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Abstract

Middle East Respiratory Syndrome Coronavirus (MERS-CoV) causes severe disease in humans -
with a reported case fatality ratio of 35% - and is capable of causing explosive nosocomial
outbreaks. Sporadic outbreaks in the Arabian Peninsula are driven by recurring zoonotic
spillover from dromedary camels (Camelus dromedarius), leading to demand for a dromedary
vaccine to avert human cases. With two vaccine candidates shown to reduce viral shedding,
there is an urgent need to assess the potential impact of dromedary vaccination. This is
hindered, however, by poor understanding of the transmission of MERS-CoV in dromedaries

and a lack of mathematical models of transmission dynamics.

In this thesis, | use mathematical models to better characterise the dynamics of MERS-CoV in
dromedary populations and to simulate the potential impact of vaccination. In Chapter 2,
published measures of MERS-CoV infection prevalence and seroprevalence in dromedaries are
systematically reviewed. In Chapter 3, age-stratified seroprevalence data from dromedary
populations across Africa, the Middle East and South Asia are used to fit catalytic models of
seroconversion, producing estimates of transmissibility and the rate of waning of maternally
acquired antibodies. In Chapter 4, a stochastic, age-structured, dynamic transmission model of
MERS-CoV in dromedaries is developed. The model is used to estimate key, epidemiological
quantities including Ro and the critical community size, that give an insight into how
controllable MERS-CoV is in different dromedary populations. Seasonal calving is also explored
as a potential driver of peaks of infection. Finally, in Chapter 5, the dynamic model is extended
to simulate vaccination under different efficacy scenarios. The potential impact of vaccination
on transmission in dromedaries is evaluated, as well as the optimal age for vaccination.
Alongside empirical studies, insights from dynamic models such as those developed in this
thesis could contribute to informing an effective response to the zoonotic transmission of

MERS-CoV.
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Thesis Motivation

Middle East Respiratory Syndrome Coronavirus (MERS-CoV) is a zoonotic coronavirus which
poses a significant threat to public health. MERS-CoV infection causes severe respiratory and
renal disease in humans and has a high reported case fatality ratio of approximately 35.5% [1].
The World Health Organisation (WHO) classifies MERS-CoV as a priority pathogen based on its
pandemic potential and the lack of effective therapeutics or vaccines against the disease caused
by the virus. The severity of the disease and the role of dromedary camels (Camelus
dromedarius) as the zoonotic drivers of recurring human infection [2]-[4] has led decision-
makers to strive to accelerate availability of a vaccine to target dromedaries as part of the plan

to prevent human cases [5].

For vaccination of dromedaries to successfully avert human infections, it is necessary to: a)
develop an efficacious vaccine and; b) deploy an effective implementation strategy for targeting
vaccination within dromedary populations. Progress on vaccine development is being made
with two candidate vaccines shown to reduce viral shedding by dromedaries following infection
[6]-]8]. The design of an informed vaccine implementation strategy, however, is hindered by
insufficient understanding of the transmission of MERS-CoV in dromedary populations, and the
lack of a dynamic transmission model within which to assess the potential impact of

vaccination.

It is evident that MERS-CoV is endemic in dromedary camel populations across much of the
globe, but knowledge gaps around the transmissibility of the virus, and the nature of immunity
persist. A lack of estimates for how fast the virus spreads in dromedary populations and a lack
of understanding of how dromedary demographic factors (such as seasonal calving, and
population structure) affect transmission, have prevented quantitative evaluation of the vaccine
efficacy and vaccine coverage needed to prevent circulation. Knowledge gaps pertaining to the

nature and duration of immunity afforded by maternally acquired antibodies (mAbs) or past
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infection with MERS-CoV also make it difficult to identify the target populations and define

optimal dose schedules needed for an effective vaccination strategy.

Data driven mathematical models of transmission are often used to simulate and compare the
potential impact of vaccine strategies [9]-[14]. They can be key to informing vaccine strategy
design and are especially useful for optimising vaccine use in the face of finite resources, but no
suitable model of MERS-CoV transmission in dromedaries has yet been developed. This makes it
difficult for decision makers to weigh up the potential epidemiological impact of vaccination
strategies and to consult with stakeholders on vaccine implementation. However, data sources
have gradually become available, and can be used to parameterise models in order to estimate

some of these unknowns.

Models of transmission must be driven by data describing infection within dromedary
populations. Whilst dromedaries do not usually show symptoms of MERS-CoV infection -
making case-based surveillance unfeasible - there is a growing wealth of studies that have
collected age-stratified serological and infection prevalence data from dromedary populations
in a wide range of settings. By fitting mathematical models of infection to this prevalence data
we can estimate key parameters that describe the dynamics of how an infectious disease

spreads in a population. These data sources have not previously been utilised in this way.

This thesis aims to address the gaps in understanding about the transmission of MERS-CoV in
dromedary populations. It does this by, first, estimating the transmissibility of MERS-CoV in
dromedaries and the rates of antibody waning by fitting models of infection to published
seroprevalence data. These estimated parameters - along with dromedary demographical data
from the literature - are then used to develop a dynamic model of MERS-CoV transmission in
dromedaries. The dynamic model provides a framework in which to simulate different potential
vaccination strategies, evaluate their possible impact using efficacy data from field trials, and

highlight remaining data gaps to direct future study.
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In combination with a greater understanding of the dynamics of MERS-CoV transmission in
dromedaries and how they vary globally, the dynamic transmission model provides a way to
simulate and evaluate potential dromedary vaccination strategies that is currently lacking. This
could be informative for policy-making around dromedary vaccination and wider interventions
at the dromedary-human interface. Developing a sound understanding of the dynamics of
MERS-CoV in dromedaries is an essential component of tackling MERS. Beyond this, however, it
could also provide an important case study for broadening our general understanding of novel

coronaviruses in their animal hosts and ameliorating the threats they pose.

» o«

Note that throughout this thesis I use the terms “dromedary demography”, “epidemic” and
“endemic”, despite referring to a non-human animal population. I made this choice as the
meanings of these three, human centred terms are widely and immediately recognised by a
larger readership compared to their corresponding, animal-centred terms - that is, “zoography”,

“epizootic” and “enzootic”.

Background

MERS-CoV is a Zoonotic Coronavirus

Coronaviruses, so called for their crown-like appearance under the electron microscope, are a
family of single stranded RNA (Ribonucleic acid) viruses which were first discovered in the
1960s as a cause of common cold symptoms. [15]-[17]. Since then, four coronavirus species
have been found to be endemic in human populations - HCoV-NL63, HCoV-229E, HCoV-0C43
and HCoV-HKU1. Together, the seasonal circulation of these four endemic coronaviruses is
estimated to cause 1-29% of cases of the common cold [18]-[22]. Although first discovered in
humans, coronaviruses are known to infect a wide range of vertebrates [23]. Transmission of
coronaviruses from non-human animals to humans - known as zoonotic transmission - has
caused three major public health incidents in the past 20 years. The movement of coronaviruses
between different host species continues to pose a significant threat to public health, animal

health and the livestock industry.
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Before the 21st century, coronaviruses had only been seen to cause mild disease in
immunocompetent people. Since 2002, however, three novel zoonotic coronaviruses have
emerged that cause severe and potentially fatal disease in humans. The first was Severe Acute
Respiratory Syndrome Coronavirus (SARS-CoV) which emerged from wildlife brought together
at animal markets in Guangdong province in southern China in 2002 [24]. SARS-CoV spread
globally through air travel networks but was ultimately contained in July 2003 after around
8000 reported cases [25]. Sporadic SARS-CoV cases were detected following a further spillover
event from palm civets in Guangzhou in late 2003 [26] as well as after lab-related infections in
Singapore, Taiwan and Beijing, but no further cases have been reported since 2004. MERS-CoV
was the second zoonotic coronaviruses to emerge, with the first cases detected in 2012 in
Kingdom of Saudi Arabia (KSA) and Jordan. Unlike SARS-CoV, MERS-CoV continues to cause
small outbreaks of severe disease in human populations in the Arabian Peninsula. Finally, the
third zoonotic coronavirus to emerge and cause severe disease in humans is SARS-CoV-2 - the

cause of the ongoing COVID-19 pandemic. Since emerging in Wuhan, China, in late 2019, SARS-

CoV-2 has had a devastating impact on public health and wider aspects of society all over the

world. More details on these three high consequence zoonotic coronaviruses are available in

Table 1.1.

Table 1.1 Zoonotic coronaviruses that cause severe disease in humans.

SARS-CoV MERS-CoV SARS-CoV-2

Year of emergence | 2002 2012 2019

Human-to-human Efficient (Ro~3). Inefficient (average Very efficient (Ro of 2-6 for the “wild

transmissibility Ro<1 with significant type” variant?, and higher for recent

heterogeneity) dominant variantsb)

Disease severity CFR*~ 11% globally CFR*~35% CFR* highly variable due to reporting
and resources
IFR**0.001-8% depending on aged,
or 1% overall for “wild type” pre-
vaccinesd.

Reservoir Horseshoe bat 2 palm Dromedary camels Likely horseshoe bate > unknown

Role of reservoir

Status in human
population

Sources

civets (Paguma larvata)

Initial infection of first
human cases

Eradicated after ~8000
reported cases

[25]

(Camelus dromedarius)

Continued infection of
humans

Recurring small
outbreaks. ~2,600
reported cases to date.

(1], [27]
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intermediate host

Initial infection of first human cases

Ongoing pandemic driven by human-
to-human transmission.

a.[28], b. [29], c. [30], d. [31], e. [32]



*Case Fatality Ratio - the proportion of reported cases that are fatal (note that mild cases are
often underreported so CFR measures are usually an inflation of the underlying Infection Fatality
Ratio).

** Infection Fatality Ratio - the proportion of infections that are fatal

Of the three zoonotic coronaviruses MERS-CoV has the highest case fatality ratio but is the least
transmissible with an Ry < 1 (Table 1.1). MERS-CoV host cell entry is facilitated by binding of
the viral spike protein to host DPP4 (dipeptidyl peptidase 4) receptors [33], whereas the SARS-
CoV and SARS-CoV-2 use ACE2 (angiotensin converting enzyme 2) [34], [35]. Receptor usage is
linked to a virus’ ability to infect specific tissues - known as tissue tropism - which may
contribute, along with other aspects affecting host-virus interactions, to the differences in

severity associated with the three viruses.

Although the precise zoonotic origin of SARS-CoV-2 remains under investigation, phylogenetic
evidence confirms that all three high-consequence zoonotic coronaviruses likely originated in
bats before infecting humans via an intermediate zoonotic host [32], [36]-[40]. Despite this
common paradigm, however, the role the zoonotic host plays in ongoing transmission of MERS-
CoV presents a very different public health challenge to that of SARS-CoV and SARS-CoV-2. In
the cases of both SARS-CoV 2002-2003 outbreak and the SARS-CoV-2 pandemic, the role played
by the animal reservoir was limited to the initial introductions of the virus into the human
population [41]. Thereafter, the spread of the virus was driven by efficient human-to-human
transmission, demanding a response focused on preventing human-to-human infection. In
contrast, following historical spillover from bats into dromedaries, recurrent outbreaks of
MERS-CoV in human populations continue to be driven by repeated introduction of the virus
into the human population from dromedary camels in which the virus is now endemic, whilst
human-to-human transmission remains too inefficient to sustain circulation [2]. See Figure 1.1

for a schematic summary of MERS-CoV transmission.
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REF

Figure 1.1. Summary of the nature of MERS-CoV transmission. Historical transmission
occurred from bats to dromedary camels in which the virus now circulates widely. Recurring
dromedary-to-human transmission leads to recurring small epidemics, largely confined to
nosocomial environments such as hospitals (H). Dromedary and bat vector image sources:
pngimg.com (license: Creative Commons 4.0 BY-NC).

The nature of the zoonotic reservoir of MERS-CoV is also very different to that of SARS-CoV. This
also has implications for control. Firstly, the size and reach of the reservoirs are different.
MERS-CoV is endemic in dromedaries globally and is likely to have been circulating in the
animals for decades before the first human case was detected [42]. In contrast, SARS-CoV is not
thought to have been endemic in palm civets (Paguma larvata) which evidence suggests were
the immediate source of human SARS-CoV infection [24], [26]. Rather, the virus is thought to
have spilled over from Horseshoe bats (Rhinolophus spp) into palm civets — and potentially
other wildlife species - which then acted as amplifying intermediate hosts and infected humans
via live animals markets [24], [26], [39]. Secondly, the levels of interaction between humans and
the reservoirs for SARS-CoV and MERS-CoV are very different. Unlike wild civets, dromedaries
are highly domesticated, and their presence is deeply embedded in the livelihoods and societies
of millions of people globally. Whilst interaction with the SARS-CoV reservoir could be
temporarily limited through closure of wild animal markets in Southern China, it is not possible

to restrict the extensive human interaction with dromedaries in the same way. Taken together,
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the role and nature of the MERS-CoV reservoir means that preventing zoonotic transmission is

critical to prevent ongoing human infection.

Evidence suggests that MERS-CoV originated in bats -likely in Africa - and adapted to circulate
widely in dromedary camel populations long before spillover into humans was first detected in
2012 [36]-[38]. Retrospective analysis of serum samples confirms that camels in Sudan and
Somalia had MERS-CoV specific antibodies as far back as 1983 [42]. There is no substantial
evidence that direct transmission of MERS-CoV from bats to humans has ever occurred, and the
MERS-CoVs currently infecting humans and camels has not been found in bats. Whilst a virus
isolated from an Egyptian tomb bat (7. perforates) in the local area of a MERS-CoV index case
was found to be 100% identical to the patient’s virus, but the fragment was only 190
nucleotides in length and thus led to an inconclusive result [43]. However, several MERS-CoV-
related viruses have been found in bats. The phylogenetic tree of MERS-CoV is currently rooted
by NeoCoV - a MERS-related-CoV discovered in South African Neoromicia capensis bats with
85% sequence identity to MERS-CoV [38]. Several Neoromicia species are prevalent in the Horn
of Africa where camel populations are very dense. Differences in the sequence encoding the
spike protein which MERS-CoV uses to enter host cells suggest that recombination of MERS-
related-CoVs occurred in bats before widespread amplification of MERS-CoV in dromedary

camels [38].

MERS-CoV in humans

Transmission

Understanding the nature of MERS-CoV transmission in humans was initially complicated by the
fact that only the most severe cases are detected [44]. However, phylogenetic analyses and
serosurveys have since confirmed that, unlike SARS-CoV and SARS-CoV-2 which are
characterised by efficient human-to-human transmission following initial zoonotic spillover
events, MERS-CoV infection in humans is driven by recurring spillover from dromedary camels,

with humans essentially representing a terminal host [2].
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It was estimated that 12% of the MERS-CoV cases in KSA (Kingdom of Saudi Arabia) between
January 2013 and July 2014 were due to zoonotic transmission, with the remainder a result of
subsequent human-to-human transmission [45]. Human-to-human transmission is relatively
inefficient, limited to a few generations of infection and largely restricted to close, unprotected
contact environments such as hospitals and, to a lesser extent, households [46]-[50]. Like the
SARS-CoVs, transmissibility of MERS-CoV is highly heterogeneous. Although on average an
individual with MERS-CoV will infect less than one other person, the reproduction number for
MERS-CoV is extremely variable, giving rise to occasional super-spreading events where tens of
MERS cases have been infected by a single infected individual [49], [51]. The repeated zoonotic
transmission of MERS-CoV continues to pose a threat to public health globally through its

potential to cause explosive, nosocomial outbreaks.

Global distribution of cases

MERS-CoV was first identified in sputum from a patient with pneumonia and renal failure in the
KSA in September 2012 [52], with retrospective analysis showing that a cluster of MERS cases
had occurred prior to this in a group of Health Care Workers (HCWs) in Jordan in April 2012
[53]. Since its discovery, 2,583 laboratory confirmed MERS cases and 889 associated deaths
have been reported globally as of December 2021, 84% of which have been reported in KSA
[27]. Laboratory confirmed MERS cases detected in countries outside of the Middle East have all
been traced back to importation of cases from the Arabian Peninsula. Onward transmission
following importation has been very limited, except for a 2015 outbreak in South Korea in
which 186 known cases arose from nosocomial super-spreading events following a single
imported case [49], [54]. Autochthonous cases (resulting from transmission from a camel or a
person with camel contact within the local community, as opposed to from an imported case)
have only been reported in countries within the Arabian Peninsula and Iran, and not in Africa or
South Asia, despite widespread circulation of the virus in those camel populations. Recent

studies, however, have found evidence of MERS-CoV specific immunity in some at-risk
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populations with camel contact in Kenya, Nigeria, Morocco, Egypt and Pakistan, suggesting

undetected camel-to-human transmission has likely occurred in these locations [55]-[59].

Extent of infection and spectrum of symptoms

MERS-CoV infection in humans can be asymptomatic or lead to mild respiratory symptoms but,
in most reported cases, infection is associated with severe respiratory and renal disease. This
has resulted in a high reported CFR of approximately 35.5% [1]. This is likely to be an
overestimation of the infection fatality rate (IFR) as infections resulting in mild or no symptoms
are more likely to go unreported. Currently, no study has attempted to estimate the underlying
IFR. Older people with co-morbidities (especially men) are overrepresented in reported cases -
particularly in primary cases [60]. When comparing reporting of primary and secondary cases,
there is likely to be a bias towards reporting of severe primary cases over mild primary cases.
This is because primary case reporting relies almost exclusively on healthcare seeking
behaviour, whereas secondary cases are also found through active contact tracing which may
pick up milder disease. Elevated bias towards severe cases in primary case reporting may
explain the overrepresentation of older people with co-morbidities as these co-morbidities are
risk factors for severe disease. Whether the risk of zoonotic transmission is also higher in older

men has not been elucidated.

Serological surveys conducted in KSA suggest a large number of undiagnosed, asymptomatic
and mild MERS-CoV infections [4], [61]. A nationwide serological survey in 2013 found that
0.15% of the general population had neutralising antibodies against the MERS-CoV spike
protein [42]. Samples taken from healthy blood donors in Western region of Saudi Arabia
between 2011 and 2016 found that 0.23% of donors aged 15-44 had neutralising antibodies
against the MERS-CoV spike protein, with a significant increase in seropositivity over the study
period [61]. Both studies made extrapolations assuming their sample was representative of the
population of KSA, respectively estimating that 45,000 people >15 years old in KSA had been

infected with MERS-CoV as of 2013 and that, as of 2016, 19,000 people had been infected in the
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Western region alone. This is compared to ~2,600 laboratory confirmed cases globally.
Neutralising antibody tests are highly specific to the MERS-CoV spike protein. As such, these are

likely to be conservative estimates.

Distribution of cases over time

Sporadic cases and small outbreaks of MERS cases have been detected since the virus emerged
in 2012 (Figure 1.2). Due to the severity of MERS-CoV, many countries that experienced
outbreaks between 2012 and 2015 have since implemented interventions to improve the
control of nosocomial and zoonotic transmission. This coincides with a reduction in both the
reported number of primary cases (cases assumed by WHO to be due to camel-to-human
transmission) and secondary cases since 2016 [62], although recurring transmission events
from dromedary camels do continue to drive outbreaks in the human population in the Arabian
Peninsula. There have been less cases reported during 2020 and 2021 (visually assessed from

Figure 1.2) which overlaps with the COVID-19 pandemic.

Confirmed global cases of MERS-CoV
Reported to WHO as of 03 Aug 2021 (n=2574)
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Please note that the underlying data is subject to change as the investigations around cases are ongoing. Onset date estimated if not available

Figure 1.2 Confirmed global cases of MERS-CoV reported to WHO. Up to date as of 37 August
2021. Source: Reproduced from the WHO MERS-CoV situation update [Accessed 26/03/2022]
https://www.who.int/health-topics/middle-east-respiratory-syndrome-coronavirus-
mers#tab=tab 1. © Copyright World Health Organization (WHQ), 2021. All Rights Reserved.
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Evidence that Dromedary camels are the key zoonotic reservoir of MERS-CoV

Outbreak investigations, phylogenetic analyses and large epidemiological studies all point to
dromedary camels as the key zoonotic source of recurring human MERS-CoV infection. The

different types of evidence supporting this are outlined below.

MERS-CoV infection is widespread in dromedaries

RT-PCRs surveys and isolation of whole viruses have found MERS-CoV circulating in dromedary
populations across the Middle East [63]-[66], Africa [63], [67], [68], and Pakistan [69].
Serological surveys have found that most dromedaries have been infected with MERS-CoV by
the time they reach adulthood [63], [69]-[74]. MERS-CoV specific neutralising antibodies have
also been found in Bactrian camels and Bactrian-Dromedary hybrids, alpacas and llamas living
in close quarters with dromedaries in the Middle East, although the virus itself has not been
isolated from these animals [75], [76]. Despite many studies testing non-camelid species in the
Middle East and wider areas, neutralising antibodies have not been found in any other livestock

species.

Viral sequences from linked dromedaries and humans are found to be identical

Outbreak investigations have found active infection in dromedaries coinciding with infection in
their human contacts. One study found the full genome of the MERS-CoV virus isolated from a
camel to be genetically identical to that isolated from its owner who had been caring for the
camel shortly before showing symptoms of MERS-CoV infection [3]. Serology showed that the
antibody response to MERS-CoV in the dromedary preceded that of the owner, indicating the
direction of transmission was from dromedary to human. An identical virus to that found in the
camel and the patient was also found in the air in the camel barn [77]. A virus isolated from a
dromedary in Qatar was found to be 99.9% identical to a virus isolated from a patient who had
travelled from Qatar to England and developed MERS [78]. Similarly, an outbreak investigation

on a farm connected to two human cases in Qatar found that, given the mutation rate of MERS-
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CoV, the sequences of the Open Reading Frame 1a (ORF1a) region of the MERS-CoV RNA

detected in camels were very similar to that in the two human patients [79].

Camel contact is a risk factor for evidence of MERS-CoV infection in humans

Studies conducted in KSA have found camel contact to be a risk factor for MERS-CoV infection in
humans [80] and being seropositive for MERS-CoV [81]. A nationwide serological survey also
found that those in professions involving interaction with camels had a higher seroprevalence
than the general population - shepherds had 15-fold higher seroprevalence and slaughterhouse
workers had a 23-fold higher seroprevalence than the general population [4]. A survey of ~500
people, including almost 300 people with regular camel contact and 200 without, found
neutralising antibodies only in those with camel contact [82]. A study comparing abattoir
workers who had dromedary contact with abattoir workers without contact, non-abattoir
workers in Nigeria, and a control group from Guangzhou China, found no one to be seropositive,
but did find MERS-CoV specific T-cell response in 30% of abattoir workers who had contact
with dromedaries, and 0% in the other groups [56]. A study of animal market and
slaughterhouse workers in Abu Dhabi found high seroprevalence in camel workers (6-19%
across rounds) - this was especially high amongst camel salesmen (with almost 50%
seropositivity) and those transporting camels and their waste (22% seroprevalence) [83].
Camel traders in Egypt were found to be 25% seropositive, as determined by IgG ELISAs, but
neutralising antibodies - the gold standard for measuring MERS-CoV seropositivity in humans -

were not tested for in this case [57].

Despite clear evidence for the key role of dromedaries in transmission, serological studies in
camel workers scarcely find seropositivity - even, in some cases, where the virus was
documented to be circulating in the animals. This suggests that transmission to humans is a
relatively rare occurrence [84]-[88]. In Pakistan, Zohaib found 0% seroprevalence in humans
including camel handlers [69], but Zheng found 12% neutralising Abs in 100 camel workers and

members of their families [58].
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WHO records MERS cases as primary cases if they cannot be linked to another known human
case or outbreak. Of these primary cases, just over half have had contact with camels, compared
with around 1% of secondary cases [89] but this is not the case for the remaining primary cases.
There may be undetected mild human index cases responsible for these cases, or another

animal species. Evidence does not currently support another zoonotic reservoir, however.

Phylogenetic evidence of recurring zoonotic transmission

One of the most important pieces of evidence that confirm the ongoing role of dromedaries in
human infection came from a phylogenetic study of the publicly available MERS-CoV genomes
isolated from humans and dromedaries [2]. The study found that long-term viral evolution
occurs in dromedaries, whilst humans are essentially terminal hosts. The authors showed that
recurring introductions from the dromedary population into the human population drive the
recurring clusters of human cases. This dynamic is supported by epidemiological evidence
suggesting inefficient human-to-human transmission in the community characterised by short

transmission chains [46].

Characteristics of the global dromedary camel population

The importance of dromedary camels to the livelihoods and cultures of hundreds of millions of
people globally provides opportunities for continued zoonotic transmission of MERS-CoV.
Dromedaries are a domesticated species used for milk, meat, and transport, as well as for
entertainment through the flourishing racing and pageant industries. Despite the wide
circulation of MERS-CoV in dromedaries, zoonotic transmission from an infected camel seems to
be a relatively rare event. The route(s) of dromedary-to-human transmission of MERS-CoV have
not been fully elucidated, but evidence strongly suggests that the virus can spread directly from
live infected dromedaries, for example through contact with nasal secretions and exhaled
droplets, or indirectly through fomites [3], [77], [90]. It is also plausible that exposure could

occur through unpasteurised milk contaminated by calves sometimes used to stimulate milk
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production [91]. Around 95% of the world’s camels are dromedary camels, the remainder
belong to the two-humped Bactrian species (Camelus bactrianus) of Central Asia [92]. Although
serological data suggests MERS-CoV may occasionally spill over from dromedaries into co-
housed Bactrian camels, and small camelids [75], [76], dromedaries are the major zoonotic

reservoir of MERS-CoV.

This section shall therefore focus on the characteristics of the global dromedary population that
are necessary for understanding the challenge posed by MERS-CoV, including the global
distribution and movement of dromedary camels, and the heterogeneity in dromedary

husbandry practices globally.

Global distribution and movement of dromedary camels

There were estimated to be approximately 40 million camels globally in 2020 [93]. This is likely
to be an underestimation of the true population size as censuses are not frequently conducted,
in part due to the mobility of dromedary populations and the absence of obligatory vaccination
[94]. FAO databases do not currently distinguish between dromedary and Bactrian camels,
however dromedary camels are estimated to make up 95% of the world’s large camelids [92].
Since the 1960s, the dromedary population is estimated to have grown almost 3-fold.
Dromedary husbandry is growing in many regions of Africa in response to desertification,
where dromedary adaptation to arid conditions makes them more robust to droughts than
cattle [94]. Populations are also growing exponentially in many Middle Eastern countries with
growing urbanisation increasing the demand for camel meat, changing farming practices, and

the role of dromedaries as livestock and companion animals in urban life [60], [94], [95].

According to FAO databases 87% of the global dromedary population is in Africa [93]. The
Greater Horn of Africa (GHA: Somalia, Ethiopia, Kenya, Sudan, South Sudan, Eritrea and
Djibouti) is the most densely populated region, alone harbouring 60% of the world’s dromedary
population [96], with more than one camel for every two people in Somalia [60]. Despite well

documented widespread circulation of MERS-CoV in the dromedary camel populations in Africa
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[63],[72], [97]-[99], all reported MERS cases in humans have been linked back to countries
within the Arabian Peninsula or Iran. Countries of the Arabian Peninsula are the key importers
of live dromedaries globally and have considerable dromedary populations. The remainder of
the global dromedary population is distributed across South Asia, with small but increasing
numbers of dromedaries in Europe and North America (where they are mainly used for tourism
and incidental milk production) and a large feral population in Australia that descended from
dromedaries brought over during the establishment of the penal colonies [100], [101]. MERS-
CoV has been detected in dromedaries in South Asia, but not Europe, the Americas or Australia

[69], [102]-[104].

Mobility underpins the mixing of populations and so is very important for understanding animal
disease transmission and control opportunities [105]. Dromedary mobility, however, is difficult
to assess. With the exception of annual estimates of numbers of camels formally traded
internationally, there is little data available on the movement of dromedary herds and their
contact with other dromedary populations. A large proportion of transboundary movements
(crossing borders between countries or areas) consist of informal trade or occur through
porous borders in desert areas and so are not recorded in databases. It is estimated that only
10% of the trade of dromedaries from major exporter Somalia occurs through formal channels

[106].

Most international trade of live dromedaries occurs unidirectionally from countries within the
GHA to countries in the Arabian Peninsula (KSA, Yemen, UAE, Qatar, and Bahrain), and to Egypt
and Libya in Northern Africa [107] where the imported animals are largely used to meet the
demand for camel meat [106]. Somalia and Sudan are the major exporters of dromedaries
globally. Other countries within the Sahelian region of Africa, such as Mauritania, Mali, Niger
and Chad also export camels to Northern Africa [106]. In Western Africa, the major trade occurs

from Mauritania to Morocco, Algeria and other Northern African countries.
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Despite the unidirectional trade from GHA to the Arabian Peninsula, MERS-CoV displays region-
dependent genomic diversity. MERS-CoV viruses belonging to Clade C (describing the genetic
similarities of virus sequences isolated from dromedaries in Africa) are not found in local or
imported dromedaries in the Arabian Peninsula [108]. Analysis of replication of viruses from
different clades in human lung tissue and in mice expressing human DPP4 receptors suggests
that Clade A and B viruses (widely circulating in the Arabian Peninsula) may have a replicative
advantage in dromedaries compared to Clade C, which may explain this separation in the face of
huge unidirectional trade [109]. Clade C viruses isolated in Western Africa also exhibit
differences from those in Eastern Africa, with several mutations rendering Western African
viruses less able to reproduce in lung tissue in vivo [68]. The lack of major East-West trade in

Africa may contribute to this genomic separation.

Large dromedary markets act as hubs for movement and trade both in Africa and in the Middle
East. Egypt has the largest camel market in Africa and in addition to the GHA receives
considerable numbers of dromedaries from Kenya and Chad, via Ethiopia [107]. In countries of
the Arabian Peninsula importation is often followed by a prolonged period on a fattening farm
rather than immediate slaughtering as conducted in Northern Africa. Markets and holding farms
are known drivers of the transmission of other zoonotic diseases such as avian influenza [110].
Annual entertainment events are also known to affect dromedary movement in some countries

with large numbers of animals being brought together for competitions and for trading.

Other than trade, dromedary mobility is also tied to transhumance and nomadism of
pastoralists. Transhumance involves seasonal migration of pastoralist camel farmers between
areas and is documented to characterise annual dromedary movement in Central Africa for
example [106]. Despite the growing number of intensive farms and sedentary herds, a
considerable proportion of dromedaries in KSA are part of Bedouin husbandry systems
practising nomadism [111]. Gikonyo et al. (2018) produced a very detailed mapping of

dromedary migrations and points of mixing in Kenya which describes large annual variations in
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seasonal trade at the major markets, and examples of seasonal movements such as drought
driven migration of pastoralists for dry season grazing [112]. More quantitative data describing
the numbers of dromedaries moving and mixing due to trade, annual migrations, and events, is
important for understanding the dynamics of MERS-CoV spread and opportunities for

implementing optimal interventions to reduce transmission.

Dromedary demography - herd size, structure, births, and mortality

Herd size has been found to be a risk factor for MERS-CoV infection [98]. The size of dromedary
herds varies hugely both within and between countries. For example, in a study conducted
across Burkina Faso, Ethiopia and Morocco, all herds sampled in Burkina Faso were comprised
of <50 camels whereas herd size ranged from <50 up to 300 camels in Ethiopia and Morocco
[98]. In KSA herd sizes can be larger still, with three main types defined by Abbas et al. (2000)
with mean sizes of 14, 86, and 1,260. Abdallah and Faye (2013) measured populations to range
from a single individual to more than 800 individuals in a herd, with a mean of 66-100 across

the 8 herd types identified across KSA.

Female dromedaries make up the majority of herds, with males removed at a young age in both
the Arabian Peninsula and camel exporting countries such as Ethiopia and Somalia [95], [113]-
[115]. Although dromedaries can live as long as 40 years, most farmed dromedaries have an
expected life span of closer to 20 years. A recent systematic review of camel husbandry
practices in Ethiopia found the maximum life expectancy to be between 22 years for males and
29 years for females [113], and in the large study of farm types in Qassim KSA, the majority of
animals were <14 years of age [114]. Herds in Somalia report that around 25% of the herd is <2
years old although this varies by season [115]. Little qualitative or quantitative data is available
describing herd structure in terms of camel contact patterns, other than that calves tend to be

separated from their mothers after 12 months in the Arabian peninsula [116].

Camel calving is highly seasonal [114], [117]-[121]. Mating occurs in winter, and the duration of

camel pregnancy is 12-13 months [114]. Most calves are born between October and March in
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KSA. Reports of dromedary calving in African countries reported similar calving seasons with
births peaking between October and April in Egypt [121], and October to December in Nigeria
[119]. Quantitative data on calving throughout the year was only found for KSA where 83% of

births were measured to occur during the high season [114].

Like most livestock, mortality is highest in young calves and new-born mortality of up to 50%
has been measured in eastern Africa [115]. Mortality is widely reported to be higher in the first
two years of life compared to in adult dromedaries. In KSA total mortality is reported to range

between 10-26% and was dependent on husbandry practices and farm type [95].

Heterogeneity in camel husbandry globally

There is a lot of variability in how camels are raised and used globally. Husbandry has the
potential to impact the epidemiology of MERS-CoV in dromedaries due to differences in herd
turn-over, degree of isolation, movement, and density, all of which impact mixing of susceptible
and infectious animals. Traditionally, dromedaries have been farmed in extensive systems with
low input and high mobility. Over the past 60 years, however, urbanisation and economic
growth have driven dramatic intensification of husbandry practices in the Arabian Peninsula -
particularly in KSA which holds 78% of the peninsula’s dromedaries [60]. As well as Bedouin
herds under traditional nomadic management systems, there are growing numbers of sedentary
herds near to big cities. Increasing numbers of dromedaries are imported from the GHA for
meat, and several large commercial camel dairy farms now operate in KSA and UAE to meet the
growing demand for commercial dromedary products. Dromedary herds have also been
integrated into the social fabric of urban life with owners farming dromedaries as a leisure
pursuit rather than out of necessity or for purely commercial reasons [95]. On the other hand,
dromedary husbandry practices remain largely extensive and pastoralist-led in the major
dromedary exporting countries in Africa, [107], with some intensification and growing number

of sedentary dairy herds being farmed in peri-urban areas in Kenya and Djibouti [122]. Large
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scale shifts in dromedary husbandry practices has been hypothesised as one potential causal

factor in the emergence of MERS-CoV in the human population in the Arabian Peninsula [60].

As well as heterogeneity in husbandry practices globally, different types of herd management
exist within countries. For example, several studies have classified different farm types in KSA.
A study conducted by Abbas et al in the Qassim region in 2000 characterised four farm types:
Commercial dairies, prestige herders, pastoralists or agropastoralist herders, and peri-urban
feedlots [114]. Young calf mortality rates were highest in the commercial dairies, which also
kept the largest camel populations by far, with an average of 1,260 animals. Herds kept by
pastoralists and in urban feedlots were on average small with lower mortality rates (Table 1.2).
It is not clear from this study how integrated these farms were into markets or other larger

networks of camels.

Table 1.2 - Demography of dromedary populations by farm type in KSA

Farm Type Mortality (%)? Fecundity (%)2 | N3 Reference
0-1 |1-2 | 2-3 | 34 | 4+

Commercial Dairies 12 2 9 5 3 1260 | [114]

Prestige Herders 11 |2 3 5 4 68 over all 86

Pastoralist/agropastoralist | 9 1 3 1 2 14

herders

Peri-urban Feedlots 4 1 3 NA |1 | NA 17

Type 1a* 18 41 100 [95]

Type 1b * 15 45 66

Type 2a * 23 30 72

Type 2b * 14 37 56

Type 3a * 17 44 66

Type 3b * 26 47 73

Type 4a * 10 42 60

Type 4b * 14 53 63

1. Mortality was measured as the percentage of animals dying annually
2. Fecundity was measured as the percentage of
3. Mean herd size

*Farm Types 1a-4b were defined using automatic classification in [95] and are explained in
the text on page 34

A more recent typology was derived using automatic classification of camel farms in Northern,

Eastern and Central regions of Saudi Arabia, and identified four major farm types, each of which
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was split further into two, based on status of the farmers, herd composition, farming practices,
and degree of integration into markets [95]. The types identified are slightly less intuitive than

the Abbas et al. (2000) classification but not reliant on a priori assumptions:

1. Farms with big herds run by pure camel farmers either
a. living in the desert and using traditional farming practices, or
b. moving herds made up of only one breed, using more modernised farming
practices and higher market integration.
2. Camel farms run by retired people either
a. asahobby, or
b. for market activity
3. Small herds well integrated into markets either
a. run by pure farmers living in the desert and moving, or
b. multi-active farmers working in security, using traditional management.
4. Farms run by multi-active farmers living in cities either
a. purely as a hobby, or

b. with commercial interests and higher productivity.

Mortality and fecundity rates are calculated for each of these types (Table 1.2). However, these
parameters do not vary greatly between farm types, rather herd turnover through buying and
selling is the main differentiator. The differences in dromedary herd structures, movements and
demography might suggest we should expect MERS-CoV dynamics to be regionally

heterogeneous too.

The epidemiology of MERS-CoV in dromedaries

This section will summarise what is currently known and what remains to be addressed about
the dynamics of MERS-CoV in dromedary populations including the disease presentation,

transmissibility, the nature of immunity, and risk factors for infection.
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Disease presentation

Although MERS-CoV infection can cause severe disease in humans, infection in dromedaries is
largely asymptomatic making assessing the epidemiology of the virus in the zoonotic reservoir
even more challenging. The expression of the MERS-CoV cell entry receptor DPP4 on human
cells in the lower respiratory tract and the renal system, as opposed to in the upper respiratory
tract in dromedary camels, may partly explain the difference in severity of disease experienced
by these two host species [123]. Most dromedaries show no outward signs of infection, with

some calves showing very mild symptoms such as the presence of nasal discharge [124].

Global distribution of infection

Neutralising antibodies specific to MERS-CoV have been found by multiple studies in
dromedaries across Africa, the Middle East, and South Asia [63], [69]-[74], [125]. Almost every
country in which RT-PCR testing has been conducted within these three regions has also found a
proportion of dromedaries to be shedding viral RNA indicative of active infection, with the
exception of single studies conducted in Bangladesh, Uganda and Israel [63], [76], [125]. High
levels of seroprevalence and active infection suggests wide ongoing circulation of MERS-CoV in
the Africa and parts of South Asia as well as in the Middle East where human cases are reported.
This raises the question of whether transmission dynamics are different in dromedary
populations outside of the Middle East, or whether other factors such as surveillance or human
contact with dromedaries play a part in the lack of locally acquired MERS cases reported in
camel dense areas of Africa. On the other hand, there is no evidence of past or active MERS-CoV
infection in dromedaries in Europe,! North America, South America, Japan or notably, the large
feral population in Australia. With so many cross-sectional studies now available, a systematic
review of prevalence studies is needed to draw out further patterns in the global distribution

extent of MERS-CoV infection in dromedary camels.

1 excluding the Canary Islands where there is evidence of limited past infection possibly following
importation from Morocco [165], [179]
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Transmissibility

Quantifying the transmissibility of an infectious disease is critical to understanding how best to
control spread and to modelling the potential impact of interventions. Literature searches
suggest that excluding estimates based on weekly human cases, there is only one estimate of
transmissibility of MERS-CoV in dromedaries available. The study used age-stratified
seroprevalence data from dromedary herds in Kenya to estimate the Force of Infection (Fol) -
defined as the rate at which susceptible animals become infected over time [126]. The annual
Fol was estimated to be ~0.5 overall but ranged from 0.1-1 for pastoral herds using the best
fitting age-dependent quadratic model, with some negative Fol estimates for ranching herds as
seroprevalence decreased slightly with age. This could perhaps be explained either by the
model assumption of endemic transmission not being met in ranching herds, or that there is

waning of antibodies over time which is not considered by the model.

Ro - the average number of secondary infections produced by a single infection introduced into
an entirely susceptible population - is perhaps a more intuitive measure of transmissibility than
the Fol. It also has the advantage of being more widely used and therefore easier to compare
across different diseases. However, estimates of Ro for MERS-CoV in dromedaries have only
been made available by two studies which based them on human weekly case data, giving

estimates ranging from 1 to 3 under different model assumptions [127], [128].

Other insights into the transmissibility of MERS-CoV have mainly come from incidental
observations in longitudinal studies. For example, following infection, RT-PCR tests have
measured dromedaries to shed detectable levels of MERS-CoV RNA for around 14 days [6],
[116], [129]. The duration of shedding of infectious virus particles has not been measured
following natural infection, but in experimental settings infectious viruses could be isolated for
the first 7 days following infection [130]. In a vaccine field study, it was documented that
infection transmitted from a pen housing infectious dromedaries to dromedaries that were part

of a different aspect of the study in a pen 200 metres away. The authors assessed CCTV footage
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which confirmed all protocols to avoid mechanical transmission were followed correctly,
meaning this could suggest a high level of airborne transmission is possible between

dromedaries [6].

Immunity

Calves born to seropositive mothers may acquire MERS-CoV antibodies through colostrum
[116], [131]. Longitudinal studies have observed a wave of infection sweeping through calf
populations after mAbs have waned over the first few months of life, suggesting they initially

offer protection from infection [116], [131].

Seroconversion commonly follows first MERS-CoV infection, and population levels of
seropositivity have been measured to be very high especially in adult dromedaries [73], [88],
[116]. However, cases of reinfection of seropositive animals suggest seropositivity is not a proxy
for complete immunity to MERS-CoV, and the level of protection conferred by past infection is
unclear. Rapid reinfection of animals has been documented in high transmission settings such
as markets and pens containing many infectious dromedaries [6], [65], [129]. Reinfected
animals have been measured to have a lower viral load and are likely to be less infectious than
first-time infected animals [6]. The exact relationship between this reduction in viral load and

the reduction in infectiousness has not been fully elucidated.

Risk factors for infection

Several cross-sectional surveys have measured increasing seroprevalence with age, and RT-PCR
studies have found active infection to be more common in calves compared to adults. This
suggests first infection with MERS-CoV may occur in the first two years of life in some study
populations, with most animals becoming infected before adulthood. Other potential risk factors
for MERS-CoV infection or seropositivity include the geographical region sampled. Multiple
studies have measured sub-national regional differences in seroprevalence and infection
prevalence [67], [88], [132]. Herd characteristics such as size, density and husbandry

management system have also been significantly associated with differences in seroprevalence
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in some studies, but the direction of association is not always consistent. For example, large
herd size was a risk factor for seroprevalence in western Africa, but not in Kenya [98], [133].
The type of site sampled and the camel function have also been seen to influence prevalence
measures, for example higher prevalence has been found at abattoirs and wholesale markets
compared to farms [98], [134], [135]. In a study conducted across Morocco, Burkina Faso and
Ethiopia, camels raised for milk and meat were measured to have significantly higher

seroprevalence than those used for transport [98]

Vaccination of dromedaries

Owing to the severity of MERS-CoV infection in humans, and its potential to cause explosive
nosocomial outbreaks, there is a demand for interventions to avert the camel-to-human
transmission events driving ongoing cases. Several non-pharmaceutical interventions are
already in place including guidance around use of Personal Protective Equipment (PPE) when
interacting with dromedaries, and advice to vulnerable individuals to avoid dromedaries when
possible. Although restrictions have been discussed at various points, currently there is no
evidence that preventing the trade of MERS-CoV positive animals would reduce the risk of
human infections in the Arabian Peninsula [107]. MERS-CoV has established long-standing
widespread circulation in major camel importing countries, meaning infection would likely
occur in holding pens or fattening farms once imported. Such restrictions would also likely be
economically devastating to major exporters. Other suggestions have included delaying weaning
and reducing human contact with calves as they are more likely to be infectious than adult

dromedaries [116].

In addition to non-pharmaceutical interventions, there is clear call from decision makers to
implement dromedary vaccination to avert human cases [5]. Multiple vaccine candidates have
been developed across a diverse range of platforms with three having reached the stage of being
tested in dromedaries. These include a synthetic consensus DNA vaccine [136], an MVA-based

(Modified Vaccinia Ankara) vaccine, and the adenovirus vectored ChAdOx1 MERS vaccine [6]
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that formed the starting point for the Oxford-AstraZeneca COVID-19 vaccine. All three
candidates target the MERS-CoV Spike protein known to facilitate cell entry by binding to DPP4
host cell receptors and known to be key to developing immunogenicity against MERS-CoV [33],
[137]. The synthetic consensus DNA vaccine was measured to produce a strong humoral
immune response in the three immunised dromedaries but its efficacy against infection has not
yet been measured in the animals. Both the MVA-based vaccine and ChAdOx1 MERS, however,
have been shown to reduce viral shedding in dromedaries following infection when compared

with controls [6], [8].

Implementing MERS-CoV vaccination in dromedaries will be challenging. As MERS-CoV
infection does not cause significant disease in camels, a dromedary vaccine will be implemented
solely for the purpose of preventing human infections. While there are several examples of
vaccinating animals to protect humans from infection [138] (including low pathogenic avian
influenza [139], [140], Hendra virus [141] and rabies [142]), overcoming concerns of camel
owners and the camel industry will require consultation with owners, industry and political
leaders in countries with high dromedary density. It is critical that any animal vaccine
implementation will not harm the livelihoods of animal owners and those involved in the
selling, trading, or recreational use of the animals. Further discussion of these wider challenges
of implementing a MERS-CoV vaccine in dromedaries, would benefit from being informed by a
clearer picture of what an epidemiologically optimal vaccination strategy would involve and the

likely impact it would have on transmission in dromedaries.

Mathematical modelling as a tool to inform public health decisions around MERS-CoV

Mathematical modelling has been widely used to evaluate the impact of interventions on
infectious disease transmission and has supported the development and implementation of
many vaccination programs including the response to the 2009 Influenza pandemic [14], [143],

Ebola [12], [13], and most recently COVID-19 [10], [144].
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Modelling involves describing the behaviour of a system - in this case, the spread of infectious
disease in a population - using mathematical concepts. When decisions are made about how to
intervene in infectious disease transmission - be that by members of the public or policy
makers - those involved in decision-making processes make choices based on their current
understanding of how the disease spreads. Their decision might involve the assumption that
infected individuals become infectious after symptom onset, that infection takes two weeks to
clear, that transmission is higher indoors, or that previously infected individuals are immune to
reinfection, for example. In so doing, they are, knowingly or unknowingly, making use of a

simple model.

Mathematical models can add value to these decision-making processes in a number of ways.
Firstly, in the process of developing mathematical models that quantitatively represent the
spread of infectious agents, assumptions can be explicitly acknowledged and formalised. This is
important to ensure that assumptions are made transparent, more open to scrutiny, and better
able to be interrogated against data describing infections. Secondly, comparing the fit of
different potential models of transmission to epidemiological data can allow us to infer which
model presents the most likely scenario, given the data available. Thirdly, for new and emerging
pathogens, where data are limited, modelling can be especially important to assess the likely
impact of the outbreak early on. Finally, although mathematical models will always be a
simplification of the true spread of infectious disease, they can - where there is confidence that
models produce reasonably accurate representations of true dynamics - be used to infer the
likely impact of interventions and optimise implementation strategies through simulation. As
long as model limitations and uncertainties are recognised and communicated effectively [145],
these four benefits make mathematical models very useful as part of the research informing

public health response to infectious disease epidemics.

Mathematics was first applied to infectious disease by Bernoulli in the 18t Century to predict

the effect of smallpox inoculation on life span [146]. In the early 20t Century, Hamer
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conceptualised the importance of the number of susceptible individuals and infectious
individuals for disease spread, and several physicians developed the first models of disease
spread that assigned individuals to compartments (e.g., Susceptible, Infectious, and Recovered
in the SIR model) [147]. Ross pioneered the used compartmental models to assess the likely
impact of interventions in his work on malaria transmission [148]. This, along with important
concepts such as the Reproduction number, Ry, first introduced by MacDonald in 1957, have
paved the way for the use of mathematical modelling in epidemiology today [149]. More
recently, extensions of deterministic compartmental modelling to include stochasticity, along
with the development of forms of modelling such as agent-based modelling (in which
individuals are modelled rather than compartments) and network modelling where the contacts
between susceptible individuals and infectious individuals can be modelled explicitly [150],

have broadened the toolkit available to infer and simulate infectious disease dynamics.

Modelling was gradually integrated into the public health response to infectious disease
outbreaks during the 21st century as it was used to inform the response to key emergence
events such as Foot and Mouth [151], [152], SARS-CoV [153], [154], influenza HIN1 [143],
Ebola [12], [13] and COVID-19 [144]. Modelling transmission dynamics is also increasingly
recognised as critical to cost-effective intervention planning in the field of health economics.
Vaccination programs in response to the 2009 influenza pandemic, Ebola, and most recently
COVID-19 have all made use of data-driven mathematical models of the transmission dynamics
to simulate different vaccination strategies, This has supported decision making by ensure finite
numbers of vaccines are targeted most effectively within a population, as well as evaluating the

expected impact. [10], [12]-[14], [155].

With two vaccine candidates now shown to reduce shedding in dromedaries, there is an urgent
need for an appropriate mathematical model of MERS-CoV transmission with which to assess
potential impact of animal vaccination. Models of MERS-CoV have tended to focus on human-to-

human transmission, and there is no appropriate dynamic model of MERS-CoV transmission in
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dromedaries available for assessing the potential impact of animal vaccination. Descriptions of
three deterministic models of MERS-CoV transmission were found in the published literature.
The first model fitted camel-to-camel transmission rates to incidence of reported human MERS
cases whilst assuming a constant fixed proportion of weekly human cases were a result of
zoonotic transmission [128]. Inferring dynamics in dromedaries using reported human MERS
cases is a challenging approach to take as primary zoonotic cases are under-reported, and the
dynamics of zoonotic spillover are poorly understood. It is likely to be problematic to assume a
fixed proportion of reported human MERS cases are zoonotic during a period with several large
nosocomial outbreaks. A second dynamic model was published in 2021 however this was
designed as a purely theoretical model focused on deriving expressions of Ro with no data used
to parameterise transmission between camels [156]. A third model was published in 2022,
describing the transmission of MERS-CoV in KSA, in human and dromedary populations,
however it is unclear how the dromedary transmission model was parameterised [127]. Weekly
numbers of reported human cases were again used to parameterise the human-to-human and
dromedary-to-human transmission parameters, but no source of data pertaining to dromedary
camels is referenced until the discussion and it is not clear how it was used. No stochastic or
age-structured models are currently available. Disease transmission is a stochastic process, and
the inclusion of stochasticity within transmission models can be important as it reflects the
uncertainty in measured processes as sampled from a larger statistical population. Random
variations in processes such as transmission, births, and recoveries affect epidemic trajectories,
particularly when populations or numbers of infectious individuals are small. Phenomena such
as epidemic fadeout - defined as the elimination of infection due to stochastic fluctuation during
a trough in the number of infectious individuals - can only be captured using stochastic models.
The inclusion of age-structure of the dromedary population is also important as interventions

are likely to be age targeted.

Modelling MERS-CoV in dromedaries has been limited by the challenges of surveying infection

in an asymptomatic animal population. However, there is now a wealth of stratified data
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describing seroprevalence and active infection data for MERS in camels that has so far been

under-utilised for inferring dynamics of transmission.

Thesis overview

This thesis focuses on better characterising the transmission of MERS-CoV in dromedary
populations and developing a dynamic model of transmission that can be used to evaluate
potential animal vaccination strategies. Firstly, in Chapter 2, the literature reporting
seroprevalence and RNA prevalence of MERS-CoV in dromedary populations is systematically
reviewed. In Chapter 3, a series of catalytic models are fit to age-stratified seroprevalence data
collated in Chapter 2, to estimate the transmissibility of MERS-CoV in dromedaries in the form
of the Force of Infection (Fol). Taken together with viral shedding data extracted from a
published vaccination trial, and dromedary demography data, the Fol estimates are used to
parameterise a stochastic, age-structured dynamic model of MERS-CoV transmission in Chapter
4. In Chapter 5 the dynamic transmission model is used to simulate vaccination of strategies and
multiple vaccine efficacy scenarios are explored. Finally, the overarching contributions,

limitations, and implications of these findings of Chapter 2-5 are discussed in Chapter 6.
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Chapter 2:

A systematic review of MERS-CoV
seroprevalence and RNA prevalence in
dromedary camels

The work described in this chapter was published in the following peer reviewed publication:
Dighe, A, Jombart, T., Van Kerkhove, M. D., & Ferguson, N. (2019). A systematic review of MERS-
CoV seroprevalence and RNA prevalence in dromedary camels: Implications for animal

vaccination. Epidemics, 29, 100350.

Author contributions are as follows. A. Dighe designed and conducted the literature search with
supervision from N. Ferguson, T. Jombart and M.D. Van Kerkhove. A. Dighe extracted and
analysed the data. A. Dighe wrote the manuscript with editing by N. Ferguson, T. Jombart and

M.D. Van Kerkhove.
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Introduction

The primary aim of this thesis is to address the gaps in understanding about MERS-CoV
transmission in dromedary populations that are currently hindering animal vaccination
strategies. This chapter takes the first step towards closing these gaps through collating the
available data on MERS-CoV infection amongst dromedaries and examining patterns in the
distribution of infection - geographically, temporally and by dromedary demographic factors

such as age.

There are two main types of data that are commonly relied upon as indicators of viral infection
in epidemiological analyses. Firstly, there is serological data which describes the presence of
antibodies specific to the virus of interest in an individual’s blood. Production of these proteins
by the host’s adaptive immune system is triggered by their ability to bind specifically to the
virus infecting the host [157]. Certain antibody isotypes continue to be detectable in the blood
for some time after infection has cleared [157]. The specificity and longevity of antibodies mean
that seropositivity (the presence of antibodies in the blood above a chosen threshold metric)
can be used to test for past infection. Increases in antibody titres can also be used to determine

infection within a particular window when sequential measures are available.

The prevalence of seropositivity can be used to estimate what proportion of a population has
been infected with a particular pathogen. When broken down by age class, seroprevalence can
tell us when most individuals encounter the infection for the first time and can be used to infer
the rate at which susceptible individuals become infected. This rate is known as the Force of
Infection (Fol) [158]. Age-stratified seroprevalence data has been used to estimate the Fol for

many infectious diseases including measles, dengue and chagas disease [159]-[161].

Serological tests for detecting MERS-CoV specific antibodies were developed rapidly following
the virus’ emergence. They include ELISAs (Enzyme Linked Immunosorbent Assays), a protein
microarray [162] and viral neutralisation tests, including some pseudo-particle or pseudo-virus

based assays that do not require high level biosafety facilities [163], [164]. Serosurveys of
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animal populations have played a major role in the discovery of dromedaries as the key
zoonotic reservoir of MERS-CoV [73], [165]. Published measures of MERS-CoV seroprevalence
are available for dromedary populations across Africa, the Middle East, and South Asia, and for
small camel populations in Europe, North America, and South America, but have not previously

been systematically reviewed.

The second main type of data used as an indicator of a specific viral infection within a
population is the detection of the virus itself within the host. This usually involves detection and
amplification of the virus’ specific genetic material from a host sample using the Polymerase
Chain Reaction (PCR) [166], [167]. PCR relies on the specific binding and subsequent extension
of short genetic sequences (known as primers), to target nucleic acid sequences within the
genome of the virus of interest. With quantitative or “real-time” PCR it is also possible to
estimate the initial concentration of nucleic acid, allowing the measurement and comparison of
viral load [168]. Many viruses, including MERS-CoV, have an RNA genome so the viral genetic
material must first be reverse transcribed into DNA, using a combinative process known as RT-
PCR (Reverse Transcription Polymerase Chain Reaction) [169]. A protocol for detection of
MERS-CoV using real-time RT-PCR was developed rapidly in response to the emergence of the
virus and is used to diagnose active MERS-CoV infection in humans and dromedaries [170]-

[172].

Published measures of MERS-CoV seroprevalence in dromedary populations are available for
populations across a wide geographical area. There are also a growing number of published
studies measuring the prevalence of RNA detection through real-time RT-PCR of nasal swabs
taken from dromedaries. Like seroprevalence, RNA prevalence in dromedaries has not
previously been systematically reviewed. This makes it challenging to establish the global
picture of MERS-CoV in dromedaries, to address gaps and to identify opportunities to maximise

the use of the available data to better understand transmission dynamics.
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In this chapter, | systematically review published studies that measure MERS-CoV antibody
seroprevalence in dromedaries and/or detection of viral RNA in dromedaries. The results
provide a comprehensive database of the measured seroprevalence and prevalence of active
MERS-CoV infection in dromedaries. By conducting a qualitative synthesis of the study findings,
considering reported heterogeneities, and summarising the results of longitudinal studies of
infection and immunity, I assess the extent of current understanding of MERS-CoV epidemiology

in dromedaries, implications for control, and gaps to be addressed going forward.

I note that a similar systematic review of the literature up until May 2018 was unknowingly
carried out in parallel to this one [173], with no discussion between the two groups. Here, |
validate and update the results of the parallel review, discussing the results in the context of
potential animal vaccination and implications for developing a mathematical model of MERS-

CoV transmission in dromedary camels.

Methods

Studies published prior to 31st December 2018 reporting measures of seroprevalence or
presence of MERS-CoV RNA in dromedary populations were systematically reviewed. EMBASE
[174], MEDLINE [175] and Web of Science [176] were searched using the strategy in Figure 2.1.
The search and the data extraction were conducted by a single author and no publication date
restrictions were imposed. The previous name of MERS-CoV “hCoV-EMC” was included in the
searches for completeness. For a full list of search terms used, corresponding PRISMA flowchart

and checklist see Appendix Chapter 2: A2.1, A2.2 and AZ2.3, respectively.
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Duplicate Abstract Full-text  Bactrian camel
removal  screening screening record removal

802

Terms for
MERS-CoV 414
OR Terms for
hCoV-EMC Dromedaries
. 92 ! .
k Reviewed 62 60 final qualitative
Literature analyses
Terms for n =802 n=60

Seroprevalence
OR
RNA prevalence

Figure 2.1. Systematic review strategy. Published studies found with all three of the selected
search term groups were then assessed against the exclusion criteria resulting in a final selection
of 60 publications.

Records were excluded if they met the following criteria established prior to the search: opinion
pieces, or reviews reporting no new data; studies investigating an aspect of MERS-CoV or
another pathogen that did not involve dromedary samples or involved experimentally infecting
dromedaries with MERS-CoV; and studies not available in English. Remaining studies were
categorised as longitudinal or cross-sectional for qualitative synthesis. To address potential
bias, I consider studies investigating dromedary populations epidemiologically linked to human

MERS-CoV infection separately from those that aimed for random or opportunistic sampling.

When available, I took the results of neutralisation-based testing over methods that determined
seropositivity based on antibody screening tests alone. Neutralising antibody tests are highly
specific and are the World Organisation for Animal Health (OIE) recommended method for

confirming MERS-CoV seropositivity in dromedaries [171].

I extracted RNA prevalence values determined by RT-PCR of nasal swabs, ignoring any
additional samples taken. Use of RT-PCR to test for the presence of at least two of the
established genomic regions unique to MERS-CoV is the OIE standard for detection of active

MERS-CoV infection in dromedaries [171] and viral RNA is most frequently and abundantly
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present in nasal swabs compared to other non-invasive samples [177].Throughout this chapter,
‘calf is used to refer to animals under one-year-old, juvenile’ <2 years old, and ‘adult’ to mean

>2 years old.

Results

The search retrieved 802 publications. Duplicates were detected and removed in EndNote X8.2
[178], leaving 414 unique publications. A further 322 records were excluded during abstract
screening using the criteria established prior to the search (see Methods). Of the remaining 92,
full text screening proved that a further 30 records met the exclusion criteria. Two records
sampled Bactrian camels,? leaving 60 records pertaining to MERS-CoV seropositivity and/or
RNA positivity in dromedaries (Figure 2.1). Of the 60 remaining records, 55 described cross-
sectional studies of dromedary populations, sampling each animal at a single time-point only
(40 measured seroprevalence and 32 measured RNA prevalence). Six studies were designed to
investigate groups of dromedaries that had been epidemiologically linked to human cases of
MERS-CoV infection rather than conducting a systematic/random survey. Longitudinal studies
that measured seropositivity and viral RNA shedding in the same animals at multiple time-

points featured in 11 publications.

Seroprevalence - cross-sectional studies

Studies either conducted dedicated MERS-CoV sero-surveys, opportunistically tested samples
taken for other means, tested stored sera or sampled dromedaries during human outbreak
investigations. Not all studies used neutralisation-based testing to determine or confirm

seropositivity, and, between those that did, cut-off positivity titres varied.

2 Largely geographically separated from dromedaries, Bactrian camels are mostly restricted to Central
Asia where there is no indication of active infection with with MERS-CoV. More recently, antibody
reactivity has been found by ELISAs in some Mongolian Bactrians but these antibodies are not able to
neutralise MERS-COV [241]. Bactrian camels do not make a key contribution to the zoonotic reservoir of
MERS-CoV at the time of review. [188], [202], [203]
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Table 2.1. Cross-sectional surveys of MERS-CoV seroprevalence and RNA prevalence in camels

Ref | Country Year Seroprevalence RNA prevalence
% n? RangeP % n? Range? | stratifications

[104] | Australia 2013-14 0% 307 - - - - -

[71] 2014 0% 25 - - - - -

[125] | Bangladesh 2015 31% 55 - 0% 55 - age, site type,
origin, sex, body
condition

[98] | Burkina Faso 2015 80%¢ 525 73-85% 5% 525 0-12% | Region. Further
factors assessed
in GLMM

[165] | Canary 2012-13 9% 105 - - - - origin

Islands

[179] 2015 4% 170 - - - - origin

[42] | Egypt 1997 79% 43 - - - - -

[180] 2013 92% 52 - 4% 110 3-30% | sex

[164] 2013 94% 110 - - - - -

[71] 2014 100% 8 - - - - -

[72] 2014-16 71% 2541 59-95%¢ 15% 2825 1- age, origin, site

36%¢ type, sex, month

[181] 2015-16 85% 1031 77-96%¢ 4% 1078 1-9%¢ | age, origin, site
type, sex

[99] | Ethiopia 2010-11 96%¢ 188 95-100% - - - age, region

[182] 2013 96% 66 - - - - -

[98] 2015 96%¢1 632 85-99% 10%:¢ 632 0-16% | region. Further
factors assessed
in GLMM

[183] | Iraq 2014-15 85% 180 85-86% - = - age, region, sex

[184] 2015-16 - - - 15% 100 0-35% | age, region,
month

[76] | Israel 2012-17 | 62% 411 - 0% 540 - -

[185] 2013 72% 71 - - - - sex

[186] | Japan <2015 0% 5 = 0% 4 - -

[187] | Jordan 2013 100% 11 - - - -

[124] 2016 82%¢1 45 77-87% 62% 45 48- age, region,

77% lifestyle

[188] | Kazakhstan 2015 0% 455 - - - - -

[189] | Kenya 1992- 30%f 228 0-100% = = = region, year

2013

[133] 2013 47%4 335 14-83% - - - age, herd,
lifestyle,
isolation

[88] 2013 90% NA - - - - age, region, sex

[190] 2016-17 - - - 0.35%¢ 1421 0- region,

1.2%9
[67] 2016-18 68% 1163 17-87% 0.95%¢ 1163 - age, region, sex
[73] | KSAk 1992- 87% 264 77-100% - - - age, region, year
2010

[73] 2013 74% 150 66-100% 25% 202 0-66% | age, region

[191] 2015-16 | - - - 14% 44 0-23% | years

[192] 2016 84% 171 = = = = age, sex

[71] 1993 90% 131 73-96% - - - region

[193] 2012-13 90% 310 85-94% = = = age, region

[66] 2015-17 - - - 56% 698 5-85% | region, site-
type, month,
year

[194] 2013-14 - - - 29% 96 - age, site, month

[135] 2014-15 - - - 0.12% 1309 - -

[132] | Mali 2009-10 88% 562 0-91% - - - region

[98] | Morocco 2015 77%¢ 343 48-100% 2% 343 0-8% region. Further
factors assessed
in GLMM

[195] | Nigeria 2015 96% 131 - 11% 132 - -

[99] 2010-11 94% 358 82-96% - - - region

[84] 2016 - - - 3%¢4 2529 0- age, week

8.4% tested

[196] | Oman 2013 - - - 7% 76 - -

[165] 2013 100% 50 - - - - -

[102] | Pakistan 2012-15 40% 565 0-83% - - - age, region

[69] 2015-18 76% 1050 72-80% 3% 776 = age, region, sex,
lifestyle
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[177] | Qatar 2014 - - - 79% 53 67- -
92%
[91] 2014 100% 33 - 21%¢ 33 0-58% | region
[78] 2014 - - - 2% 53 - -
[42] | Somalia 1983-4 81%¢d 86 - - - - year
[42] | Sudan 1984 82% 60 - - - - year
[99]a | Tunisia 2009 49%1 204 36-100% - - - age, region
[74] | UAE! 2003+13 | 97% 651 - - - - year
[103] 2005 82% 11 0-100%:e - - - site
[116] 2014 93% 853 - 5% 871 - age
[197] <2015 95% 254 - 0% 254 - age
[134] 2014 - - - 1.6% 7803 - site-type
[65], [198] 2015 - - - 29%! 376 - -
[103] | USAm & 2000-1 0% 6 - - - - -
Canada
Studies investigating dromedary camel populations linked to human MERS-CoV infection
[129] | UAE 2012 - - - 4% 1113 farm
[199] | UAE 2014 - - - 100% 6 - -
[200] | UAE 2015 100% 8 - 100% 8 - -
[70] | KSA 2014-16 71% 595 37-100% 13% 584 0-56% | region, age, sex
[79] | Qatar 2013 100% 14 - 21% 14 - -
[201] | Qatar 2014 97% 103 = 59% 105 - -
Bactrian camels
[202] | Mongolia 2014 0% 190 - 0% 190 -
[203] | Mongolia 2015 0% 200 - 0% 200 -
[188] | Kazakhstan 2015 0% 95 - - - -

a. total number of camels sampled

b. range across sub-national locations surveyed

c. cut off titre to determine positivity if neutralisation test used

d. we calculated this value from disaggregated values presented by the authors

e. range given is across site types rather than geographical locations

f. neutralisation at dilution >1:80 gave 15% seropositivity but regional range only available for ELISA (Enzyme
Linked Immunosorbent Assay) results - reported accordingly

g. study also tested different site-types but measured RNA in serum sample rather than nasal swab, so this was not
included

h. range is across weeks rather than regions

i. both [198] and [65] report RNA prevalence from the same study

j- unclear whether study found negative camels - it only mentions that 6 camels were tested, found positive and viral
genomes were isolated

k. Kingdom of Saudi Arabia

1. United Arab Emirates

m. United States of America

eneutralisation test limited to a subset of samples or only used to detect presence of high titres

** No positivity cut-off titre given but all samples had extremely high titres and were able to neutralise at dilution
>1:1280
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Figure 2.2. Map of MERS-CoV seroprevalence in dromedary camels. Measures of MERS-CoV seroprevalence in dromedaries, aggregated at the
country level. Total sample size tested is given in parenthesis. Camel density is calculated using FAOSTAT country-level camel population data [204] and
World Bank data on country surface area [205]. * denotes values calculated from disaggregated sub-national measures of seroprevalence. Red text
highlights studies conducted in dromedary populations in response to an epidemiologically linked human MERS-CoV infection.
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Seropositive dromedaries have been found in 20 of the 24 countries studied. See Table 2.1 and
Figure 2.2 for a geographical map of seropositivity. MERS-CoV seroprevalence was between 70-
100% in most country-level, age-aggregated study populations across West, North and East
Africa and the Middle East. Exceptions included 62% seroprevalence measured in one of the
two studies in Israel, and measures of 4-49% in Bangladesh, one study in Pakistan, the Canary
Islands, Tunisia and two of the studies in Kenya. Samples taken from the large, feral camel
population in Australia were seronegative, along with dromedaries in Kazakhstan and in zoos in
Japan and North America [71], [103], [104], [186], [188]. No other species tested alongside
dromedaries had neutralising antibodies, except a small number of alpacas and llamas living in
close quarters with dromedaries in Israel [76] and one sheep in Egypt [181]. Seroprevalence
was >70% in all 4 studies conducted in dromedary populations epidemiologically linked with

human MERS-CoV infection.

Factors effecting seroprevalence

Age

MERS-CoV seroprevalence was found to increase with dromedary age in 13 studies (Table 2.2).
Whilst seroprevalence was 80-100% in adult dromedaries in most populations across the
Middle East and the GHA, juveniles in the same populations were repeatedly found to have
lower and more variable seroprevalence (~40-90%). One study conducted in UAE
disaggregated calf age through the first year of life. In this setting, calves had high

seroprevalence, increasing with age to 90% in 7-12-month-olds [197].
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Table 2.2 Studies reporting seroprevalence stratified by age

Country Stratified seroprevalence  Reported trend Reported significance Ref.
Bangladesh | <2yrs 9% (n=11) Higher in camels Not significant [125]
22yrs 36% (n = 44) >2yrs
Burkina Faso, | Generalised Linear Increase with age p =0.032 [98]
Ethiopia and | Mixed Model (n = 1500)
Morocco
Egypt | <2yrs 52% (n = 81) Higher in camels p <0.0001 [181]
22yrs 87% (n =950) >2yrs
Egypt | <2yrs 37% (n = 595) Higher in camels p <0.0001 [72]
> 2yrs 82% (n = 1946) >2yrs
Ethiopia | 1- <2yrs 93% (n = 31) None Not significant [99]
2-13yrs 97% (n = 157)
Iraq | <2yrs 89% (n = 44) Lower in camels 2- Not significant [183]
>2yrs 84% (n=136) 4yrs compared with
2-4yrs 81% (n = 58) <2yrs
>4yrs 86% (n = 78)
Jordan | <2yrs 74%:2 (n = 312) ELISA ratio higher in Significant p = NA [124]
>2yrs 100%2 (n = 142) camels >3yrs
Kenya | <2yrs 29%? (n = 1412) Higher in camels p <0.05 [133]
>2yrs 61% (n =194) >2yrs than <6m
<6m 39% (n=61)
6m-2yrs 21% (n = 80)
Kenya | 1-4yrs 73% (n = 285) Higher in camels p <0.05 [88]
4-6yrs 98% (n=116) >4yrs
6yrs 98% (n = 476)
Kenya | <4yrs 36% (n =319) Higher in camels p <0.001 [67]
>4<7yrs 59% (n = 70) >7yrs
>7yrs 82% (n = 760)
KSA | <2yrs 55% (n = 104) Higher in camels p <0.0001 [73]
>2yrs 95% (n = 98) >2yrs
KSA | <2yrs 73% (n=77) Higher in older Not presented [73]
>2yrs 93% (n = 187) animals
KSA | 1-2yrs 93% (n=71) Lower in camels >2yrs p =0.03 [192]
3-5yrs 78% (n = 100)
KSA | <1yr 72% (n = 65) Higher in camels >1yr p <0.01 [193]
>1yr 95%? (n = 245)
1-3yrs 95% (n = 106)
4-5yrs 97% (n = 76)
>5yrs 92% (n = 63)
Mali | <2yrs 83% (n = NAP) None Not significant [132]
3-8yrs 91% (n = NAP)
9-16yrs 88% (n = NAP)
Pakistan | <3yrs 58% (n=177) Lower in animals p <0.001 [69]

3.1-10yrs 79% (n =
712)
>10yrs 81% (n=161)

<3yrs
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Pakistan | <2yrs 29% (n = 89) Higher in older p<0.001 [102]
2.1-5yrs 30% (n=208)  animals

5.1-10yrs 51% (n =180)

>10yrs 49% (n = 88)

Tunisia | <2yrs 30% (n = 46) Not reported Not tested [99]
<2yrs 54% (n = 158)
UAE | <1yr 85% (n = 108) Lower in calves <1yr p <0.05 [116]

>1yr 96%:2 (n = 650)
2-4yrs 97% (n = 340)
>4yrs 96% (n = 310)

UAE | <1yrs 84% (n = 121) Increase with age Not tested [197]
>1yrs 99% (n = 133)

0-3m 75% n = 32)

4m 79% (n = 14)

5-6m 89% (n = 46)

7-1290% (n = 29)

Studies investigating dromedary camel populations linked to human MRS-CoV infection
KSA | s2yrs 58% (n = 25) Higher in camels >2yrs  p =0.003 [70]

>2yrs 81% (n = 344)

2.1-4yrs 77%¢ (n = 156)

4.1-6yrs 81%¢ (n = 98)

>6yrs 87%¢ (n = 90)

a. age-stratified results were calculated by us, using disaggregated results presented by authors
b. number of animals in each age class not supplied

Geographic location

Although MERS-CoV seroprevalence is consistently high across West, North and East Africa and
the Middle East at country level, some studies measured considerable within-country variation
in seroprevalence, particularly in Africa. In Kenya, all three studies that presented sub-
nationally disaggregated results showed seroprevalence to vary greatly by province. Tunisia,
Morocco, and Mali also showed considerable regional seroprevalence variation. Less regional

variation in seroprevalence was observed within Middle Eastern countries.

Sample population characteristics

Several studies found imported animals to have significantly higher seroprevalence than their
locally bred counterparts [72], [125], [179], [181]. Dromedaries sampled at markets, abattoirs
and quarantine sites had higher seroprevalence than those in farms, villages, and research
facilities [72], [124], [125], [181]. In some cases, dromedary origin varied with the type of site

sampled suggesting confounding.
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In a study conducted across Burkina Faso, Morocco and Ethiopia, dromedaries used for milk and
meat had higher seroprevalence than those used for transport [98]. In most studies that
stratified by sex, little difference was seen but, in Kenya, female dromedaries had statistically
significantly higher seroprevalence than males - 93% vs. 81% in one study [88], and 74% vs.
54% in another [67]. In Egypt and KSA, males had significantly higher seroprevalence - (72%
and 84% in males vs. 66% in females) [70], [72]. Large and medium herd-size was a risk factor
for seropositivity across Burkina Faso, Morocco, and Ethiopia [98]. Conversely, in Kenya there
was a non-statistically significant trend for smaller herds to have higher seroprevalence [133].
Across Burkina Faso, Morocco, and Ethiopia, both nomadic and sedentary husbandry systems
were risk factors for seropositivity when compared with a mixed lifestyle [98]. Two studies in
Kenya showed higher seroprevalence in nomadic herds compared with those kept on ranches
or those with agro-pastoralist management. However, ranches were in a different region from

nomadic herds and the sample size for agro-pastoralist management was small [88], [189].

Prevalence of active MERS-CoV infection - cross-sectional studies

Dromedary populations in 16 countries have been tested for MERS-CoV RNA, 13 of which report
positive results. These include: KSA (0.12-56%) [66], [70], [73], [135], [191], [194], UAE (0-29%
or 0-100% if dromedaries epidemiologically linked to human MERS-CoV cases are included)
[65], [116], [129], [134], [197]-[200], Qatar (22-79%) [79], [91], [177], [201], Oman (7%)
[196], Iraq (15%) [184] and Jordan (62%) [124], as well as Egypt (4-15%) [72], [180], [181],
Ethiopia (10%) [98], Kenya (0.35-0.95%) [67], [190], Nigeria (3-11%) [84], [195], Burkina Faso
(5%) [98], Morocco (2%) [98] and Pakistan (3%) [69]. See Figure 2.3 for a map of RNA
prevalence, and Table 2.1. Despite moderate seropositivity, surveys have not detected active
MERS-CoV infection in the dromedary populations of Bangladesh or Israel [76], [125]. RNA
prevalence in dromedary populations linked to human cases was similar to more randomly
sampled populations in the same country, with the exception of two small outbreak studies in

the UAE which found 100% dromedaries to be infected [199], [200].
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Figure 2.3. Map of the prevalence of active MERS-CoV infection in dromedary camels. Measures of MERS-CoV RNA prevalence in dromedaries, aggregated at the
country level. Total sample size tested is given in parenthesis. Camel density is calculated using FAOSTAT country-level camel population data [204] and World Bank
data on country surface area [205]. * denotes values calculated from disaggregated sub-national measures of seroprevalence. Red text highlights studies conducted in
dromedary populations in response to an epidemiologically linked human MERS-CoV infection.
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Factors affecting prevalence of infection

Age

Age-stratified studies in KSA and Jordan found that juveniles had a higher RNA-positivity than
adults [70], [73], [124]. RNA-positivity also had an inverse association with age in dromedaries
across Morocco, Burkina Faso and Ethiopia [98]. Two studies in Egypt measured similar

positivity rates between juveniles and adults [72], [181].

Sample population characteristics

Whilst higher prevalence of RNA shedding was found in imported animals by three studies in
Egypt, site-type is a potential confounder, with local camels being sampled from farms and
villages, whilst imported animals were sampled in markets, quarantine centres and abattoirs
[72], [180], [181]. A study in KSA which sampled both local and imported dromedaries within
live animal markets found that locally reared animals had significantly higher prevalence of
viral shedding [135]. Overall, three studies reported abattoirs and one reported wholesale
markets to be associated with an increase in measured prevalence of shedding compared to
villages, farms and quarantines [98], [134], [135], [191]. Much like seroprevalence, RNA
positivity was significantly higher in dromedaries bred for meat or milk compared with those
used as transport in Burkina Faso, Morocco and Ethiopia, and shedding was higher amongst

females, albeit sex and function were highly correlated [98].

Potential temporal trends

Five studies measured RNA prevalence at a defined site at multiple points in time, although
animals were not themselves sampled longitudinally. Three studies in Egypt and KSA showed a
peak in prevalence of viral RNA shedding in the winter months (December to May) [66], [72],
[194]. The fourth, conducted in wholesale markets in KSA, saw lower rates of infection during
July and August, and higher positivity in December [135]. At an abattoir in Nigeria, no infection
was seen from October to mid-January, with prevalence of infection peaking in February after

which no more samples were taken [84].
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Evidence of infection and immunity from longitudinal studies

Ten longitudinal studies were found describing nine outbreaks of natural infection on farms
and in quarantine facilities - one in Egypt [72], four in KSA [77], [206]-[208], five in UAE [65],
[116], [129],[131], [200], and one study taking monthly samples of 430 dromedaries in Kenya

[190].

Duration of viral shedding

Four studies of natural infection measured viral shedding in dromedaries at approximately
weekly intervals. The maximum time window in which all consecutive nasal samples taken were
positive for MERS-CoV RNA ranged from 7-45 days across published studies, with most positive
animals becoming negative within two weeks [65], [116], [129], [200]. All available studies
followed animals that were found to be MERS-CoV RNA positive at the first instance of sampling,
with the duration of shedding prior to sampling unknown. Further to this, intermittent RNA

shedding, and evidence of potential rapid reinfection/coinfection has been observed [65], [129].

Evidence of Reinfection

Three studies found dromedaries to be shedding MERS-CoV RNA despite having high antibody
titres months or weeks prior to detectable infection. Both older animals whose antibodies
reflect past exposure [72], [131], [208] and young calves whose high antibody titres were

maternally-acquired immediately post-partum, became infected [131].

One study directly observed reinfection amongst a herd of dromedaries in Egypt, with four
animals shedding 1-3 months prior to a herd-wide epidemic in which they tested RNA-positive
once more [72]. Sequenced MERS-CoV isolates from a market in UAE showed lineage switching

from week to week, which is also supportive of rapid reinfection or coinfection in calves [65].

Longitudinal studies also indicated that mAbs may offer some protection. In both studies of calf-
mother-pairs conducted in UAE, MERS-CoV infection became highly prevalent in calves between

4-6 months of age when assumedly mAbs had waned [116], [131]. Samples from reinfected
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animals have been found to have lower viral loads, suggesting that past infection may
ameliorate future infections [208]. Viral load and probability of isolating infectious virus were

greater when sampling calves, than adults [67], [131].

Discussion

A wealth of cross-sectional studies were found measuring MERS-CoV seroprevalence and
prevalence of viral shedding in dromedary populations. This allowed the identification of trends
that were common to multiple studies such as the association between prevalence and age.
There were, however, very few studies that collected longitudinal data describing prevalence or
incidence of infection or seropositivity or seroconversion over time, making it challenging to
pick out any seasonal trends. The lack of longitudinal data also meant the duration of antibody
mediated immunity could not be established without further analyses beyond the scope of the

systematic review. This is addressed further in Chapter 3 of this thesis.

The results of this systematic review show that MERS-CoV circulates widely in dromedaries
across the Middle East and Africa but suggests that transmission dynamics vary spatially and
perhaps temporally. The sub-national range of MERS-CoV seroprevalence appears to be larger
in countries outside of the Arabian Peninsula. Within-country variation in seroprevalence is
potentially indicative of differences in transmission dynamics, meaning vaccine strategy
evaluation and mathematical modelling will need to be conducted at a sub-national resolution

where data allows.

The rise of MERS-CoV seroprevalence from 40-90% in juveniles to 80-100% in adult
dromedaries across much of West, North and East Africa and the Middle East, is characteristic of
an endemic disease where the probability of infection increases with time. High seroprevalence
in calves <1-year-old in some populations in UAE and KSA suggests high transmission intensity
in the Arabian Peninsula, with most dromedaries becoming infected during the first year of life,
although mAbs may contribute to seropositivity in young calves [116], [193], [197]. The age-

dependent seroprevalence values synthesised here should be used to fit models of MERS-CoV
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transmission in dromedaries and elucidate the likely transmission intensity of the virus in the
Middle East and in Africa - a key parameter for estimating vaccination impact. Reporting finer
age-stratification of young dromedaries would allow a better comparison of transmission

intensity in different regions through fitting models of seroconversion.

Age-dependent seroprevalence patterns suggest that the higher prevalence of viral shedding in
juveniles compared with adults is likely due to immunological naivety. The age-distribution of
reported infections synthesised here suggests that contact with juveniles may pose greater risks
of human transmission than adults, making them potential targets for vaccination. Frequency of
human contact with dromedaries may also be animal-age-dependent, however [116]. Calf-
focused vaccination may reduce the overall number of dromedary infections, but the reduced
risk of exposure could mean that any remaining infections would likely occur at an older age
than in the absence of vaccination. It will therefore be important to investigate the age-
dependency of human-dromedary contact patterns and the way in which these vary across
different countries and husbandry systems. Vaccination strategies should be evaluated not only
on their likely impact on prevalence of active infection in dromedaries, but also on the age-

distribution of infections.

Both live markets and abattoirs had higher prevalence of RNA shedding compared to other site-
types in multiple studies and are key locations for animal mixing [98], [134], [135], [164].
Mixing underpins the interaction between infectious and susceptible individuals and, therefore,
the dynamics of MERS-CoV transmission. A role for markets as drivers of disease dissemination
is characteristic of other zoonotic diseases such as avian influenza [110], [209]. Mapping the
movement and mixing of dromedaries is necessary to understand the underlying spatial
transmission dynamics of MERS-CoV. If available, quantitative data describing the movement
and trading patterns of dromedary populations could inform spatial models of transmission and

help to assess the potential impact of vaccination at different points in the camel value chain.
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More evidence is needed to establish whether MERS-CoV in dromedaries is seasonal. The
limited number of long-term longitudinal studies in this review observed higher prevalence of
active infection between December and May [66], [72], [84], [135], [194]. These studies were
conducted in Egypt and KSA where dromedary calving occurs between October and April [117],
[118], [120], [121], and Nigeria which has a similar calving season peaking between October
and December [119]. In order to establish whether MERS-CoV is seasonal, the incidence of
infection needs to be tracked over multiple years. If seasonal calving is driving the trend and
calves become susceptible between 4-6 months [116], [131], we might expect the number of
susceptible dromedaries to be higher between January and May - which is close to the observed

peaks in animal infection in the long-term longitudinal studies available.

As well as calving times, seasonal environmental factors have also been hypothesised to effect
transmission dynamics, with lower temperatures and humidity found to be associated with
higher numbers of reported primary human MERS cases in KSA [210]. Phylogenetic analysis of
MERS-CoV genomes isolated from humans and dromedaries has estimated that a seasonal
period of elevated risk of dromedary-to-human transmission exists between April and July [2].
However, a study did not find a seasonal pattern in the numbers of primary human MERS-CoV
cases reported to the World Health Organisation between 2013 and 2017 [211]. More
longitudinal studies and mechanistic models of possible seasonal drivers are needed to further
investigate potential seasonal trends and whether they affect the risk of zoonotic transmission

throughout the year.

The results of longitudinal studies included in this review demonstrate re-infection of
dromedaries despite high titres of MERS-CoV specific antibodies being present in their sera.
Unfortunately, the degree and duration of protection afforded by mAbs and those acquired from
infection is unclear. Fitting models of seroconversion and reversion to the age-stratified data

available could help elucidate the rates at which these antibodies wane. Informative surveys of a
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better proxy for protective immunity in dromedaries would improve the accuracy of models of

reinfection and the likely effects of vaccination.

The maximum duration of RNA shedding is found to range from 7-45 days across longitudinal
studies in this systematic review. These studies were not designed to measure the duration of
viral shedding, however, and suffered infrequent sampling and left censoring due to unknown
onset of infection. Evidence of intermittent shedding or rapid reinfection coupled with the
infrequent sampling also complicated interpretation of the measured duration of shedding.
After this systematic review was finalised, a study measuring MERS-CoV shedding in vaccinated
and control groups of dromedaries overcame these caveats. The investigators captured the
onset of infection and made daily measurements of viral shedding in naturally infected non-
vaccinated dromedaries in a controlled environment where reinfection with a different MERS-
CoV virus was unlikely. They found shedding to reduce over 14 days post infection and be below
the level of detection in all of the animals by day 14, giving a much better idea of temporal
dynamics of viral shedding (Alharbi et al 2019). No studies of natural infection have attempted
to measure the duration of shedding of infectious virus (as opposed to viral RNA). A controlled
challenge study in four dromedaries performed daily sampling and saw that infectious virus (as
determined by plaque assay) was isolatable for the first seven days [130]. However, the

biological relevance of the challenge dose is not known.

Limitations of the work described in this chapter include that a single author completed the
systematic search and data extraction and that only published literature was included, thereby
introducing potential publication bias. The available studies exhibit differences in study design,
criteria for seropositivity, sample-site type and sample population characteristics. Some studies
report that the latter two variables are associated with statistically significant differences in
seroprevalence or prevalence of infection within individual studies [72], [98], [124], [134],

[135], [181], [189]. These heterogeneities made quantitative pooling inappropriate.
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Available published studies do not include results from camel dense regions of northern Africa,
Rajasthan in India or Yemen. In addition to the countries included in this systematic review of
the published literature, OIE has received reports of RNA positive camels in Iran and Kuwait in
2014 [212]. Together with their country counterparts, members at WHO and the Food and
Agriculture Organisation of the United Nations (FAO) are planning and/or implementing further
RNA testing studies in several countries in Africa (including Ethiopia, Kenya, Egypt, Somalia,
Sudan, Algeria and Morocco), the Middle East (including. Jordan), and South Asia (including
Pakistan) (personal communication, Maria D. Van Kerkhove). Since this systematic review was
conducted and published, a study also surveyed seroprevalence and RNA prevalence in 7
countries including Senegal and Uganda where dromedary populations had not previously been
tested. Dromedaries were found to be seropositive in both countries and evidence of active

infection was found in dromedaries in Senegal [63].

Conclusions

The findings of this systematic review provide strong evidence that MERS-CoV is endemic in
dromedary populations across much of West, North and East Africa, South Asia, and the Middle

East.

In addition, the results highlight several epidemiological characteristics of MERS-CoV in
dromedaries that should be explored further in mechanistic transmission models to inform the

design of MERS-CoV animal vaccination strategies. These characteristics are as follows:

1. calves are likely to play a central role in sustaining circulation of MERS-CoV;
2. sites where dromedaries mix may also play a role in driving transmission; and
3. the transmission dynamics of MERS-CoV in dromedary populations are likely to vary

both between regions and more finely at the subnational level.

The results also emphasise several gaps that must be addressed including: the transmissibility

of MERS-CoV in dromedaries and how contextual factors affect this; the nature of immunity
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following infection or acquisition of mAbs; and whether transmission occurs seasonally and, if

so, what mechanism drives temporal peaks in population infectiousness.

Finally, an important product of this review is the comprehensive dataset describing age-
stratified seroprevalence in dromedaries across three continents. This dataset is used to fit
models of seroconversion and infer key parameters describing transmission dynamics in

Chapter 3.

65



Chapter 3: Estimating the
transmissibility of MERS-CoV in
dromedaries using age-stratified
seroprevalence data
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Introduction

In this chapter I aim to address a key gap in understanding MERS-CoV in dromedaries by
estimating the transmissibility of the virus using age-stratified seroprevalence data. Quantifying
transmissibility is important for planning interventions to control or reduce infectious disease
spread. Currently, estimates of the transmissibility of MERS-CoV in dromedaries are limited to a
single study which estimated the Force of Infection (Fol - defined as the rate at which
susceptible individuals become infected over time), under one set of immunity assumptions, in
dromedaries in Kenya [126]. Without a better idea of the transmissibility and how it varies by
geographical/husbandry context, it is not possible to predict what vaccination coverage and
vaccine efficacy would be required to prevent the circulation of MERS-CoV in a herd, nor to
establish how factors such as herd size or population structure are likely to affect transmission

dynamics.

Transmissibility is often described in terms of the Ry (defined on page 36) or the Fol.
Transmissibility is best estimated from longitudinal incidence data describing the daily
numbers of new infections (also known as epidemic curves). Unfortunately, it can be very
difficult to reliably measure incidence, especially when dealing with a broadly asymptomatic
infection in an animal population. Whilst a small number of longitudinal studies measuring
MERS-CoV infection in dromedaries have provided valuable insight into reinfection and
duration of shedding [72], [116], [131], [208], these studies cannot be used to infer

transmissibility due to constraints on time scales and frequency of sampling.

Whilst there is a lack of longitudinal data describing MERS-CoV incidence in dromedaries, there
are multiple studies which have measured age-stratified seroprevalence. Due to the temporal
dimension introduced by age-stratification, cross-sectional seroprevalence survey data can be
used to estimate the rate at which susceptible animals acquire infection - the Fol. This approach

to estimating transmissibility, originally conceptualized by Muench (Muench 1934), has been
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used to better understand the dynamics of many infectious diseases such as measles, dengue

and Chagas disease [159]-[161].

In this chapter, I use publicly available age-stratified seroprevalence data (extracted during the
systematic review described in Chapter 2) to estimate the Force of Infection of MERS-CoV in
dromedary populations across Africa, the Middle East and South Asia. By comparing the fit of
different models of antibody waning to the age-stratified seroprevalence data, I investigate the
potential contribution of maternally acquired antibodies (mAbs) and estimate the rate of

waning of antibodies (seroreversion) following infection.

Methods

Data extraction

The Fol of MERS-CoV in dromedary camels was estimated by fitting catalytic models of infection
to age-stratified seroprevalence data. The data was extracted through a systematic review of the
peer reviewed literature describing MERS-CoV seroprevalence in dromedary populations
published prior to January 1st, 2019, which included 19 studies across 10 countries that
stratified seroprevalence by dromedary age (please see Chapter 2 of this thesis for more details
of the systematic review process and exclusion criteria). The studies were conducted in South
Asia (Bangladesh [125] and Pakistan [69], [102]), Africa (Tunisia & Ethiopia [99], Kenya [67],
[88], [133], and Egypt [72], [181]), and the Middle East (Kingdom of Saudi Arabia (KSA) [70],
[73],[192], [193], United Arab Emirates (UAE) [116], [197], Jordan [124], and Iraq [183]). In
total, three studies that were included in the systematic review were excluded from the analysis
in this chapter. Two of these studies were excluded as their sampling strategies were not
appropriate for Fol estimates which assumes a random cross-sectional sample of
seroprevalence. The first sampled dromedaries with epidemiological connection to human cases

[70], and the second sampled camels in response to finding a dromedary which tested positive
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for MERS-CoV during what turned out to be the height of an outbreak [197]. Finally, the third
study was excluded because it was not possible to determine whether the sample population
[181] overlapped with another larger study conducted in the same area that was included [72].
To make the geographical range of the Fol estimates as comprehensive as possible,
seroprevalence measures from one additional study published after the systematic review were
also included. This further study measured seroprevalence in camel populations in Senegal and

Uganda - two additional countries not represented in the literature previously [63].

Interpretation and cleaning of the data

Age class boundary estimation

If the study gave no lower age bound for the lowest age class and an age range was not given in
the text, the lower bound is assumed to be zero. If the study gave no upper age bound of the
highest age class, this is assumed to be 20 years. The maximum life expectancy of farmed or
working camels has been reported to be between 14 and 29 years [113], [114], and, of the
studies in the systematic review that reported maximum ages, no individual was reported to be
older than 16 years of age. One study [124] supplied individual ages for each camel. In this case
[ grouped the camels into roughly equally sized age classes that followed common
classifications by other studies, when possible, whilst preserving finer divisions of younger age
classes. In this way, all datasets could be analysed simultaneously using the same likelihood
function. For more detailed rules of how reported age class bounds were interpreted, please see
Appendix Chapter 3, A3.1. The results presented in this chapter assume a uniform distribution
of ages in each reported age classes, however, this analysis was repeated assuming that the
sampled populations in each age class perfectly represent the larger population structure
assumed by the later dynamic modelling chapter with a constant mortality rate of x for
individuals under two years old and a lower rate u for individuals over two years old. Detailed
descriptions of these alternative model solutions and associated results are given in Appendix

6.1.
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Seropositivity

Studies used different methods to test for seropositivity (Table 3.1) including commercially
available EUROIMMUN AG IgG ELISAs (Immunoglobulin G Enzyme Linked Immunosorbent
Assays), in-house IgG ELISAs, PM (Protein Microarrays) [162], [165] or neutralisation tests
including MN (Micro Neutralisation Tests) [42] and ppNTs (pseudoparticle Neutralisation

Tests) [164].

The MN test and ppNT, which require the antibodies in the sample to neutralise MERS-CoV
activity, are highly specific to MERS-CoV antibodies [42], [171]. There is no indication of cross-
reactivity with other coronaviruses infecting dromedaries such as Bovine coronavirus (BCoV)
when using MN, ppNT, or PM [74], [165], [185], [193]. Measures of specificity are not readily
available for ELISAs, however the ELISA assays as used by Saqib et al,, (2017) and others have
been measured to be 99% specific when correlated with MN tests [42], [102]. In general, ELISAs
are considered more sensitive to MERS-CoV antibodies as they can pick up non-neutralising
antibodies that are not detected by neutralisation tests [171]. The seroprevalence measured by
studies using neutralisation tests often approaches or reaches 100% in adult dromedaries
suggesting that - assuming they are indeed highly specific - they must also have a fairly high
sensitivity. In the core analyses presented in this Chapter I have therefore assumed 100% assay
specificity and 99% sensitivity across test types, but to explore how potential differences in
assays used may impact results, the analysis was also repeated assuming that neutralisation
tests are less sensitive than PMs and ELISAs, and that ELISAs are less specific than MNs, ppNT
and PM tests. One study, [135], used sequential testing and, in this case, the predicted observed

seroprevalence, po»s, was defined as:

Pobs = Sensitivity * piye + (1 — specificity) * (1 — Prrue) 3.1

where pue is the predicted true seroprevalence, and sensitivity is defined as:

sensitivity = sensitivitY;psrq * SENSILIVItY ost 3.2

whilst specificity is defined as:
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specificity = 1 — (1 — specificity;est1)(1 — specificityiesiz) 3.3

Table 3.2. Age-stratified seroprevalence used in fitting catalytic models of infection

Country

Stratified seroprevalence

Test type

Ref.

Bangladesh

Egypt

Egypt

Ethiopia

Iraq

Iraq

Jordan

Jordan

Kenya

Kenya

Kenya

KSA

KSA

KSA

KSA

KSA

<2yrs 9% (n=11)
22yrs 36% (n = 44)

<2yrs 37% (n = 595)
= 2yrs 82% (n = 1946)

<2yrs 16% (n = 447)
22yrs 84% (n = 1586)

1- <2yrs 93% (n = 31)
2-13yrs 97% (n = 157)

<2yrs 33% (n=6)
22yrs 57% (n = 21)

<2yrs 89% (n = 44)
2-4yrs 81% (n = 58)
>4yrs 86% (n = 78)

<2yrs 50% (n = 82)
22yrs 92% (n = 222)

<2yrs 74%? (n = 312)
>2yrs 100%2 (n = 142)

<6m 39% (n = 61)
6m-2yrs 21% (n = 80)
>2yrs 61% (n = 194)

1-4yrs 73% (n = 285)
4-6yrs 98% (n=116)
6yrs 98% (n=476)

<4yrs 36% (n=319)
>4<7yrs 59% (n =70)
>7yrs 82% (n = 760)

<2yrs 55% (n =104)
>2yrs 95% (n = 98)

<2yrs 73% (n=77)
>2yrs 93% (n = 187)

1-2yrs93% (n=71)
3-5yrs 78% (n = 100)

<1lyr 72% (n = 65)
1-3yrs 95% (n = 106)
4-5yrs 97% (n=76)
>5yrs 92% (n = 63)

<2yrs 82% (n=11)

ppNT

MN

MN

PM

MN

ELISA

MN

ELISA

PM

ELISA

ELISA

ELISA

ELISA

ELISA

ppNT

MN

71

[125]

[72]

[63]

[99]

[63]

[183]

[63]

[124]

[133]

[88]

[67]

[73]

[73]

[192]

[193]

[63]



22yrs 82 % (n = 211)

Pakistan | <3yrs 58% (n=177) ELISA, [69]
3.1-10yrs 79% (n=712)  followed by
>10yrs 81% (n=161) MN

Pakistan | <2yrs 29% (n = 89) ELISA [102]
2.1-5yrs 30% (n = 208)

5.1-10yrs 51% (n =180)

>10yrs 49% (n = 88)

Senegal | <2yrs 29% (n=17) MN [63]
22yrs 69% (n = 181)

Tunisia | <2yrs 100% (n = 28) MN [63]
22yrs 87% (n = 754)

Tunisia | <2yrs 30% (n = 46) PM [99]
22yrs 54% (n = 158)

UAE | <1yr85% (n =108) ELISA [116]
2-4yrs 97% (n = 340)
>4yrs 96% (n = 310)

Uganda | <2yrs 52% (n =150) MN [63]
22yrs 66% (n = 350)

a. age-stratified results were calculated by me, using disaggregated results presented by authors

Estimating the Fol

The Force of Infection (Fol) is defined as the annual rate of MERS-CoV infection per susceptible
animal. Assuming the Fol is constant over time and with age, one would expect the proportion
of animals that have been infected (the seroprevalence) to increase monotonically with age,
where age acts as a proxy for time spent in the at-risk population, as originally conceptualised
by Muench [158], [213]. We can therefore use the age-stratified seroprevalence to estimate the
Fol by fitting a model of seroconversion to the data. These models were called “catalytic

models” by Muench due to their similarity to models of catalysed chemical reactions.

Catalytic models assume that seropositivity exclusively follows infection and is lifelong. For
MERS-CoV in dromedaries, however, these assumptions may not hold true. In many disease
systems, individuals can passively acquire antibodies from their mother during pregnancy and
through suckling following birth. These are known as maternally-acquired antibodies (mAbs).

There is evidence that dromedary calves born to MERS-CoV seropositive dams acquire MERS-
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CoV specific mAbs through colostrum [116], [131]. One study observed young animals to be
shedding MERS-CoV despite high antibody titres but both studies observed an outbreak of
infection and re-seroconversion following waning of what were assumed to be mAbs,
suggesting that these may provide some protection against infection [116], [131]. The simplest
catalytic models also ignore the possibility that antibodies and their protection may wane over
time. To probe different potential immunity scenarios for MERS-CoV in dromedaries, I used four

catalytic models of seroconversion (Figure 3.1, and Equations 3.1-3.4).

Model 1: seroconversion

Seronegative Seropositive

n(a) p(a)

Model 2: seroconversion + mAbs

Seropositive
due to mAbs
m(a)

Seronegative Seropositive

n(a) p(a)

Seropositive

p(a)

Seronegative

n(a)

Seropositive
due to mAbs

m(a)

Seronegative

n(a)

Seropositive

p(a)

Figure 3.1 Four catalytic models of MERS-CoV seroconversion in dromedary populations,
where A is the force of infection, w is the rate of waning of mAbs, and o is the rate of waning of
antibodies following infection.
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In Model 1, all animals are initially seronegative, becoming irreversibly seropositive at rate A

(the Fol) as described by Muench:

p(a) =1— e?@ 3.1

Where p(a) is the expected proportion of animals that are seropositive at age a.

I then considered the possible contribution of mAbs in Model 2 as described formally in
Equation 3.2 where my is the proportion of calves born with mAbs, which then wane at rate ®.
estimated mo by solving the equivalent model in the absence of mAbs to find the proportion of
adults of reproductive age that are predicted to be seropositive and therefore pass their

antibodies onto their calves.

A
-

C e—la)> 3.2

—1_ p—Aa _
pla)=1-e m0</1

Model 3 (formally described by Equation 3.3) allows for possible seroreversion - the waning of
protective antibodies acquired through natural infection at rate o Formulation of Model 3 was
informed by catalytic models of seroconversion described and used to estimate the Fol of
dengue by Imai et al, [159]. Model 4 brings mAbs and seroreversion together (as described by

Equation 3.4).

A
p(a) = H—O'(l - 6_(/1+0)a) 3.3

A

-wa__ ,—(A+o)a 3.4
A+0-w (e € )

A
- - _ ,—(A+0)a) _
p(a) A+o (1 ¢ )
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Equations 3.1-3.4 show the derived solutions for the proportion of the population seropositive
at age ‘a’. To make the model more robust to potential predicted trends in seroprevalence
especially within the wider age classes in the data, the predicted mean seroprevalence in an age
class in the data was calculated explicitly by integrating the predicted seroprevalence across the
age class, rather than approximating it by calculating the predicted seroprevalence at the mean
age of the age class. Please see Appendix Chapter 3, A3.2 for the full details of how the model

solutions were reached.

Model-fitting

The models were fit to the age-stratified seroprevalence data within a Bayesian framework to
quantify uncertainty about the unknown parameters, and to incorporate prior information on
their plausible ranges. Initially, | assumed that the number of camels testing seropositive in each

age-stratification was binomially distributed as described formally below:

X;~Binomial(N;, p;) 3.5

Where X; is the number of camels testing seropositive, N; is the number of camels in age class i,

and p; is the probability of testing seropositive.

However, the MERS-CoV seroprevalence studies were conducted across a range of camel
populations in different locations and herd management systems and used different assays to
determine seropositivity. This could mean that the data has higher variance than is expected
when [ assume it is binomially distributed. To account for this potential overdispersion I assume
that the binomial parameter p; is itself beta distributed, so that X; follows a beta-binomial

distribution defined as:

X;~BetaBinomial(N;, p;, k) 3.6

where k represents the amount of overdispersion in the data.

The likelihood of the beta-binomial model is defined by the probability mass function of the
beta-binomial distribution:
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3.7

_ Ni B(Xi+al Ni_Xi-l_ﬁ)
L) = (Xi> B(a,f)

where @ and 8 are the standard parameters of the beta distribution and are both >0:

However, for my purposes it was useful to re-parameterise the beta-binomial distribution in

terms of the mean probability of being seropositive, p, and an overdispersion parameter, k.

I 3.8
p_a+/3 '
_ n—1 19
Ta+pf+1 '

The parameter k > 0, and a k approaching zero would indicate negligible overdispersion. With

this reparameterisation, the variance of the beta-binomial distribution becomes:

var[X] =np(1 — p){1 + k} 3.10

Note that the first term in 3.10, np(1 — p), is equal to the variance of binomially distributed
observations meaning the reparameterization results in a quasi-binomial parameterisation for
the beta binomial, in which binomial variance is scaled by a fixed constant 1 + k. This gives a
weaker overdispersion than the more standard reparameterisation of the beta-binomial [214]
in which overdispersion scales with n?, and so offers better control of overdispersion through
the use of priors. A normal distribution with a mean of zero and a standard deviation of 0.5,
restricted to positive values (a “half-normal” distribution), was used as the prior for the
overdispersion parameter. Priors for k with greater standard deviations up to 2 were also used

to test whether the results were robust to the choice of prior.

Analysis was conducted in R (V 4.0.3) [215]. The Stan programming language and rstan package
[216], [217] were used to implement Hamiltonian Monte Carlo (HMC) algorithm to compare the
likelihood of different model iterations and to infer the posterior distribution of the estimated
model parameters. HMC is a Markov Chain Monte Carlo (MCMC) method for sampling from a

probability distribution (in this case the distribution of each of the model parameters). HMC can
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be more efficient than other MCMC methods as it uses Hamiltonian dynamics when proposing a
new set of parameter values, meaning greater distance between proposals and more time spent
exploring areas of the parameter space with high posterior probability density [218]-[220].
Uniform prior distributions between 0 and 10 were used for the rate of waning of mAbs and the
annual Fol. An Fol >10 was deemed implausible as this would mean animals getting infected
>10 times per year on average. A uniform prior and between 0 to 1 for the annual rate of
seroreversion following infection. For each simulation 4 chains were run for 10,000 iterations
with a discarded burn-in period of 3,000 iterations chosen to be conservative after visually
assessing convergence. Chains were not thinned as it is not largely required or advised to thin
HMC chains as the nature of the algorithm reduces autocorrelation within chains, increasing
sampling efficiency as compared to algorithms that exhibit random walk behaviour [218], [221].
Autocorrelation was assessed using the bayesplot package [222], [223] and found to be
approximately zero even at a lag of 1 iteration for the Fol parameters and for the overdispersion

parameter. Autocorrelation was also low for ¢ and o, declining to zero at a lag of 5 iterations.

Whilst the Fol was estimated per data set to account for potential true differences between the
Fol across husbandry systems, | assumed that the rate at which antibodies wane does not vary

by location. As such, I estimated a global value for ® and o across all the datasets.

Model selection

In order to evaluate which of the models was best supported by the data, their fit was compared
using Deviance Information Criterion as described by [224]. DIC was the preferred method of
comparison since analysis was conducted in a Bayesian framework, and since it penalises model
complexity. LOO-CV (Leave One Out Cross Validation) and WAIC (Watanabe Akaike / Widely
Applicable Information Criterion) were problematic for small data sets where leaving out a

single dataset would mean study specific Fol could no longer be estimated.
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Model validation

Simulations

Each of the four models was used to simulate 23 different age-stratified seroprevalence data
sets with the same age class divisions as the real data, each containing 500 animals. Three
different values were used for each global parameter, and three sets of study specific Fol values
were drawn randomly from a uniform distribution roughly representing the range of values
estimated for the real data. The models were then fitted to the sets simulated data for model

validation.

Evaluating the influence of each dataset on the results

To check the influence of each real data set on the global parameters, each data set was removed

in turn and the parameters were re-estimated.

Results

Model Validation

When the models were fit to simulated data, the true Fol values were recovered well by all
models, as were the rates of waning of mAbs, o, and Abs following infection, o (Appendix
Chapter 3, A3.3, Figures A3.3.1-4). The true overdispersion parameter, k, used in data
simulation was recovered well when the true value was 1.0, but was often overestimated when
the true value was 0.01 or 0.1 (Figure A3.3.5). This did not affect the models’ ability to recover

the epidemiological parameter values, however.

Model selection

When the fits of the four catalytic models were compared using Deviance Information Criterion
(DIC), the age-stratified seroprevalence data best supported model 4 which incorporated both
mAbs and antibody waning following infection (Table 3.2). This was robust to exclusion of each
dataset from the analysis (see Appendix Chapter 3, A3.4, Figure A3.4.1) for a complete

breakdown of parameter estimates when each study is excluded). The addition of either mAbs
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or seroreversion alone improved the model fit considerably as compared to the simplest model.
The addition of seroreversion provided the greatest improvement in fit, but this depended on
the inclusion of the dataset collected in Egypt by Kandeil et al. (2019)[63]. When this dataset
was excluded, and data was assumed to be binomially distributed, there was negligible
difference in the improvement in fit provided by seroreversion and that afforded by including
mAbs, and when data was assumed to be over dispersed, the inclusion of mAbs provided a
greater improvement in model fit than the addition of seroreversion. The over dispersed models
(denoted with suffix “b” in Table 3.2) fit the data better compared to the binomial distribution

across all four models.

Table 3.2. Model selection using DIC

Effective number

DIC of parameters

Binomial | Model 1a: seroconversion 1384 17

Model 2a: seroconversion + mAbs 848 18

Model 3a: seroconversion + seroreversion 766 18

Model 4a: seroconversion + mAbs + seroreversion 668 21

Over- Model 1b: seroconversion 615 18
dispersed

Model 2b: seroconversion + mAbs 528 21

Model 3b: seroconversion + seroreversion 513 22

Model 4b: seroconversion + mAbs + seroreversion 496 21

Model selection was not affected by use of alternative test specific fixed values of sensitivity and
specificity. Regardless of whether global test sensitivity was 99% and specificity 100%, or
whether sensitivity of neutralisation tests and specificity of ELISAs were reduced to 85%, model
4b provided the best fit to the data. However, the reduction in DIC values between Model 3b and
the best fitting Model 4b was smaller when sensitivity and specificity were lower - likely

because reduced test sensitivity could explain more of the data so seroreversion wasn’t as
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necessary to improve fit. DIC values when alternative fixed test-specific sensitivity and

specificity are available in Appendix Chapter 3, A3.5, Table A3.5.

The seroprevalence predicted by model 4b fit the data well, overlapping with age-stratified
seroprevalence data in most cases with a few exceptions (Figure 3.2A4). The very high levels of
seroprevalence measured by Kandeil et al, (2019) in young calves in Tunisia and KSA [63] were
underestimated, and the model struggled to reproduce the data collected in one study in KSA
where seroprevalence was very high in calves and dropped considerably in adults [192]. The
predicted seroprevalence and Fol estimates from the models that fit less well are available in

Appendix Chapter 3, A3.6, Figures A3.5.1-7
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Rates of antibody waning

Maternally acquired antibodies (mAbs)

The best fitting model (4b) estimated that mAbs wane over the first 3-6 months of life. When all
datasets were included, the average rate of waning of mAbs, ®, was 4.42 yr-! corresponding to
approximately 3 months (95% Crl 1.3-5.5 months) of protection. This parameter, however, was
considerably affected by the exclusion of the dataset collected in Egypt by Kandeil et al,, [63]
after which mAbs were estimated to last for 6 months. (Table 3.3). Estimates from the models

that fit less well are presented in Appendix Chapter 3, A3.5, Table A3.5.1.

Table 3.3. Estimated parameter values from the best fitting models

Dataset

Model 4b:
All datasets
mean (95% Crl)

Model 4b:
Omitting Egypt
mean (95% Crl)

Fol, 2

rate of waning of mAbs, @
rate of waning of Abs, ® &

overdispersion, k

Africa

Egypt [72]

Egypt [63]
Ethiopia [99]
Kenya [133]
Kenya [88]

Kenya [67]
Senegal [63]
Tunisia [63]
Tunisia [99]
Uganda [63]
Middle East

Iraq [63]

Iraq [183]

Jordan [63]
Jordan [124]

KSA, 1992-2010 [73]
KSA, 2013 [73]
KSA [192]

KSA [193]

KSA [63]

UAE [116]

Asia

Bangladesh [125]
Pakistan [102]
Pakistan [69]
Global

Across all datasets
Across all datasets
Across all datasets
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0.49 (0.37, 0.65)
0.44 (0.34, 0.57)
4.08 (1.44,9.13)
0.24 (0.14, 0.37)
1.36 (0.91, 2.17)
0.36 (0.26, 0.49)
0.32 (0.17, 0.56)
0.95 (0.56, 1.64)
0.19 (0.11, 0.31)
0.35 (0.22, 0.55)

0.84 (0.10, 4.63)
2.17 (0.76, 6.20)
1.11 (0.61, 2.00)
4.18 (1.12,9.29)
2.09 (0.93, 4.70)
1.24 (0.64, 2.28)
3.57 (1.13, 8.84)
3.19 (1.59, 6.56)
0.71 (0.33, 1.58)
4.94 (2.43, 8.95)

0.13 (0.04, 0.34)
0.14 (0.10, 0.20)
0.52 (0.38,0.71)

442 (2.17, 8.96)
0.09 (0.06, 0.13)
2.61 (2.03, 3.23)

0.50 (0.37, 0.70)
NA

4.83 (1.78, 9.44)
0.22 (0.14, 0.36)
1.59 (1.03, 2.68)
0.37 (0.26, 0.55)
0.33 (0.18, 0.60)
1.00 (0.59, 1.74)
0.20 (0.11, 0.32)
0.34 (0.22, 0.55)

0.67 (0.09, 3.35)
1.92 (0.76, 5.22)
1.11 (0.61, 1.98)
4.10 (1.05, 9.24)
1.99 (0.91, 4.23)
1.18 (0.61, 2.13)
3.17 (0.99, 8.36)
3.25 (1.63, 6.56)
0.73 (0.35, 1.54)
4.50 (2.35, 8,36)

0.12 (0.04, 0.30)
0.15 (0.11, 0.21)
0.54 (0.39, 0.77)

2.04 (1.24, 3.99)
0.10 (0.06, 0.17)
2.04 (1.46,2.68)



Seroreversion following infection

The seroreversion rate following infection was estimated to be low at 0.09 yr-t (95% CrI 0.06-
0.13) in model 4b, corresponding to an average duration of seropositivity of 11 years (95% Crl
7.7 - 16.7 years). This estimate was relatively robust to exclusion of individual datasets
(Appendix Chapter 3, A3.4, Figure A3.4.5), but decreased to 0.03 yr-! (95% CrI 0.01-0.05)
corresponding to an average duration of seropositivity of 33 years when the fixed sensitivity of
neutralisation tests was reduced to 85%. When the lifespan of dromedaries is considered, this
rate of seroreversion is negligible. The complete set of estimates using alternative fixed values

of test sensitivity and specificity are available in Appendix Chapter 3, A3.4, Table A3.6.2.

The Force of Infection, A

Estimates for the Fol varied between countries and between different datasets within countries.
The Fol estimates for each study population are shown in Figure 3.2B, and in Table 3.3. Annual
Fol estimates are highest within the Middle East, especially in Jordan and the UAE, with variable
estimates across datasets collected in the KSA. The Fol estimates are lower for datasets
collected from South Asia and Africa except for the study of the population sampled in Ethiopia
[99]. There was high variability between the Kenyan datasets, with the heterogeneity

corresponding to the different regions sampled.

For some studies in which age-class specific seroprevalence is measured to be close to 100% the
Fol is estimated to be very high (for example an annual Fol of 4.0 corresponds to a mean of 4
infections per animal per year). Once Fol passes the threshold at which it predicts maximum
seroprevalence, further increases in Fol would all predict similar levels of seroprevalence of
around the maximum and would therefore all fit the data similarly well. This is reflected in
some of the posterior distributions for the Fol presented in Figure 3.3. For example, the
posterior distributions of the Fol in Ethiopia, (Reusken et al, 2014), Jordan, (Van Doremalen et
al, 2017), KSA (Harrath et al,, 2018), and UAE (Wernery et al, 2015) are fairly flat with long

tails. The corresponding HMC traces for these estimates are shown in Figure 3.4. When
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alternative test specific sensitivity and specificity values were assumed, including lower
sensitivity of neutralisation tests, some of these high Fol estimates became even greater. This is

likely to be because the lower test sensitivity reduced the theoretical maximum seroprevalence.

When, rather than being assumed to be uniform, the age distribution of individuals in each
sampled age class was assumed to reflect a constant mortality rate of y for calves <2 years old
and u for animals 22 years old, the Fol was estimated to be slightly higher in most populations
(see Appendix 6.1). The increase was very small and did not meaningfully affect the overall

range of transmissibility. Transmissibility was still generally highest in the Middle East.
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Figure 3.3 The posterior distributions of each of the parameters estimated in Model 4b, assuming overdispersion (grey histograms), overlaid with
the prior distributions (red). When the prior extended much wider than the posterior, only the range of the posterior is presented.
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Overdispersion

When the prior on the overdispersion parameter, k, was a normal distribution with a mean of
zero and a standard deviation of 0.5, restricted to positive values, k was estimated to be around
2.0-2.6 meaning the variance of the data was estimated to be around 3.0-3.6 times greater than
what would be expected if the data were binomially distributed. This value for k is very high in
the context of the prior (the prior density (red) is overlayed onto the posterior (black) in Figure
3.3). When larger standard deviations were used in the prior, overdispersion was estimated to
be extremely high. The high level of overdispersion could account for the patterns in the data
and so the likelihood was very similar across different sets of epidemiological parameters
making them unidentifiable. The prior with a standard deviation of 0.5 was used for all core

results to constrain the overdispersion to values that I believed were more plausible.

Parameter correlation

The rate of seroreversion, ¢, was strongly positively correlated with the Fol in the posterior
samples (a correlation matrix is presented in Appendix Chapter 3, A3.7, Figure A3.7). The
study specific Fol estimates were also positively correlated with each other but only when
seroreversion was included in the model. This suggests that the correlation between Fols is due
to their respective correlations with the rate of seroreversion rather than due to a causal
relationship between them which would not be expected since they are fitted independently.

The rate of waning of mAbs, @, had a weaker positive correlation with other parameters.

Discussion

The Force of Infection of MERS-CoV in dromedary populations

Results across all models suggest that the annual Fol of MERS-CoV is generally higher in
dromedary populations in the Middle East (between 1-4 for most study populations) compared
to those sampled in South Asia and Africa (mostly <1). The notable exception is the high annual

Fol of ~4 estimated within the dromedary population sampled in Ethiopia. Two of the main
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factors affecting the Fol of a disease are: a) intrinsic properties of the pathogen and; b) contact
patterns between susceptible and infectious individuals. Both of these could have contributed to
the difference in Fol estimates between the regions in this analysis. All viruses sampled from
dromedaries in western, northern and eastern Africa can be grouped together by their genetic
similarities into Clade C. Strikingly, despite the large number of live dromedaries imported from
Africa, all viruses isolated from dromedaries and humans in the Arabian Peninsula have
belonged to genetically distinct clade A and B viruses. A study at an abattoir in KSA found that
both local and newly imported dromedaries from Sudan and Somalia were infected with clade B
viruses suggesting imported animals were infected in KSA [108]. The absence of clade C in the
Arabian Peninsula - even in newly imported animals - coupled with results from a recent study
that found clade C to have a reproductive disadvantage compared with clade A and B in human
lung tissue [109], suggests that the clade C viruses prevalent in Africa may be less transmissible.
The lower Fol estimates for Africa found here would be expected if the reduced ability of clade C
viruses to infect human ex vivo lung tissue extends to reduced infectiousness within populations
of live animals. It is not clear what clade circulates in South Asia, so it is not known if intrinsic

viral differences could explain the Fol estimates for Bangladesh and Pakistan.

The variation in global camel husbandry practices could also potentially explain differences in
Fol. In the Arabian Peninsula, dromedary farming has become increasingly intensive and urban
in the past 60 years, whilst remaining largely extensive pastoralist techniques elsewhere [60].
These differences may impact the type and frequency of contact between animals which could
impact the Fol. Studies have found prevalence of MERS-CoV infection to be higher at sites where
different populations mix [63], [98], [134], [164]. The characteristics of the population sampled
in Ethiopia were not stated, however, if animals were sampled at markets this could potentially
explain the higher Fol estimates estimated compared to other locations across Africa. It could be
that both intrinsic viral properties and contact patterns are contributing to the difference in Fol

observed in the Middle East compared to Africa and South Asia.
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Differences in the transmissibility of MERS-CoV would have implications for control in the
different regions. If clade-specific intrinsic viral properties are contributing it will be important
to find out and avoid seeding clade B into African dromedary populations. If it were possible to
collect clade type and seroprevalence data and estimate the Force of Infection of MERS-CoV in
the dromedary populations of Somalia and Sudan - the major exporters of live dromedaries to
the Arabian Peninsula - this could provide greater insight into intercontinental transmission
dynamics. I did not find any measures of age-stratified seroprevalence data from Somalia or
Sudan, however. Although genetically distinct, viruses from different clades and sub-clades have
been found to be antigenically similar and therefore there is unlikely to be a need for clade

specific considerations during vaccine design [68].

As well as varying between countries, estimates of the Force of Infection varied within
countries. For example, in Kenya, Fol was higher for Munyua et al.’s 2017 survey of Marsabit
county compared to in Deem et al.’s 2015 data from Laikipia county and Ommeh et al.’s 2018
countrywide survey [67], [88], [133]. The disaggregated seroprevalence per county for the
countrywide survey, Laikipia county was measured to have very low seroprevalence consistent
with Deem et al.’s results, and Marsabit county had the highest seroprevalence of any county
consistent with Munyua et al.’s findings. This consistency suggests the variability in Fol for
Kenya may reflect true regional differences perhaps associated with population contact
patterns. Of note, the Fol estimates for Kenya are within the range of the Fol estimated for
populations in Kenya by Gardner et al [126]. The estimates of Fol also varied a lot across KSA.

The regions surveyed are not comparable between most datasets.

Further investigation of what is driving perceived differences between transmission intensities
will be important for devising context-specific vaccination or other control strategies. The
dromedary population is highly heterogeneous in terms of husbandry practice even at the local
scale [98], [114]. Prevalence has also been found to differ with herd size, life-style and camel

function [98]. Differences in these factors by region could be creating true regional variability in
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transmission intensity. Estimating the Fol for populations with differing herd characteristics
could help elucidate how differences in husbandry practices affect transmission and therefore

the potential impact of vaccination.

Several limitations could have also contributed to some of the differences in estimates of Fol.
Firstly, the studies used different tests to determine seropositivity, including ELISAs, Protein
Microarrays and two types of neutralisation tests. It is probable that there are some differences
in sensitivity and specificity across these tests. Whilst neutralisation tests are known to be
highly specific, ELISAs are potentially more sensitive as they also detect non-neutralising MERS-
CoV specific antibodies. Since the Fol is calculated using relative differences in seroprevalence
within a single study where a single test type was used, these estimates should not be greatly
affected except when seroprevalence is very high (as it may approach the limit of sensitivity).
To test the influence of differences in test sensitivity and specificity across test types, models
1b-4b were re-fit to the data whilst assuming reduced specificity of ELISAs and reduced
sensitivity of neutralisation tests. The general pattern remained with Fol estimated being
generally higher in the Middle East and lower in Africa and South Asia. Several Fol estimates for
studies with very high seroprevalences increased when these alternative fixed values for test
specific sensitivity and specificity were used. This is likely to be because with lower sensitivity
of neutralisation tests, the maximum seroprevalence is lower and so is reached or indeed
exceeded by some studies. In these cases, once the Fol reaches the minimum rate required to
predict maximum seroprevalence, further increases in the Fol will no longer change the
predicted seroprevalence making the likelihood fairly flat and the mean Fol higher. This
saturation of the maximum seroprevalence may even be affecting some of the Fol estimates in
the core analysis where sensitivity is high since seroprevalence reaches 100% in some studies.
The wide credible intervals and relatively long tails seen in posterior Fol estimates in Figure 3.3
may be signatures of this effect. The possible overestimation of Fol when seroprevalence is
maximal is a limitation of this analysis. Finally, it is possible that if the intrinsic assumption of

endemic equilibrium and a constant Fol over time is invalid for some datasets, this could affect
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the estimation of Fol. If transmission was changing over time, for example if infections were
seasonal, and a population had just experienced a large outbreak, the seroprevalence would
likely be higher than on average in that population and could lead to overestimation of the mean
Fol. In addition to infection changing over time, dromedary herd composition is likely to be
dynamic which could also affect Fol estimates. For example, if young animals are bought into
the herd at a common age, from a population with higher seroprevalence this could give a false

impression of a higher Fol within the studied herd.

The dromedary populations reflected in the Fol estimates are based on age stratified
seroprevalence surveys and are likely to be affected by several biases including potential
publication bias towards extreme seroprevalence measures, and bias towards countries with
sufficient resources to detect human cases and to study MERS-CoV in their dromedary
populations. This means that not all relevant dromedary populations are represented in the Fol
estimates. For example, it was not possible to estimate the Fol of MERS-CoV in Somalia and
Sudan - the most camel dense areas in the world - due to a lack of age stratified seroprevalence
data for these populations. Further studies of the seroprevalence patterns within these
populations will be important for better understanding transmission dynamics in these major

dromedary producing countries.

Seroreversion and test sensitivity

Despite the importance of seroreversion for improving model fit according to DIC, the estimated
rate of seroreversion was low, and heavily dependent on the assumed sensitivity of the
seropositivity tests used. The duration of antibodies was 11 years when test sensitivity was high
across all tests, but this increased to 33 years when sensitivity of neutralisation tests and
specificity of ELISAs were reduced. 33 years is longer than the mean life expectancy of
dromedaries in the model and so is essentially a negligible rate of seroreversion suggesting life-

long protection. The relative contributions made by test sensitivity and seroreversion cannot be
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fully disentangled, but even when test sensitivity was assumed to be very high, the rate of

seroreversion was relatively low.

Given the low estimated rate of seroreversion, I wanted to see if the improved fit afforded by the
inclusion of seroreversion could be attained by fitting a global test sensitivity instead, as
reduced test sensitivity could produce a similar signal to seroreversion in the data. When I
inferred test sensitivity rather than including seroreversion, test sensitivity was estimated to be
92% and this model fit the data slightly better than model 4b according to DIC, but the estimates
for Fol were implausibly high for studies with seroprevalence >92%, with many only
constrained by the upper limit on the uniform distribution set by my prior belief that an annual
Fol >10 would be implausible. Again, the issue of maximal seroprevalence being measured by
studies is potentially made worse by reduced test sensitivity in the face of high specificity. Since
lower test sensitivity and higher Fol could produce similar predicted seroprevalence measures
to lower Fol and higher test sensitivity, there is also likely to be an identifiability issue when

trying to estimate test sensitivity and Fol simultaneously.

Another factor to consider when interpreting the role of seroreversion in dynamics from these
results is that the improved fit afforded by the inclusion of seroreversion could be partially
because the implicit assumptions of catalytic models, namely that transmission is at endemic
equilibrium and the Fol is constant over time, might not be being met in all locations. An albeit
low rate of seroreversion gives the model greater flexibility to fit datasets in which there were
small decreases in seroprevalence with age, or unexpectedly small increases between some age
classes. The occasional decrease with age could in fact be due to fluctuations in the force of
infection over time as a result of other factors underpinning the dynamics of transmission such

as depletion of susceptible individuals.

Finally, the approach [ have used did not allow for the distinction between constant boosting of
antibody levels by repeated infection, and long-lasting antibodies following a single infection. In

addition, longitudinal studies have observed several instances of infection of adult animals that
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were seropositive, suggesting seropositivity may not be a good proxy for protection and so
inferences about the duration of antibodies cannot be translated into inference about protective

immunity [72], [131], [208].

Maternally-acquired antibodies (mAbs)

The results presented in this chapter support the existence of protective mAbs against MERS-
CoV. The best fitting model estimated the average duration of seropositivity from mAbs to be
approximately three months, but this depended on the inclusion of the dataset collected by
Kandeil et al dataset in Egypt [63], without which it increased to six months. These estimates
are comparable to the five months suggested by calf-dam pair studies in UAE [116], [131]. The
duration of maternally-acquired protection could be very important for optimising the timing of
potential calf vaccination, for example, if mAbs interfered with vaccine immunogenicity,
administration would ideally need to occur after mAbs wane below protective levels. However,
the ChAdOx1 MERS vaccine candidate for use in dromedaries does not express the MERS-CoV

spike protein on its surface and so is thought to be unaffected by circulating antibodies [6].

The ability to estimate the rate of waning of mAbs was limited by the number of datasets which
stratified young calves by age. Only two of the included studies - conducted in Jordan [124] and
Kenya [133] - divided the first year of life into finer age classes. Accurate reporting of the age of
calves, and the inclusion of very young animals, will be needed in future cross-sectional studies

to better estimate the rate of waning of mAbs.

I chose to fit the rate of mAbs waning as a global parameter, assuming that if mAbs contributed
to the dynamics of MERS-CoV transmission in dromedaries, they would do so in every location.
To my knowledge, there is no existing literature on factors affecting the rate of waning of mAbs
in calves, although it is conceivable that variables such as mother and calf health or incidence of
cross-reactive infections could lead to some variation in the effective rate of mAbs waning by
location which could be a limitation of my approach and would mean that 3-6 months might not

be representative of the rate of waning in every location.
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Overdispersion

Across all models, assuming the seroprevalence data was over-dispersed provided a better fit
than assuming it was binomially distributed. The estimated overdispersion parameter, k,
decreased with model complexity, which is to be expected, as more of the heterogeneity in the
seroprevalence data can be accounted for by complex models. It should be noted that during
model fitting, the estimate of k was not robust to the choice of prior, with more relaxed priors
leading to extremely high estimates of the overdispersion, and difficulties estimating the
epidemiological parameters. During model validation, values for k were overestimated, but

epidemiological parameter recovery was not adversely affected.

Conclusions

The Fol of MERS-CoV was higher in the Middle East than in Africa and South Asia. Estimates
were found to vary between and within countries. This variation may be explained by a
combination of differences in husbandry practices underpinning dromedary contact patterns,
and intrinsic virological differences between clades. Further investigation into what factors
underpin this heterogeneity in Fol will be important for devising vaccination strategies to target

the widely connected and diverse dromedary population.

Age-stratified seroprevalence data supports the existence of protective mAbs in dromedaries.
When fitted across the 23 datasets at my disposal, this protection is estimated to last for the
first 3-6 months of life. More seroprevalence data broken down over the first year of life would

likely improve the reliability of this estimate.
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Chapter 4:

A dynamic model of MERS-CoV
transmission in dromedary camels
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Introduction

This chapter focuses on the development of a dynamic model of MERS-CoV transmission in
dromedary camel populations. In Chapter 3, catalytic models of infection were fitted to age-
stratified seroprevalence data. This approach provided estimates of the population-specific Fol
and the rate of waning of MERS-CoV specific maternally acquired antibodies (mAbs) in
dromedaries. However, since catalytic models assume a constant Fol, they cannot easily be used
to explore the dynamics of disease transmission over time, or to simulate change-inducing
interventions. Dynamic models, on the other hand, are defined by their explicit inclusion of the
mechanistic transmission process in which the Fol experienced by susceptible individuals
depends on the time-varying number or proportion of infectious individuals in the population,
making them well-suited to both purposes. If we are to model the likely impact of vaccinating

dromedaries against MERS-CoV, a dynamic model of transmission is needed.

Despite their potential usefulness, and the growing amount of data describing MERS-CoV in
dromedary populations, there is a lack of dynamic models of MERS-CoV transmission in the
zoonotic reservoir. Although three deterministic models have been published, one was intended
as a theoretical exercise focused on expressing Ro [156], and the other two have faced
challenges parameterising transmission within and from the zoonotic reservoir using weekly
reported human MERS case data [127], [128]. No stochastic models are available, and the
published data on seroprevalence in dromedaries has not previously been utilised in model

development.

In this chapter, I present a stochastic, age-structured dynamic model of MERS-CoV transmission
in dromedary camel populations. The risk that a susceptible camel becomes infected is
parameterised using the Fol estimates inferred from age-stratified seroprevalence data in
Chapter 3. Published viral load data from longitudinal field studies are used to estimate the
infectious period and the relative infectiousness of primary infections and reinfections [6], and

the level of protection offered by past infection is explored through several alternative
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scenarios. The dynamic transmission model is then used to investigate three key knowledge

gaps in MERS-CoV transmission in the zoonotic reservoir.

Firstly, the dynamic model is used to estimate Ry for MERS-CoV in dromedary populations.
Measures of transmission intensity are important for intervention planning. By calibrating the
dynamic model to the Fol estimates from Chapter 3, | estimate the corresponding R values,
which are often a more intuitive measure of transmission intensity than the Fol. There are two
existing estimates of Ro. Lin et al. (2018) estimated Ry to be approaching 4 in dromedary camels
in KSA, however this is based on fitting a model of MERS-CoV transmission in dromedaries to
weekly human cases whilst assuming a fixed proportion of weekly cases are due to zoonotic
transmission [128]. Rui et al. (2022) estimated an Ry of 1.04 in dromedaries in KSA using a next
generation matrix approach, but it is unclear how data collected from dromedaries were used
[127]. The discussion cites the study by Khalafalla et al, (2015) which sampled animals at two
sites at eight time points between 2013-14 [194], as a source of data but there is no indication
of whether this was directly used to estimate Ro and if so under what assumptions. It will be
important for intervention planning to see how Rg estimates vary between study populations

and geographically, given the patterns observed in Fol estimates in Chapter 3.

The stochastic nature of the dynamic model allows the estimation of a second useful quantity -
the critical community size (CCS) of MERS-CoV in dromedaries. The CCS is the closed population
size in which transmission is as likely to go extinct as it is to persist [225]. In a population
smaller than the CCS, stochastic fluctuations are likely to lead to epidemic fadeout - the
extinction of infections when numbers are low following a peak. First conceptualised in the mid-
20t century in the context of measles, the CCS has since proven very extremely useful in
determining the vaccination coverage needed to interrupt transmission of infectious diseases
and in deducing the level of intervention and intervention efficacy needed to control
transmission [226]-[228]. Applied to MERS-CoV in camels, the CCS has implications for the

feasibility of controlling the disease in the animal population using vaccination. For example, if
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the CCS is relatively small, high levels of vaccine coverage would be needed to interrupt
transmission in a population. The CCS can be measured empirically, [225], but this has not been
possible for MERS-CoV in dromedaries as it requires measuring epidemic fadeout which relies
very strong surveillance data - which would be very challenging to collect for an asymptomatic
animal disease. Inference from age-stratified seroprevalence data suggests that the Fol tends to
be higher in dromedary populations sampled in the Middle East compared to most populations
in Africa and South Asia (Chapter 3). The potential implications of these differences in

transmissibility on the CCS are explored.

Thirdly, the dynamic model is used to investigate the expected time between peaks of
transmission. Periodicity and its driving factors can give insight into potential seasonality and
the times of year when spillover risk may be higher. Assessing the potential seasonality of
MERS-CoV in dromedaries is a priority outlined by the FAO-OIE-WHO working group on MERS-
CoV (2018) [5], and ultimately relies on resource intensive longitudinal studies of the
prevalence of infection in dromedaries over many years. By simulating transmission using what
we know about the Fol, and dromedary demography, however, dynamic models can be used to
explore whether we should expect seasonality under different immunity scenarios and, if so,

what periodicity we would see between peaks in infection in different populations.

Several gaps remain around understanding the level of protection from reinfection afforded
dromedaries by past MERS-CoV infection. Modelling different potential scenarios and assessing
the sensitivity of simulations to assumptions can indicate which knowledge gaps it is most
important to address and provide an insight into the kind of data it is most important to collect

to better inform decision-making.
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Methods

Based on what we know about dromedary demography from the literature and the Fol
estimates inferred in Chapter 3, a stochastic, age-structured model of MERS-CoV transmission
in dromedary camels was developed. Whilst the inference from age-stratified seroprevalence in
Chapter 3 suggested that antibodies are long-lasting following infection, documented
reinfection of seropositive animals [6], [65], [129] indicates that MERS-CoV seropositivity is not
a good proxy for protective immunity in dromedaries and so multiple, potential immunity
scenarios have been included. The model was formulated in R [215], using the package odin

[229] and stochastic iterations were run using odin.dust [230], [231].

The structure of the dynamic transmission model is represented schematically in Figure 4.1,
with a single age class shown for clarity, and in deterministic form by the ordinary differential
equations 4.1-4.6. All symbols used are defined in Table 4.1 alongside the parameter values and

their sources.

births protected unprotected
by mAbs births Y

Mg Hizq Hi=1 Hi=1 Hi=1 Hi=1

Figure 4.1. A dynamic model of MERS-CoV transmission in dromedary populations shown for
the youngest of i age classes (i = 1). This is repeated for each of the further 48 age classes. Calves
are either born into state M with maternally acquired antibody protection, or into state S; in which
they are entirely susceptible to infection. Entirely susceptible animals become infected at a rate

A; and infectious in state I;, before recovering at a rate yinto state R in which they are temporarily
completely immune to further infection. Complete immunity wanes at a rate owith animals
becoming partially susceptible again in Sz. Animals in Sz become reinfected at a rate ¢, where
¢<1 reflecting the reduced susceptibility of previously infected animals compared to animals in S;.
Reinfected animals in state I, recover back into state R at rate y.
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Table 4.1. Model parameters

Symbol  Description

Core value(s)

Source

Initial population size

No

Birth rate

Effective contact rate

y Rate of recovery from
infectiousness

o | Strength of seasonality
of births (0s6s1)

Rate of waning

o
complete immunity
o | Rate of waning of mAbs
L Daily mortality rate of

camels <2yrs

varied (50 - 10,000,000)

Varied annually around a

mean of 0.000565 camel! day

1 based on initial population
size.

0.1-1.5 camel! day!

1/14 days

1 (0, 0.5 also considered)

1/30 days, 1/90 days
(scenario with no complete
immunity also considered)

1/3 months (1/6 months also
considered)

0.0011 camel! day!

100

NA

Fecundity data and herd
composition data from [95], [114].

Calibrated using Fol estimates
inferred in Chapter 3 of this
thesis

(6], [8], [116], [129]

[114] see methods section
“Modelling dromedary
demography” for implementation

NA

Chapter 3 of this thesis

Within the ranges described in
[95] but exact value set to balance
mean birth-rate



12 Daily mortality rate of 0.00036 camel! day! Within the ranges described in
camels aged >2yrs [95] but exact value set to balance
mean birth-rate

¢ Susceptibility to 0.75 NA
reinfection relative to (0-1 considered)
first infection (0<¢<1)

r | Infectiousness of 0.01, 0.25, 0.5 [6]
reinfections relative to
first infections (0<r<1)

Modelling infection and immunity

Infection

Camels are born either entirely susceptible to MERS-CoV infection (state S;) or with complete
protection by mAbs (state M) which wanes at a rate ® with calves becoming susceptible after an
exponentially distributed period of time with a mean of 3 months (or 6 months as a sensitivity
analysis), as estimated from age-stratified seroprevalence data in Chapter 3. The proportion of
calves born in state M is dictated by the proportion of animals of reproductive age (>4 years)
which have been previously infected. Animals in S; become infected and transition to state I; in
a frequency dependent manner - with the Fol, 1, defined as the product of the effective contact

rate, 5, and the proportion of individuals in the population which are infectious:

I+ 7l
M= (4.7)

Where I is the number of reinfected individuals, r<1 and represents the relative infectiousness
of reinfections compared to first infections, and fis varied to calibrate 4, to the Fol estimates in
Chapter 3. Modelling transmission as density dependent was deemed less appropriate as
dynamics are compared across populations of extremely different sizes (varying from 50-
10,000,000) and density dependent transmission would have implicitly assumed that each of

these populations was inhabiting an area of the same size.
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No data is available on the potential latent period following MERS-CoV infection in dromedaries.
Infected animals are assumed to be instantaneously infectious. The period spent in state I; is
exponentially distributed around a mean of 14 days in agreement with the duration of shedding

reported in longitudinal studies [6], [116], [129].

Immunity and reinfection

Infectious individuals recover into state R in which they are not infectious and are completely
immune to further infection. Longitudinal studies have observed rapid reinfection of
dromedaries in environments where transmission intensity is likely to be high, such as markets
and natural challenge studies [6], [65]. Therefore, following a short period in state R which is
exponentially distributed around a mean of 1-90 days depending on the scenario, individuals
become susceptible to reinfection in state S,. Most animals found to be shedding MERS-CoV in
field surveys are calves and naive animals, suggesting there is some long-term protection
offered by past infection [70], [73], [98], [124]. To reflect this, the degree of susceptibility in
state S, is modelled to be less than that experienced by individuals in state S;, meaning
individuals in state Sz experience a reduced Fol, A,. A scenario in which individuals in S- are just

as susceptible to infection as a naive animal is explored as a sensitivity analysis.

Parameterising the relative infectiousness of reinfected individuals

When animals in S; become reinfected they enter the I state. The individuals in I, are modelled
to be less infectious than individuals in I; experiencing their first infection. This is based on daily
measures of viral load collected by Alharbi et al, (2019) as part of a vaccination field study [6].
The viral load data were digitally extracted from Figure 4A in Alharbi et al’s paper using
PlotDigitizer version 2.2 [232]. I extracted the daily mean viral load on a linear scale for
seronegative calves (which I assumed to be infected for the first time during the study) and
seropositive calves (which [ assumed to be reinfected during the study) in the unvaccinated
control group. | then calculated the difference between the area under the viral load curve for

each of the two groups. Reinfected animals were approximately 1% as infectious as first-time
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infected animals when assuming a linear relationship between viral load and infectiousness and
50% as infectious when assuming that infectiousness is proportional to the logarithm of the
viral load. The relationship between infectiousness and MERS-CoV RNA shedding is not well
defined. A trial of the MVA-based vaccine candidate in dromedaries measured a similar or
slightly greater decreases in a measure of infectious viral particles compared to a measure of
viral RNA shedding following vaccination of four calves [8], suggesting infectiousness may be
closer to being proportional to viral load than the logarithm of viral load. However, the study
was not designed to have the power to reliably define the relationship between shedding and
infectiousness. Therefore, the two extremes of 1% and 50% - as well as a middle value where
reinfected animals are 25% as infectious as first-time infected animals - were chosen to

represent three, potential scenarios of infectiousness of reinfected individuals.

Implementing stochastic movement between disease states

The model is described as a set of ordinary differential equations 4.1-4.6 for simplicity but is
implemented stochastically with a discrete time step of one day. To represent the transmission
of MERS-CoV in camels more accurately - particularly in smaller populations where disease
dynamics are more sensitive to stochasticity - the daily number of each type of transition or
‘disease event’ is treated as random variables following binomial distributions. Probabilities of

an event v (denoted P,) are defined from the rate of that event, t,:

P,=1—et 4.8

For example, the number of individuals in state S; that become infected on a particular day is
determined in the following two steps. Firstly, the total number of individuals leaving S; for all
reasons (death or infection, in this case) is determined by randomly sampling from a binomial
distribution where the mean joint probability of death or infection happening to any one

individual is 1 - e *#,*#) and the number of ‘draws’ is the number of camels in S; at that time.
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Then, out of the number of individuals determined to be leaving S;, the number of individuals
that became infected is determined by sampling from a second binomial distribution where the
mean probability of infection is:

1— e—ll

T 4.9

and the number of draws is the number of individuals that are already known to be leaving S;.

Modelling dromedary demography

Births

Dromedary calving is reported to be strongly seasonal [114], [117]-[121]. Studies in KSA report
most calves being born between October and March, with one study quantifying this at 83%
during the high season [114]. The calving season is very similar in Egypt where it is reported
between October and April [121] and in Nigeria where surveyed pastoralists identified the
calving peak to occur in the early dry season between October to December [119]. To capture
this seasonality, the number of births per day is drawn from a Poisson distribution with a mean
of aNywhere « varies annually as a function of cosine (Equations 4.10-11, Figure 4.2) and Ny is
the initial population size. Using Ny rather than having a dynamic birth rate based on the time-
varying number of individuals in the population gives the model more stability. The strength of
seasonality can be weakened by setting 6 < 1 during sensitivity analyses. However, when =1,
82% of births fall between October and March which is in line with the 83% reported for
dromedary births in Qassim, KSA [114]. The mean birth rate & is set to be 5.65e-04 births per
camel per day. This is based on estimates of 45.2% annual fecundity rates from surveys
conducted across KSA [95] and taken together with assumptions that 90% of the population are
female (based on high male calf removal rates [114]) and that 50% of the female population are

of reproductive age [114].
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Figure 4.2. The seasonality of dromedary births throughout the year when the strength of
seasonality, o, is varied from 1.0 (bright purple - full strength) to 0.0 (light blue - no seasonality).
Points represent the stochastic number of births per day per thousand animals and lines represent
the non-dynamic daily birth rate per thousand. The calving season commonly reported in the
literature is shaded in grey.

Mortality and removal

Since MERS-CoV causes very mild disease in dromedaries, infection is modelled to have no
bearing on mortality. Dromedaries die off from each disease state compartment at the same age-
dependent average rate p;, with the mean number of deaths per day being equal to the size of
the compartment multiplied by 1 - e™i. The model assumes a higher probability of calf death in
the first two years of life than in adulthood, as reported in KSA [95], [114]. The modelled
mortality rates are calibrated to the birth rate to give a stable population size and are equivalent
to ~40% mortality for <2yrs and ~13% for >2yrs. This is representative of overall mortality
estimates for populations in KSA which are described in the literature as 10-26%, depending on

herd type [95].
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Age structure

Inclusion of age structure is vital given the strong dependence of infection status and
seroprevalence on age, as well as for simulating age targeted interventions. For this reason, the
model is stratified into month-wide classes, with camels moving to the next age-strata every 30
days in a 360-day year. From the 48th month wide class, camels enter a class aged >4 years
where they remain until death. Having fine age classes up until the age of four years enables
accurate representation of age within the window where first infections are happening and
allows for accurate, age-targeted intervention modelling. Adult dromedaries over the age of four
years are rarely stratified into further age groups in the MERS-CoV literature. Interventions are
not likely to require fine age targeting within the adult population, making it reasonable to have

a wide final compartment once dromedaries reach maturity.

Model initialisation

The model is initialised at demographic equilibrium - with the population distributed across the
age classes reflecting the expected age distribution once the model stabilises. The expected
proportion of the population in each age class at equilibrium is estimated using the seasonal
birth rate, the age-dependent mortality rate, and the time spent in each age class. For the final,
open-ended age class, the time spent in the compartment is estimated using the mortality rate.
The initial number of animals in each age class is then sampled from a Poisson distribution
where the mean count is the expected proportion of the population in the age class at

equilibrium, multiplied by the overall target population size.

Infection is introduced through the addition of 25 infectious individuals on day one of the
simulation, combined with a background Fol of 1.5e-05 (equivalent to an average of ~5
infections per thousand animals per year) for the first ten years of the model run. After the first
ten years are up, background Fol is set to zero meaning all transmission occurs as a result of

infections within a closed population. It is important to have no external sources of infection for
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assessing endemic persistence but, as the model will not start at endemic equilibrium, having an

initial background Fol helps to reduce the risk of early epidemic fade-out.

Estimation of Ro

Ro is often a more intuitive parameter than the Fol when representing transmission intensity. In
this chapter, the dynamic model is used to estimate an Rq value for each of the studies for which
Fol was inferred in Chapter 3. The mean annual Fol in the dynamic model is calibrated by
varying f. For each immunity scenario, the model was run over many beta values. Linear
interpolation was then used to pick out the beta value needed to produce the Fol inferred for
each study in Chapter 3. Once the beta values were calibrated, Ro was approximated using
Equation 4.12. The one-to-one relationship between beta and Fol means that the credible
intervals (Crls) around the Fol can be used to take forward the uncertainty into the Ry

estimates.

IR

<™

R, 412

As birth rate and removal rate are balanced, the population size is at equilibrium when infection
is introduced, and demography does not need to be considered in Ry approximation. Model
complexities such as multiple infectious states can sometimes complicate estimation of Ro.
There are two levels of infectiousness in the model (states I; and I). However, as I pertains to
reinfections, these differing levels of infectiousness can be ignored in the calculation of Ro. This
is because Ry relates to an entirely susceptible population in which, by definition, all infections
will be first-time infections. Although there is no need to consider multiple infectious states in
the calculation of Ry, assumptions about the infectiousness of reinfections will affect the
estimates of Ro made from simulations of endemic transmission. This necessitates the

consideration of several immunity scenarios.

In addition to Ry, the effective reproduction number, Re is estimated. This is defined as the mean

number of secondary cases expected from each primary case (not contingent on the entire
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population being susceptible). R. would be expected to oscillate around ~1 during endemic
transmission. Ordinarily, in the absence of a second infectious class, Re is simply the product of
the basic reproduction number and the proportion of the population that are susceptible to
infection. However, to estimate Re, both the relative reduction in susceptibility of the S: class,

¢, and the relative reduction in infectiousness of the I, class, r, must be considered. R. is
therefore the proportion of infections that are in state I;, p;;, multiplied by the average expected
number of infections caused by individuals in I, R;4, plus the proportion of infectious
individuals in Iz, p;,, multiplied by the average expected number of infections caused by

individuals in I, R;,. As described formally in Equations 4.13-4.17 below.

S
Py = ———— 413
S1+ ¢S,
?S>
=12 4.14
P2 S, + ¢S,
S, + ¢S
Ry, = Roqub2 415
S, + ¢S
R, = rRoqu52 4.16
R, = priRi1 + Pr2Rp2
S, +ropS
= Role)z 417

Persistence

To evaluate the CCS of MERS-CoV in dromedary populations, I estimated the size of the
population required for transmission to be sustained for 25 years in a closed population with no
external sources of infection. The CCS was defined as the window of population sizes between

which transmission began to be sustained in at least 50% of stochastic model runs.

For large populations, it becomes unrealistic to assume populations are well mixed. For
example, in the population of ~10,000 dromedary camels in Laikipia county, Kenya [112], an
individual camel is far more likely to have contact with individuals in its own herd or grazing

area than with animals in other areas of the county. Population structure also has a bearing on
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transmission dynamics, including persistence [150], [233]-[235]. The movements and
interactions between herds of dromedaries are not well documented. In order to explore the
effect population structure has on dynamics, [ developed a rudimentary structured population
model where sub-populations or patches are arranged over a grid (Figure 4.3). Individuals are
most likely to be in contact with other individuals in the same patch, less likely to meet

individuals in neighbouring patches, and do not meet individuals in distant patches.

A representation of the structured population model is shown in Figure 4.3. Patches experience
different degrees of connection depending on whether they are in a corner, on edge or within
the middle of the grid. In reality, herds will also have varying levels of connection to other herds
or larger sub-populations. Until better data on population structure allows a more accurate
representation of networks and movements of dromedaries within a region, the grid serves as a

naive representation of this reality.
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Figure 4.3. A structured population. A grid of 5x5 patches is used to represent herds or larger
sub-populations connected to their nearest neighbours. Individuals in herds in the corners such as
in herd 1 (in dark blue) have contact with individuals in 2 neighbouring herds (light blue).
Individuals in herds on grid edges such as herd 10 (dark pink) have contact with individuals in 3
neighbouring herds (light pink), and individuals in internal herds such as herd 17 (dark purple)
have contact with individuals in 4 neighbouring herds (light purple).
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The connections between neighbouring patches are modelled as external contributions to the
Fol experienced by susceptible individuals in each patch. For example, if for simplicity we
ignore reinfections and assume a single infectious state I, then the Fol, 1/, experienced by a

completely susceptible individual in herd i in Figure 4.3 is as follows:

For herd 1 - a corner connected to two neighbouring patches:

BI*  BI®
(F-I- F 4,18

M=(1-2

For herd 10 - on an edge with three neighbouring patches:

'3 10 BIS Blg 3115
0 _—
M0 =(1-3v)—= N0 U\t et T 4.19
For herd 17 - within the middle of the grid with four neighbouring patches:
- " 4 ,8112 ,8116 ,8118 ,8122 420
=(0- " N12 N16 18 N 22 :

Where f is the effective contact rate, I is the number of infectious individuals in herd i, N is the
total number of individuals in herd i, and v represents the strength of connection between
neighbouring herds. If v = 0.01, this means that 1% of a dromedary’s contacts are from each of
their neighbouring herds and the remainder of their contacts are within their own herd. So, for
example a total of 2% of the contacts of a dromedary in herd 1 are with dromedaries from

neighbouring herds and 98% are with other dromedaries within herd 1.

Periodicity

To determine the average time between peaks in infections, the autocorrelation between each
simulated time series of infections and lagged versions of itself was measured, using Pearson’s
correlation test, implemented through the acf function in the R “stats” package [215]. The lag
that maximised the autocorrelation coefficient (ACF) was used as the estimate of the periodicity
(excluding the very short lags <100 days and any ACF deemed to be below the significance level

according to 95% confidence intervals). This analysis was conducted in the context of strongly
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seasonal and moderately seasonal births for four different Ry values representing the span of
transmissibility inferred from the 23 studies of age-stratified seroprevalence. Three different
immune scenarios were included where past infection reduces the infectiousness of reinfections

to either 1%, 25% or 50% of the infectiousness of a first-time infection.

Results

Estimating Ro for MERS-CoV in dromedary populations

The dynamic model was used to estimate the reproduction number Ry associated with each of
the study specific Fol estimates inferred using model 4b in Chapter 3. Much like the Fol, the
highest Ry estimates were generally found in the Middle East, with lower R, values for
dromedary populations in Africa and South Asia (Table 4.2). The R, estimates depended on
model assumptions about the nature of immunity - in particular, the relative infectiousness of
reinfected individuals. When relative infectiousness was assumed to be 1% in reinfected
animals, central estimates of R ranged from 5.3-25.8 in the Middle East, 2.3-21.9 in Africa (2.3-
8.7 when the single study in Ethiopia is excluded) and 1.9-4.3 in South Asia. At the other
extreme, when infectiousness was expected to be only halved in reinfections, Ro ranged from
2.3-5.0 in the Middle East, 1.6-4.5 in Africa and 1.4-2.1 in South Asia. R estimates for studies
with very high Fol estimates were most sensitive to assumptions about immunity as, in these
populations, a higher proportion of infections at endemic equilibrium are reinfections and are

therefore affected by reduced susceptibility and infectiousness parameters.
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Table 4.2 Ry estimates for each study population

Fol (annual) Ro
relative infectiousness of reinfections

Study 1% 25% 50%
Egypt [63] 0.44 (0.34,0.57) 3.8(3.2,4.6) 2.6 (2.4,2.9) 2.0 (1.9,2.2)
Egypt [72] 0.49 (0.37, 0.65) 4.2 (3.4,5.0) 2.8(2.5,3.1) 2.1(1.9,2.3)
Ethiopia [99] 4.08 (1.44,9.13) 21.9(9.1,44.9) 7.6 (4.4,12.7) 4.5(2.9,7.3)
Kenya [133] 0.24 (0.14, 0.37) 2.6 (2.0,3.4) 2.0 (1.7,2.5) 1.7 (1.5,1.9)
,§ Kenya [88] 1.36 (0.91,2.17) 8.7 (6.4,12.8) 4.3(3.6,5.4) 2.8(2.5,34)
Lé:s: Kenya [67] 0.36 (0.26, 0.49) 3.4 (2.7,4.1) 2.4 (2.1,2.8) 1.9 (1.7,2.1)
Senegal [63] 0.32 (0.17,0.56) 3.1(2.2,4.5) 2.3(1.8,2.9) 1.8(1.5,2.2)
Tunisia [63] 0.95 (0.56, 1.64) 6.6 (4.5,10.1) 3.7(29,4.7) 2.5(2.2,3.0)
Tunisia [99] 0.19 (0.11, 0.31) 2.3(1.7,3.1) 1.9 (1.5,2.3) 1.6 (1.4,1.8)
Uganda [63] 0.35 (0.22, 0.55) 3.3(2.5,4.5) 2.4 (2.0,2.9) 19 (1.7,2.1)
Iraq [63] 0.84 (0.10, 4.63) 6.0 (1.7,24.4) 3.5(1.5,8.2) 2.4 (1.3,4.8)
Iraq [183] 2.17 (0.76, 6.20) 12.8 (5.6,31.6) 5.4 (3.3,9.8) 3.4 (2.3,5.7)
Jordan [63] 1.11 (0.61, 2.00) 7.4 (4.8,11.8) 3.9(3.0,5.2) 2.6 (2.2,3.2)
§ Jordan [124] 4.18 (1.12,9.29) 22.3(7.5,45.6) 7.7 (4.0,12.9) 45 (2.7,7.4)
f KSA [63] 0.71(0.33,1.58) 5.3(3.2,9.8) 3.2(2.4,4.6) 2.3(1.9,3.0)
g KSA 2013 [73] 1.24 (0.64, 2.28) 8.1(4.9,13.4) 4.1 (3.1,5.5) 2.7(2.2,34)
= KSA 1992 [73] 2.09 (0.93,4.70) 12.4 (6.5, 24.7) 5.3(3.6,8.2) 3.3(2.5,4.8)
KSA [192] 3.57 (1.13,8.84) 19.5(7.5,43.6) 7.0 (4.0,12.5) 4.2 (2.7,7.1)
KSA [193] 3.19 (1.59, 6.56) 17.7 (9.9, 33.2) 6.6 (4.7,10.2) 4.0 (3.0,5.9)
UAE [116] 4.94 (2.43,8.95) 25.8(14.2,44.1) 8.5 (5.7,12.6) 5.0(3.5,7.2)
S Bangladesh [125] 0.13 (0.04, 0.34) 1.9 (1.3,3.2) 1.6 (1.2,2.4) 1.4 (1.1,1.9)
2 g Pakistan [102] 0.14 (0.10, 0.20) 2.0 (1.7,2.3) 1.7 (1.5, 1.9) 1.5(14, 1.6)
@ Pakistan [69] 0.52(0.38,0.71) 4.3 (3.5,5.3) 2.8(2.5,3.3) 2.1(1.9,2.3)

Varying the duration of complete immunity following infection from 30-90 days did not have a
considerable effect on Ry estimates. A full table of results across all scenarios is available in
Appendix Chapter 4, A4.1, Table A4.1 (separate .xIsx file). Increasing the relative
susceptibility of recovered individuals following the waning of complete immunity from 75% to
100% also had little effect on the Ry estimates (Table A4.1). Decreasing the relative
susceptibility to 25% led to an increase in Ro when relative infectiousness of reinfections was
>1% as the susceptible pool was more depleted. However, the reinfection seen in seropositive
calves in the ChAdOx1 MERS vaccine study suggests relative susceptibility of previously infected
individuals is greater than 25% [6]. The estimates shown in Table 4.2 assume that individuals
experience a mean of 90 days of complete immunity before having a relative susceptibility of

75% to further infection. Increasing the duration of mAbs from 3 months (presented in Table
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4.2) to 6 months led to a small increase in the estimates of Ry across the studies, with the size of
the increase roughly proportional to the size of the estimate (Table A4.1). For example,
comparing the Ro estimates when relative infectiousness was 1%, the central estimate for the
population in Egypt sampled by Kandeil et al. (2019), increased from 3.8 to 4.1 when duration
of mAbs was increased to 6 months, and the central estimate for Kenya (dataset: Munyua et al.,
2017) went from 8.7 to 9.4. Larger increases were seen for higher Ro estimates for example the

estimate for KSA (dataset: Harrath et al., 2018) went from 19.5 to 21.1.

The effective reproduction number R. was also estimated for endemic equilibrium in each
population. At endemic equilibrium, the mean R. is approximately one - as would be expected. A
table of mean R. values are available in Appendix Chapter 4, A4.2, Table A4.2. Over time, Re
oscillates around one, with the amplitude of oscillations increasing with transmission intensity
and decreasing with relative infectiousness of reinfections. When relative infectiousness of
reinfections is low, births are the only source of highly infectious (first-time infected) animals so
larger annual oscillations are seen. Figure 4.4 provides an illustration of how R. varies over
time for different levels of relative infectiousness of reinfections and for different transmission
settings using the following examples - low (Pakistan), moderate (Tunisia), high (Iraq) and very

high R values (Jordan).

When relative infectiousness of reinfections is only 1%, Re oscillates between approximately
0.5-1.6 when calibrated to the high transmissibility estimated for populations sampled in
Jordan, compared to 0.98-1.01 when calibrated to the low transmissibility estimated for
populations sampled in Pakistan. The phase relationship of R. with the calving season also
changes with transmissibility. Re lags the height of the calving season by a longer time period
when transmissibility is lower as it takes longer for the wave of new, susceptible individuals to
start to become infected and increases the proportion of infectious individuals that are highly

infectious first-time infections (Figure 4.4).

113



1%

1.5
/
e B
0.5
0.0
25%
study
1.5 __ Pakistan,
Sagib et al., 2017)
O 1.0 A it e o e A e A — lunisia,
o (Kandeil et al., 2019)
0.5 _ lraq,
’ (Thwiny et al., 2018)
Jordan,
0.0 (Van Doremalen et al., 2017)
50%
1.5
1.0 =B——m——— e
0.5
0.0

0 1 2 3 4 5
time (years)

Figure 4.4. R. oscillates over time with an annual periodicity. The amplitude of oscillation
increases as relative infectiousness of reinfections increases from 1% to 50% (panels from top to
bottom). Light blue shading shows the modelled calving season.

Persistence and Critical Community Size (CCS)

To estimate the CCS, [ assessed the persistence of transmission in closed populations of
different sizes 25 years after background Fol was switched off. The persistence analysis was
repeated for four Ro values, spanning the Ro estimates corresponding to the 23 studies of age-
stratified seroprevalence. This was done for two different strengths of seasonality of births and
for each of the three different infectiousness scenarios (with reinfected individuals either 1%,
25% or 50% as infectious as first-time infected animals). The assumed infectiousness of
reinfection alters the Ry estimate corresponding to each inferred Fol. With this in mind, the low,

moderate, high, and very high Ry values are scenario specific to ensure they represent those
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estimated for the study populations in each scenario. More details on the choice of

representative Ry values are available in Appendix Chapter A4, A4.3.

Estimates of the CCS for MERS-CoV in dromedaries

When Ry is relatively low, representing the transmissibility inferred for populations in South
Asia and much of Africa, the CCS for MERS-CoV in dromedaries ranges from 10,000-75,000,
depending on assumptions about immunity and population structure (Table 4.3, Figure 4.5).
When Ry is moderate, representing transmissibility inferred for multiple studies in the Middle
East and two of the four studies in Kenya, the CCS is estimated to be in the range of 2,500-
50,000. For high and very high R, values, representing the remainder of studies in the Middle
East and the study in Ethiopia, the CCS is estimated to be 1,000-50,000, and 500-50,000

respectively.

Table 4.3. The Critical Community Size (CCS) in different transmission settings, under different
assumptions regarding infectiousness of reinfections, strength of seasonal forcing of births, and
population structure. The interval represents the modelled population sizes between which
transmission first persists >50% of the time.

Full strength seasonality of births Moderate strength seasonality of births
(6=1) (5 =0.5)

Infectiousness of CCS homogeneous CCS structured CCS homogeneous CCS structured
reinfections population population population population

50,000-75,000

50,000-75,000

3.50

25,000-50,000

25,000-50,000

25,000-50,000

7.00 10,000-25,000 25,000-50,000 10,000-25,000

14.00 50,000-75,000 25,000-50,000 10,000-25,000 10,000-25,000
21.00 10,000-25,000 25,000-50,000 5,000-7,500 10,000-25,000
2.50 10,000-25,000 25,000-50,000 10,000-25,000 25,000-50,000
4.00 2,500-5,000 7,500-10,000 2,500-5,000 7,500-10,000
5.50 1,000-2,500 2,500-5,000 1,000-2,500 2,500-5,000
7.50 750-1,000 2,500-5,000 750-1,000 2,500-5,000
1.75 10,000-25,000 25,000-50,000 10,000-25,000 25,000-50,000
2.50 2,500-5,000 7,500-10,000 2,500-5,000 7,500-10,000
3.50 1,000-2,500 2,500-5,000 1,000-2,500 2,500-5,000
450 500-750 1,000-2,500 500-750 1,000-2,500
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Figure 4.5 Persistence of transmission in populations of different sizes. Persistence as the
percentage of stochastic model runs where transmission is sustained for 25 years after background
Fol is switched off, plotted against population size. Results for the homogeneous population are
shown as solid lines. Results for the structured population with connectivity of 0.01 are dashed
lines. Results are shown for weakened seasonal forcing of births (5= 0.5 left panels) and full-
strength seasonal forcing of births (6= 1.0 right panels). Three different assumptions regarding
the relative infectiousness of reinfections are displayed (from top to bottom).

The effect of the transmission setting on the CCS

Across almost all scenarios, the CCS is smaller when Ry is greater (Table 4.3, Figure 4.5). The
exception is the scenario in which seasonal forcing of births is at full strength, infectiousness of
areinfected individual is only 1% of the infectiousness of a first-time infection and the
population is modelled as homogeneous. In this case, high transmissibility results in a larger
CCS (between 50,000-75,000) than low or medium transmissibility (between 25,000-50,000

and 10,000-25,000, respectively). As with other scenarios, the CCS is still smallest when Ry is
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very high (Table 4.3, Figure 4.5). This likely represents a complex interaction between

seasonality, transmissibility, and accumulation of susceptible individuals.

The effect of the relative infectiousness of reinfections on the CCS

As the relative infectiousness of reinfections increases, the CCS decreases. For example, when
births are highly seasonal and Ry is very high, the CCS decreases from 10,000-25,000 when
relative infectiousness is assumed to be 1%, to only 500-750 when relative infectiousness is
assumed to be 50%. This is to be expected as first-time infections are less important for

sustaining transmission as infectiousness of reinfections increases.

The effect of the strength of seasonal forcing of births on the CCS

The strength of seasonality of births does not affect the CCS estimates, except in one scenario -
when the relative infectiousness of reinfections is low, and transmissibility is high. In this case,
when seasonality of births is weaker (meaning births are less concentrated around one point of
the year), transmission can be sustained in smaller populations. This exception is seen both
when the population is assumed to be homogeneous and when structured into connected

subpopulations.

The effect of population structure on the CCS

In general, the estimated CCS is larger when the population is assumed to be structured than
when it is assumed to be homogeneous. The increase in CCS with population structure is
summarised in Figure 4.6 and Table 4.3, and the persistence is presented in greater detail in
Appendix Chapter 4, A4.4, Figure A4.4. The stronger the connection between the
subpopulations, the smaller the CCS gets as it approaches the estimate for the homogeneous
population. Again, there is an exception when births are strongly seasonal, relative
infectiousness of reinfections is low at 1% and transmissibility is high (Figure 4.6, left panel). In
this scenario, transmission can persist in smaller populations if they are structured with

moderate connectivity, with larger homogeneous populations needed to see the same level of
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persistence. The increased persistence in structured populations with moderate connectivity in
this scenario is likely to be because of the so-called “rescue effect”, whereby, when the epidemic
fades out in a local sub-population, infection may be reseeded from neighbouring sub-
populations with asynchronous epidemics, and take off again locally once enough time has

passed for susceptible individuals to re-accumulate [236].
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Figure 4.6 The Critical Community Size (CCS) in populations with differing levels of
structure (colours), in different transmission settings (x axis). Homogeneous population is
assumed to be perfectly mixed whilst structured populations split the same number of animals into
sub-populations connected to their nearest neighbours with a strength of 0.001-0.1.

When the strength of connection between sub-populations is very weak the rescue effect is not
seen in any scenario. This suggests a trade-off where separation into partially connected sub-
populations can allow for re-seeding but very weak connections can increase the chance of fade-
out at the population level as reseeding from neighbouring patches becomes very unlikely.
When connectivity between neighbouring herds or sub-populations is 0.1, the estimated CCS is
almost always the same as when homogeneous mixing is assumed (compare dark blue and

purple CCS measures in Figure 4.6).
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Sensitivity to the cut-off used to define persistence

During this analysis, I noticed signs that the rate of epidemic fade-out was higher within the first
few years after the background Fol was switched off compared to in the years that followed. To
ensure that the CCS estimates were robust to my chosen measure of persistence, I compared
CCS estimates using different temporal cut-offs for persistence. When the CCS was calculated
based on transmission persisting five years after the background Fol was switched off, the CCS
estimates were smaller than when a 15-year threshold was used in most scenarios. In contrast,
there was commonly none or very little difference in the CCS calculated at 15 years versus at 25
years after external Fol was switched off. This suggests a lower rate of fade-outs over time (CCS
estimates using different thresholds are plotted in Figure A.4.5 in Appendix Chapter 4, A4.5,
for interest). Dynamics around the establishment of transmission, rather than around
sustaining transmission, may be inflating the initial rate of fade-outs. To ascertain how much
establishment dynamics in the first 5 years following external Fol switch-off contribute to CCS
estimates, an alternative measure of CCS was calculated based on persistence for 25 years given
that transmission was established. Establishment was defined as persisting for 5 years after the
external Fol was switched off. The CCS estimates were robust to this change in calculation so,
for the results presented in this Chapter, persistence was simply defined as sustained

transmission for 25 consecutive years in a closed population.

Endemic periodicity

When births are seasonal, the number of infections over time has an annual periodicity in large
populations, with peaks of a similar size occurring each year (Figure 4.7.A4). In small
populations, or when transmissibility is low, biennial, triennial, and quadrennial periodicities -
with a larger annual peak in infections occurring every 2, 3, or 4 years respectively - are
observed in a proportion of stochastic iterations. Examples of the autocorrelation coefficients
for time series with supra-annual periodicities, and examples of the time series themselves are

shown in Figure 4.7.B. No seasonality in infections is observed when the birth rate is constant.
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Figure 4.7. The periodicity of endemic transmission. A. Examples of time series under three sets
of conditions in which infections peak annually when births are strongly seasonal (dark purple)
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and moderately seasonal (lighter purple). A large population size was modelled for clarity. The
peak of the calving season is shown by blue shading. B. Example of the ACF for different lags of
time series with biennial (blue), triennial (green) and quadrennial (yellow) periodicity in panel
one. Examples of stochastic time series with biennial, triennial and quadrennial periodicity, with a
single time series of each type highlighted in the remaining three panels. C. The proportion of
stochastic simulations of persistent transmission in which periodicity was annual (purple), biennial
(blue), triennial (green), quadrennial (yellow) and other (grey) for increasing population sizes
along the x-axis. Each panel shows the results for a particular transmission intensity (columns)
and for different assumed level of infectiousness of reinfected animals relative to first-time
infections (rows).

The relationship between peak in infections and peak in calving

The phase relationship between the annual peak of infections and the height of the calving
season varies with transmission intensity and with relative infectiousness of reinfections. For
example, considered in the context of the year (where calving season occurs between October
and March) in a high transmission setting, infections peak between April and May if relative
infectiousness of reinfections is 1% and between June and July if relative infectiousness is 50%.
In a low transmission setting, infections do not peak until just before the next calving season

begins. (Figure 4.7A).

The effect of transmissibility and the relative infectiousness of reinfections on the periodicity

Figure 4.7C shows how transmission intensity (panel columns) and relative infectiousness of
reinfections (panel rows) affects the periodicity measured for 100 stochastic iterations for each
population size when births are seasonal (6 = 1). Annual periodicity (purple) dominates in most
scenarios. This is also the case when 6 = 0.5 meaning seasonality of births is not as strong
(Appendix Chapter 4, A4.6, Figure A4.6). Generally, as transmissibility increases from low to
high, the proportion of stochastic iterations with annual periodicity increases, with very few
supra-annual periodicities measured in high transmission settings, even in relatively small
populations. Once transmission is very high there is a reversal in this trend, with supra-annual
periodicities measured a slightly more often. Similarly, as relative infectiousness of reinfection

increases from 1% to 25% transmission with an annual periodicity make up a higher proportion
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of stochastic iterations, including in smaller population sizes. However, the CCS is larger when
infectiousness is 1% meaning the periodicity of endemic transmission in smaller populations

cannot be assessed. When the relative infectiousness is increased again from 25% to 50%, we
see a smaller proportion of time series experiencing annual epidemics and a larger proportion

with unstable or absent seasonality (Figure 4.7.C).

When the population is small, and either the transmissibility or relative infectiousness of
reinfections is low, there is sometimes no clear periodicity to the timeseries (coloured grey and
labelled “other” in Figure 4.7.C). In these cases, the lag that gives the maximum ACF is either
very variable with no similar periods across stochastic iterations, or is the shortest lag assessed
(the time series tends towards the maximum correlation seen with its unlagged self), or the ACF

is below the level of significance.

Discussion

Models of MERS-CoV transmission have previously focused on human-to-human transmission.
However, as recurring dromedary-to-human transmission drives human cases there was a
growing need for a model of transmission in the zoonotic reservoir. The dynamic model
presented in this chapter brings together what is currently known about MERS-CoV
transmission in the zoonotic reservoir, including: transmissibility estimates inferred from age-
stratified seroprevalence data; viral shedding data from vaccine field trials; and dromedary
demographic data from the wider literature. The resultant mathematical representation of
MERS-CoV transmission in the dromedary populations permitted the estimation of R, the CCS,

and the exploration of calving seasonality as a potential driver of seasonal infection.

The basic reproduction number, Ro
This chapter provides the first estimates of Ro for MERS-CoV in dromedary populations outside

of KSA. Estimates varied by population but overall suggest that — unlike in human populations
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where on average Ro <1 - MERS-CoV is very efficiently transmitted between dromedaries. This
finding was to be expected given the young age of first infection observed [131], [197] and the
high levels of MERS-CoV seroprevalence in adult dromedaries [70]-[74]. Much like the Fol, Ro
estimates tended to be highest for populations sampled in the Middle East but were still

relatively high outside of the region.

The Ry estimates were very sensitive to model assumptions pertaining to relative infectiousness
of reinfections, ranging from 2-5 across studies when relative infectiousness was 50% based on
infectiousness proportional to the log of the viral load and 2-26 when relative infectiousness
was only 1% based on a linear relationship between viral RNA shedding and infectiousness.
Such differences in Ro have large implications for the CCS and control of transmission in
dromedary populations. Visual comparison of titres for infectious virus and viral RNA shed by
four dromedaries following vaccination [8] suggest the changes in infectiousness are more
closely related to the change in viral load than the logarithm of the change in viral load. Taken
together with the results in this chapter, this would suggest that Ry can be very high in some
settings, but more data describing the relative infectiousness of reinfections compared to first-
time infections will be important to narrow down the estimates Ry reliably. An R above 20 is
likely implausible, although other livestock diseases are known to have very high
transmissibility in intensive farming settings with high population density [237], [238]. Such
high Ry estimates could also be a consequence of Fol overestimation in Chapter 3 - for example
due to maximum seroprevalence being reached in young age groups, or as a result of study
populations experiencing an epidemic rather than transmission being at endemic equilibrium.
The existing published estimate of Ry for MERS-CoV (based on weekly reported human MERS
cases and a fixed rate of zoonotic spillover) is around 4 for dromedaries in KSA which is
comparable to the estimates for KSA in this chapter in scenarios when relative infectiousness of

reinfection is =25%, and lower than estimates when relative infectiousness is 1%.
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CCS

Much like Ry, the estimated CCS for MERS-CoV was highly sensitive to the relative infectiousness
of reinfections. In high transmission settings, if relative infectiousness of reinfections was 225%,
the CCS (which was reached at some point between 500-2,500 for homogeneous and 1,000-
5,000 for structured populations) was comparable to the size of large, commercial herds in KSA
and UAE [114]. However, if infectiousness is proportional to viral load, relative infectiousness of
reinfections is likely to be lower than 25% and, in these scenarios, the CCS was between 25,000
and 75,000. Although this is quite high, it is comparable to only 1% of the FAO estimated
dromedary population of Kenya in 2020 and 10% of that estimated for KSA [93], [112]. When
sub-national dromedary population sizes are considered, it is realistic that this population
threshold is exceeded in many locations. For example, county-level dromedary populations in
Kenya reach 800,000 in traditional camel keeping regions and are likely to be highly connected
through markets and shared grazing lands [112]. These CCS estimates suggest that MERS-CoV
could not persist in individual herds in most settings, where herd sizes tend to be well under
1,000 animals [98], [113], [114]. This underscores the importance of connections between
herds - through trade, travel, and shared grazing land - to sustained circulation of the virus.

Vaccination prior to trade could offer an opportunity to reduce transmission between herds.

The decrease in the CCS in settings with increased transmissibility and increased connectivity is
to be expected as MERS-CoV is not an immunising disease in dromedaries, meaning higher
transmissibility and higher connectivity within the population make transmission less likely to
go extinct following a peak in infections. When relative infectiousness of reinfected individuals
was assumed to be low, this trend was reversed with an increase in the CCS as transmission
increased from moderate to high, and as the population become more connected. This reversal
is likely to be because more susceptible individuals are needed to sustain transmission at a high
intensity in this scenario, as first-time infections are the main source of onward transmission,
making fadeout more likely when transmission is high, and when there is no metapopulation

rescue effect. The dependence of CCS on Ry, taken together with the difference in Ry estimates
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across populations, suggests that MERS-CoV will be harder to control in dromedary populations
in some areas than others. In settings in the Middle East where MERS-CoV is estimated to have a
high Ry, the virus may be able to persist in a population 2-20 times smaller (depending on the
relative infectiousness of reinfections) than in a setting with a low Ry, such as those sampled in
South Asia. The relatively small CCS estimates for high transmission scenarios suggest that a

high vaccination coverage would be needed to control transmission in some settings.

Endemic periodicity

The results of the simulations suggest that seasonality of births can be expected to drive annual,
seasonal peaks in infection in large populations when transmission intensity is comparable to
the high Ry estimates for MERS-CoV in populations in parts of the Middle East, and Ethiopia.
Whilst infections tended to peak outside of the calving season, the lag between the simulated
peak in births and annual peak in infection depended on Ro. This suggests that even if calving
drives annual peaks in infection, we might not expect the peak to occur at the same time of year

across disparate transmission settings.

When closed population sizes were relatively small (<10,000), biennial, triennial, and
quadrennial patterns of infection often developed. This was more common when
transmissibility was low (comparable to Ry values estimated in populations in South Asia, as
well as some parts of Africa). The difference between the size of the peaks in sequential years is
not as large as, for example, in measles where biennial transmission is very intense. The
dominance of annual periodicity at large population sizes suggests that, in a deterministic
model, the periodicity would be annual and that deviation from this is a product of stochastic

intermittency at smaller population sizes and lower transmissibility contexts.

If MERS-CoV infections peak annually in some settings as these simulations suggest, there may
be seasons in which risk of zoonotic transmission is elevated. Better understanding of when
peaks occur would provide opportunities to mitigate risk and avert human cases. One limitation

of this analyses is that calving was the only factor included in the dynamic model which could
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drive seasonality. In reality, however, other factors that were not considered such as annual
migrations and seasonal events that affect dromedary mixing could also affect the transmission
dynamics of MERS-CoV in the zoonotic reservoir. Ultimately, it is necessary to undertake long-
term surveillance of dromedary populations over several years to better ascertain the
seasonality of MERS-CoV in dromedaries, and how risk of zoonotic transmission can be further

mitigated.

Limitations

The process of model development highlighted remaining gaps in knowledge around the nature
of immunity which necessitated simulation of several alternative scenarios for: a) the duration
of complete immunity; b) the relative susceptibility of previously infected animals; and c) the
relative infectiousness of reinfected animals. As has been discussed, transmission dynamics
were most sensitive to the relative infectiousness of reinfections, highlighting this as a priority
area to address in order to improve the picture we have of MERS-CoV transmission in
dromedaries. Developing a better understanding of the infectiousness of reinfections will be an
important part of improving the accuracy of this current model of MERS-CoV transmission in

dromedaries before the potential impact of vaccinations can be assessed with confidence.

Transmissibility estimates in Chapter 3 have revealed the likely heterogeneity in MERS-CoV
dynamics in different dromedary populations. The dynamic model was run for different
transmission intensities - from those reflective of estimates for high transmission settings (such
as populations in the Middle East and Ethiopia) to those representative of lower transmission
settings (such as sampled populations in Pakistan and Bangladesh). A weakness of the model in
its current state, however, is that the parameters describing mortality rates and birth rates are
mostly based on generalised populations in KSA. To tailor the model more explicitly to different
farm types or other regions, dromedary demographical parameters should reflect population

turnover in the particular setting of interest.
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The effect of population structure on the CCS estimates emphasises that more data on location-
specific dromedary population size, structure and movement would also be needed if this model
were to be relied upon for accurate prediction of intervention impact in a particular setting. The
way structure was modelled here as a simple grid is a rudimentary representation of the true
dromedary population structure. A grid was chosen, over other commonly used meta-
population structures such as the torus, due to the grid’s edges and corners that could be used
to represent the likely reality that some sub-populations are connected to fewer neighbouring
sub-populations than others. Choosing a different structure to represent the population, such as
a donut shaped torus structure with no edges, or a random network, could potentially change
transmission persistence dynamics across the population as a whole. Varying transmissibility
and population size across patches within the meta-population model could also affect
persistence and CCS estimates. It will be very important to collect better data on dromedary
population structure and movement and consider representing this more accurately whilst

assessing the impact of vaccination or other interventions in particular populations.

Conclusion

The dynamic model presented in this chapter is, to the best of my knowledge, the first available
stochastic model of MERS-CoV transmission in dromedaries. It is also the first to use parameters
inferred from dromedary seroprevalence data, rather than weekly human cases, to provide an
up-to-date representation of MERS-CoV transmission in the zoonotic reservoir as we currently
understand it. Model estimates of Ry suggest that MERS-CoV is transmitted efficiently between
dromedaries in parts of Africa, and South Asia but estimates were especially high in populations
sampled in the Middle East. Taken together with the CCS estimates, this suggests that in the
Arabian Peninsula and potentially parts of East Africa, MERS-CoV may persist in a population 2-
20 times smaller than in lower transmission settings, meaning high vaccine coverage and
efficacy is likely to be needed to interrupt transmission in some regions. The CCS is unlikely to

be comparable to individual herd sizes unless reinfections are >25% as infectious as first-time
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infections in which case very large commercial herds found in the Arabian Peninsula could
potentially see sustained transmission. This highlights the importance of connections between
herds, such as markets, as a target for interrupting transmission. Finally, Seasonal calving was
sufficient to drive annual peaks in infection in moderate population sizes, suggesting there is
potential for seasonal elevations in risk of zoonotic transmission of MERS-CoV, and the need for

multi-year longitudinal studies.

Simulated dynamics were very sensitive to the assumed relative infectiousness of reinfected
animals, indicating that better quantification of this should be a priority for improving model
accuracy. Population structure also had a large effect on persistence of transmission,
highlighting the need to collect data describing dromedary networks and incorporate this into

future evaluations of the potential impact of interventions.
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Chapter 5:

Evaluating the potential impact of
dromedary vaccination
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Introduction

Dromedary vaccination as potential tool to avert human MERS cases

The continued development of sporadic clusters of MERS in humans is driven by recurring
zoonotic transmission from the dromedary camel population [2]. The role dromedaries play in
driving ongoing human disease, coupled with the lack of effective therapeutics for people, has
led to interest in dromedary vaccination as part of a package of interventions to avert human
infection and MERS associated deaths [5]. One unique benefit of dromedary vaccination when
compared with interventions that aim to reduce human-to-human transmission is that
dromedary vaccination would tackle transmission at the source. Reducing the risk of zoonotic
transmission to humans through dromedary vaccination would therefore complement the

current mainstay of MERS-CoV control - infection control in nosocomial environments.

Two vaccine candidates have been shown to significantly reduce viral shedding compared to
placebos when tested in dromedaries - an MVA (Modified Vaccinia Ankara) based vaccine [8]
and the adenovirus vectored ChAdOx1 MERS vaccine [6]. With at least two promising
candidates in the pipeline, it is becoming increasingly vital to model the likely impact of
vaccinating dromedaries and to compare the expected reduction in transmission across
different implementation strategies — for example, strategies targeting different age groups.
Assessments of the expected epidemiological impact of different dromedary vaccination
strategies will be important to present and compare with other intervention packages when
consulting camel owners, government organisations and other stakeholders prior to potential

vaccine implementation.

Modelling vaccination
The simulation of vaccination within transmission models has been widely used to inform
vaccination programs against infectious diseases including measles, influenza, dengue, Ebola,

and COVID-19 [10], [12]-[14], [155]. Previously, there has been a lack of appropriate dynamics
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models of MERS-CoV in dromedaries within which to simulate vaccination. Together with viral
load data from MERS-CoV dromedary vaccination studies and dromedary demographic data
from the wider literature on camel husbandry, estimates of transmissibility inferred from data
describing age-stratified MERS-CoV seroprevalence in dromedaries in Chapter 3 enabled the
development of the stochastic, age structured, dynamic model of transmission in dromedaries
described previously in Chapter 4. In this chapter, the dynamic transmission model is extended

to simulate animal vaccination.

Relevant knowledge gaps

The dynamic model reflects current knowledge of the transmission of MERS-CoV in
dromedaries, including the transmissibility estimates from Chapter 3. However, key
uncertainties about immunity do remain. In particular, the relative infectiousness of
reinfections is parameterised using viral RNA shedding data collected for naive and previously
infected animals in the control group of the ChAdOx1 MERS efficacy trial and could be between
1% and 50%, depending on whether infectiousness is proportional to viral RNA shedding or the
log of the viral RNA shedding. The simulated transmission dynamics are sensitive to this
uncertainty around the relative infectiousness of reinfected animals which necessitates
modelling both extremes - where infectiousness is proportional to viral shedding or the log of

viral shedding - to assess the potential impact of vaccination.

There are also two main uncertainties relating to the epidemiological characteristics of the
MERS-CoV vaccine candidates. Firstly, there is uncertainty around the vaccines’ effects on
susceptibility to infection. In the MVA study, all four vaccinated animals became infected but the
challenge dose - administered directly into the nasal cavity - may be high compared to natural
infection. The ChAdOx1 MERS study - which administered the challenge by adding one,
naturally-occurring infectious animal per two vaccinated or control animals in the pen - also
saw all previously seronegative vaccinated animals become infected. However, one of the five

vaccinated and previously seropositive, dromedaries did not become infected at all, despite very
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high levels of infection in the pen. This suggests that whilst vaccine is not likely to be protective
against infection in naive animals in high transmission environments, there may be some level
of vaccine-induced reduction in susceptibility for previously infected animals. It is not possible
to ascertain whether the vaccine would offer any reduction in susceptibility to infection in an

environment with a lower transmission intensity.

There is also uncertainty around the vaccine candidates’ efficacy in dromedaries that have
never been infected with MERS-CoV, compared to those that have previously been infected. The
MVA-based vaccine has only been tested in seronegative dromedaries (assumed to have never
been infected) and was shown to significantly reduce shedding [8]. On the other hand, the
ChAdOx1 vaccine was tested in both naive and previously infected animal and, whilst it reduced
shedding considerably in seropositive individuals, it had poor efficacy in the five seronegative
animals [6]. Authors suggested this could be because these animals were very young (all 6-12
months old) but they were a comparable age to the seronegative animals in the MVA study (all
6-8 months old). This leaves uncertainty around the efficacy of the vaccine when targeting
animals that are naive to MERS-CoV infection. Both vaccine candidates use a vector to deliver
the RNA encoding the MERS-CoV spike protein and do not display the spike protein on their

surface so are unlikely to be affected by antibodies from past infection [6], [8].

In this chapter, the extended dynamic transmission model is used to explore the potential
impact of vaccination under multiple vaccine efficacy scenarios to reflect the uncertainties
described above. The optimal target age for routine vaccination is evaluated based on the
transmission dynamics and the feasibility of using vaccination to interrupt transmission in
dromedary populations is assessed in different transmission settings, reflecting the inferred
transmissibility of MERS-CoV in populations across Africa, South Asia and the Middle East in

Chapter 3 & 4.
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Methods

Representing vaccination of dromedaries in the dynamic transmission model

The dynamic transmission model that forms the focus of Chapter 4 is extended to simulate
vaccination by duplicating the set of disease states to create a parallel set of vaccinated states
shown collapsed into a single age class in Figure 5.1. Vaccination is implemented in an age
dependent manner. Ageing is modelled as in Chapter 4, with 48 month-wide age classes where
dromedaries are shifted into the next age class every 30 days until reaching the final 49th age
class (>4 years old) where they remain until death. Vaccination occurs immediately at the point
at which dromedaries reach the age being targeted for vaccination. For example, vaccination of
80% of animals at six months is simulated as animals transition from the 6t to the 7t month-
wide age class as follows. For each unvaccinated disease state, a number of animals from the 6t
age class is sampled from a Poisson distribution with a mean of 0.8 multiplied by the number of
animals in the class. These animals then shift into the 7th age class of the vaccinated equivalent

to their disease state, with the remainder shifting into the 7th age class whilst remaining

unvaccinated.
Y
® Ay ¥ c Ay
l/p 1/p 1/p 1/p 1/p 1/p
® Ay Y c Ay

Figure 5.1. The extension of the dynamic model to incorporate vaccination. Demographic
transitions including births, deaths and ageing are not shown for simplicity. Unvaccinated
individuals transition between the original M, S3, I3, R, Sz and I, states (in blue), whilst vaccinated
individuals transition between the equivalent states denoted by v prefixes (in green). Unvaccinated
individuals are vaccinated in an age dependent manner (dotted arrows). Vaccinated individuals
transition back to unvaccinated set of states at a constant rate 1/p.
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Modelling the effects of the vaccine: three different scenarios

Due to the uncertainties surrounding aspects of the vaccine candidates’ effect on susceptibility
and potential differences in efficacy in naive versus previously infected animals, three main
scenarios are modelled: 1) the vaccine reduces both susceptibility to infection and
infectiousness for all vaccinated animals regardless of their infection history; 2) the vaccine
reduces infectiousness alone for all vaccinated animals; and 3) the vaccine reduces both
susceptibility and infectiousness but only in animals that have been previously infected. See

Figure 5.2 for a summary of the different scenarios modelled.

Vaccine reduces: Vaccine effective in:
Infectious- | Susceptibility Naive Previously
ness animals infected

animals

Infectiousness
proportional
to:

Scenario 1 Age targeted

V V V V reduces
susceptibility

& transmission

viral load

log(viral load)

Figure 5.2. A breakdown of the different vaccine efficacy scenarios modelled. Each of the
three main scenarios described in the table is run for three further sub-scenarios, assuming
different durations of vaccine induced protection. Finally, each sub-scenario is run assuming that
infectiousness is either proportional to viral load (viral RNA shedding by real time RTPCR) or the
log of viral load. This gives a total of 18 sub-scenarios which are each run for a range of target age
classes for vaccination.

Due to the scope of the efficacy studies, it is not possible to estimate the rate of waning of
vaccine-induced effects, 1/p. Instead, for each main scenario, three options are explored with
effects lasting one, three and ten years (Figure 5.2), resulting in nine sub-scenarios. Across all
sub-scenarios, the relative infectiousness of vaccinated infected animals and of vaccinated

reinfected animals compared to unvaccinated naive animals was parameterised using viral RNA
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shedding data from Alharbi et al, (2019) [6], assuming that infectiousness is either proportional
to viral RNA shedding or to the log of viral RNA shedding. The target age group was then varied
from one month old to four years old for each sub-scenario. The vaccine efficacy was not

modelled to vary with age.

Parameterising vaccine-induced reductions in infectiousness and susceptibility

In scenarios 1 and 2 vaccination was assumed to reduce the relative infectiousness of first-time
infected animals (rv) by the same amount as natural infection reduces the infectiousness of
reinfected individuals (down to 1% when infectiousness is assumed proportional to viral RNA
shedding and 50% when proportional to the log of viral RNA shedding). The relative
infectiousness of reinfected vaccinated individuals (rir,) was fixed as 0.15% when a linear
relationship between infectiousness and viral RNA shedding was assumed, and 33% when
infectiousness was assumed to be proportional to the log of viral RNA shedding based on data
from the ChAdOx1 MERS vaccine trial [6]. See Table 5.1 for the complete set of parameters used

to model the effect of vaccination.

In scenario 1, in which the vaccine is assumed to reduce susceptibility as well as infectiousness
for all animals regardless of vaccination history, the vaccine is modelled to offer naive animals
the same reduction in susceptibility as natural infection, giving them a relative susceptibility, ¢,
of 75%. Previously infected vaccinated animals are assumed to have a susceptibility of 50% in

scenario 1 and 3 (Figure 5.1, Table 5.1).
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Table 5.1. Parameters used to model vaccination

Description Value(s) Source
rv | Relative infectiousness 1% or 50% dependent on [6]
of vaccinated animals relationship between viral

load and infectiousness (or
100% in scenario 3)

rinfv | Relative infectiousness 0.15%, or 33% dependenton  [6]
of vaccinated previously  relationship between viral
infected animals load and infectiousness

¢ | Relative susceptibility of  75% (or 100% in scenario 2)  NA. Larger reduction in susceptibility unlikely
vaccinated animals given all vaccinated previously seronegative
animals were infected in [6] and [8]

¢mf v | Relative susceptibility of  50% (or 75% in scenario 2) NA. Indication of reduced susceptibility in [6]

vaccinated previously but unable to reliably quantify in small
infected animals population
1/p | The rate of waning of 1,3, or 10 years'! NA

vaccine-induced effects

Results

Optimal target age for vaccination

The optimal target age for vaccination was assessed in a large, homogeneous population of 1
million dromedaries. When vaccines were assumed to reduce infectiousness in naive as well as
previously infected animals, vaccinating calves within their first few months of life led to the
greatest reduction in incidence of MERS-CoV infection (S1 and S2 columns in Figure 5.3). In the
absence of vaccination, most animals are first infected when they are <1 year old - as shown in
Figure 5. In targeting younger calves, vaccination precedes first infection in a greater number of
individuals and reducing their subsequent infectiousness. Since first infections are more
infectious than reinfections, early vaccination indirectly reduces incidence to a greater extent.
The only scenario where this pattern was not seen was scenario 3 in which the vaccine is not
effective in naive animals and only acts as a booster to natural immunity. In this scenario, the
reduction in incidence was more consistent across strategies targeting different age classes, but
a slightly greater reduction in incidence is seen when calves are vaccinated later in life,
beginning at 9-18 months depending on transmissibility (Figure 5.3, column S3). This just
precedes the age that the majority of reinfections start to take place (seen in purple in Figure

5.4).
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Figure 5.3 The incidence of infection following vaccination of different target age groups. Incidence is calculated as cumulative incidence of
infection per 1,000 animals in the 10 years following vaccine introduction, under different vaccine efficacy scenarios (columns) and different
assumptions about the relationship between infectiousness and viral RNA shedding (rows). Colours indicate different combinations of Roand duration of
vaccine-induced effects, p. Dotted lines show the incidence per 1000 in the absence of vaccination for each Ry value. Points show mean values over 100
stochastic runs and transparent ribbons represent 95% quantiles.
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Figure 5.4 The age distribution of first infection and reinfection in the absence of
vaccination. Annual incidence of first infections (blue) and reinfections (purple) is presented in
the first four years of life for a population of 1 million dromedaries. Distributions are shown for
four settings with increasing transmission intensity from low to very high (rows) and for two
different assumptions in which reinfections are either 1% or 50% as infectious as first infections
(columns).

The effect of vaccine-induced reduction to susceptibility on optimal target age for vaccination

Vaccinating animals at a younger age led to greater reductions in incidence, regardless of
whether the vaccine reduced both infectiousness and susceptibility of vaccinated animals
(scenario 1) or just reduced infectiousness (scenario 2). The reduction in incidence was slightly
greater across all ages targeted in scenario 1. When infectiousness is proportional to viral RNA
shedding (Figure 5.3. top row), vaccinating older age groups after first infections have occurred
has almost no effect on incidence in scenario 2, whereas a slight reduction is still achieved by

reducing the susceptibility of the older animals to reinfection in scenario 1.

Additional factors influencing the effect of target age on the reduction in incidence

The additional reduction in incidence achieved by vaccinating animals at a younger age in
scenarios 1 & 2 was particularly large when infectiousness was assumed to be proportional to

viral RNA shedding (see in in the top row of panels in Figure 5.3). This is expected as, under this
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assumption, the drop in infectiousness of reinfections and infected vaccinated individuals
compared to first-time infected naive individuals is greater than when infectiousness is
assumed to be proportional to the log of viral RNA shedding. The reduction in incidence
afforded by targeting younger animals was also larger in higher transmission settings where
first infections occur earlier, with reductions in incidence diminishing quicker as the target age
class is increased compared to in lower transmission settings. When Ro was low or moderate,
early vaccination sometimes led to stochastic fadeout, particularly when the effects of the
vaccine were long-lasting. In these cases, the difference in incidence between stochastic runs
was often large (the 2.5% and 97.5% quantiles are represented by transparent ribbons in

Figure 5.3).

In some scenarios, most notably when Ry was moderate and p was 10 years, the mean
incidence dips to its lowest when vaccination targets 3-4 month olds - as opposed to simply
increasing with age from 1 month. This appeared to be because, in these scenarios, vaccinating
1-2 month olds led to increases in incidence in adult dromedaries and is likely linked to the
protection offered by maternally acquired antibodies to calves under three months of age. When
sensitivity analysis was conducted with maternally acquired antibodies lasting an average of six
months, this dip at 3-4 months was not seen - instead, incidence increased as age targeted
increased. Other than this, the pattern in incidence reduction was very similar to when
maternally acquired antibodies were assumed to last for an average of three months, although
stochastic variation was greater, with more instances of fadeout or large drops in incidence

when the vaccine targeted very young calves (see Figure A5.1 in Appendix Chapter 5, A5.1).

A shift in the age distribution of first infections

Although vaccination reduced the total incidence of MERS-CoV infection, vaccination of calves
led to an increase in incidence in older animals in some scenarios, due to a shift in the age
distribution of infections. Since reinfections and infected vaccinated animals are modelled to be
less infectious than infected naive animals based on viral RNA shedding data, not all incident
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infections pose equal risk of zoonotic transmission. In order to better ascertain the potential
implications of the increased incidence in older age classes, the incidence of reinfections and
infections in vaccinated animals were down-weighted by their infectiousness relative to first
time infections to give the infectious-state-weighted incidence. Increases in the age specific
infectious-state-weighted incidence occurred in calves between 5-8 months old and animals
over 18 months old. Figure 5.5 shows the vaccine-induced change in infectious-state-weighted

incidence in >18-month-olds for different scenarios.
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Figure 5.5 The average change in annual infectious-state-weighted incidence in dromedaries older than 18 months per 1,000 animals in the ten
years following vaccine introduction compared to in the absence of vaccination. Red denotes increases and blue denotes decreases. Results are shown for
efficacy scenarios 1-3 (columns) and under different assumptions about the relationship between infectiousness and viral RNA shedding (rows).
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The increases in infectious-state-weighted incidence (shown in red in Figure 5.5), were seen
when vaccination targeted calves <10 months old. Increases were only seen when
infectiousness was assumed to be proportional to viral RNA shedding (that is, when vaccination
and/or previous infection leads to the greatest reduction in infectiousness) and were largely
limited to efficacy scenarios 1 and 2 in which the vaccine is effective in both naive and
previously infected animals. In scenario 3, the largest increase in mean annual infectious-state-
weighted incidence in dromedaries aged >18 months was only ~0.06 per 1,000 over the ten
years following vaccine introduction in a population of 1 million dromedaries, compared to
~10-15 per 1,000 in scenarios 1 and 2. Maximum increases were seen in cases when calves
were vaccinated in the first three months of life, when transmissibility was high and when
duration of vaccine-induced effects was relatively short. Some level of increase was seen
regardless of the duration of vaccine induced effects, p, when transmissibility was high but,
when transmissibility was moderate, increases were only seen when vaccine induced effects

were short-lived. Increases were never seen when transmissibility was low.

When vaccination targeted animals aged between 6-12 months, weighted incidence also
increased in 5-8 month olds as first infections shifted from very young calves into slightly older
calves following the vaccine-induced reduction of the Fol. However, there was still a

considerable net decrease in the weighted incidence in calves <12 months.

The feasibility of preventing sustained transmission

The metapopulation model described in Chapter 4 was used to evaluate the persistence of
transmission when dromedary calves were vaccinated at six months of age. The feasibility of
interrupting transmission was assessed under the different vaccine efficacy scenarios and in
different transmission settings. Two different total population sizes were considered: 75,000 -
roughly the size of a dromedary population in an emerging dromedary farming county in Kenya
[112]; and 500,000 - the size of the dromedary population in KSA, according to the most recent
FAO estimates [93]. Persistence was explored at the patch level and the population level.
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Transmission was said to have been interrupted at the patch level if vaccination made an
average patch more likely to be MERS-CoV free than to have experienced infections during the
10th year post introduction (that is, when on average each patch experienced infection in <50%
of stochastic runs). Interruption of transmission at the population level was defined as when
infection was more likely to have gone extinct than to be persisting in the population as a whole

at the end of the 10t year following vaccination.

When the vaccine was only effective in previously infected animals (scenario 3), vaccination
was not able to interrupt transmission under any circumstances. The coverage needed to

interrupt transmission in scenarios 1 and 2 is detailed below in Table 5.2.

Table 5.2 The vaccine coverage needed to interrupt transmission under different efficacy
scenarios and in varying transmission settings

Duration of Vaccine coverage (%) required to interrupt transmission
Scenario vaccine-induced Ro at the patch level* at the population levelt
effects, p (years) N =500,000 | N=75000 | N=500,000 | N=75000
1 low NA 40 NA 40
§S
2 moderate NA 80 NA 80
::‘é - high NA 90 NA 90
S
S E very high | NA 80 NA 80
S S
T3 |3 low 80 40 80 20
s 8
é “Qé moderate 90 70 90 70
S =
|2 -Eh .
_§ : high NA 80 NA 70
Q.= A
$3 very high | 100 60 100 60
H e [10 low 70 40 70 40
QL <
3 3 3 moderate | 80 60 80 60
2 =
S 28 high 100 80 100 80
= S s
g|Bs8s very high | 90 50 100 40
>
8 1 low NA 50 NA 50
S
§ 2 moderate NA 80 NA 80
= o]
2 = high NA 90 NA 90
= 3
3:1 E very high NA 70 NA 70
= 3 low 80 40 80 40
S q
§ g moderate 90 70 90 70
S =
g S high NA 70 NA 70
53
SRS very high | 100 60 100 60
FSE
¢S |10 low 70 40 70 40
S 3
5 3 moderate | 80 60 80 60
N
% S high 90 60 90 60
=
SIS very high | 90 60 90 50
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ES 1 low NA NA NA NA
~
= moderate NA NA NA NA
&
E high NA NA NA NA
§ very high NA NA NA NA
(%]
E‘é 3 low NA 70 NA 80
S g moderate | NA NA NA NA
e~
s 8 high NA NA NA NA
=S Q
ey
5 %i very high | NA NA NA NA
Q\i-\.
S 2% [0 low 80 60 0.8 0.6
N Q=
= é g moderate NA NA NA NA
= D
= § S high NA NA NA NA
] S
£ | 38% very high | NA NA NA NA
< S =
g 1 low NA NA NA NA
Q
s K moderate | NA NA NA NA
%] S
= = high NA NA NA NA
g 3
§ S very high | NA NA NA NA
S £
) = 3 Tow NA 90 NA 90
S
§ E moderate NA NA NA NA
<=
g8 high NA NA NA NA
=S
83 very high | NA NA NA NA
=<
¢S |10 low 100 60 100 60
g2
%)
S 3 moderate | NA NA NA NA
£
S5 high NA NA NA NA
Q
=
N very high | NA NA NA NA

*meaning an average patch experienced infection during the 10t year following vaccine introduction in <50% of
stochastic model runs

tmeaning there was no infection in the whole population by the end of the 10t year following vaccine introduction

Persistence at the population level when infectiousness was proportional to viral RNA shedding

In a population of 500,000, with no external sources of infection, vaccination could interrupt
transmission in low, moderate, and very high transmission settings as long as vaccine induced
effects lasted at least 3 years and coverage was high (between 70-100% depending on
transmissibility). To interrupt transmission when transmissibility was high, p had to be 10
years and coverage had to be 90% if the vaccine reduced both susceptibility and infectiousness,

and 100% if the vaccine only reduced infectiousness.

In a population of 75,000, vaccination of six month olds was capable of interrupting

transmission, regardless of the transmissibility and even when the vaccine-induced effects only
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last for one year. The coverage required varied from 40-90% depending on transmissibility and
the duration of vaccine induced effects. When pwas 10 years, a coverage of <40 to 60%
depending on transmissibility is needed in scenario 2, and from <40% to 80% in scenario 1.
Interrupting transmission when transmissibility was high required higher coverage than when
transmissibility was very high. This is likely to be because of a complex interaction between
transmissibility, seasonality, and the availability of susceptible individuals. In high transmission
settings, a slightly higher vaccine coverage was needed to interrupt transmission at the
population level when the vaccine reduced infectiousness and susceptibility (scenario 1),

compared to when it reduced infectiousness alone (scenario 2).

Persistence at the population level when infectiousness was proportional log (viral RNA shedding)

When infectiousness was proportional to the log of viral RNA shedding, vaccination was only
able to interrupt transmission in low transmission settings. To interrupt transmission at the
patch-level in a population of 500,000 in a low transmission setting, vaccine-induced effects
needed to last ten years and vaccine coverage had to be very high - reaching 80% when the
vaccine reduced susceptibility and 100% when the vaccine only reduced infectiousness. In a
population of 75,000, a three year duration of vaccine-induced effects was sufficient for
vaccination to interrupt transmission at the population level when coverage was 80% in
scenario 1 and 90% in scenario 2. When vaccine-induced effects lasted ten years, the coverage

required to interrupt transmission dropped to 60%.

Persistence at the patch level

Comparing the coverage required to interrupt transmission at the patch versus population level
in Table 5.2 shows that, in some cases, the coverage needed for patches to experience infection
<50% of the time in the 10t year following vaccine introduction was slightly lower than that
needed to see population level fadeout <50% of the time by the end of year ten. This suggests
that vaccination restricted transmission to a smaller number of patches in these cases. Most of

the time, however, the coverage needed to interrupt transmission at the population level was
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the same as that needed to interrupt it at the patch level, suggesting that, in this particular
structure, fadeout generally occurred across the population rather than transmission being
sustained by a few patches consistently. It is conceivable that this result is dependent on the
assumption of consistent transmissibility and population size across patches, and that if these
two variables were instead varied across the population transmission could potentially persist
more easily in some patches than others. The four incidences in Table 5.2 where the coverage
needed for infection to be experienced <50% of the time in year ten at the patch level was
greater than that needed to interrupt transmission at the population level by the end of year ten
arise due to fadeouts occurring during the tenth year. By definition, if transmission has been
interrupted at the population level at a particular time-point, it has also been interrupted at the

patch-level.

Persistence at the patch level over time since vaccine introduction

The percentage of stochastic runs in which a patch experienced infection is presented for each
year from 1-10 years after vaccine introduction in Figure 5.6 (scenario 1) and Figure 5.7
(scenario 2), under the assumption that infectiousness is proportional to viral RNA shedding.
The equivalent figures when infectiousness is assumed proportional to the log of viral RNA
shedding are not included here as vaccination only impacts persistence in low transmission

settings, but they can be found in Appendix Chapter 5, A5.2 Figures A5.2.1-2 for interest.

Generally, for both population sizes and scenarios, the average patch was less and less likely to
experience an infection the longer vaccination had been in place. When transmissibility was low
and pwas small, however, patches were least likely to experience an infection during the years
around the 5t year following vaccine introduction, with the percentage of model runs in which

an infection was experienced increasing slightly in the following years before stabilising.
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Figure 5.6 The percentage of stochastic model runs in which a patch experienced infection
in scenario 1 for each year following vaccine introduction. Results are shown in different
transmission settings (columns) and for different durations of vaccine induced effects (rows) for A.
a population of 500,000 dromedaries and B. a population of 75,000 dromedaries.
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Figure 5.7 The percentage of stochastic model runs in which a patch experienced infection
in scenario 2 for each year following vaccine introduction. Results are shown in different
transmission settings (columns) and for different durations of vaccine induced effects (rows) for A.
a population of 500,000 dromedaries and B. a population of 75,000 dromedaries.
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Stochastic variation

When the population is 500,000 it can be seen in Figures 5.6.A and 5.7.4 that patches either
experience infection in close to 100% of stochastic runs or 0% of stochastic runs once vaccine
coverage passes a threshold - the value of which depends on transmissibility and duration of
vaccine-induced effects, p. There is a relatively small coverage window in which stochastic
fluctuations occur. This is not the case for the smaller population of 75,000 in which there is a

lot more stochastic variation, over a wider window of coverage.

Perverse effects of small increases in low coverage

When the population is 75,000 and transmissibility is either low or very high, patch-level
fadeouts are sometimes less likely when vaccine coverage is 50%, compared to when coverage
is lower at 40% (Figures 5.6.B and 5.7.B). In scenario 1, this occurs when vaccine-induced
effects are short-lived. In scenario 2, the effect is seen in low transmission settings when pis 10
years and is seen in very high transmission settings regardless of p but seen most strongly when
pis 1year. This is likely to be due to an interaction between a coverage-dependent vaccine-
induced shift in age at first infection and the timing of seasonal births. Such an interaction could
affect the relative timing of the peak in infections and the availability of susceptible individuals,

making stochastic fadeout less likely despite a slightly higher coverage.

Target Product Profile for the MERS-CoV dromedary vaccine

In order to ascertain the characteristics that the MERS-CoV vaccine would need to have to
achieve considerable reductions in infection in a dromedary population the size of that of KSA,
the percentage reduction in incidence over ten years post vaccine introduction was assessed
under the different vaccine efficacy scenarios. This is presented in Figure 5.8. The reduction in

the infectious-state-weighted incidence was not notably different to the reduction in incidence.
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Figure 5.8. The percentage change in cumulative incidence over the ten years following
vaccine introduction in different transmission settings (columns) under different assumptions
about the relationship between infectiousness and viral RNA shedding (rows). The percentage
change presented is averaged across stochastic model runs.

When infectiousness was proportional to viral RNA shedding (top row, Figure 5.8):

When the vaccine candidate was modelled to only be effective in previously infected animals
(scenario 3), vaccination had a negligible effect on incidence, with decreases of 0-5%. In
contrast, when vaccine candidates were modelled to be effective in both naive and previously
infected animals in scenarios 1 and 2, vaccine-induced reductions in incidence reached >75%.
Such reductions were achieved in both scenarios - that is, even if the vaccine only reduced

infectiousness and did not reduce susceptibility of vaccinated animals.

In Chapters 3 and 4 of this thesis, the transmissibility of MERS-CoV was estimated to fall into
high or very high for the majority of the six populations sampled in KSA, with moderate

transmissibility estimated for two studies. When pwas 10, the coverage required to achieve a
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75% reduction in incidence in a moderate transmission setting was 80%, rising to >90% in high
or very high transmission settings. When p was lower at 3 years, coverage of 90% is required to
achieve the same reduction in moderate settings. The same reduction was no longer achievable

in high transmission settings and required coverage of 100% in very high transmission settings.

In a low transmission setting representative of the populations sampled in South Asia and most
of those sampled in Africa, a vaccine coverage of 60% was sufficient to see reductions in
incidence decrease by more than 75% over the ten years following vaccine introduction, when
p was 10 years. When p was 3 years, 80% of coverage was required to see the same reduction
in incidence. When vaccine induced effects lasted only one year, the greatest reduction
achieved was 60%, but this required 100% coverage. At a more achievable coverage of 70%, the

greatest reduction in incidence achieved was 30%.

When infectiousness was proportional to the log of viral RNA shedding (bottom row, Figure 5.8):

The reductions in incidence afforded by vaccination in efficacy scenario 3 were slightly greater
when infectiousness was proportional to the log of the viral RNA shedding than when this
relationship was assumed to be linear but were still fairly low overall, ranging from 0-25%.
Even when the vaccine candidates were assumed to be effective in both naive and previously
infected animals (scenarios 1 and 2), considerable reductions in incidence were only seen in low
and moderate transmission settings when the duration of vaccine-induced effects was ten years

and coverage was high.

Discussion

In this chapter, a dynamic transmission model was used to simulate the vaccination of young
calves against MERS-CoV under different vaccine efficacy scenarios. The results suggest that, if
the vaccine candidate is able to reduce infectiousness in both naive and previously infected

dromedaries, large reductions in incidence are possible, even if the vaccine does not reduce

151



susceptibility of individuals to infection. However, these large reductions require high vaccine
coverage, especially in high transmission settings in which transmissibility was representative

of that experienced by most dromedary populations studied in the Middle East.

Age optimisation

Vaccination led to the greatest reduction in incidence when calves were targeted in the first few
months of life. However, vaccination of very young calves did lead to small increases in annual
incidence in animals over the age of 18 months when infectiousness was proportional to viral
RNA shedding and transmissibility was moderate, high, or very high (representative of
transmissibility in the Middle East and some sampled populations in Africa). Data describing the
age-dependent contact patterns between dromedaries and humans is lacking but contact is
likely to be higher once calves have been weaned [116]. The age of weaning varies but has been
reported to be around 12 months in UAE [116] and between 6-12 months in Eastern Africa
[113]. There was still a net increase in annual incidence in animals >12 months when
vaccination targeted calves under 5 months, reaching a maximum of 6.4 per 1000 annually on
average in ten years following vaccination when transmissibility was high - around half the net
increase seen in >18-month-olds. In most settings, it may be optimal to target calves at six
months of age to balance the overall reduction in incidence with preventing incidence increases

in dromedaries that have more contact with humans.

Whilst scenarios were simulated in which the vaccine was not effective in seronegative animals,
it was assumed that the vaccine efficacy was not affected by age itself. During the field trial of
the ChAdOx1 MERS vaccine in dromedaries, however, authors hypothesised that the poor
efficacy measured in seronegative calves could be due to the age of the calves rather than their
serostatus as the seronegative animals were, on average, younger than the seropositive animals
[6]. If further field trials support reduced efficacy of the ChAdOx1 MERS vaccine in younger
animals, this will need to be accounted for in the estimation of the optimal age of vaccination

with ChAdOx1 MERS specifically.
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Vaccine impact on persistence and incidence

If a MERS-CoV vaccine candidate is able to reduce infectiousness in naive and previously
infected dromedaries, simulations from the dynamic model indicated that large reductions in
incidence are possible if a high proportion of six month old calves are vaccinated. Although the
ChAdOx1 MERS vaccine had poor efficacy in naive animals, potentially due to their age, the MVA

vaccine is efficacious in naive animals.

When infectiousness was assumed to be proportional to viral RNA shedding, vaccination was
able to interrupt transmission in a population of 500,000 when vaccine-induced effects lasted
three or ten years and provided that coverage was >70% in six month olds. In high transmission
settings, coverage needed to be 90-100%. This suggests that, under model assumptions about
population structure and vaccine efficacy, it would be difficult to entirely interrupt transmission
in some Middle Eastern settings by using vaccination alone, but that incidence could still be
greatly reduced. If infectiousness is proportional to the log of viral RNA shedding and
vaccination leads to a much smaller decrease in infectiousness, then large reductions in
incidence are only likely to be possible in low and moderate transmission settings when
coverage is high and vaccine-induced effects are long lasting. Achieving high coverage of MERS-
CoV vaccination would be demanding and would require effective engagement with camel
owners and other stakeholders. Since dromedaries do not experience significant disease
following MERS-CoV infection, there is no veterinary incentive - dromedary vaccination is
purely to avert human cases. However, the MVA-based vaccine has been shown to induce a
protective immune response to the virus that causes camel pox - a disease which can lead to
high levels of mortality in calves and may make vaccination more attractive to owners as a

multi-purpose intervention.

It is not clear how long the effects of the MVA-based vaccine or the ChAdOx1 MERS vaccines last
in dromedaries. If they last less than three years, the results presented in this chapter suggest

that targeting a single age group may not be sufficient to see large reductions in incidence and
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that repeat vaccination may need to be considered in future evaluations of expected vaccine

impact.

Limitations

There are several limitations to the estimates of vaccine impact provided in this chapter. Firstly,
there are limitations pertaining to the representation of dromedary populations. The expected
vaccine impact on persistence and on incidence were evaluated in a closed population of 75,000
(intended to represent a small county-level population of dromedaries) and 500,000 (intended
to be comparable to the size of the dromedary population of KSA). There is, however,
uncertainty about the true number of dromedaries in KSA, with some sources suggesting that
500,000 may be a considerable underestimate[94]. In addition, the population of dromedaries
in KSA is not closed - importation of infectious dromedaries likely occurs through international
trade from the GHA. However, studies have found that African clade C MERS-CoV viruses do not
circulate in KSA, meaning that modelling a closed population in terms of infection sources may
be an acceptable simplification. It is likely to be unrealistic, however, to assume no external
sources of infection for a small, county-level population of 75,000. With importation of
infections, a higher vaccine coverage than is estimated here may be required to interrupt
transmission in a small, county-level dromedary population. A third potential limitation of the
way populations have been modelled arises from the scarcity of data describing the structure of
populations. Whilst the modelled, rudimentary grid of connected sub-populations introduces a
level of structure that is more realistic than modelling an entirely homogeneous population, it is
unlikely to capture the true structure of dromedary populations. When the population of 75,000
was divided into 25 connected patches of 3,000 dromedaries, for example, this grid is likely to
be an oversimplification of true patterns of connectivity between subpopulations as, in reality,

herds are smaller than this.

The uncertainty around relative infectiousness of previously infected and vaccinated animals,

stemming from the undefined relationship between viral RNA shedding and infectiousness, was
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another limitation of the analysis presented in this chapter. The expected vaccine impact was
sensitive to the assumed relative infectiousness. The expected reductions in incidence when
infectiousness was assumed to be proportional to viral RNA shedding were much greater than
when infectiousness was assumed proportional to the log of viral RNA shedding, with very
different implications for the feasibility of achieving large reduction in MERS-CoV incidence in

dromedaries through vaccination.

Further to these limitations, there are two main ways in which vaccine simulation could be
extended. Firstly, heterogeneity in vaccine coverage and transmissibility in neighbouring
patches could be incorporated. In Chapter 3, transmissibility was estimated to vary sub-
nationally as well as internationally, and it is plausible that higher vaccination coverage could be
achieved in certain populations and husbandry systems than others. Secondly, a variety of
repeat dosing regimens could be considered in addition to the strategies targeting a single age-

group that were simulated in this analysis.

Conclusions

Uncertainties remain about the efficacy of MERS-CoV vaccine candidates in dromedaries but
simulating vaccination within a dynamic transmission model under different efficacy scenarios
suggested that large reductions in incidence are possible if the vaccine is able to reduce

infectiousness of naive animals as well as previously infected animals.

Large reductions are possible even if the vaccine candidate does not reduce susceptibility to
infection, provided coverage in calves is high. Calves should be targeted at around six months
old to balance achieving large overall reductions in incidence with avoiding increases in

incidence in older animals that may have more contact with humans.

Coverage will need to be high to achieve large reductions in transmission, especially in high
transmission settings. Ideally vaccine-induced effects would last longer than three years to see

impact at levels of coverage that may be feasible to achieve. Once more is known about vaccine
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efficacy and duration of protection, future evaluations of potential vaccine impact could

consider repeated vaccination regimens.
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Chapter 6:

Discussion
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The motivation of this thesis was to better characterise the transmission dynamics of MERS-CoV
in dromedary camels and to provide a quantitative mechanistic model of transmission with
which to simulate potential vaccination strategies. Using a combination of catalytic and
mechanistic modelling methods, the publicly available data on MERS-CoV in dromedaries was
harnessed in ways it has not been previously: to estimate transmissibility of the virus in
populations across Africa, the Middle East, and South Asia, and to develop a mathematical model
of MERS-CoV transmission in the zoonotic reservoir. Together, these approaches have
contributed to a greater understanding of and better quantified the transmissibility of MERS-
CoV, including: providing the first data-driven estimates of Ry and the Critical Community Size
(CCS) in dromedaries; allowing for simulation of vaccination strategies; and highlighting the
importance of addressing remaining uncertainties around immunity, vaccine efficacy and
population structure. The contributions this research has made to our understanding of MERS-
CoV transmission in dromedaries are discussed in this final chapter, as well as the limitations of

this thesis and potential directions for future work.

Summary of the contributions made by this thesis

My research started with a systematic review of MERS-CoV seroprevalence and RNA prevalence
in dromedary populations presented in Chapter 2. This review clarified the state of current
knowledge and helped to shape the chapters that followed it in several important ways. Firstly,
the consistent increase in seroprevalence with age and high prevalence of infection in calves
painted a clear picture of MERS-CoV as an endemic disease in dromedary populations across
much of Africa and South Asia and the Middle East, despite all reports of human MERS-CoV
infection being traced to the Arabian Peninsula or Iran. These indications of widespread
circulation informed the assumption of endemicity underpinning the use of catalytic models to
estimate transmissibility in Chapter 3. Secondly, the systematic review in Chapter 2 highlighted

that rapid reinfection was documented in seropositive animals in multiple longitudinal studies.
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This formed the basis for including reinfection in the dynamic transmission model in Chapter 4
and indicated that antibodies are not a proxy for complete immunity. Thirdly, as is the case for
other zoonotic diseases such as avian influenza [110], the review found that multiple studies
measured prevalence to be higher at sites like markets where different populations of
dromedaries mix, stressing the importance of contact networks and movement in MERS-CoV
transmission dynamics. Finally, the age-stratified seroprevalence data collated during the
review allowed the estimation of MERS-CoV transmissibility in dromedaries using catalytic

modelling approaches.

In Chapter 3, catalytic models of infection were fit to age-stratified seroprevalence data to
produce Force of Infection (Fol) estimates for MERS-CoV in dromedaries. The Fol was generally
estimated to be higher in populations sampled in the Middle East, compared to populations
sampled in Africa and South Asia. The variability of the Fol across populations emphasised the
importance of simulating vaccination in different transmission settings and suggested that
higher vaccine coverage is likely to be required to control transmission in some regions than
others. Comparison of different catalytic models of seroconversion supported the presence of
protective maternally acquired antibodies (mAbs) against MERS-CoV in calves. The mAbs were
estimated to wane over the first few months of life, in line with previous findings from two
small, longitudinal studies[116], [131]. The two most advanced vaccine candidates for
dromedaries do not express MERS-CoV spike protein on their surface so are unlikely to be
inhibited by mAbs [6], [8] but, if other vaccine platforms more susceptible to inhibition are

considered, this work suggests that calves should be targeted after 6 months of age.

In Chapter 4, the first stochastic, dynamic, model of MERS-CoV transmission in dromedary
camel populations was developed. Ry was estimated by calibrating the dynamic model to the Fol
estimates inferred in Chapter 3. Dynamics were sensitive to uncertainty around the relative
infectiousness of reinfections which was varied from 1-50% depending on whether

infectiousness was assumed to be proportional to either the viral RNA shedding or the log viral
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RNA shedding collected in vaccination field trials by Alharbi et al, (2019) [6]. When
infectiousness was proportional to the log of viral RNA shedding, most Ry estimates were
between 1.4-2.8 outside of the Middle East (excluding one population sampled in Ethiopia
where Ro was 4.5) and 2.3-5.0 for populations sampled within the Middle East. When
infectiousness was proportional to viral RNA shedding instead, Ro estimates were between 1.9-
8.7 for most populations outside of the Middle East (21.9 for the Ethiopian population) and
between 5.3-25.8 within the Middle East. The higher transmissibility in dromedary populations
in the Middle East estimated in this thesis - coupled with work by Zhou et al, (2021) showing
Middle Eastern clade B viruses to have a reproductive advantage over African clade C viruses in
ex vivo lung tissue [109] - suggests that viral genetic differences could affect the population-
level transmissibility of MERS-CoV in dromedaries. Understanding the relative contributions of
clade genetics to the higher transmissibility in the Middle East over other factors such as the
intensification of farming practices will be crucial to assess if more active measures need to be

put in place to prevent introduction of clade B into African dromedary populations.

Having estimated Ry, the dynamic model was then used to estimate the CCS and the mean period
between peaks in infections for different transmission settings. When relative infectiousness of
reinfections was low, CCS estimates ranged between 25,000-75,000 and between 500-2,500
when it was high. In all scenarios, the CCS was estimated to be larger than most reported herd
sizes, emphasising the importance of focusing interventions on reducing inter-herd infections
for interrupting transmission. The CCS also depended on transmissibility which, together with
the difference in Ro across populations, suggested that MERS-CoV may be able to persistin a
population 2-20 times smaller in high transmission settings found in the Arabian Peninsula,
compared to lower transmission settings. This means that vaccine coverage would likely need to
be much higher to interrupt transmission in the Arabian Peninsula. Finally, it was shown that
seasonal calving was sufficient to drive annual peaks in infection in moderately sized
populations, indicating that there could be a higher risk of zoonotic spillover at certain times of

the year in some regions. The time in which infection peaked relative to the calving season was
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dependent on transmissibility and the assumed infectiousness of reinfected animals. Seasonality
of zoonotic transmission has previously been suggested by phylogenetic analysis [2].
Longitudinal, empirical studies of the timing of seasonal peaks could help better direct

resources to prevent seasonal spillover.

In Chapter 5, the dynamic model of MERS-CoV transmission was extended to simulate
dromedary vaccination and provided the first estimates of the potential impact of vaccines
against MERS-CoV in dromedary camels under several alternative efficacy scenarios. When the
vaccine was effective in naive and previously infected animals, vaccination of calves in the first
few months of life led to the greatest reduction in incidence. However, in high transmission
settings, when infectiousness was assumed to be proportional to viral RNA shedding,
vaccinating very young calves led to a small increase in incidence in dromedaries over the age of
12 months - animals which humans may have more contact with. Depending on the level of
additional contact humans have with older animals, in high transmission environments where
infection is not likely to be totally interrupted it may be beneficial to slightly delay vaccination
until calves are 6 months old or, repeat vaccination in adult dromedaries. This chapter provided
the first estimates of the potential impact of vaccines against MERS-CoV in dromedary camels.
The impact was very dependent on assumptions about relative infectiousness. When
infectiousness was proportional to viral shedding, results suggested that large reductions in
incidence are possible if the vaccine is able to reduce infectiousness of naive animals as well as
previously infected animals, even if the vaccine does not reduce susceptibility to infection,
provided coverage in calves is high. When infectiousness was proportional to the log of viral
RNA shedding, meaning vaccination led to a much smaller reduction in infectiousness, large
reductions in incidence were only possible in low transmission settings. Although reductions in
infectious viral particles were comparable to reductions in viral RNA shedding in four
vaccinated calves in MVA-based vaccine trial, larger empirical studies of the relative
infectiousness of vaccinated and reinfected dromedaries are critical to narrow down impact

estimates.
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Limitations

The main limitations of this body of work arose from both data scarcity and shortcomings of the
model frameworks. In the catalytic modelling work, one primary limitation was the potential for
overestimation of the transmissibility of MERS-CoV if populations had very high seroprevalence
approaching the assumed test sensitivity threshold in young age classes, or if the assumption of
endemic equilibrium was invalid and seroprevalence reflected the height of an outbreak. If the
Fol was overestimated in these cases, the dynamics simulated at a very high transmissibility
would not be representative of true transmission settings. The second main limitation was that
the rate of seroreversion could not be reliably identified due to uncertainty around test
sensitivity and challenges distinguishing long-lasting antibodies from repeated boosting of
antibodies following recurring infection in the catalytic model framework. Documented
reinfection of seropositive animals shows that antibodies are not a proxy for complete
immunity to MERS-CoV. With this in mind, the rate of seroreversion estimated in Chapter 3 did
not inform parameterisation of waning immunity in the transmission model, meaning this

limitation did not impinge on the dynamic modelling work.

The main limitations of the dynamic modelling chapters centred around three main data gaps
which necessitated modelling transmission and vaccination under a series of different
assumptions. Firstly, the undefined relationship between viral RNA shedding data and
infectiousness led to uncertainty in the relative infectiousness of reinfected animals and
infected vaccinated animals. This, in turn, led to differences in estimates of Ro, the CCS and
vaccine impact. Better quantifying the relative infectiousness of reinfected and vaccinated
animals should be a priority for establishing a clearer picture of the dynamics of MERS-CoV in
dromedaries. Secondly, there was a lack of data describing dromedary population structures.
Population structure was shown to affect dynamics around persistence of transmission but, as it
was not possible to base metapopulation model structures on true populations, a rudimentary
grid of connected sub-populations was used to approximate the structuring of the population

into herds or patches. Finally, the effect of vaccination on susceptibility and vaccine
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effectiveness in naive animals were not clear from current field trials so a range of scenarios
were included. As these three aspects influencing MERS-CoV transmission in dromedaries
become clearer, it will be possible to improve mathematical models of MERS-CoV transmission
and become increasingly confident that they accurately represent transmission in the zoonotic

reservoir.

Future extensions to the work in this thesis

The work in this thesis lays the ground for further research to support the prevention of
zoonotic MERS-CoV infections in a number of ways. Three potential extensions are outlined

below.

1) Tailoring the generalised dynamic model to specific dromedary populations

The generalised dynamic model developed in this thesis could be tailored to specific dromedary
populations of interest to decision makers. Whilst the effect of population-specific
transmissibility on dynamics and vaccine impact has been assessed in this thesis, other
population-specific variables found to be important - such as population structure and
connection between herds - could be adapted to better represent dromedaries in a particular
region. Dromedary network data would need to be collected to facilitate this. For example,
quantifying dromedary movement along routes such as those mapped by Gikonyo et al. (2018)
for Kenya [112] to provide the size and timing of flows of dromedaries from different herds or
areas into common grazing land or markets would provide greater clarity about the mixing of
dromedaries and opportunities to control transmission in a particular area. A comprehensive
system to track dromedary movements nationwide using microchips was approved in 2018 by
the Ministry of Environment, Water and Agriculture in KSA [239] and has been applied to
dromedaries involved in racing and shows [240]. Due to the potential sensitivities around
tracking dromedaries, consultation with owners alongside the nationwide rollout of this scheme
may make it more acceptable to those impacted and result in a more sustainable source of data.

If successful, this could provide a rich mobility data stream and an opportunity to better
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simulate realistic transmission of MERS-CoV in dromedaries in the country that bears the brunt

of the MERS burden. This would allow vaccine impacts to be assessed with more confidence.

2) Integrating genetic data streams into the dynamic model

Despite extensive unidirectional trade from the Greater Horn of Africa to the Arabian Peninsula,
MERS-CoV exhibits region-specific genetic diversity, with all viruses sampled from dromedaries
and people in the Middle East falling into clades A (historically) and B (contemporary), and all
samples from dromedaries in Africa falling into clade C [68], [108]. Studies have shown
differences in reproductive fitness of the clades in ex vivo tissue [109], however different clades
were not considered in the models developed in this thesis. Integration of MERS-CoV genetic
data into the dynamic model framework could enable the dynamics of the different MERS-CoV
clades to be investigated. This would be particularly illuminating at sites such as fattening pens
in KSA where imported dromedaries mix with local dromedaries. A recent study at an abattoir
in KSA found only clade B viruses to be circulating in both imported and local animals [108].
Further studies identifying clade types as well as measures of incidence in imported populations
could be used to fit clade-specific transmission parameters within the dynamic model and

better understand the potential threat clade B viruses pose internationally.

3) Relating reductions in dromedary infectiousness to reductions in zoonotic spillover
The research described in this thesis has provided a framework for simulating expected
vaccine-induced reductions in the incidence of MERS-CoV infection in dromedary populations.
Future research to better define the relationship between the number of infectious dromedaries
and the risk of zoonotic spillover events would allow this expected reduction in infection in the
animal reservoir to be translated into the expected number of human cases averted. Defining
the relationship between infection in the reservoir and zoonotic spillover risk is likely to be
challenging as evidence suggests that dromedary-to-human MERS-CoV infection is a relatively
rare event and often goes unreported. It would likely require heightened surveillance in a large

group of individuals from high-risk populations (such as camel owners and traders) in order to
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identify zoonotic spillover events, alongside collection of qualitative data describing the
individuals’ interactions with dromedaries. Although demanding, this type of study could form a
crucial bridge between reducing infection in dromedaries and reducing spillover events.
Extending the dynamic model to include zoonotic spillover would permit health economists to
evaluate the cost-effectiveness of dromedary vaccination as an intervention against MERS-CoV.
Relating dromedary infection to zoonotic spillover may also inform vaccine distribution. If
humans have more contact with dromedaries of a certain age or in certain settings, for example,

incorporating this into simulations may shift the optimal target population for vaccination.

Conclusions

Understanding the transmission dynamics of MERS-CoV in dromedary camels is vital to
evaluating the potential public health impacts of animal vaccination but has been hindered by
the scarcity of data describing what is a largely asymptomatic infection in this species. By using
age-stratified seroprevalence and viral load data extracted from published studies, however, I
have developed a dynamic model of MERS-CoV transmission in dromedaries, allowing for the
first evaluations of the potential impact of dromedary vaccination on transmission. Whilst
uncertainties around immunity and aspects of vaccine efficacy remain, five key conclusions
about the transmission dynamics of MERS-CoV in dromedary populations can be drawn from

this thesis. They are as follows:

1) MERS-CoV can be highly transmissible in dromedaries in populations in Africa and
South Asia, but transmissibility is generally highest amongst populations in the Middle
East. This geographical variation in dynamics demands setting-specific adaptation of
vaccination strategies.

2) The CCS for MERS-CoV in dromedaries is relatively small - especially when reinfected

animals are assumed to still be considerably infectious - but still larger than the size of
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most individual herds. Interrupting transmission between herds is key to seeing large
reductions in transmission.

3) The highly seasonal calving of dromedaries is likely to be sufficient to drive annual
peaks in endemic infection in moderately sized populations. If empirical studies of
infection over time confirm this seasonality, interventions such as PPE campaigns and
vaccination drives could be seasonally focused to achieve maximum reduction in
zoonotic spillover events.

4) Better quantifying the reduction in infectiousness afforded by immunity from previous
infections and vaccination should be a priority for improving the reliability of
mathematical models of the dynamics of MERS-CoV in dromedaries.

5) MERS-CoV vaccination could lead to large reductions in incidence in dromedaries, even
if vaccines only reduce infectiousness rather than protecting individuals from infection,

providing that high vaccination coverage is reached in calves.

As zoonotic disease continues to pose a major threat to public health globally, the development
of reliable quantitative frameworks within which to study the dynamics of zoonotic infectious
diseases in reservoir populations is only going to increase in importance. Dynamic models such
as those developed in this thesis provide a framework in which to simulate vaccination
strategies and, together with further empirical studies of vaccine efficacy, offer an important
contribution to informing effective responses to the zoonotic transmission of MERS-CoV going

forward.
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A2.1. Search Terms

MEDLINE search

MERS-CoV (mpt) OR Middle East Respiratory Syndrome Coronavirus (mp) OR MERS
Coronavirus (mp) OR hCoV-EMC (mp) OR Middle East Respiratory Syndrome Coronavirus
(subject headingt)

AND

Seroprevalence (mp) OR sero prevalence (mp) OR serology (mp) OR seropositiv* (mp) OR sero
positiv* (mp) OR Antibod* (mp) OR Seroepidemiolog* (mp) OR Sero epidemiolog* (mp) OR
prevalence (mp) OR infection (mp) OR RNA (mp) OR shedding (mp) OR RT-PCR (mp) OR
seroepidemiologic studies (subject heading)

AND

Camels (mp) OR camel (mp) OR dromedary* (mp) OR Camelus (subject heading)

EMBASE search

MERS-CoV (mp) OR Middle East Respiratory Syndrome Coronavirus (mp) OR MERS
Coronavirus (mp) OR hCoV-EMC (mp) OR Middle East respiratory syndrome coronavirus
(subject heading)

AND

Seroprevalence (mp) OR sero prevalence (mp) OR serology (mp) OR seropositiv* (mp) OR sero
positiv* (mp) OR Antibod* (mp) OR Seroepidemiolog* (mp) OR Sero epidemiolog* (mp) OR
prevalence (mp) OR infection (mp) OR RNA (mp) OR shedding (mp) OR RT-PCR (mp) OR
seroprevalence (subject heading)

AND

Camels (mp) OR camel (mp) OR dromedary* (mp) OR camel (subject heading)

Web of Science search (DocType=All document types; Language=All languages). All terms used
to search both TS (topic) and TI (title).

MERS-CoV (TS, TI) OR Middle East Respiratory Syndrome Coronavirus (TS, TI) OR MERS
Coronavirus (TS, TI) OR hCoV-EMC

AND

Seroprevalence (TS,TI) OR sero prevalence (TS, TI) OR serology (TS,TI) OR seropositiv* (TS,TI)
OR sero positiv* (TS, TI) OR Antibod* (TS,TI) OR Seroepidemiolog* (TS, TI) OR Sero
epidemiolog* (TS,TI) OR prevalence (TS,TI) OR infection (TS, TI) OR RNA (TS, TI) OR shedding
(TS, TI) OR RT-PCR (TS, TI)

AND
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Camels (TS,TI) OR camel (TS,TI) OR dromedary* (TS,TI)
1 mp = title, abstract, original title, name of substance word, subject heading word, floating sub-
heading word, keyword heading word, protocol supplementary concept word, rare disease

supplementary concept word, unique identifier, synonyms

t subject heading = database specific classification of article subjects
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A2.2. PRISMA 2009 Flow Diagram
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A2.3. PRISMA 2009 Checklist

@ PRISMA 2009 Checklist (Adapted for KIN 4400)

Page 1 of 2

TITLE

Title Identify the report as a literature review. 1

ABSTRACT

Structured summary Provide a structured summary including, as applicable: background; objectives; data sources; study | 2
eligibility criteria, participants, and interventions; study appraisal and synthesis methods; results;
limitations; conclusions and implications of key findings;

INTRODUCTION

Rationale Describe the rationale for the review in the context of what is already known about your topic. 3&4

Objectives Provide an explicit statement of questions being addressed with reference to participants, 4
interventions, comparisons, outcomes, and study design (PICOS).

METHODS

Eligibility criteria Specify study characteristics (e.g., PICOS, length of follow-up) and report characteristics (e.g., years | 4
considered, language, publication status) used as criteria for eligibility, giving rationale.

Information sources Describe all information sources (e.g., databases with dates of coverage) in the search and date last | 4
searched.

Search Present full electronic search strategy for at least one database, including any limits used, such that | S2
it could be repeated.

Study selection State the process for selecting studies (i.e., screening, eligibility). 5

Risk of bias in individual Describe methods used for assessing risk of bias of individual studies (including specification of Not done

studies whether this was done at the study or outcome level). at the

individual

level




Risk of bias across 10 | Specify any assessment of risk of bias that may affect the cumulative evidence (e.g., publication 5

studies bias, selective reporting within studies).

RESULTS

Study selection 11 | Give numbers of studies screened, assessed for eligibility, and included in the review, with reasons 6
for exclusions at each stage, ideally with a flow diagram.

Study characteristics 12 | For each study, present characteristics for which data were extracted (e.g., study size, PICOS, 7&8
follow-up period) and provide the citations.

Synthesis of results of 13 | For all outcomes considered (benefits or harms), present, for each study: (a) summary of results and | 6-17

individual studies (b) relationship to other studies under review (e.g. agreements or disagreements in methods,
sampling, data collection or findings).

DISCUSSION

Summary of evidence 14 | Summarize the main findings including the strength of evidence for each main outcome; consider 18-20
their relevance to key groups (e.g., healthcare providers, users, and policy makers).

Limitations 15 | Discuss limitations at study and outcome level (e.g., risk of bias), and at review-level (e.g., 20-21 (At
incomplete retrieval of identified research, reporting bias). review

level only)
CONCLUSION
Conclusions 16 | Provide a general interpretation of the results in the context of other evidence, and implications for 21

future research.

For more information, visit: www.prisma-statement.org.

Page 2 of 2
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Adapted from: Moher D, Liberati A, Tetzlaff J, Altman DG, The PRISMA Group (2009). Preferred Reporting Items for Systematic Reviews and Meta-Analyses: The PRISMA statement.
PLoS Medicine, 6(6), e1000097. doi:10.1371/journal.pmed1000097
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A3.1 - Rules followed for interpreting age classes in serological studies

1.

2.

If the study gives no lower age bound for the lowest age class this is assumed to be zero

If the study gives no upper age bound of the highest age class this is assumed to be 20
years

If the study describes an age class as >X years, its lower boundary is regarded as X years
+ 0.01 years if the previous age classes upper bound is X years.

If the study describes an age class as <X years, its upper boundary is regarded as X years
- 0.01 years if the following age classes upper bound is X years.

If the study describes an age class as X-Y years, its upper boundary is considered to be Y
years exactly, unless the other age classes indicate that it should reflect the whole year
of life following the Yth birthday, in which case the upper boundary is regarded as Y +
0.99 years.

i. E.g,Ifage class 1is </=2yrs, and age class 2 is 3-5yrs, age class 2 is
considered to be bounded by 3 years and 5.99 years. If instead age class
1is <2 yrs and age class 2 is 2-5 years we would consider age class 2 to
be bounded by 2 and 5 years exactly.

If the study describes an age class to be upper bound by <X years and the subsequent
age class to be bound by >X years, we consider the upper bound of the 1st to be the Xth
birthday (X years exactly) and the lower bound of the subsequent age class to be X +
0.01 years.

For studies that have age classes at the month scale rather than the year, the equivalent
interpretations are made, with the smallest unit of age being 0.01 years as above.

If the study has described age classes as e.g. 0-2years, 2.1-3 years, 3.1-7 years, we have
taken these boundaries (effectively 0.1 used instead of 0.01 as the smallest unit).
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A3.2 - Catalytic model solutions

D) Model 1 the simplest catalytic model:
Where ais time/age, and A is the force of infection (constant with age).

Seropositive

p@@)

Seronegative

n¢a)

v

The proportion of individuals that are seropositive at age A is given by:
A

p(4) = f le *dg =1— ¢4
0

p@)=1- e

I Model 2 with maternal antibodies that wane at rate »:

Maternal Abs Seronegative A Seropositive

p@

m(a) n(a)

m(a) = moe~®?

n(a) =my (ﬂ, i)w (e‘a’a — e-MI)) + e—Aa(l _ mO)

r(a) =1-m(a) - s(a)

Workings
Step one -the differential equations that represent our model

Since:
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dm(a)
da

= —wm(a)

We know that:

m(a) = moe~“¢

If we substitute this into our differential equation for the rate of change of seronegative
individuals n(a), which is:

dn(a) @ - 2
1q - emia n(a)
We get:
dn(a) _
Ja = @Moe ©a — 2n(a)

Step two - rearrangement to standard form

dn(a)
da

+ An(a) = wmye™*¢

Step three - prep to solve using integrating factors

The necessary integrating factor is I[F = e?®

(because IF = e/ P(®4a where p(a) in this case is An(a))
By multiplying each side by the integrating factor, we get:

dn(a) pa

ia + An(a)e?® = wmye~©* e

Using the product rule, we see that the left-hand side it equivalent to the differential of the
product of n(a) and e*®. So, substituting this in we get:

da

Step four - solve using integration
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f“‘d(n(a)e’la) i
0

A
= f wmge ™% e’ da
da 0

So:

A
e/la—a)a]

n(a)e?® —n(0) = my, [
0

)
A—w
And since the initial proportion of the population that is susceptible will be 1 - the proportion

born with maternally acquired immunity this is:

w

A
e/la—wa]

n(a)e?® — (1 —my) = my [
0

A—w

If we solve this, it becomes:

we(/’[—w)a W >

n(a)e’m—(l—mo)zmo( T—o I-o

n(a) = m, ( (e~»a — e‘)‘a)> + e (1 —my)

w
A—-w
And so, since p(a) =1 - (n(a) + m(a))

w
A—

p(a) =1- e_la — my < P (e_wa — e_la)> + mo(e—la _ e—wa)

We can see that when m, is equal to zero, Model 2 simplifies to Model 1

p(a) =1— e—la 7‘“0‘ & (e-wa 9—%61)’ e Eg—%a g—we

p@=1-e"

Rather than using the solution of n(a) to solve p(a), we can also directly solve p(a):

dp(a)
da

= in(@ = A(1- (p(@) + m(0)))
= 1— Ap(a) — Amye™*®

dp(a) v
——+ p(a) = A(1 —mye™“%)
da
Using e*®as an integrating factor (since IF = eJ 9% where q = 1 in this case), and according to
the product rule, when we multiply both sides by IF, the left-hand side becomes equivalent to

the differential of p(a)*IF.
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eta <_dp(a) + Ap(a)) =

da
dp(a)e?@
% = Aeﬂa(l _ moe—(ua)
Sop(a)e?® = f)le’la — Amge %%da = [ela —Lm e(A-w)a ]A
P 0 A—w 0 0
—pla_ A LG-wa _ (1 _ A
- ¢ 1-w Mo (1 A-w mo)

If we divide through by the integrating factor to get p(a), we get:

)

A
A—w

p(a) =1-e?*—m, <

These solutions for p(a) are equivalent. I show this below:

(D) pla) =1—e*— m, (ﬁ (e_“’“ - e_’m)) + mg(e ™ —e@%)

_ -2 A (.- -1

) pla) =1—e 2 — m, (m(e wa _ ¢ a))

) _ 1 _ 2
Let’s say x = m, (E(e wa — e “))
(D1-—e?— wx + my(e™* —e~2)
=1—e— px—x(1—w)
(2)1—e™® — Ax

And we can see that wx cancels out and (1) = (2).

Choosing a prior for w. Longitudinal studies find that antibodies (assumed maternal) seem to
last around 4-5 months. We use a lognormal distribution with a mean of 1 and a standard
deviation of 0.2.

I1D) Model 3 with seroreversion at rate o:

Seropositive

p@@

Seronegative

n(a)

A 4

[

1. &= A—@A+o)p

da
2. p= xe—(A+a)a

Substituting 2 into 1 and using the product rule:
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d(xe—(l+0')a)
T da

e—(l+0')a [d_x

-+ a)x] = 1— A+ g)xe Ao
da

Dividing through by e~(4*9) gjyes:

d
d—z —(A+0)x = 2P — (A +0)x

Cancelling out (A + 0)x leaves us with:

d_x = pe(d+ola

da

. dx .
Integrating 2q Slves us:

x(a) = J/le(’”")a da

- [

— o A [e(l+a)a 1]

e(,1+a)a]

Substituting this back into equation 2 gives:

p(a) — /1 (e(l+a)a _ 1) e—(l+a)a

A

_ p—(A+0)a
/1+a(1 € )

We see that when ¢ is equal to zero, Model 3 simplifies to Model 1.

p(a) = i(l — e_(/l“‘g)a)

IV) Model 4 with maternal antibodies and seroreversion:
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Maternal Abs
m(a)

Seropositive

yZ26),

Seronegative A

A A

F

= A(l—(p+m))— op
=21 -(p+mee %)) — op

= A1-—mpe @) —A+o0)p

If we say:

p = xe—(l+cr)a

Then substituting that into equation one and using the product rule we have:

d(xe—(/'Ha)a)
T da

dx
e~(A+0o)a P 1+ a)x] = A(1 — mye™®?) — (1 + o)xe~A+o)a

Dividing through by e ~(*9)@ and rearranging gives us:

d_x — Ae(/1+0')a _ Amoe()&a—w)a

da

Integrating this gives:

x(a) — jle(/1+a)a _ Amoe(/Ha—w)a da

A
= [ A e(/1+o-)a — ﬂ e(l+0'—0))a
A+o A+o—-w 0
A Am
- A+a)a _ 1) = M0 (Mo-w)a _ 1
A+o (e ) A+o—w (e )

Since:
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p(a) = e-** D% (a)

A A
_ 1-— —(A+0)a m —wa__ —(A+a)a
p(a@) = ( € ) "2+0-w (e )

As a sanity check, when my is equal to zero, Model 4 simplifies to Model 3.
A A
= (1- e WMD)y = (g-wa_ ,-Cholay
p(@ A+o ( ¢ ) A+—

p(a) _ /1 (1 _ e—(/1+a)a)

Similarly, when o is equal to zero, Model 4 simplifies to Model 2.

Am,

A
—_ _ - (A+e)a _ 0
p(a) (1 e ) 1 —

(e—wa_ e—(/’l+e=)a)

A

p(a) =1— e—/’la — m, </1 — w( —-wa __ —Aa))

Model 4 seroprevalence in an age class (rather than prevalence at a point age)

Starting point is point prevalence at age = a

A A
- — o 0o — wa__
(a) (1 e (A+cr)a) m Tio o (e— a e—(A+cr)a)

To get the average prevalence in an age class bounded by a;and a,, we need to integrate the
above between a,and a,:

p(a; = ay) = _0_(1 _ e—(l+cr)a) —my m—_w(e—wa_ e—(l+a)a)da

a2
1 [ A <a+ 1 e—(A+a)a> —m A ( 1 e—(A+a)a _ le—wa>]
a,—a;li+o A+o A+o-w\A+0o W al
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1 A 1
— _ -(A+0)a, _ ,—(A+0o)a, )
a, —a, <A+6<(a2 ar) + + (e ¢ )

g
1
+

A
- m A (e—(A+J)a2 _ e—(/1+0)a1) _ l(e—waz _ e—wal)
"A+o0—-w\l+0 w

Reduced to model 1 this is:

1

1
= — + - —/1(12 — _/1‘11 )
a, —aq (az = A (e ¢ )

Reduced to model 3 this is:

= ! (az —a; + 1(e"l‘12 - e‘lal))
a, —aq A

A 1, 3 1 3
- my A_w<z(e Aaz_e /’lal)_z(e wa; _ o a)al)))
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A3.3 - Model validation - recovery of true parameters when fitting to
simulated data

model 1 - basic
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Figure A3.3.1. Comparison of true Fol values used in binomially distributed data simulation
and recovered estimates for all four catalytic models of infection. Red represents true values,
blue dots are central estimates and bars are 95% Crls from model fitting to multiple simulations
for each set of parameters.
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model 1 - basic
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Figure A3.3.2. Comparison of true Fol values used in overdispersed data simulation and
recovered estimates for all four catalytic models of infection. Red represents true values, blue
dots are central estimates and bars are 95% Crls from model fitting to multiple simulations for
each set of parameters.
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Figure A3.3.3. Comparison of true and recovered estimates for the rate of waning of mAbs,
. Red represents true values and blue represents recovered estimates (blue 95% Crl for fitting to
multiple simulated datasets). The value of @ is recovered well.
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Figure A3.3.4. Comparison of true and recovered estimates for the rate of waning of Abs

following infection, o. Red represents true values and blue represents recovered estimates (blue
95% Crl for fitting to multiple simulated datasets). The value of ois recovered well.
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Figure A3.3.5. Comparison of the true and recovered estimates of the overdispersion
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estimated.
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A3.4 - Model validation - Influence of each individual dataset

To check the influence of each real data set on the global parameters, each data set was removed
in turn and the parameters were re-estimated. The ranking of model 4 as the best fitting model
was not affected by the exclusion of any dataset (Figure A3.4A4). The parameter estimates were
relatively consistent when each of the 23 datasets were removed (Figures A3.4B-E), with two
notable exceptions. Firstly, for model 4 (Figure A3.4E), omitting the dataset measuring
seroprevalence in Kenya [88] increased estimates for w and o when the seroprevalence data
was assumed to be binomially distributed. This effect was lessened when the data was assumed
to be over dispersed. Secondly, the removal of the seroprevalence in dromedaries in Egypt
described in [63] decreased the rate of waning of mAbs considerably in both model 2 (Figure
A3.4C€) and model 4, and decreased the estimated overdispersion parameter. Removal of the
dataset had little effect on the estimated rate of antibody waning following infection (o) when
mAbs were included in the model, but for model 3 - in which mAbs are absent - its omission led
to an increase in the estimate of . The study in question measured a much lower
seroprevalence measure for young calves compared to the other studies included in model
fitting. This difference likely explains the dataset’s effect on ® and on the overdispersion

parameter.
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Figure A3.4.1 Comparison of the DIC across models when each dataset is left out in turn
(model 1: seroconversion, model 2: seroconversion + mAbs, model 3: seroconversion +

seroreversion, model 4: seroconversion + mAbs + seroreversion). The best fitting model is model 4
in all cases. Adding seroreversion alone to the model improves fit by more than adding mAbs alone

except when Egypt (Kandeil et al 2019) is excluded in which case there is a reversal in model rank.
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the central estimates when all datasets are included.
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Figure A3.4.3. Comparison of the model 2 estimates of the overdispersion parameter, k, and

the rate of waning of mAbs, @, when each dataset is left out in turn. Error bars represent 95%

Crls. The pink dotted line represents the central estimates when all datasets are included.
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central estimates when all datasets are included.
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A3.5 - DIC models when alternative fixed test-specific sensitivity and
specificity is used

Table A3.5.1 Comparison of model fit for alternative fixed values of test-type specific
sensitivity and specificity - when test-specific sensitivity is reduced from 99% to 85% for
neutralisation tests, and specificity is reduced from 100% to 85% for ELISAs

Effective
number of
DIC parameters
Over dispersed | seroconversion 513 17
seroconversion + seroreversion 504 20
seroconversion + mAbs 494 18
seroconversion + mAbs + seroreversion 490 19
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A3.6 - Catalytic model fits for all models

Seroprevalence

Figure A3.6.1. Predicted seroprevalence and Fol estimates using Model 1a (binomial). A. Predicted seroprevalence by age (blue) with vertical 95%
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credible intervals, fitted to age-stratified seroprevalence shown with vertical 95% confidence intervals (red). Horizontal bars show age class width B.
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Figure A3.6.6. Predicted seroprevalence and Fol estimates using Model 3b (overdispersed). A. Predicted seroprevalence by age (blue) with vertical
95% credible intervals, fitted to age-stratified seroprevalence shown with vertical 95% confidence intervals (red). Horizontal bars show age class width
B. Posterior estimates for the Fol for each study, where the point represents the mean, the thicker line represents the 25t-75t percentiles and the thinner
line represents the range of samples falling between the 2.5t and 97.5t percentiles.

216



A Eaot B | o =
Egypt Egypt Ethiopia Kenya Kenya gypt
Ali et al 2017 [73] Kandeil et al 2019 [63] Reusken et al 2014 [99] Deem et al 2015 [133] Munyua et al 2017 [88] -
1,00 p—— \/’/J——ui Egypt
0.75 i T iaDi
050 | =t . - . Ethiopia
025 7 Kenya d
0.00 Kenya . -
Kenya Senegal Tunisia Tunisia Uganda Kenya e
Ommeh et al 2018 [67] Kandeil et al 2019 [63] Kandeil et al 2019 [63] Reusken et al 2014 [99] Kandeil et al 2019 [63]
1.00 Senegal .
075 iai -
os0 | A1 \/ U/‘F/ W Tunisia
0.25 : Tunisia .
00 Uganda . —
Iraq Iraq Jordan Jordan ||'aq L4
o} Kandeil et al 2019 [63] Thwiny et al 2018 [183] Kandeil et al 2019 [63] van Doremalen et al 2017 [124] Alagaili et al 2014 (1992) [73]
“-:3 1.00 ; Irag o
0.75
o pe \/r W H ¥ Jordan .
e 0.25 Jordan
o e KSA .
S
8‘ KSA KSA KSA KSA UAE KSA -
[ Alagaili et al 2014 (2013) [73] Harrath et al 2018 [192] Hemida et al 2013 [193] Kandeil et al 2019 [63] Wernery et al 2015[116]
(] 1.00 4 M..—.—— KSA —-—
7p] 0.75 "
050 W v, KSA -~
025 KSA .
0.00
0 5 10 15 20 0 5 10 15 20 UAE e o
Bangladesh Pakistan Pakistan
Islam et al 2015 [125] Saqib et al 2016 [102] Zohaib et al 2018 [69] g) BangladeSh »
o ~ data | Pakistan o
0.50 W 74 ~ predicted =3 Pakistan .
025 \| _— } b2 0 3 ) 8
0.00 n Fol
0 5 10 15 20 0 5 10 15 200 5 10 15 20 5' o

Age (years)

Figure A3.6.7. Predicted seroprevalence and Fol estimates using Model 4a (binomial). A. Predicted seroprevalence by age (blue) with vertical 95%
credible intervals, fitted to age-stratified seroprevalence shown with vertical 95% confidence intervals (red). Horizontal bars show age class width B.
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Table A3.6.1. Parameter estimates for core catalytic models (with test sensitivity fixed at 99% when not fitted, and test specificity fixed at 100%).

parameter

region

country

study

1. basic

binomial

over-dispersed

2. basic + mAbs

binomial

over-dispersed

3. basic + seroreversion

binomial

over-dispersed

4. basic + mAbs + seroreversion

binomial

over-dispersed

Fol, A

Africa

Egypt

Ethiopia

Kenya

Senegal

Tunisia

Uganda

[72]
[63]
[99]
[133]
[97]
[67]
[63]
[63]
[99]

[63]

0.23 (0.22, 0.25)
0.21 (0.20, 0.23)
1.11 (0.78, 1.59)
0.13 (0.11,0.16)
0.55 (0.48, 0.63)
0.15 (0.14, 0.17)
0.13 (0.10, 0.16)
0.28 (0.25, 0.32)
0.10 (0.08,0.12)

0.17 (0.14,0.19)

0.23 (0.20, 0.27)
0.22 (0.18, 0.25)
1.38 (0.58,3.71)
0.13 (0.08, 0.20)
0.58 (0.4, 0.78)
0.15 (0.13,0.19)
0.14 (0.09, 0.23)
0.29 (0.22, 0.40)
0.11 (0.06,0.17)

0.16 (0.10, 0.23)

0.21(0.2,0.23)
0.20 (0.19, 0.22)
2.60 (1.22,5.91)
0.10 (0.08,0.12)
0.75 (0.63, 0.89)
0.15 (0.14,0.17)
0.13 (0.1,0.17)
0.32 (0.27,0.37)
0.10 (0.08,0.13)

0.14 (0.12,0.17)

0.22 (0.19, 0.25)
0.20 (0.17, 0.24)
3.53 (0.96,9.07)
0.11 (0.07,0.15)
0.83 (0.59, 1.18)
0.15 (0.13,0.18)
0.14 (0.09, 0.23)
0.33 (0.24, 0.46)
0.11 (0.06,0.17)

0.15 (0.11,0.21)

0.55 (0.49, 0.62)
0.48 (0.43, 0.54)
3.99 (1.94,8.33)
0.29 (0.23,0.36)
1.09 (0.92, 1.29)
0.38 (0.33, 0.44)
0.31 (0.23,0.41)
0.94 (0.75,1.18)
0.18 (0.14, 0.24)

0.40 (0.33, 0.48)

0.61 (0.48, 0.76)
0.52 (0.41, 0.66)
4.28 (1.48,9.25)
0.30 (0.18, 0.47)
1.71 (1.01, 3.39)
0.43 (0.32, 0.58)
0.39 (0.21,0.72)
1.26 (0.73, 2.22)
0.22 (0.12, 0.36)

0.46 (0.29,0.7)

0.40 (0.34, 0.46)
0.36 (0.31, 0.42)
3.79 (1.91,7.57)
0.18 (0.14, 0.22)
1.04 (0.88, 1.23)
0.28 (0.24, 0.34)
0.23 (0.17, 0.30)
0.64 (0.50, 0.81)
0.15 (0.11,0.19)

0.26 (0.21,0.33)

0.50 (0.38, 0.64)
0.44 (0.34, 0.56)
4.01 (1.46,9.17)
0.24 (0.14,0.37)
1.36 (0.91, 2.16)
0.36 (0.26, 0.48)
0.32 (0.17, 0.55)
0.95 (0.56, 1.63)
0.19 (0.11,0.31)

0.35 (0.22, 0.54)

Middle East

Iraq

Jordan

KSA

UAE

[63]
[183]
[63]
[124]

[73] year 1992
[73] year 2013
[192]
[193]

[63]

[116]

0.12 (0.06, 0.2)
0.53 (0.42,0.67)
0.49 (0.38,0.62)
2.30 (1.40, 3.55)
0.76 (0.57, 0.99)
0.78 (0.58, 1.02)
0.59 (0.47,0.71)
2.30 (1.64,3.14)
0.22 (0.18,0.28)

7.01 (3.24,9.71)

0.45 (0.05, 2.54)
1.63 (0.4, 8.09)
0.57 (0.30, 1.08)
2.50 (0.81,5.71)
1.73 (0.51, 6.67)
0.84 (0.41,1.57)
4.61 (0.67, 9.65)
2.53 (0.99, 6.94)
0.24 (0.14, 0.44)

6.62 (2.89,9.79)

0.11 (0.05, 0.2)
0.54 (0.40,0.73)
0.43 (0.32,0.58)
2.57 (1.00, 5.67)
0.65 (0.45,0.93)
0.54 (0.36,0.79)
0.68 (0.52, 0.88)
2.24 (1.41,3.45)
0.24 (0.19,0.31)

2.34 (1.62,3.41)

0.34 (0.04, 1.74)
1.18 (0.40, 4.21)
0.48 (0.27, 0.87)
3.56 (0.70, 8.96)
0.91 (0.37, 2.36)
0.62 (0.30,1.23)
2.39 (0.53, 8.48)
2.56 (1.07, 6.47)
0.27 (0.15, 0.48)

3.34 (1.58,7.59)

0.28 (0.12, 0.55)
1.48 (1.00, 2.22)
1.10 (0.83, 1.44)
2.84 (1.62, 4.80)
1.93 (1.35,2.71)
1.21 (0.90, 1.60)
1.57 (1.02, 2.39)
3.38 (2.35,4.84)
0.66 (0.47,0.91)

5.17 (3.74, 7.20)

1.11 (0.13, 5.58)
2.61(0.91,7.03)
1.31(0.73,2.36)
3.57 (1.12,8.43)
243 (1.11, 5.44)
1.43 (0.77, 2.67)
3.76 (1.24, 8.85)
3.7 (1.82,7.61)
0.91 (0.41, 2.05)

5.79 (3.12,9.41)

0.20 (0.09, 0.39)
1.09 (0.75, 1.57)
0.83 (0.60, 1.13)
3.27 (1.45, 6.8)
1.46 (0.97,2.13)
0.96 (0.66,1.33)
1.03 (0.70, 1.56)
2.65 (1.80, 3.89)
0.46 (0.33,0.63)

3.41(2.31,4.99)

0.86 (0.09, 4.74)
2.14 (0.76, 5.96)
1.11 (0.61, 1.95)
4.16 (1.14,9.28)
2.10 (0.93, 4.81)
1.23 (0.65, 2.24)
3.61 (1.08,8.95)
3.21 (1.57, 6.86)
0.70 (0.33, 1.54)

4.96 (2.46,8.93)

South Asia

Bangladesh

Pakistan

[125]
[102]

[69]

0.05 (0.03, 0.08)
0.09 (0.08,0.10)

0.24 (0.22, 0.26)

0.08 (0.02,0.19)
0.09 (0.06,0.12)

0.26 (0.21, 0.33)

0.05 (0.03,0.07)
0.09 (0.07,0.10)

0.26 (0.23, 0.28)

0.06 (0.02,0.14)
0.09 (0.06,0.12)

0.29 (0.23,0.35)

0.10 (0.05,0.16)
0.15 (0.13,0.18)

0.55 (0.47, 0.64)

0.17 (0.05, 0.44)
0.16 (0.12,0.23)

0.61 (0.45, 0.84)

0.07 (0.04,0.12)
0.12 (0.10,0.15)

0.42 (0.36, 0.49)

0.13 (0.04,0.33)
0.14 (0.10, 0.20)

0.51 (0.38, 0.70)

o

K™

Global

across all studies

NA
NA

NA

NA
NA

3.56 (3.04,4.13)

1.09 (0.96, 1.24)
NA

NA

1.17 (0.91, 1.48)
NA

2.81(2.27,3.38)

NA
0.11 (0.09,0.12)
NA

NA
0.13 (0.09,0.17)

2.83 (2.28,3.43)

2.40 (1.84,3.24)
0.06 (0.05, 0.08)
NA

(*rate of waning of maternally acquired antibodies, **rate of waning of antibodies following infection, ***overdispersion parameter)
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4.42 (2.18,9.00)
0.09 (0.06,0.13)
2.60 (2.04,3.21)



Table A3.6.2. Parameter estimates for overdispersed catalytic models whilst using
alternative test-type specific sensitivity and specificity (sensitivity 99% ELISA & PM, 85% MN &
ppNT, and specificity 85% ELISA, 100% PM, MN, ppNT)

country

study

1. basic

over-dispersed

2. basic +
mAbs

over-dispersed

3. basic +
seroprevalence

over-dispersed

4. basic + mAbs +
seroreversion

over-dispersed

Egypt

Ethiopia

Kenya

Senegal

Tunisia

Uganda

[72]
[63]
[99]
[133]
[97]
[67]
[63]
[63]
[99]

[63]

0.64 (0.47, 0.85)
0.39 (0.31,0.50)
3.63 (0.82,9.54)
0.13 (0.08,0.19)
0.59 (0.43, 0.80)
0.13 (0.11,0.16)
1.18 (0.14, 8.07)
6.98 (2.71,9.87)
0.11 (0.06, 0.16)

1.24 (0.41,3.00)

0.75 (0.57, 0.99)
0.51 (0.39, 0.65)
3.77 (1.03, 9.46)
0.18 (0.11, 0.28)
0.75 (0.54, 1.07)
0.19 (0.14, 0.26)
1.07 (0.19, 6.99)
7.15 (3.00, 9.89)
0.13 (0.08, 0.22)

1.00 (0.42,2.17)

0.54 (0.4, 0.74)
0.38 (0.3, 0.48)
4.53 (1.14,9.60)
0.12 (0.08,0.18)
0.71 (0.50, 1.00)
0.13 (0.11,0.16)
0.92 (0.14,7.37)
6.98 (2.68,9.87)
0.11 (0.06,0.17)

0.67 (0.20,1.98)

0.69 (0.51,0.92)
0.48 (0.37,0.63)
411 (1.17,9.48)
0.16 (0.10, 0.25)
0.80 (0.57,1.13)
0.18 (0.14, 0.24)
0.91 (0.18, 6.39)
7.16 (2.98,9.89)
0.13 (0.08,0.21)

0.78 (0.30, 1.79)

Iraq

Jordan

KSA

UAE

[63]
[183]
[63]
[124]
[73] 1992
[73] 2013
[192]
[193]
[63]

[116]

4.23(0.18,9.65)
4.05 (0.50,9.57)
2.17 (0.70, 7.55)
2.68 (0.71, 7.80)
2.06 (0.50, 6.96)
0.76 (0.34, 1.55)
6.83 (2.64,9.86)
6.50 (2.74,9.80)
0.24 (0.12, 0.39)

6.41 (2.95,9.76)

4.01 (0.2, 9.64)
2.79 (0.54, 8.86)
2.72 (0.87,8.35)
2.88 (0.77,7.95)
1.81 (0.64, 5.11)
0.90 (0.43, 1.75)
6.86 (2.67,9.86)
6.78 (3.01,9.84)
0.37 (0.17,0.83)

5.75 (2.56,9.61)

4.03 (0.14, 9.63)
2.75 (0.41,9.12)
2.11 (0.66, 7.30)
3.55 (0.71,9.10)
1.48 (0.38, 5.47)
0.65 (0.28, 1.38)
6.87 (2.65,9.87)
6.50 (2.64,9.83)
0.23 (0.13,0.39)

5.24 (1.68,9.61)

3.88(0.17,9.62)
2.32 (0.48, 8.44)
2.60 (0.82, 8.28)
3.60 (0.80, 9.10)
1.62 (0.55, 4.66)
0.81(0.37, 1.62)
6.89 (2.67,9.87)
6.73 (2.94,9.83)
0.33 (0.17,0.68)

5.27 (1.94,9.51)

Bangladesh

Pakistan

[125]
[102]

[69]

0.37 (0.03, 4.02)
0.12 (0.09, 0.17)

0.23 (0.18,0.29)

0.31 (0.04, 2.14)
0.15 (0.10, 0.21)

0.30 (0.23, 0.40)

0.21 (0.03, 1.00)
0.13 (0.09, 0.17)

0.24 (0.19, 0.30)

0.26 (0.04, 1.37)
0.15 (0.10, 0.20)

0.29 (0.23, 0.38)

parameter | region
o]
2
&
<
Fol, 1

o
w
(3]
|24}
2
=
b
=
8
w
<
<
-~
=
]
w

o

o

o

Global

across all studies

NA
NA

2.84 (2.29,3.44)

2.67 (1.56, 4.57)
NA

2.64 (2.09, 3.23)

NA
0.03 (0.01, 0.06)
2.78 (2.22,3.38)

4.54(2.13,9.04)
0.03 (0.01, 0.05)
2.62 (2.06,3.23)

(*rate of waning of maternally acquired antibodies, **rate of waning of antibodies following
infection, ***overdispersion parameter
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A3.7 - Parameter correlation
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Figure 3.7.1 Correlation between posterior samples when seroprevalence is assumed to be
overdispersed. A. Model 1. seroconversion: very little correlation as expected for study-specific
Fol estimates. B. Model 4. seroconversion + mAbs + seroreversion: correlation between Fol and
seroreversion parameter (and therefore correlation between Fol values indirectly).
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Figure 3.7.2 Correlation between posterior samples when seroprevalence is assumed to be

binomially distributed. A. Model 1. seroconversion: very little correlation as expected for study-

specific Fol estimates. B. Model 4. seroconversion + mAbs + seroreversion: correlation between Fol
and seroreversion parameter (and therefore correlation between Fol values indirectly)
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A4.1 Ro estimates across all scenarios

Table A4.1. Ry estimates across all scenarios. See separate file “A4.1.xlsx”

A4.2 Mean Re values are close to unity at endemic equilibrium

Table A4.2. Mean R. values are close to unity at endemic equilibrium.

Region

Study population

Re

relative infectiousness of reinfections

1%

25%

50%

Africa

Egypt, Kandeil et al, 2019 [63]
Egypt, Alietal, 2017 [72]
Ethiopia, Reusken et al, 2014 [99]
Kenya, Deem et al, 2015 [133]
Kenya., Munyua et al, 2017 [88]
Kenya, Ommeh et al, 2018 [67]
Senegal, Kandeil et al, 2019 [63]
Tunisia, Kandeil et al., 2019 [63]
Tunisia, Reusken et al, 2014 [99]
Uganda, Kandeil et al,, 2019 [63]

0.97 (0.96, 0.97)
0.97 (0.96, 0.97)
1.00 (0.98, 1.01)
0.96 (0.96, 0.96)
0.98 (0.98, 0.99)
0.96 (0.96, 0.97)
0.96 (0.96, 0.97)
0.98 (0.97, 0.99)
0.96 (0.96, 0.96)
0.96 (0.96, 0.97)

0.97 (0.97, 0.97)
0.97 (0.97, 0.98)
0.99 (0.98, 0.99)
0.97 (0.96, 0.97)
0.98 (0.98, 0.98)
0.97 (0.97, 0.97)
0.97 (0.97, 0.97)
0.98 (0.97, 0.98)
0.97 (0.96, 0.97)
0.97 (0.97, 0.97)

0.97 (0.97, 0.98)
0.98 (0.97, 0.98)
0.98 (0.98, 0.99)
0.97 (0.97, 0.97)
0.98 (0.98, 0.98)
0.97 (0.97, 0.98)
0.97 (0.97, 0.98)
0.98 (0.98, 0.98)
0.97 (0.97, 0.97)
0.97 (0.97, 0.98)

Middle East

Iraq, Kandeil et al, 2019 [63]

Iraq, Thwiny et al.,2018 [183]

Jordan, Kandeil et al, 2019 [63]

Jordan, van Doremalen et al, 2017 [124]
KSA, Kandeil et al, 2019 [63]

KSA, (2013) Alagaili et al, 2014 [73]
KSA (1992) Alagaili et al, 2014 [73]
KSA, Harrath et al, 2018 [192]

KSA, Hemida et al, 2013 [193]

UAE, Wernery et al, 2015 [116]

0.98 (0.96, 1.00)
0.99 (0.97, 1.00)
0.98 (0.97, 0.99)
1.00 (0.98, 1.01)
0.97 (0.96, 0.99)
0.98 (0.97, 0.99)
0.99 (0.98, 1.00)
0.99 (0.98, 1.01)
0.99 (0.99, 1.00)
1.00 (0.99, 1.01)

0.98 (0.96, 0.99)
0.98 (0.98, 0.99)
0.98 (0.97, 0.98)
0.99 (0.98, 0.99)
0.98 (0.97, 0.98)
0.98 (0.98, 0.98)
0.98 (0.98, 0.99)
0.98 (0.98, 0.99)
0.98 (0.98, 0.99)
0.99 (0.98, 0.99)

0.98 (0.97, 0.98)
0.98 (0.98, 0.99)
0.98 (0.98, 0.98)
0.98 (0.98, 0.99)
0.98 (0.97, 0.98)
0.98 (0.98, 0.98)
0.98 (0.98, 0.98)
0.98 (0.98, 0.99)
0.98 (0.98, 0.99)
0.98 (0.98, 0.99)

South

Asia

Bangladesh, Islam et al, 2018 [125]
Pakistan, Saqgib et al, 2017 [102]
Pakistan, Zohaib et al,, 2018 [69]

0.96 (0.95, 0.96)
0.96 (0.96, 0.96)
0.97 (0.96, 0.97)
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0.97 (0.96, 0.97)
0.97 (0.97, 0.98)
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0.97 (0.97,0.97)
0.98 (0.97, 0.98)



A4.3. Choosing representative Ro values

The relationship between the inferred force of infection, and the estimated Ry is highly
dependent on the assumed relative infectiousness of reinfections. Throughout the analysis I
explore three different infectiousness scenarios (where reinfected animals are either 1%, 25%
or 50% as infectious as first-time infected animals). For each of the three infectiousness
scenarios I have selected 4 Ro values (Low, medium, High, and Very High) to span the
transmissibility inferred across the 23 age-stratified seroprevalence studies. Figure A4.1 shows
the values chosen for each infectiousness scenario, and how they compare to the estimated Ry

values across the studies.

relative infectiousness of reinfections

1% 25% 50%
- I L. | I I . I I | L
i : i —— : —— : i
1 1 1 1 ] 1 1 1 1 1 ] 1
Vo : ¢ A A £ vl : ¢
0.010| 385:7 14 o221 25 14 155 ¢17.5 175125 135 e 145
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Figure A4.3.1 Choosing representative Ry values. The Ry values for use in analysis represent
the full span of inferred transmissibility across the 23 studies of age-stratified seroprevalence
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A4.4 Persistence of transmission in homogeneous and structured
populations

relative infectiousness of reinfections
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structured population model: connectivity - 0.001 - 0.01 - 0.1

Figure A4.4.1 Persistence of transmission in homogeneous and structured populations. The
persistence of transmission for 25 years after background Fol is turned off is shown for the model
assuming a homogeneous population (solid lines), and for a structured population where the sub
populations are connected to increasing degrees (dotted and dashed lines). Results are shown for
different assumed levels of infectiousness of reinfections (panels from right to left) and for different
transmission settings (panels top to bottom, with Ro values shown in the colour key for each
reinfection assumption).
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A4.5 CCS estimates as determined using different cut-offs for defining
persistence

structured, structured, structured,
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Figure A4.5.1 CCS estimates as determined using different cut-offs for defining persistence.
CCS estimates are presented as the window of population sizes between which transmission
persists in a closed population in >50% of stochastic model runs. The CCS estimates are relatively
robust to different cut-offs for measuring of persistence if they are taken >5 years after
background Fol is switched off. Colours represent CCS estimates calculated using the four different
measures of persistence. Results are shown for different levels of relative infectiousness of
reinfected individuals (panel rows), and for different population structures (panel columns). In the
structured models, a connectivity of 0.01, for example, means that 1% of an individual’s contacts
are individuals from each of the 2-4 neighbouring herds outside their own herd (making up a total
of 2-4% of their contacts), and the remainder of their contacts are within their own herd.
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A4.6 Periodicity when births are moderately seasonal
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Figure A4.6.1 Periodicity when births are moderately seasonal (6 = 0.5) as opposed to fully
seasonal. The proportion of stochastic simulations of persistent transmission in which periodicity
was annual (purple), biennial (blue), triennial (green), quadrennial (yellow) and other (grey) for
increasing population sizes along the x-axis. Each panel shows the results for a particular
transmission intensity (columns) and for different assumed level of infectiousness of reinfected
animals relative to first-time infections (rows).
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A5.1 The effect of target age of vaccination on incidence of infection when
mAbs last 6 months

10000

parameters

RO = very high, p=1
RO = very high,p=3
RO = verz high, p=1
RO = high, p=

RO = high, p =
RO = high, p =
RO = mediu
RO = mediu
RO = mediu
RO = low, p
RO = low, p
RO =low, p
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1t

+

1
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1
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p

nnn333
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5000

cumulative incidence over 10 years per 1000

0 [&] 12 18 24 30 36 42 48
age targeted (months)

Figure A5.1.1 The effect of target age on the cumulative incidence of infection in the ten
years following vaccine introduction, when mAbs were assumed to last six months, rather
than 3 months. Incidence is measured as the cumulative incidence per 1000 animals. Colours
indicate different combinations of Ry and duration of vaccine-induced effects, p. Dotted lines show
the incidence in the absence of vaccination for each Ry value. Assumptions: vaccination reduced
infectiousness and susceptibility (scenario 1) and infectiousness was proportional to viral RNA
shedding. Points show mean values over 100 stochastic runs, and transparent ribbons represent
95% quantiles.
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A5.2. The percentage of stochastic model runs in which a patch experienced
infection when infectiousness was proportional to the log(viral shedding)

% of runs in which an average B ——
patch experiences infection 0 25 50 75 100
A moderate high very high

moderate high ) very h\gh

o |
= |
EENE
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000°GZ

Figure A5.2.1 The percentage of stochastic model runs in which a patch experienced
infection in scenario 1, when infectiousness was proportional to log(viral RNA shedding) for
each year following vaccine introduction. Results are shown in different transmission settings
(columns), and for different durations of vaccine induced effects (rows), for A. a population of
500,000 dromedaries and B. a population of 75,000 dromedaries.
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Figure A5.2.2 The percentage of stochastic model runs in which a patch experienced
infection in scenario 2, when infectiousness was proportional to log(viral RNA shedding),
for each year following vaccine introduction. Results are shown in different transmission settings
(columns), and for different durations of vaccine induced effects (rows), for A. a population of
500,000 dromedaries and B. a population of 75,000 dromedaries.
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Appendix 6

A6.1 Assuming a constant mortality rate, po, for camels <2 years, and p for
camels =2 years rather than a uniform age distribution within each class

In the core results presented in Chapter 3, the Fol estimates produced by fitting catalytic
models to age-stratified seroprevalence data are based on predicted seroprevalence which
assumed a uniform distribution of age within each age class sampled. On the other hand, in the
dynamic model animals are assumed to die at a constant rate of L, for animals <2 years, and p
=2 years, meaning survival and the resultant age distribution is exponential. In order to assess
how Fol estimates are affected by the assumed age distribution within each age class,
alternative solutions for the predicted seroprevalence in each age class were used to refit the
catalytic models assuming constant rates of mortality of o for animals <2 years, and p 22 years
rather than assuming a uniform age distribution. This appendix details how the alternative
solutions were reached, before describing the effect of changing the assumed age distribution

on the parameter estimates.
Solutions

In the most complex model of seroconversion, the predicted seroprevalence at age a is given by:

A

A
(@ = 7o~ (1= e”@ %) —my (6700 - 7)) A6.1.1

Where A is the rate at which animals become seropositive (the Fol), o is the rate at which
seropositivity wanes, m; is the proportion of calves born with maternally acquired antibodies

(mAbs) and w is the rate at which these mAbs wane.

With a constant mortality rate of po for animals <2 years, and p 22 years, survival at age a is:

s(a) = e Hoa a<?2 A6.1.2
s(a) = e~ (2Hotu(a-2) a=>?2
= e Hag2(k—Ho) A6.1.3
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The age distribution is f(a) = cs(a) where c is the normalising constant:

_ 1
B fom s(a) da

%z J:Os(a) da

2 [*%)
= J. e Hoa dgq + e2(k—ko) f e He dq
0 2

—poa42 —pa®
= [— € ] + ez(ﬂ_ﬂo) [_ € ]
Ho 0 u 2

1—e~2H0  p—2Mo
=——+
Ho U

Bt (o — e
Holt

Meaning that:

@) = s(@)uop

= A6.1.4
1+ (pg — pe 2o

The predicted seroprevalence in a representatively sampled age class ranging from a, to a, is:

— A6.15
Jop f(@) da

pla, = az) =

Taking the predicted seroprevalence at age a (equation A6.1.1) and the age distribution

(equation A6.1.4 and A6.1.5) becomes:

1. Whena; < 2anda, < 2, f(a) o« uge ¢

A ot #Oe—(l+0'+lto)a m, /1#0 e~ (@+uo)a e_(’1+0'+ﬂo)a a,
" | —p~Ho _ _
[A+0( e + A+o+u ) l+0’—w((u+u0 l+a+y0)]a1

e+

pa; = ay) =
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A+o U B A+o+p

Uo 1 [e B _ p—Hodz  p—(Atotuglay _ p—(A+atug)az
- e "Hol1 — p—Hoa2

T A+to-w

mg A e~ (w+pglay _ o—(w+pglaz e~ @+a+uglay _ p,—(A+d+ugla;
A6.1.6

W + U A+ +py

2. Whena,; =2anda, =2, f(a) < ue **sop(a; = a,) is the same as for equation

A6.1.6, substituting u replacing u,

3. Whena,; < 2 and a, = 2, the age class is split into two and each band is dealt with

separately before averaging the predicted seroprevalence across the whole age class

whilst considering the age distribution:

First the age band is splitinto a; — a} and aj — a, where:

Then p(a; = 2)and p(2 = a,) must be calculated, and average appropriately to get

p(a; = a,) as follows:

Fip(a; = 2) + F,p(2 - a,)

a = a =
p(a, 2) F,+ F,
where:
2 c
A= [ fl@da = fetocs — e7a
aq Ho
c —2uo

F, = f O

So:

ule 0 — e=2]p(a, - 2) + pge 2 [1 — e M@ Dp(2 - ay)

p(al - (12) - ”[e—#olh —_ e‘zﬂo] + /,106_2#0[1 — e‘#(az_z)]
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Similarly, the proportion of animals with maternally acquired antibodies, when constant

mortality rates are considered, is as follows:

Whena; < 2,a, < 2:

.UOmO (e_(aH'HO)al — e_(aH'HO)aZ)

(@ + o) (e ot — e o)

m(a; = a;) =

Whena; > 2,a, > 2:

MmO (e_(w"'#)al — e‘(“”’#)“z)

(@ + )(eFa = )

m(a; » az) =

Andwhena; < 2,a, = 2:

Fim(a; » 2)+ F,m(2 - ay)
F, +F,

m(a; » az) =

The effect of the assumed age distribution on parameter estimation

Assuming an exponential age distribution within the age classes, with a constant mortality rate
of u, for animals <2 years, and u for animals =2 years, led to small increases in some of the Fol
estimates (displayed in Table A6.1.1 alongside the core estimates for the best fitting model
presented in Chapter 3). This slight increase is likely to be because when a constant mortality
rate is considered, animals are exponentially distributed within the age class meaning more of
the animals in the class are towards the younger age boundary as compared to when the age
distribution is assumed to be uniform in the core results in Chapter 3. The rate of waning of
mADbs, o, also increased when age distribution was assumed to be exponential, giving an
average duration of 2 months of maternally acquired protection as opposed to the 3 months
estimated when the age distribution is assumed to be uniform. The rate of waning of antibodies
following infections, o, and the overdispersion parameter, k, were not affected by the change in

assumed age distribution.
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Dataset

Model 4b:
Uniform age
mean (95% Crl)

Table A6.1.1 Comparing parameter estimates when individuals are assumed to be distributed
uniformly versus exponentially as a result of considering mortality rates within each age class

Model 4b:
Exponential age
mean (95% Crl)

Fol, 1

rate of waning of
mAbs,

rate of waning of
Abs, o
Overdispersion, k

Africa

Egypt [72]

Egypt [63]
Ethiopia [99]
Kenya [133]
Kenya [88]
Kenya [67]
Senegal [63]
Tunisia [63]
Tunisia [99]
Uganda [63]
Middle East

Iraq [63]

Iraq [183]
Jordan [63]
Jordan [124]
KSA, 1992-2010 [73]
KSA, 2013 [73]
KSA [192]

KSA [193]

KSA [63]

UAE [116]

Asia

Bangladesh [125]
Pakistan [102]
Pakistan [69]
Global

Across all datasets

Across all datasets

Across all datasets

0.49 (0.37, 0.65)
0.44 (0.34, 0.57)
4.08 (1.44,9.13)
0.24 (0.14, 0.37)
1.36 (0.91, 2.17)
0.36 (0.26, 0.49)
0.32 (0.17, 0.56)
0.95 (0.56, 1.64)
0.19 (0.11, 0.31)
0.35 (0.22, 0.55)

0.84 (0.10, 4.63)
2.17 (0.76, 6.20)
1.11 (0.61, 2.00)
4.18(1.12,9.29)
2.09 (0.93, 4.70)
1.24 (0.64, 2.28)
3.57 (1.13, 8.84)
3.19 (1.59, 6.56)
0.71 (0.33, 1.58)
4.94 (2.43,8.95)

0.13 (0.04, 0.34)
0.14 (0.10, 0.20)
0.52 (0.38, 0.71)

4.42 (2.17,8.96)

0.09 (0.06, 0.13)
2.61 (2.03,3.23)

0.59 (0.46, 0.75)
0.53 (0.42, 0.67)
4.00 (1.44,9.27)
0.29 (0.18, 0.44)
1.37 (0.85, 2.46)
0.37 (0.27, 0.50)
0.38 (0.22, 0.65)
1.04 (0.65, 1.74)
0.22 (0.13, 0.35)
0.41 (0.27, 0.62)

0.97 (0.12, 5.42)
2.53(0.79, 7.31)
1.27 (0.72, 2.31)
412 (1.14,9.14)
2.45 (1.06, 5.78)
1.45 (0.77, 2.73)
2.98(0.97,7.79)
3.33 (1.53, 7.08)
0.80 (0.40, 1.70)
5.41 (2.71, 9.25)

0.17 (0.05, 0.40)
0.15 (0.11, 0.21)
0.53 (0.39, 0.73)

6.30 (3.23, 9.74)

0.10 (0.06, 0.15)
2.68 (2.11, 3.29)

The small increases in Fol and o had little effect on simulated dynamics. When mAbs were
modelled to last for 2 months and the dynamic model was calibrated to the alternative Fol
estimates assuming exponential age distribution, Ro was estimated to be slightly higher for most
populations compared to in the core results in Chapter 3 (Table A6.1.2). However, the range of
transmissibility estimates across the study populations did not meaningfully change, and the
general trend of higher transmissibility estimates for populations sampled in the Middle East

remained.
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Table A6.1.2 Comparing Ry estimates when individuals are assumed to be distributed uniformly versus exponentially as a result of considering mortality

rates within each age class

Ro
relative infectiousness of reinfections:
1% 25% 50%

Study uniform* exponential* uniform* exponential* uniform* exponential*

Egypt [63] 3.8(3.2,4.6) 4.3(3.7,5) 2.6 (2.4,2.9) 2.8(2.6,3.1) 2.0(1.9,2.2) 2.1(2.0,2.2)

Egypt [72] 4.2 (3.4,5.0) 4.6 (3.9,5.4) 2.8(2.5,3.1) 2.9(2.7,3.3) 2.1(1.9,2.3) 2(2.0,2.3)
Ethiopia [99] 21.9 (9.1, 44.9) 21.1 (8.9, 44.7) 7.6 (4.4,12.7) 7.4 (4.4,12.7) 4.5 (29,7.3) 4(2.9,7.3)

Kenya [133] 2.6 (2.0,3.4) 29(2.2,3.8) 2.0 (1.7, 2.5) 2.2(1.8,2.6) 1.7 (1.5,1.9) .8(1.5,2.0)

8 Kenya [88] 8.7 (6.4,12.8) 8.6 (6.0, 14) 4.3 (3.6,5.4) 4.3(3.5,5.7) 2.8(2.5,3.4) 2.8(2.4,3.5)
‘E Kenya [67] 3.4(2.7,4.1) 3.3(2.7,41) 2.4 (2.1,2.8) 2.4(2.1,2.38) 1.9(1.7,2.1) 9(1.7,2.1)
Senegal [63] 3.1(2.2,4.5) 3.4(2.4,4.9) 2.3(1.8,2.9) 2.5(1.9,3.1) 1.8(1.5,2.2) 9(1.6,2.2)
Tunisia [63] 6.6 (4.5,10.1) 6.9 (4.9, 10.4) 3.7 (2.9,4.7) 3.8(3.1,4.8) 2.5(2.2,3.0) 6(2.2,3.1)
Tunisia [99] 2.3(1.7,3.1) 2.5(1.9,3.3) 1.9 (1.5, 2.3) 2.0(1.6,2.4) 1.6 (1.4,1.8) 1.6(1.4,1.9)
Uganda [63] 3.3(2.5,4.5) 3.6(2.8,4.8) 2.4 (2.0,2.9) 2.6(2.1,3.0) 1.9 (1.7,2.1) 2.0(1.7,2.2)

Iraq [63] 6.0 (1.7, 24.4) 6.6 (1.8, 27.6) 3.5(1.5,8.2) 3.7 (1.5, 8.9) 2.4 (1.3,4.8) 2.5(1.4,5.2)

Iraq [183] 12.8 (5.6,31.6) 14.4 (5.7, 36) 5.4 (3.3,9.8) 5.8 (3.4,10.8) 3.4 (2.3,5.7) 3.5(2.4,6.2)
Jordan [63] 7.4 (4.8,11.8) 8.1(5.3,13.3) 3.9 (3.0,5.2) 4.1(3.2,5.5) 2.6 (2.2,3.2) 2.7(2.3,3.4)

*:ms Jordan [124] 22.3(7.5,45.6) 21.7 (7.5, 44.2) 7.7 (4.0,12.9) 7.5(3.9,12.6) 4.5 (2.7,7.4) .5(2.6,7.2)
a KSA [63] 5.3(3.2,9.8) 5.7 (3.5, 10.2) 3.2(2.4,4.6) 3.4(2.5,4.7) 2.3(1.9,3.0) 4 (1.9, 3.0)
g KSA 2013 [73] 8.1(4.9,13.4) 9.0 (5.6, 15.3) 4.1(3.1,5.5) 4.4(3.3,6.0) 2.7 (2.2,3.4) 2.9(2.3,3.7)
s KSA 1992 [73] 12.4 (6.5, 24.7) 14.0 (7.0, 29.2) 5.3(3.6,8.2) 5.7 (3.8,9.2) 3.3(25,4.8) 3.5(2.6,5.4)
KSA [192] 19.5 (7.5, 43.6) 16.5 (6.6, 38.2) 7.0 (4.0,12.5) 6.3(3.7,11.3) 4.2(2.7,7.1) 3.8(2.5,6.5)

KSA [193] 17.7 (9.9, 33.2) 18.1 (9.4, 35.0) 6.6 (4.7,10.2) 6.7 (4.5, 10.6) 4.0 (3.0,5.9) 4.0(2.9,6.1)

UAE [116] 25.8(14.2,44.1) 27.5(15.3,44.7) 8.5(5.7,12.6) 8.9 (6.0, 12.7) 5.0 (3.5,7.2) 5.2(3.7,7.3)

< Bangladesh [125] 1.9 (1.3,3.2) 2.1(1.3,3.5) 1.6 (1.2,2.4) 1.8 (1.2, 2.5) 1.4 (1.1,1.9) 5(1.2,1.9)
2 g Pakistan [102] 2.0(1.7,2.3) 2.0(1.7,2.4) 1.7 (1.5,1.9) 1.7 (1.5, 1.9) 1.5 (1.4, 1.6) 1.5(1.4,1.6)
“ Pakistan [69] 4.3 (3.5,5.3) 4.3(3.5,5.3) 2.8(2.5,3.3) 2.8(2.5,3.2) 2.1(1.9,2.3) 1(1.9,2.3)

* assumed distribution of individuals within each age-class when estimating Fol and o from age-stratified seroprevalence data
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Without having access to the precise ages of dromedaries sampled by the studies, it is not
known whether the true age distribution within the age classes is closer to an exponential
distribution reflecting the mortality rates within the population, or closer to a uniform
distribution. However, this sensitivity analysis suggests that the assumed age distribution
within an age class does not have a considerable effect on the parameter estimates and does not

alter any of the main conclusions drawn from Chapter 3.
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