foodborne disease and
increases in the proportion of resistant infection.

3.3.4 FAST sensitivity analysis of model parameters on the daily incidence
and proportion of human antibiotic-resistant foodborne disease
A Fourier amplitude sensitivity test (FAST) analysis was next performed, which identified
animal-to-human transmission (βHA) as the most influential parameter for the daily incidence
of salmonellosis, with other parameters having a substantially reduced impact. Furthermore,
I*RHProp was most sensitive to transmission-related fitness costs (α), livestock antibiotic usage
(τ), the antibiotic-resistant to antibiotic-sensitive reversion rate (φ) and efficacy of antibioticmediated recovery in livestock (κ) (Figure 3.5).
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Figure 3.5. Fourier amplitude sensitivity test (FAST) to identify the most influential model
parameter for: A) EU-averaged daily incidence of non-typhoidal salmonellosis. B) The
proportion of antibiotic-resistant human non-typhoidal salmonellosis (I*RHProp). Parameters
for each sensitivity analysis are ordered from left-to-right by the most influential model
parameter (partial variance) for the respective analysis.
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3.3.5 Model parameters determining increases in daily incidence and
mitigation of increases in foodborne disease upon livestock antibiotic
curtailment
To identify the parameters which had the greatest influence on relative increases in the daily
incidence when livestock antibiotics were curtailed, an additional FAST sensitivity analysis was
also conducted. The outcome measure of this analysis was the daily incidence at mean
baseline livestock antibiotic usage (τ = 0.00934 g/PCU) compared to the daily incidence under
livestock antibiotic curtailment (τ = 0 g/PCU) across the four case studies (Figure 3.6). The
daily incidence at mean baseline livestock antibiotic usage was allowed to vary and was not
fixed across modelled parameter combinations. This corresponds to differences in the daily
incidence at baseline antibiotic usage (τ = 0.00934 g/PCU) that would be observed with case
studies other than the specific drug/livestock/pathogen combinations used in this chapter.
Therefore, influential model parameters can be interpreted as parameters that lead to case
studies with large relative increases in daily incidence compared to baseline antibiotic usage.
Transmission related fitness costs associated with antibiotic-resistance (α), the per capita rate
of background transmission to livestock populations (ζ) and efficacy of antibiotic-mediated
livestock recovery (κ) were found to be the most influential parameters in determining the
relative increase in daily incidence from baseline livestock antibiotic usage when antibiotics
where curtailed (Figure 3.6A).

68

Figure 3.6. Fourier amplitude sensitivity test (FAST) to identify the most influential model
parameter for: A) Relative change in daily incidence under curtailment (τ = 0 g/PCU)
compared to the averaged baseline antibiotic usage level (τ = 0.00934 g/PCU). B) Mitigating
changes in daily incidence under curtailment compared to the level of foodborne disease
experienced under current levels of livestock antibiotic usage (0.593 per 100,000
population). Higher bars indicate greater sensitivity.
A FAST analysis was next performed to identify parameters that could best mitigate increases
in daily incidence under antibiotic curtailment (τ = 0 g/PCU) for the particular
ampicillin/tetracycline in broiler poultry/fattening pigs case studies used in this chapter
(Figure 3.6B). This was identified by fixing the daily incidence at baseline antibiotic usage at
0.593 per 100,000 population, as this is the baseline daily incidence of salmonellosis relevant
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to the case studies. Influential model parameters are therefore those that cause the greatest
relative change in daily incidence from the fixed baseline value of 0.593 per 100,000. By
extension, interventions targeting these identified parameters will be more capable of
reducing levels of daily incidence back down to the baseline incidence of 0.593 per 100,000
population currently observed for the modelled case studies. The per capita rate of animalto-human transmission (βHA) was identified as the key parameter to mitigate increases in daily
incidence, with all other parameters contributing negligible amounts to the variation
observed in the outcome measure. This parameter (and transmission route) therefore
represents the best parameter to target to mitigate potential increases in daily incidence due
to livestock antibiotic curtailment.

3.3.6 Univariate sensitivity analysis of model parameters on the increase in
daily incidence of foodborne disease
To explore the importance of βHA in more detail, a univariate uncertainty analysis was also
conducted on model parameters, to assess how altering each model parameter individually
impacts the relative change in incidence compared to the case study baseline (0.593 per
100,000) when livestock antibiotics were curtailed (Figure 3.7). The explored parameter range
for each parameter was bounded at 0 to an order of magnitude above the parameterised
model value. An exception was for rH, with rH = [0.01, 0.55-1] to prevent the large relative
changes in daily incidence at rH = 0 obscuring presented results. For fitted parameters this was
taken as an order of magnitude above the mean fitted parameter value across all four case
studies.
Decreasing βHA resulted in larger decreases in the incidence of foodborne disease relative to
baseline levels (0.593 per 100,000) (Figure 3.7) when compared to other model parameters,
corroborating the result identified in the previous FAST analysis (Figure 3.6). Interestingly a
number of non-monotonic relationships were observed with α, ζ and rA parameters on the
outcome measure, suggesting that altering these parameters resulted in the incidence
increasing/decreasing to baseline levels (0.593 per 100,000), but then continuing to move
past this baseline value, with the relative change in incidence spiking again.
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Figure 3.7. Impact of varying each model parameter individually on the percentage change
in daily incidence under livestock antibiotic curtailment (τ = 0 g/PCU) relative to the baseline
daily incidence under current levels of antibiotic usage 0.593 per 100,000 population. Note
that the red, dotted line represents parameters that have both a relative increase and
decrease in daily incidence from the baseline threshold of 0.593 per 100,000 population
representing a non-monotonic relationship with the outcome measure.

3.3.7 Altering βHA, βAA and ζ parameters to control increases in the daily
incidence of human foodborne disease.
Due to the importance of targeting the animal-to-human transmission route to control
increases in daily incidence, alterations in βHA were quantified in the context of mitigating
increases in daily incidence under antibiotic curtailment (τ = 0 g/PCU), below a threshold of
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0.593 per 100,000 population. This threshold represents a removal of livestock antibiotic
selection pressure and a prevention of increases in daily incidence above what is currently
observed for human salmonellosis (0.593 per 100,000). Alterations to βAA and ζ parameters
were also chosen as potential intervention targets, due to their relevance in agricultural
biosecurity strategies to promote livestock health and mitigate livestock disease/AMR
(Aarestrup et al., 2008, Department for Environment and Agency, 2015). Limited transmission
parameter reductions were explored for βHA (0% - 25%), but with alterations to βAA and ζ
parameters varying from 0-100% (Figure 3.8).
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Figure 3.8. Reductions to model parameters animal-to-human transmission (βHA), animalto-animal transmission (βAA) and the livestock background transmission rate (ζ) to mitigate
increases in the daily incidence of salmonellosis under livestock antibiotic curtailment (τ =
0 g/PCU). A) Ampicillin-resistance in broiler poultry, B) tetracycline-resistance in broiler
poultry, C) ampicillin-resistance in fattening pigs and D) tetracycline-resistance in fattening
pigs. Axes represent interventions that reduce the labelled transmission rate(s) to % of their
original values. Note that the top right corner of each contour plot represents a scenario with
curtailment of antibiotics and no further alterations to any model parameter. The red line
represents the threshold at which daily incidence is below current levels (0.593 per 100,000).
Note the asymmetrical % reduction for both x and y-axis.
Only reductions to βHA were capable of mitigating increases to daily incidence below baseline
levels across all considered case studies in the explored parameter space, with a reduction of
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1%, 4%, 12% and 18% required for each case study (Figure 3.8). Isolated or even combined
reductions to βAA or ζ were only capable of reducing daily incidence below baseline levels with
strong reductions below ~50%, or if the initial increase in daily incidence was negligible upon
antibiotic curtailment, as seen with the ampicillin usage in broiler poultry case study (Figure
3.8A).
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3.4

Discussion

A mathematical modelling approach was used to identify increases in the daily incidence of
non-typhoidal human salmonellosis, as well as decreases in the proportion of resistant human
salmonellosis following livestock antibiotic curtailment. This was explored across four
relevant antibiotic/livestock specific case studies. Scenarios with high transmission-related
fitness costs of resistance (α), high efficacies of antibiotic-mediated livestock recovery (κ) and
low background transmission rates of Salmonella spp. in livestock (ζ) were found to result in
increases in the daily incidence of human salmonellosis upon antibiotic curtailment. However,
decreasing animal-to-human transmission (βHA) was found to effectively mitigate increases in
the daily incidence of human salmonellosis following livestock antibiotic-curtailment.
These reductions to βHA could take the form of interventions to increase awareness from
workers in the farm-to-fork pathway to maintain good biosecurity to reduce microbial
contamination on carcasses, as well as comprehensive public information campaigns to
promote safe handling of food products by consumers (Department for Environment and
Agency, 2015, Unicomb, 2009). Although mostly in farm-worker populations, recent studies
have identified the ability for handwashing and hygienic measures at significantly reducing
the risk of bacterial transmission from livestock to human populations (Youssef et al., 2021).
This is a promising indication that increases in salmonellosis may be entirely controlled by
ongoing efforts to ensure farm-level and post-harvest biosecurity, and the potentially
therapeutic effect of livestock antibiotic usage (whether intended through antibiotic
treatment or unintended through growth promotion) to reduce the transmission of disease
of a livestock origin in humans could potentially be replaced with improved biosecurity
practices (Cogliani et al., 2011, Marshall and Levy, 2011).
However, further work must be done to quantify the exact contribution of these individual
interventions on the animal-to-human transmission route (Katsma et al., 2007). This could
include the integration of dynamic epidemiological models with microbial risk-assessment
models of the farm-to-fork pathway (Collineau et al., 2020, Marshall and Levy, 2011, Singer
et al., 2007). Additionally, incorporating economic models into future dynamic modelling
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could also assess the economic feasibility of achieving specific percentage reductions in
transmission (Lhermie et al., 2019).
Curtailment of livestock antibiotic usage was found to have varying effects across the
modelled livestock host species. Almost negligible changes in the daily incidence of human
salmonellosis were observed in the broiler poultry case studies and with the fattening pig case
studies representing the worst-case scenario in terms of the explored human health
consequences of curtailment (Figure 3.3). However, it is important to note that even in this
worst-case scenario, increases in incidence could be effectively mitigated by targeting the
animal-to-human transmission route (βHA). These negligible-to-minor changes in the overall
prevalence/incidence of infection following antibiotic stewardship are also corroborated in
related modelling and surveillance studies (Davies et al., 2021, Schlundt and Aarestrup, 2017).
It is also interesting to note that if these negligible or controllable increases in foodborne
disease are placed in the context of the Salmonella spp. case study, then this will represent a
large source of common foodborne infections that will remain unchanged (overall infections)
after future livestock antibiotic stewardship interventions.
The main differences between modelled livestock hosts in this chapter can be attributed to
large differences in transmission-related fitness costs associated with antibiotic resistance,
with the mean fitted parameter value for α, 0.084 and 0.416 for the broiler poultry and
fattening pig case studies respectively. This may reflect differences in the distribution of
Salmonella spp. serotypes colonising poultry and pig hosts, with different serotypes
possessing varying transmission-related fitness costs (Naberhaus et al., 2020). Additionally,
due to the nature of the a parameter driving differences in resistance between humans and
food animals in the model, the difference in fitness costs may also reflect differences in
resistance between fattening pigs and broiler poultry, with a higher resistance in fattening
pigs (due to higher levels of antibiotic usage requiring a larger value of the a parameter to
drive down resistance). Other factors may also include differences in production practices or
biosecurity for fattening pig vs broiler poultry (Caekebeke et al., 2020). Further experimental
analyses must be performed to assess if these differences in α are a real phenomenon
observed between livestock species or simply an artefact of the data/model fitting procedure
performed in this chapter.
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It is interesting to note that despite dissimilarity in fitted values for the a parameter,
parameters such as bAA and bHA were fitted with relatively similar parameter values across all
four cases studies (Table 3.2). This can be seen as a form of internal model validation for the
parameter inference method for this chapter, with differences in resistance and livestock
species across the case studies unlikely to have an effect on the inherent transmissibility of
Salmonella spp.
In addition to α, differences in the relative increase in daily incidence of salmonellosis
between modelled case studies and livestock hosts can also be attributed to ζ and κ (Figure
3.6A). The effects of changes in these parameters on the impact of livestock antibiotic
curtailment are twofold: Firstly, treatments which have a greater therapeutic impact on the
$

length of antibiotic-sensitive carriage, 1%& ( ) 2, will intuitively result in larger increases in
!

prevalence when withdrawn (high κ). Secondly, as antibiotic-sensitive strains are the only
Salmonella spp. strains impacted by treatment, if the proportion of antibiotic-sensitive
relative to antibiotic-resistant strains is higher when livestock antibiotics are used (τ > 0
g/PCU), then there will be a greater increase in overall disease when treatment is withdrawn.
This tendency for antibiotic-sensitive strains to dominate occurs when there are greater
transmission-related fitness costs associated with antibiotic-resistance (high α). As an
illustrative example, increases in daily incidence upon curtailment are prevented when
livestock antibiotic usage does not enhance the rate of clearance (κ = 0) and fitness costs are
removed (α = 0) (Appendix Figure H2). Low background rates of Salmonella spp. transmission
in livestock (low ζ) were also found to promote the dominance of antibiotic-sensitive strains
when livestock antibiotics were curtailed (Appendix Figure H3). This can be attributed to the
effect of background transmission acting as a source of antibiotic-resistant infection in
livestock when there is a lack of antibiotic pressure due to curtailment.
It is important to note that the aim of this chapter was not to specifically explore the
evolutionary dynamics underlying coexistence. Instead, the model implicitly acknowledges
that this phenomenon exists, simplifying the mechanisms underlying coexistence and instead
concentrating on the impact of host heterogeneity and zoonotic transmission on livestock
AMR interventions. Additionally, the primary result of this chapter, that increases in the
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prevalence/incidence of disease following antibiotic curtailment, is robust across models that
explicitly incorporate population and within-host level mechanisms that drive coexistence
(Davies et al., 2021). However, it is important to note the existence of the ζ parameter
prevents the model from being considered a neutral-null model due to the presence of
“immigration infections” not tractable to infections at t = 0 (Lipsitch et al., 2009), but with the
exclusion of ζ resulting in a poorer model fit compared to where the parameter is present
(Appendix F). Further exploration into the dynamics of livestock antibiotic curtailment may
benefit from explicitly modelling this general background transmission rate as an
environmental reservoir of infection. This would have the additional benefit of removing
“immigration infections” from the model system.
Large variability exists in both literature and the explored case studies regarding the
relationship between livestock/human antibiotic usage and resistance, ranging from nonsignificant to significant across the four explored case studies (Figure 3.2, Table 3.3) (Tang et
al., 2017). Due to the historical lack of high-quality AMR surveillance and presence of
confounding factors, it is difficult to disentangle whether observed significant relationships
are due to a genuine relationship between usage and resistance or due to the inherent noise
associated with AMR surveillance data (Schrijver et al., 2018). This is important to recognise,
as the extent of increases in the daily incidence of salmonellosis upon livestock antibiotic
curtailment is determined through fitting modelled livestock dynamics to a presumed direct
relationship between usage and resistance.
It is important to note that Salmonella spp. colonisation in livestock food animals is often
asymptomatic, being a normal part of the gut microbiota. Exceptions to this include
Salmonella enterica serovar Choleraesuis, which may cause symptomatic illness in swine
herds (Gray et al., 1996). However, routine treatment of fattening pigs and broiler poultry
colonised with human obligate foodborne pathogens such as Salmonella spp. and
Campylobacter spp. is not common (Bonardi, 2017). This was considered with the
implemented model structure, with an assumption that the t parameter encompasses the
spectrum of antibiotic usage in livestock, such as growth promotion, prophylaxis and
treatment. Therefore, antibiotic usage may still impact Salmonella spp. in fattening pigs and
broilers. Modelling specific case studies for countries where antibiotics are only used for
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therapeutic purposes or in a limited prophylactic role such as Denmark, may require a rethink
of how antibiotic usage is modelled (Levy, 2014).
However, the key message, specifically that potential increases in the daily incidence are
controllable through interventions targeting the farm-to-fork pathway, is robust to the
uncertainties in the relationship between usage and resistance. If the true relationship
between usage/resistance was non-significant, then the model would expect to see negligible
increases in the daily incidence of foodborne disease, and consequently these increases
would be easily controllable through biosecurity interventions. However, if a significant
relationship between usage/resistance was observed, then this chapter has also
demonstrated that the associated increases in daily incidence of salmonellosis following
antibiotic curtailment can be controlled through ensuring good biosecurity at the farm-tofork-pathway. Additionally, this chapter has also identified the ability for βHA to control
increases in daily incidence many orders of magnitude above the increases observed in the
worst-case scenario (Figure 3.7). Therefore, the public health implications of livestock
antibiotic curtailment in terms of increases in the daily incidence of salmonellosis will likely
be negligible at best and controllable at the worst.
The results from this chapter suggest that curtailment of livestock antibiotic usage
interventions may have unforeseen, unintended effects, with a reduction in both livestock
and human antibiotic resistance, but with increases in the livestock carriage and onwards
transmission of foodborne pathogens to humans. However, potential increases in the daily
incidence of human foodborne disease range from negligible to preventable through
interventions that target animal-to-human transmission routes. The efficacy of these
interventions suggests that a one-health attitude and a focus on improving farm-to-fork
biosecurity and livestock welfare to prevent human disease is essential when considering
potential control strategies to tackle the AMR crisis.
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4
Understanding the role of
global food trade on the
transmission dynamics of
antibiotic-resistant
foodborne bacteria
4.1

Introduction

A “one-health” approach has been suggested as an effective strategy to tackle the ongoing
threat of antimicrobial resistance (AMR) (McEwen and Collignon, 2018). This integrated
approach works on the principle that human, livestock and environmental health is
connected, and therefore an integrated approach across all three settings is required to tackle
AMR. This has led to a focus on livestock as a potential driver of AMR in human populations,
with the transmission of AMR determinants/bacteria occurring through direct contact, or
indirectly through foodborne transmission or the environment (Woolhouse et al., 2015).
An association between livestock and human AMR has already been demonstrated in
literature. Examples include an identification of similar extended-spectrum beta lactamase
(ESBL) genes/plasmids in clonally related Escherichia coli (E. coli) present in both
livestock/human hosts, a 24% reduction in the pooled prevalence of antibiotic-resistant
bacteria in humans when antibiotic usage in animals was reduced, and historical human
outbreaks of multidrug resistant (MDR) Salmonella enterica (S. enterica) linked to the
consumption of raw milk (Giufre et al., 2012, Muloi et al., 2018, Tacket et al., 1985, Tang et
al., 2017, Lazarus et al., 2015).
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However, there is also an emerging body of literature identifying the contrary. This includes
the use of whole genome sequencing (WGS) which identified a lack of association between
livestock-associated and human bloodstream isolates of drug-resistant E. coli and
identification of distinct lineages of drug-resistant Enterococcus faecium (E. faecium) when
sampling from retail meats, livestock and human populations (Gouliouris et al., 2018, Ludden
et al., 2019).
It is important to contextualise the lack of evidence for the cross-species transmission of AMR
with the often-limited scope of sampling frameworks and the dearth of high-resolution
epidemiological metadata to integrate with genomic analysis, in order to identify
transmission events (Wee et al., 2020). However, this uncertainty in the extent of AMR
transmission between livestock and humans suggests that more research is required to better
understand the transmission dynamics of AMR and how different transmission pathways may
contribute to the dissemination of AMR across the livestock/human interface (Pokharel et al.,
2020).
Human foodborne pathogens (Salmonella spp. and Campylobacter spp.) represent an
interesting case study to explore the potential spread of AMR from livestock to human
populations, with host-restricted serovars such as S. enterica serovar Typhimurium having
defined livestock reservoirs and being pathogenic upon colonisation in human populations
(Stevens et al., 2009). Unequivocal evidence also exists regarding the propagation of these
foodborne pathogens through the farm-to-fork pathway, and with the identification of drugresistant foodborne pathogens/genes found in all stages of food processing (Ma et al., 2021,
Marshall and Levy, 2011).
It is important to note that there is heterogeneity in the livestock sources of these foodborne
pathogens, with both domestic and food products imported from international trade partners
playing a role in foodborne transmission and consequently AMR transmission (George, 2019,
Jans et al., 2018, Jung et al., 2022, Mateus et al., 2016). This is acknowledged in source
attribution studies, which have used metagenomics approaches and epidemiological analysis
to attribute AMR and foodborne disease to domestic/imported sources (Duarte et al., 2021,
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Pires et al., 2014). However, few studies have attempted to quantify the impact of imported
food products on AMR transmission dynamics (Mateus et al., 2016).
Heterogeneity in transmission pressure from spatially distinct subpopulations has long been
identified as an important driver in pathogen disease dynamics (Keeling and Rohani, 2011).
This has also been recognised in AMR literature, with interaction between sub-populations
and spillover of AMR, drastically reducing the efficacy of local curtailment interventions, and
with meta-population models predicting strain coexistence due to subpopulation interaction
and the maintenance of AMR (Blanquart et al., 2018, Krieger et al., 2020, Olesen et al., 2020).
This provides an interesting avenue of research to explore heterogeneity in AMR transmission
in the context of food product importation.
The need to explore the effect of food import on AMR transmission dynamics is also likely to
increase in the future, with an increasing worldwide reliance on imported food products to
meet global demand for food, and increasing demand for the diversification of food products
(Gehlhar and Coyle, 2001, Kinnunen et al., 2020, Porkka et al., 2017, Zhao et al., 2021).
Renegotiation of current trade agreements may also lead to a change in importation, with the
UK experiencing an increase in non-EU imports in 2021, attributable to a trade-hub type
effect, with a greater level of non-EU food products passing directly to the UK rather than
being previously cleared in EU nations (Department for Environment, 2021). Changes to trade
policy may have significant impact on the transmission dynamics of AMR and the risk to
human health, especially if there is an asymmetry in domestic/import policies regarding the
implementation of “one health” approaches to control AMR in food products (George, 2019,
Maron et al., 2013). However, there are a lack of studies that explore the potential effects of
asymmetries in AMR/contamination in domestic/imported food products on overall human
AMR transmission dynamics (Jung et al., 2022, Mateus et al., 2016).
This chapter aims to address this gap in literature by exploring the impact of livestock food
product import on AMR transmission dynamics within a UK-specific case study. The potential
impact of livestock food product importation was explored in the context of disrupting the
efficacy of local livestock antibiotic stewardship, with a particular focus on livestock antibiotic
curtailment and the subsequent effects on human AMR. Additionally, this chapter explores
82

the impact of changes in importation parameters that reflect alterations to food trade policy,
such as increasing variety in sources of importation and alterations to the reliance of the
domestic country on imported food sources.

83

4.2

Methodology

4.2.1 Homogenous import model
A compartmental model was developed to describe the transmission of antibiotic-resistant
and antibiotic-sensitive foodborne bacteria from domestic and imported livestock food
products to humans (Figure 4.1). The transmission dynamics of foodborne bacteria were
modelled explicitly for domestic livestock and human populations, with each modelled
population stratified based on their infection status: susceptible humans (SH), humans
infected with antibiotic-sensitive bacteria (ISH), humans infected with antibiotic-resistant
bacteria (IRH), susceptible livestock food-animals (SA), livestock food-animals infected with
antibiotic-sensitive bacteria (ISA) and livestock food-animals infected with antibiotic-resistant
bacteria (IRA). Model equations and parameters can be found described in eqn 4.1 and table
4.3 respectively.

Figure 4.1. Model structure describing the transmission of foodborne pathogens
between/within livestock and human populations. Note that the per capita rate of births,
µH, is not scaled by SH but by 1.
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𝑑𝑆$
= 𝑟$ (𝐼"$ + 𝐼#$ ) − 𝜓𝛽$! 𝜂𝑆$ [𝐼"! + 𝐼#! (1 − 𝛼)] − (1 − 𝜓)𝛽$! 𝜂𝑆$ 𝐹𝑟𝑎𝑐%&' (1 − 𝑃𝑟𝑜𝑝𝑅𝑒𝑠%&' )
𝑑𝑡
− (1 − 𝜓)𝛽$! 𝜂𝑆$ 𝐹𝑟𝑎𝑐%&' 𝑃𝑟𝑜𝑝𝑅𝑒𝑠%&' (1 − 𝛼) − µ$ (𝑆$ − 1)
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= 𝜓𝛽$! 𝜂𝑆$ 𝐼#! (1 − 𝛼) + (1 − 𝜓)𝛽$! 𝜂𝑆$ 𝐹𝑟𝑎𝑐%&' 𝑃𝑟𝑜𝑝𝑅𝑒𝑠%&' (1 − 𝛼) − 𝐼#$ (µ$ + 𝑟$ )𝛽$!
𝑑𝑡
− 𝐼#$ (µ$ + 𝑟$ )

Eqn 4.1
The influence of imported food products was modelled as a constant transmission pressure
to human populations. The proportion of imported food products contaminated with either
antibiotic-sensitive/resistant foodborne bacteria was modelled as a function of the
proportion of contaminated food products that are antibiotic-resistant (PropResImp) and the
fraction of contaminated food imports with foodborne bacteria (FracImp). The proportion of
food imports contaminated with antibiotic-sensitive bacteria follows the same calculation,
defined as the complement of the former parameter (1-PropResImp). This model was defined
as the “homogenous” import model.
Two transmission routes of antibiotic-sensitive/resistant foodborne bacteria were modelled.
Domestic animal-to-animal transmission (βAA) and transmission from contaminated
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domestic/imported livestock animal carcasses/food products to humans (βHA). This βHA
parameter represents either direct transmission from the carcasses or through food-borne
transmission following further processing in the farm-to-fork pathway. Human-to-human and
human-to-animal transmission routes were not modelled due to the focus of the chapter on
the transmission dynamics of foodborne bacteria and the negligible role of both pathways on
foodborne transmission (Centers for Disease Control and Prevention, 2013). A scaling
parameter was used to model the relative reduction in the prevalence of foodborne bacteria
from domestic livestock carriage to contamination on domestic livestock carcasses (η). This
assumption was made due to the influence of caecum carriage of foodborne bacteria in
livestock on carcass contamination (Alvseike et al., 2020, Martelli et al., 2021).
A background rate of transmission in the livestock population was also modelled to represent
infection of livestock hosts from non-livestock sources (ζ). This transmission rate was scaled
by a factor of 0.5 to ensure an equal influence of ζ on both antibiotic-sensitive and resistant
transmission routes. The biological rationale for this parameter can be found in Chapter 3.
Natural recovery from antibiotic-sensitive/resistant infection occurs in both human/livestock
populations at rate rH and rA respectively. Per capita birth/death rates are represented by µA
in livestock and µH in human populations.
A parameter (τ) was used to describe the selective pressure and therapeutic effect of
antibiotic usage in domestic livestock. The selective pressure of livestock antibiotics was
modelled as a single transition rate, encompassing a range of evolutionary and biological
phenomena that convert livestock between antibiotic-sensitive to resistant states. Similarly,
a single reversion parameter (φ) was used to encompass a range of different biologically
plausible phenomena that may cause reversion of antibiotic-resistant (IRA) to sensitive strains
(ISA). A description of these biologically plausible phenomena can be found in the
methodology for chapter 3.
To reduce the linearity associated with livestock antibiotic usage on both livestock recovery
and antibiotic-resistance conversion, a scaling parameter was introduced (κ) to model the
relative efficacy of antibiotic mediated recovery in livestock. Transmission-related fitness
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costs associated with antibiotic-resistance were included and assumed to reduce the rate of
transmission for antibiotic-resistant bacteria as a scaling factor (α).
The relative influence of domestic food consumption from domestic livestock sources was
modelled as a proportion (ψ), with 1-ψ representing the proportion of human food products
sourced from imported sources. Future references to “increases in importation” (ψ → 0) or
“decreases in importation” (ψ → 1) refer to alterations to this parameter.

4.2.2 Heterogeneous import model
To explore the effects of import heterogeneity on the transmission dynamics of antibioticsensitive/resistant foodborne bacteria, the import pressure (FracImp, PropResImp) was
stratified into multiple sources. This represents the different countries that would constitute
the food trade network for the domestic country (Figure 4.2), with each country making up
the import pressure (exporting countries) requiring individual parameterisation regarding the
proportion of contaminated food imports contaminated with foodborne bacteria and the
proportion of contaminated food products contaminated with foodborne bacteria that are
antibiotic-resistant. As an example, with ten exporting countries, FracImp and PropResImp can
be defined as: FracImp = {FracImp1, …, FracImp10} and PropResImp = {PropResImp1, …, PropResImp10}.
The homogenous import model can be considered an edge case of the heterogeneous import
model, where n = 1 for exporting countries. Model equations and parameters can be found
described in eqn 4.2 and table 4.3 respectively.
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Figure 4.2. Model structure describing the transmission of foodborne pathogens between/within livestock and human populations in the
model with increased import heterogeneity. Note that the number of exporting countries contributing to overall import is modelled (n), with
each of these countries contributing to the total imported antibiotic-sensitive (IMPISA) and antibiotic-resistance (IMPIRA) transmission pressure
of foodborne bacteria. Note that the per capita rate of births, µH, is not scaled by SH.
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Eqn 4.2
The increased heterogeneity in importation also requires the addition of another set of
parameters describing the relative weight that each exporting country has to the overall
extent of importation in the domestic country of interest (w), w = {w1, …, wn}. Note that the
sum of weights from exporting countries is equal to 1. A summary of model compartments
found in homogenous and heterogeneous import models can be found in table 4.1.
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Table 4.1. Description of compartments in homogenous and heterogeneous import models.
Compartment
Symbol
SA
ISA(D)1

IRA(D)1
SH
ISH(D)1

IRH(D)1

ISH(i)2

IRH(i)2

Compartment Description

Initial Condition

Proportion of susceptible livestock
Proportion of livestock with antibiotic-sensitive
Salmonella spp. carriage. (in domestic livestock in the
heterogeneous model)
Proportion of livestock with antibiotic-resistant
Salmonella spp. carriage. (in domestic livestock in the
heterogeneous model)
Proportion of susceptible humans
Proportion of humans infected with antibiotic-sensitive
Salmonella spp. (from domestic sources in the
heterogeneous model)
Proportion of humans infected with antibiotic-resistant
Salmonella spp. (from domestic sources in the
heterogeneous model)
Proportion of humans infected with antibiotic-sensitive
Salmonella spp. from imported country i (only present in
heterogeneous model).
Proportion of humans infected with antibiotic-resistant
Salmonella spp. from imported country i (only present in
heterogeneous model).

0.98
0.01

0.01
1.00
0.00

0.00

0.00

0.00

1In

the heterogeneous model, ISA and IRA parameters are changed into ISD and IRD to represent foodborne bacteria carriage in
domestic (D) livestock.
2In the heterogeneous model, the human compartment is stratified to track the proportion of human antibioticsensitive/resistant infections from each exporting country. e.g: The proportion of antibiotic-sensitive human foodborne
infection from exporting country i is: 𝐼!"# ∈ {𝐼!"$ , … , 𝐼!"% }, for n total exporting countries contributing to import.

4.2.3 UK case study
The United Kingdom was chosen as the “domestic” country of interest for the model.
Therefore, the compartmental model, including dynamic livestock and human populations
was parameterised with regard to UK livestock/human outcome measures.
The bug/drug/livestock population of interest was ampicillin usage/resistance in fattening
pigs for Salmonella spp.. This case study was chosen due to the high level of usage (both
historical and current) of ampicillin in fattening pigs, and the availability of resistance data for
this livestock species. It is important to note that this choice of case study should not be taken
that fattening pigs are the sole source of ampicillin-resistant Salmonella spp. to humans.
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Rather it was intended to act as a case study to parameterise the model, due to the difficulty
in choosing a representative population to represent all possible drug/livestock combinations.

4.2.4 Efficacy of curtailment outcome measure
The primary outcome of interest for this chapter was the relative change in the proportion of
ampicillin-resistant human salmonellosis upon domestic livestock ampicillin curtailment.
Domestic livestock antibiotic/ampicillin curtailment was defined as total curtailment of
antibiotic usage from baseline levels for the United Kingdom. The exact value for this baseline
ampicillin usage can be found in the “Data Sources and Model Fitting” section. This relative
reduction was defined as the “efficacy of curtailment” (EoC) (eqn 4.3).

𝐸𝑜𝐶 = E1 −

𝐻𝑢𝑚𝑎𝑛 𝑅𝑒𝑠𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝐶𝑢𝑟𝑡𝑎𝑖𝑙𝑒𝑑)
N ∗ 100
𝐻𝑢𝑚𝑎𝑛 𝑅𝑒𝑠𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒)
eqn 4.3

This outcome measure was calculated at the long-term model non-zero steady state. Studying
the system at an equilibrium state is a useful indication of the long-term dynamics of
antibiotic-resistant salmonella infection and the long-term trajectory of the system. However,
it is important to recognise that the “real-world” dynamics of AMR are not temporally stable
and in flux.

4.2.5 Data sources and model fitting
An approximate Bayesian computation sequential Monte Carlo (ABC-SMC) approach was
used to fit the model to the ampicillin usage/resistance in fattening pigs case study, using the
United Kingdom as the domestic country of interest. This required the curation of three
different datasets.
The first dataset used was a usage/resistance dataset to parameterise the relationship
between domestic livestock ampicillin usage and the proportion of contaminated food
products that are ampicillin-resistant (Appendix Figure B1-2; C1-2). Use of this dataset and
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model fitting was required to ensure that reductions to domestic livestock antibiotic usage
resulted in reductions that were grounded in reality/data. The proportion of ampicillinresistant isolates from fattening pig carcasses was extracted from the respective European
Food Safety Authority (EFSA) summary reports (European Food Safety Authority, 2017a,
European Food Safety Authority, 2018a, European Food Safety Authority, 2019b, European
Food Safety Authority, 2020). Ampicillin sales data was obtained from European surveillance
of veterinary consumption (ESVAC) reports (European Surveillance of Veterinary
Antimicrobial Consumption, 2017, European Surveillance of Veterinary Antimicrobial
Consumption, 2018, European Surveillance of Veterinary Antimicrobial Consumption, 2019,
European Surveillance of Veterinary Antimicrobial Consumption, 2020). A scaling calculation
was required to convert the generic ampicillin sales for livestock to a value specific to
fattening pigs. The units of measurement for this sales data was grams per population
correctional unit (g/PCU). Details of this scaling calculation and description of the temporal
stability of the data can be found in Appendix D. Note that due to a lack of accurate countrylevel antibiotic usage data, sales were assumed to be a proxy for usage.
The second dataset was curated to parameterise import-relevant PropResImp, FracImp and
weight (w) parameters. Data from the UK Department for Environment & Rural Affairs
(DEFRA) was used to identify the UKs major livestock food product trade partners
(Department for Environment, 2020). The EU was stratified into nine distinct sources of
import sources/exporting countries, and a single non-EU sources of import. Scaling
calculations were required to determine the relative contribution of these ten contributors
to the UKs food supply for general livestock food products (ψ = 0.656) and swine-specific food
products (ψ = 0.4455). Details of these scaling calculations can be found in Appendix E
(Appendix Table E1-5).
Note that data on the contribution of domestic, EU and non-EU countries/regions for general
livestock food products (ψ = 0.656) was used for baseline model parameterisation. Data on
the proportion of Salmonella spp. contaminated food imports (FracImp) was obtained from
EFSA/ECDC surveillance reports, with contamination data obtained from 400cm2 swabs and
competent authority (CA) surveillance prioritised (European Food Safety Authority, 2016b,
European Food Safety Authority, 2017b, European Food Safety Authority, 2018b, European
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Food Safety Authority, 2019a). Data on the proportion of isolates obtained from
contaminated swine carcasses that are antibiotic-resistant was obtained from EFSA
surveillance reports (Appendix B). This was used as a proxy for the proportion of
contaminated food products that are antibiotic resistant (PropResImp).
The third dataset focused on data regarding UK-specific livestock/human outcome measures
to act as targets for model fitting. Baseline UK ampicillin usage/sales for the ampicillinresistance in fattening pigs case study was considered the unweighted average ampicillin
usage observed across 2015-2018 for the UK (τ = 0.0009 g/PCU) (European Surveillance of
Veterinary Antimicrobial Consumption, 2017, European Surveillance of Veterinary
Antimicrobial Consumption, 2018, European Surveillance of Veterinary Antimicrobial
Consumption, 2019, European Surveillance of Veterinary Antimicrobial Consumption, 2020).
The observed daily EU incidence of human salmonellosis was used as a proxy for the baseline
incidence of UK salmonellosis (0.593 per 100,000) (Cassini et al., 2018). While other studies
have identified UK based multiplication factors for salmonellosis, a choice was made to use
BCoDE estimates for the UK, this was to keep standardisation in fitted model outcomes across
Chapter 3 and 4 (Tam et al., 2012). It is also unlikely that the use of a different baseline for
the incidence of salmonellosis would have had a qualitatively different impact on model
results.
The proportion of ampicillin-resistant UK human salmonellosis was obtained from 2015-2018
EFSA AMR summary reports (0.207) (European Food Safety Authority, 2016b, European Food
Safety Authority, 2017b, European Food Safety Authority, 2018b, European Food Safety
Authority, 2019a). The proportion of ampicillin-resistant UK livestock Salmonella spp. carriage
was parameterised from 2015-2018 EFSA surveillance reports (0.417) (European Food Safety
Authority, 2017a, European Food Safety Authority, 2018a, European Food Safety Authority,
2019b, European Food Safety Authority, 2020). The proportion of contamination in UK swine
carcasses was calculated from 2015-2018 EFSA/ECDC one-health surveillance reports (0.0628)
(European Food Safety Authority, 2016b, European Food Safety Authority, 2017b, European
Food Safety Authority, 2018b, European Food Safety Authority, 2019a).
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The η parameter was also parameterised using UK specific data, with caecum carriage of
Salmonella spp. in UK fattening pigs identified at 32.2% (Martelli et al., 2021). This information
was combined with data on the extent of UK Salmonella spp. contamination on fattening pig
carcasses (2.87%), to parameterise an 88.98% reduction from carriage to contamination in UK
fattening pigs (η = 0.1102).

4.2.6 ABC-SMC parameter estimation
A simulated dataset for the ampicillin-resistance in fattening pigs case study was generated
by modelling the proportion of ampicillin-resistant livestock carriage for each country/year
observation, for each of the observed levels of antibiotic sales included in the dataset. A sum
of squared errors function was then used to calculate the distance between the simulated
and observed fraction of livestock carrying antibiotic-resistant Salmonella spp. for each
country/year data point. In accordance with the EFSA methodology, countries with less than
ten isolates in the respective EFSA dataset for a particular year were omitted from the dataset
Distance measures were used to calculate the distance between modelled and observed data
for four additional summary statistics used in the ABC-SMC fitting approach: 1) minimise the
difference between the modelled daily EU incidence of human salmonellosis at baseline
antibiotic usage and the observed daily EU incidence of human salmonellosis currently
observed (0.593 per 100,000), 2) minimise the difference between the model estimated
proportion of ampicillin-resistant human salmonellosis at baseline antibiotic usage and the
UK-specific proportion of resistant human salmonellosis (0.207), 3) minimise the difference
between the model estimated prevalence of Salmonella spp. contamination on swine
carcasses and the value observed for surveillance data (0.0628) and 4) minimise the
difference between the model estimated proportion of contaminated food products that are
antibiotic-resistant and the proportion observed in EFSA averaged data (0.417).
An ABC-SMC approach was used for both homogenous and heterogeneous import models to
fit the models to available datasets. For the first model, the ABC-SMC approach was used to
estimate the marginal posterior probability distribution for six model parameters (θHOM) given
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the data, 𝜃#*+ = {𝛽"" , 𝜅, 𝜑, 𝛼, 𝛽#" , 𝜁 }. The heterogenous import model required the
estimation

of

eight

model

parameters

(θHET), 𝜃#,- =

3𝛽"" , 𝜅, 𝜑, 𝛼, 𝛽#" , 𝜁, 𝐹𝑟𝑎𝑐./01,2 , 𝑃𝑟𝑜𝑝𝑅𝑒𝑠./01,2 =. Non-EU parameters were fitted due to
the heterogeneity in the values across UK non-EU trading partners. Other model parameters
were not fitted as estimates with high levels of certainty were available (η, ψ, w, rH, rA, μA and
μH). Prior distributions for each fitted model parameter can be found in table 4.2. The prior
distribution for α was informed by priors chosen in similar modelling studies, and FracImpnEU
was chosen due to 0.3 being the maximum range of contamination values found in EFSA/ECDC
data (Davies et al., 2019, Davies et al., 2021, European Food Safety Authority, 2016b,
European Food Safety Authority, 2017b, European Food Safety Authority, 2018b, European
Food Safety Authority, 2019a).
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Table 4.2. Prior distributions used for ABC-SMC model fitting.
Parameter

βAA

φ

κ

α

ζ

βHA

1

Description

Prior
Distribution
(Homogenous
Import Model)

Prior
Distribution
(Heterogeneous
Import Model)

Description

𝑈(0, 0.02)

𝑈(0, 0.05)

Uninformative
Prior

𝑈(0, 0.01)

𝑈(0, 0.05)

Uninformative
Prior

𝑈(0, 30)

𝑈(0, 20)

Uninformative
Prior

𝐵𝑒𝑡𝑎(𝛼
= 1.5, 𝛽
= 8.5)

Vague
Prior
(Davies et al.,
2019, Davies
et al., 2021)

𝑈(0, 0.02)

Uninformative
Prior

𝑈(0, 0.01)

𝑈(0, 0.01)

Uninformative
Prior

Per Capita Rate of Transmission
(Direct and Indirect) between the
Infected Animal Fraction and
Susceptible Animal Fraction
Per Capita Rate of Conversion
from Antibiotic-Resistant to
Antibiotic-Sensitive Infection in
Animals
Scaling parameter to model
uncertainty in the effects of
antibiotic treatment (τ) on the per
capita rate of antibiotic-resistant
to antibiotic-sensitive conversion.
Transmission-related fitness costs
associated with antibioticresistance

𝐵𝑒𝑡𝑎(𝛼
= 1.5, 𝛽
= 8.5)

Background rate of transmission
of foodborne bacteria to the
livestock population
Per Capita Rate of Transmission
(Direct and Indirect) between the
Infected Animal Fraction and
Susceptible Human Fraction

𝑈(0, 025)

FracImpnEU1

Proportion of contaminated food
imports with Salmonella spp.

-

𝑈(0, 0.3)

Vague
Prior
(EFSA Reports)

PropResImpnEU1

Proportion of food imports
contaminated with antibioticsensitive bacteria

-

𝑈(0, 1)

Uninformative
Prior

Note that FracImpnEU and PropResImpnEU parameters were estimated only for the heterogeneous import model.

The ABC-SMC approach was run for eight generations, with each generation running until the
acceptance of 1000 particles. Acceptance thresholds for each distance measure and summary
statistic (ε) can be found in Appendix G (Appendix Table G2). These were generated through
an iterative trial-error process to ensure that distance measures and summary statistics were
as close to target values, while still ensuring that the ABC-SMC process was time-efficient. A
multivariate normal distribution was chosen for the ABC-SMC perturbation kernel. The
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randomly sampled mean and covariance matrix was calculated from the previously accepted
generation of accepted particles. An intersection metric was used to ensure that accepted
particles satisfied tolerance values set for the distance measure for each calculated for each
summary statistic per generation.
Mean point estimates from the approximated marginal posterior probability distributions of
the 8th accepted generation were used as the final parameter sets for each respective case
study. Point estimates and calculated 95% HDIs from the marginal posterior distribution for
each model parameter can be found in table 4.3). Model convergence was checked through
a sum of squares comparison to a baseline/null linear regression model, observing
approximated posterior distributions, and assessment of the simulated summary statistics
during each generation to the desired target values through convergence plots (Appendix G).
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Table 4.3. Parameter values for case studies and fitted parameters.

Parameter

βAA

βHA

ζ
τ
κ

α

φ
rA

Description

Per Capita Rate of Transmission (Direct
and Indirect) between the Infected
Domestic Animal Fraction and Domestic
Susceptible Animal Fraction
Per Capita Rate of Transmission (Direct
and Indirect) from the Domestic Infected
Animal Carcasses to the Susceptible
Human Fraction
Background rate of transmission of
foodborne bacteria to the livestock
population
Per Capita Rate of Antibiotic Usage in
Livestock (Baseline) in g/PCU
Efficacy of antibiotic-mediated livestock
recovery.
Transmission-related fitness costs
associated with antibiotic-resistant
strains (relative to antibiotic-sensitive
strains).
Per Capita Rate of Conversion from
antibiotic-resistant to antibiotic-sensitive
infection in animals
Per Capita Rate of Natural Recovery from
Animal Infection

Model (Fitted) Parameter Values
(Sum of squares from model fit in square brackets)
Homogenous Import
Heterogeneous Import
Model
Model
(SS = 1.718)
(SS = 2.193)
0.00069
[0.000011,
0.00182] 1

0.0022536
[0.00002217,
0.005455] 1

0.00408
[0.00330,
0.00480] 1

0.004127
[0.002042,
0.0050212] 1

References

N/A

N/A

0.011712 [0.0010,
0.01313] 1

0.011280
[0.00849,
0.014329] 1

N/A

0.0067

0.0067

N/A

1.6211 [1.15162,
2.0271] 1

3.52946
[1.230218,
5.377325] 1

N/A

0.5565 [0.5389,
0.59943] 1

0.566287
[0.011241,
0.317247] 1

N/A

0.000194
[0.00008,
0.000512] 1

0.000995
[0.000036,
0.0024204] 1

N/A

60 days-1

60 days-1

(Nair et al.,
2018)
(World Health
Organisation,
2018)
(Sheridan et
al., 1992)

rH

Per Capita Rate of Natural Recovery from
Human Infection

5.5 days

5.5 days

µA

Per Capita Birth/Death Rate in Animals

240 days-1

240 days-1

µH

Per Capita Birth/Death Rate in Humans

28835 days

28835 days

(Roser, 2013)

η

Relative reduction in foodborne bacteria
prevalence from domestic livestock
carriage to contamination on carcasses

0.1102

0.1102

(Martelli et
al., 2021)

ψ

Proportion of UK food supply from
domestic sources

0.656 and 0.4455

(Department
for
Environment,
2020)

-1

-1

-1

0.656 and 0.4455

-1

0.1455506236
FracImpnEU
[0.002163,
N/A
0.280768] 1
0.4646441629
Proportion of food imports contaminated
PropResImpnEU
[0.0273738,
N/A
with antibiotic-sensitive bacteria
0.941223] 1
1Note that values in bold are mean point estimates from the posterior distribution of fitted parameters, lower and upper
Proportion of contaminated food imports
with Salmonella spp.

bounds of the 95% HDI are shown in square brackets.
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4.2.7 LHS-PRCC and eFAST sensitivity analyses
Latin-hypercube sampling partial rank correlation coefficient (LHS-PRCC) and extended
Fourier amplitude sensitivity test (eFAST) approaches were used to conduct sensitivity
analyses on both homogenous and heterogeneous import models with regard to the efficacy
of curtailment (EoC) outcome measure (Marino et al., 2008). Sensitivity analyses were also
conducted to identify important parameters with regards to the incidence of human
salmonellosis and the proportion of ampicillin-resistant human salmonellosis outcome
measures.
Monotonicity analyses were performed for all model parameters to identify potential nonmonotonicities before conducting LHS-PRCC sensitivity analyses. These monotonicity plots
can be found in Appendix I (Appendix Figure I2-3; I5). The parameter ranges chosen for the
sensitivity analysis were limited to an order of magnitude above and below the fitted mean
point estimate for each explored model parameter.

4.2.8 Data availability, model code and software used
All simulations were carried out using R and RStudio (RStudio Team, 2020, R Development
Core Team, 2020). R packages “desolve” and “rootSolve” (Soetaert et al., 2010) were used for
all model simulations. R package “parallel” was used for ABC-SMC simulations (R
Development Core Team, 2020). An overview of raw data can also be found in Appendix B
and C. Reproducible code and all raw data for model fitting can be found at:
https://github.com/alexmorgan1995/Chapter-3.
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4.3

Results

4.3.1 Fitted relationship between fattening pig ampicillin usage and
ampicillin-resistance for the homogenous import model
The homogenous import model was fitted to the UK case study for ampicillinresistance/usage in fattening pigs for Salmonella spp. (Figure 4.3A). Approximated marginal
posterior probability distributions for the fitted model parameters from the ABC-SMC
approach and respective model diagnostics can be found in Appendix G (Appendix Figure G3;
G7; G13).
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Figure 4.3. A) Observed/estimated relationship between livestock ampicillin usage and
ampicillin-resistant salmonellosis in humans using the homogenous model. B) Impact of
alterations in livestock ampicillin usage on the daily incidence of salmonellosis and the
proportion of ampicillin-resistant salmonellosis. Solid purple lines/ribbons represent model
fit resulting from the approximated posterior distribution and 95% HDI. Country-specific 95%
confidence intervals for the observed data (dots) were calculated for each case study using a
1-sample proportion test with continuity correction. Red square denotes the target level of
ampicillin-resistance (0.4167) for baseline levels of UK ampicillin usage (τ = 0.0009 g/PCU),
the latter also being represented by the dotted red line.
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A 1.034-fold increase in the incidence of human salmonellosis was observed, with an increase
from 0.586 per 100,000 population under baseline antibiotic usage (τ = 0.0009 g/PCU) to
0.606 per 100,000 population when antibiotics are curtailed (τ = 0 g/PCU) (Figure 4.3B). The
proportion of ampicillin-resistant human salmonellosis decreased from 0.242 to 0.225 when
antibiotics were curtailed. This represented an efficacy of curtailment of 7%.
Increasing the relative proportion of UK food consumption from domestic livestock sources
from a value consistent with general livestock products (ψ = 0.656), to a value more consistent
with swine livestock products (ψ = 0.4455), representing an increase in food importation,
resulted in an overall increase in the incidence of salmonellosis (0.586 vs 0.665 per 100,000).
Note that all other parameters stayed at fitted values as with the original case study, with
only ψ changing.
The proportion of ampicillin-resistant human salmonellosis (0.241 vs 0.264) at baseline
antibiotic usage (τ = 0.0009 g/PCU) also increased, resulting in an efficacy of curtailment of
4.06% (Figure 4.4). This increase in the incidence/resistance in human salmonellosis, when ψ
was altered can be attributed to the higher level of observed overall/ampicillin-resistance in
imported food products (FracImp = 0.063; PropResImp = 0.487) when compared to domestic
sources (0.031; 0.346), with this more contaminated source of food coming representing a
higher proportion of the domestic food supply. The extent of domestic contamination in these
latter calculations was calculated by multiplying η by the total prevalence of livestock carriage
(0.283).
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Figure 4.4. Impact of alterations in livestock antibiotic usage on the daily incidence of
salmonellosis and the proportion of resistant human infection for the homogenous model
fitted to data with baseline levels (general livestock products) of import pressure (ψ =
0.656) and a pig food product specific import pressure (ψ = 0.4455). The dotted red line
denotes the baseline livestock ampicillin antibiotic usage. Numbers above the bars denote
proportion of resistant human salmonellosis.
To assess the qualitative dynamics of the model with and without import, the homogenous
import model was fitted to key UK-specific outcome measures without importation (ψ = 1)
(Appendix Figure I1). This was compared to the baseline fit with importation (ψ = 0.656), with
the ψ = 1 model fit resulting in qualitative curtailment dynamics similar to the baseline fitted
homogenous import model. It is important to note that due to the lack of import pressure,
the overall efficacy of curtailment was higher (12.44%), with all of the ampicillin-resistant
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human salmonellosis being attributable to domestic livestock, which was therefore better
controllable through domestic interventions.

4.3.2 Sensitivity analyses of the homogenous import model for the daily
incidence and proportion of ampicillin-resistant salmonellosis
A sensitivity analysis using LHS-PRCC and eFAST approaches was next conducted to identify
the important parameters relevant for the incidence of human salmonellosis and the
proportion of ampicillin-resistant human salmonellosis outcome measures (Figure 4.6-7). No
non-monotonic behaviour was observed for model parameters for either outcome measure,
apart from at extremely low values for the rA parameter (Appendix Figure I2-3). The animalto-human transmission rate (βHA), the proportion of imports contaminated (FracImp) and the
proportion of UK food supply from domestic sources (ψ) were important for determining the
incidence of human salmonellosis (Figure 4.6A and 4.7A). The proportion of ampicillinresistant contaminated imports (PropResImp) and the transmission-related antibiotic
resistance fitness cost (α), were identified as the most important parameters for determining
the proportion of ampicillin-resistant human salmonellosis (Figure 4.6B and 4.7B).
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Figure 4.5. Latin hypercube sampling partial rank correlation coefficient (LHS-PRCC)
sensitivity analysis for the homogenous import model. A) Daily incidence of human
salmonellosis. B) Proportion of human ampicillin resistant salmonellosis. Note that 95%
confidence intervals for each correlation coefficient was generated through generating n =
100 bootstrap replicates.
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Figure 4.6. Extended Fourier amplitude sensitivity analysis (eFAST) sensitivity analysis for
the homogenous import model. A) Daily incidence of human salmonellosis. B) Proportion
of human ampicillin-resistant salmonellosis. The total height of each bar represents the total
order effects of each explored parameter on each outcome measure.

4.3.3 Impact of changing FracImp and PropResImp import parameters on the
efficacy of curtailment for the homogenous import model
A scenario analysis was next used by altering the proportion of imports contaminated
(FracImp) and the proportion of ampicillin-resistant contaminated imports (PropResImp), this
was performed to identify the effect of import-relevant parameters on the efficacy of
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curtailment outcome measure (Figure 4.7). Explored parameter ranges were limited to
ground the analysis (FracImp = [0, 0.3], PropResImp = [0, 1]), with these ranges observed in
EFSA/ECDC datasets (European Food Safety Authority, 2016b, European Food Safety
Authority, 2017b, European Food Safety Authority, 2017a, European Food Safety Authority,
2018a, European Food Safety Authority, 2018b, European Food Safety Authority, 2019b,
European Food Safety Authority, 2019a, European Food Safety Authority, 2020).
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Figure 4.7. Impact of altering FracImp and PropResImp import parameters on the efficacy of
curtailment for two values of the proportion of UK food supply from domestic sources (ψ).
A) General livestock import case study (ψ = 0.656). B) Swine food product import case study
(ψ = 0.4455). Red dot represents the baseline parameterisation for FracImp and PropResImp
parameters from EFSA/ECDC data (FracImp = 0.0628; PropResImp = 0.487).
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Increasing the proportion of imports contaminated and the proportion of ampicillin-resistant
contaminated imports to the maximum explored values (FracImp = 0.3; PropResImp = 1)
decreased the efficacy of curtailment relative to baseline parameterisation, with EoC being
reduced from 7% to 2.31% (Figure 4.7A). Eliminating ampicillin-sensitive/resistant
contamination on imports (FracImp = 0; PropResImp = 0) had the opposite effect, with an EoC
of 15.22%. A related phenomenon was also observed with decreases to the proportion of UK
food supply from domestic sources (importing more) (ψ = 0.4455), with maximal reductions
to FracImp and PropResImp compared to baseline (ψ = 0.656) resulting in greater reductions to
EoC (4.06% to 1.12%) (Figure 4.7B).
Interestingly, increasing the proportion of ampicillin-resistant contaminated imports
(PropResImp) had the effect of decreasing then increasing the EoC (Figure 4.7). This is due to
tension between transmission-related fitness costs of antibiotic-resistance (α) and increases
in unalterable (through domestic interventions) import-attributable antibiotic-resistant
human salmonellosis. At lower levels of PropResImp, increases to resistance in imports had the
effect of increasing import-attributable resistance in human salmonellosis, which is
unalterable through local interventions, consequently decreasing the EoC. However,
increasing PropResImp also increases the proportion of resistant contaminated imports which
are subjected to transmission-related fitness costs of antibiotic resistance, which decreases
transmission to humans and decreases import-attributable salmonellosis, increasing the EoC.
Where EoC starts increasing again after intermediate-high levels of PropResImp, is where the
balance between these two effects switch. This can be observed when there is an absence of
fitness costs (α = 0), with this increase-then-decrease of EoC being absent (Appendix Figure
I4).

4.3.4 LHS-PRCC and eFAST sensitivity analyses of the efficacy of curtailment
for the homogenous import model
An LHS-PRCC and eFAST sensitivity analysis was next conducted to assess the importance of
model parameters on the efficacy of curtailment outcome measure (Figure 4.8). No nonmonotonic behaviour was observed for model parameters for the EoC outcome measure
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(Appendix Figure I5). Among import parameters, the proportion of UK food supply from
domestic sources (ψ) had a strong effect of increasing the efficacy of curtailment (PRCC =
0.836) (Figure 4.8A). The extent of contamination on imported food products (FracImp) had a
strong effect of reducing the efficacy of curtailment (PRCC = -0.584), with the proportion of
ampicillin-resistant contaminated imports (PropResImp) having a small effect of reducing the
efficacy of curtailment (PRCC = -0.215). The importance of these import parameters was
corroborated by the relative height of the sensitivity indices for the first order effects in the
eFAST analysis (Figure 4.8B). Second order effects comprised the majority of the variation
explained by the PropResImp parameter, suggesting that interactions with other model
parameters are necessary for PropResImp to affect the efficacy of curtailment.

110

Figure 4.8. Sensitivity analyses for the efficacy of curtailment (EoC) outcome measure. A)
Latin hypercube sampling partial rank correlation coefficient test (LHS-PRCC). B) Extended
Fourier amplitude sensitivity test (eFAST). The total height of each bar represents the total
order effects of each explored parameter on the EoC outcome measure. Note that 95%
confidence intervals for each correlation coefficient was generated through generating n =
100 bootstrap replicates.
Among non-import related parameters, the rate of livestock recovery from Salmonella spp.
carriage (rA) had a strong significant effect of reducing the efficacy of curtailment when
increased (PRCC = -0.731) (Figure 4.8A). The efficacy of antibiotic-mediated livestock recovery
(κ), transmission related fitness costs associated with antibiotic-resistance (α), the per capita
rate of background transmission to livestock populations (ζ) and the relative reduction in
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Salmonella spp. prevalence from domestic livestock carriage to contamination on carcasses
(η) had significant/moderate effects on increasing the efficacy of curtailment (PRCC =
0.529/0.349/0.407/0.573).

4.3.5 Fitted relationship between fattening pig ampicillin usage and
ampicillin-resistance for the heterogenous import model
To assess the effect of heterogeneity in food product importation on AMR dynamics, the
heterogeneous import model was fitted to the chapter datasets (Figure 4.9A). Import was
stratified into ten distinct exporting countries based on the UKs major trading partners for
livestock food products. Approximated marginal posterior probability distributions for the
fitted model parameters from the ABC-SMC approach and the respective diagnostics can be
found in Appendix G (Appendix Figure G3; G7; G13).
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Figure 4.9. A) Observed and modelled relationship between livestock ampicillin usage and
ampicillin-resistant salmonellosis in humans using the heterogenous import model. B)
Impact of alterations in domestic livestock ampicillin usage (τ) on the daily incidence of
human salmonellosis. C) Impact of alterations in domestic livestock ampicillin usage (τ) on
the proportion of ampicillin-resistant human infection. Solid red lines and ribbons represent
model fit resulting from the approximated posterior distribution using ABC-SMC and 95%
HDIs. 95% confidence intervals for the observed data (dots) were calculated for each case
study using a 1-sample proportion test with continuity correction. Red square denotes the
target level of ampicillin-resistance (0.4167) for baseline levels of UK ampicillin usage (τ =
0.0009 g/PCU). Attributable resistance and foodborne disease for each EU country was
anonymised through replacing country names, but kept for model fitting procedure, as this
reflects observed and obtainable surveillance data.
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Similar 1.06-fold increases in the overall incidence of salmonellosis (0.597 per 100.000 →
0.633 per 100.000) were identified in the heterogeneous import model when compared to
the previously described homogenous import model (Figure 4.9B-C). However, slightly higher
values for the efficacy of curtailment were identified, with an EoC = 9.7%, likely attributable
to differences in model structure and ε thresholds in the ABC-SMC approach.
The proportion of ampicillin-resistant human salmonellosis across explored values of
antibiotic usage was also normalised and explored (Figure 4.10). At baseline domestic
ampicillin usage in livestock, the majority of overall human salmonellosis was mostly
attributable to EU countries (50.8%), with a similar level attributed to domestic livestock
(48.9%) and 0.63% attributed to non-EU sources. The proportion of ampicillin-resistant
human salmonellosis was also mostly attributable to EU countries (63.88%), with 37.05% and
0.072% attributable to domestic and non-EU sources respectively. These should be
contextualised with the baseline level of food usage from domestic sources of 65.6% (ψ =
0.656). Note that for all modelled attribution analyses, EU countries were anonymised as
CountryX, with non-EU countries included as a separate group.
Intuitively, as antibiotic usage was decreased, the proportion attributable to domestic sources
decreased, with the proportion attributable to non-domestic sources increasing uniformly.
Total curtailment of livestock antibiotic usage resulted in decreases to the proportion of
ampicillin-resistant salmonellosis outcome measure (proportion resistant = 37.05% →
34.39%) (Figure 4.10) and increases to the attributable fraction of incidence of overall
salmonellosis from domestic livestock (incidence = 48.9% → 55.0%) (Figure 4.9B).
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Figure 4.10. Impact of alterations in livestock antibiotic usage on the normalised proportion
of resistant human infection for the heterogeneous model attributable to domestic and
non-domestic sources. Normalisation was performed by dividing the proportion of ampicillinresistant salmonellosis attributable to each country by the sum of these values.

4.3.6 Baseline relationship between EoC/ψ for the heterogeneous import
model
Alterations to the proportion of UK food from domestic livestock (ψ) were next explored in
relation to the efficacy of curtailment (EoC) outcome measure (Figure 4.11). Efficacy of
curtailment under baseline levels of import (ψ = 0.656) was identifed as 9.7% and reached a
minimum/maximum value of 0% and 21.1% when under full import (ψ = 0) and no import
respectively (ψ = 1). The shape of the EoC/ψ relationship under baseline parameterisation
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was non-linear, with a low efficacy of curtailment at high-moderate values of import and only
increasing to the maximum EoC value at high levels of domestic usage (ψ).

Figure 4.11. Relationship between the proportion of UK food products (ψ) and the efficacy
of curtailment (EoC) for baseline parameterisation. Dotted red line represents the baseline
relationship between EoC/ψ using the UK case study and fitted values. Using the values of
EoC for the maximum and minimum values of ψ, the figure can be split into two sections: an
area where import has a greater negative impact on lowering EoC (red area) and an area
where import has a lower negative impact on lowering the EoC (green area).
Two areas on the EoC/ψ plot can be defined, restricted by the minimum and maximum value
of EoC obtained under full and no importation (Figure 4.11). The first area contains EoC/ψ
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relationships similar to the baseline relationship (bottom-right of figure), where EoC is low for
a large range of import values, and increasing rapidly when import is at low levels, this area
can be denoted as having a “greater impact of import”. The second area contains EoC/ψ
curves where EoC is large at relatively high levels of import (top-left of figure), where EoC
then plateaus as import is increased. EoC/ψ relationships in this area are also non-linear and
can be denoted as having a “lower impact of import”.
It is important to note that if the primary objective of policy makers is to increase food
importation (ψ < 0.656), then EoC/ψ curves in the latter “lower impact of import” area would
be favourable. This is due to EoC remaining high even as importation is increased, and with
EoC only decreasing until a large level of import is achieved (ψ → 0). EoC/ψ curves in this
“lower impact of import” area are also favourable if decreases in import are desired (ψ >
0.656), as although relative increases to EoC are greater with curves in the “greater impact of
import” area, EoC is still higher for all comparable values of import in the “lower impact of
import” area.

4.3.7 Impact of alterations to FracImp, PropResImp and η parameters on the
relationship between EoC/ψ for the heterogeneous import model
The effect of changing import characteristics across the ten sources of import (exporting
countries) making up the overall import pressure was next explored on the relationship
between the proportion of UK food from domestic sources (ψ) and the effiacy of curtailment
(Figure 4.12). Explored parameters included the proportion of contaminated food products
that are antibiotic-resistant (PropResImp) and the proportion of contaminated food imports
with Salmonella spp. (FracImp). Note that when PropResImp/FracImp were altered, the
parameters were altered across all ten sources of import. Therefore, this represents an
average change in PropResImp/FracImp across all sources of import. FracImp was ranged from [0,
0.3], in accordance with the range of values observed in EFSA/ECDC reports
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Figure 4.12. Relationship between the proportion of UK food products from domestic
sources (ψ) and the efficacy of curtailment (EoC) under different average parameterisation
for FracImp, PropResImp and η across exporting countries. A) Changes to the proportion of
Salmonella spp. contaminated food imports across exporting countries (FracImp). B) Changes
to the proportion of ampicillin-resistant Salmonella spp. contaminated food imports across
exporting countries (PropResImp). C) Changes to the relative reduction in prevalence from
domestic livestock carriage to contamination on carcasses (η). Baseline relationship
between EoC/ψ is denoted by the red and dotted line. Note that for all figures, when
importation is 100% (ψ = 0), then EoC decreases to 0.
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Decreasing the proportion of contaminated food imports (FracImp) across all import sources
to 0-4% resulted in a large shift in the relationship between EoC/ψ curve to the “lower impact
of import” area, where increases to import have less effect on reducing EoC (Figure 4.12A).
The opposite phenomenon was observed with increases to the average FracImp above 8%,
with the relationship between EoC/ψ, rapidly reaching a state where EoC was low across
explored values of importation (ψ). A saturation effect was also observed at higher values of
FracImp, with the EoC/ψ relationship rapidly stabilising in a region where EoC remains low
across a large range of explored values of importation.
Altering the proportion of contaminated food products that were antibiotic-resistant
(PropResImp) had less effect on the EoC/ψ relationship curve than alterations to FracImp (Figure
4.12B). However, decreasing PropResImp to relatively low levels (PropResImp > 20%) shifted the
EoC/ψ curve into an area more favourable for import, with higher values of EoC for explored
values of importation. A saturation effect was also observed with increases to PropResImp
above ~40%, with minor impact on the shape of the relationship between EoC/ψ.
Intuitively, removing all contamination on imported food products (FracImp = 0) resulted in no
change to the EoC when import was increased (Figure 4.12A). This can be attributed to the
lack of import-attributable foodborne disease in humans, meaning that local livestock
antibiotic curtailment can have a full impact on human populations. However, removing all
ampicillin-resistant on imports (PropResImp = 0) resulted in imports still having an impact on
EoC, with an EoC = 11.38% when imports constituted the majority of food consumption (ψ →
0) (Figure 4.12B). Reducing PropResImp to 0, does not reduce the level of contamination
present on imported food products, just the proportion that is resistant. Antibiotic-sensitive
Salmonella spp. on imported food products may therefore still reduce the efficacy of local
interventions through a reduction in the proportion of overall human salmonellosis from
domestic origins. This has the effect of reducing the amount of antibiotic-sensitive
salmonellosis that can be modified through changes in domestic antibiotic usage, therefore
EoC is still modified. It is also important to note that across all explored scenarios, total
reliance on importation results in EoC decreasing to zero, with this occurring even when
FracImp or PropResImp were changed to zero (Figure 4.12).
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Increases to the relative reduction in prevalence from domestic livestock carriage to
contamination on carcasses (η → 100%) (lower levels of contamination) resulted in an EoC/ψ
relationship, where EoC was low across a large range of values of ψ (Figure 4.12C). Note that
alterations to η resulted in a linear effect on changing the extent of Salmonella spp.
contamination on domestic livestock carcasses (Appendix Figure I6).
Changes to the EoC/ψ were greatest when FracImp and PropResImp were at lower levels (FracImp
→ 0; PropResImp → 0). This was explored by reducing the parameter space explored to [0,
0.04] and [0, 0.1] respectively (Appendix Figure I7). At these extremely low levels of resistance
and contamination, EoC remains high for all values of importation, until food import was
solely sourced from imports (ψ = 0), where EoC decreases to 0.

4.3.8 Impact of alterations to the relative share of import amongst
exporting countries on the relationship between EoC/ψ for the
heterogeneous import model.
The relative weight that each exporting country has to the overall extent of importation in
the domestic country of interest was next explored (weight, w). This was explored in the
context of altering how import is distributed across the ten exporting countries/regions and
how this impacts the relationship between the proportion of UK food from domestic sources
(ψ) and the efficacy of curtailment (EoC) (Figure 4.13).
The weight parameter was sampled ten times, corresponding to the ten modelled exporting
countries/regions in the heterogeneous import model, from two beta distributions, Beta(1,
1) and Beta(0.5, 2). These distributions represent two hypotheses about importation: with
the relative weight of import being distributed evenly (even distribution of import) across
exporting countries or import being randomly prioritised from a select few countries (uneven
distribution of import). Sampling was performed 1000 times for each Beta distribution, and
the average, minimum and maximum value of EoC for each explored value of ψ was identified.
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Figure 4.13. Relationship between the proportion of UK food products (ψ) and the efficacy
of curtailment (EoC) under different assumptions regarding the evenness of import from
the ten exporting countries (w). A) Weight parameter sampled from a uniform sampling
distribution, Beta(1, 1). B) Weight parameter sampled from a “uneven” sampling
distribution, Beta(0.5, 2). Note that the average, minimum and maximum value of EoC for
each value of ψ, is denoted by the middle-black line, lower bound, and upper bound of the
grey shaded area respectively. Baseline relationship between EoC/ψ is denoted by the red
and dotted line. The inset plot represents the sampling distribution for the w parameter.
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Sampling from either Beta distribution resulted in minor changes to the average EoC/ψ
relationship, with minor increases in EoC across explored values of importation (ψ) when
compared to baseline parameterisation (Figure 4.13). However, sampling from the Beta
distribution promoting an uneven share of import across exporting countries, Beta(0.5, 2),
resulted in a greater heterogeneity in the minimum and maximum EoC values observed for
each value of ψ, when compared to the distribution promoting a more even share of import,
Beta(1, 1) (Figure 4.13). This suggests that focusing import on a smaller number of countries
may result in greater uncertainty with the impact of changing the extent of importation on
the efficacy of local curtailment intervention outcome measure (EoC/ψ). As an example, the
minimum and maximum EoC values for baseline values of ψ (ψ = 0.656) were 8.4% and 13.4%
with Beta(0.5, 2), compared to 6.4% and 15.3% for Beta(1, 1).
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4.4

Discussion

Two mathematical models of food importation were used to show that increasing the amount
of food import from non-domestic sources (ψ) may decrease the efficacy of domestic
livestock antibiotic curtailment (EoC) in the context of reducing antibiotic-resistance in
livestock/humans. This was explored for a UK-specific case study of ampicillin-resistant
Salmonella spp. in fattening pigs. Import parameters such as the proportion of UK food supply
from domestic sources (ψ) and the extent of Salmonella spp. contamination on imports
(FracImp) were important for reducing the efficacy of local livestock antibiotic curtailment. The
homogenous import model was then expanded to describe heterogeneity in import, with the
UK-specific case study demonstrating sharp decreases in the efficacy of local livestock
antibiotic curtailment when the extent of non-domestic food product usage was increased
(import). Increases to the average extent of Salmonella spp. contamination on imports had a
major impact on further reducing the efficacy of curtailment when importation was
increased. Decreasing the evenness in how the share of import was divided across exporting
countries increased the level of uncertainty in the efficacy of curtailment following changes
to import.
A key result of this chapter was that an external AMR transmission pressure (due to food
importation) may disrupt local (domestic) AMR interventions such as livestock antibiotic
curtailment. Increasing this external transmission pressure had the effect of promoting
antibiotic-sensitive/resistant foodborne disease attributable to imported sources, which was
unaffected by domestic livestock interventions. This increase in import-attributable
transmission pressure was a result of decreases to the extent of UK food usage from domestic
sources (ψ) and increases to the extent of overall or ampicillin-resistant Salmonella spp.
contamination on imports (FracImp and PropResImp). Interestingly, increases in importattributable transmission pressure also resulted from more efficacious reductions in
Salmonella spp. prevalence from livestock carriage to carcass contamination (η) and increases
in the rate of Salmonella spp. clearance in fattening pigs (rA), which reduced foodborne
disease attributable to domestic livestock and similarly disrupted the efficacy of local livestock
curtailment (Figure 4.8).
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The relationship between the proportion of UK food products from domestic sources (ψ) and
the efficacy of curtailment was also a key result for this chapter. If a greater amount of
importation is desired, then it is objectively better to shift the EoC/ψ relationship to an area
where EoC remains high for a large range of import values (Figure 4.11; top left area).
Interestingly, the baseline UK case study occupies the opposing area, with increases in import
(ψ < 0.656), quickly resulting in large decreases to EoC (Figure 4.11; bottom right area). This
suggests that increasing the extent of UK food products from sources of import may result in
a disruption in the efficacy of local livestock curtailment strategies. This has clear ramifications
for trade and public health policy, with the UK’s withdrawal from the EU potentially changing
established trade networks, a lack of clarity/delays in the replacement of European Common
Agricultural Policy (CAP) subsidies for UK farmers and a shortage of labour having the
potential for unforeseen/unintended impacts on domestic production, and future reliance on
non-domestic food products. Focus must therefore be placed on ensuring good domestic,
import and border biosecurity/surveillance for food products if changes in import are
projected, in order to protect the efficacy of livestock antibiotic curtailment in the UK (US
Food & Drug Administration, 2019, National Research Council, 2003, Tauxe, 2006).
The balance between the average level of contamination on imported food products and the
extent of contamination on domestic food products/carcasses drives the shape of the
relationship between EoC/ψ. High levels of domestic food contamination relative to
contamination on imports resulted in a more advantageous EoC/ψ relationship (Figure 4.11;
top left area). Conversely, as with the UK case study, EoC/ψ relationship sits in a less
advantageous area for increasing import (ψ), due to the average level of non-domestic
contamination exceeding that of domestic livestock food product contamination (0.0287 vs
0.0577). As an illustrative example, changes to η = 0.2 (80% reduction) result in
import/domestic contamination being roughly equal, with a near linear relationship between
EoC/ψ (Figure 4.12C). This also suggests that alternative case studies with higher levels of
domestic contamination/resistance would result in a higher EoC across explored import
values (Figure 4.11; top left area), due to the higher level of foodborne disease attributable
to domestic sources.
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Interestingly, there is also a saturation effect, with increases in the average level of
overall/ampicillin contamination on imports (FracImp and PropResImp) above baseline fitted
values (0.029 and 0.4167) quickly stabilising at an EoC/ψ relationship where increases in
import resulted in large decreases to the efficacy of curtailment (Figure 4.12). This suggests
that relatively small increases from near-zero levels in import contamination can greatly
diminish the efficacy of local livestock antibiotic curtailment on human health if the extent of
food importation is then altered (figure 4.12; and Appendix Figure I7). This highlights the
critical need for substantial import surveillance and control of food product contamination
(National Research Council, 2003, Tauxe, 2006).
Unevenness in the relative share of import across exporting countries (weight parameter) had
little effect on altering the average effect of changing import (ψ) on the efficacy of curtailment
(Figure 4.13). This can be attributable to the relatively homogenous nature of imported
resistance/contamination and the limited extent of contamination identified in import data
used for parameterisation (Appendix E). This would likely be different if the increasing
unevenness in import reliance was also coupled with an increasing heterogeneity in the level
of contamination/resistance across exporting countries (FracImp and PropResImp). This can be
considered a representation of a reliance on a select number of trading partners. This reliance
would have a low impact on local interventions such as increasing import, if contamination
from these select partners was low. Alternatively, the converse would be true if the select
trading partners possessed high levels of contamination on imported food products. This
highlights the need to be highly selective when considering trading partners, especially if food
product trade occurs from a limited number of countries, to ensure that contamination on
imports is minimised (Buzby, 2001).
The strong influence of the average level of contamination/resistance on imports can be
attributed to the star topology of the food product import network in the heterogeneous
import model, with a single internal node (domestic) with degree (𝑛 − 1) and 𝑛 − 1 nodes
with degree 1 (import source). This network results in no interactions between exporting
countries, and the domestic country acting as a central hub for trade, with this being a
simplifying assumption to only consider the influence of import in a single country
(Department for Environment, 2020). Therefore, the relationship between import parameters
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(FracImpnPropResImpnwnψ) across each exporting country was the sole factor in determining
the extent of import-attributable foodborne disease. This contrasts with other AMR studies
which model higher levels of interaction between subpopulations and demonstrating a
greater influence of network structure on the dynamics of AMR transmission/interventions
(Krieger et al., 2020, Olesen et al., 2020). This connected structure may be more suited to
future models exploring the import/trade of breeding animals, which have greater levels of
motility across international borders and agricultural settings (Hardstaff et al., 2015).
Alternatively, use of this more connected network could represent more realistic assumptions
about food product import, with countries commonly re-importing food products which have
been exported to other countries for processing (Partridge, 2021).
The results of this chapter have clear trade/public health consequences. Many countries often
prefer greater unevenness in import, expressed as a higher reliance on a small number of
“reliable” trading partners (Kummu et al., 2020). While this is beneficial for the EoC/ψ
relationship if these select trading partners have low levels of contamination/resistance, the
reliance on a small number of trade partners also decreases the resilience of the trade
network to external shocks such as price increases, export bans or interruptions in trade, as
observed with COVID-19 or climate change (Department for Environment, 2021, Garnett et
al., 2020, van Berkum, 2021). The alternative is spreading imports across many trading
partners, which may increase resilience of trading networks (Kummu et al., 2020). However,
this approach would require a harmonised approach across all trading partners to bring down
the average level of contamination on imports/resistance, to avoid detrimental impacts on
the efficacy of curtailment. Clear examples of this can be seen with EU regulation to ensure
good biosecurity and food standards across member states (European Commission, 2022).
Future models would also benefit from including an economic component to assess the
economic viability and effect on AMR from changing import trade structure (Perrings et al.,
2018).
Care must be taken to not interpret the results of this chapter to suggest that public health
policy should aim for a 100% reliance on domestic food products, which allows for the extent
of contamination/resistance on imports to be ignored, as this is where the most optimal
increases in the efficacy of curtailment were identified (Figure 4.12). Instead, the work
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presented should be contextualised with the necessity of imported food products in a
globalised world, with no country having achieved a 100% self-sufficiency of livestock food
products. Public health policy should instead aim towards minimising the overall
level/resistance Salmonella spp. contamination on imports if alterations to importation are
desired. Or at the very least, reducing contamination to an equal level seen on domestic food
products to preserve the efficacy of curtailment of local livestock antibiotic stewardship on
human health. This is particularly relevant in countries such as the UK case study, where the
level of Salmonella spp. domestic carcass contamination is already low relative to imports
(Appendix E). The need to understand the balance of contamination/resistance between
imports and domestic food products also highlights the critical need for foodborne
pathogen/AMR surveillance at the origin of import, the point of entry and also within
domestic livestock (US Food & Drug Administration, 2019).
Examples of surveillance and interventions to reduce import contamination at the point of
origin include EU requirements for so-called “third-country” importing organisations not
within the EU framework, to meet EU food safety requirements and submit to inspection by
Food and Veterinary Office (FVO) officers (European Commission, 2010). Stringent inspection
at border control posts (BCPs) at the point of import has also been widely recognised as a
standardised method to reduce consumer exposure to contamination on imports (US Food &
Drug Administration, 2019, European Commission, 2010). Harmonised systems such as the
Rapid Alert System for Food and Feed (RASFF) has also been shown as effective as spreading
the burden of BCP checks across multiple countries, with identification of contaminants and
sources of single/multi-country foodborne pathogen outbreaks in one country, rapidly sent
as an alert to all RASFF-participants (European Commission, 2021, Kowalska and Manning,
2021). Policy to reduce import contamination can also be introduced at a macro-scale,
controlling which countries to form import-based trade connections based on the extent of
contamination on food products. The clearest example of this includes EU differentiation of
food product “trade” between member states and “imports/introductions” from nonmember state “third countries”, with a higher amount of regulation and inspection placed on
trade from the latter (European Commission, 2010). Adherence to these measures can ensure
that contamination can be kept at low levels to avoid potential decreases to the efficacy of
curtailment following changes in food importation.
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However, there are limitations with current surveillance and the data used in this chapter. For
example, surveillance on AMR in livestock and food products is limited outside of the EU, with
a lack of high quality, harmonised surveillance systems to provide contamination data on
exported food products (Criscuolo et al., 2021, Van Boeckel et al., 2019). This is relevant given
the importance of antibiotic-resistant Salmonella spp. contamination on the efficacy of
curtailment (Figure 4.12A). Additionally, BCP checks are often limited to occasional physical
examination of imported food products, which may limit the surveillance of
AMR/contamination, with a compromise between ensuring rapid transit into the importing
country and the use labour intensive/costly microbiological testing (US Food & Drug
Administration, 2019, HM Revenue & Customs, 2012). It is currently not possible to undertake
rapid WGS to provide “on-the-spot” identification of microbiological contamination on
imports. However, expansion of sampling of imported food products at BCPs for retroactive
sequencing and analysis could provide a rich vein for future AMR surveillance and analysis
(Grant et al., 2018). Use of WGS data for COVID-19 phylodynamic modelling, identification of
AMR transmission events and for source attribution in previous analyses, has identified the
power of this high-resolution and standardised WGS information to assess pathogen
dynamics and potentially inform future AMR modelling studies (Duarte et al., 2021, Plessis et
al., 2021, Wee et al., 2020, Kraemer et al., 2021).
Source attribution studies have attributed pigs, layers and travel as the primary sources of
human salmonellosis, with the influence of imported food products limited to 6.4-9.9% (Pires
et al., 2014). This suggests an overestimation of the influence of imported livestock food
products contributing to human salmonellosis in this chapter (Figure 4.9B). However, this is
caveated by a lack of information on UK-specific salmonellosis source attribution and the lack
of multiple livestock hosts/travel-related infection in the models included in this chapter
(Domingues et al., 2012, Pires et al., 2014). It is also important to recognise the recent
advances in AMR source attribution using metagenomic approaches, which may provide an
avenue for model parameterisation for the AMR attributable fractions (Duarte et al., 2021).
It is important to note that both models assumed a relationship between domestic livestock
antibiotic usage and human antimicrobial resistance. While there is evidence suggesting
changes in human AMR following livestock AMR interventions, it is important to note that
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there is no consensus regarding widespread transmission of AMR between livestock and
humans, with one-health AMR interventions introduced under a precautionary principle
approach (Phillips et al., 2004, Tang et al., 2017). However, the use of Salmonella spp. as a
case study represents one of the clearest possible pathways for AMR to spread from livestock
to humans. This can be attributed to the lack of human carriage of certain host-restricted
serovars of Salmonella spp., the presence of established livestock reservoirs and strong
evidence of AMR and pathogen contamination along the farm-to-fork pathway (Stevens et
al., 2009).
This chapter provides a quantitative framework to explore intuition in AMR research, that the
influence of non-domestic food usage may potentially alter local AMR dynamics. The
importance of livestock food product import was identified to potentially decrease the
efficacy of local livestock antibiotic curtailment with regard to reducing AMR in human
populations. While the importance of external transmission pressures of AMR on local AMR
dynamics can be easily intuited, this chapter explores the relationship between important
import-relevant parameters/outcome measures and defines the shape of the relationship
between these quantities. This includes changes in the efficacy of local antibiotic curtailment
as the extent of importation is altered, with the model using a UK-specific case study as the
domestic country of interest. The importance of importation on AMR dynamics suggest that
future trade policy changes must also consider the potential effects on AMR, particularly
within the context of livestock food products, foodborne disease, and the viability of “one
health” strategies.
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5
Optimising time-limited nonpharmaceutical interventions
for COVID-19 outbreak
control
5.1

Introduction

The ongoing coronavirus disease 2019 (COVID-19) pandemic has highlighted the vital role of
non-pharmaceutical interventions (NPIs) to mitigate the spread of severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2). These interventions aim to break chains in
transmission through population and individual-level behavioural changes, which can
consequently reduce opportunities for transmission (Centers for Disease Control and
Prevention, 2020). NPIs encompass a large range of potential outbreak control strategies,
ranging from simple advice to encourage hand-washing, to country-wide, severe “lockdown”
measures such as stay-at-home orders, mobility restrictions and closure of non-essential
businesses (Cabinet Office, 2020).
While an effective tool to drive down disease prevalence, severe NPIs are considered
unsustainable and time-limited, with unintended and adverse economic, physical and mental
health repercussions during/following the cessation of these interventions (Nicola et al.,
2020, Pierce et al., 2020, Pfefferbaum and North, 2020). This has driven calls to
retrospectively understand the epidemiological and human health impacts of introducing
severe NPIs under a different set of circumstances (Daly, 2020, Dickens et al., 2020, Islam et
al., 2020). This includes insight into how differences in the timing, duration and strength of
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these interventions could have potentially altered COVID-19 associated mortality and
morbidity when compared to the actual course of action.
Intervention optimisation has been proposed as a method to allow for policy makers to finetune the characteristics of an intervention, to minimise epidemiologically relevant outcome
measures. Optimisation has been explored for a range of potential COVID-19 NPI strategies,
including single time-limited reductions to transmission (Di Lauro et al., 2021, Morris et al.,
2021), intermittent pulsing of NPIs (Bin et al., 2021, Rawson et al., 2020) and gradual rampingdown of intervention measures following an initial reduction to transmission (Gevertz et al.,
2021, Miclo et al., 2020, Rawson et al., 2020). This has been explored in the context of
minimising the peak incidence/prevalence, analogous to “flattening the curve” of an
outbreak.
Despite theoretically optimal interventions being identified in a number of optimisation
analyses for COVID-19, the ability for policy makers to achieve these results in practice has
been questioned (Morris et al., 2021). This stems from the narrow windows for optimal
implementation, with minor deviations from optimal intervention timings, durations or
magnitudes often greatly reducing the efficacy of NPIs and therefore having severe human
health consequences (Gevertz et al., 2021, Morris et al., 2021). This sensitivity to
implementation error is likely to be amplified in emerging outbreak situations such as the
COVID-19 pandemic, with imperfect epidemiological knowledge of uncharacterised, novel
pathogens preventing policy makers from fine-tuning NPIs to a narrow optimal parameter
space.
An alternative strategy is to use generalised intervention strategies that are, as an example,
longer or earlier than the theoretically optimal parameter space (World Health Organisation,
2020a). Such interventions can be denoted “robust” interventions. The rationale behind these
pragmatic interventions would be to identify a broad and achievable parameter space that
may be suboptimal, but potentially more robust to implementation error, while still capable
of mitigating the detrimental epidemiological impacts of COVID-19 (Morris et al., 2021). Due
to the robust and general nature of these interventions, these interventions also offer more
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practical and flexible guidance to policy makers than specific optimal intervention timings or
durations.
This chapter aims to provide a mathematical modelling framework to explore the concept of
optimal and robust interventions across a range of different NPI scenarios. This chapter
explores and compares the existence, patterns and optimal parameter spaces for each
intervention to minimise the peak prevalence or the attack rate of a simulated outbreak.
Different assumptions regarding the model structure and pathogenesis of COVID-19 were also
explored, with regards to how they can impact transmission dynamics and intervention
optimisation. This was explored for three main parameters: 1) intervention duration, 2)
intervention strength/magnitude and 3) the intervention trigger point (day of intervention
implementation relative to start of simulation). The results from this chapter are not intended
to highlight an absolute best course of action. Rather this analysis provides an illustrative
example to describe how optimal and robust outbreak control can be achieved under
different circumstances and intervention strategies.
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5.2

Methods

5.2.1 SIR model

A deterministic SIR model (Kermack and McKendrick, 1927) was used to explore the impact
of time-limited non-pharmaceutical interventions (NPIs) on a simulated UK-based COVID-19
outbreak. S, I and R compartments were used to denote the proportion of susceptible,
infectious and recovered individuals respectively within the population (eqn 5.1).

𝑑𝑆
= −𝛽(𝑡)𝑆𝐼
𝑑𝑡
𝑑𝐼
= 𝛽(𝑡)𝑆𝐼 − 𝛾𝐼
𝑑𝑡
𝑑𝑅
= 𝛾𝐼
𝑑𝑡

eqn 5.1
Susceptible individuals (S) are infected at the time-varying rate β(t), which represents the
daily per-capita rate of transmission in a randomly-mixing population. Infectious individuals
(I) recover at rate γ, representing the daily per-capita rate of recovery. This rate was taken as
the inverse of the average duration of infectiousness. A baseline pre-NPI basic reproduction
number (R0) of 2.8 and doubling time (Td) of 3 days were assumed, in line with estimates in
early 2020 (Flaxman et al., 2020a, Pan et al., 2020, Pellis et al., 2021, Petersen et al., 2020,
Zhou et al., 2020). The generation time was calculated as a function of these two quantities
(Anderson and May, 1991), with a baseline generation time of 7.79 days and a resulting γ
value of 0.128 day-1 (eqn 5.2).

𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 𝑇𝑖𝑚𝑒 = 𝑇-

(𝑅. − 1)
ln (2)

eqn 5.2
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5.2.2 Defining the time-varying β(t)

The baseline per-capita transmission rate was defined as β = R0γ in the absence of NPIs, with
baseline β = 0.359 day-1. To capture the impact of smaller scale NPIs, β was multiplied by a
scaling factor of 0.7, βscale = 0.252 day-1, with this 30% reduction being roughly in line with
estimates of the impact of NPIs, such as school-closures, introduction of social distancing and
isolation upon COVID-19 symptoms, and excluding severe NPIs, such as stay-at-home orders
in early 2020 (Davies et al., 2020b, Flaxman et al., 2020a). These measures were assumed to
be in place at the initiation of the model simulation. Using the UK as a representative
example, these measures were introduced between 12-21st March 2020 with severe
“lockdown” measures initiated on the 25th March 2020 (Flaxman et al., 2020b). However, it
was not the intention of this chapter to model the exact timing of the UK outbreak response,
rather use the epidemiological characteristics of the UK outbreak as motivation for this
analysis.
β(t) was defined as the product of βscale and a time-varying scaling factor c(t), which reduces
βscale over the course of the simulation to model the impact of severe NPI measures, with 0 ≤
c(t) ≤ 1 (eqn 5.3). Reductions associated with this scaling factor were introduced at the
intervention trigger point, tp and with dt describing the duration of the intervention.
𝛽/0123 ,
𝛽(𝑡) = V𝑐(𝑡)𝛽/0123 ,
𝛽/0123 ,

𝑡 < 𝑡'
𝑡' ≤ 𝑡 ≤ 𝑡' + 𝑑4
𝑡 > 𝑡' + 𝑑4
eqn 5.3

The shape of the c(t) factor varied with the different intervention scenarios explored, with
parameter cmin describing the minimum value of c(t) during the intervention. This can be
considered a proxy measure of the magnitude of the intervention. For baseline reductions to
β(t) parameter cmin was set to cmin = 0.4, resulting in β(t) = 0.101 when the NPI measures were
at their greatest magnitude. Baseline cmin was chosen to roughly achieve an effective
reproduction number (Re) of 0.7 ≤ Re(t) ≤ 1 during the intervention (Flaxman et al., 2020a,
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Davies et al., 2020b), with Re(t) defined as R0S(t). All interventions were initiated at baseline
tp = 52 days, equivalent to an attack rate at the initiation of the severe NPI measures of Ic(52)
= 0.02, in line with model-based UK COVID-19 estimates (Flaxman et al., 2020b). The model
was seeded with an initial infectious proportion, I(0) = 0.00001.

5.2.3 Single period of severe non-pharmaceutical interventions

A time-limited period of severe NPI measures was the primary intervention explored in this
model, with optimisation occurring in relation to this intervention. Five different intervention
scenarios were explored, with each scenario differing with regards to the shape of c(t) and
the subsequent β(t) reductions over the duration of the intervention, (dt) (Table 5.1). The total
duration of the simulation, tmax, was set at 400 days and 1000 days for all other sensitivity
analyses.
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Table 5.1. Description of the five intervention scenarios.
Scenario

Description of c(t)

Definition of c(t)

1

Immediate and constant
reduction to cmin.

𝑐(𝑡) = 𝑐&#%

2

Immediate reduction to
cmin followed by a linear
increase back to c(t) = 1.

𝑐(𝑡) = 𝑐&#% +

3

Linear decrease to cmin
followed by an immediate
return to c(t) = 1.

𝑐(𝑡) = 1 −

4

Linear decrease to cmin at
dt/2, followed by a linear
increase back to c(t) = 1.

5

Immediate reductions to
cmin between intervention
intervals 0-21, 35-49 and
63-77 days (for an
example total intervention
duration, dt = 84 days).

1 − 𝑐&#%
(𝑡 − 𝑡( )
𝑑'

1 − 𝑐&#%
(𝑡 − 𝑡( )
𝑑'

1 − 𝑐&#%
(𝑡 − 𝑡( ),
𝑑'
2
𝑐(𝑡) =
1 − 𝑐&#%
⎨𝑐
(𝑡 − 𝑡( ),
⎪ &#% +
𝑑'
⎩
2
⎧
⎪

1−

𝑐(𝑡) =

⎧𝑐&#% ,
⎪
⎪ 1,
⎪
⎪
⎪𝑐&#% ,
⎨ 1,
⎪
⎪
⎪𝑐&#% ,
⎪
⎪
⎩ 1,

β(t) during the simulation

𝑡( ≤ 𝑡 < 𝑡( +
𝑡( +

𝑑'
2

𝑑'
≤ 𝑡 ≤ 𝑡( + 𝑑'
2

1
𝑡( ≤ 𝑡 < 𝑡( + 𝑑'
6
1
2
𝑡( + 𝑑' ≤ 𝑡 < 𝑡( + 𝑑'
6
6
2
3
𝑡( + 𝑑' ≤ 𝑡 < 𝑡( + 𝑑'
6
6
3
4
𝑡( + 𝑑' ≤ 𝑡 < 𝑡( + 𝑑'
6
6
4
5
𝑡( + 𝑑' ≤ 𝑡 < 𝑡( + 𝑑'
6
6
5
𝑡 ≥ 𝑡( + 𝑑'
6
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Real-world Parallels
A classic interpretation of NPIs such as
lockdown measures, a flat constant reduction
to transmission, which is sustained until the
cessation of the intervention (Di Lauro et al.,
2021, Gevertz et al., 2021, Morris et al., 2021,
Ferguson et al., 2020).
A “ramping down” strategy, an initial strong
intervention is followed by a gradual reduction
in the strength of the intervention. Can draw
parallels to the re-opening strategies adopted
by countries after having instituted strong
NPIs to slowly reinvigorate the economy and
allowing greater levels of population
movement over time (Dickens et al., 2020,
Gevertz et al., 2021, Rawson et al., 2020).
A “ramping up” strategy could reflect a
scenario where policy makers attempt to
reactively increase the strength of
interventions over time to mitigate potential
economic effects of NPIs, as opposed to an
instantaneous “lockdown”.
Real-world parallels to this strategy are rare,
but could involve a scenario where NPIs are
ramped until the situation is deemed
controlled enough to initiate a controlled
ramping down of measures, after the peak of
the outbreak has passed.
Two types of “pulsed” measures have been
theorised, either a “triggered” pulse measure
in response to epidemiological threshold being
met (ICU bed capacity or incidence), or an
“open loop” pulse which uses fixed timings,
independent of the epidemiological situation,
to introduce the intervention (Bin et al., 2021,
Davies et al., 2020b, Ferguson et al., 2020,
Rawson et al., 2020, Sadeghi et al., 2021).

For a given intervention duration, dt, the magnitude of c(t) scaling reductions over the
intervention duration is half for scenario 2, 3, 4 and 5 relative to scenario 1. To maintain
comparable β(t) reductions over the intervention period, dt was doubled for scenario 2, 3, 4
and 5 relative to scenario 1 for baseline analyses. This corresponds to dt = 84 days for scenario
1 (12 weeks) and dt = 168 days (24 weeks) for all other scenarios. However, this was not
possible in sensitivity analyses where dt was an explored parameter. Instead, the dt range for
scenario 1 was transformed into a relative axis to enable comparisons across scenarios. This
was achieved by halving the explored dt range for scenario 1 relative to all other scenarios,
and then scaling (doubling) the absolute values in this limited dt range into a relative scale. As
an illustrative example, an absolute value of dt = 125 is equal to a relative value of dt = 250 for
scenario 1.
An alternative approach was considered by keeping dt constant and doubling cmin in scenario
2, 3, 4 and 5 relative to scenario 1 (Appendix Figure J1). However, in practice it is likely more
plausible to alter dt than it is to alter cmin in a public health context. This can be attributed to
difficulty faced by policy makers to introduce an intervention with a specific magnitude or
strength (Anderson et al., 2020).

5.2.4 Multiple non-pharmaceutical interventions

To explore the transmission dynamics resulting from multiple, time-limited periods of severe
NPIs, two interventions were modelled for each scenario sequentially during the simulation.
The minimum value of the c(t) scaling factor, trigger point and duration of the intervention
were defined as cmin1 and cmin2, tp1 and tp2, and dt1 and dt2 respectively for intervention 1 and
2. It is important to note that tp2 is defined relative to the end of intervention 1, with the start
of intervention 2 defined as t = tp1 + dt1 + tp2.
Baseline parameter values for the multi-intervention scenario were set at dt1 = dt2 = 42 days
(6 weeks) for scenario 1 and dt1 = dt2 = 84 days (12 weeks) for scenarios 2, 3, 4 and 5. This was
halved relative to the single intervention scenarios to allow for the two interventions to occur
within the timeframe of the simulated outbreak and to prevent unfeasibly long overall
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intervention durations. It is important to note that comparisons between the single and
multi-intervention scenarios should be limited to the general qualitative pattern of the
optimal parameter space, rather than direct quantitative comparisons. The minimum value
of the scaling factor c(t) was kept constant at cmin1 = cmin2 = 0.4 at baseline.

5.2.5 Alternative case studies
Three alternative case studies were also modelled to explore the impact of counterfactuals
with regard to the baseline SIR model structure on COVID-19 transmission dynamics and the
attainment of optimal parameter values.
The first case study was a variation on the multiple non-pharmaceutical intervention scenario,
modelling an indefinite reduction to disease transmission following intervention 1, with β(t)
reduced by 50%. The rationale behind modelling indefinite NPIs was to represent the
introduction of more sustainable interventions, such as test, track and trace capacity, which
may result in long-term reductions to the per capita transmission rate β(t). This was
equivalent to setting intervention 2 with a scenario 1 NPI profile of dt2 = ∞ and cmin2 = 0.5.
This second intervention was introduced at t = 94, corresponding with the end of intervention
1 in the multiple non-pharmaceutical intervention scenarios (tp1 + dt1).
The second case study was the inclusion of an exposed compartment (E), with this
representing the existence of a non-infectious period following exposure to SARS-CoV-2, and
corresponding to an SEIR model structure (eqn 5.4).
𝑑𝑆
= −𝛽(𝑡)𝑆𝐼
𝑑𝑡
𝑑𝐸
= 𝛽(𝑡)𝑆𝐼 − 𝜎𝐸
𝑑𝑡
𝑑𝐼
= 𝜎𝐸 − 𝛾𝐼
𝑑𝑡
𝑑𝑅
= 𝛾𝐼
𝑑𝑡

eqn 5.4
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The addition of an E compartment necessitated the addition of a parameter describing the
transition rate from exposed-to-infected (E→I) (σ), equivalent to the reciprocal of the average
time between exposure and onset of infectiousness, which was set to σ = 1/3 or 3 days-1. This
parameter value for σ was chosen using best estimates/expert opinion at the time of the
analysis in March-Aug 2020.
The final case study modelled waning immunity using an SIRS model structure, allowing for
reversion to susceptibility upon recovery from COVID-19 (eqn 5.5). This rate of conversion
from recovered-to-susceptible was defined as the reciprocal of the average time with full
immunity to COVID-19 (µ). A range of different values for μ were explored in uncertainty
analyses, ranging from 3 to 12 months.
𝑑𝑆
= µ𝑅 − 𝛽(𝑡)𝑆𝐼
𝑑𝑡
𝑑𝐼
= 𝛽(𝑡)𝑆𝐼 − 𝛾𝐼
𝑑𝑡
𝑑𝑅
= 𝛾𝐼 − µ𝑅
𝑑𝑡
eqn 5.5

5.2.6 Outcome measures of interest

The primary objective of all analyses in this chapter was to identify the optimal parameter
space for the intervention trigger point (tp), duration (dt) and magnitude (cmin) to minimise
two outcome measures:
1. Peak I(t) prevalence: 𝐼/34
2. Attack Rate: 𝐼5 (𝑡/34 ) = lim 𝐼5 (𝑡)
6→6"#$

The global maximum of the function describing the trajectory of the proportion infectious
during the simulated epidemic was defined as Imax, with subsequent references to “epidemic
peaks” describing the local maxima where I(t) > 0 and I’(t) = 0. The attack rate, Ic(tmax), is
defined as total proportion of cases that develop over the model simulation duration. The
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optimal parameter space is defined as the combination of parameter values that result in the
lowest possible value of Imax or Ic(tmax).

5.2.7 Parameter values
Parameter values for the single and multiple non-pharmaceutical intervention scenarios for
the baseline SIR model can be found in table 5.2 and table 5.3 respectively.
Table 5.2. Parameters for the single intervention scenario
Parameter Description

Notation

Baseline Value

Doubling Time

td

3 Days

Baseline Basic Reproduction
Number

R0

2.8 (baseline) - used to
calculate gamma

Generation Time

G

7.8 days

γ

0.128

Calculated from 1/G

β

0.359

Calculated from R0γ

βscale

0.2513 (30% reduction to
baseline β)

(Davies et al., 2020b,
Flaxman et al.,
2020a)

Per capita rate of recovery from
COVID-19 infection
Per capita rate of COVID-19
transmission (Baseline)
Scaled per capita rate of COVID19 transmission (reflects the
impact of small-scale NPIs on
transmission)
Minimum value of the
lockdown-related scaling factor
c(t)
Scenario 1
Length of
Scenario 2, 3,
Intervention
4 and 5
Intervention Trigger Point

cmin

dt
tp

References
(Pellis et al., 2021,
Zhou et al., 2020)
(Davies et al., 2020b,
Pan et al., 2020,
Petersen et al.,
2020, Flaxman et al.,
2020a)
Calculated from eqn
5.2 (Anderson and
May, 1991)

84 days (12 weeks)

(Flaxman et al.,
2020a, Davies et al.,
2020b)
N/A

168 days (24 weeks)

N/A

Day 52 (Ic(52) = 0.02)

Calculated from
Model

0.4 (60% reduction to βscale)
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Table 5.3. Parameters for the multi-intervention scenario
Parameter Description

Notation

Baseline Value

Doubling Time

Td

3 Days

Baseline Basic Reproduction
Number

R0

2.8 (baseline) - used to
calculate gamma

Generation Time

G

7.8 days

γ

0.128

Calculated from 1/G

β

0.359

Calculated from R0γ

βscale

0.2513 (30% reduction to
baseline β)

(Davies et al., 2020b,
Flaxman et al.,
2020a)

Per capita rate of recovery from
COVID-19 infection
Per capita rate of COVID-19
transmission (Baseline)
Scaled per capita rate of COVID19 transmission (reflects the
impact of small-scale NPIs on
transmission)
Minimum value of the
lockdown-related scaling factor
c(t) – Intervention 1
Minimum value of the
lockdown-related scaling factor
c(t)– Intervention 2
Scenario 1
Length of
Intervention –
Scenario 2, 3,
Intervention 1
4 and 5
Scenario 1
Length of
Intervention –
Scenario 2, 3,
Intervention 2
4 and 5
Intervention Trigger Point –
Intervention 1
Intervention Trigger Point –
Intervention 2

42 days (6 weeks)

(Flaxman et al.,
2020a, Davies et al.,
2020b)
(Davies et al., 2020b,
Flaxman et al.,
2020a)
N/A

84 days (12 weeks)

N/A

42 days (6 weeks)

N/A

84 days (12 weeks)

N/A

cmin1

0.4 (60% reduction to βscale)

cmin2

0.4 (60% reduction to βscale)

dt1

dt2

tp1

Day 52 (Ic(52) = 0.02)

tp2

Day 52 (Ic(52) = 0.02)
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References
(Pellis et al., 2021,
Zhou et al., 2020)
(Davies et al., 2020b,
Flaxman et al.,
2020a, Pan et al.,
2020, Petersen et
al., 2020)
Calculated from eqn
5.2 (Anderson and
May, 1991)

Calculated from
Model
Calculated from
Model

5.2.8 Software used and model code

All simulations were carried out using R and RStudio (RStudio Team, 2020, R Development
Core Team, 2020). R package “desolve” (Soetaert et al., 2010) was used for all model
simulations.

Reproducible

code

https://github.com/alexmorgan1995/NPI_Analysis.
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can

be

found

at:

5.3

Results

5.3.1 Single NPI scenario outbreak dynamics and univariate parameter
optimisation

The impact of the five intervention scenarios on the trajectory of a simulated COVID-19
outbreak was explored (Figure 5.1A). Scenario 4 was identified as the most effective scenario
to mitigate the peak prevalence or the attack rate under baseline parameters (Imax = 0.076,
Ic(tmax) = 0.493) relative to an unmitigated outbreak (Imax = 0.146, Ic(tmax) = 0.786). Scenario 1
and 2 resulted in the suppression of the initial outbreak and a delay in the epidemic peak
following the initiation of intervention measures. In contrast, a single mitigated epidemic
peak was observed for scenario 3 and 4, with the steady ramping up of β(t) reductions and
the protective effects of population immunity resulting in a more gradual, sustained reduction
to Re(t) > 1, preventing peak resurgence. The pulsed nature of scenario 5 allowed for brief
opportunities for the build-up of population immunity (Re(t) > 1) and subsequent epidemic
control (Re(t) < 1).
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Figure 5.1. A) Trajectory plots for the epidemic curve, β(t) reductions and Re(t) for the five
intervention scenarios. B) Sensitivity analysis for intervention trigger point (tp), magnitude
(cmin) and duration (dt) to minimise the peak prevalence, Imax, and attack rate, Ic(tmax). For A)
pale red and blue lines depict unmitigated epidemic curve dynamics, blue shading indicates
the intervention period and the dotted line depicts the Re(t) = 1 threshold for sustained
epidemic growth. Imax and Ic(tmax) values are annotated for each scenario. Note that for B) the
dt axis for scenario 1 was transformed into a relative axis to allow for comparison across
scenarios, with the relative axis of 0 ≤ dt ≤ 400 being equal to an absolute dt range of 0 ≤ dt ≤
200.
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Sensitivity analyses were conducted to observe the sensitivity of the peak prevalence, Imax,
and the attack rate, Ic(tmax), to the intervention trigger point (tp), magnitude (cmin) and
duration (dt) (Figure 5.1B). Each parameter was explored sequentially with all other model
parameters held constant at baseline values. Optimal parameter values for all scenarios can
be found summarised in Table 5.4.
A specific optimal trigger point was observed for all scenarios to minimise both Imax and
Ic(tmax), with these optimal values found within an early-intermediate trigger point parameter
space (7 ≤ tp ≤ 74) (Figure 5.1B). While an optimum was identified for scenario 5 to minimise
Imax (tp = 53), two other trigger points resulted in similar reductions to Imax (tp = 32 and 74).
Scenarios 1, 3 and 4 were found to be highly sensitive to deviations from the optimal tp value,
with steep increases in Imax and Ic(tmax) either side of the optimum. If a suboptimal trigger
point was chosen in scenario 2, it was found to be more beneficial to intervene earlier-thanoptimal, with a gentler increase in Imax as tp is reduced from the optimal value, compared to
later-than-optimal tp values.
Stronger interventions resulted in optimal reductions to Imax and Ic(tmax) for scenario 3 and 4
(cmin → 0) (Figure 5.1B). In contrast, intermediate strength interventions were found to be
more optimal in scenario 1, 2 and 5 (cmin = 0.72/0.77, 0.56/0.62, 0.27/0.47) for Imax/Ic(tmax)
respectively. If suboptimal intervention magnitudes were chosen for scenario 1, 2 and 5, it
was found to be more beneficial to intervene too strongly than insufficiently. This was
observed with decreases in cmin from the optimal value resulting in gentler increases in Imax
and Ic(tmax) compared to greater-than-optimal cmin values.
Longer intervention durations were found to be optimal to reduce Imax and Ic(tmax) for scenario
2 (dt → 400). Interestingly, increasing the intervention duration was found to have minimal
impact on either outcome measure in scenario 1, with the cessation of the intervention
resulting in an identically sized epidemic peak regardless of the intervention duration. In
contrast, intermediate length interventions were found to be optimal for scenario 3 and 4 (dt
= 60/97, 100/174) for Imax/Ic(tmax) respectively, with scenario 5 displaying two relatively similar
optimal points to minimise Imax (dt = 104/175). It was also better to intervene for too long if a
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suboptimal intervention duration was introduced for these scenarios, with increases in Imax
and Ic(tmax) being less severe in an intervention that was longer-than-optimal, compared to an
intervention that was shorter-than-optimal.

5.3.2 Multivariable parameter optimisation for the single NPI scenarios
To explore the interplay between multiple model parameters, a sensitivity analysis was next
conducted to identify the optimal parameter space to minimise Imax and Ic(tmax) for a multidimensional parameter space: 1) Intervention trigger point (tp) and 2) Intervention duration
(dt) (Figure 5.2). Optimal parameter values for all scenarios can be found summarised in Table
5.4.
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Figure 5.2. Sensitivity analysis for the peak prevalence, Imax, and attack rate, Ic(tmax), for
intervention trigger point, tp, and duration, dt. Note that the scenario 1 dt axis was
transformed into a relative axis to allow for comparison across scenarios, with the relative
axis of 0 ≤ dt ≤ 250 being equal to an absolute dt range of 0 ≤ dt ≤ 125.
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A longer intervention duration (dt → 250) and intermediate trigger point (tp = 70/66 and tp =
80) was optimal for scenario 1 (relative duration) and 2 respectively to minimise Imax/Ic(tmax)
(Figure 5.2). A contrasting pattern was observed in scenario 3 and 4, with shorter intervention
durations found to maintain a near-optimal parameter space with a later intervention trigger.
It is important to note the existence of suboptimal trigger point “gaps” in scenario 5, with
increases and decreases in Imax as the trigger point was varied. This resulted from the fixed
periods between pulsed interventions, with these “gaps” increasing as the duration of the
overall intervention increased. These “gaps” were found to be less pronounced for Ic(tmax)
relative to Imax. Increasing the duration of the intervention had compensatory effects for
scenario 2, 3, 4 and 5, with both Imax and Ic(tmax) becoming less sensitive to deviations from
the optimal intervention trigger point as the duration of the intervention was increased. This
suggests that increasing the duration of NPIs can make the intervention more robust to
optimal trigger point implementation error.
The sensitivity analysis was repeated with cmin = 0.25/0.5/0.75 to assess the sensitivity of the
dt/tp relationship to alterations to the magnitude of the intervention (Appendix Figure J3-4).
Low-intermediate cmin values of 0.25 (scenario 1, 2 and 3) and 0.5 (scenario 3 and 4) were
found to be more optimal to minimise Imax, with the lowest explored value of cmin being
optimal to minimise Ic(tmax) for all scenarios.

5.3.3 Outbreak dynamics for the multiple NPI scenarios
Two sequentially implemented interventions for each of the five scenarios was next modelled
to explore the reintroduction of NPIs at a later date to tackle epidemic resurgence Figure 5.3.
A higher value of Imax was identified for scenarios 2 and 5 and also the existence of an
increased number of epidemic peaks for scenario 1 and 4 relative to the single-intervention
scenarios. This can be attributable to the shorter intervention duration used for the multiintervention scenarios.
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Figure 5.3. Trajectory plots for the epidemic curve, intervention associated β(t) reductions
and Re(t), for the five multi-intervention scenarios. Opaque red and blue lines depict
unmitigated epidemic curve dynamics. Blue shading on the trajectory plot indicates the
period of the intervention. Dotted line denotes the Re(t) threshold for sustained epidemic
growth. Imax and Ic(tmax) values are annotated for each scenario.

5.3.4 Multivariable optimisation for the multiple NPI scenarios
A sensitivity analysis was conducted for the multi-intervention model to explore the optimal
parameter space to minimise Imax and Ic(tmax) for two sets of parameters: 1) intervention 1 and
2 trigger point, tp1 and tp2, and 2) intervention 1 and 2 magnitude, cmin1 and cmin2 (Figure 5.4).
The optimal parameter values for all scenarios can be found summarised in Table 5.4.
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Figure 5.4. A) Sensitivity analysis for the peak prevalence, Imax, and attack rate, Ic(tmax), for
intervention 1 trigger point, tp1, and intervention 2 trigger point, tp2. B) Sensitivity analysis
for the minimum value of scaling factor c(t) for intervention 1, cmin1, and intervention 2,
cmin2.
A large range of trigger points for intervention 2 (1 ≤ tp2 ≤100) were found to result in nearoptimal reductions to Imax and Ic(tmax), on the condition that the optimal trigger point for
intervention 1 was achieved (50 ≤ tp1 ≤ 65) (Figure 5.4A). This was found to differ if a
suboptimal earlier intervention 1 trigger point was chosen, with only a narrow selection of
optimal intervention 2 trigger points able to compensate for a suboptimal tp1 value. The
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choice of a later-than-optimal intervention 1 trigger was found to negate the ability for an
intervention 2 trigger to prevent increases in Imax and Ic(tmax), suggesting that it is better to
introduce the initial intervention earlier, rather than later, if the optimal intervention 1 trigger
point is unknown. Extending the duration of intervention 1 and 2 did little to alter the optimal
trigger points for all scenarios (Appendix Figure J5-9).
A large range of intervention 2 magnitudes (0 ≤ cmin2 ≤ 1) were found to provide near-optimal
reductions to Imax, on the condition that the magnitude of intervention 1 was sufficiently
optimised for scenario 2, 4 and 5 (Figure 5.4B). This suggests that for these scenarios, it is
critical to focus on optimising the initial intervention (intervention 1) to minimise Imax. A
different optimal parameter space was identified to minimise Ic(tmax) for these three
scenarios, with strong reductions to both intervention 1 and 2 being favoured (cmin1/cmin2 →
0). Scenario 3 displayed subtly different dynamics, with intervention 1 ideally being as strong
as possible to minimise Imax (cmin1 → 0) and an intermediate magnitude to minimise Ic(tmax)
(cmin1 = 0.23). Scenario 1 was found to be optimal at an intermediate parameter space (cmin1 =
0.26/0.62, cmin2 = 0.52/0) for Imax and Ic(tmax) respectively.
Increases in the duration of intervention 1 allowed for greater reductions to Imax and Ic(tmax)
for a given cmin1/cmin2 parameter space, relative to baseline parameters (Appendix Figure J1014). The exception was scenario 3, with an increased intervention 1 duration also increasing
Imax and Ic(tmax) obtained over the explored cmin1/cmin2 parameter space.
A summary table detailing the optimal parameter values for figures 5.1-5.4 can be identified
in table 5.4 below:
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Table 5.4. Optimal parameter values for the main model sensitivity analyses
Sensitivity
Analysis
Singleintervention
(tp)
(Figure
5.1B)
Singleintervention
(cmin)
(Figure
5.1B)
Singleintervention
(dt)
(Figure
5.1B)
Singleintervention
(tp/dt)
(Figure 5.2)
Multiintervention
(tp1/tp2)
(Figure
5.4A)
Multiintervention
(cmin1/cmin2)
(Figure
5.4B)

Scenario
1
2
3
4

Value of the optimised
outcome measure
Imax
Ic(tmax)
0.055
0.503
0.035
0.504
0.035
0.517
0.037
0.508

Optimal Value of
Parameter 1
Imax
Ic(tmax)
72
86
67
85
7
24
38
53

Optimal Value of
Parameter 2
Imax
Ic(tmax)

5

0.059

0.516

32/53/74

79

1
2
3
4

0.051
0.055
0.087
0.044

0.670
0.648
0.545
0.671

0.72
0.56
0.00
0.00

0.77
0.62
0.00
0.41

5

0.052

0.573

0.27

0.47

1*
2
3
4

0.131
0.041
0.054
0.044

0.774
0.601
0.565
0.506

328
400
60
100

N/A
400
97
174

5

0.058

0.500

104/175

270

1*
2
3
4
5
1
2
3
4

0.065
0.031
0.033
0.033
0.057
0.038
0.046
0.037
0.041

0.426
0.415
0.471
0.432
0.474
0.505
0.512
0.515
0.511

70
66
0
22
42
68
39
38
54

80
80
0
31
79
86
80
50
65

250
250
184
248
244
22
0
0
0

250
250
221
250
250
9
0
0
0

5

0.054

0.521

34

70

0

0

1
2
3
4

0.049
0.095
0.044
0.048

0.514
0.515
0.495
0.546

0.26
0.64
0.00
0.54

0.52
0.01
0.23
0.00

0.62
0.00
0.00
0.00

0.00
0.00
0.00
0.00

5

0.070

0.515

0.49

0.01

0.00

0.00

*Note that scenario 1 dt sensitivity analyses were used a transformed relative scale for dt to allow for
comparison across scenarios, with the relative scale of 0 ≤ dt ≤ 400 and 0 ≤ dt ≤ 400 being equal to an
absolute dt range of 0 ≤ dt ≤ 200 and 0 ≤ dt ≤ 125.
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5.3.5 Exploration of alternative assumptions and model structures
Three alternative case studies were also modelled to explore the impact of counterfactuals
with regard to the baseline SIR model structure on COVID-19 transmission dynamics and the
attainment of optimal parameter values. This involved the introduction of sustainable and
indefinite NPIs after the introduction of intervention 1, addition of an “exposed”
compartment to model the existence of an incubation period and the impact of waning
immunity on COVID-19 dynamics.
The rationale behind modelling indefinite NPIs was to represent the introduction of more
sustainable interventions such as test, track and trace capacity, which may have long-term
reductions on the per capita transmission rate β(t). This analysis was performed to identify
the optimal values for the magnitude (cmin), trigger point (tp) and duration (dt) of intervention
1. As an illustrative example, these long-term interventions were assumed to reduce
transmission by 50%, this was equivalent to setting intervention 2 with a scenario 1 NPI
profile, with dt2 = ∞ and cmin2 = 0.5. This second intervention was also introduced at t = 94,
corresponding with the end of intervention 1 (tp1 + dt1) (Figure 5.5).
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Figure 5.5. A) Trajectory plots and changes in β(t) for the multi-intervention scenario, with
intervention 1 allowed to change and with intervention 2 indefinitely set at a scenario 1 c(t)
profile with cmin2 = 0.5. B) Sensitivity analysis for intervention trigger day (tp), magnitude
(cmin) and intervention duration (dt) to minimise maximum I(t) peak, Imax, and the attack
rate, Ic(tmax). Note that for A) blue shading indicates the period of intervention 1 and red
shading indicates period of intervention 2. Imax and Ic(tmax) values are annotated for each
scenario. As tp2 was set at t = 94 (tp1 + dt1), it was not possible to compensate for differing
intervention magnitudes over the intervention duration for scenario 2, 3, 4 and 5, with all
scenarios set at dt1 = 42 days (6 weeks). Therefore, the scenario 1 trajectory plot and
sensitivity analysis were not comparable to all other scenarios.
The introduction of the long-term NPIs after the initial intervention (t = 94) suppressed the
trajectory of the outbreak across all scenarios (Figure 5.5A). It was also universally optimal to
introduce the initial intervention as strong (cmin1 → 0) and as early as possible (tp1 → 0), on
the condition that the second intervention resulted in indefinite reductions to β(t) (Figure
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5.5B). A longer duration of intervention 1 (dt1) was found to be optimal for scenario 1 and 5
(dt1 → 100). However, this was not the case for scenario 2, 3 and 4, with an increase to Imax
and Ic(tmax) identified past values of 40–42 days and 50 days respectively for both outcome
measures.
The inclusion of an “exposed” compartment (SEIR model) was next explored on the single and
multiple NPI scenarios with regard to the five NPI scenarios and on the multivariable
sensitivity analysis for tp/dt and tp1/tp2 (Figure 5.6).
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Figure 5.6. Susceptible-Exposed-Infectious-Recovered (SEIR) model. A) Trajectory plots for
the COVID-19 epidemic curve, B-C) Single intervention sensitivity analysis for the effect of
intervention duration (dt) and trigger point (tp) on the peak prevalence (Imax) or the attack
rate (Ic(tmax)) D-E) Multi-intervention sensitivity analysis for the effect of intervention
trigger point 1 (tp1) and trigger point 2 (tp2) on the peak prevalence (Imax) or the attack rate
(Ic(tmax)). Note that compared to the original analysis, the explored tp/tp1/tp2 range has been
extended to 125 days, to observe the impact of the SEIR model on shifting optimal NPI timing.
Imax and Ic(tmax) values are annotated for each scenario.
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The addition of an exposed compartment shifted dynamics of the simulated epidemic curve
to a later point relative to the original SIR model (Figure 5.6A). This resulted in the point at
which modelled NPIs reach cmin, to miss the peak of the outbreak. This is clearly observed for
scenario 1, with epidemic curve being indistinguishable from the dynamics of the unmitigated
outbreak (Imax = 0.104, Ic(tmax) = 0.785). Under these altered dynamics, scenario 3 was
considered the most efficacious strategy (Imax = 0.032, Ic(tmax) = 0.617).
Qualitatively similar dynamics were observed with the SEIR model when compared to the
original sensitivity analysis performed with the SIR model, for both the single (Figure 5.6B-C)
and multi-intervention scenarios (Figure 5.6D-E). Longer interventions were still identified as
optimal (dt → 250), but with the greatest reductions in Imax now occurring at later trigger
points when compared to the original analysis (Figure 5.2 and 5.4), with this most clearly
observed with scenario 1 for Imax (tp = 115, tp1 = 115) and Ic(tmax) (tp = 125, tp1 = 125).
Finally, the influence of waning immunity using an SIRS model was explored on the single and
multi-intervention scenarios (Figure 5.7). Three scenarios were explored, varying with regards
to the duration of immunity, ranging from 3, 6 to 12 months (90, 180, 360 days). The impact
of waning immunity was only explored on the epidemic curve of scenario 1, with this scenario
used as an illustrative example of the effects of waning immunity. The impact of the SIRS
model on the multi-variable sensitivity analysis for both single and multi-NPI scenarios was
also explored (Figure 5.7B-E). Due to the replenishment of susceptibles, less focus was placed
on assessing the attack rate dynamics (Ic(tmax)).

157

Figure 5.7. Susceptible-Infectious-Recovered-Susceptible (SIRS) model to describe waning
immunity. Three scenarios were explored for waning immunity, an average duration spent
in the recovered (immune) compartment of 3 (1/90 days-1), 6 (1/180 days-1) and 12 (1/365
days-1) months. A) Trajectory plots for the COVID-19 prevalence epidemic curve, B-C) Single
intervention sensitivity analysis for the effect of intervention duration (dt) and trigger point
(tp) on the peak prevalence (Imax) or the attack rate (Ic(tmax)) and D-E) Multi-intervention
sensitivity analysis for the effect of intervention trigger point 1 (tp1) and trigger point 2 (tp2)
on the peak prevalence (Imax) or the attack rate (Ic(tmax)). Note that in A) when compared to
the original analysis (Figure 5.1A), the duration of the simulation was extended to 1000 days
to more clearly identify the impacts of waning immunity. Imax and Ic(tmax) values are annotated
for the scenario.
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The impact of waning immunity resulted in qualitatively similar effects on the initial epidemic
wave and Imax when compared to the output from the baseline SIR model (Figure 5.7A).
However, longer durations of immunity resulted in lower values of Imax, clearly observed when
comparing the 3 months (Imax = 0.153) and 12 month scenarios (Imax = 0.139). Additionally,
dampened oscillations in the prevalence were observed after the initial epidemic peak,
occurring until the stabilisation at the endemic equilibrium for all three explored durations of
immunity.
Intermediate values for the duration of NPIs were optimal to minimise Imax when the duration
of immunity was shorter for the single intervention scenario (3 months), this lays in contrast
to the original SIR model which identified longer NPI durations being optimal (dt → 250)
(Figure 5.2 and 5.7B). However, increasing the duration of immunity to 6 or 12 months again
resulted in higher values of dt being optimal. Waning immunity had negligible impacts on the
optimal trigger point (tp/tp1/tp2) for all explored scenarios (Figures 5.7B Figure 5.7D).
A different optimal parameter space to minimise Ic(tmax) was observed for all explored
scenarios, with longer and faster NPIs being optimal for the single intervention scenario (tp →
0, dt → 250), and introducing NPIs as quickly as possible for both interventions being optimal
for the multiple intervention scenario (tp1 → 0, tp2 → 0) (Figures 5.7C and 5.7E).
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5.4

Discussion

This chapter adds to current epidemiological modelling work (Bin et al., 2021, Gevertz et al.,
2021, Di Lauro et al., 2021, Miclo et al., 2020, Morris et al., 2021, Rawson et al., 2020)
exploring the concept of NPI optimisation. An optimal parameter space was identified for all
considered intervention scenarios, with each scenario capable of minimizing both Imax and
Ic(tmax) for a given set of optimal parameter values. However, the exact value of the optimal
parameter space was found to be highly nuanced, and often highly sensitive to changes to
the explored model parameters. Additionally, several counterfactuals were explored with
regard to the baseline SIR model structure on the optimal parameter space and COVID-19
outbreak dynamics. This included the introduction of indefinite and sustainable interventions,
an exposed infection state and waning immunity.
The optimal parameter space was strongly influenced by the balance between the
intervention peak timing and the magnitude/strength of the intervention (cmin). Matching the
timing of an intervention to the epidemic peak has been explored previously (Di Lauro et al.,
2021, Morris et al., 2021). However, this chapter identifies that it is also necessary to match
the timing of the epidemic peak with the greatest magnitude of the intervention
(cmin/cmin1/cmin2) if reductions to β(t) vary. This can be intuitively observed by comparing
scenario 2 (cmin at tp) and scenario 3 (cmin at tp + dt) (Figure 5.2), with scenario 2 being optimal
at a later trigger point to coincide with the earlier cmin reduction and scenario 3 being optimal
with an earlier trigger to coincide with the later cmin reduction. The existence of optimal
intermediate cmin values also facilitated the build-up of infection-induced, protective
immunity during the intervention. This phenomenon is well reported in modelling literature,
with time-limited interventions found to be optimal when Re(t) is maintained near the
threshold for sustained transmission (Re(t) ≈ 1) (Anderson et al., 2020).
However, attainment of these optima in practice is likely to be difficult (Morris et al., 2021).
The ongoing COVID-19 outbreak has highlighted the limited capacity of policy-makers to
effectively micromanage the course of an outbreak (Hunter, 2020). Factors such as varying
public compliance, imperfect disease surveillance, policy miscommunication, confounding
160

parallel interventions and implementation lag between the introduced interventions and
observable changes in disease prevalence, will contribute to large levels of intervention
implementation error (Chang et al., 2020, Elliot et al., 2020, Islam et al., 2020). If placed in the
context of the narrow parameter optima observed throughout this chapter, these effects will
likely have substantial epidemiological consequences.
An alternative approach could involve interventions that are more robust to implementation
error, but less efficacious than the theoretically optimal intervention. Due to the relative
insensitivity of these robust interventions to imperfect parameter choices, these intervention
strategies will likely excel in uncertain real-time outbreaks where the current epidemiological
situation is often unknown. Parallels of these interventions can be observed in the ongoing
COVID-19 outbreak, with recurring themes of “hit it hard and fast” providing simple, yet
robust advice to policy makers (Baker et al., 2020, World Health Organisation, 2020a).
It is important to note that for a single time-limited intervention, it was not always optimal to
intervene at a maximal strength or duration. For example, increasing dt for scenario 3 shifted
the timing of cmin past the epidemic peak, lessening the impact of the NPI relative to optimal
dt (Figure 5.1). Additionally, NPIs were assumed to be time-limited, with even maximal
strength interventions ending before the termination of the model simulation, allowing for
rebounds in prevalence. This decision was made due to the infeasible nature of having an
indefinite implementation of severe restrictions due to societal disruptions. However, when
considered in the context of a robust, but suboptimal intervention, intervening maximally to
increase dt and minimise cmin can be considered the most efficacious strategy to reduce Imax
or Ic(tmax) (Figures 5.1 and 5.2).
Similarly, for the multi-intervention scenario, an earlier and stronger intervention can provide
reductions to Imax and Ic(tmax) under suboptimal circumstances as part of a robust intervention
(Figure 5.3). However, this only holds true in the context of the initial intervention, with this
acting as a delaying action, allowing for successive interventions to compensate and further
reduce Imax and Ic(tmax). This highlights the additional role of robust interventions to permit
future decision making when the current epidemiological situation is uncertain. This has
practical consequences, with policy makers able to use an earlier intervention to delay the
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epidemic peak if the optimal intervention strategy is unknown, providing time for the buildup of healthcare capacity and the opportunity for later interventions to course-correct.
Population “lockdown” measures have been presented as an integral part of a package of
measures, used to drive down the level of infection and “buy” time for the introduction of
more sustainable measures, such as contact tracing or vaccination (Ferretti et al., 2020, Lurie
et al., 2020). In the context of delaying the epidemic peak, it was largely optimal to introduce
the initial “lockdown” measures earlier, more strongly and for as long as necessary, until more
sustainable intervention measures can be introduced indefinitely (Figure 5.5). However, this
also highlights the importance of prioritising the development of these sustainable measures,
with the harsh consequences of severe, lengthy NPI measures making indefinite delaying
actions expensive and ultimately unsustainable.
An SIR model was one of many model structures considered to model the optimisation of
COVID-19 NPI strategies in this chapter. An SEIR framework can be considered a more
accurate description of the epidemiological characteristics of SARS-CoV-2, with a noninfectious “exposed” state preceding infectiousness. However, the inclusion of an exposed
state was also explored, which shifted the timing of the optimal intervention to a later point,
but doing little to change the qualitative patterns observed compared to when a SIR
framework was used (Figure 5.6).
An assumption of life-long immunity was also made following SARS-CoV-2 infection in the
baseline model parameterisation. Inclusion of a SIRS framework with differing levels of
waning immunity resulted in a negligible impact on the optimal parameter space to minimise
Imax relative to the original SIR model (Figure 5.7). This is likely due to the similar importance
of controlling the initial epidemic wave to minimise Imax for both SIR and SIRS models.
Additionally, due to waning immunity preventing the depletion of susceptibles and a
reduction in transmission with Re(t) < 1, the SIRS model demonstrated dampened oscillations
in prevalence following the initial intervention, ultimately leading to an endemic equilibrium.
This phenomenon is commonly found in epidemiological literature (Keeling and Rohani,
2011). Additionally, a different optimal parameter space to minimise Ic(tmax) was observed,
this can again be likely attributed to the replenishment of susceptibles and long-term
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endemicity of COVID-19 when waning immunity is present. Care must therefore be taken
when interpreting the results of this chapter with regards to the long-term dynamics of
COVID-19, especially due to the ongoing uncertainty regarding the presence of long-term
immunising infection following SARS-CoV-2 infection.
Due to the large levels of uncertainty concerning the immunological and transmission
characteristics of SARS-CoV-2, and with the aim of this chapter to describe the existence and
qualitative patterns of intervention optima, and not forecast or describe the exact timing, the
use of a SIR model was deemed justifiable for this analysis. However, future predictive models
which look to accurately identify the optimal parameter space, should integrate potentially
all of the aforementioned models structures using a SEIIRS or SEIRS model structures.
The socio-economic cost of each intervention was also not considered in this analysis. Factors
such as adherence have a large impact on intervention efficacy (Davies et al., 2020b), and the
inclusion of these factors in the model may potentially provide support for NPI strategies with
dedicated ramping or pulsing periods, which aim to partially mitigate the socio-economic
effects and societal disruption of strong NPIs. A relatively simple disease metric was also used
for this chapter, with an optimal intervention able to reduce maximum peak prevalence, Imax,
and attack rate, Ic(tmax). While outside of the scope of this chapter, the use of other
epidemiologically relevant outcome measures such as occupied ICU capacity or deaths per
100,000 population may be of interest when investigating optimal COVID-19 interventions in
a more policy-relevant context. This could also be complemented by an exploration into the
impact of individual or population level variation of risk on intervention optimisation (Britton
et al., 2020, Davies et al., 2020a, Gomes et al., 2022).
It is clear that due to complexities associated with the introduction of vaccination, immune
escape due to new variants and usage of antivirals, that the model results presented in this
chapter (modelled in early 2020) have clear differences when compared to the observed
COVID-19 dynamics as of April 2022 (Dong et al., 2020). This can be observed with the
presence of large concurrent epidemic waves signalling the arrival of novel Delta and Omicron
variants in 2020 and 2021. However, it is important to note that the attack rate of the
observed UK COVID-19 pandemic was around 4.4 million cumulative cases in May 2021
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(approximately 400 days after the initiation of “lockdown” in the UK) (Dong et al., 2020). This
suggests an overprediction by the model in this chapter, with the majority of scenarios
predicting an attack rate of above 0.4, or around 20 million cumulative cases when scaled for
the UK population. The closest modelled scenario to the observed attack rate was the
alternative case study with the introduction of sustainable intervention measures for scenario
1 (Figure 5.5A), with a predicted attack rate of 0.048, or when scaled for the UK population
around 3 million cases. However, as stated previously in the discussion, the model output of
this chapter should not be taken as predictions, rather as a tool to understand the potential
feasibility of optimal and robust interventions.
NPI optimisation has been highlighted in this chapter as a powerful tool to greatly mitigate
the epidemiological impacts of a COVID-19 outbreak. This can be considered of significant
relevance, with the recent reinstitution of NPIs and stricter measures being used to combat
resurgent outbreaks. However, the results described in this chapter are highly nuanced, with
narrow intervention optima and a number of other factors likely preventing the trajectory of
an epidemic conforming uniformly to the dynamics observed in this analysis. Robust
interventions were highlighted as an alternative policy option, with these interventions being
less prone to implementation error but potentially suboptimal compared to theoretically
optimal strategies. These interventions have the additional benefit of being a risk-averse
approach, often favourable during the initial stages of the outbreak, where the impact of risky
public health policy can lead to disastrous consequences. The sensitivity analysis based
framework used in this chapter can also be considered applicable to other immunising
pathogens, where transmission can be mitigated through non-pharmaceutical interventions.
This approach has particular benefit in emerging outbreak scenarios where the rapid
identification of optimal (or robust) NPI implementation can contribute to the evidence base
for outbreak response and reduce indecisiveness.
Finally, it is important to stress that it was not the intention of this chapter to propose any
one strategy as a singular policy option for COVID-19 control. The evidence from this chapter
should be taken into context with the work tirelessly undertaken by the wider epidemiological
and modelling community. It is only through this collaboration and synthesis that effective
and altruistic public health policy can be generated to combat the COVID-19 pandemic.
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6
Discussion
6.1

Overall summary

Mathematical modelling is an important tool to understand the transmission dynamics of
infectious diseases. Models can be used, amongst other things, to explore the impacts of
interventions on transmission dynamics, and consequently on mitigating the effect of disease
on human health. This was explored in this thesis, in the context of two threats to human
health: antimicrobial resistance and COVID-19.
The overall aim of this thesis: to explore the impact of interventions on AMR and COVID-19
was motivated by two main problems. Firstly, there are significant knowledge gaps in the
current understanding of the transmission dynamics of AMR at the one-health interface
(McEwen and Collignon, 2018). In particular, there is a limited understanding of both the
intended and unintended impact of one-health interventions on human health, such as
livestock antibiotic curtailment (Woolhouse et al., 2015). Secondly, the inclusion of COVID-19
research in this thesis was motivated by work performed in early 2020, in response to the
emerging COVID-19 pandemic and the increasing strain on health services in the United
Kingdom during this period (Morgan et al., 2021, Scally et al., 2020). This motivated an
exploration into how non-pharmaceutical interventions can be used and optimised to control
COVID-19 outbreaks.
These knowledge gaps led to the generation of a central hypothesis explored by this thesis:
interventions that target AMR and COVID-19 will have intended, but also unintended and
often adverse impacts on human health. Therefore, to explore the overall aim of this thesis
and motivated by the previously described points, four individual research questions were
posed:
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1. What is the current state of mechanistic modelling of antimicrobial resistance
between livestock and human populations?
2. What are the impacts of livestock antibiotic usage and curtailment on human
foodborne disease?
3. Can the importation of food products affect the efficacy of livestock antibiotic
curtailment on human health?
4. Is it possible to optimise the introduction of non-pharmaceutical interventions to
mitigate COVID-19 outbreaks?
Each of these research questions have been previously stated in chapter 1 and addressed
individually across thesis chapters. This discussion chapter will summarise and synthesize the
conclusions from these individual chapters and discuss the implications in the context of the
overall aim of the thesis.

6.2

Summary of chapters

To identify the current state of mechanistic modelling of AMR at the livestock/human
interface, a systematic scoping review was conducted in chapter 2. Mechanistic models were
categorised into either dynamic epidemiological models or risk assessment models, with a
narrow focus on compartmental models and a lack of dose-response modelling. There was
also a focus on well-researched human pathogens and commensals in included studies, such
as Salmonella spp., Campylobacter spp., E. coli, S. aureus and E. faecium, including specific
drug/bug/host combinations such as vancomycin/streptogramin-resistant E. faecium (VREF
and SREF) and methicillin-resistant S. aureus (MRSA). Livestock-to-human transmission
pathways were well represented with a focus on transmission through food products, but
with a lack of modelling of AMR through wastewater intermediates, to farm workers and from
aquaculture sources. The majority of identified mechanistic models used secondary data from
epidemiological studies and surveillance programs, with a strong reliance on expert opinion.
Additionally, over half of studies included uncertainty/sensitivity analysis and with most
studies lacking model validation.
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To address a number of literature gaps identified in AMR literature, a mathematical model
was developed in chapter 3 to describe livestock antibiotic curtailment on the transmission
dynamics of AMR foodborne pathogens between livestock and human populations. Output
from the model showed decreases in antibiotic-resistant human salmonellosis following
livestock antibiotic curtailment. Curtailment also resulted in small increases in the incidence
of overall human salmonellosis across four model case studies. However, these increases in
foodborne disease could be mitigated through the use of biosecurity interventions to limit
the extent of animal-to-human transmission of foodborne bacteria. The results from this
chapter emphasised the need to ensure that adequate biosecurity is occurring at the farmto-fork pathway, to mitigate any potential detrimental impacts of livestock antibiotic
curtailment on human health (Youssef et al., 2021, Aarestrup et al., 2008).
Chapter 4 expanded upon the results from chapter 3, by adapting the model to describe the
influence of AMR foodborne pathogens from domestic and imported livestock food animals.
Uncertainty and sensitivity analyses identified the importance of importation, specifically the
level of food product usage from imports and the extent of contamination on imported food
products in contributing to reductions in the efficacy of livestock antibiotic curtailment on
reducing human AMR. Changes to the extent of importation could also result in large
decreases to the efficacy of curtailment, with these decreases mitigated primarily through
ensuring that the average level of contamination on imported food products was minimised.
Additionally, reliance on a small number of trading partners was found to have varying effects
on the efficacy of curtailment if import was increased, depending on the extent of
contamination on imports from the selected import partners.
Motivated by the emerging COVID-19 pandemic in early 2020, chapter 5 explored the
feasibility of optimising non-pharmaceutical interventions (NPIs) by fine-tuning the timing,
magnitude/strength and duration of NPIs to mitigate the peak prevalence and attack rate of
simulated COVID-19 outbreaks. An SIR framework was used to optimise the introduction of
different NPI interventions, each reflecting different hypothetical NPI strategies proposed to
tackle the COVID-19 pandemic. So-called optimal NPIs were found to be fragile, with the
optimal values for these parameters being difficult to achieve, and with misimplementation,
such as mistiming the NPIs or intervening too briefly, leading to detrimental effects on human
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health. More robust NPIs were proposed as a viable alternative, with these interventions
being suboptimal, but less prone to implementation error, and consequently easier to
introduce in emerging outbreak situations.

6.3

Wider implications of the thesis

6.3.1 Intended consequences of disease interventions
Throughout the thesis, interventions were demonstrated to have the intended and direct
effect of controlling the transmission/spread of COVID-19 and AMR. The models presented in
chapters 3 and 4 demonstrated that livestock antibiotic curtailment could decrease the extent
of human and livestock antibiotic resistance, with baseline human resistance reductions
ranging from 7-65% across chapter 3 and 4 depending on the case study and model structure
explored (Figure 3.4, 4.3 and 4.9). Decreases in human AMR, as a result of livestock antibiotic
curtailment, has also been observed in other AMR models included in chapter 2 and identified
in epidemiological literature, with pooled estimates identifying 24% reductions in human
resistance in a relevant meta-analysis (Tang et al., 2017, van Bunnik and Woolhouse, 2017).
However, chapters 3 and 4 expand upon these previous AMR models, by exploring the
impacts of livestock antibiotic curtailment using four case studies fitted to available
epidemiological data from EFSA and ESVAC. Although previous models have been grounded
in reality using realistic parameter ranges for uncertainty analyses, the use of epidemiological
data for model fitting in this thesis provides another step towards exploring reductions in
AMR dynamics following livestock antibiotic stewardship in a more realistic context, not
previously conducted in contemporary one-health AMR models (Smith et al., 2002, van
Bunnik and Woolhouse, 2017).
This thesis also demonstrated the ability for non-pharmaceutical interventions to effectively
control the attack rate and peak prevalence of COVID-19 outbreak waves, with the most
effective reductions observed through the identification of optimal timing, magnitude of
reductions to transmission and the overall duration of NPIs. This ability to optimise NPIs has
also been corroborated across similar modelling studies conducted in parallel during the early
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stages of the COVID-19 pandemic in 2020 (Di Lauro et al., 2021, Morris et al., 2021). However,
the unique aspect of the work conducted in chapter 5 was the identification of optimal NPIs
across five different intervention strategies (ramping up, pulsed NPIs, etc.; Table 5.1), and the
exploration of different assumptions regarding the baseline SIR model structure. While the
primary conclusions of the utility and practicality of robust over optimal NPIs remained
unchanged throughout the exploration of these alternative case-studies/assumptions, the
work performed in this chapter has particular value in reinforcing the literature base
surrounding the importance of robust NPIs to tackle COVID-19.

6.3.2 Unintended consequences of disease interventions
Modelling work conducted in this thesis also demonstrated the existence of a number of
unintended consequences of interventions to control COVID-19 and AMR. Key examples
identified in chapter 3 and 4 were the unintended impacts of livestock antibiotic curtailment,
with increases in the incidence of salmonellosis following livestock antibiotic curtailment and
alterations to food product import policy changing the efficacy of local livestock antibiotic
curtailment on human resistance.
Small increases in the incidence of human salmonellosis were observed in chapter 3 and 4
following livestock antibiotic curtailment (Figure 3.4, 4.3 and 4.9). While not modelled across
the human/livestock interface, other modelling studies have identified similar small increases
in the human prevalence of S. pneumoniae following reductions in human antibiotic
curtailment (Davies et al., 2021). However, chapter 3 provides novel insight into these
increases in prevalence/disease following a loss of antibiotic pressure, by contextualising it
using a foodborne disease case study and the interventions that can be used to explicitly
mitigate these adverse consequences. The lack of previous modelling/exploration of this
phenomenon in a mechanistic transmission model is surprising, given the historical fears of
detrimental human health impacts following the curtailment of livestock antibiotic usage in
AMR literature (Casewell et al., 2003, Marshall and Levy, 2011, Phillips et al., 2004).
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The results of chapter 3 and 4 also have relevance outside of the niche of foodborne
pathogens at the livestock/human interface, with an increasing interest in the replacement
of antibiotic therapeutics in agriculture to prevent livestock disease. This includes both
therapeutic alternatives, such as vaccines and immunomodulatory therapies, and nontherapeutic alternatives, such as the improved biosecurity practices explored in chapter 3
(Cheng et al., 2014). However to date, no modelling approaches have been used to explore
these potential agricultural policy decisions specifically on livestock disease, such as mastitis
and S. enterica serovar Dublin (Landers et al., 2012). The modelling framework proposed in
chapter 3 could be applied and adapted to explore these single host (type) systems.
However, it is important to note that there is dissonance in AMR literature base regarding
these increases in carriage or incidence of foodborne bacteria following livestock antibiotic
curtailment. As an example, increases in the livestock usage of therapeutic antibiotics
following Danish bans on antibiotic growth promotion (AGP) were suggested to have been
driven by increases in livestock enteric disease, due to a loss of therapeutic antibiotic pressure
following bans on AGP (Hao et al., 2014, Marshall and Levy, 2011). However, these increases
in livestock disease were suggested to be attributable to increases in Danish livestock
production during a similar time period (Schlundt and Aarestrup, 2017). It also important to
note that the identified increases in foodborne disease in chapter 3 and 4 were small, with
negligible-to-1.2-fold increases in the incidence of foodborne disease.
To date, no modelling studies have explored the impact of food importation specifically on
the transmission dynamics of AMR, although its relevance has been highlighted in
epidemiological literature (George, 2019, Jans et al., 2018, Jung et al., 2022). However,
parallels can be drawn between the importance of external AMR transmission through
imports on local AMR dynamics/interventions and the results from other modelling studies.
As an example, other studies have similarly suggested that a 1% interaction between
subpopulations could potentially reduce the impact of alterations in antibiotic usage policy
on resistance by 50% (Olesen et al., 2020). The importance of external sources of AMR such
as importation, on disrupting local AMR dynamics, demonstrated in this chapter and in other
studies, reinforces the need to explicitly model the influence of AMR transmission from other
sources when exploring interventions to control AMR. This is especially relevant when
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considering the growing recognition that AMR transmission exists within a connected onehealth context.

6.3.3 Policy implications of intervention modelling
The unintended impacts of livestock antibiotic curtailment interventions in chapter 3 and 4,
have clear policy implications in the context of AMR. In particular, the detrimental effects on
human health identified in chapter 3 and the complexities associated with changing seemingly
unrelated trade policies on human health and interventions in chapter 4, highlight the
dangers of introducing interventions into systems that are poorly understood without
appreciable knowledge of the full range of consequences. This is especially relevant
considering that many AMR interventions have been historically introduced as part of a
“precautionary principle” type approach (Phillips et al., 2004, Tang et al., 2017). However, as
evidenced by the chapter 5, a “wait and see” type approach to fully explore the potential
consequences of an intervention, can also introduce a range of different issues. This is
evidenced by the utility of robust over optimal NPIs, with interventions often being better
introduced as early/strong/long as possible, as a risk-averse approach to avoid the risk of
misimplementation. However, it is important to note that despite the dichotomy between
the two approaches, it is unrealistic to suggest that interventions can be implemented with
perfect information on disease dynamics, nor can policy makers predict the most “riskaverse” approach to introduce interventions.
Additionally, the results of this thesis have implications outside of interventions to target
disease dynamics, as evidenced by the effect of imports on AMR dynamics in chapter 4. For
example, the need to ensure good biosecurity to reduce contamination on imports, through
adequate standards for trading partners and testing at border control posts, echoes much of
the pre-existing knowledge from food safety best practice and in one health literature (Figure
3.8) (US Food & Drug Administration, 2019, Youssef et al., 2021). This suggests that current
interventions and practices to ensure good biosecurity should not be overlooked, as the
impact of these best practices may have far-reaching consequences, especially with regard to
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seemingly unrelated policy changes, such as alterations to food product trade and
importation.
It is also important to consider the nature of the evidence generated throughout this thesis.
The model output from chapter 3, 4 and 5 should not be interpreted as predictions for the
impact of interventions on the trajectory of AMR and COVID-19 dynamics. This is especially
the case when considering the simplified nature of the models, which aimed to explore
qualitative patterns and disease dynamics rather than make concrete predictions. However,
as reflected by the focus on uncertainty and scenario analyses throughout this thesis, the
results generated from these models can be used by policy makers to explore the range of
potential impacts of interventions, and also to consider impacts that are not immediately
intuitive. This includes increases in incidence following livestock antibiotic curtailment and
the practicality of robust over optimal NPIs. This is also reflected in contemporary modelling
for COVID-19 and identified in AMR literature in chapter 2, with reports and AMR modelling
focusing on scenario/uncertainty modelling to inform policy makers and to reflect uncertainty
with the current epidemiological situation (Ferguson et al., 2020) (Table 2.11).

6.4

Limitations and model assumptions

6.4.1 Simplification of model structures
The AMR models used in this thesis simplify coexistence mechanisms between antibioticsensitive and resistant Salmonella spp. strains by acknowledging that different phenomenon
drive coexistence, but without explicitly modelling the different mechanisms. While the aim
of these models was not to explore the mechanisms which drive coexistence, studies have
identified that explicitly modelling these mechanisms, such as growth competition and
negative frequency-dependent selection of resistance, can qualitatively change the impact of
interventions on AMR dynamics (Davies et al., 2019, Davies et al., 2021). Additionally, the
inclusion of the ζ parameter in this thesis, representing the background transmission of
antibiotic-sensitive and antibiotic-resistant bacteria to livestock, violates the concept of
neutral-null modelling, with the ancestor-tracing of infections not possible (Lipsitch et al.,
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2009). Future models, which seek to explore the full range of potential impacts of
interventions on AMR dynamics, should explore these different dynamics through the explicit
modelling of coexistence mechanisms.

The final choice of model structure to describe livestock AMR dynamics in chapter 3 and 4
was limited by the need to model both antibiotic-sensitive and resistant strains, and the need
to model intermediate frequencies of antibiotic-resistance for given values of antibiotic usage
in livestock. Within-host competition models found in (Davies et al., 2021) were considered
for the livestock population, but a decision was made to adapt a model structure described
in (Spicknall et al., 2013), which modelled antibiotic-sensitive and resistant strains as a binary
phenomenon and with coexistence dynamics implicitly modelled. This decision was made due
to the explicit modelling of a majority-minority relationship of strains in the former model
structure, requiring parameterisation of the relative share that each strain contributes to
livestock-to-human transmission. As an example, transmission from each mixed infection
compartment could be set at a 75/25 split, with the dominant strain in each compartment
having the greatest influence on livestock-to-human transmission. However, this is an
arbitrary method for parameterisation, with the only alternative to infer the value of this
relationship using a model fitting approach, with this adding further complexity and speed
penalties to the ABC-SMC inference method used in this thesis. This was avoided in the final
model structure chosen for chapter 3 and 4, at the cost of implicitly modelling coexistence
mechanisms between both strains. However as highlighted in the latter paragraph, inclusion
of within-host coexistence mechanisms described in (Davies et al., 2021) should be explored
in future AMR intervention modelling at the one-health interface.

Similar to the AMR models used throughout this thesis, the SIR model was chosen in chapter
5 due to the simplicity of the model structure. Inclusion of greater levels of model complexity,
such as risk-stratification of the population by age or vulnerability, could more accurately
describe the dynamics of COVID-19 in response to NPIs. However, it was not the intention of
this chapter to predict the exact timing, duration and strength of NPIs to control COVID-19;
rather it was to demonstrate the existence of these optima.
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Despite the usage of similar SIR-derived models for chapter 3, 4 and 5, it is important to
highlight the fundamental differences between AMR and COVID-19 as modelled human
health threats. For example, obligate foodborne pathogens such as Salmonella spp. are
primarily foodborne, requiring the modelling of both a livestock and human population, while
COVID-19 is almost entirely transmitted through person-to-person transmission (Centers for
Disease Control and Prevention, 2013). Additionally, at the time of writing of chapter 5 (early
2020), it was understood that COVID-19 was a single strain pathogen. This contrasted with
the need to model both antibiotic-sensitive and resistant strains to model coexistence
dynamics in AMR chapters 3 and 4 (Spicknall et al., 2013). With the rise of Delta and Omicron
variants throughout the COVID-19 pandemic, future COVID-19 models may require the
exploration of inter-strain dynamics, which could be influenced by AMR modelling structures
utilising coexistence dynamics, especially neutral-null modelling and within-host dynamics
(Davies et al., 2019, Lipsitch et al., 2009). This may introduce an element of commonality
between future AMR and COVID-19 modelling approaches.
The state of COVID-19 modelling has also rapidly expanded since the conceptualisation of the
work presented in chapter 5, with better knowledge of the epidemiology and pathogenesis
of COVID-19 enabling the development of models with a more predictive capacity. This
includes a greater understanding of the impacts of vaccination on COVID-19 transmission
(Silva et al., 2021). However, the results in this chapter still provide a useful framework to
understand of the importance of robust interventions and the risks of misimplementation.
Additionally, the exploration of uncertainty and more theoretically enlightening exercises
such as NPI optimisation also have a place in policy, allowing policy makers to understand the
potential range of impacts following the introduction of a hypothetical intervention.
It is also important to recognise the uncertainty surrounding the animal-to-human
transmission of AMR in epidemiological literature, with the existence of the βHA parameter in
this thesis assuming that this transmission pathway occurs at an appreciable level (Tang et al.,
2017). However, the use of a foodborne bacteria case study represents one of the clearest
links of transmission directly from livestock to human populations, and consequently an
intuitive link for AMR transmission between livestock and human populations. This can be
observed with foodborne bacteria such as Salmonella spp. having established livestock
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reservoirs, livestock being the primary driver of foodborne disease in humans and there being
strong evidence of AMR contamination along the farm-to-fork pathway (Stevens et al., 2009).
Chapters 3 and 4 of this thesis only model a small number of potential
phenomenon/mechanisms that could be explored to identify the unintended impacts of AMR
interventions. As identified in chapter 2, large gaps in AMR modelling literature still exist. Key
examples include a lack of modelling of environmental reservoirs and the influence of
aquaculture for the transmission of AMR (Figure 2.5 and Table 2.8). These literature gaps are
also highlighted in related reviews assessing the state of dynamic epidemiological models and
risk assessment models (Caffrey et al., 2019, Niewiadomska et al., 2019). As an example, the
environmental pathway has been hypothesized as an important potential reservoir of AMR,
with this including wastewater and faecal contamination of water by livestock (Booton et al.,
2021, Woolhouse et al., 2015). Therefore, the environmental reservoir could play an
important role in maintaining resistance in populations despite the introduction of one-health
interventions in livestock, with this being magnified in communities where the spatial
separation between livestock keeping and households is lower (Graham et al., 2017).
It is also important to note the transmission-related fitness costs of antibiotic resistance (α)
utilised in the models in this thesis, were between 0.9-55.5% in chapter 3 and 4 (Table 3.2 and
Table 4.3). This can be compared to the values observed in literature for epidemiological or
transmission-related fitness costs for Mycobacterium tuberculosis of 37% and ranging up to
68% in other studies. While this represents a different bacteria case study to Salmonella spp.
studied in this thesis, this suggests a similar range to the fitted values identified in chapter 3
and 4 (Knight et al., 2018, Luciani et al., 2009, Pečerska et al., 2021). However, more relevant
studies are needed on the fitness of AMR Salmonella spp. to fully validate the α values
identified in this thesis.
The way the models used in chapter 3 and 4 are formulated means that the α parameter is
the only mechanism driving a reduction in resistance between livestock and human
Salmonella spp. carriage/infection. This is important to consider, as a difference in antibiotic
resistance can be observed between livestock and human populations in chapter 4, with a
0.417 and 0.207 proportion of resistance in livestock and human Salmonella spp. isolates
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respectively. Therefore, the model contains an implicit assumption that the only mechanism
driving decreases in resistance between species for foodborne bacteria is a transmissionrelated fitness cost for antibiotic-resistance. This should be further explored in future
modelling to explicitly describe mechanisms that may decrease resistance along the farm-tofork pathway. This includes sub-lethal food preservation stresses such as heat and salt, which
may decrease phenotypic antibiotic-resistance in Salmonella spp. and Campylobacter spp.
(Verraes et al., 2013).
Interestingly, discrepancies were identified in the reduction in human resistance upon
livestock antibiotic curtailment observed in chapter 3 (Figure 3.4) compared to the model in
chapter 4 which eliminated import (Appendix Figure I1). This difference occurred despite the
use of the same usage/resistance dataset for ampicillin usage in fattening pigs. This was an
interesting result, as the models in chapter 3 and 4 should be functionally identical when ψ =
1. However, this difference can likely be attributed to the use of different ABC-SMC thresholds
for each generation which were optimised for the model with import, in the no import model
fit in chapter 4 (Appendix Table G1-2), as well as the use of a different UK-specific case study.
The smaller sum of square distance measure obtained from the chapter 3 model, when
compared to the chapter 4 model where ψ = 1, also suggests a better fit to data in the former
chapter, and that the homogenous and heterogeneous import models may require further
exploration. This is to ensure that dynamics present in the underlying epidemiological data
can still be effectively described when compared to a null-model without food product
importation (Table 3.2 and Table 4.3).
It is important to note a lack of convergence of the approximation of the posterior distribution
obtained through the ABC-SMC inference approach for certain model parameters, this
includes the z parameter in chapter 3 and FracImpnEU and PropResImpnEU parameters in chapter
4. The lack of convergence for the z parameter in chapter 3 can likely be attributed to the
interplay between z and bAA parameters in determining the incidence of salmonellosis, with
multiple combinations of z and bAA potentially resulting in the same value of salmonella
incidence in the human population. Similarly, the approximated posterior distribution and
resulting mean for FracImpnEU and PropResImpnEU parameters in chapter 4 reflect their
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respective prior distributions. This can likely be attributed to the lack of importance of these
parameters in determining the modelled value for the summary statistics used. Use of more
informative prior distributions for contamination and resistance on imports from non-EU
exporters or stratification of non-EU exporters into individual countries could be used to
resolve the lack of convergence for future parameter inference approaches.

6.4.2 Data limitations
In chapter 3 and 4, antibiotic sales data from ESVAC was used as a proxy for antibiotic usage,
with sales data scaled for relevant livestock host species through a calculation of the relative
share of the livestock-specific population correctional unit (PCU) to the overall livestock
biomass/PCU (Appendix C). Ideally, antibiotic usage data such as “Used Daily Dose” or
“Defined Daily Dose” would be used instead of the antibiotic sales proxy (Kasabova et al.,
2019). However, the use of sales as a proxy was justified due to the lack of high-resolution,
farm-level antibiotic usage data for different drug/bug/host combinations stratified by
different EU countries required for the models in chapter 3 and 4 (Van Boeckel et al., 2015).
The assumption of sales as an accurate proxy for usage could be tested through future
statistical analysis into the association between antibiotic sales and recorded farm-level
prescription/usage for different livestock species.
Antibiotic-resistance data from EFSA on the proportion of isolates from fattening pig carcases
that were antibiotic-resistant was used throughout this thesis for model fitting purposes
(European Food Safety Authority, 2017a, European Food Safety Authority, 2018a, European
Food Safety Authority, 2019b, European Food Safety Authority, 2020). However, this data was
relatively poor quality, with low sample sizes for each country. Ideally, data from live livestock
or from the caecum of carcasses would have been used to parameterise the livestock
population of the models in chapter 3 and 4 (Martelli et al., 2021). This can be considered the
closest representation of the true extent of resistance in livestock. However, this data is
sparse, with more comprehensive resistance data from carcass swabs utilised instead. Carcass
swab data was also present at low sample sizes for a number of countries, therefore EFSA
standards were applied to remove countries with <10 samples from the dataset. However,
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large level of uncertainty was still present for point proportion estimates (Figure 3.3 and 4.3).
This reinforces points made in the systematic scoping review in chapter 2 and from AMR
literature, identifying a general need for improvement in livestock AMR surveillance
throughout the farm-to-fork pathway, which will serve to improve both future datasets and
parameter influence (Van Boeckel et al., 2019).
An assumption was also made regarding the temporal relationship between antibiotic
sales/usage and antibiotic resistance in chapter 3 and 4. For example, pairing together sales
and usage data creates an implicit assumption that yearly antibiotic usage has a direct
influence on antibiotic-resistance from that specific year. While delays between exposure to
antibiotics and alterations to resistance have been recognised in literature, this has been
identified to an order of months, rather than years, suggesting that the implicit association
between yearly usage and resistance can be considered reasonably valid (Aarestrup, 2005).
Additionally, a temporal stability of antibiotic sales and resistance from 2015-2018 was
identified for the majority of included countries in the EFSA and ESVAC datasets, suggesting
that the potential effects of a delay in the change of usage on resistance could be safely
ignored for the four-year period explored (Appendix B and C).
Similar to the lack of model validation identified in the systematic scoping review in chapter
2, there was also a general inability to validate the model output in chapter 3 and 4. This can
be attributed to the difficulty in attributing decreases in resistance to livestock antibiotic
curtailment due to potential confounding with other factors/interventions and the inability
to validate the effects of theoretical interventions. However, there are discrepancies with the
model output in this thesis and data from literature. As an example, source attribution studies
have identified the proportion of import-attributable salmonellosis as 6.4-9.9%, which
suggests an overestimation by the model in chapter 4 (51.1%) (Pires et al., 2014). This could
be attributed to a lack of modelling of alternative transmission pathways, such as the
influence of travel-related infections or other mechanisms in the farm-to-fork pathway that
may reduce the overall level of risk of contamination on imported food products to
consumers, such as effective border examination of imports (Pires et al., 2014).
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6.5

Future recommendations

Based on the results in this thesis there are several future avenues of research that would
further expand current understanding of the impact of interventions on the transmission
dynamics of COVID-19 and AMR. As stated throughout chapter 3 and 4, coexistence
mechanisms were simplified in the model structures included in the AMR chapters of this
thesis. Future expansion of these models could include hypothesis testing the impact of
different mechanisms and model structures on AMR dynamics and modelled interventions.
As an example, within-host dynamics such as the negative frequency-dependent growth of
resistance has been incorporated into multiple contemporary AMR models as a method to
explore the impacts of explicit coexistence mechanisms on model dynamics (Davies et al.,
2019, Davies et al., 2021, Olesen et al., 2020). The impact of this within-host mechanism of
coexistence has been proven to qualitatively change the impact of interventions such as
vaccinations, and would therefore be an interesting phenomenon to explore in future models
to assess the impact on livestock antibiotic curtailment and food import policy changes.
Future models could also include the addition of an environmental reservoir as a “population”
of interest (Niewiadomska et al., 2019, Woolhouse et al., 2015). This could function in a similar
way to AMR contamination on food import as seen with chapter 4, with transmission pressure
from an environmental reservoir offsetting decreases in resistance from livestock antibiotic
curtailment. It is important to note that frameworks have already been conceptualised to
model the role of the environment, which could be adapted to chapter 3 and 4 models (Rees
et al., 2021).
Opportunistic bacteria responsible for nosocomial infections such as K. pneumonia, E. coli and
E. faecium could also be explored in the context of livestock antibiotic curtailment and the
impact of food importation, or even just the general influence of external AMR transmission
(World Health Organisation, 2017). This would be of interest, as the clonal transmission of
AMR pathogens is not the only mechanism for the dissemination of resistance, with horizontal
gene transfer of mobile genetic elements in commensals also posing an important threat,
such as mcr-1 genes and blaTEM/blaCTX-M genes on plasmids in extended-spectrum β-lactamase
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(ESBL) producing E. coli and K. pneumoniae (Bora et al., 2014, Evans et al., 2020, Wang et al.,
2018). This would require the adaptation of the model structure to model the fundamentally
different dynamics associated with commensal bacteria when compared to the foodborne
bacteria modelled in chapter 2 and 3. This includes modelling the ability for humans to act as
long-term reservoirs of AMR and modelling antibiotic pressure in both livestock/human
populations (van Bunnik and Woolhouse, 2017).
Chapter 3 and 4 were limited by the availability of epidemiological surveillance data, with
uncertainty in the estimates for the point prevalence of antibiotic resistance and difficulty in
parameterising βxx transmission parameters. Genomic analysis of isolates sampled
throughout the farm-to-fork pathway could complement existing available surveillance data
for model parameterisation. As an example, whole genome sampling of Klebsiella spp. and
identification of transmission events using SNP thresholds to parameterise β transmission
parameters in literature, has demonstrated the viability integrating genomic and modelling
approaches (Thorpe et al., 2021). Use of open-access sequences found in databases such as
the NCBI Sequence Read Archive (SRA) could provide an avenue for future model
parameterisation and integration of modelling and genomics. However, establishing evidence
of transmission events in genomic studies for use in modelling requires the use of temporally
and spatially linked sampling of pathogens, which can only be realistically achieved through
specifically designing sampling frameworks which aim to identify evidence of AMR
transmission in a one health system (Wee et al., 2020).
It is important to note the recent increase in sampling frameworks specifically aiming to
assess evidence of AMR transmission between livestock/environment/human populations
(Gouliouris et al., 2018, Ludden et al., 2019). However, the conclusions of these studies have
often been limited to highly specific regions, populations and diseases, such as farm workers
and invasive human E. coli infections, which are likely not representative of the extent of
human exposure to livestock AMR bacteria. However, there are obvious trade-offs with
sampling, which are ultimately as a result of time/cost limitations. This could potentially be
resolved by a consideration of modelling and model parameterisation when designing
sampling frameworks for future studies, with sampling occurring in regions and populations
of interest to the modelling study. In the context of the research performed in this thesis, this
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could include sampling across the farm-to-fork pathway, in human patients with salmonellosis
and in livestock (Thorpe et al., 2021).

6.6

Overall conclusions

The main aim of this thesis was to explore the impact of interventions on the transmission
dynamics of two major threats to human health: AMR and COVID-19. This was achieved
through the use of mathematical modelling to model the impact of interventions such as
livestock antibiotic curtailment and non-pharmaceutical interventions. This thesis identified
intuitive, intended impacts following the introduction of these interventions, such as the
control of COVID-19 and reductions in the extent of antibiotic resistant foodborne disease in
humans. However, a number of unintended consequences of interventions were also
identified, with increases in overall foodborne disease, alterations to the efficacy of livestock
antibiotic curtailment following alterations in food trade policy and the fragility of so-called
“optimal” NPIs.
This thesis reinforces the idea that introducing interventions into a connected one-health
system, and even within just a single population, as seen with COVID-19 modelling, is complex
and nuanced. The work highlights the role of mathematical models as an essential tool to
further explore complexities in the introduction of interventions and to quantify/explore
intuition in epidemiological literature. However, as identified in the systematic scoping
review, a number of key literature gaps still exist in mechanistic modelling literature. By
addressing these literature gaps and the future directions posed by the work presented in this
thesis, the evidence base for the impact of interventions on disease dynamics can be
strengthened, which will ultimately aid in combatting the ongoing COVID-19 and AMR crises.
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7.2

Appendix B – EFSA data

Figure B1. Stability of ampicillin and tetracycline resistance during 2014/2016-2018 across
each country in the EFSA data set for broiler poultry. Note that the unmarked Y-axis
corresponds to 2014 (lowest) to 2018 (highest) for all countries.
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Figure B2. Stability of ampicillin and tetracycline resistance during 2015-2019 across each
country in the EFSA data set for fattening pigs. Note that the unmarked Y-axis corresponds
to 2015 (lowest) to 2019 (highest) for all countries.

187

Table B1. EFSA data on the proportion of Salmonella spp. isolates from broiler poultry carcasses that are tetracycline-resistant for 2014/2016-2018.
Country
N_14 N_16 N_17 N_18 Pos_14 Pos_16 Pos_17 Pos_18 Res_14 Res_16 Res_17 Res_18
Austria
113
179
170
57
96
120
0.504
0.536
0.706
Belgium
167
123
170
173
12
43
52
73
0.072
0.350
0.306
0.422
Bulgaria
17
3
5
17
2
1
1.000
0.667
0.200
Croatia
126
125
84
14
19
16
0.111
0.152
0.190
Cyprus
45
24
35
31
23
32
0.689
0.958
0.914
Czech
212
91
120
116
43
11
15
11
0.203
0.121
0.125
0.095
Republic
Denmark
26
20
21
31
8
15
11
17
0.308
0.750
0.524
0.548
Estonia
1
0
0
0.000
Finland
1
3
0
0
0
0.000
0.000
France
36
29
165
2
2
14
0.056
0.069
0.085
Germany
28
24
28
7
9
8
0.250
0.375
0.286
Greece
20
27
21
24
3
0
0
5
0.150
0.000
0.000
0.208
Hungary
169
170
170
114
128
80
0.675
0.753
0.471
Ireland
16
14
22
1
1
0
0.063
0.071
0.000
Italy
66
25
116
121
35
15
65
72
0.530
0.600
0.560
0.595
Latvia
2
0
1
0.500
Luxembourg
3
1
0
0
0
0.000
0.000
Malta
60
80
65
21
43
13
0.350
0.538
0.200
Netherlands
88
7
27
5
0.307
0.714
Poland
85
84
95
18
25
49
0.212
0.298
0.516
Portugal
51
51
52
66
5
10
2
3
0.098
0.196
0.038
0.045
Romania
554
170
170
347
71
71
0.626
0.418
0.418
Slovakia
19
53
61
13
19
29
0.684
0.358
0.475
Slovenia
85
85
75
129
70
81
70
114
0.824
0.953
0.933
0.884
Spain
135
169
159
170
45
43
39
55
0.333
0.254
0.245
0.324
Sweden
170
3
0
33
0
0.194
0.000
United
168 1717
171
34
689
7
0.202
0.401
0.041
Kingdom
Iceland
16
3
5
0
0
0
0.000
0.000
0.000
Norway
2
0
0
0.504
0.536
0.706
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Table B2. EFSA data on the proportion of Salmonella spp. isolates from fattening pig carcasses that are tetracycline-resistant for 2015-2019.
Country
N_15 N_16 N_17 N_18 N_19 Pos_15 Pos_16 Pos_17 Pos_18 Pos_19 Res_15 Res_16 Res_17 Res_18 Res_19
Austria
5
5
Belgium
183
92
98
103
62
42
48
45
0.339
0.457
0.490
0.339
Bulgaria
6
4
2
0
0.333
Croatia
31
22
25
46
13
16
12
21
0.419
0.727
0.480
0.419
Cyprus
4
4
2
0
1
0
0.250
Czech
23
19
21
22
11
23
7
9
11
8
1.000
0.368
0.429
0.500
1.000
Republic
Denmark
78
94
69
85
125
10
42
33
34
57
0.130
0.447
0.478
0.400
0.130
Estonia
10
8
9
11
9
3
2
0
1
0
0.308
0.250
0.000
0.091
0.308
Finland
1
5
0
0
0.000
France
115
206
204
63
131
120
0.548
0.636
0.548
Germany
51
31
15
32
16
4
0.627
0.516
0.627
Greece
1
2
1
1
1.000
Hungary
8
19
30
6
5
14
0.750
0.263
0.750
Ireland
54
62
36
35
0.667
Italy
42
124
95
197
16
56
57
108
0.381
0.452
0.600
Latvia
2
1
4
6
2
0
0
3
1.000
0.000
0.000
1.000
Malta
16
2
10
4
1
2
0.250
0.500
0.250
Netherlands
15
17
23
5
7
8
0.333
0.412
Poland
10
24
20
6
8
8
0.600
0.333
0.600
Portugal
48
10
34
3
17
40
9
16
3
14
0.833
0.900
0.471
1.000
0.833
Romania
23
6
3
8
2
0
0.348
0.333
0.348
Slovakia
11
19
9
2
3
3
0.182
0.158
0.182
Slovenia
4
1
Spain
128
180
166
94
153
112
0.734
0.850
0.734
Sweden
1
1
United
9
4
9
3
2
3
0.333
0.500
0.333
Kingdom
Iceland
7
6
10
2
0
4
0.286
0.000
0.286
Republic of
1
1
1.000
Macedonia
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Table B3. EFSA data on the proportion of Salmonella spp. isolates from broiler poultry carcasses that are ampicillin-resistant for 2014/2016-2018.
Country
N_14 N_16 N_17 N_18 Pos_14 Pos_16 Pos_17 Pos_18 Res_14 Res_16 Res_17 Res_18
Austria
113
179
170
2
3
4
0.018
0.017
0.024
Belgium
167
123
170
173
48
42
56
68
0.287
0.341
0.329
0.393
Bulgaria
17
3
5
8
0
0
0.471
0.000
0.000
Croatia
126
125
84
9
3
14
0.071
0.024
0.167
Cyprus
45
24
35
16
3
8
0.356
0.125
0.229
Czech
212
91
120
116
16
13
24
4
0.075
0.143
0.200
0.034
Republic
Denmark
26
20
21
31
8
1
4
9
0.308
0.050
0.190
0.290
Estonia
1
1
1.000
Finland
1
3
0
0
0.000
0.000
France
36
29
165
1
4
11
0.028
0.138
0.067
Germany
28
24
28
1
5
3
0.028
0.208
0.107
Greece
20
27
21
24
1
0
1
0
0.050
0.000
0.048
0.000
Hungary
169
170
170
9
17
51
0.053
0.100
0.300
Ireland
16
14
22
2
1
1
0.125
0.071
0.045
Italy
66
25
116
121
29
12
55
51
0.436
0.480
0.474
0.421
Latvia
2
0
0.000
Luxembourg
3
1
0
0
0.000
0.000
Malta
60
80
65
24
34
32
0.400
0.425
0.492
Netherlands
88
7
35
2
0.398
0.286
Poland
85
84
95
19
9
13
0.224
0.107
0.137
Portugal
51
51
52
66
8
12
10
7
0.157
0.235
0.192
0.106
Romania
554
170
170
129
50
29
0.233
0.294
0.171
Slovakia
19
53
61
2
11
23
0.105
0.208
0.377
Slovenia
85
85
75
129
7
17
15
29
0.082
0.200
0.200
0.225
Spain
135
169
159
170
54
51
36
22
0.400
0.302
0.226
0.129
Sweden
170
3
6
0
0.035
0.000
United
168 1717
171
6
294
5
0.036
0.171
0.029
Kingdom
Iceland
16
3
5
0
0
5
0.000
0.000
1.000
Norway
2
0
0.000
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Table B4. EFSA data on the proportion of Salmonella spp. isolates from fattening pig carcasses that are ampicillin-resistant for 2015-2019.
Country
N_15 N_16 N_17 N_18 N_19 Pos_15 Pos_16 Pos_17 Pos_18 Pos_19 Res_15 Res_16 Res_17 Res_18 Res_19
Austria
5
5
1.000
Belgium
183
92
98
103
77
51
64
58
0.421
0.554
0.653
0.563
Bulgaria
6
4
2
0
0.333
0.000
Croatia
31
22
25
46
15
14
13
19
0.484
0.636
0.520
0.413
Cyprus
4
4
2
3
1
0
0.750
0.250
0.000
Czech
23
19
21
22
11
6
6
9
13
7
0.261
0.316
0.429
0.591
0.636
Republic
Denmark
78
94
69
85
125
28
40
38
38
57
0.359
0.426
0.551
0.447
0.456
Estonia
10
8
9
11
9
2
1
1
4
1
0.200
0.125
0.111
0.364
0.111
Finland
1
5
0
0
0.000
0.000
France
115
206
204
47
93
90
0.409
0.451
0.441
Germany
51
31
15
29
20
8
0.569
0.645
0.533
Greece
1
2
1
1
1.000
0.500
Hungary
8
19
30
7
5
13
0.875
0.263
0.433
Ireland
54
62
35
42
0.648
0.677
Italy
42
124
95
197
10
49
44
93
0.238
0.395
0.463
0.472
Latvia
2
1
4
6
0
0
0
3
0.000
0.000
0.000
0.500
Malta
16
2
10
3
2
1
0.188
1.000
0.100
Netherlands
15
17
23
5
3
6
0.333
0.176
0.261
Poland
10
24
20
6
8
9
0.600
0.333
0.450
Portugal
48
10
34
3
17
25
9
11
2
14
0.521
0.900
0.324
0.667
0.824
Romania
23
6
3
11
3
1
0.478
0.500
0.333
Slovakia
11
19
9
3
3
3
0.273
0.158
0.333
Slovenia
4
1
0.250
Spain
128
180
166
70
143
98
0.547
0.794
0.590
Sweden
1
1
1.000
United
9
4
9
3
2
1
0.333
0.500
0.111
Kingdom
Iceland
7
6
10
2
2
4
0.286
0.333
0.400
Republic of
1
1
1.000
Macedonia
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Table B5. EFSA data on the proportion of Salmonella spp. isolates from humans that are ampicillin/tetracycline-resistant for countries included in the
broiler poultry case study (2014-2019).
Country
Amp_14 Amp_15 Amp_16 Amp_17 Amp_18 Amp_19 Tet_14 Tet_15 Tet_16 Tet_17 Tet_18 Tet_19
Austria
0.146
0.135
0.132
0.148
0.138
0.114
0.173
0.16
0.156
0.175
0.166
0.129
Belgium
0.398
0.425
0.518
0.596
0.466
0.332
0.391
0.459
0.51
0.411
Bulgaria
Croatia
Cyprus
0.309
0.245
0.276
0.253
0.333
0.189
0.314
Czech
Republic
Denmark
0.398
0.331
0.402
0.406
0.365
0.426
0.43
0.309
0.381
0.39
0.371
0.416
Estonia
0.381
0.22
0.355
0.064
0.079
0.281
0.19
0.205
0.376
0.087
0.083
0.28
Finland
0.208
0.134
0.25
0.248
0.23
0.271
0.195
0.137
0.225
0.243
0.23
0.262
France
0.291
0.326
0.298
0.353
0.285
0.218
0.4
0.418
0.309
0.385
0.346
0.26
Germany
0.287
0.434
0.301
0.25
0.27
0.263
0.271
0.23
0.231
0.218
Greece
0.063
0.081
0.814
0.06
0.096
0.073
0.8
0
0.06
Hungary
0.252
0.374
0.674
0.636
0.302
0.344
0.58
0.683
0.576
0.364
Ireland
0.365
0.337
0.294
0.335
0.232
0.21
0.327
0.342
0.313
0.246
0.265
0.249
Italy
0.306
0.549
0.47
0.374
0.444
0.432
0.369
0.507
0.485
0.404
0.444
0.487
Latvia
0.231
0.125
0.154
0.273
0.132
0.198
Luxembourg
0.167
0.358
0.269
0.278
0.38
0.29
0.373
0.476
0.324
0.333
0.4
0.346
Malta
0.53
0.683
0.432
0.346
0.336
0.171
Netherlands
0.323
0.274
0.294
0.343
0.282
0.271
0.338
0.299
0.287
0.31
0.291
0.252
Poland
0.179
0.242
0.237
0.412
0.341
0.213
Portugal
0.55
0.514
0.529
0.344
0.375
0.292
0.54
0.507
0.532
0.332
0.402
0.283
Romania
0.213
0.254
0.255
0.241
0.144
0.259
0.134
0.148
0.142
0.278
0.136
0.204
Slovakia
0.121
0.066
0.082
0.093
0.107
0.132
0.123
0.073
0.06
0.093
0.142
0.129
Slovenia
0.118
0.156
0.116
0.196
0.149
0.35
0.107
0.162
0.132
0.229
0.175
0.363
Spain
0.462
0.451
0.374
0.331
0.42
0.422
0.469
0.439
0.382
0.333
0.405
0.359
Sweden
0.289
0.264
United
0.181
0.213
0.231
0.208
0.178
0.185
0.21
0.24
0.299
0.273
0.268
0.197
Kingdom
Iceland
0.188
0.609
0.452
0.281
0.423
Norway
0.284
0.157
0.206
0.158
0.181
0.539
0.383
0.44
0.313
0.213
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Table B6. EFSA data on the proportion of Salmonella spp. isolates from humans that are ampicillin/tetracycline-resistant for countries included in the
fattening pig case study (2014-2019).
Country
Amp_14 Amp_15 Amp_16 Amp_17 Amp_18 Amp_19 Tet_14 Tet_15 Tet_16 Tet_17 Tet_18 Tet_19
Austria
0.146
0.135
0.132
0.148
0.138
0.114
0.173
0.16
0.156
0.175
0.166
0.129
Belgium
0.398
0.425
0.518
0.596
0.466
0.332
0.391
0.459
0.51
0.411
Bulgaria
Croatia
Cyprus
0.309
0.245
0.276
0.253
0.333
0.189
0.314
Czech
Republic
Denmark
0.398
0.331
0.402
0.406
0.365
0.426
0.43
0.309
0.381
0.39
0.371
0.416
Estonia
0.381
0.22
0.355
0.064
0.079
0.281
0.19
0.205
0.376
0.087
0.083
0.28
Finland
0.208
0.134
0.25
0.248
0.23
0.271
0.195
0.137
0.225
0.243
0.23
0.262
France
0.291
0.326
0.298
0.353
0.285
0.218
0.4
0.418
0.309
0.385
0.346
0.26
Germany
0.287
0.434
0.301
0.25
0.27
0.263
0.271
0.23
0.231
0.218
Greece
0.063
0.081
0.814
0.06
0.096
0.073
0.8
0.06
Hungary
0.252
0.374
0.674
0.636
0.302
0.344
0.58
0.683
0.576
0.364
Ireland
0.365
0.337
0.294
0.335
0.232
0.21
0.327
0.342
0.313
0.246
0.265
0.249
Italy
0.306
0.549
0.47
0.374
0.444
0.432
0.369
0.507
0.485
0.404
0.444
0.487
Latvia
0.231
0.125
0.154
0.273
0.132
0.198
Malta
0.53
0.683
0.432
0.346
0.336
0.171
Netherlands
0.323
0.274
0.294
0.343
0.282
0.271
0.338
0.299
0.287
0.31
0.291
0.252
Poland
0.179
0.242
0.237
0.412
0.341
0.213
Portugal
0.55
0.514
0.529
0.344
0.375
0.292
0.54
0.507
0.532
0.332
0.402
0.283
Romania
0.213
0.254
0.255
0.241
0.144
0.259
0.134
0.148
0.142
0.278
0.136
0.204
Slovakia
0.121
0.066
0.082
0.093
0.107
0.132
0.123
0.073
0.06
0.093
0.142
0.129
Slovenia
0.118
0.156
0.116
0.196
0.149
0.35
0.107
0.162
0.132
0.229
0.175
0.363
Spain
0.462
0.451
0.374
0.331
0.42
0.422
0.469
0.439
0.382
0.333
0.405
0.359
Sweden
0.289
0.264
United
0.181
0.213
0.231
0.208
0.178
0.185
0.21
0.24
0.299
0.273
0.268
0.197
Kingdom
Iceland
0.188
0.609
0.452
0.281
0.423
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7.3

Appendix C – ESVAC data

European Surveillance of Veterinary Antimicrobial Consumption (ESVAC) antibiotic sales data
was used in this thesis (chapter 3 and 4) as a proxy for livestock antibiotic usage (European
Surveillance of Veterinary Antimicrobial Consumption, 2016, European Surveillance of
Veterinary Antimicrobial Consumption, 2017, European Surveillance of Veterinary
Antimicrobial Consumption, 2018, European Surveillance of Veterinary Antimicrobial
Consumption, 2019, European Surveillance of Veterinary Antimicrobial Consumption, 2020).
This measure was used due to a lack of livestock species-specific antibiotic usage surveillance
data stratified by country. However, livestock antibiotic sales are not an exact proxy measure
for usage, nor has a definitive link been proven between these two quantities. Due to a lack
of more relevant epidemiological surveillance data, the ESVAC sales dataset was deemed
sufficient.
The ESVAC dataset provides antibiotic sales expressed in mg/PCU for all livestock,
representing a composite measure of milligram (mg) of active ingredient normalised by the
population correction unit (PCU). This latter measure, PCU, can be considered the total
biomass of all livestock populations potentially treatable with antimicrobials. A scaling
calculation was conducted to scale the non-specific overall livestock antibiotic sales to be
species-specific for each case study.
This scaling was performed by first identifying the proportion PCU of the particular livestock
species of interest in each case study, in relation to the total livestock PCU in each country.
This country-specific proportion was then used to scale the level of antibiotic usage (mg/PCU)
for the specific livestock species of interest for each country. This was repeated for every
included year for each country in each case study. Note that for chapter 3 and 4, g/PCU was
used as the antibiotic sales unit of measurement for all model fitting. An example of this
scaling calculation using the average across each considered country in the dataset for each
case study can be found below (countries with n > 10 samples) (Appendix Table C1).
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Table C1. Scaling for species-specific antibiotic sales using the averages across included
countries/years as illustrative example.
Case
Study

Livestock
Species

Antibiotic
Resistance

Total
PCU

Livestockspecific
PCU

Fraction of
the
country
PCU

1 (n = 69)

Broiler
Poultry
Broiler
Poultry
Fattening
Pigs
Fattening
Pigs

Ampicillin

2134.86

304.896

Tetracycline 2134.86

2 (n = 69)
3 (n = 37)
4 (n = 37)

Scaled
Antibiotic
Sales
(mg/PCU)

0.142828

Country
level
Antibiotic
Sales
(mg/PCU)
24.46256

304.896

0.142828

34.02772

4.860097

2134.86

693.0439

0.324632

25.07895

8.14143

Tetracycline 2134.86

693.0439

0.324632

33.45789

10.8615

Ampicillin

3.493929

The final scaled measure was therefore the country-level antibiotic sales scaled by the
livestock-specific biomass and not necessarily the livestock-specific level of antibiotic usage
for each country. However, in lieu of more accurate antibiotic usage surveillance data, this
proxy measure was used in the model fitting process. Note that all four case studies were
used in chapter 3, but only the ampicillin in fattening pigs case study was used for chapter 4.
ESVAC data stratified by year and finalised raw data can be found in Appendix Figures C1-2
and Tables C2-3.
It is important to note that this scaling calculation assumes that the antibiotic usage per
biomass (PCU) is equal. However, it is likely that antibiotic usage across the biomass of
different livestock food animals is asymmetrical (Bondt et al., 2013). This assumption was
made due to the lack of higher resolution data on antibiotic usage in livestock species across
the EU. It is likely that the absolute values of the fitted parameter values might be altered for
each of the model fits if a more realistic calculation of antibiotic usage for fattening pigs and
broiler poultry was used. However, it is unlikely that the qualitative results of the model would
have been substantially altered by these parameter values.
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Figure C1. Stability of ampicillin and tetracycline usage during 2014-2018 across each
country in the ESVAC data set for broiler poultry. Note that the unmarked Y-axis corresponds
to 2014 (lowest) to 2018 (highest) for all countries.
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Figure C2. Stability of ampicillin and tetracycline usage during 2014-2019 across each
country in the ESVAC data set for fattening pigs. Note that the unmarked Y-axis corresponds
to 2014 (lowest) to 2019 (highest) for all countries.

197

Table C2. ESVAC Data for tetracycline/ampicillin sales scaled for broiler poultry for 2014/2016-2018.
Country
Austria
Belgium
Bulgaria
Croatia
Cyprus
Czech
Republic
Denmark
Estonia
Finland
France
Germany
Greece
Hungary
Ireland
Italy
Latvia
Luxembourg
Malta
Netherlands
Poland
Portugal
Romania
Slovakia
Slovenia
Spain
Sweden
United
Kingdom
Iceland
Norway

Tet_14
Tet_16
Tet_17
Tet_18
Amp_14
Amp_16
Amp_17
Amp_18
(mg/PCU) (mg/PCU) (mg/PCU) (mg/PCU) (mg/PCU) (mg/PCU) (mg/PCU) (mg/PCU)
2.5425
2.1400
2.1887
2.2206
0.6859
0.7022
0.7212
0.7842
4.0052
3.9907
4.9512
4.0567
5.3173
6.8942
7.2794
6.0079
4.0727
8.6585
5.5936
5.3950
1.2336
4.4249
2.7355
2.8730
7.1902
4.5042
3.1226
2.6222
3.4158
3.9860
2.9382
2.3693
21.1849
23.0304
21.0794
17.5444
4.3907
9.6353
9.8533
9.3826
4.7639

3.8370

3.4996

2.9003

3.1359

2.8643

3.2203

3.1705

0.6306
2.0778
0.6763
6.8679
5.0808

8.3928
0.3656
20.5195
1.1004
0.0000

2.2868
11.9217
18.2032
3.6635
3.6793
0.5843
13.0347
0.0783

0.3345
0.2947
0.7425
4.0191
2.7340
5.3853
17.3408
0.8287
13.5733
1.1820
0.0233
5.5714
2.6778
13.9380
15.3673
4.4118
4.5320
1.0033
6.8914
0.0930

0.5693
0.5664
1.1770
1.6030
4.3409
1.3940
11.3666
0.4868
13.1336
0.9289
0.0120

3.1872
10.8349
16.2688
2.3204
4.7533
0.7155
15.6646
0.1095

0.4349
0.3784
0.6834
4.2833
2.8228
4.9504
19.1479
0.8901
14.9877
0.9903
0.0247
0.0267
2.5163
13.8139
10.0375
4.1403
4.1933
0.9815
6.7337
0.0769

0.5615
2.9561
1.3317
2.0621
7.0181

23.2285
0.8485
17.2160
1.0762
0.0000

0.5693
0.2690
0.5464
4.1517
2.8571
2.5844
17.7922
0.9735
17.3342
0.8128
0.0245

2.0825
10.1448
7.2401
1.1634
1.8239
3.3244
9.6568
0.8071

1.2705
10.5428
10.0454
2.1952
2.0132
3.7079
10.2503
1.0174

0.6550
0.5865
1.3365
1.4864
4.2158
1.9303
11.5084
0.4405
13.3541
1.0142
0.0124
0.0267
1.4218
15.6019
7.8467
3.0021
2.5840
5.0674
6.2428
0.9864

0.5828
0.4816
1.4684
1.4297
4.2980
1.6519
11.7678
0.4981
12.8442
1.1317
0.0109
1.1286
1.6289
16.2659
8.8054
2.2059
2.1603
6.6172
7.5994
1.0626

10.6553

2.6108

2.1719

2.0334

1.7499

1.5149

1.2340

1.1961

0.0141
0.0028

0.0100
0.0036

0.0144
0.0035

0.0155
0.0033

0.1334
0.0625

0.1850
0.0574

0.1584
0.0567

0.1862
0.0498
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Table C3. ESVAC Data for tetracycline/ampicillin sales scaled for fattening pigs for 2015-2018.
Country
Austria
Belgium
Bulgaria
Croatia
Cyprus
Czech
Republic
Denmark
Estonia
Finland
France
Germany
Greece
Hungary
Ireland
Italy
Latvia
Malta
Netherlands
Poland
Portugal
Romania
Slovakia
Slovenia
Spain
Sweden
United
Kingdom
Iceland

Tet_15
Tet_16
Tet_17
Tet_18
Amp_15
(mg/PCU) (mg/PCU) (mg/PCU) (mg/PCU) (mg/PCU)
10.8253
9.8708
9.9585
10.1472
3.3218
18.3211
14.9143
16.8100
14.3830
24.3755
11.5647
15.2906
10.2144
9.7525
2.9776
12.2387
10.6678
7.0459
5.8495
6.3558
78.0722
79.7206
72.9673
60.7304
19.3370

Amp_16
Amp_17
Amp_18
(mg/PCU) (mg/PCU) (mg/PCU)
3.2389
3.2813
3.5836
25.7657
24.7147
21.3007
7.8143
4.9952
5.1935
9.4406
6.6297
5.2853
33.3529
34.1075
32.4783

6.9745

6.1936

5.3714

4.6359

5.0066

4.6234

4.9429

36.7416

8.7169
5.7073
1.3671
6.6609
12.0307
2.4503
39.0565
3.1655
19.0698
2.4222

8.2056
5.1115
1.2426
6.5811
10.1561
2.3421
31.8969
2.9526
19.4464
1.5828

8.2056
10.7611
2.6764
2.5410
15.4303
1.2633
20.3774
1.4763
14.7340
1.8089

9.6817
13.6827
29.7042
4.4723
3.6136
0.2775
58.4218
0.1476

4.8630
3.9298
1.2857
6.4220
9.6744
4.2060
29.2789
2.4434
15.3603
2.2515
11.1429
10.8941
14.8591
21.3160
4.3400
5.0008
0.4200
31.8748
0.1770

8.7169
10.5000
3.0520
2.1101
17.4176
1.1688
18.7487
1.4588
17.9010
2.3333

13.5163
14.4467
16.3547
3.5425
3.7195
0.2855
67.1564
0.1980

5.7718
4.6667
1.3669
6.7847
10.0595
4.2980
30.9389
2.6053
16.6009
1.8864
0.0533
10.7862
15.5340
15.4148
4.1059
3.7822
0.4207
32.0427
0.1500

6.6580
14.9855
8.6604
2.3310
2.0333
1.2850
46.0985
1.8564

5.3787
12.1001
16.3922
2.6798
1.9773
1.7612
45.9419
1.9185

8.6943
7.2333
2.6730
2.3544
15.0239
1.6760
18.5952
1.2894
14.7914
1.9318
0.0533
6.0945
17.5447
12.0503
2.9772
2.3307
2.1717
29.7068
1.9250

8.4734
6.4211
2.5429
2.2845
15.2088
1.2902
19.8692
1.4687
14.5351
2.1557
2.2571
6.6268
17.3408
12.2140
2.1700
2.3838
2.7700
35.1492
2.0230

2.6327

1.7897

1.4039

1.2880

1.1062

1.0385

0.7977

0.7576

0.0207

0.0100

0.0144

0.0155

0.1707

0.1850

0.1584

0.1862
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7.4

Appendix D – EU salmonellosis BCODE scaling

A primary outcome measure used in chapter 3 and 4 for model fitting was the daily incidence
of human salmonellosis. Access to EU surveillance data for human non-typhoidal
salmonellosis was available through The European Surveillance System (TESSy) annual
epidemiological reports (European Centre for Disease Prevention and Control, 2019).
However, factors such as under-ascertainment (health seeking behaviour) and
underreporting of non-typhoidal salmonellosis will likely result in the reported incidence
being an underestimate of community-level transmission. Use of multiplication factors have
been proposed, which uses a scaling factor to scale incidence rates in surveillance reports to
more accurately reflect community-level incidence (Cassini et al., 2018). Chapter 3 and 4
aimed to capture this community-level, rather than the reported incidence of non-typhoidal
salmonellosis.

Data from the Burden of Communicable Disease in Europe (BCoDE) study was used to obtain
an estimate for the average community incidence of non-typhoidal salmonellosis in EU/EEA
countries (Cassini et al., 2018). The BCoDE study was undertaken from 2009-2013, occupying
a different timeframe from the resistance data used in the ABC-SMC model fitting (20142018) (European Food Safety Authority, 2016a, European Food Safety Authority, 2017a,
European Food Safety Authority, 2018a, European Food Safety Authority, 2019b, European
Food Safety Authority, 2020, European Food Safety Authority, 2021). However, due to a
recent plateau in the absolute incidence of non-typhoidal salmonellosis over the last decade,
it was assumed that this BCoDE data could be extrapolated to the more recent timeframe of
the resistance data (European Centre for Disease Prevention and Control, 2019). This is
barring any extensive European demographic changes over the last decade (denominator)
that would alter the incidence per unit population.
From the BCoDE data, an annual community-level incidence of 216.46 per 100,000 was
identified for non-typhoidal salmonellosis averaged across sex and age groups. To convert this
estimate into a daily incidence usable in this thesis, this annual incidence was divided by 365.
This resulted in a European community-level estimate for the daily incidence of 0.593 per
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100,000 population. This was used as the model baseline for the overall daily incidence of
human non-typhoidal salmonellosis in Europe under current livestock antibiotic usage levels
in chapter 3. This estimate was also used as a proxy for overall daily incidence of human nontyphoidal salmonellosis in the UK under current livestock antibiotic usage levels in chapter 4.
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7.5

Appendix E – Import specific dataset

Parameterisation for import-relevant parameters (FracImp, PropResImp, w, ψ) was necessary
for both the homogenous (averaged) and heterogeneous (stratified) model in chapter 4.
Department for Environment, Food & Rural Affairs (DEFRA) data was used to identify the
relative share of domestic, European Union and non-EU countries in contributing the United
Kingdom’s livestock food product supply (Department for Environment, 2020) (Appendix
Table E1). This data was available for cattle/calves, pig meat, lamb/mutton, poultry meat and
eggs. Data on milk was ignored due to the inability to standardise units to match other
livestock food products.
Table E1. Proportion of the UK food supply for different livestock food products attributable
to domestic, EU and non-EU sources.
Livestock
Species
Cattle
and
Calves
Pig Meat
Lamb
and
Mutton
Poultry
Meat
Eggs
Total

Domestic
Food
Production
(thousand
tonnes)

EU Food
Production
(thousand
tonnes)

Non-EU
Food
Production
(thousand
tonnes)

Total UK
Production
(thousand
tonnes)

761

343

22

637

792
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Proportion of UK Food Supply from
Domestic

EU

Non-EU

1126

0.676

0.305

0.0195

1

1430

0.446

0.554

0.000699

21

76

300

0.677

0.07

0.2533

1487

549

36

2072

0.718

0.265

0.0174

633
3721

108
1813

0.685
136

741
5669

0.854
0.656

0.145
0.320

0.000924
0.0239

The proportion of UK food produce from EU sources was also stratified further into separate
EU countries. The primary countries that contribute to the UK food supply was identified
through DEFRA data with regards to millions of pounds (£ million) spent by the UK on food
imports from each country. EU countries in this list were normalised and used to generate the
% of total imports attributable to each EU country (Department for Environment, 2020)
(Appendix Table E2). This results in the assumption that the monetary value spent by each
country is proportionate to the amount imported. It is important to note that a specific
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country may import a greater proportion of higher-cost food animal products from certain
countries relative to other exporters. However, this assumption was made due to a lack of
high-resolution data on the type of food products imported from each trade partner for the
UK. Note that country identities on tables describing raw data from surveillance reports was
not anonymised. However, countries were anonymised in model output when describing
attributable foodborne disease and resistance (Figure 4.9-10).
Table E2. Imports of food products by the country of dispatch (with EU countries
anonymised) for the United Kingdom in 2018.
EU Country

£ (Millions)

% of total EU
imports

Netherlands
Irish Republic
Germany
France
Spain
Italy
Belgium
Poland
Denmark

5518
4557
4555
4522
3497
2964
2554
1845
1249

17.65
14.58
14.57
14.47
11.19
9.48
8.17
5.90
3.99

Stratified data on the extent of UK food product import from different EU countries (Table
E2) was combined with data on the relative share of domestic/EU/nEU countries for general
livestock food products (total) and pig meat (Appendix Table E3). These rescaled proportions
were used to parameterise the relative proportion of the UK food supply from domestic, EU
trade partners and non-EU sources for two different case studies: general livestock food
products (Table E3) and pig meat products (Table E4).
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Table E3. Final proportion of UK food supply attributable to domestic, EU exporting
countries and non-EU sources for general livestock food products in 2018.
Country
UK (Domestic)
Netherlands
Irish Republic
Germany
France
Spain
Italy
Belgium
Poland
Denmark
Country nEU

Overall Share of Import
(general)
0.656
0.056
0.047
0.047
0.046
0.036
0.030
0.026
0.019
0.013
0.024

Scaled Import Contribution
(weight Parameter)
0.000
0.164
0.136
0.136
0.135
0.104
0.088
0.076
0.055
0.037
0.070

Table E4. Final proportion of UK food supply attributable to domestic, EU exporting
countries and non-EU sources for fattening pig food products in 2018.
Country
UK (Domestic)
Netherlands
Irish Republic
Germany
France
Spain
Italy
Belgium
Poland
Denmark
Country nEU

Overall Share of Import
(general)
0.445
0.098
0.081
0.081
0.080
0.062
0.053
0.045
0.033
0.022
0.001

Scaled Import Contribution
(weight Parameter)
0.000
0.177
0.146
0.145
0.145
0.112
0.095
0.082
0.059
0.040
0.001

Data was then sought on the extent of Salmonella spp. contamination and the proportion of
ampicillin-resistant Salmonella spp. isolates obtained from fattening pig carcasses (Appendix
Table E5). This data was obtained from European Food Safety Authority (EFSA) and European
Centers for Disease Prevention and Control (ECDC) summary reports for zoonoses/foodborne
outbreaks and antimicrobial resistance in livestock (European Food Safety Authority, 2019a,
European Food Safety Authority, 2017a, European Food Safety Authority, 2018a, European
Food Safety Authority, 2019b, European Food Safety Authority, 2020, European Food Safety
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Authority, 2016b, European Food Safety Authority, 2017b, European Food Safety Authority,
2018b). Data was prioritised from competent authorities (CA) and 400cm2 carcass swabs
where possible, to standardise parameterisation for the modelled exporting countries.
Table E5. Parameterisation for the extent of Salmonella spp. contamination and ampicillinresistance for fattening pig carcasses in UK, EU exporting countries and non-EU countries in
2018.
Country
UK (Domestic)
Netherlands
Irish Republic
Germany
France
Spain
Italy
Belgium
Poland
Denmark
Country nEU

Proportion
Contaminated
0.029
0.085
0.047
0.033
0.108
0.170
0.040
0.058
0.012
0.012
Fitted (For the
heterogeneous model)
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Proportion AmpicillinResistant
0.417
0.255
0.648
0.607
0.430
0.671
0.317
0.543
0.467
0.446
Fitted (For the
heterogeneous model)

7.6

Appendix F – ABC-SMC model comparison

The addition of the ζ parameter in chapter 3 and 4 was done to prevent the proportion of
antibiotic-resistant human infection (I*RHProp) descreasing to 0 upon total curtailment of
livestock antibiotic (τ = 0.00934 → 0 g/PCU). Using the ABC-SMC framework, a formal
comparison can be undertaken to identify if the addition of this ζ parameter performs better
than the nested null hypothesis model where 𝜁 = 0, and I*RHProp is initiated at the origin when
livestock antibiotic usage is curtailed (Toni et al., 2009).
A new parameter 𝑚 describing the model choice was introduced into the ABC-SMC model
fitting algorithm, with 𝑚 = {𝑚$ , 𝑚8 } and 𝑚$ and 𝑚8 corresponding to the ODEs described in
eqn 3.1, where 𝜁 > 0 in 𝑚$ and 𝜁 = 0 in 𝑚8 , and with 𝑚8 nested within 𝑚$ . The overall aim
of the model selection approach identified in Toni et al, 2009, is to provide an approximation
of the marginal posterior distribution of the binary parameter 𝑚 given the data, 𝑃(𝑚|𝑥) .
Model specific parameter vectors were then created, 𝜃(𝑚), with only the fitted parameters
represented: 𝜃(1) = {𝛽"" , 𝜑, 𝛼, 𝜅, 𝛽#" , 𝜁, 𝑚$ } and 𝜃(2) = {𝛽"" , 𝜑, 𝛼, 𝜅, 𝛽#" , 𝑚8 }. The prior
distributions used in the model comparison approach were identical to those used to fit the
model parameters in chapter 3 (Table 3.1), with a discrete uniform distribution limited at 1
and 2, used for the model selection parameter, 𝑚 = 𝑈(1,2). The model comparison
algorithm is detailed in Toni et al, 2009 (Toni et al., 2009).
The Bayes factor is a summary of the evidence for one model (𝑚$ ) over another (𝑚8 ), given
the data. The equation for the Bayes factor can be recovered through an odds transformation
of the marginal posterior probability of 𝑚$ given the data, and 𝑚8 given the data (eqn F1.1)
(Kass and Raftery, 1995).
𝑃(𝑚+ |𝑥) 𝑃(𝑥|𝑚+ ) 𝑃(𝑚+ )
=
𝑃(𝑚5 |𝑥) 𝑃(𝑥|𝑚5 ) 𝑃(𝑚5 )

eqn F1.1
With the Bayes factor, 𝐵$8 , being (eqn F1.2):
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𝐵+5 =

𝑃(𝑥|𝑚+ )
𝑃(𝑥|𝑚5 )
eqn F1.2

If an assumption is made that the prior distribtions for 𝑚$ and 𝑚8 are uniform, then the last
multiplicative term in eqn F1.1 can be cancelled out, and therefore the equation can be
recovered for 𝐵$8 by substituting eqn F1.2 in eqn F1.1 (eqn F1.3).

𝐵+5 =

𝑃(𝑚+ |𝑥)
𝑃(𝑚5 |𝑥)

eqn F1.3
The Bayes factor is therefore a ratio of the posterior probability of 𝑚$ given the data and 𝑚8
given the data. As the ABC-SMC algorithm returns an approximation of the marginal posterior
distribution of the 𝑚$ and 𝑚8 , 𝑃(𝑚$ |𝑥) and 𝑃(𝑚8 |𝑥), a ratio of the number of accepted
particles for each model in the last generation can be used. This represents the model with
the highest posterior probability. This is therefore an approximation of the Bayes factor and
allows for model selection. Therefore, the model with the greatest number of accepted
particles in the last generation was identified as the best fitting model. The model fitting
process was run until the acceptance of 10 generations of 1000, or until one model was the
sole model chosen. As stated in Toni et al, 2009, the model selection algorithm implicitely
penalizes models with a large number of parameters, as models with a larger parameter
dimension have a smaller probability of being accepted (Toni et al., 2009).
ABC-SMC model comparison was perfomed for the chapter 3 model across all four case
studies (eqn 3.1). The baseline model was compared to the null-nested model which lacks the
ζ parameter (Appendix Figure F1).
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Figure F1. Ratio of the accepted particles for 𝑷(𝒎𝟏 |𝒙) and 𝑷(𝒎𝟐 |𝒙), across all generations
of the ABC-SMC model selection for the ampicillin usage in broiler poultry, tetracycine
usage in broiler poultry, ampicillin usage in fattening pigs and tetracycline usage in
fattening pigs case studies.
All case studies resulted in a model “die-out” before the tenth generation, with model 1 (𝑚$ )
being the sole selected model in the last generation for all case studies. Note that in the initial
generations for the ampicillin resistance in broiler poultry case study, model selection favored
𝑚8 , settling on 𝑚$ as 𝑚 reaches the final posterior distribution at 𝐺 = 7. As described in Toni
et al, 2009, this is likely due to the selection algorithm passing a local maximum favoring 𝑚8
on the way to 𝑚$ (Toni et al., 2009).
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7.7

Appendix G – ABC-SMC ε, diagnostics and posteriors

7.7.1 ABC-SMC ε thresholds
Table G1. ε thresholds used for each of the ABC-SMC generations.
Summary
Statistics

Sum of
squared
errors

Difference
between
modelled and
observed
overall
prevalence of
human
salmonellosis

Difference
between
modelled and
observed
proportion of
resistant
human
salmonellosis

Case Study
Ampicillin
resistance in
Broiler
Poultry
Tetracycline
resistance in
Broiler
Poultry
Ampicillin
resistance in
Fattening Pigs
Tetracycline
resistance in
Fattening Pigs
Ampicillin
resistance in
Broiler
Poultry
Tetracycline
resistance in
Broiler
Poultry
Ampicillin
resistance in
Fattening Pigs
Tetracycline
resistance in
Fattening Pigs
Ampicillin
resistance in
Broiler
Poultry
Tetracycline
resistance in
Broiler
Poultry
Ampicillin
resistance in
Fattening Pigs
Tetracycline
resistance in
Fattening Pigs

Generation
5
6

1

2

3

4

7

8

9

10

5

4

3.5

3.25

3

2.75

2.5

2.25

2.1

2

10

8

7

6.5

6.25

6

5.9

5.8

5.7

5.6

3.5

3

2.5

2

1.7

1.5

1.3

1.2

1.1

1

3.5

3

2.5

2.25

2

1.8

1.7

1.6

1.55

1.5

0.593

0.474

0.356

0.237

0.178

0.119

0.089

0.059

0.044

0.300

0.593

0.474

0.356

0.237

0.119

0.059

0.047

0.412

0.036

0.300

0.593

0.474

0.356

0.237

0.119

0.059

0.047

0.045

0.036

0.300

0.593

0.474

0.356

0.237

0.119

0.059

0.047

0.045

0.036

0.300

0.314

0.251

0.187

0.126

0.094

0.063

0.047

0.031

0.023

0.016

0.316

0.253

0.189

0.126

0.063

0.032

0.025

0.022

0.019

0.015

0.345

0.276

0.207

0.138

0.069

0.035

0.028

0.024

0.021

0.017

0.340

0.372

0.203

0.136

0.136

0.067

0.034

0.027

0.024

0.017
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Table G2. ε thresholds used for each of the ABC-SMC generations
Summary
Statistics
Sum of squared
errors
Difference
between
modelled and
observed
overall
prevalence of
human
salmonellosis
Difference
between
modelled and
observed
proportion of
resistant
human
salmonellosis
Difference
between
modelled and
observed level
of domestic
carcass
contamination
Difference
between
modelled and
observed
proportion of
ampicillinresistant
isolates on
domestic
carcasses

Model

Generation
4
5

1

2

3

6

7

8

5

4

3.5

3

2.5

2.25

2

1.8

5

4.5

4

3.5

3.25

3

2.75

2.5

0.593

0.474

0.356

0.237

0.178

0.148

0.119

0.104

Heterogeneous
Import Model1

0.593

0.474

0.356

0.297

0.237

0.178

0.148

0.119

Homogenous
Import Model

0.208

0.166

0.125

0.083

0.062

0.0519

0.0415

0.036

Heterogeneous
Import Model1

0.208

0.166

0.125

0.104

0.083

0.062

0.0519

0.0415

Homogenous
Import Model

0.0287

0.023

0.017

0.012

0.009

0.0072

0.006

0.005

Heterogeneous
Import Model1

0.0287

0.0229

0.0172

0.0143

0.0115

0.0086

0.0072

0.0057

Homogenous
Import Model

0.4167

0.333

0.250

0.167

0.125

0.1042

0.083

0.073

Heterogeneous
Import Model1

0.4167

0.333

0.250

0.208

0.1667

0.125

0.104

0.083

Homogenous
Import Model
Heterogeneous
Import Model1
Homogenous
Import Model

1

Note that differences in ε thresholds were due to difficulties fitting the heterogeneous import model to the same thresholds
as the homogenous import model. Therefore, thresholds were loosened.
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7.7.2 Approximated posterior distributions

Figure G3. Approximated posterior distributions for the rate of animal-to-animal
transmission (βAA), efficacy of antibiotic-mediated recovery (κ), rate of antibiotic-resistant
to antibiotic-sensitive reversion (φ), transmission-related fitness costs of resistance (α),
background rate of transmission to animal populations (ζ) and the rate of animal-to-human
transmission (βHA). A) Ampicillin in broiler poultry, B) tetracycline usage in broiler poultry, C)
ampicillin usage in fattening pigs and D) tetracycline usage in fattening pigs. The estimated
posterior distribution for each generation is highlighted by fill colours. Red line represents the
mean from the 10th generation for each parameter.
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Figure G4. Approximated posterior distributions for homogenous import model for the rate
of animal-to-animal transmission (βAA), efficacy of antibiotic-mediated recovery (κ), rate of
antibiotic-resistant to antibiotic-sensitive reversion (φ), transmission-related fitness costs
of resistance (α), background rate of transmission to animal populations (ζ) and the rate of
animal-to-human transmission (βHA). The estimated posterior distribution for each
generation is highlighted by fill colours. Red line represents the mean from the 8th generation
for each parameter.
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Figure G5. Approximated posterior distributions for the heterogenous import model for the
rate of animal-to-animal transmission (βAA), efficacy of antibiotic-mediated recovery (κ),
rate of antibiotic-resistant to antibiotic-sensitive reversion (φ), transmission-related fitness
costs of resistance (α), background rate of transmission to animal populations (ζ), the rate
of animal-to-human transmission (βHA), the proportion of imported food products
contaminated with Salmonella spp. (FracImp) and the proportion of contaminated food
products resistant to ampicillin (PropResImp). The estimated posterior distribution for each
generation is highlighted by fill colours. Red line represents the mean from the 8th generation
for each parameter.
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7.7.3 Distance measures and pairs plots

For all chapters where the ABC-SMC model fitting was performed (chapter 3 and 4), the
diagnostics of the model fit were assessed by looking at the fitted outcome measures for each
chapter and the average sum of square errors between the observed and modelled
relationship between livestock antibiotic usage and resistance (Appendix Figure G6-8). For
chapter 3, these outcome measures were the average relative distance from the target daily
incidence of human salmonellosis and human antibiotic resistance for each generation across
each case study (Appendix Figure G6). For chapter 4, the outcome measures were the average
relative distance from the target daily incidence of human salmonellosis, human ampicillin
resistance, contamination in domestic livestock food carcasses and the livestock ampicillin
resistance (Appendix Figure G7-8).
Across all explored case studies and models in chapters 3 and 4, there was a downwards
trajectory for the majority of the summary statistics, demonstrating that for these models
each generation is fitting closer to the desired values. However, for the sum of square errors
measure there was often a decrease and increase, before stabilising at a plateau. An example
can be observed with the ampicillin usage in broiler poultry case study in chapter 3 (Figure
G6), with a decrease and an increase in the sum of square distance outcome measure, and
with a plateau being observed past the 5th generation. This plateau is due to the tightening of
ε tolerances for the distance from the target proportion of human antibiotic resistance, as
the sum of square errors between livestock usage/resistance and the previously described
human outcome measures are reliant on the extent of livestock antibiotic resistance, with a
tension observed between these two model fitting measures. This can be observed with a
minima observed for generation 2-3 with regards to the sum of squared distances,
corresponding with a maxima for the distance from the target proportion of human antibiotic
resistance.
Pairs plots were also generated for each case study and model structure in chapter 3 and 4,
with the approximated joint posterior distribution and correlation coefficients populated for
each parameter combination (Appendix Figure G9-14).
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Figure G6. Diagnostic plots showing the average sum of squared errors for each generation
for chapter 3 case studies. Average sum of square errors (top row), distance from the target
incidence of salmonellosis (middle row) and the distance from the target proportion of
resistant human infection (bottom row) were plotted.
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Figure G7. Diagnostic plots showing the average sum of squared errors for each generation
of the ABC-SMC model fit for the homogenous model in chapter 4. Diagnostic plots were
plotted for the average sum of square errors for the resistance/usage model fit, distance from
the target incidence of human salmonellosis, distance from the target proportion of resistant
human salmonellosis, distance from the target livestock contamination (ISA + IRA * η) and the
distance from the target proportion of antibiotic-resistant human salmonellosis.
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Figure G8. Diagnostic plots showing the average sum of squared errors for each generation
of the ABC-SMC model fit for the heterogenous model in chapter 4. Diagnostic plots were
plotted for the average sum of square errors for the resistance/usage model fit, distance from
the target incidence of human salmonellosis, distance from the target proportion of resistant
human salmonellosis, distance from the target livestock contamination (ISA + IRA * η) and the
distance from the target proportion of antibiotic-resistant human salmonellosis.
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Figure G9. Pairs plot for the ampicillin resistance in broiler poultry case study in chapter 3
showing the approximated joint posterior distribution and correlation coefficients. The
diagonals show the the approximated univariate posterior distribution. Kernel density
estimation was used to identify the parameter space where a greater concentration of
particles were accepted for the final tenth ABC-SMC generation (lighter colouring).
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Figure G10. Pairs plot for the tetracycline resistance in broiler poultry case study in chapter
3 showing the approximated joint posterior distribution. The diagonals show the the
approximated univariate posterior distribution. Kernel density estimation was used to
identify the parameter space where a greater concentration of particles were accepted for
the final tenth ABC-SMC generation (lighter colouring).
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Figure G11. Pairs plot for the ampicillin resistance in fattening pigs case study in chapter 3
showing the approximated joint posterior distribution. The diagonals show the the
approximated univariate posterior distribution. Kernel density estimation was used to
identify the parameter space where a greater concentration of particles were accepted for
the final tenth ABC-SMC generation (lighter colouring).
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Figure G12. Pairs plot for the tetracycline resistance in fattening pigs case study in chapter
3 showing the approximated joint posterior distribution. The diagonals show the the
approximated univariate posterior distribution. Kernel density estimation was used to
identify the parameter space where a greater concentration of particles were accepted for
the final tenth ABC-SMC generation (lighter colouring).

221

Figure G13. Pairs plot for the approximated posterior distribution and the correlation
coefficients for the homogenous import model fit in chapter 4. The diagonals show the the
approximated univariate posterior distribution. Kernel density estimation was used to
identify the parameter space where a greater concentration of particles were accepted for
the final eigth ABC-SMC generation (lighter colouring).
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Figure G14. Pairs plot for the approximated posterior distribution and the correlation
coefficients for the homogenous import model fit in chapter 4. The diagonals show the the
approximated univariate posterior distribution. Kernel density estimation was used to
identify the parameter space where a greater concentration of particles were accepted for
the final eigth ABC-SMC generation (lighter colouring).
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7.8

Appendix H – Chapter 3 supplementary figures

Figure H1. Impact of varying each model parameter individually on the percentage change
in daily incidence under livestock antibiotic curtailment (τ = 0 g/PCU) relative to mean
baseline livestock antibiotic usage across the four case studies (τ = 0.00934 g/PCU). It is
important to note that a % change can be interpreted as a relative increase or decrease
relative to baseline daily incidence. The direction of the relative change is described in the
main text. The explored parameter range for each parameter was bounded at 0 to an order
of magnitude above the parameterised model value. An exception was for rH, with rH ∈ [0.01,
0.55-1] to prevent the large relative changes in daily incidence at rH = 0 obscuring presented
results. For fitted parameters this was taken as an order of magnitude above the mean fitted
parameter value across all four case studies.
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Figure H2. Impact of alterations in livestock antibiotic sales (τ) on the daily incidence of
salmonellosis and the proportion of resistant human infection (I*RHProp). Grey line represents
the averaged baseline antibiotic usage across all four case studies (0.00934 g/PCU).
Parameters α and κ were set to 0 as an illustrative example. This represents a scenario where
livestock antibiotics have no therapeutic effect in livestock and fitness costs of resistance have
no effect on transmission. Reductions to livestock antibiotic usage now has no discernible
effect on increasing human foodborne disease (τ).
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Figure H3. Impact of alterations on the ζ parameter on the relationship between livestock
antibiotic sales (τ) and the proportion of daily incidence attributable to antibiotic-sensitive
and antibiotic resistant infection. A) No background transmission to livestock populations
(ζ = 0). B) Background transmission to livestock populations (ζ = 1.328). The value for the ζ
parameter was taken from the mean value of ζ across the four fitted model case studies.
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Figure H4. Fourier amplitude senstivity test (FAST) to identify the most influential model
parameter for the relative change in the proportion of resistant human infection (I*RHProp)
under curtailment (0 g/PCU) compared to the averaged baseline antibiotic usage level
(0.00934 g/PCU).
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7.9

Appendix I – Chapter 4 supplementary figures

Figure I1. Impact of alterations in livestock antibiotic usage on the daily incidence of
salmonellosis and the proportion of resistant human infection for a model fitted to data
with no import pressure (ψ = 1) and a model with homogenous import (ψ = 0.656). The
dotted red line denotes the baseline livestock ampicillin antibiotic usage. Numbers above the
bars denote proportion of resistant human salmonellosis. Identical ε ABC-SMC thresholds
were used in both model fits.
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Figure I2. Impact of varying each model parameter individually on the daily incidence of
human salmonellosis for the homogenous import model. The explored parameter range for
each parameter was bounded at 0, to an order of magnitude above the parameterised model
value. An exception was for rH, with rH ∈ [0.01, 0.55-1] to prevent the large relative changes in
daily incidence at rH = 0 obscuring presented results. For fitted parameters this was taken as
an order of magnitude above the mean fitted parameter value across all four case studies.
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Figure I3. Impact of varying each model parameter individually on the proportion of
ampicillin-resistant human salmonellosis for the homogenous import model. The explored
parameter range for each parameter was bounded at 0, to an order of magnitude above the
parameterised model value. An exception was for rH, with rH ∈ [0.01, 0.55-1] to prevent the
large relative changes in daily incidence at rH = 0 obscuring presented results. For fitted
parameters this was taken as an order of magnitude above the mean fitted parameter value
across all four case studies. Note that rA displays a non-monotonic relationship with the
outcome measure.
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Figure I4. Impact of altering FracImp and PropResImp import parameters on the efficacy of
curtailment for two values of the proportion of UK food supply from domestic sources (ψ).
A) General livestock import case study (ψ = 0.656). B) Swine food product import case study
(ψ = 0.4455). Note that transmission-related fitness costs for antibiotic-resistance were set
to 0 (α = 0). Red dot represents the baseline parameterisation for FracImp and PropResImp
parameters from EFSA/ECDC data (FracImp = 0.0628; PropResImp = 0.487).
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Figure I5. Impact of varying each model parameter individually on the efficacy of
curtailment outcome measure for the homogenous import model. The explored parameter
range for each parameter was bounded at 0, to an order of magnitude above the
parameterised model value. An exception was for rH, with rH ∈ [0.01, 0.55-1] to prevent the
large relative changes in daily incidence at rH = 0 obscuring presented results. For fitted
parameters this was taken as an order of magnitude above the mean fitted parameter value
across all four case studies. Note that rA displays a non-monotonic relationship with the
outcome measure.
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Figure I6. Relationship between the relative reduction in prevalence from domestic
livestock carriage to carcass contamination (η) on both the proportion of domestic livestock
carcasses contaminated with Salmonella spp. and the proportion of the ampicillin-resistant
domestic carcasses. Numbers above the bars denote proportion of antibiotic-resistant
human salmonellosis.
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Figure I7. Relationship between the proportion of UK food products (ψ) and the efficacy of
curtailment (EoC) under different average parameterisation for FracImp and PropResImp
across exporting countries. A) Changes to the proportion of Salmonella spp. contaminated
food imports across exporting countries (FracImp). B) Changes to the proportion of
ampicillin-resistant Salmonella spp. contaminated food imports across exporting countries
(PropResImp). Baseline relationship between EoC/ψ is denoted by the red and dotted line.
Note that for all figures, when importation is 100% (ψ = 0), then EoC decreases to 0.
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7.10 Appendix J – Chapter 5 supplementary figures

Figure J1. Trajectory plots for the single intervention epidemic curve, β(t) reductions and
Re(t) for the alternative methodology to double cmin to ensure similar magnitude of
intervention across the intervention durations for scenario 2, 3, 4 and 5. Note that for A)
opaque red and blue lines in the trajectory plot depict unmitigated epidemic curve dynamics.
Blue shading indicates the period of the intervention. Dotted line on the Re(t) plot denotes
the threshold for sustained epidemic growth. Imax and Ic(tmax) values are annotated for each
scenario. Scenario 1 was set at cmin = 0.5 to allow for scenario 2, 3, 4 and 5 to be set at cmin =
0 (double the intervention magnitude).

235

Figure J2. Trajectory plots for the multiple intervention epidemic curve, β(t) reductions and
Re(t) for the alternative methodology to double cmin to ensure similar magnitude of
intervention across the intervention durations for scenario 2, 3, 4 and 5. Note that for A)
opaque red and blue lines in the trajectory plot depict unmitigated epidemic curve dynamics.
Blue shading indicates the period of the intervention. Dotted line on the Re(t) plot denotes
the threshold for sustained epidemic growth. Imax and Ic(tmax) values are annotated for each
scenario. Scenario 1 was set at cmin = 0.5 to allow for scenario 2, 3, 4 and 5 to be set at cmin =
0 (double the intervention magnitude).
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Figure J3. Sensitivity analysis for maximum I(t) peak, Imax for intervention trigger day, tp, and
the intervention duration, dt, explored for varying values of cmin. Note that the scenario 1 dt
axis was transformed into a relative axis to allow for comparison across scenarios, with the
relative axis of 0 ≤ dt ≤ 250 being equal to an absolute dt range of 0 ≤ dt ≤ 125.
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Figure J4. Sensitivity analysis for the attack rate, Ic(tmax) for intervention trigger day, tp, and
the intervention duration, dt, explored for varying values of cmin. Note that the scenario 1 dt
axis was transformed into a relative axis to allow for comparison across scenarios, with the
relative axis of 0 ≤ dt ≤ 250 being equal to an absolute dt range of 0 ≤ dt ≤ 125.
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Figure J5. Scenario 1 sensitivity analysis for A) maximum I(t) peak, Imax, and B) attack rate,
Ic(tmax), for intervention 1 trigger date, tp1, and intervention 2 trigger date, tp2, explored for
varying combinations of the duration of intervention 1, dt1, and intervention 2, dt2.
Combinations of dt1 = dt2 = 3/6/9 weeks were explored in this sensitivity analysis.
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Figure J6. Scenario 2 sensitivity analysis for A) maximum I(t) peak, Imax, and B) attack rate,
Ic(tmax), for intervention 1 trigger date, tp1, and intervention 2 trigger date, tp2, explored for
varying combinations of the duration of intervention 1, dt1, and intervention 2, dt2.
Combinations of dt1 = dt2 = 6/12/18 weeks were explored in this sensitivity analysis. Note that
explored dt1/dt2 values were doubled relative to scenario 1 (Figure S5), this was to explore the
parameter range for dt1/dt2 in the baseline analysis (Figure 4) where scenario 2, 3, 4 and 5
were doubled relative to scenario 1.
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Figure J7. Scenario 3 sensitivity analysis for A) maximum I(t) peak, Imax, and B) attack rate,
Ic(tmax), for intervention 1 trigger date, tp1, and intervention 2 trigger date, tp2, explored for
varying combinations of the duration of intervention 1, dt1, and intervention 2, dt2.
Combinations of dt1 = dt2 = 6/12/18 weeks were explored in this sensitivity analysis. Note that
explored dt1/dt2 values were doubled relative to scenario 1 (Figure S5), this was to explore the
parameter range for dt1/dt2 in the baseline analysis (Figure 4) where scenario 2, 3, 4 and 5
were doubled relative to scenario 1.
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Figure J8. Scenario 4 sensitivity analysis for A) maximum I(t) peak, Imax, and B) attack rate,
Ic(tmax), for intervention 1 trigger date, tp1, and intervention 2 trigger date, tp2, explored for
varying combinations of the duration of intervention 1, dt1, and intervention 2, dt2.
Combinations of dt1 = dt2 = 6/12/18 weeks were explored in this sensitivity analysis. Note that
explored dt1/dt2 values were doubled relative to scenario 1 (Figure S5), this was to explore the
parameter range for dt1/dt2 in the baseline analysis (Figure 4) where scenario 2, 3, 4 and 5
were doubled relative to scenario 1.
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Figure J9. Scenario 5 sensitivity analysis for A) maximum I(t) peak, Imax, and B) attack rate,
Ic(tmax), for intervention 1 trigger date, tp1, and intervention 2 trigger date, tp2, explored for
varying combinations of the duration of intervention 1, dt1, and intervention 2, dt2.
Combinations of dt1 = dt2 = 6/12/18 weeks were explored in this sensitivity analysis. Note that
explored dt1/dt2 values were doubled relative to scenario 1 (Figure S5), this was to explore the
parameter range for dt1/dt2 in the baseline analysis (Figure 4) where scenario 2, 3, 4 and 5
were doubled relative to scenario 1.
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Figure J10. Scenario 1 sensitivity analysis for A) maximum I(t) peak, Imax, and B) the attack
rate, Ic(tmax), for the minimum value of scaling factor c(t) for intervention 1, cmin1, and
intervention 2, cmin2, explored for varying combinations of the duration of intervention 1,
dt1, and intervention 2, dt2. Combinations of dt1 = dt2 = 3/6/9 weeks were explored in this
sensitivity analysis.
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Figure J11. Scenario 2 sensitivity analysis for A) maximum I(t) peak, Imax, and B) the attack
rate, Ic(tmax), for the minimum value of scaling factor c(t) for intervention 1, cmin1, and
intervention 2, cmin2, explored for varying combinations of the duration of intervention 1,
dt1, and intervention 2, dt2. Combinations of dt1 = dt2 = 6/12/18 weeks were explored in this
sensitivity analysis. Note that explored dt1/dt2 values were doubled relative to scenario 1
(Figure S15), this was to explore the parameter range for dt1/dt2 in the baseline analysis (Figure
4) where scenario 2, 3, 4 and 5 were doubled relative to scenario 1.
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Figure J12. Scenario 3 sensitivity analysis for A) maximum I(t) peak, Imax, and B) the attack
rate, Ic(tmax), for the minimum value of scaling factor c(t) for intervention 1, cmin1, and
intervention 2, cmin2, explored for varying combinations of the duration of intervention 1,
dt1, and intervention 2, dt2. Combinations of dt1 = dt2 = 6/12/18 weeks were explored in this
sensitivity analysis. Note that explored dt1/dt2 values were doubled relative to scenario 1
(Figure S15), this was to explore the parameter range for dt1/dt2 in the baseline analysis (Figure
4) where scenario 2, 3, 4 and 5 were doubled relative to scenario 1.
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Figure J13. Scenario 4 sensitivity analysis for A) maximum I(t) peak, Imax, and B) the attack
rate, Ic(tmax), for the minimum value of scaling factor c(t) for intervention 1, cmin1, and
intervention 2, cmin2, explored for varying combinations of the duration of intervention 1,
dt1, and intervention 2, dt2. Combinations of dt1 = dt2 = 6/12/18 weeks were explored in this
sensitivity analysis. Note that explored dt1/dt2 values were doubled relative to scenario 1
(Figure S15), this was to explore the parameter range for dt1/dt2 in the baseline analysis (Figure
4) where scenario 2, 3, 4 and 5 were doubled relative to scenario 1.
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Figure J14. Scenario 5 sensitivity analysis for A) maximum I(t) peak, Imax, and B) the attack
rate, Ic(tmax), for the minimum value of scaling factor c(t) for intervention 1, cmin1, and
intervention 2, cmin2, explored for varying combinations of the duration of intervention 1,
dt1, and intervention 2, dt2. Combinations of dt1 = dt2 = 6/12/18 weeks were explored in this
sensitivity analysis. Note that explored dt1/dt2 values were doubled relative to scenario 1
(Figure S15), this was to explore the parameter range for dt1/dt2 in the baseline analysis (Figure
4) where scenario 2, 3, 4 and 5 were doubled relative to scenario 1.
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Publications
Publication: Optimising time-limited non-pharmaceutical interventions for COVID-19
outbreak control is included at the back of the thesis:
Morgan ALK, Woolhouse, MEJ Medley GF and Van Bunnik BA. (2021). Optimizing time-limited
non-pharmaceutical interventions for COVID-19 outbreak control. Philosophical Transactions
of the Royal Society B. 376(1829): p.20200282.

Note that this publication was published in an Open Access issue of “Modelling that shaped
the early COVID-19 pandemic response in the UK’ compiled and edited by Ellen BrooksPollock, Leon Danon, Thibaut Jombart and Lorenzo Pellis” in the Philosophical Transactions of
the Royal Society B: Biological Sciences.
Brooks-Pollock E, Danon L, Jombart T and Pellis L. (2021). Modelling that shaped the early
COVID-19 pandemic response in the UK. Philosophical Transactions of the Royal Society
B. 376(1829): p.20210001.
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Retrospective analyses of the non-pharmaceutical interventions (NPIs) used
to combat the ongoing COVID-19 outbreak have highlighted the potential of
optimizing interventions. These optimal interventions allow policymakers to
manage NPIs to minimize the epidemiological and human health impacts of
both COVID-19 and the intervention itself. Here, we use a susceptible–infectious–recovered (SIR) mathematical model to explore the feasibility of
optimizing the duration, magnitude and trigger point of five different NPI
scenarios to minimize the peak prevalence or the attack rate of a simulated
UK COVID-19 outbreak. An optimal parameter space to minimize the peak
prevalence or the attack rate was identified for each intervention scenario,
with each scenario differing with regard to how reductions to transmission
were modelled. However, we show that these optimal interventions are
fragile, sensitive to epidemiological uncertainty and prone to implementation error. We highlight the use of robust, but suboptimal interventions
as an alternative, with these interventions capable of mitigating the peak
prevalence or the attack rate over a broader, more achievable parameter
space, but being less efficacious than theoretically optimal interventions.
This work provides an illustrative example of the concept of intervention
optimization across a range of different NPI strategies.
This article is part of the theme issue ‘Modelling that shaped the early
COVID-19 pandemic response in the UK’.

1. Introduction

Electronic supplementary material is available
online at https://doi.org/10.6084/m9.figshare.
c.5421425.

The ongoing COVID-19 pandemic has highlighted the vital role of nonpharmaceutical interventions (NPIs) in mitigating the spread of SARS-CoV-2.
These interventions aim to break chains in transmission through populationand individual-level behavioural changes, which can consequently reduce
opportunities for transmission [1]. NPIs encompass a large range of potential
outbreak control strategies, ranging from simple advice to encourage handwashing to country-wide, severe ‘lockdown’ measures such as stay-at-home
orders, mobility restrictions and closure of non-essential businesses [2].
While an effective tool to drive down disease prevalence, severe NPIs are
considered unsustainable and time-limited, with economic, physical and
mental health repercussions during and following the cessation of these
interventions [3–5]. This has driven calls to retrospectively understand
the epidemiological and human health impacts of introducing severe NPIs
under a different set of circumstances [6–8]. This includes insight into how
differences in the timing, duration and strength of these interventions could
© 2021 The Authors. Published by the Royal Society under the terms of the Creative Commons Attribution
License http://creativecommons.org/licenses/by/4.0/, which permits unrestricted use, provided the original
author and source are credited.

(a) Susceptible–infectious–recovered model structure
A deterministic susceptible–infectious–recovered (SIR) model
[16] was used to explore the impact of time-limited NPIs on a
simulated UK-based COVID-19 outbreak. S, I and R compartments denote the fraction of susceptible, infectious and
recovered individuals, respectively, within the population
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Susceptible individuals (S) were infected at the time-varying
rate β(t), representing the daily per capita rate of transmission in
a randomly mixing population. Infectious individuals (I ) were
assumed to recover at rate γ, representing the daily per capita
rate of recovery. This rate was taken as the inverse of the average
duration of infectiousness. A baseline pre-NPI basic reproduction number (R0) of 2.8 and doubling time (Td) of 3 days were
assumed [17–21]. The generation time was calculated as a
function of these two quantities [22], with a baseline generation time of 7.79 days and a resulting γ of 0.128 day−1
(equation 2.2)
Generation time ¼ Td

(R0  1)
:
ln2

ð2:2Þ

(b) Defining the time-varying β(t)

By setting β = R0γ, we defined the baseline per capita transmission rate in the absence of NPIs, β = 0.359 day−1. To capture
the impact of smaller scale NPIs, β was multiplied by a scaling
factor of 0.7, βscale = 0.252 day−1, with this 30% reduction being
in line with estimates of the impact of NPIs, such as school-closures, introduction of social distancing and isolation upon
COVID-19 symptoms and excluding severe NPIs, such as stayat-home orders [21,23,24]. We assumed that these measures
were in place at the initiation of the model simulation. Using
the UK as a representative example, these measures were introduced between 12 and 21 March 2020, with severe ‘lockdown’
measures initiated on 25 March 2020 [24]. However, it was not
the intention of this study to model the exact timing of the UK
outbreak response, rather to use the epidemiological characteristics of the UK outbreak as motivation for this study.
β(t) was defined as the product of βscale and a time-varying
scaling factor c(t), which reduced βscale over the course of the
simulation to model the impact of severe NPI measures, with
0 ≤ c(t) ≤ 1 (equation (2.3)). Reductions associated with this scaling factor were introduced at the intervention trigger point, tp,
and with dt describing the duration of the intervention

b(t) ¼

8
<

bscale ,
c(t) bscale ,
:
bscale ,

t , tp
tp  t  tp þ dt
t . tp þ dt :

ð2:3Þ

The shape of the c(t) factor varied with the different intervention scenarios explored, with parameter cmin describing the
minimum value of c(t) during the intervention. This can be considered a proxy measure of the magnitude of the intervention.
For baseline reductions to β(t), we defined cmin = 0.4, resulting
in β(t) = 0.101 when the NPI measures are at their greatest magnitude. Baseline cmin was chosen to roughly achieve an effective
reproduction number (Re) of 0.7 ≤ Re(t) ≤ 1 during the intervention [21,23,24], with Re(t) defined as R0S(t). All interventions
were initiated at baseline tp = 52 days, equivalent to an attack
rate at the initiation of the severe NPI measures of Ic(52) =
0.02, in line with model-based UK COVID-19 estimates
[24]. The model was seeded with an initial infectious fraction
I(0) = 0.00001.
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(equation 2.1)
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have potentially altered COVID-19-associated mortality and
morbidity compared with the actual course of action.
Intervention optimization has been proposed as a
method to allow policymakers to fine-tune the characteristics
of an intervention to minimize epidemiologically relevant
outcome measures. Optimization has been explored for a
range of potential COVID-19 NPI strategies, including
single time-limited reductions to transmission [9,10], intermittent pulsing of NPIs [11,12] and gradual ramping-down
of intervention measures following an initial reduction to
transmission [12–14]. This has been explored in the context
of minimizing the peak incidence or prevalence, analogous
to ‘flattening the curve’ of an outbreak.
Despite theoretically optimal interventions being
identified in a number of optimization analyses for COVID19, the ability for policymakers to achieve these results in
practice has been questioned [10]. This stems from the
narrow windows for optimal implementation, with minor
deviations from the optimal intervention timing, duration
or magnitude often greatly reducing the efficacy of the NPI
and therefore having severe human health consequences
[10,13]. This sensitivity to implementation error is likely to
be amplified in emerging outbreak situations such as the
COVID-19 pandemic, with imperfect epidemiological
knowledge of uncharacterized, novel pathogens preventing
policymakers from fine-tuning NPIs to a narrow optimal
parameter space. An alternative strategy is to use generalized
intervention strategies that are, as an example, longer or
earlier than the theoretically optimal parameter space [15].
Such interventions can be denoted ‘robust’ interventions.
The rationale behind these pragmatic interventions would
be to identify a broad and achievable parameter space that
may be suboptimal, but potentially more robust to
implementation error, while still capable of mitigating the
detrimental epidemiological impacts of COVID-19 [10].
Owing to the robust and general nature of these interventions, they also offer more practical and flexible guidance to
policymakers than specific optimal intervention timings
or durations.
This study aims to provide a mathematical modelling
framework to explore the concept of optimal and robust
interventions across a range of different NPI scenarios. We
explore and compare the existence, patterns and optimal
parameter spaces for each intervention to minimize the
peak prevalence or the attack rate of a simulated outbreak.
This is explored for three main parameters: (i) intervention
duration, (ii) intervention strength, and (iii) the intervention
trigger point. The results from this study are not intended
to highlight an absolute best course of action. Rather, this
analysis provides an illustrative example to describe how
optimal and robust outbreak control can be achieved under
different circumstances and intervention strategies.

3

scenario

description of c(t)

deﬁnition of c(t)

1

immediate and constant reduction to cmin

c(t) ¼ cmin

2

immediate reduction to cmin followed by a linear increase back to
c(t) = 1

c(t) ¼ cmin þ

linear decrease to cmin followed by an immediate return to c(t) = 1

4

linear decrease to cmin at dt/2, followed by a linear increase back to
c(t) = 1

5

a ‘pulsing’ intervention with immediate reductions to cmin between
intervention intervals 0–21, 35–49 and 63–77 days (for an
example total intervention duration, dt = 84 days)
c(t) ¼

(c) Single period of severe non-pharmaceutical
interventions
A time-limited period of severe NPI measures was the
primary intervention explored in this model, with optimization
occurring in relation to this intervention. We explored five
different intervention scenarios, with each scenario differing
with regard to the shape of c(t) and the subsequent β(t)
reductions over the duration of the intervention (dt) (table 1).
The total duration of the simulation, tmax, was set at 400 and
1000 days for all other sensitivity analyses. We provide the
rationale and real-world parallels for each scenario in the
electronic supplementary material, p. 1.
For a given intervention duration, dt, the magnitude of c(t)
scaling reductions over the intervention duration was half for
scenarios 2, 3, 4 and 5 relative to scenario 1. To maintain comparable β(t) reductions over the intervention period, dt was
doubled for scenarios 2, 3, 4 and 5 relative to scenario 1 for
baseline analyses. This corresponds to dt = 84 days for scenario
1 (12 weeks) and dt = 168 days (24 weeks) for all other scenarios. However, we note this was not possible in sensitivity
analyses where dt was an explored parameter. Instead, the dt
range for scenario 1 was transformed into a relative axis to
enable comparisons across scenarios. This was achieved by
halving the explored dt range for scenario 1 relative to all
other scenarios, and then doubling the absolute values in this
limited dt range into a relative scale. As an illustrative example,
an absolute value of dt = 125 is equal to a relative value of dt =
250 for scenario 1. Baseline parameter values for the modelling
of single NPIs can be found in electronic supplementary material,
table S1.
An alternative approach was considered by keeping dt
constant and doubling cmin in scenarios 2, 3, 4 and 5 relative
to scenario 1 (electronic supplementary material, figures S1
and S2). However, in practice, it is likely more plausible
to alter dt than it is to alter cmin in a public health context.
This can be attributed to difficulty faced by policymakers
to introduce an intervention with a specific magnitude or
strength [25].

8
tp  t , tp þ 16 dt
cmin ,
>
>
>
>
>
1
2
>
>
> 1, tp þ 6 dt  t , tp þ 6 dt
>
>
>
< cmin , tp þ 26 dt  t , tp þ 36 dt
>
1 tp þ 36 dt  t , tp þ 46 dt
>
>
>
>
>
>
cmin , tp þ 46 dt  t , tp þ 56 dt
>
>
>
>
: 1
t  tp þ 56 dt

(d) Multiple non-pharmaceutical interventions
To explore the transmission dynamics resulting from multiple,
time-limited periods of severe NPIs, two interventions were
modelled for each scenario sequentially during the simulation.
We defined the minimum value of the c(t) scaling factor, trigger
point and duration of the intervention as cmin1 and cmin2, tp1 and
tp2, and dt1 and dt2, respectively, for interventions 1 and 2. We
note that tp2 is defined relative to the end of intervention 1,
with the start of intervention 2 defined as t = tp1 + dt1 + tp2.
Baseline parameter values for the multi-intervention scenario
were set at dt1 = dt2 = 42 days (6 weeks) for scenario 1 and
dt1 = dt2 = 84 days (12 weeks) for scenarios 2, 3, 4 and 5. This
was halved relative to the single-intervention scenarios to allow
the two interventions to occur within the timeframe of the
simulated outbreak and to prevent unfeasibly long overall intervention durations. We note that comparisons between the singleand multi-intervention scenarios should be limited to the general
qualitative pattern of the optimal parameter space, rather than
being direct quantitative comparisons. The minimum value of
the scaling factor c(t) was kept constant at cmin1 = cmin2 = 0.4 at
baseline. Baseline parameter values for the modelling of multiple
NPIs can be found in electronic supplementary material, table S2.

(e) Outcome measures of interest
The primary objective of all analyses in this study was to
identify the optimal parameter space for the intervention trigger
point (tp), duration (dt) and magnitude (cmin) to minimize two
outcome measures:
1. peak I(t) prevalence: Imax ,
2. attack rate: Ic (tmax ) ¼ lim Ic (t).
t!tmax

We defined Imax as the global maximum of the function
describing the trajectory of the fraction infectious during the simulated epidemic, with subsequent references to ‘epidemic peaks’
describing the local maxima where I(t) > 0 and I’(t) = 0. The
attack rate, Ic(tmax), was defined as the total proportion of cases
that develop over the model simulation duration. The optimal
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Table 1. Description of the ﬁve intervention scenarios.

(a)

prevalence
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scenario 2

scenario 3

scenario 4

scenario 5

Imax = 0.132

Imax = 0.076

Imax = 0.111
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Ic(tmax) = 0.775

Ic(tmax) = 0.713

Ic(tmax) = 0.663
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Ic(tmax) = 0.587
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Figure 1. (a) Trajectory plots for the epidemic curve, β(t) reductions and Re(t) for the five intervention scenarios. (b) Sensitivity analysis for intervention trigger
point (tp), magnitude (cmin) and duration (dt) to minimize the peak prevalence, Imax, and attack rate, Ic(tmax). For (a), pale red and blue lines depict unmitigated
epidemic curve dynamics, blue shading indicates the intervention period and the dotted line depicts the Re(t) = 1.0 threshold for sustained epidemic growth. Imax
and Ic(tmax) values are annotated for each scenario. Note that for (b), the dt axis for scenario 1 was transformed into a relative axis to allow comparison across
scenarios, with the relative axis of 0 ≤ dt ≤ 400 being equal to an absolute dt range of 0 ≤ dt ≤ 200.
parameter space was defined as the combination of parameter
values that resulted in the lowest possible value of Imax or Ic(tmax).

(f ) Software used
All simulations were carried out using R [26] and RStudio [27]. R
package ‘deSolve’ [28] was used for all model simulations. All
other R packages used for plotting can be found in the electronic
supplementary material.

3. Results
The impact of the five intervention scenarios on the trajectory of a simulated COVID-19 outbreak was explored
(figure 1a). Scenario 4 was identified as the most effective

scenario at mitigating peak prevalence or the attack rate
under baseline parameters (I max = 0.076, Ic(t max) = 0.493)
relative to an unmitigated outbreak (Imax = 0.146, Ic(tmax) =
0.786). Scenarios 1 and 2 resulted in the suppression of
the initial outbreak and delay in the epidemic peak following
the initiation of intervention measures. By contrast, a
single mitigated epidemic peak was observed for scenarios 3
and 4, with the steady ramping up of β(t) reductions and
the protective effects of population immunity resulting
in a more gradual, sustained reduction to Re (t), preventing peak resurgence. The pulsed nature of scenario 5
allowed brief opportunities for the build-up of population immunity (Re (t) > 1) and subsequent epidemic
control (Re (t) < 1).
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intervention increased. These ‘gaps’ were found to be less pronounced for Ic(tmax) relative to Imax. Increasing the duration of
the intervention had compensatory effects for scenarios 2, 3, 4
and 5, with both Imax and Ic(tmax) becoming less sensitive to
deviations from the optimal intervention trigger point as the
duration of the intervention was increased. This suggests that
increasing the duration can make the intervention more robust
to optimal trigger point implementation error.
The sensitivity analysis was repeated with cmin = 0.25/0.5/
0.75 to assess the sensitivity of the dt/tp relationship to alterations to the magnitude of the intervention (electronic
supplementary material, figures S3 and S4). Low-to-intermediate cmin values of 0.25 (scenarios 1, 2 and 3) and 0.5 (scenarios 3
and 4) were found to be optimal to minimize Imax, with the
lowest explored value of cmin being optimal to minimize Ic(tmax)
for all scenarios.
Two sequentially implemented interventions for each of
the five scenarios were next modelled to explore the introduction of NPIs at a later date to tackle epidemic resurgence.
Descriptive trajectory plots for each of the five multi-intervention scenarios can be found in electronic supplementary
material, figure S5. We note a higher value of Imax for scenarios
2 and 5 and the existence of an increased number of epidemic
peaks for scenarios 1 and 4 relative to the single-intervention
scenarios. This can be attributable to the shorter intervention
duration used for the multi-intervention scenarios.
A sensitivity analysis was conducted for the multi-intervention model to explore the optimal parameter space to
minimize Imax and Ic(tmax) for two sets of parameters: (i) interventions 1 and 2 trigger points, tp1 and tp2, and (ii)
interventions 1 and 2 magnitudes, cmin1 and cmin2 (figure 3).
The optimal parameter space for all scenarios can be found
summarized in electronic supplementary material, table S3.
A large range of trigger points for intervention 2 (1 ≤ tp2 ≤
100) were found to result in near-optimal reductions to Imax
and Ic(tmax), on the condition that the optimal trigger
point for intervention 1 was achieved (50 ≤ tp1 ≤ 65)
(figure 3a). This was found to differ if an earlier-than-optimal
intervention 1 trigger point was chosen, with only a narrow
selection of optimal intervention 2 trigger points able to
compensate for a suboptimal tp1 value. The choice of a
later-than-optimal intervention 1 trigger was found to
negate the ability for an intervention 2 trigger to prevent
increases in Imax and Ic(tmax), suggesting that it is better to
introduce the initial intervention earlier, rather than later,
if the optimal intervention 1 trigger point is unknown.
Extending the duration of intervention 1 and 2 did little to
alter the optimal trigger points for all scenarios (electronic
supplementary material, figures S6–S10).
A large range of intervention 2 magnitudes (0 ≤ cmin2 ≤ 1)
were found to provide near-optimal reductions to Imax, on
the condition that the magnitude of intervention 1 was sufficiently optimized for scenarios 2, 4 and 5 (figure 3b). This
suggests that for these scenarios, it is critical to focus on optimizing the initial intervention to minimize Imax. A different
optimal parameter space was identified to minimize Ic(tmax)
for these three scenarios, with strong reductions to both interventions 1 and 2 being favoured (cmin1/cmin2 → 0). Scenario 3
displayed subtly different dynamics, with intervention 1
ideally being as strong as possible to minimize Imax (cmin1 → 0)
and an intermediate magnitude to minimize Ic(tmax) (cmin1 =
0.23). Scenario 1 was found to be optimal at an intermediate parameter space (cmin1 = 0.26/0.62, cmin2 = 0.52/0) for Imax and
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Sensitivity analyses were conducted to observe the sensitivity of the peak prevalence, Imax, and the attack rate, Ic(tmax),
to the intervention trigger point (tp), magnitude (cmin) and duration (dt) (figure 1b). As an initial exploration into model
dynamics, each parameter was investigated sequentially with
all other model parameters held constant at baseline values.
Optimal parameter values for all scenarios can be found summarized in electronic supplementary material, table S3.
A specific optimal trigger point was observed for all scenarios to minimize both Imax and Ic(tmax), with these optimal
values found within an early-intermediate trigger point parameter space (7 ≤ tp ≤ 74). While an optimum was identified
for scenario 5 to minimize Imax (tp = 53), two other trigger
points resulted in similar reductions to Imax (tp = 32 and 74).
Scenarios 1, 3 and 4 were found to be highly sensitive to deviations from the optimal tp value, with steep increases in Imax
and Ic(tmax) either side of the optimum. We note that if a
suboptimal trigger point was chosen in scenario 2, it would
be more beneficial to intervene earlier-than-optimal, with a
gentler increase in Imax as tp is reduced from the optimal
value, compared with later-than-optimal tp values.
Stronger interventions resulted in optimal reductions to
Imax and Ic(tmax) for scenarios 3 and 4 (cmin → 0). By contrast,
intermediate-strength interventions were found to be optimal
in scenarios 1, 2 and 5 (cmin = 0.72/0.77, 0.56/0.62, 0.27/0.47)
for Imax/Ic(tmax), respectively. We note that if suboptimal
intervention magnitudes were chosen for scenarios 1, 2 and
5, it was more beneficial to intervene too strongly than insufficiently. This was observed with decreases in cmin from the
optimal value resulting in gentler increases in Imax and
Ic(tmax) compared with greater-than-optimal cmin values.
Longer intervention durations were found to be optimal to
reduce Imax and Ic(tmax) for scenario 2 (dt → 400). Interestingly,
increasing the intervention duration was found to have minimal impact on either outcome measure in scenario 1, with
the cessation of the intervention resulting in an identically
sized epidemic peak regardless of the intervention duration.
By contrast, intermediate-length interventions were found to
be optimal for scenarios 3 and 4 (dt = 60/97, 100/174) for
Imax/Ic(tmax), respectively, with scenario 5 displaying two relatively similar optimal points to minimize Imax (dt = 104/175).
We note that if a suboptimal intervention duration was introduced for these scenarios, it was better to intervene for too
long, with increases in Imax and Ic(tmax) being less severe in
an intervention that was longer-than-optimal, compared with
an intervention that was shorter-than-optimal.
To explore the interplay between multiple model parameters, a sensitivity analysis was next conducted to identify
the optimal parameter space to minimize Imax and Ic(tmax) for
a multi-dimensional parameter space: (i) intervention trigger
point (tp) and (ii) intervention duration (dt) (figure 2). The
optimal parameter space for all scenarios can be found
summarized in electronic supplementary material, table S3.
A longer intervention duration (dt → 250) and intermediate
trigger point (tp = 70/66 and tp = 80) was optimal for scenarios
1 and 2, respectively, to minimize Imax and Ic(tmax). A contrasting
pattern was observed in scenarios 3 and 4, with shorter intervention durations found to maintain a near-optimal parameter
space with a later intervention trigger. We note the existence
of suboptimal trigger point ‘gaps’ in scenario 5, with increases
and decreases in Imax as the trigger point was varied. This
resulted from the fixed periods between pulsed interventions,
with these ‘gaps’ increasing as the duration of the overall
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Figure 2. Sensitivity analysis for the peak prevalence, Imax, and attack rate, Ic(tmax), for intervention trigger point, tp, and duration, dt. Note that the scenario 1 dt
axis was transformed into a relative axis to allow comparison across scenarios, with the relative axis of 0 ≤ dt ≤ 250 being equal to an absolute dt range of
0 ≤ dt ≤ 125.
Ic(tmax), respectively. Increases in the duration of intervention 1
allowed greater reductions to Imax and Ic(tmax) for a given cmin1/
cmin2 parameter space, relative to baseline parameters (electronic supplementary material, figures S11–S15). The
exception was scenario 3, with an increased intervention 1 duration also increasing Imax and Ic(tmax) obtained over the
explored cmin1/cmin2 parameter space.

4. Discussion
This study adds to the current epidemiological modelling work
[9–14] to explore the concept of NPI optimization. We identified
an optimal parameter space for all considered intervention
scenarios, with each scenario capable of minimizing both Imax
and Ic(tmax) for a given set of optimal parameter values.
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Figure 3. (a) Sensitivity analysis for the peak prevalence, Imax, and attack rate, Ic(tmax), for intervention 1 trigger point, tp1, and intervention 2 trigger point, tp2.
(b) Sensitivity analysis for the minimum value of scaling factor c(t) for intervention 1, cmin1, and intervention 2, cmin2.
However, we note that the exact value of the optimal parameter
space is highly nuanced, and often highly sensitive to changes
to the explored model parameters.
The optimal parameter space was found to be strongly
influenced by the balance between the intervention peak
timing and cmin. Matching the timing of an intervention to
the epidemic peak has been explored previously [9,10]. However, we demonstrate that it is also necessary to match the
timing of the epidemic peak with the greatest magnitude of
the intervention (cmin/cmin1/cmin2) if reductions to β(t) vary.
This can be intuitively observed by comparing scenario 2
(cmin at tp) and scenario 3 (cmin at tp + dt) (figure 2), with scenario 2 being optimal at a later trigger point to coincide with
the early cmin reduction and scenario 3 optimal with an earlier trigger to coincide with the later cmin reduction. We also

note the existence of optimal intermediate cmin values facilitating the build-up of infection-induced, protective
immunity during the intervention. This phenomenon is
well reported in modelling literature, with time-limited interventions found to be optimal when Re(t) is maintained near
the threshold for sustained transmission (Re(t) ≈ 1) [25].
However, attaining these optima in practice is likely to be
difficult [10]. The ongoing COVID-19 outbreak has highlighted the limited capacity of policymakers to effectively
micromanage the course of an outbreak [29]. Factors such
as varying public compliance, imperfect disease surveillance,
policy miscommunication, confounding parallel interventions and implementation lag between the introduced
interventions and observable changes in disease prevalence
will contribute to large levels of intervention implementation
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accurate description of the epidemiological characteristics of
SARS-CoV-2, with a non-infectious ‘exposed’ state preceding
infectiousness. We explored the inclusion of an exposed state,
which shifted the timing of the optimal intervention to a later
point, but did little to change the qualitative patterns
observed when using the SIR framework (electronic supplementary material, figure S17). An assumption of lifelong
immunity was also made following SARS-CoV-2 infection.
We note that inclusion of a SIRS framework with differing
levels of waning immunity would result in negligible
impact on the optimal parameter space to minimize Imax relative to the original SIR model (electronic supplementary
material, figure S18). This is likely due to the similar importance of controlling the initial epidemic wave to minimize
Imax for both SIR and SIRS models. However, a different optimal parameter space to minimize Ic(tmax) was observed, likely
as a result of the replenishment of susceptibles and long-term
endemicity of COVID-19. Care must, therefore, be taken
when interpreting the results of this study with regard to
the long-term dynamics of COVID-19, especially owing to
the ongoing uncertainty regarding the presence of longterm immunizing infection following SARS-CoV-2 infection.
Owing to the large levels of uncertainty with regard to the
immunological and transmission characteristics of SARSCoV-2, and with the aim of this study to describe the existence and qualitative patterns of intervention optima, and
not forecast or describe the exact timing, the use of a SIR
model was deemed justifiable for this analysis. However,
we note that for future predictive models that look to accurately identify the optimal parameter space, the integration
of potentially all of the aforementioned model structures
will likely be necessary using a SEIIRS or SEIRS model.
The socio-economic cost of each intervention was also not
considered in this analysis. Factors such as adherence have a
large impact on intervention efficacy [23], and the inclusion
of these factors in the model may potentially provide support
for NPI strategies with dedicated ramping or pulsing periods,
which aim to partially mitigate the socio-economic effects
and societal disruption of strong NPIs. A relatively simple
disease metric was also used for this study, with an optimal
intervention able to reduce the maximum peak prevalence,
Imax, and attack rate, Ic(tmax). While outside of the scope
of this study, the use of other epidemiologically relevant outcome measures such as occupied ICU capacity or mortality
per 100 000 population may be of interest when investigating
optimal COVID-19 interventions in a more policy-relevant
context. This could also be complemented by an exploration
into the impact of individual or population-level variation
of risk on intervention optimization [35–37].
NPI optimization has been highlighted in this study as a
powerful tool to greatly mitigate the epidemiological impacts
of a COVID-19 outbreak. This can be considered of significant
relevance, with the recent reinstitution of NPIs and stricter
measures being used to combat resurgent outbreaks. However, the results described in this study are highly nuanced,
with narrow intervention optima and a number of other
factors likely preventing the trajectory of an epidemic conforming uniformly to the dynamics observed in this study.
We highlight robust interventions as an alternative policy
option, with these interventions being less prone to
implementation error but potentially suboptimal compared
with theoretically optimal strategies. These interventions
have the additional benefit of being a risk-averse approach,
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error [8,30,31]. If placed in the context of the narrow parameter optima observed throughout this study, these effects
will likely have substantial epidemiological consequences.
An alternative approach could involve interventions that
are more robust to implementation error, but less efficacious
than the theoretically optimal intervention. An example of
this can be observed in the single-intervention sensitivity
analysis, with longer-than-optimal interventions providing
robust, but less efficacious reductions to Imax and Ic(tmax) for
scenarios 3 and 4 relative to their optimal tdur value (figure 1b).
Owing to the relative insensitivity of these robust interventions
to imperfect parameter choices, these intervention strategies
will likely excel in uncertain real-time outbreaks where the current epidemiological situation is often unknown. Parallels of
these interventions can be observed in the ongoing COVID19 outbreak, with recurring themes of ‘hit it hard and fast’ providing simple, yet robust advice to policymakers [15,32].
We note that for a single time-limited intervention, it was
not always optimal to intervene at a maximal strength or duration. For example, increasing tdur for scenario 3 shifted the
timing of cmin past the epidemic peak, lessening the impact
of the NPI relative to optimal tdur (figure 1). Additionally,
NPIs were assumed to be time-limited, with even maximalstrength interventions ending before the termination of the
model simulation, allowing rebounds in prevalence. This
decision was made because of the infeasible nature of
having an indefinite implementation of severe restrictions
owing to societal disruptions. However, we note that when
considered in the context of a robust, but suboptimal intervention, intervening maximally to increase tdur and
minimize cmin can be considered the most efficacious strategy
to reduce Imax or Ic(tmax) (figures 1 and 2).
Similarly, for the multi-intervention scenario, an earlier and
stronger intervention can provide reductions to Imax and Ic(tmax) under suboptimal circumstances as part of a robust
intervention (figure 3). However, this only holds true in the
context of the initial intervention, with this acting as a delaying
action, allowing successive interventions to compensate and
further reduce Imax and Ic(tmax). This highlights the additional
role of robust interventions to permit future decision-making
when the current epidemiological situation is uncertain. This
has practical consequences, with policymakers able to use an
earlier intervention to delay the epidemic peak if the optimal
intervention strategy is unknown, providing time for the
build-up of healthcare capacity and the opportunity for later
interventions to course-correct.
We note that population ‘lockdown’ measures have been
presented as an integral part of a package of measures, used
to drive down the level of infection and ‘buy’ time for the
introduction of more sustainable measures, such as contact
tracing or vaccination [33,34]. We note that in the context of
delaying the epidemic peak, it is universally optimal to introduce the initial ‘lockdown’ measures earlier, more strongly
and for as long as necessary, until more sustainable intervention measures can be introduced indefinitely (electronic
supplementary material, figure S16). However, this also highlights the importance of prioritizing the development of these
sustainable measures, with the harsh consequences of severe,
lengthy NPI measures making indefinite delaying actions
expensive and ultimately unsustainable.
We note that an SIR model was one of many model structures considered to model the optimization of COVID-19 NPI
strategies. An SEIR framework can be considered a more

The original core analysis conducted for SPI-M utilizsed
parameter values that were contemporary as of March 2020.
This includes an R0 value that was later updated from 2 to
2.8 in the formalized manuscript in July/August 2020 [17].
This reflects the substantial improvements in knowledge
regarding the epidemiology and immunological characteristics of COVID-19 in this later period.

Data accessibility. Code used to generate/run all model simulations in
this study can be found in the GitHub repository: https://github.
com/alexmorgan1995/NPI_Analysis.
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