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Abstract

In this thesis, I build on a validated SARS-CoV-2 transmission model and particle Markov
chain Monte Carlo inference framework to develop a novel parametric method to quantify the effect
of intrinsic and effective factors of transmission and severity dynamics of outbreak pathogens. I
defined intrinsic factors as those determined by direct pathogen’s interaction with a fully susceptible
population assuming baseline social contact patterns and healthcare capacity, and effective factors
as the time-varying pathogen transmissibility and severity given non-pharmaceutical interventions
(NPIs) and changes in healthcare capacity, and the profile of population immunity from prior infec-
tion, vaccination or both.

To demonstrate the utility of my method, I conduct two COVID-19 case studies, one with rich
surveillance data from England, and another with limited data from Kabwe, Zambia, a peri-urban
district economically and demographically representative of low-income settings in the Southern
Africa region. In England, I present estimations of the basic and effective reproduction number,
infection fatality, infection hospitalisation and hospital fatality ratio the Wildtype, Alpha, Delta
and Omicron BA.1 variants, systematically analysing how such key metrics responded to changing
NPIs, healthcare, and population immunity (infection, vaccination or both) between March 2020
and February 2022. In Kabwe, I show the all-cause cumulative excess mortality rate between March
2020 and September 2021 was among the highest known for any low-income setting. I further
demonstrate that an improved access to vaccines and other basic healthcare commodities could have
averted most of this pandemic burden, and conduct an in-depth cost-effectiveness and extended
dominance evaluation of a comprehensive range of counterfactual strategies, with earlier access to
vaccination and improved healthcare, from the health system’s perspective.

Deriving granular epidemiological insights across all income settings, regardless of data lim-
itation, is critical to build an evidence base for a more equitable global preparedness to outbreak

emergencies.



Executive summary

Reliable and streamlined surveillance systems are the cornerstone of advanced epidemiological
modelling, which can play a vital role in informing response interventions to an outbreak emergency.
The COVID-19 pandemic was a surveillance and modelling challenge like no other before it. Devel-
oping mathematical models that could perform robust inference on the many unobserved processes
given available surveillance data was crucial to inform interventions in real-time. In settings where
surveillance capacity was limited, modelling analyses relying solely on officially confirmed cases, hos-
pitalisations and/or deaths yielded vast underestimations of the impact of COVID-19 and likely

misinformed health policy decisions.

In this thesis, I describe how I built on a validated real-time mathematical modelling framework
of SARS-CoV-2 to develop a novel parametric approach to quantifying the effect of intrinsic and
effective factors driving the transmission and severity of the virus. My models were stochastic and
used particle Markov chain Monte Carlo for conducting Bayesian inference on the epidemiological
parameters of interest for the analyses I conducted. I defined intrinsic drivers as those explicitly
determined by the virus interacting with a fully susceptible population given its baseline social
contact patterns and healthcare capacity. On the other hand, I defined effective drivers as the time-
varying transmissibility and severity of the virus in response to public health interventions, such as
non-pharmaceutical interventions and changes in healthcare capacity, and the profile of population

immunity from prior infection, vaccination or both.

In Chapters 2 and 3, I discuss how I used rich surveillance data from England to develop my
framework and apply it to re-analysing the transmission and severity dynamics of the pandemic
between March 2020 and February 2021. I thus fitted my model to representative data from symp-
tomatic PCR cases positivity, variant genotype frequency (from among positive PCR cases), daily
vaccinations by age and dose (e.g., first, second or booster), infection prevalence from two surveys,
blood donors seroprevalence, hospital admissions, general hospital and ICU bed occupancy, deaths in
hospital and the community. In doing so, I was able to describe how the basic reproduction number
Ry of SARS-CoV-2 increased from 2.6 (95% credible interval [Crl] 2.4-28) with the emergence of
the Wildtype variant, to 8.4 (95%CrI 7.8-9.1) with Omicron BA.1. T also describe the evolution of
the basic infection fatality ratio I F Ry and other severity metrics across virus variant successions. I
find the IF Ry was highest for the Alpha variant, at 3.0% (95%CrI 2.8-3.2) and that the Omicron
BA.1 variant had only a marginally lower [ F Ry than that of the Wildtype variant, at 0.7% (95%CrI
0.5-1.2) and 1.2% (95%CrI 1.1-1.2), respectively. I further systematically analyse how the effective

transmission and severity of the pandemic changed in response to population-level changes in contact



rates (i.e., as a result of non-pharmaceutical interventions [NPIs]), the healthcare ecosystem, and the

evolving profile of immunity from prior infection, vaccination or both.

To then demonstrate the applicability of my methods to settings with limited surveillance
capacity, in Chapter 4 I present a case study of their adaptation to studying sparse SARS-CoV-2
data typical of low-income settings. I specifically conducted an in-depth analysis of the COVID-19
pandemic in Kabwe, Zambia, a peri-urban district economically and demographically representative
of low-income settings in the Southern Africa region. For this analysis I relied on seroprevalence
data from one representative survey across the local second and third waves, and all-cause deaths
data. With the limitations of having limited data to inform my model, I discuss how Kabwe expe-
rienced severe constraints to conduct pandemic surveillance and a disproportionately delayed access
to COVID-19 vaccines and other basic healthcare commodities to mount an effective mitigation re-
sponse. As a result, I find that the pandemic-related all-cause excess mortality rate in Kabwe likely
was of 402 deaths (95%CrI 277-473) per-100,000 people by the end of September 2021, among the

highest known for any low-income setting.

To further quantify the impact of the limitations and delays to roll-out vaccination and im-
plement healthcare improvements in Kabwe on driving this excess mortality burden, in Chapter 5
I conduct a cost-effectiveness evaluation of counterfactual pandemic response interventions. For
this I assessed the disability adjusted life-years lost (DALY) averted and incremental costs to the
health system in each counterfactual scenario against the factual outcomes quantified in Chapter 4.
To assess cost-effectiveness, I further quantified the plausible range of the opportunity cost-based
willingness-to-pay (ocWTP) threshold, the monetary threshold above which less health benefits are
achieved by the health system given health forgone in other priority activities. I demonstrate that a
local roll-out of vaccines in December 2020 with the same weekly vaccination rate achieved by high-
income settings would have likely averted two-thirds of the excess mortality in Kabwe. However,
I also find that such intervention might not have been cost-effective, assuming the lowest plausible
value for the ocWTP threshold of the local health system, at $57.69 2020-US dollars per DALY

averted.

Lastly, to better understand the determinants of cost-effectiveness of pandemic mitigation
strategies in the context of low-income settings, in Chapter 6 I perform an extended dominance
analysis of 250 mutually-exclusive plausible (hypothetical) adoptions of the Coalition for Epidemic
Preparedness Initiative (CEPI) 100-day mission, had it been in place and achieved in Kabwe when
SARS-CoV-2 emerged. I find that having had access to advanced modelling analytics, such as the
ones produced with my methods, in near real-time would have been essential to understand how to
implement CEPI’s 100-day mission optimally, within the context of the local pandemic and healthcare

capabilities. An ambitious roll-out of COVID-19 vaccination targeting 12+ year-olds at an average
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weekly rate of 5% of the population, paired with improved healthcare for severe COVID-19 cases
was a strategy that was never dominated against other available options. Implementing such an
intervention in early May 2020, without delays from the 100-day mission, would have been highly
cost-effective even when assuming the lowest plausible ocWTP threshold. Alas delays (particularly
of 9 months or longer) to its implementation would have not only gradually undermined the health
benefits of the mission, but also likely made it non cost-effective for the health system in Kabwe.
Health systems globally will likely be faced again with decision problems where there will be
limited resources and competing interventions to tackle new outbreak emergencies. Robust modelling
analytics, such as the ones made possible through the methods I developed during my PhD, open up
new avenues to explore the drivers of disease transmission and severity in detail, either with rich or
limited surveillance data. In doing so, I demonstrate that deriving granular epidemiological insights
across all income settings, regardless of data limitation, is critical to build an evidence base for a

more equitable global preparedness to outbreak emergencies.
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Chapter 1

Introduction

The overarching aim of my PhD project was to assess how to robustly exploit available outbreak
data to: a) unpick and quantify the factors that drive its transmissibility and severity dynamics over
time, and b) use the latter knowledge to optimise public health response interventions. Three central
themes underpinned my work. Firstly, that the transmissibility and severity dynamics of an outbreak
are not solely determined by the pathogen itself. Rather, there are two levels of epidemiological
factors that drive these dynamics, intrinsic, or pathogen-driven, and effective or population-level
driven (Section 1.4). Secondly, that both the intrinsic and effective drivers of outbreak dynamics
are constantly changing over time. And, thirdly, that a robust understanding of the effect of these
drivers on outbreak dynamics is of vital importance to devising and optimising public health response
interventions.

During real-world outbreak responses, however, the necessary data to robustly study these
drivers and the resulting dynamics is imperfect, delayed and limited to the surveillance capacity of
health systems [2]. The work I conducted during my PhD introduced several technical innovations
for analysing the transmission and severity dynamics of outbreak pathogens in granular detail, either
with data from health systems with advanced or parsimonious surveillance capacity.

In this thesis, I summarise my research proposing a novel parametric approach to quantify the
effect of intrinsic and effective drivers on the transmissibility and severity dynamics of an outbreak. I
then present two case studies of its applicability to retrospectively studying the time-varying drivers
and dynamics of SARS-CoV-2 using rich surveillance data from England and limited data from Kabwe
district, Zambia, as contrasting examples of factual outbreak dynamics in high-income (HIC) and
low-income country (LIC) settings, respectively. Although these two case studies were retrospective,
I will argue the potential utility and limitations of my proposed approach in real-time analytics. I
then elaborate on my case study of Kabwe to demonstrate how a granular analysis of said drivers and
dynamics allowed me to quantify the dire effects of pandemic response inequity in LICs. Lastly, I

further elaborate on this to estimate the cost-effectiveness of having had optimal capacity to mitigate
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the effects of the COVID-19 pandemic in Kabwe or, more importantly, how to assess the optimisation
of future responses in the context of limited healthcare resources, towards equitable future outbreak
preparedness.

In this chapter, I summarise the relevant context that informed the rational and need for my
research. I begin by giving an overview of the timeline of events during the COVID-19 pandemic
study periods in England and Kabwe, providing key details of the waves by different SARS-CoV-2
variants, response interventions and breath of surveillance data available. I then describe a selected
range of real-time model-based analytics that were employed to assess the transmissibility and severity
dynamics of SARS-CoV-2. As relevant, I will highlight a) how they were used to inform mitigation
interventions, and b) their critical limitations that I sought to address with my research. I then
define intrinsic vs effective drivers of transmissibility and severity, for the purpose of my analyses.
Lastly, I provide a brief comment on pandemic inequality and on the role that prioritising real-time
analytics to inform the response of higher income settings played in them. I conclude this chapter by
outlining my thesis aims and objectives and providing an overview of the structure of the following

chapters.

1.1 SARS-CoV-2 pandemic in England

1.1.1 Surveillance

The first case of COVID-19 was detected in England on January 31, 2020 [3]. Local preparedness
actions and mechanisms to undertake epidemiological intelligence pre-dated the arrival of SARS-
CoV-2. In particular, England benefited from pre-existing strengths and capacity to implement
surveillance and conduct clinical trials of novel therapeutics [3].

In many regards, England was a case study of extraordinarily rich pandemic surveillance data
[4]. The First Few Hundred Cases Study (FF100) was set-up in January 2020 to provide early insights
into the clinical profile of COVID-19 cases [3]. The methodology for the FF100 [5] fed directly into
the World Health Organization’s (WHO) first surveillance action plan, issued in February 2020,
prescribing the undertaking of similar studies across member states [6]. For the case of England,
however, the FF100 study was rapidly superseded by larger, nationally representative studies and
optimised frontline healthcare data collection systems.

An early coordination between national funding, implementation and healthcare institutions
allowed for the rapid deployment of the Government’s flagship polymerase chain reaction (PCR)
testing programme on March 23, 2020 [3]. This programme became fully operational from May

2020 [7], allowing universal testing and detection of symptomatic cases across several settings. Pillar
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1 of the programme covered healthcare workers and patients accessing healthcare settings, and Pillar
2 the general public [3]. For the latter, the government recommended testing be based on the onset
of symptoms like fever, a persistent cough and/or anosmia [3]. However, population test-seeking
behaviours changed over the course of the pandemic, biasing Pillar 2 surveillance given dynamic
sociodemographic aspects, including proximity to test centres, perceived individual-level risk and
digital literacy [7].

Concurrently, England established the Joint Biosecurity Centre (JBC) in May 2020, which
coordinated surveillance and analytics capacity across the NHS, Pillar 2, and a flurry of emerging
national studies [3]. The latter included two landmark representative infection prevalence surveys, the
Office for National Statistics (ONS) Coronavirus Infection Survey [8] and the REal-time Assessment
of Community Transmission (REACT-1) study [9], and what can be considered as the best example
of genomic sequencing surveillance for any pathogen anywhere in the world to date, the COVID-19
Genomics Consortium (COG-UK) [3]. These studies were instrumental in complementing Pillar 2
to track community-level transmission of the virus and the emergence of its different variants [3].
On the one hand, the ONS and REACT-1 studies were prospective, stratified random sample-based
household surveys that tested with PCR individuals across England, regardless of the presence of
symptoms [8,9]. On the other, COG-UK conducted whole genome sequencing of a representative,
daily random sample of all positive cases detected through Pillar 2 [3].

Lastly, the JBC also coordinated a range of clinical trials and routine, near real-time collec-
tion of healthcare data. This included the largest multi-national clinical trials of the pandemic,
the International Severe Acute Respiratory and emerging Infection Consortium’s (ISARIC), and the
COVID-19 Clinical Information Network (CO-CIN) studies [10]. Daily linelist data bases of hos-
pitalised cases linked to outcomes, such as the COVID-19 Hospitalisation in England Surveillance
System (CHESS) [11], and streamlined reporting of situational reports by National Health Service
(NHS) trusts were also set-up in early March 2020, and conducted prospectively throughout the

pandemic.

1.1.2 Analytics and scientific advice

The rich landscape of pandemic surveillance data in England was an enabling factor for a range
of granular analytics that were instrumental to inform the UK Government’s scientific advisory
groups. The Imperial College real-time modelling (ICL-RTM) team (of which I was a member of
prior to my PhD) and several other academic groups used those data to produce weekly modelling
analytics between May 2020 and April 2022. These were routinely reported to the Scientific Pandemic
Influenza Group on Modelling (SPI-M-O), which in turn aggregated them and summarised into

academic consensus statements for the Scientific Advisory Group for Emergencies (SAGE), co-chaired
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by UK Government officials that directly provided scientific advice to the Prime Minster and Cabinet
Office [3].

There were many great scientific breakthroughs in the field of model-based inference and ana-
lytics pioneered by the UK-based academic groups conforming SPI-M-O (see section 1.3). These not
only served to provide the timely analytics that informed the UK’s response, but were also widely
adopted by academic groups and public health agencies world wide. Yet, it was not always the case
that sound analytics underpinned pandemic response decision-making. With the benefit of hindsight,
I discuss instances where analytic evidence and pandemic policies were misaligned in the following

section and in Chapter 3.

1.1.3 SARS-CoV-2 waves and pandemic response

My analysis of the COVID-19 pandemic in England (Chapter 3) spanned from March 16, 2020 to
February 24, 2022. During this period, there were four distinct epidemic waves, with documented
dominance by the initial Wildtype variant of SARS-CoV-2, followed by the Alpha, Delta and Omicron
BA.1 variants of concern (VOCs), respectively (Figure 1.1). The landscape of non-pharmaceutical
interventions (NPI) policies across these waves was highly dynamic, at times informed by the UK
Government’s perception of risks to the health system and, at others, by the consensus analytics
from SPI-M-O submitted to SAGE [3].

Analyses from COG-UK [3] allowed for the complete documentation of several hundreds of
the international importation events of the Wildtype variant in England that occurred from as early
January 2020 [12]. The first official NPIs came into force on March 16, 2020 [13], following the report
of the first confirmed death by COVID-19 in England [14]. The aim of these NPIs was to mitigate
transmission (whereby the rate of social contacts is decreased to limit, but not necessarily stop, new
infections) and prevent hospitalisations from overwhelming the health system [3]. On the same day
these NPIs came into force, the landmark Report 9 from the ICL-RTM team was published [15].
It highlighted that, in the UK and US context, a suppression strategy (whereby contact rates are
decreased to a sufficient level to cause epidemic decline) through the implementation of stringent
NPIs would be needed in order to avoid the hundreds of thousands of deaths that were likely to
occur with a mitigation-only strategy [15].

As it happened, a decision to implement lockdowns, and thus a suppression strategy, had been
taken by several European countries from as early as March 11, 2020 [16]. Ultimately, the UK also
adopted this strategy when the first national lockdown began on March 23, 2020 [13]. Modelling
analyses at the time [3,16-18] indeed revealed that less stringent NPIs were unlikely to achieve the
goal of protecting the health system from being overrun.

The first national lockdown in England ended on May 11, 2020, with an official recommendation
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Figure 1.1: SARS-CoV-2 waves in England from March 16, 2020 to February 24, 2022. The landscape
of NPI policies varied across waves, which were dominated, in succession, by the Wildtype, Alpha,
Delta and Omicron BA.1 variants. For contextual reference, bottom panels shows the number of
cases per-1,000 population detected by the Pillar 2 programme (community based, universal testing)
and the number daily hospital admissions per-100,000 population across England.

to continue working from home where possible and avoid indoor social contacts [3]. Restrictions were
gradually eased and, following the UK Government Treasury’s “Eat Out to Help Out” scheme, non-
essential shops and the hospitality sector re-opened in August 2020 [19] (Figure 1.1). The R; of the
pandemic increased above 1 in response to this sequential relaxation of NPIs [3,18,20], and a second
wave thus ensued (Figure 1.1). Although new NPIs were introduced, including the "rule of six”
(banning of social gatherings of more than six individuals) on September 14, 2020 [21], followed by a

tiered regional system for the introduction and lifting of NPIs [22], pandemic transmission continued
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to rise across all England regions [18,23].

Amidst this new wave of infections, the Alpha VOC was first detected in late September 2020 as
a rise in Pillar 2 cases with a negative S-gene target in qualitative PCR [24]. Early genomic analysis
from cases with linked hospitalisation and death outcomes showed that, compared to the Wildtype
variant, the Alpha VOC was more transmissible and severe [25,26]. The progressive replacement
of the Wildtype by the Alpha VOC led to a further increase in the number of COVID-19 cases
and hospitalisations (Figure 1.1). A second national lockdown, therefore, came into force between
November 5 and December 1, 2020 [27].

By mid-December 2020, the Alpha VOC dominated transmission and, following the ending of
the second lockdown, caused the winter 2020/21 wave in England which culminated in the highest
peak in hospitalisations seen at any point in the national pandemic (Figure 1.1). During the early
stages of this winter wave, on December 8, 2020 England became the first country in the world to
deliver a COVID-19 vaccine outside of a clinical trial [28]. Alas, it became evident that the second
national lockdown had not been as effective at controlling transmission compared to the first one [18].
This was partly explained by the fact that schools and some workplaces were allowed to remain open
during this period [27], but also because of the emergence and dominance of the Alpha VOC [29].
The third (and final) lockdown of the pandemic thus began on January 4, 2021 [29].

During the third lockdown, as the national vaccination programme was well underway, the
SPI-M-O and SAGE groups commissioned modelling analyses by several academic groups looking to
define a strategy for the gradual relaxation of NPIs [3]. This became known as the UK Government’s
‘Roadmap out of lockdown’ (Figure 1.1). It established a series of four steps to be undertaken

gradually, as follows [3]:
1. Step 1: reopening of schools,
2. Step 2: limited reopening of non-essential business and outdoor hospitality,
3. Step 3: reopening of indoor hospitality, and

4. Step 4: ‘freedom day’, where all NPI restrictions would be lifted and night clubs and other

mass-entertainment venues would be allowed to also reopen.

On March 8, 2021, almost a year after the first NPIs were issued in England, the first step of the
roadmap took place (Figure 1.1). This coincided with early reports of the emergence of three novel
VOCs, Beta, Gamma and Delta in South Africa, Brazil and India, respectively, all of which exhibited
an increased transmissibility profile over Alpha, as well as a partial capacity to evade prior infection-
derived immunity [30,31]. Although all these VOCs were eventually detected in England [30], it
was Delta which replaced Alpha as the dominant variant by May 2021 [32,33]. At this point, step
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3 of the roadmap had been taken (Figure 1.1) and the European UEFA football tournament was
taking place. As England advanced through the knockout rounds of the competition new increases
in cases and hospitalisations were seen (Figure 1.1) [32,33]. This led the UK Government to take
a decision to delay step 4 from its originally planed date on June 21 [3]. Despite the dominance of
the more-transmissible Delta VOC, it the vaccination programme had been successful at effectively
suppressing its transmissibility and severity [32,33] and, thus, ‘freedom day* did eventually take place
on July 19, 2021.

A cumulative 79% of the population had received two doses of an approved COVID-19 vaccine
by early October 2021 [34]. So, in the lead-up to the winter of 2021/22, this meant that the accrued
levels of immunity in the population, toped-up with the roll-out of booster (third) doses was expected
to maintain a suppressed trajectory of the epidemic [34]. My PhD began at this stage of the pandemic,
in October 2021, just before the genomic analysis of four sequences from Southern Africa allowed
for the characterisation of a novel VOC, Omicron BA.1, which exhibited the highest number of
mutations to date of any VOC [35]. What became quickly evident at the time was that, as a result
of such genetic divergence from previous VOCs, Omicron BA.1 had escape properties to both prior
infection- and vaccine-induced immunity [36]. This led to the final reinstatement of NPIs in England,
known as ‘Plan B’, which included working from home, wearing face masks and/or showing proof of
a negative COVID-19 test in public venues, and a ramp-up in the roll-out of booster (3rd) vaccine
doses [37]. On February 24, 2022 the UK Government’s plan for living with COVID-19 came into
force, marking the end to all official NPT restrictions, including mandatory testing and self-isolation,
and ushered the gradual disbandment of Pillar 2 and many other flagship pandemic surveillance
efforts [38]. Over 70% and 50% of the population in England had received a second and booster
(third) dose, respectively, by this point [28].

1.2 SARS-CoV-2 pandemic in Kabwe district, Zambia

Kabwe is a peri-urban district of the central province of Zambia, located about 140 km north of the
nation’s capital, Lusaka [39]. It is home to an estimated 299,206 people [40], with a median age of
17 years [41], comparable to that of other sub-Saharan African countries (excluding South Africa)
at 18 years, but considerably lower than that of Western European and North American HICs, at
around 40 years [42].

Before the emergence of SARS-CoV-2, the health system of Zambia, as it is the case of other
LICs in the region, was already constrained by the demands of the rising double burden of infections
and non-communicable diseases [43]. The profile of population health and available healthcare in

Kabwe lagged behind the national average for Zambia, as evidenced by the 2017 Kabwe Household

30



Socioeconomic Survey [41]. This survey identified that the proportion of the population self-reported
as ill or injured in Kabwe stood at 19.1%, compared to a 9.1% national average for urban settings [41].
Although the participation in the mining industry in the population of Kabwe had declined, with only
1.7% of those economically active being employed by it in 2018 [41], groundwater contamination [44]
and high levels of lead in blood across the population of Kabwe [45] had been reported as significant

drivers of a more deteriorated health of the local population compared to the rest of Zambia.

1.2.1 Surveillance

The first confirmed case of COVID-19 in Zambia was reported on March 18, 2020 [43]. The Zambia
Government’s COVID-19 surveillance strategy, implemented in May 2020, was anchored on the
continuous surveillance of confirmed and suspected case and death counts [43]. Initially, official
guidance indicated that PCR testing was to be targeted to individuals classified as ”high-risk” [43],
given the presence of fever or a persistent cough or international travel history [43,46]. These
criteria were subsequently revised to include asymptomatic individuals and those without a history of
travel or prior contact with a confirmed case [43]. Additionally, the national government established
the Zambia Genomic Sequencing Consortium (ZGSC) in May 2020, in collaboration between the
University of Zambia, the international implementation health research organisation, PATH, and
the Zambia National Public Health Institute (ZNPHI) [47]. The implementation of these official
testing guidelines, however, was forestalled by global shortages in basic laboratory commodities and
operational constraints, as I will discuss in the section below.

The WHO’s recommendation for implementing an FF100 surveillance system [6], was also car-
ried out in Zambia [48]. The local FF100 study, however, only recorded patients with a COVID-19
infection confirmed by PCR in the capital, Lusaka and did not include a complete clinical charac-
terisation of cases or their outcomes [48]. A series of subsequent clinical case cohort analyses from
tertiary care hospitals in the country revealed that the overall in-hospital mortality of COVID-19
patients was high, at 42.6% [49], that triaging protocols prioritised the more severe cases for admis-
sion [50], and that most pandemic-related deaths actually occurred in the community, and were thus

not being recorded by the national COVID-19 surveillance programme [51-53].

1.2.2 SARS-CoV-2 waves and pandemic response

The time period of the study I conducted in Kabwe, Zambia spanned from March 1, 2020 to Septem-
ber 30, 2021 (Chapter 4). This period encompassed three distinct pandemic waves, known to have
been caused in succession by the Wildtype, Beta and Delta variants (Figure 1.2) [54]. Although the

ZGSC only conducted whole genome sequencing of 300 samples in its first year of operations [55],
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a pooled analysis of their samples and those from other African countries revealed the first wave in
Zambia resulted from repeated importation events from Europe and South Africa, notably between

January and May 2020 [56].
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Figure 1.2: SARS-CoV-2 waves in Kabwe from March 1, 2020 to September 30, 2021. The landscape
of NPI policies varied across waves, which were dominated, in succession, by the Wildtype, Beta
and Delta variants. Official policies on school closures included either all educational sectors (dark
grey areas) or basic education only (light grey areas). The precise dates of Beta and Delta VOC
introduction are unknown; genomic analyses with a first detection of Beta was done on pooled samples
from December 16-23, 2021 [57], and for the case of Delta from early May 2021 [54] (yellow lines and
labels), at which point several samples tested positive for the respective VOCs. Officially confirmed
cases and deaths amounted to less than a 100 across the study period, and hospital surveillance was
not routinely conducted in Kabwe district (no official source - from personal communication whilst
conducting my study in Kabwe, Zambia). For contextual reference, bottom panel shows the number
of all-cause deaths per-100,000 population, as reported from paper-based mortuary records to the

ZNPHI [52].

The first set of NPI policies implemented nationally in Zambia came into effect on March 20,
2020, only two days after the detection of the first case in the country (Figure 1.2) [48]. These
included the closing of schools and workplaces, except essential businesses, of international ports of
entry to all but essential travel, the limitation of gatherings to less than 100 people, and a strong
recommendation to stay at home [58]. These NPIs were estimated to decrease social contact in
Zambia by 52% between March and May 2020 [58]. However, they were soon lifted and, by May 31,

schools and workplaces had been reopened, with social contacts rapidly returning to pre-pandemic
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levels by June 2020 [58], ahead of the peak in official cases and deaths during the first local pandemic
wave [51,52].

A lack of materials to conduct diagnostic testing throughout the African continent made it
operationally unfeasible to implement population-wide surveillance in Zambia [46,59-62]. Amidst
the first local wave, testing was limited to international points of entry, contact tracing of confirmed
cases with a history of international travel and (sparsely) confirmatory testing in hospital settings in
the capital, Lusaka [59-62]. This lack of surveillance data in Zambia and the region gave rise to the
false notion that the severity of COVID-19 in the African continent was somehow paradoxically low
compared to what was being reported in HICs [60-62].

It was only in the aftermath of the first wave that a single cross-sectional study emerged to shed
some light into the likely true severity of the local COVID-19 pandemic in the setting of LICs in the
southern Africa region [60]. This study, conducted at the University Teaching Hospital of Lusaka,
highlighted that contrary to what the myth of the ‘African COVID-19 paradox‘ suggested, most
deaths that occurred during the local first wave were indeed linked to COVID-19 and, furthermore,
the majority of deaths were happening outside of health facilities and, thus, not recorded by official
surveillance systems [60].

This report was met with great discontent from national public health officials in Zambia [63].
However, a cross sectional seroprevalence study conducted in six districts in Zambia, Kabwe included,
in July 2020 (before the peak of the first wave) found the ratio of official cases to estimated infection
prevalence was of 1:92 [46]. Additional cross-section studies soon followed, all pointing to the same
conclusion: that official figures gave a vast underestimation of the true burden of the local pandemic
[46,51,59,61,64].

By the time I began my PhD, there had only been one other representative seroprevalence study
in the country. This was the TREATS COVID study, a nested study within the larger Tuberculosis
Reduction through Expanded Antiretroviral and Screening for Active TB (TREATS) study in the
Bwacha-Ngungu community of Kabwe, Zambia between November 2020 and February 2021 [59]. In
this study, it was found that local SARS-CoV-2 seroprevalence increased from 2.8% in December
2020 to 33.7% by February 2021, roughly coinciding with the start and end, respectively, of the
second pandemic wave in Zambia [59]. The TREATS COVID study included an additional survey
round in the same population between June and July 2021. This had been unpublished until my
collaboration and subsequent publication with Zambart and ZNPHI during my PhD [65], so T will
reserve the discussion of its findings to Chapter 4.

The space of time over which the above three pandemic waves unfolded in Kabwe (Figure 1.2),
was characterised by a low enforcement and transient adherence to NPIs [58,66]. Less stringent NPIs

were put in place in response to the second wave (Figure 1.2), alas by December 31, 2020 all official
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NPIs had been lifted [43,58]. This was further met by severe constraints in healthcare capacity [50,67],
with in-hospital mortality later being found to increase in Kabwe (and elsewhere in Zambia) during
the second and third waves [50,51,67] given increasing pressures on an already-constrained health
system [50,67].

Additionally, the roll-out of the COVID-19 vaccination programme in Zambia suffered from
severe delays, a limited supply of doses and low initial uptake [28,68,69]. The first doses of COVID-
19 vaccines arrived in Kabwe in April 2021, and were used to target frontline healthcare and related
support workers [70]. The coverage with a first dose of an approved COVID-19 vaccine at a national
level, thus, stood at a meagre 1% of the general population by the end of May 2021, as the third
wave by the Delta variant started [50]. An efficient roll-out of vaccination at the population-level
did not commence until December 2021 [68], by which point only 4.5% of the national population
had received a first dose of an approved vaccine [50], the Omicron BA.1 variant had been detected in
Zambia and a fourth wave was ensuing [54]. It took until November 2022 for the national vaccination
programme to achieve a 70% coverage with two doses among the eligible population of Zambia [68],

with Kabwe being the first district to achieve this two months earlier.

1.3 Transmissibility and severity analytics

The use of analytic methods to infer transmission and severity dynamics of a pathogen is of crit-
ical public health relevance during an outbreak. Many methodological developments pioneered by
academic groups during the pandemic allowed for a detailed understanding of the public health impli-
cations of the SARS-CoV-2 pandemic [3,4]. As I highlight above (section 1.1 and section 1.2), where
available, these analytics were an angular component of the epidemiological intelligence informing
the COVID-19 response of governments and public health agencies [3,42, 71].

In this section, I summarise key innovations made in the field of methods to infer transmis-
sibility and severity dynamics, in context with what they meant for assessing COVID-19 control
interventions. Yet, as I will argue in Section 1.6, no approach by the start of my PhD had been
capable to systematically account for the specific and combined effect of changing contact rates,
variants, immunity and healthcare landscape in driving the transmission and severity dynamics of

SARS-CoV-2.

1.3.1 Transmissibility

The transmissibility of infectious disease outbreaks has long been studied with estimations of their
basic Ry and time-varying reproduction numbers R;. From basic mathematical ecological principles

Ry can be expressed as
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Ry = exp(rG) (1.1)

where r is the growth rate of a free-living organisms and G its generation time distribution, or
time from the birth of one organism to the birth of its offspring [72]. When adapted to the field of
infectious diseases, R takes on a meaning of public health relevance. It represents the average number
of individuals that will acquire an infection from a single infected case in a large fully susceptible
population [73]. Thus, a pathogen with Ry > 1 will be likely to establish in a population at which
point an outbreak could ensue, whereas one with Ry < 1 is unlikely to cause an outbreak [73].

The R; on the other hand is commonly used to express pathogen transmissibility over the
course of an outbreak [74,75]. It represents the average number of secondary infections each primary
case generates at time ¢ [74], which can vary in response to the emergence of pathogen variants,
changes in contact patterns (e.g. NPIs) or population immunity. Similar to the above, an R, > 1
implies ongoing transmissibility and epidemic growth, and R; < 1 decreased transmissibility and
possible epidemic control [18]. Several methods for estimating R; in near real-time rely on the use
of a branching process renewal equation relating present time new cases I; to past ones I, , as the

result of a Poisson process [75]

t
I, ~ Pois(R, Y  ewwy) (1.2)

were the sum of past cases up to the immediately previous time point is weighted by the serial
interval distribution w; [75].

Such methods offer the convenience of minimal data and parameter needs, ease of implementa-
tion through several open-source packages, and robustness to constant case underreporting [74, 75].
Given the many unobserved social and biological nuances that drove the transmissibility of SARS-
CoV-2, however (Section 1.4), real-time analytics to inform public health responses demanded inno-

vations to infer how R; varied given

e Changes in contact rates, such as in response to NPIs
e Population immunity as conditioned from prior infection, vaccination or both

e Emergence of variants

Some expansions to renewal equation methods were undertaken but, predominantly, transmis-
sion model-based analytics were heavily employed for this. The latter require considerably higher
technical capacity to develop and are data- and computationally-intensive. Yet, they offered unique
possibilities to explicitly account for the aforementioned aspects on R, and, thus, assess the impact

of control interventions in near real-time.
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Contact rates and NPIs

The study by Flaxman et al. (initially not peer-reviewed) in March 2020 provided one of the earliest
real-world indications of the effect of lockdowns and other NPIs on R; [16]. Their estimates were
obtained by applying a renewal equation model to reverse engineer the expected epidemic curve of
infections in eight European countries, given officially reported deaths and accounting for the NPIs
that had been in place at time ¢t when infectious should have occurred. Their approach introduced
several assumptions, raising the possibility of miscalculating the infections curve and the effects
of NPIs. Notably, they assumed representativeness of deaths data, which had known systematic
reporting delays and varying COVID-19 death definitions across countries; they did not account
for differences in country-specific population age distributions and assumed homogeneous mixing;
and assumed that the sequential effect of NPIs on R, was multiplicative and instantaneous (piece-
wise constant parametric form) rather than gradual. Despite these limitations, their study strongly
demonstrated that lockdowns had been the only early-pandemic interventions to consistently and
decisively drive R; < 1 [16].

The age structure and social mixing patterns of a population are critical determinant factors
of Ry [76] and, thus, heavily weight on infection attack rate dynamics [77] and the likely impact
of control interventions [78]. Robustly capturing these dynamics required the parameterisation of
age-stratified models with social mixing matrices (Figure 1.3), to allow non-homogenous interactions
across age groups [79]. Social mixing matrices, however, are notably hard to estimate. They require
extensive population surveys to accurately record daily contacts across a representative period of
time [80]. Pre-pandemic, the POLYMOD social contact survey, conducted across eight European
countries [76], had been extrapolated across 152 countries to provide the largest global repository
of mixing matrices [81]. During the pandemic, the CoMix study in the UK and an additional 21
countries was the largest social contact survey of the COVID-19 pandemic [82].

Both the POLYMOD and CoMix social mixing matrices were extensively employed, either
alone to estimate how contact rates changed in response to NPIs [20,82-87], or within transmission
modelling frameworks to infer R; as a function of time-varying next generation matrices (NGMs). I
will reserve a technical description of this approach, which underpinned my own PhD analyses, to
Section 2.2.3. Briefly, an NGM defines the non-linear dynamics between current infections at time
t and expected number of secondary infections across age classes, given contact rates (Figure 1.3)
between them [88]. Mathematical models that followed this approach were shown to far outperform
those without age-disaggregation or without an explicit accounting for non-homogeneous social con-
tacts when now-casting and forecasting expected SARS-CoV-2 trajectories in real-world settings [79].
The use of social contact data and NGMs in pandemic analytics was thus extremely valuable, not

only from an academic perspective, but also to inform NPI strategies by governments and health

36



15+ -

[5,15) -

[15)-

age.group.contact

[0,1)-

[0.1) [1,5) [5,15) 15+

age.group

contacts “

25 50 7.5

Figure 1.3: Example of a symmetric contact matrix with four age ij (rows and columns, respectively)
classes, obtained from the R package socialmixr [80]. In the context of compartmental models, the
force of infection acting on a susceptible individual of age i is determined by the product of the ij
relative infectivity (per-contact probability of infection) and the sum of the ij contact rate-weighted
prevalence of infection [72].

agencies across may settings globally [18,32,33,79,86,87,89-98].

Population immunity

The SIREN study from the UK, one of the largest front-line health worker COVID-19 infection co-
horts, provided early evidence that protection against re-infection was imperfect (i.e. break-through
infections amongst individuals with positive antibodies) and relatively short-lived, with re-infection
episodes seen from as early as 95 days after a first infection episode [99]. Concurrently, prelimi-
nary results from phase 2/3 vaccine trials showed that break-through infections also occurred after
vaccination and that protection seemed to peak and then wane with time [100-104].

The use of age-stratified transmission models, again, proved invaluable to account for the
imperfect and waning nature of both types of immunity and their effect on SARS-CoV-2 transmis-
sibility. An innovative approach we proposed at the ICL-RTM team during the first pandemic wave
was the estimation of R; with and without the effect of immunity [18]. I will describe this technical
process in Chapter 2, as it was also central to my PhD analyses. In brief, the aim was to quantify the
effect of changing contact rates (from NPIs) and that of accruing population-level immunity on R,
independently. This allowed us to estimate that by December 2020 immunity levels in the population
were low and, therefore stringent NPIs were still needed in the absence of mass vaccination [18].

Similar findings were echoed by other modelling studies, within [89,105-107] and outside [108]
the UK. The capacity of these modelling frameworks to account for the effects of infection- and

vaccine-derived immunity was critical to estimate the impact of the lifting of NPI restrictions during
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England’s roadmap out of lockdown, and in context with the simultaneous roll-out of the national
vaccination programme [32,33]. Elsewhere, this also allowed the simulation of impact across several
vaccination scenarios [108], which were ultimately pivotal to inform the WHO’s global vaccination

strategy [109].

Variant emergence

The emergence and co-circulation of variants, with different intrinsic mutations altering their trans-
mission and severity profiles, became a hallmark of the pandemic [25,110]. Genomic sequencing data
was critical to delve into what these lineage selection mechanism entailed in terms population-level

dynamics of the pandemic [110].

Several approaches were used to analyse genomic data, including generalised (multinomial)
models [30,96], molecular clock analyses [25,31,110], expanded renewal equations [111] and multi-
strain transmission mathematical models [32,33,96]. Powered by an early access to population-
representative data from COG-UK [3], UK modelling groups again spearheaded in the development
of the latter approach.

This posed several technical challenges for which simplifying assumptions had to be made.
Namely, around the efficacy and duration of cross-protection (i.e. protection against infection from
other variants recovery from infection by one), the efficacy of vaccine-induced protection, hybrid
immunity (interaction, or lack thereof, of infection and vaccine derived immunity) and, for all types
of immunity, accounting for efficacy against explicitly simulated clinical endpoints (e.g. infection,
symptomatic disease, severe disease, hospitalisation, ICU admission, death, onward transmission).
Accounting for the above was critical, as the aim of these models was to allow the monitoring of
transmission of two or more co-circulating variants, in near real-time, amidst an evolving landscape

of NPIs and population immunity [32,33,89,96].

Regardless of the approach to modelling transmission of the variants themselves or set of
assumptions made, all models found that variants that dominant at any one point outcompeted
others given a transmission advantage [32,33,89,96]. In principle, this meant that the R; with and
without immunity specific to a dominating variant had to be higher than those of the outcompeted
one(s). Furthermore, the latter implied their Ry would had to be intrinsically higher in sequential
order or replacement/dominance. Yet, these hypotheses could not be proven at the time, given
model-structure and mathematical inference limitations in the frameworks used [32,33,96]. I will
circle back to these aspects in Chapters 2 to 4, as addressing them was a central aspect of my

research.
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1.3.2 Severity

A commonly estimated metric of severity of an emerging pandemic pathogen is the case fatality ratio

(CFR), calculated as [112]

E(CFR) = w (1.3)
D im0 Ci
where t represents the last day with observations and d; and ¢; represent the incident number of deaths
and cases, respectively, at time 7. However, real-time surveillance of cases and deaths is particularly
affected by underascertainment, overdispersion (e.g. weekend effect, relatively small population) and,
crucially, right censoring (ignoring unknown outcomes of active cases at time ¢) [112,113]. These
biases can be, at least partly, corrected for using parametric statistical models, such as generalised
mixture (cure) [114-116] or competing hazard models [112].

However, neither of these traditional statistical methods had been able to address a further layer
of estimation error, which comes from the inherent underascertainment of the true size of an outbreak.
That is, case and death count-based surveillance reflects only one, of potentially many, conditional
severity pathways whereby death is conditional on symptomatic case detection, which is conditional
on infection itself [2,117]. This is particularly problematic during outbreaks by pathogen that cause a
high (or unknown) proportion of asymptomatic or mild infections, when case ascertainment changes
over time (e.g. new, more virulent variants emerge, changes in testing and surveillance policies),
or when comparing severity of the same pathogen across settings with different healthcare and/or
surveillance provisions [2].

All the above factors were relevant to the SARS-CoV-2 pandemic and, thus, to monitoring
its severity over time. During the earliest stages of the pandemic, In early March 2020, Verity et
al. [2] used infection prevalence data among repatriated expat residents in Wuhan and time-matched
local cases and deaths data to provide the earliest estimates of the CFR and IFR of COVID-19.
They found a strong indication that the severity of the pandemic was age-dependent, with older
individuals being at a substantially higher risk of death [2]. Despite their data limitations and
assumptions of its representativeness of the underlying transmission and disease severity pathway
dynamics, their estimates were further corroborated by several representative infection prevalence
studies that followed.

Of note, O'Driscoll et al. [118] estimated the COVID-19 cumulative infection attack rates across
45 countries (HICs and U-MICs predominantly, with Kenya and South Africa being the only two
sub-Saharan African countries represented). They found that, whilst there were significant difference

in the overall IFR by country, there was less variation in age-specific IFR estimates [118]. Limited
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by likely discrepancies in the underlying datasets and parametric assumptions around the delay
distribution of time from infection to death and seroconversion [118], they were unable to corroborate
the driving factors behind the trends they observed. It was ultimately clarified by Brazeau et al. [119]
that accounting for seroreversion (i.e. negativisation of a serological test due to diminishing antibody
titres) and variations in the infection attack rates across geographies, which impact the specificity of
serological tests, was crucial to derive robust IFR estimates in the context of COVID-19 [119]. They
thus found that differences in the overall IFR across countries were explained by differences in the
age distribution of the population [119]. Although it should be noted that, in contrast to O’Driscoll
et al. [118], this conclusion was drawn by analysing data from the first wave of the pandemic in 10
countries only, all but one (Brazil) of which were HICs [119].

The age-specific COVID-19 TFR estimates from Brazeau et al. [119] were, nevertheless, the
most robust and nuanced obtained during the course of the pandemic up to that point. They
were directly employed to drive the mechanistic processes of age-specific severity in several SARS-
CoV-2 mathematical modelling studies across hundreds of countries [90-93,120,121]. What became
evident from these and other transmission modelling studies that tracked the pandemic, along with
its severity, over prolonged periods of time was that the IFR was highly dynamic. It varied in
response to intrinsic and effective drivers of immunity and healthcare factors [32,33,89,106]. Given
the complexity of these factors, and the sheer number of them at play, the development of advanced
age-structured, multi-variant mechanistic models by UK-based academic groups was particularly

relevant during the COVID-19 pandemic.

1.3.3 Age-structured, multi-variant compartmental models of SARS-

CoV-2

A key scientific contribution of my research during my PhD was developing a novel parametric
framework to systematically unpick and quantify the specific and joint effect of variants, immunity
from vaccines and prior infection, NPIs and healthcare changes in driving the transmission and
severity of the pandemic over time. This section focuses on describing the high-level approach
employed by other academic groups in the UK to examine these factors within compartmental SARS-
CoV-2 modelling frameworks.

Among the models employed by academic groups contributing to inform the UK Government’s
SPI-M and SAGE during the pandemic, only a handful were age-structured, multi-variant compart-
mental models [33,106]. Previous to these and my model, it had not been possible to quantify the
specific effects of different health interventions on the transmission and severity of the virus over time,

in context with the emergence of different variants. That is, the decisions to increase the complexity
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of our models were sequentially informed by the real-time surveillance and analytics challenges of
the pandemic ad hoc. Moreover, the type and nature of the surveillance data required to perform
inference on was not widely available across many settings (e.g., representative variant genotype from
infections in the community to inform transmission advantage inference).

I specifically focus on the models described by Barnard et. al. 2022 [106] and Keeling et. al.
2022 [33], as they focus on a similar time period of the pandemic in England and employ the same or
comparable surveillance data sources as I did for my analysis in Chapter 3. An additional noteworthy
example was the model by Birrell et al. [122], which structure and complexity evolved as the need
to account for vaccination and waning immunity, among other nuances, demanded it. This model,
however, did not include the explicit modelling of different co-circulating variants, and so I will not
comment on it further in this section.

For their 2022 analysis of the COVID-19 pandemic in England, Barnard et. al. [106] ex-
panded on a deterministic, compartmental SARS-CoV-2 model and differential evolution Markov
chain Monte Carlo (MCMC) inference framework to apply continuous-time multipliers of disease
transmission and severity. In particular, they implemented a 3-variant model where given time-
varying contact matrices and fitted introduction dates and relative transmission advantage of the
variants (over the preceding variant), they then fitted a stepwise transmission multiplier with 5-day
step changes. Similarly, they estimated baseline (given model fit to data) IFR, IHR and infection
critical-illness rate (ICR) parameters, which were then scaled over the course of the pandemic given
three factors: a) fitted stepwise change multiplier functions, b) variant-specific relative hospitalisa-
tion, ICU and death ratios (compared to the previous variant) and c¢) vaccine protection.

The model by Keeling et. al. [33], on the other hand, evolved in complexity along the crucial
steps of England’s roadmap out of lockdown (Section 1.1). Specifically, it evolved from an age-
stratified model, to a multi-variant and multi-vaccine class one with accounting for waning immunity
and vaccine boosting. The framework was also deterministic and employed MCMC to fit several key
parameters, including of increased transmissibility of the variants (i.e., in order to recover data on
variant frequency from S-gene target failure time series [33,105]. Importantly, whilst their model
accounted for age-specific probabilities of symptomatic and severe disease, it did not implement
mechanisms to infer (or assume) changes in severity with the emergence of the simulated variants,
and maintained an assumption of no waning immunity after infection [33].

As my discussion of methods in Chapters 2 and 3 and in Appendix A will show, there are
similarities in the mechanisms to capture variant transmission and severity in the work I did during
my PhD and the above two approaches [33,106]. There are, however, several differences to note too.

Namely
e Barnard et. al. [106] fitted stepwise multiplier functions and variant-specific transmission and
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severity characteristics, which I also did. They, however, did this to improve the recovery of
(fit to) epidemiological time-series [106], as opposed to a hypothesis driven exercise to identify
the individual and combined contribution of variants and other factors to model-observable

transmission and severity.

e Relatedly, I implemented parametric calculations to infer the intrinsic and effective (see next
section) transmission and severity of SARS-CoV-2 variants, which leveraged the above fit-
ted stepwise multiplier functions, variant-specific severity multipliers and time-varying contact

matrices. These were not performed in either of the above two studies.

e My model was stochastic, as opposed to deterministic as in the case of both of the afore-
described ones [33,106]. Deterministic equations are particularly suitable to describe epidemic
dynamics with large population numbers and during periods of high levels of infections [123].
The stochastic, state-space framework I employed however offered several advantages, including
a wider exploration of model uncertainty during episodes of low infection rates and/or popula-
tion numbers in compartments relating to observable data streams. I will discuss these aspects

in context in the following chapters.

1.4 Intrinsic vs effective transmissibility and severity

As I have alluded to, many epidemiological drivers influence the transmissibility and severity dynam-
ics of pathogens over the course of an outbreak. All these factors will ultimately act in combination
to determine how an outbreak pathogen transmits in a population, how much of a threat it poses
to population health and health systems, and ultimately how it becomes ‘observable’ through epi-
demiological surveillance. Surveillance data, in turn, informs epidemiological analytics which can be
used to provide insights into the drivers of outbreak dynamics and assess the likely effects of control
interventions (Figure 1.4).

For the purpose of my PhD work, I defined the intrinsic drivers as those that directly relate to
the transmissibility and pathogenicity mechanisms of an infectious organism. Evolutionary mecha-
nisms of single-stranded mRNA viruses, as is the case for SARS-CoV-2, are known to naturally select
lineages with a transmission advantage [124]. In addition, mRNA coding errors are also common,
which can lead to alterations in proteins targeted by the host’s immune response and/or alter its
pathogenicity (disease severity) on the host [35,36]. When an outbreak occurs, for example with the
emergence of SARS-CoV-2 in 2019 [125], the intrinsic transmissibility and pathogenicity mechanisms
of the microorganism are modified by population-level factors, which I defined as effective drivers.

I specifically considered three effective drivers of transmissibility and severity of critical impor-
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Observed outbreak

Intrinsic drivers ﬁ @ Effective drivers

Figure 1.4: Conceptual representation of the intrinsic vs effective drivers of the transmission and
severity of an outbreak pathogen. Compartmental transmission models are one type of analytics
that can be used to assess outbreak dynamics in a population, along with key characteristics of the
latter to infer the effects of intrinsic and effective drivers.

tance for outbreak response strategies. Namely, immunity, contact rates and healthcare. Over the
course of the COVID-19 pandemic, immunity against SARS-CoV-2 was conditioned by the efficacy
and duration of protection against its transmissibility and severity characteristics conferred by either
prior-infection, vaccination or both [113]. Transmissibility further changed in response to modifi-
cations in social contacts, either as a result of the adoption of precautionary behaviours or (social-
distancing) NPIs [15,16,78]. The capacity and quality of available healthcare was context-specific
and highly dynamic, for example as a result of surges in demand and/or creation of excess capacity

during outbreak peaks [92,126,127] or with the adoption of improved treatment protocols [128].

Understanding the specific and combined effect of the intrinsic and effective drivers is a critical
step towards assessing how they can be leveraged to modify the transmissibility and severity of an
outbreak [71]. In turn, timely having and acting on this knowledge is a cornerstone of the planning
and implementation of public health response interventions [71,117]. Model-based epidemiological
analytics have been, and will remain, central to triangulating surveillance data, infer how unobserv-
able social and biological process drive the transmissibility and severity dynamics of an outbreak

and, ultimately, assess the likely efficacy of control interventions [117].
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1.5 Pandemic inequality

The need for robust epidemiological intelligence, anchored on timely and reliable surveillance and
analytics, to inform response interventions during an outbreak emergency is universal [71]. The
SARS-CoV-2 pandemic drove unprecedented surges in excess healthcare demand and mortality
worldwide [129]. Tt was, however, in the most resource constrained settings that its impact was
felt the hardest, fuelled by the many inequities and inadequacies of the global pandemic response

mechanisms [42].

Studying inequalities is a nuanced endeavour, and one that requires, at minimum, clarity on
the study focus, metrics and comparator groups, all of which were outside the scope of my PhD. Yet,
it is perhaps all this complexity that made it very difficult to gauge, particularly in the early stages
of the COVID-19 pandemic, the disproportionately higher burden borne by resource constrained
settings. My comment in this section centres around highlighting how inequality in a capacity to
conduct surveillance and analytics ultimately impacted other areas of the pandemic response, in the

context of African LMICs.

Global pandemic response financing mechanisms imposed grave delays and limitations to imple-
menting local surveillance, analytics and mitigation interventions in low- and middle-income countries
(LMICs) [42]. A global shortage of molecular diagnostic and other essential laboratory commodi-
ties at the start of the pandemic meant that available tests had to be triaged to confirm suspected
diagnoses or screen higher-risk individuals. Although great efforts were directed to establish global
COVID-19 surveillance data repositories [28, 130, 131], which soon became a trusted source of in-
formation, these collated official figures of cases, deaths and, in some countries, hospitalisations
and vaccinations. Whilst most HICs had the capabilities to establish large-scale universal screening
programmes, most LMICs did not [42]. Indeed, by September 2020, before the known widespread
circulation of more transmissible and severe VOCs, countries like Luxembourg had been able to
implement testing at a staggering capacity, reaching a cumulative 1,023 COVID-19 test conducted
per-1,000 population [28]. At the same time, South Africa, the country in the region with the high-
est testing capacity, had conducted a cumulative 62 tests per-1,000 population and Zambia 6 tests
per-1,000 population [28].

As T have alluded to in the sections above, data is paramount to inform modelling analytics. A
systematic review of applied epidemiological modelling in the African continent found that, as of April
2021, there had only been 74 SARS-CoV-2 modelling studies in Africa, of which the majority had not
been peer-reviewed [132]. Critically, only nine of the available studies had used local data for model
parameterisation, whilst most have relied solely on confirmed cases data (from official sources) [132].

The lack of timely surveillance data and analytics, particularly during the first wave, thus gave

44



way to the stipulation of the ‘African Paradox’ (Section 1.2) [60,61]. In turn, the dependency of
many LMICs, in Africa and elsewhere, on global pandemic response financing conditioned a lack of
coordination of local and international response mechanisms [42].

The median age of the sub-Saharan Africa region is the lowest for any region in the world [42,62]
and importation of the virus into the region was mainly via Europe, thus the start of the local
pandemic lagged behind that of HICs [56]. Both factors could and should have been plausible
explanations for a markedly lower impact of the pandemic in Africa, but it was not. It is now
known that the ‘paradox’ was merely a lack of timely data and analytics and that, instead, the
COVID-19 pandemic drove a disproportionately higher burden [42,61,92,129]. Rather soberingly,
pandemic inequalities continued to be the norm even after the paradox was debunked and, as HICs
were rolling out booster vaccines in late 2021 (section 1.1), the likely true impact of the pandemic
remained largely unknown across many LMICs [42,93,133] and, in the most constrained of settings,
like Kabwe, the coverage with first doses was still negligible (section 1.2).

It was at this point that I began my PhD. The focus of my research was informed not only
by what I had learnt about the limitations of current-day analytics to infer the effect of intrinsic
and effective drivers of transmission and severity dynamics. As part of the ICL-RTM team and
a national of an LMIC, I was poignantly aware that the many successes we had in using real-time
analytics to inform the pandemic response of the UK had been facilitated by the timely availability of
a wealth of surveillance data. This was, in itself, a limitation for the utility of our methods in settings
with lesser surveillance capacity. The WHO’s Pandemic Preparedness and Resilience for Emerging
Threats initiative prescribed member states should formulate their preparedness plans and priority
actions informed by their learnings from the COVID-19 pandemic [134]. Achieving these preparedness
goals towards a more effective and equitable global response to future pandemics, however, requires
strategies underpinned by epidemiological learnings from across all settings, regardless of income or

surveillance data constrains [65].

1.6 Thesis aims and objectives

1. To develop a novel parametric method to quantify the intrinsic and effective drivers of
transmissibility and severity of an outbreak pathogen, generalisable to age-disaggregated com-

partmental transmission modelling frameworks (Chapter 2).

2. To conduct a granular case study of the SARS-CoV-2 pandemic in England, with multiple

competing intrinsic and effective drivers of its dynamics over time (Chapter 3).

(a) Quantify and compare the intrinsic transmissibility and severity of the Wildtype, Alpha,
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Delta and Omicron BA.1 variants

(b) Assess the specific contributing factor on the effective transmissibility and severity, overall

and by said variants, of the backdrop of changes in

i. NPI policies between March 2020 and February 2022
ii. Prior infection-, vaccine- or hybrid-derived population immunity profile

iii. Healthcare ecosystem conditions by changes in treatment protocols and/or surge crit-

ical care demand

3. To conduct a case study of a parsimonious adaptation of my modelling framework to limited

surveillance data from an LIC setting: Kabwe district, Zambia

(a) Quantify the likely true burden of COVID-19 in a setting with a near-unmitigated pan-

demic

(b) Test the utility of my approach to infer effective transmissibility and severity dynamics

with limited surveillance data

(c) Assess its capacity to provide an indication of intrinsic severity, in the absence of variant

data

4. To assess the effects of a limited and delayed access to improved healthcare and vaccines on

pandemic burden in Kabwe

(a) Simulate counterfactual pandemic trajectories, had Kabwe had implemented vaccination

and healthcare improvements in line with what was achieved by higher in come settings

(b) Assess the cost-effectiveness and NMB of such interventions, against plausible values of

the ocWTP threshold of the local health system

5. To assess pragmatic nuances of policy decisions around the adoption of CEPI’s 100-day mission

in the context of Kabwe

(a) Perform an extended dominance analysis of a comprehensive range of mutually exclusive,
plausible local implementations of the mission, either without delay or at quarterly delay

windows up to a year later

(b) Assess the impact of model-driven uncertainty on choosing the optimal implementation

strategy by delay window
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1.7 Thesis overview

In Chapter 2, I present the rationale and methods the novel parametric approach I proposed during
my PhD. I specifically propose a parametric method to estimate the intrinsic and effective trans-
mission and severity of a pathogen within a transmission modelling framework. For this, I built on
the validated mathematical model of SARS-CoV-2 transmission developed by the ICL-RTM team.
The innovations I performed during my PhD were, in turn, absorbed back into the ICL-RTM model
whilst it was still in active use to provide analytics for SPI-M-O and SAGE. Although this model was
a bespoke stochastic, compartmental model of SARS-CoV-2 transmission, I will argue my approach
is generalisable to any age- and pathogen- class disaggregated compartmental model of an outbreak
pathogen. An additional requisite, should the aim of the model be to fit to and estimate epidemi-
ological parameters from data, is the capacity to perform multi-dimensional parameter state-space
inference. For this, my framework was paired with a particle Markov chain Monte Carlo (pMCMC)

inference framework, also developed in-house at ICL [135].

Then, in Chapter 3, I present the implementation of my method to the pandemic surveillance
data of England between March 2020 and February 2022 (Section 1.1). Given the wealth of data I
had available for this analysis, I used it as a case study of the robustness of my novel approach with
two objectives. Namely, to quantify and compare the intrinsic transmissibility and severity properties
of four SARS-CoV-2 variants; and to assess the specific contributing factor of the backdrop of a) NPI
policies, b) prior infection-, vaccination- or hybrid-derived population immunity, and c) healthcare
landscape on driving the effective transmissibility and severity of the pandemic, overall and by

variant.

In Chapter 4 I present the adaptation of my method to a case study of the near-unmitigated
burden imposed by the COVID-19 pandemic in Kabwe, Zambia between March 2020 and September
2021 (Section 1.2). This resulted from a research collaboration I instigated and led with two Zambian
organisations, Zambart, an implementation research institution, and the ZNPHI. My objectives here
were to test the utility of my method in evaluating effective transmissibility and severity dynamics
with limited data, and to quantify the likely true burden of the pandemic in a setting with a near-

unmitigated pandemic.

In Chapter 5, I expand on the work from the previous chapter to evaluate to what extent
the restricted access to vaccines and improved healthcare drove the burden of the pandemic in an
LIC setting. For this, I conducted a cost-effectiveness analysis of counterfactual strategies of the
implementation of vaccination and healthcare as per what was achieved by higher income settings

during the pandemic.

Lastly, in Chapter 6, I further expand on my analysis of the pandemic in Kabwe with the
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objective of assessing the pragmatic nuances of adopting CEPI’s 100-day mission in the context
of an LIC setting with severe resource constraints. For this, I performed an extended dominance
analysis of a comprehensive range of mutually exclusive, plausible implementations of the mission in

Kabwe, either without delay or at quarterly delays up to a year later.

1.8 Publications related to this thesis

The work presented in Chapter 2 and Chapter 3 was published in its entirety in altered form in Perez-
Guzman PN, Knock E, Imai N, Rawson T, Elmaci Y, Alcada J, et al. Epidemiological drivers of trans-
missibility and severity of SARS-CoV-2 in England. Nature Communications, 2023, 14(1):4279 [1].

The work presented in Chapter 4 and Chapter 5 was partly published in altered form in Perez-
Guzman PN, Chanda SL, Schaap A, Shanaube K, Baguelin M, et al. Pandemic burden in low-income
settings and impact of limited and delayed interventions: A granular modelling analysis of COVID-19

in Kabwe, Zambia. Int J Infect Dis, 2024, 147:107182 [65].
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Chapter 2

Novel parametric approach to quantify
the intrinsic and effective drivers of

transmissibility and severity

2.1 Background

In Chapter 1, I presented an overview of some of the many analytic methods that were used to assess
the transmissibility and severity dynamics of the SARS-CoV-2 pandemic. Whilst the epidemiological
insights gained with these methods informed response interventions (section 1.3), none had the
inferential capacity to disentangle and quantify the effects of intrinsicvs effective drivers (section 1.4)

of transmissibility and severity across multiple emerging SARS-CoV-2 VOCs and epidemic waves.

Herein, I proposed a parametric approach to quantifying the effects of intrinsic and effective
drivers on the transmissibility and severity of SARS-CoV-2 across several pandemic waves caused by
different variants. This chapter does not contain analytical results, but is a technical discussion of
the rationale and methodological aspects to develop my method. For this, I built on the stochastic,
compartmental model of SARS-CoV-2 transmission developed in-house by the ICL-RTM team, of

which I was a member of before my PhD.

Beyond my familiarity with this model, there were considerable advantage it had over other
prior or contemporary similar models which facilitated the development of my methods. Foremost,
it was stochastic and was equipped with a state-space particle Markov chain Monte Carlo (pMCMC)
inference framework. It was thus suitable to absorbing multiple surveillance data streams, and per-
forming multi-dimensional parameter space inference. For convenience, I give a brief overview of the
transmission model structure and parameters, and then focus on detailing the technical expansions I

undertook during my PhD. Additional technical aspects of the model are summarised in Appendix A.
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2.2 Methods

For reading convenience, this methods section and Appendix A provide the full details of the model’s
structure, parameters and inference framework, as I employed it for my own analysis of England data
(Chapter 3). As I have already noted, however, I developed my methods and analysis by building on
the SARS-CoV-2 transmission model developed by the ICL-RTM team, of which I was a member.

During my PhD, the specific expansions I performed to this model for my analysis were:

e explicitly simulating the emergence of VOCs j = Alpha, Delta, Omicron, accounting for dif-
ferences in their serial interval, their transmission advantage o;, their effect on the relative

susceptibility to infection x9* and relative infectivity £49* (Section 2.2.3);
e implementing parametric calculations of the variant specific Rg, R{’ef ! and R{ (Section 2.2.3);

e overhauling the h(t) functions to infer the effect of new treatments and other modifications in

healthcare provision on disease severity over time (Section 2.2.4);

e implementing parametric equations to calculate the variant-specific basic infection hospitalisa-

tion ratio I H R), hospital fatality ratio HF R} and infection fatality ratio I F R} (Section 2.2.4);

e and implementing parametric equations to calculate the respective effective severity met-
rics overall, THR(t), HFR(t) and IFR(t), and given age, variant and vaccination classes
THRY¥ (), HF RW*(t) and IFR""*(t) (Section 2.2.4).

2.2.1 A foreword on pMCMC

Conceptually, a time ¢ dynamic system can be simplistically represented as a stochastic model 6 with
x; hidden states and fj state transition functions that relate to y; time series observations (e.g. data)
via a gy observation function (Figure 2.1). Such models often suffer from intractability, whereby
for the sake of computational efficiency, obtaining posterior distribution and marginal-likelihood
calculations of the parameters of 6 is ignored, especially when dealing with non-liner, non-Gaussian
models [136].

An approach proposed to overcome the computational inference limitation of dealing with
multi-dimensionality in ¢, known as hidden Markov models (HMM), is the use of particle filtering
with marginal likelihood calculation [136]. To this end, pMCMC is the incorporation of sequential
Monte Carlo (SMC), to estimate time-varying hidden state variables, and traditional Markov Chain
Monte Carlo (MCMC), to sample from a high-dimensional parameter space [137]. This approach is
particularly suitable to address inference problems where it is necessary to apply knowledge from a

component of the system to infer the rest. For example, when knowledge is needed on the parameters
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Figure 2.1: Conceptual representation of state-space models that relate to data observations via an
observation function. Modified with permission from an internal ICL-RTM team training session by
Marc Bageulin.
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and marginal likelihoods of 8, given the HMM fit to g, time series observations; or when the time series
observations y; are not a direct outcome of z; states, but rather an observation process given gy with
unknown parameters that must be estimated; or when the future state of the HMM is determined
by the distribution of its states and transition parameters at current time ¢, without relation with
previous history [138].

The in-house ICL-RTM model successfully implemented pMCMC for COVID-19 real-time an-
alytics [135]. In my research to define a parametric quantifications of intrinsic and effective drivers
of transmissibility and severity and their impact on control interventions, I made an extensive use of
the above qualities of pMCMC inference. In section 2.2.3 and section 2.2.4, I present the parametric
equations I developed to quantify the specific effect of intrinsic and effective drivers of transmis-
sibility and severity. Throughout, a core capability I built into the model was inferring temporal
changes in the effective transmission and severity dynamics, which further required me to define
piece-wise linear parameters, whose values I inferred through pMCMC. Then in Section 3.2.2 and
Section 4.2.3, I describe how I defined the observation functions that related the available data to
my models, in order to reproduce the SARS-CoV-2 pandemic trajectories of England and Kabwe,
respectively. Lastly, in Chapter 5 and Chapter 6, I make extensive use of the inferred hidden states
and parameters at specific time points, which I then use to project a wide range of counterfactual

simulations of pandemic trajectories given the implementation of public health interventions.

2.2.2 Model overview

The model is a discrete-time (1/4 day time step) stochastic, compartmental, extended SEIR-type

model that is stratified by age, strain and vaccine classes, henceforth indexed as i, j, k, respectively
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(Figure 2.2). Regarding age stratification, the model includes 17 five-year age bands (0-4, 5-9, ...,
75-79, 80+).

Upon infection with SARS-CoV-2, individuals enter an exposed compartment, before becoming
infectious (Figure 2.2A). The model then tracks infected individuals through a series of conditional
severity pathways in a sequential fashion. Infected individuals can either undergo asymptomatic/mild
disease leading to recovery or symptomatic disease, which can in turn condition severe disease re-
quiring hospitalisation or recovery without hospitalisation. For the former, individuals can either
enter hospital compartments or enter a state ng of severe disease leading to death in the commu-
nity. Conditional on entering hospital flows (Figure 2.2B) individuals can be triaged for intensive
care unit (ICU) admission or remaining in general beds throughout from where they can either die
or recover and be discharged. Those admitted to ICU, can either die in ICU or be transferred for
stepdown care in general wards, where they can either die or recover and be discharged. Hospitalised
cases are either confirmed as SARS-CoV-2 cases upon admission or may be tested and confirmed

later during their stay.
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Figure 2.2: Model structure flow diagram with rates of transition between states. (A) Extended
SEIR transmission model flow diagram overview. (B) Hospital flow diagram. (C) Vaccination flow
diagram. (D) Multi-variant flow diagram. Definitions of state variables are presented in Table 2.1
and transition parameters in Table 2.2. Source: Perez-Guzman et. al. 2023 [1].



Table 2.1: Definitions of model compartments shown in Figure 2.2, with indices: ¢ for age group
(i € {[0,5),[5,10),...,[75 — 80), [80+)}), j for variant (j € {Wildtype,Alpha,Delta,Omicron} and k
for vaccination strata (k € {V, V1,...Vs}. Durations have Erlang (kx,vx) distributions, with mean
kx/vx. Source: Perez-Guzman et al. 2023 [1].

Erlang duration parameters

Compartment Definition kx Vx Mean
Sk (t) Susceptible Determined by infection dynamics
B3k (t) Exposed (latent infection) 2 v 2/7% (see Table 2.3)
iy * (1) Asymptomatic infected 1 7 1/~ (see Table 2.3)
Ik (1) Presymptomatic infected (infectious) 1 v, 1/~%, (see Table 2.3)
]lcfk(t) Symptomatic infected (infectious) 1 7é1 1 /7é1 (see Table 2.3)
I lcg *(t) Symptomatic infected (not infectious) 1 ’yéQ 1/ ’yéz (see Table 2.3)
ng’k(t) Severely diseased, leading to death (in 2 0.67 3.00

the community)

Dbk (t) Deceased (as a result of COVID-19) - - -

HE"(t) Hospitalised on general ward leading to 2 0.19h,(¢t) 10.33/h.(t) (eq. (2.49))
death
ng’k(t) Hospitalised on general ward leadingto 1 0.09h,(¢) 10.67/h.(t) (2.49)

recovery
ICUZR(t)  Awaiting admission to ICU 1 0.40 2.50
ICUS™(t)  Hospitalised in ICU, leading to death 2 0.17 11.79
I C’U%f(t) Hospitalised in ICU, leading to recov- 1 0.06 15.61
ery
ICU*(t)  Hospitalised in ICU, leading to death 1 0.14 6.97
following step-down from ICU
Wik (t) Step-down recovery period 2 0.16h,(t) 12.22/h,(t) (eq. (2.49))

WER (1) Step-down post-ICU period, leading to 1 0.12h,(t) 8.06/h,(t) (eq. (2.49))
death
RbWIk(¢) Recovered 1 1/1095 1095
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Table 2.2: Definitions of model parameters shown in Figure 2.2. These parameters define the routes
of progression through model compartments defined in Table 2.1.

Parameter Definition
N\b3k(t) Force of infection.
Ve Rate of progression from compartment .
Yo (t) Rate at which unconfirmed hospital patients are confirmed as infected.
7 Probability of being symptomatic if infected.
pg’k (t) Probability of admission to hospital, conditional on symptomatic infection.
piG’J;k (t) Probability of death for severe symptomatic cases outside of hospital.
p*(t) Probability of COVID-19 diagnosis confirmed prior to admission to hospital.
p%U(t) Probability of admission to ICU, conditional on hospitalisation.
png (t)  Probability of death for hospitalised cases not in ICU.
szJC];]D (t)  Probability of death for cases in ICU.
p%f (1) Probability of death for cases after discharge from ICU.
CHR(t) Rate of movement from vaccine strata k to k + 1.
. Probability of being protected against infection with variant j for those recovered
J

from earlier variants relative to those in the susceptible class.

To model heterogeneous mixing and time-varying transmission therein, e.g. given NPIs or

other relevant events (e.g. school holidays), the model uses the POLYMOD contact matrix for
England [76] which is scaled over time given a fitted piecewise-linear multiplier function, (t). The
emergence and replacement of SARS-CoV-2 VOCs is modelled in a 2-strain framework whereby an
established variant j; is replaced by an emerging one j, given fitted parameters of its seeding date ¢;
and transmission advantage o; over j;. Upon recovery from infection with variant j, cross protection
is not assumed to be 100% and there is waning of natural immunity (see Table 3.2), but individuals

can be either (Figure 2.2D)
e Recovered from infection by variant 7 = 1, with no history of prior infection

e Recovered from infection by variant 7 = 1, with a history of prior infection by a non-circulating,

historic variant (e.g. Wildtype, during Delta and Omicron BA.1 co-circulation)

e Recovered from infection by variant 7 = 2, with a history of prior infection by variant 7 =1
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e Recovered from infection by variant 7 = 2, with no history of prior infection

e Recovered from infection by variant 7 = 2, with a history of prior infection by a non-circulating

‘historic’ variant j = H

The model further explicitly accounts for waning of infection-induced immunity, assuming
protection against reinfection with the same variant for an exponentially distributed duration with
mean 3 years, with asymmetrical cross-immunity to a new SARS-CoV-2 variant for individuals
who have recovered from previous variants (see in Table 3.2). Hybrid immunity is assumed to be
a combination of the two independent effects of infection-induced and vaccine-induced protection

(Appendix A.2) and waning.

Regarding vaccination classes k, the model stratifies individuals to describe a primary (two-
dose) and booster regimen, and delays between receiving a dose and the onset of dose-specific vaccine
effectiveness (VE), as well as waning of vaccine-induced protection following second and booster doses
(Figure 2.2C). Of note, although the modelling of booster vaccinations and waning vaccine protection
had not been published before my first PhD lead-author publication, this was a technical expansion
done by other members of the ICL-RTM team at the time, which I incorporated into my model. I

describe this process and parameters in detail in Appendix A.2.

2.2.3 Modelling transmissibility

A central objective of my work was to estimate and compare the intrinsic transmissibility of different
SARS-CoV-2 variants, which I defined as their basic reproduction number Ré, and their effective
reproduction number accounting for and void of the effect of immunity, R{’ef ! and R{, respectively.
Whilst the model had been previously equipped by the ICL-RTM team to infer the latter two
effective reproduction numbers [32,89], its focus before my PhD had been to provide rapid real-time
analytics. So, simplifying assumptions had been made, including ignoring other VOCs and fitting to
the emergence of Delta only and that the serial interval remained the same for Delta and non-Delta

variants.

To address my PhD objective, as I discussed above, I implemented an explicit simulation of the

emergence of VOCs j = Alpha, Delta, Omicron accounting for differences in their serial interval, their

transmission advantage o;, their effect on the relative susceptibility to infection y** and relative

infectivity ¢%/*. These nuances allowed me to, in turn, define parametric calculations of their Rg,

R{’ef 7 and R{ . This section describes these technical processes and assumptions.
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Variant seeding and multi-strain model

Based on [32,89], I seeded each variant j fixing their daily rate ¢; and period v; (Table 5.7), given
a fitted emergence time ¢; (Table 3.3). I assumed all seeded infections S — E occurred in the 15-
19 year-old, unvaccinated group. For the Wildtype seed, I assumed a daily rate of 10 per million
population-day over a 1-day period, so ¢wiidiype = m > Nt and vwigrype = 1. For the Alpha,
Delta and Omicron BA.1 variants, I assumed a fixed rate of 2 per million population-day over a
7-day period, so for j € {Alpha, Delta, Omicron}, ¢; = m >y Ntand v; =7.

I initialised the model on March 1, 2020 as a single variant model, assuming all infections are
due to the Wildtype variant. Subsequently, most model compartments are inflated to four classes in
the j dimension: j = jy, jo, 71", j5¢™ to simulate the emergence and co-circulation of VOCs. The
sole exception is the R compartment where there is an additional layer, j; accounting for individuals

recovered from historic variants. For the analyses I performed in Chapter 3, I accounted for three

two-variant phases:
1. From September 17, 2020, j; = Wildtype, j» = Alpha, jg = {}
2. From March 8, 2021, j; = Alpha, jo = Delta, jg = {Wildtype}
3. From November 1, 2021, j; = Delta, jo = Omicron, jg = {Wildtype, Alpha}.

In addition to a fitted seeding date t;, I fitted parameters of variant transmission advantage o;

over the immediately preceding one (Table 3.3), as detailed in the section below.

Force of infection

Based on [32,89], I defined x*#* as the susceptibility to variant j of individuals in S given age group
i and vaccine stratum k, relative to a non vaccinated individual (so that x** = 1 for all ¢ and j),

given by

X = (1= e, (2.1)
where e;ffk was the vaccine effectiveness against infection of variant j in vaccine strata k (given values
in Table A3 weighted by vaccine type distribution by age, according to Figure A4).

In turn, I defined %% as the infectivity of an individual in group 7 and vaccine stratum k
infected with variant j relative to a non vaccinated individual infected with the Wildtype variant (so
that ¢&Wildtype.d — 1) given by

£k = (1 — eiT Mg, (2.2)

ins
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where e}’ was the vaccine effectiveness against onward transmission (Table A3) and o; captured

the effect of variant-specific transmissibility advantage on the force of infection, defined by

1 if j = Wildtype
OWildtypeT Alpha 1f 7 = Alpha

o, = ypeT Alp (23)
O AlphaO Delta lf] = Delta

| ODeltaTOmicron it j = Omicron

In turn, I defined ©; ;x(t) as the number of infectious individuals with variant j in group ¢ and

vaccination stratum k, weighted by infectivity, given by
Ouinlt) = €94 (01, I7M(0) + (1) + 164 (1)) (24)

where 0, was the infectivity of an asymptomatic infected individual relative to a symptomatic one

infected with the same variant (Table 5.7), and in the same vaccination strata.

Given the above, I defined the force of infection, A/"*(t), of variant j € {ji, j»} on a susceptible

individual in group i € {[0,5), ...,[75,80),[804)} and vaccination stratum k£ =0,1,...,6 as

Al’J’k(t) = Xi’j’k Z miﬂ'/ (t) Z (@i’,j,k’ (t) —+ @i/7jreinf7k/ (t)) (25)

k./

where m; () corresponded to the time-varying contact matrix (section 2.2.3). This in turn, allowed
me to define A%¥(t) as the total force of infection acting on susceptible individuals in group i and

vaccination stratum k given by

Ai,k(t) _ )\i’jl’k(t) 4 )\mé,k(t)‘ (2.6)

Time-varying next generation matrices

Based on [18,32,89], I simulated transmission via a time-varying contact matrix

M (t) = ciB(t) (2.7)
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where ¢;» was the baseline social contact matrix for the UK [76], derived using the socialmixr

package [80], and [(t) a fitted piecewise-linear multiplier function given by

.

ti—1 t— 1t . .
B(t) = —Bi—l + —152, if ti—l <t S ti, 1€ {2, ce ,36} (28)
ti =ty ti —tia

with 36 change points ¢; corresponding to major NPI policy implementations or lifting and other

relevant changes in contact rates (Table 3.3).

This in turn allowed me to determine two time-varying next generation matrices (NGM)

NGM;(t) = miy (H)ATN(t) (2.9)
NGMI(t) = miq () A}S () (2.10)

where N,;(t) and S;(t) were the total and susceptible population, respectively, in the infection-
receiving age group ¢, and A} represented the mean duration of infectiousness weighted by the

infectivity 0;, of an individual in group ¢ and vaccine stratum k as
AP =01, (1= pg) Elr,) + v (B [rr] +E [11c,]) - (2.11)

where pl, was the probability of symptomatic disease conditional on infection and age i (see sec-

tion 2.2.4).

Effective reproduction number

The matrix NGM, ;(t) thus represented the expected number of new infections given contact rates at
time t by age classes in the entire population, void of the effect of any layer of immunity. The matrix
N GMZ.e{,f (t), on the other hand, represented the corresponding number of infections but further

accounting for immunity in the population.

Given that Ai[’k did not depend on j, I calculated the NGM for variant j as
NGMij;i’ (t) = myq (t)fi’j’OAiI’oNi/ (2.12)
Similarly, I calculated the effective NGMs for co-circulating variants j; and j, as

NGMPT (1) = My (£)x "k gk (S’“ () + (1 —nlh,) RTH (t)) , (2.13)
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NGMEEH ooy (8) = Mig (O™ €928 (79 (1) + (1= i) (B9 () + R4 (1) + R (1)) )
(2.14)

where D : {[0—4],[5—-09],...,[75 —79],80+} x {0,1,...,6} — {1,2,...,119} was a one-to-one
mapping, M, (t) was shorthand for mi,i/(t)A?k, and nfnf the parameter for cross-immunity against
infection with variant j (Table 5.7). That is, the force of infection of variant j; on an individual
recovered from historic variants jz in group i and vaccine stratum k was (1 — 7" PIASVE(L); the force
of infection of variant js on an individual recovered from variant j; or historic variants jg in group
i and vaccine stratum k was (1 — ngflf))\i’j%k (t); and there was no force of infection of variant j; on
individuals recovered from variants j; or j,, or of variant j, on individuals recovered from variant js.

Thus, I defined R/ as the dominant eigenvalue of the 17 by 17 matrix NGM/(t), and RIIT as
the dominant eigenvalue of the 119 by 119 matrix NGM?¢//(t). In turn,

Wi, (t)Rfl + Wy, (t)RgZ

Wi, (t) + wy, (t)
g wi (ORI 4wy, () RE
a Wy, (t) + wj, (t>

R, = (2.15)

R , (2.16)

where w;(t) were weightings based on the prevalence of each variant, accounting for the relative

infectivity of each compartment, such that for j = ji, jo

5.q i srein f 3.7 i rein f i.q i rein f
wit) = 303 (O (L@ + 174 0)) + 550 + 170 + 1) + 18 w).
7 k

(2.17)

Basic reproduction number

By definition, the basic reproduction number Ry is equal to R; at time 0 in a fully susceptible
population [88]. Given I assumed all infections at model initialisation were due to the Wildtype

variant, I defined its Ry as
Ry Mdtvre = R, (2.18)

For the VOCs, I then defined the values of R} as

Alpha _ pWildtype
RO = RO * O Alpha (219)

Delta __ pWildtype
Ry = Ry * 0 Alpha * O Delta (2.20)

Omicron __ pWildtype
RO - RO * O Alpha * O Delta * 0Omicron (221)
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That is, the instantaneous reproduction number at the start of the pandemic, Ré:Wildtyp . by def-
inition void of the effect of any immunity in the population, factored by the o; parameter of the
corresponding VOCs in succession and, given the NGM determined by social mixing patterns at

t=0.

Serial interval of variants

Emerging evidence at that time I developed the above parametric calculations of transmissibility
strongly indicated that the relative rate of replacement of a new variant was sensitive to assumptions
of the mean serial interval [139]. I thus modelled proportional reductions in the mean serial interval
of the VOCs compared to the Wildtype variant (Table 2.3), using the formula for mean backwards

serial interval [140]

E [T[P]2 +E [, ]E [TICJ +E [7’101}2

E[SI] = E[rg] + B[] B[]

(2.22)

For each variant in turn, I applied a proportional reduction in mean duration 7 of the E, Ip,
I, and 14 compartments. I assumed the same total mean time from symptom onset to (possible)

hospitalisation E [T[CJ +E [T[CQ} across variants remained unchanged, at 4 days.
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Erlang duration parameters

Variant Mean SI % reduction  Source Compartment kx % Mean (1)
(days)
E 2 0.87 2.31
14 1 035 2.88
Wildtype 5.2 . [141] Ip 1 0.60 1.68
Io, 1047 2.14
Ie, 1 1.86
E 2 092 2.17
14 1 037 2.71
Alpha 49 6% 142] Ip 1 0.63 1.58
Ie, 1050 2.01
Ie, 1 0.50 1.99
E 2 099 2.01
14 1 040 2.51
Delta 4.5 13% [142] Ip 1 0.68 1.46
Io, 1 0.54 1.86
Ie, 1 047 2.14
E 2 1.15 1.73
I 1 0.46 2.16
Omicron 3.9 25% [142] Ip 1 0.79 1.26
Ie, 1 0.62 1.61
Ie, 1042 2.39

Table 2.3: Serial interval (SI) assumptions for different variants of concern. All mean SI percent
reductions are relative to the Wildtype variant. Mean (1) is expressed in days and 74 corresponds
to respective k, divided by mean duration. Please note that k dimension here refers to the number
of successive sub-compartments used to generate a flexible Erlang delay distribution, rather than
assuming exponential durations of all transitions. Source: Perez-Guzman et. al. 2023 [1].
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2.2.4 Modelling severity

In its early stages [18], the model’s severity pathways operated with a series of fixed (over time)
age-specific parameters (henceforth baseline) pi*, which defined the probability of an individual
of age i progressing to compartment x. These had been originally inferred from linelist data on
hospitalisations and deaths in England during the first pandemic wave [18]. Before starting my PhD,
I had expanded the model to incorporate a series of fitted piece-wise linear functions h(t) (Table 2.4)
to scale these baseline severity parameters [32,89]. When I first implemented these h(t) function,
however, they where agnostic to the effect of specific drivers of effective severity. Rather, their
main purpose was mechanistic, to improve the model’s fit to hospital admission and occupancy data

streams to provide rapid real-time analytics.

During my PhD, I performed several model expansions to: overhaul the h(t) functions to infer
the effect of new treatments and other modifications in healthcare provision on disease severity over
time (Table 2.4); calculate the variant-specific basic infection hospitalisation ratio IH Ré, hospital
fatality ratio H F Ré and infection fatality ratio I F' Ré; calculate the respective effective severity met-
rics overall, I HR(t), HF R(t) and I F R(t), and given age, variant and vaccination classes [ H R""(t),
HFERYk(t) and TFRYk(t).

Severity pathway probabilities and rates

As mentioned, the movement of individuals between disease severity pathways is determined by the
parameters pi/* defining the probability of progressing to compartment x, as well as the respective
rate parameters 7,. The former parameters may vary between age groups 4, variant of infection (j),

and/or vaccine strata (k), as defined in the respective equations below.

The probability that an infected individual will have a symptomatic infection depends only on

their age group i, as in [18,32,89], and is given by

(0.25 fori =[0,5)
0.26875 for i = [5,10)

0.41875 for i = [15,20)
| 055 fori=1[20,25,..[75,80), [80+).

[0,
[
po =14 0325  fori=[10,15) (2.23)
[
[
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Table 2.4: Change points for fitted time-varying severity multiplier parameters with piecewise linear
form. Where two dates are specified, the model assumes the corresponding fitted severity multiplier
value to remain fixed in between. Source: [1].

Parameter Dates of change Rationale Reference
04-11-2021
hp(t) Novel outpatient treatments [143-146]
31-12-2021
01-04-2020
hreu(t) Dexamethasone indicated 128, 147]
01-06-2020
01-05-2020
hap (1) Change healthcare after 1st wave A gqumed
01-07-2020
01-04-2020 First wave
01-07-2020 to 15-09-2020 Trough after first wave Assumed
15-10-2020 to 01-12-2020 Winter 2020/21 wave
hp(t)
04-02-2021 Trough after winter 2020/21 wave

01-04-2021 to 04-11-2021  Approval and roll-out of novel [143-146]

31-12-2021 oral treatments for COVID-19

The probability that a symptomatic individual has severe disease requiring hospitalisation for

J € {Jj1,j2} is given by

it (8) = win { (000l (1= €6 yme) T 1} (224)
i, 'TEinf,k . Z 1;7 .7k . .
pil () = min {har (000 (1= € ) 7 (1= ) 1}, (2.25)
where 1%, represents the age scaling (such that 1% = 1 for the group with the maximum probability
(Table 2.5), eg]l")ﬁsympt the vaccine effectiveness against symptomatic disease (Table A3), 77}'{ the prob-

ability of cross-immunity against hospitalisation for an individual infected with variant j (Table 5.7),
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and hy(t) was a fitted scaling function with piece-wise linear form, given change points (Table 2.4)

72 on (and before) 04/11/21,
iy = 4 S ( re) 04/11/ (2.26)
pii on (and after) 31/12/21,

and 7'('%1 was a fitted (see Table 3.3) multiplier accounting for the changing severity of the VOCs with
respect to the Wildtype variant:

(

1 if 7 = Wildtype,
L WII;Vildtypewglpha/Wildtype if j = Alpha, (2.27)
H = - f]lphaﬂ_flelta/Alpha if j = Delta, '
- gelmﬂgmicron/Delta if j = Omicron,

Alpha/Wildt Delta/Alph Omi Delt
where 7THp a/Wi ype7 7TH6 a/Alpha and 7T_Hmzcron/ elta

were the relative probabilities of severe disease
requiring hospitalisation given infection for Alpha over Wildtype, Delta over Alpha and Omicron

over Delta, respectively.

The probability that an individual with severe disease died in the community was given by, for

j € {jl?j?}a

pi%(t) = min {hGD (£, (1 ik SD) . 1} : (2.28)
i’jreinf’k

pe, " (1) = min {ha, (008, (1= eillhon) 7h (L=nh) . 1}, (2.29)
where h¢,, also had a piecewise linear form with change points (Table 2.4)

maz - on (and before) 01/05/20,
hey (1) = 4 Péon M ) 01/05/ )
pEe, on (and after) 01/07/20,

Ve, was an age multiplier (Table 2.5), and W{) a multiplier accounting for the changing severity of

the VOCs with respect to the Wildtype variant:

1 if 7 = Wildtype,
L ﬂ_g/ildtypeﬂ_glpha/Wildtype if j — Alpha, 231)
D= ngphaﬂ_gelta/Alpha if j = Delta, .
7Tlgelm7T10)””"”’°”/ Delta if 5 = Omicron,

\

Alpha/Wildt Delta/Alph Omi Delt
Dp a/Wi ype7 7TD6 a/Alpha and 71_szcron/ elta

where 7 were fitted parameters of the relative probability
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of death given severe disease for Alpha over Wildtype, Delta over Alpha and Omicron over Delta,
respectively (Table 3.3).

The probability that an individual was admitted to ICU given hospitalisation with infection

by j € {j1,7J2} was given by

P%U(’f) = min {hICU(t)¢§CUW}CUa 1} ) (2.32)
2‘7 srein f i, .
pIéU (t) = p[é’U(t) (2.33)

where %, was the age scaling (Table 2.5), hrcy(t) also had a piece-wise linear form with change

points (Table 2.4)

piét,  on (and before) 01/04/20,
prs, on 01/06/20,

hicu(t) = (2.34)

and W}CU was a multiplier accounting for the changing severity of the variants of concern with respect

to the Wildtype variant

(
1 if j = Wildtype,
Wildtype _Alpha/Wildtype ., .
o Trcu — Trcu if j = Alpha, (2.35)
cu Alpha_Delta/Alpha £ 7 — Delt .
Trcu Trcu 1y = LDelta,
Delta . Omicron/Delta e .
| TIcu Ticu if 7 = Omicron,
Alpha/Wildtype Delta/Alpha Omicron/Delta . -
where 70 s Trou and 7., were fitted parameters of the relative probability

of admission to ICU given hospitalisation for Alpha over Wildtype, Delta over Alpha and Omicron
over Delta, respectively (Table 3.3).

The probability that an individual died in general beds given they were not admitted to ICU

was, for j € {j1, 42},

1,7,k : max i 1,5,k ]
P (1) = min {pghp (Ol (1= eiZyen) mhi1} (2.36)
ijremnt k : max i 1,5,k j j
Pl (1) = min {pHg ho (£, (1 - edgathm)) (1= nh) ,1} , (2.37)

where 1}, represented the age scaling (Table 2.5) and hp(t) also had a piece-wise linear form with
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change points (see Table 2.4)

1 on (and before) 01,/04/20,

ppSe on 01/07/20,

pmes on 15/09,/20,

pps on 15/10/20,

hp(t) ={ pB% on 01/12/20, (2.38)
pme o 04/02/21,

ppdr on 01/04/21,

ppar on 04/11/21,

ppE on (and after) 31/12/21.

The probability that an individual died in ICU given admission into it with infection by variant

J € {7, j2}:

.7,k : max 7 i,5,k j
p[éUD (t) = min {pICUD ho(O)Vicu, <1 - 6d£ath|SD> T 1} (2.39)
i, "reinfyk . max i i, "k ; y
pIJCUD (t) = min {PICUD ho(O)Yic, (1 - edéath|SD> ™ (1 - 775:)) 3 1} (2.40)

where ¢, represented the age scaling (Table 2.5).

The probability that an individual who had been in ICU dying in a stepdown bed, given that
they did not die in ICU, for j € {ji, jo} was given by

3,5,k : max % 1,7,k ]
Pl (t) = min {pWD ho (£ (1 . ediatmsp) 7, 1} , (2.41)
i, 'reinf’k . max I i’ "k y y
P, (t) =min {pWD hp(t) vy, (1 — edgathD) ™ (L =mn3), 1} , (2.42)

where 1}, represented the age scaling (Table 2.5).

Finally, the probability of individuals having had a COVID-19 diagnosis confirmed prior to
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admission to hospital, p*(¢) had a piecewise linear form with change points

(

\

0.1
0.42
0.2
0.45
0.45
0.33

on (and before) 15/03/20,
on 01/07/20,

on 20/09,/20,

on 27/06/21,

on 01/12/21,

on (and after) 01/01/22.

(2.43)

These were informed by data on COVID-19 admissions and inpatient diagnoses from NHS England

[148]. Meanwhile, the rate at which unconfirmed COVID-19 patients in hospital became confirmed,

~vu(t), had a piece-wise linear form with change points

\

(1/2.1
1/1.2
1/1.2
1/0.7
1/1.3
1/0.7
1/0.4
1/0.9

on (and before) 15/03/20,
on 05/04/20,
on 15,/09/20,
on 15/11/20,
on 10/12/20,
on 20/01/21,
on 01/08/21,
on 01/03/22.

(2.44)

These were informed by data on times to diagnosis from CHESS [149].

In addition, I allowed for some of the duration rates for hospital compartments to also be

time-varying to account for changes in length of stay over time, given

Vg (t) = hey () Vi (2.45)
Vap (1) = hy ()78, (2.46)
YWwa(t) = hy(E) 1w (2.47)
W (t) = hy(H) 1wy (2.48)



where h,(t) had a piece-wise linear form with change points

(

1

1/ 1
1/ gy 2
1/ oy 3
1/ by 4

on (and before) 01/12/20,
on 01/01/21,

on 01/03/21,

on 01/06/21,

on (and after) 01/09/21.
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Table 2.5: Baseline age-specific multipliers for severity pathway probabilities. These had been previ-
ously estimated [18] using a progression model fitted with MCMC to age-stratified linelist data from
CHESS [149]. Source: Perez-Guzman et al. 2023 [1].

Agegroupi ¥y Vg,  Yiew  Vuy  VYiev, Vi
[0,5) 0.0149 0.0000 0.2428 0.0386 0.2823 0.0911
[5,10)  0.0027 0.0078 0.2891 0.0365 0.2861 0.0830

) 0.0033 0.0033 0.3377 0.0353 0.2913 0.0775

) 0.0065 0.0123 0.3804 0.0351 0.2991 0.0744

) 0.0129 0.0139 0.4426 0.0362 0.3103 0.0739

) 0.0191 0.0129 0.5027 0.0391 0.3276 0.0760

) 0.0269 0.0242 0.5697 0.0447 0.3526 0.0802

) 0.0255 0.0420 0.6530 0.0552 0.3909 0.0860

) 0.0287 0.0604 0.7559 0.0743 0.4465 0.0927
45,50)  0.0336 0.0801 0.8659 0.1067 0.5196 0.1016

)

)

)

)

)

)

0.0568 0.1054 0.9541 0.1568 0.6044 0.1167
0.0769 0.1317 1.0000 0.2385 0.7047 0.1482
0.1075 0.1679 0.9720 0.3528 0.8057 0.2113
0.1364 0.2165 0.8544 0.5020 0.8988 0.3315
0.2452 0.2992 0.6454 0.6750 0.9692 0.5263
0.4218 0.4327 0.4024 0.8319 1.0000 0.7531
[80+) 1.0000 1.0000 0.1074 1.0000 0.9178 1.0000
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Variant effective severity

Given the implementation of aforementioned time-varying conditional severity probabilities and rates,
I defined the variant-specific effective severity for individuals in age group ¢ and vaccine class k

infected with variant j as

THR(t) = plplf* ()1 = pidH (1) (2.50)
HFR" (1) = (1 pibo(t )) ety () + pybo (Opise, (8) + Pl (1) (1 Pty (t >> Pit, () (251)
TFRIHE) = THRMOHFRA(0) + gl  Ong o). 252

To then obtain overall estimates of effective severity, I aggregated the above measures weighting
by new infections n*(t) for IFR and IHR, or new hospitalisations n’"(t) for HFR across age groups

i, variants j and vaccine classes k as follows:

i 20 ey (D TH R (1)

ITHR(t) = R (2.53)
> Yeny(t)
R = S5 S OHERA) -
>3 e () ‘
IFR(t) = o2 i (OIFRY (2.55)
S )
Additionally, I obtained estimates of effective severity over time for age group 7, given
THR @) = 21k ni* (6 TH RV*(1) (256
> (1)
HFR() — 212" ni* (8 HF RV*(1) (257
> o (t)
PSR i1 i U -
>, en ) '
For the case of variant j, I further calculated the effective severity
Y Zk< LR () TH RV (1) +n“m"ka(t)JHRiJ“m”“(t))
THR (t) = " (2.59)
525 () + 0l )
NS (W O HFR @) i O HE R ()
HFR(t) = - " (2.60)
55k (i) + i W)
N (W OIF R 40 “’"“f(t)fFR”””“%t))
IFR (t) = (2.61)

5 5 (@) + R0
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Variant basic severity

In a similar fashion to R} (section 2.2.3), I defined the variant-specific IHR}, HFR) and IFR}
as those that would be observable in an entirely immunologically naive population, given its age-
distribution and baseline social contact rates and, critically, assuming the healthcare ecosystem at
t ~ 0. For the comparison of variants I performed in Chapter 3, I set time t to the 16th of May
2020 to capture the basic severity at a point in time where there were enough individuals across
compartments to calculate weights (as above), but no significant population-level immunity and prior
to the introduction of the first targeted treatments for severe COVID-19 in early June 2020 [150].

Thus, formally

Jopy 2 Wit THRYO(t)
IO == (262
Jon 2o wi(OTHRYO () HF RWO(t)
HERy(t) = S i () THR0() , (2.63)
[FRI(t) = > wi () TFRO(t) 2.60)

> wi(t) 7

where w'(t) were the weightings from the eigenvector corresponding to leading eigenvalue of NG M, ;/(t)
and, in the case of HF R‘é, further weighted by I HR*(t) to obtain the distribution of hospitalised

cases by age corresponding to the eigenvector at time ¢.

2.3 Discussion

The methods I proposed in this chapter overcame several critical limitation in transmission models
employed during the COVID-19 pandemic. Namely, I proposed a formal parametric method to
infer the effect of intrinsic vs effective drivers of transmission and severity. This approach explicitly
unpicked and quantified the specific effect of the following factors on the ‘observable’ population-level

basic and effective transmission and severity of SARS-CoV-2:
e Population age distribution and social contact patters
e Immunity profile
e Age distribution in the case mix of infections and, for HFR, hospitalisations
e Emerging VOCs

Although the equations, parameters and assumptions I defined in this chapter pertained to the
structure and mechanisms of a specific modelling framework of SARS-CoV-2 transmission in England,

the ICL-RTM team’s model, their underlying mathematical principles are applicable to other models.
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The representation of age-, vaccine- and strain-classes and healthcare compartments in transmission
modelling frameworks was common to the study of COVID-19 across many settings [33, 90, 95,
96]. Two aspects made my modelling framework specific to England. Namely the the specification
of change-point dates in the piece-wise linear function scaling transmission and severity and, as I
will discuss in the following chapter, the coding of the marginal-likelihood functions comparing the
model’s hidden state variables to the data.

These are aspected that can be easily adapted to the other settings. Shortly after the pub-
lication of my methods [1], another study adopted its parametric calculations of transmissibility
and severity and the use of piece-wise liner functions to an age-, strain- and vaccine-class stratified
model of SARS-CoV-2 transmission in French Polynesia [94]. Two additional SARS-CoV-2 modelling
studies have made use of parameters estimated by my model, one in the UK [151] and another in
China [152], and six others have contextualised their own analyses of the COVID-19 pandemic in
relation to the novel insights my methods brought [153-158].

For the case of preparedness, the parametric approach I developed is in principle applicable
to the study of other outbreak pathogens, provided the aim is to study them with the use of a
discrete-time transmission model with age- and immune- and/or strain-class disaggregation equipped
with a multi-dimensional parameter space inference framework, such as pMCMC. Indeed, during an
international workshop on the use of modelling for pandemic preparedness, held at the Centre for
Excellence in Respiratory Pathogens (CERP) in Lyon, France, a central theme that was discussed
was the critical need for multi-source utilisation of data [159]. In this regard, my work was cited as
an example of a holistic approach to the use of data for the understanding of outbreak disease spread

and severity, amidst a landscape of rapidly evolving epidemiological drivers [159].
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Chapter 3

Drivers of SARS-CoV-2 transmissibility

and severity in England

3.1 Background

The emergence of SARS-CoV-2 in late 2019 signalled the start of a global health emergency that
would inflict unprecedented pressures on healthcare systems and economies globally, and cause surges
in excess mortality [42]. Even the more resilient public health surveillance and healthcare systems of
HICs were put under severe pressure and, thus, stringent NPIs that included lockdowns (i.e. educa-
tion, social and economic closures of all but essential services) and a re-structuring of health services

to deal with pandemic-driven demand were imposed [3,71].

The work conducted by the ICL-RTM team and other academic groups providing analytics to
SPI-M-O and SAGE [3,160] was seminal in driving an understanding of population-level dynamics
of the COVID-19 pandemic (Figure 1.1). Yet, prior to the work I conducted during my PhD, it had
not been possible to systematically quantified the individual and combined effect of the intrinsic and
severity factors of the ‘observable’ population-level transmission and severity dynamics of SARS-

CoV-2.

In this chapter I discuss how I tailored the model I presented in Chapter 2 to COVID-19
surveillance data from England between March 2020 and February 2022, and thus estimate the time-
varying transmission and severity dynamics of the pandemic in the most granular detail for any
modelling study to date. Specifically, I quantified the impact on these dynamics given changes in
contact rates due to NPIs, the introduction of novel treatments for severe COVID-19, the emergence

of VOCs, and the profile of infection-, vaccine- or hybrid-induced immunity in the population.
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3.2 Methods

I illustrated the model’s structure in Figure 2.2, detailed its compartments in table 2.1 and its
parameters in table 2.2. In this methods section, I describe the technical details of the data employed,
model parameterisation and fitting approach. Additional technical details, including the model’s

equations and approach to simulating vaccination are presented in Appendix A.

3.2.1 COVID-19 surveillance data

I fitted the model independently to COVID-19 surveillance data for each of the seven National
Health Service (NHS) regions in England (Table 3.1). These data included the number of positive
and negative PCR tests in the community, population-representative infection prevalence surveys,
genetic characterisation of a sample of the PCR positive cases, seroprevalence from blood donor

residual sera, hospital admissions and deaths, and community deaths.
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Table 3.1: England data sources and definitions. All data are reported by NHS region or processed
to match these regions. Source: Perez-Guzman et al. 2023 [1].

Data Description Stratification Source Reference

Hospital Daily deaths with COVID-19 in hospital Age: 0-49, 50-54, 55-59, ONS [161]

deaths 60-64, 65-69, 70-74, 75-
79 and 80+
Community Daily deaths with COVID-19 in any Age: 0-49, 50-54, 55-59, ONS [161]
deaths other place outside of hospital 60-64, 65-69, 70-74, 75-
79 and 80+
ICU occu- Daily number of confirmed COVID-19 None Gov.uk [161]
pancy patients in ICU Dash-
board
General Daily number of confirmed COVID-19 None Gov.uk [161]
bed occu- patients in non-ICU beds Dash-
pancy board
Admissions Daily confirmed COVID-19 patients ad- Age: 0-9, 10-19, 20-29, PHE [161]
mitted to hospital 30-39, 40-49, 50-59, 60-

69, 70-79 and 80+
Pillar 2 Daily number of positive (cases) and neg- Age: 15-24, 25-49, 50- PHE [161]

testing ative PCR test results 64, 65-79 and 80+

REACT-1  Daily number of positive and negative Age: 5-24, 25-34, 35-44, REACT [9]
testing PCR test results 45-54, 55-64 and 65+

ONS test- Weekly number of positive and negative None ONS 8]
ing PCR test results

Serology Serology survey conducted on blood Eurolmmun pre-Jan 14, PHE [162].

donors aged 15-65. 2021; Roche N assays
thereafter
Vaccinations Daily number of first, second and booster Age: reported in 5-year PHE [161]
vaccine doses bands
Variant Daily number of variant tests of symp- None VAM [163]

and Muta- tomatic individuals from Pillar 2

tion
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3.2.2 Observation process

I fitted the model to the above data using a bespoke pMCMC algorithm developed for the ICL-
RTM model [18]. This process involved a series of marginal-likelihood functions (i.e. of probabilities
of observing the data given model parameterisation). This section summarises the notation and

technical details of this process.

Notations

If X ~ Binom(n,p), then X follows a binomial distribution with mean np and variance np(1 — p),

such that

PIX = 1) = Pain (e, 1) = ()= 00, 3.1)

If Y ~ NegBinom(m, k), then Y follows a negative binomial distribution with mean m and

shape k, such that

PY = 1) = Pramnyf) = S 0 () (L (32)

y''(k) \k+m K+m

where T'(z) is the gamma function. The variance of Y is m + m?/k.

If Z ~ BetaBinom(n,w,p), then Z follows a beta-binomial distribution with size n, mean

probability w and overdispersion parameter p, such that

z+4+a,n—z+0b)
B(a,b) ’

n\ B
p<Z = Z) = PBetaBinom<z|n>w7p) = (Z’) ( (33)
where a = w (%), b=(1-w) (%) and B(a,b) is the beta function. The mean of Z is nw and
the variance is nw(1 — w)[1 + (n — 1)p].

In the following subsections, dyy’“ (t) represents the model inferred distribution of the number
of individuals moving from compartment z to y at a time ¢ (day), given their age 4, strain j and
vaccination k class. It should be noted that different data streams had different sets of days with

observations.

Hospital admissions and new diagnoses in hospital

I represented the daily number of confirmed COVID-19 hospital admissions and new diagnoses for ex-

isting hospitalised patients, Y%, (), in age band 2z € Zygm (Zaam = {[0, 10), [10, 20), ..., [70,80), [80+)}),

adm

as the observed realisations of an underlying hidden Markov process. This corresponded to the model-

77



predicted number of admissions to hospital and diagnoses in hospital X7Z, (t), calculated as

.7, 3,7, 1,9,k .7, .7,
adm Z Z Z (dfg',HR* _I_ d]g' HD* ( ) + dIé,ICUpTe* ( ) + dH]R HR* ( ) + d]é’Upre,ICUp,rE* (t)

ZEZ
gk ik ik RN i k1,2
+ Clz[é’[]WR7IC(UvWR;k (t) + dZIéUWD,ICUwg (t) + d’i/I‘;D,WD* ( ) dz]{] HD* < ) + dlfIJD7HD*
47 '7k7272 '7 '7k7171 47 '7k7172 47 '7k7272 '7 '7k7171
+di s () + diGe,) revy. () + disoy reu,. () + didg) 1cu,. (8) + i,

i,J,k,1,2 iJ,k,2,2 i,J,k
+ . () + dypw (1) + dIC'Upre ICUw,,. (t) + dZIéUpre,ICUWD* ()

7:7j7k
+dlCUprealCUD* (t) + dICUl] k (t)+dIC'UZ 7.k ( ))

Wp ,Wpx
D-Wp Wiy e ¢

(3.4)

This was related to the surveillance data stream of new hospitalisations via a negative-binomial
reporting distribution:

Yazdm( ) NegBmom (Xadm (t>7 ’%A) ) (35)

with a fitted overdispersion parameter, a4 = é, which accounted for "noise” in the underlying data

streams (e.g. day-of-week effects).

The contribution to the likelihood of the data on hospital admissions and new diagnoses in

hospital in age band z was therefore:

adm = H H PNegBlnom adm( ) ’ adm ( )7 ’%A) (36)

t 2€Zudm

Hospital bed occupancy by confirmed COVID-19 cases

The model predicted general hospital bed occupancy by confirmed COVID-19 cases, Xposp(t) as

Xiosp() ZZZ (HE2M(8) + HpM () + Hp () +

(3.7)
ivjik irj,k 6,4,k 1 i,j,k,2
ICURE®) + W (@0) + W (1) + Wi @)
which was related to the observed daily general bed-occupancy via a reporting distribution:
Yhosp (t) ~ NegBinom (Xj,esp(t), k) - (3.8)

Similarly, the model predicted ICU bed occupancy by confirmed COVID-19 cases, X oy (t) as

Xiou(t) ZZZ (ICUZE (8) + TCUREE (8) + TCURM (1) + ICUE* (), (3.9)
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which was related to the observed daily ICU bed-occupancy via a reporting distribution:
Yicu(t) ~ NegBinom (Xcp(t), ky) - (3.10)

As above, this allowed the fitting of an overdispersion parameter ay = #, used for both
general hospital bed and ICU bed occupancy.
The overall contribution to the likelihood of the data on general bed and ICU bed occupancy

was:

Ebeds = H PNegBinom (Yhosp(t> ‘Xhosp<t)7 '%H)
! (3.11)
X H PNegBinom (}/}CU(t) |XICU(t)7 HH) .
t

Hospital and community COVID-19 deaths

The model considered Y}, (), the reported number of daily COVID-19 deaths in hospitals in age
band z € Zp (Zp = {[0,50), [50,55),[55,60)...,[75,80),[80+)}), as the observed realisation of an
underlying hidden Markov process, X, (t), defined as:

1,5,k 1,7,k 1,5,k 1,5,k 1,5,k .7,k
Xb,,.,(t ZZZ (@5 (&) + dif () + didt, p(8) + A, p(0) + difik p(1) + dif ().
i€z J

(3.12)

which was related to the data via a reporting distribution:

Y, (t) ~ NegBinom (X,ghasp (1), ;{D,W> . (3.13)

Similarly, the model represented the reported number of daily COVID-19 deaths in the com-
munity in age band z € Zp, Y5 (t), as the observed realisations of an underlying hidden Markov

process, X7_ (t), defined as:

X ZZZ%@% (3.14)

1€2

which was related to the data via a reporting distribution:

Y5, (t) ~ NegBinom (X7, (), KDuorm ) - (3.15)

Dcomm

This process also involved the fitting of overdispersion parameters ap,,,, = for hospital

KDhosp

deaths and ap,,,,., = for community deaths.

HDcomm

The overall contribution to the likelihood of the data on COVID-19 deaths in hospitals and
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the community was:

Edeaths - H H PNegBinom <YD,ZIOSP ) ‘XD,ZLOSP (t>7 D}Zwsp>

t zeZp

X H H PNegBinom YDgomm ‘XDcomm (t> '%Dcomm)

t ze€Zp

(3.16)

Serosurveys

There were two different serological tests employed in England during the study period, Eurolmmun
and Roche N (Table 3.1). The model explicitly simulated serological testing of all individuals aged
15-64, inclusive, via a parallel flow approach (see Appendix A.1). That is, assuming all individuals
aged 15-65 were to be tested, the resulting number of seropositive and seronegative individuals with

test j (where 7 = 1 corresponds to Eurolmmun and j = 2 to Roche N), as

[60,65)
X erog (1) = > T () (3.17)
i=[15,20)
(60,65)

X v, () = > N - X eoros,. (0): (3.18)

1=[15,20)

were compared to the observed number of seropositive results, Y, ., (), allowing for i) the sam-
po

ple size of each serological survey, Y, t(t) and ii) imperfect sensitivity (psero..,.) and specificity

(Pserospe.) Of the serological assay given a binomial likelihood:

}/;erog;os (t) ~ Binom (Y;erog . (t>> wseropos (t>) (319)
where: v " ( )X "
pserosens SeTOj t + 1 - pserospgc seToj t
Wyerod,, (1) = n (3.20)
" Xsero{;os (t) + Xserozwg (t)

The contribution to the likelihood of the serosurvey data was:

Loero =TT TT Pinoms (Yeropoo @ [ Xewrar, (00,000, ) (3.21)

t j=1,2
PCR testing

I had access to three different data sources of SARS-CoV-2 PCR testing to fit the model to (Table 3.1).
This included the population-level government programme for symptomatic case detection, Pillar

2 [3], and two population-level longitudinal infection surveys [8,9].

Using a parallel flow approach (Appendix A.1), the model assumes that results from individuals
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tested through Pillar 2 PCR for each age band z € Zpy (Zpy = {[15,25), [25, 50), [50, 65), [65, 80), [80+)})
were representative of the true population-level prevalence of symptomatic cases (i.e. positive and
negative results that would have been observed if everyone in the corresponding age group had been

tested). Thus, newly symptomatic SARS-CoV-2 cases were defined as

Xia, (0) =Y > dili, () (3.22)

i€z g

and non-SARS-CoV-2 cases who had symptoms consistent with COVID-19 as

where

. pio it tis a weekday
g°(t) = o (3.24)
Pryow if tis a weekend day

was the probability of non SARS-CoV-2 cases in age band z having symptoms consistent with
COVID-19 that might lead them to get a PCR test.

These were then compared to the observed number of positive PCR tests, Y3, = (t), accounting
for the number of PCR tests conducted each day under Pillar 2, Y7, (t) and by calculating the
probability of a positive PCR result (assuming perfect sensitivity and specificity of the PCR test):

z XIZDQ 0s (t>
WP2,,. (t): "

= — : (3.25)
Xy () + X, (1)

To account for the fact that people may have sought PCR testing through Pillar 2 for many
other reasons which would have introduced competing biases (e.g. flu-like symptoms caused by ill-
ness other than COVID-19, before visiting acquaintances, caring for vulnerable person), the model

included an over-dispersion parameter ppo,. ,, fitted through a beta-binomial likelihood process:

Yy, (t) ~ BetaBinom (Y,%mt (£), iy, (£), pmm) . (3.26)

To incorporate PCR data from the two infection surveys in England at the time [8,9], the

model accounted for the included age-eligibility of each separately.

For each age band 2z € Zg, (Zr1 = {[5,24),(25,34),[35,44),[45,54), [55,64), [65+)}) the
model incorporated the REACT-1 PCR data into the likelihood analogously to the serology data, by

considering the model-predicted number of PCR-positives, Xf; = (¢), and PCR-negatives, Xz, _ (?):
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Xha,,. (1t Z Thon,,, (1), (3.27)

1€2

Xiy, (t) = (Z Ni) — X5y, (1) (3.28)
1€z
and comparing them to the daily number of positive results, Yii,.. (t), given the number of people

tested on that day, Y7, (t), and by calculating the probability of a positive result, assuming perfect
sensitivity and specificity of the REACT-1 assay:

Xi,,, (1)
Why, (1) = — pe (3.29)
Rlpos X, () + Xite (t)
S0
Vi, (t) ~ Binom (Y., (), wn,.. (1)) (3.30)

For ONS PCR testing data the pool of eligible individuals was those aged 2 years and over.
I thus assumed homogenous distribution in the 0-4 year age group and that the fraction from this
group and all other age classes in the model represented the entire population of England. The model
thus considered the predicted number of PCR-positives, Xonsg,,, (t), and PCR-negatives, Xons,., (t),
in the population eligible for ONS PCR testing;:

5 [80-+)
XoNS,(t) = 5T1[DOC5RPDS Z Thor,, (t); (3.31)
=[5,10)
5 [80+)
XONSneg (t) = EN[O’5) -+ Z ]\[Z — XONSpoS (t), (332)
i=[5,10)

and compared them to the daily number of positive results observed in the ONS infection survey,
Yons,.,(t), given the number of people tested on that day, Yons,.,,(t) and by calculating the proba-

bility of a positive result, assuming perfect sensitivity and specificity of the assay:

XONS0s (1)
w t) = pos 3.33
ONSpos( ) XONSPOS (t) + XONSneg (t) ( )
SO
YONSpos (t) ~ BiIlOIIl (YONStest (t), wONSpos (t)) . (334)
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The contribution to the likelihood of the PCR testing data was:

'CPCR = H H PBetaBinom <Y7P2pos (t) ‘Y;Z&est (t), w}z—"ons (t)7 PP2test)

t z€Zpo

< TT T Poinon (Yt () Vit (0,50, (3.35)

t z€Zm

X T Poinom (Yonsye. () [YoNSueut (), WON S, (1))
t

Variant and Mutation data

A crucial aspect to this analysis was to capture the replacement of the Wildtype by the Alpha variant,
of Alpha by Delta, and of Delta by Omicron BA.1. The SARS-CoV-2 genomic sequencing capacity of
England was second-to-none globally [4]. In particular, the variant and mutation (VAM) data stream
(Table 3.1) was a SARS-CoV-2 genotype survey collected from daily random sampling of new daily
cases detected through the government’s Pillar 2 programme [4]. T thus aggregated these linelist data
of infecting genotypes to daily VAM frequency time series (e.g. Alpha variant vs non-Alpha variant
in late 2020 to early 2021) and assumed it to be representative the true VAM infection frequency in
the population.

During each of these variant replacement events, I was able to account for a variant pair (j1, j2),
where j, was the emerging variant and assumed that genomic samples tested were newly symptomatic
cases (across all age groups). The model thus simulated the number of infections for variants j; and

Jo given

.reinf
— § :E : 0,51,k 7J1 k
XVAM1 — de Ic, +d Ip,Ic, (3-36)
.reinf
Z7]2>k 7j2 k
XVAM2 : :: :dlp,lc _'_ ]P,Icl (337>

which were then compared to the observed number of variant jo VAM test results, Yy a,(t), ac-
counting for the combined number of variant j; and jo VAM test results each day, Yy an,,.,(t), and

the probability of a variant j, VAM test result:

Xvan,(t)
w t) = 3.38
v, (?) Xvan (1) + Xvan () (3.38)
SO
Yv an, (t) ~ Binom (Yy ans,... (t), wvans, (1)) - (3.39)
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The contribution to the likelihood of the VAM data was:

Lvayr = [ | Poinom (Yvans (8) [Yv At (1), wvans, (t)) (3.40)
t

Full likelihood

Given available data to fit the model to, the overall likelihood was calculated as the product of the

likelihoods of the individual observations:

L= £adm X *Cbeds X 'Cdeaths X 'Csero X *CPCR X *CVAM' (341)

3.2.3 Effective population-level immunity against infection

Multiple drivers affect immunity against infection, from prior infection with different variants and
vaccination. In order to quantify the make-up of this immunity profile at a population level, I
defined a parametric calculation of the effective population-level immunity (EPI) by variant j, given
vaccination, prior infection or both. It should be noted that, whilst the implementation of this
calculation was done as part of my PhD project, I did not develop it independently, but rather
co-developed with the ICL-RTM team.

For the susceptible S and recovered R compartments, in terms of susceptibility to infection

xR (1) (see section 2.2.3), individuals could either be
1. susceptible and unvaccinated (fully susceptible)
2. susceptible and vaccinated (vaccination-derived immunity only)
3. recovered and unvaccinated (infection-derived immunity only)

4. recovered and vaccinated (both vaccination- and infection-derived immunity, i.e. ”hybrid im-

munity”).

For the latter two, note that individuals in the R compartment recovered from variants j; or j, are
fully protected against infection with variant j;, and those recovered from variant js are additionally
fully protected against infection with variant js.

Thus, we weighted individuals by 1 — x*/*(¢) relative to an unvaccinated individual in the S

compartment, which weighted 0, and defined the EPI due to vaccination-derived immunity only as

EPE(t) =) Y (1= x"k(1) $(8), (3.42)

i k>0
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the EPI due to infection-derived immunity only as

Sy RIHO(E) + RIO(t) + RO 4+ R20(1) + R0 il j = o,

EPIi(t) = _ .
S (B0(0) 4 RIO(1) 4 RE0(0) ) o R2(0) 4+ RYE0(0) i = o
(3.43)
and the EPI due to hybrid immunity as
( .. .. ..
D37 (1= (L) ) ) + R 1)
i k>0
- reinf .. . reinf
' R k t +Rz732,k ) + Rz k ¢ 7= :
EPIy(t) = " y " y ( ) I (3.44)
oD (L= (L) XY (RE(E) + ROV () +
i k>0 ‘ _
R ) 4 R + R if j = jo.
\

Lastly, the effective population-level immunity against infection with variant j was thus given

by
EPI(t) = EPIL,(t) + EPI}(t) + EPI}(t), (3.45)

and the overall effective population-level immunity against infection, FPI(t) given variants j; and
jo2 was weighted by the model-inferred number of new infections by variant, as I presented previously

for the IFR calculation in eq. (2.61).

3.2.4 Model parameters
Vaccination

The integration of vaccination into the ICL-RTM model had been led by others before my PhD [32,
89]. At the time, I collaborated to this work by leading on fitting the model to available vaccination

data, alongside all other data streams.

The model’s mechanisms for simulating vaccination are presented in detail in Appendix A.2.
Briefly, it considers the original (i.e. non-multivalent) AZ, PF and Moderna vaccines, which were
approved for use in England at the time. Given the analysis was capped to February 24, 2022, before
the roll-out of fourth doses (second ”boosters”) or multi-valent vaccines, only six distinct vaccination
strata were simulated (Vj, for k € {1,2,3,...,6}), representing the stages of VE detailed in Table A2

and illustrated in Figure A3.
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Fixed parameters

Table 3.2 presents the fixed parameters in the model.

Table 3.2: Fixed model parameter notations, values, and evidence-base. Source: Perez-Guzman et
al. 2023 [1].

Parameter Definition Value Source

1/vg Mean duration of natural immunity following in- 3 years Assumed
fection.

Dseropos Probability of seroconversion following infection. 0.85 [164]

1/Yseropre ~ Mean time to seroconversion from onset of infec- 13 days [165]
tiousness.

1 /’ysem}m Mean duration of seropositivity (Euroimmun as- 400 days (164,166, 167]
say).

1/ Vseroz,, ~ Mean duration of seropositivity (Roche N). 1000 days (164,166, 167]

Pserospec Specificity of serology test. 0.99 [164]

Dserosens Sensitivity of serology test. 1 Assumed

1 Alpha Relative probability of infection by Alpha follow- 0.95 Assumed as in
ing infection with Wildtype. [89]

NDelta Relative probability of infection by Delta following 0.85 [168,169]
infection with Wildype or Alpha.

NOmicron Relative probability of infection by Omicron 0.25 Assumed
following infection with Wildtype, Delta or based
Omicron. on [170,171]

s Relative probability (1 - etal) of hospitalisation 0.85 for Alpha and Assumed as in
given infection with variant j, following prior in- Delta, [32,89]
fection with a historic variant. Omicron.

77{7 Relative probability (1 - eta’) of death given se- 0.18 for Omicron, 0 Assumed
vere disease with variant j, following prior infec- otherwise
tion with a historic variant.

01, Infectivity of an asymptomatic individual, relative 0.223 [18]

to a symptomatic individual.
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Fitted parameters

Prior distributions are described in table 3.3. As I discussed in Section 2.2.2, the model is initialised
as a single variant model and, subsequently to simulate the emergence of VOCs, expanded to a
multi-strain model. Of note, for this analysis, I used uninformative (or weakly informative) prior
distributions for the parameters related to variant replacements, including their transmissibility and
severity cross multipliers (see Section 2.2.3 and Section 2.2.4), given an absence of literature at the

time to indicate otherwise.
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Table 3.3: Inferred model parameter notations and prior distributions for England analysis. *Time-varying severity parameters with piece-wise linear
form, with structure and dates for timepoints as described in Section 2.2.4. Source: Perez-Guzman et al. 2023 [1]

Parameter Description Prior distribution 95% probability interval ~Rationale
twidtype Start date of regional outbreak U[01/01,15/03] (01/02 - 13/03) Wide range of dates in early 2020 before our first
(dd/mm/2020) data point
taipha Regional  Alpha  seeding  date U[17/09/2020,03/01/2021] (17/09/2020 - 03/01/2021) 16-week window around first Alpha case detection in
(dd/mm/2020) England
tpeita Regional — Delta  seeding  date U[08/03,24/07] (08/03 - 24/07)  20-week window around first Delta case detection in
(dd/mm/2021) England
tomicron Regional ~ Omicron seeding date U[14/09,01/01] (14/09/2021 - 01/01/2022) 20-week window around first Omicron case detection
(dd/mm/2021) in England

O Alpha/Wildtype

O Delta/Alpha

O0Omicron/Delta

Transmission advantage of Alpha over
Wildtype

Tansmission advantage of Delta over
Alpha

Transmission advantage of Omicron
over Delta
Transmission rate
dd/mm/yy
16/03/20: PM advises WFH and essen-

(pp) at t =

tial travel only

U(0,3)

U(0,3)

U(0,3)

I'(136,0.0008)

(0.075 - 2.925)

(0.075 - 2.925)

(0.075 - 2.925)

(0.0918,0.0128)

Wide range capturing epidemiologically plausible
transmission advantages

As above

As above

Range corresponding to a basic reproduction num-

bers between 2.5 and 3.5 consistent with [16,172]

Continued on next page
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Table 3.3 — continued from previous page

Description Prior distribution 95% probability interval Rationale
B2 23/03/20: PM announces lockdown 1 I'(3.73,0.0154) (0.0147,0.128)  Corresponding to RO between 0.9 and 3.5, consistent
with a 0% to 75% relative decrease from RO
B3 25/03/20: Lockdown 1 into full effect I'(4.25,0.0120) (0.0147,0.110)  Corresponding to RO between 0.4 and 3, allowing a
further decrease in contact rates due to NPIs
Ba4 11/05/20: Initial easing of lockdown 1 I'(4.25,0.0120) (0.0147,0.110)  As above
Bs 15/06/20: Non-essential shops re-open I'(4.25,0.0120) (0.0147,0.110)  As above
Be 04/07/20: Hospitality re-opens I'(4.25,0.0120) (0.0147,0.110)  As above
Bz 01/08/20: “Eat out to help out” scheme I'(4.25,0.0120) (0.0147,0.110)  As above
starts
Bs 01/09/20: Schools and universities re- I'(4.25,0.0120) (0.0147,0.110)  As above
open
Be 14/09/20: “Rule of six” introduced I'(4.25,0.0120) (0.0147,0.110)  As above
B10  14/10/20: Tiered system introduced I'(4.25,0.0120) (0.0147,0.110)  As above
811 31/10/20: Lockdown 2 announced I'(4.25,0.0120) (0.0147,0.110)  As above
B12 05/11/20: Lockdown 2 starts I'(4.25,0.0120) (0.0147,0.110)  As above
B1s 02/12/20: Lockdown 2 ends I'(4.25,0.0120) (0.0147,0.110)  As above
B1a 18/12/20: School holidays start I'(4.25,0.0120) (0.0147,0.110)  As above
b5 25/12/20: Last day of holiday season I'(4.25,0.0120) (0.0147,0.110)  As above
relaxation
b1 05/01/21: Lockdown 3 starts I'(4.25,0.0120) (0.0147,0.110)  As above
B17  08/03/21: Roadmap step one - schools I'(4.25,0.0120) (0.0147,0.110)  As above
reopen
B1s  01/04/21: School holidays I'(4.25,0.0120) (0.0147,0.110)  As above

Continued on next page
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Table 3.3 — continued from previous page

Description Prior distribution 95% probability interval Rationale
B9 19/04/21: Roadmap step two - outdoor I'(4.25,0.0120) (0.0147,0.110)  As above
rule of 6 (12/04) and schools re-open
(19/04)
B20 17/05/21: Roadmap step three - Indoor I'(4.25,0.0120) (0.0147,0.110)  As above
hospitality opens
P21 21/06/21: Wedding and care home re- I'(4.25,0.0120) (0.0147,0.110)  As above
strictions eased
B2z 03/07/21: Euro 2020 quarter finals I'(4.25,0.0120) (0.0147,0.110)  As above
(cited as significant influence [173])
P23 11/07/21: End of Euros football tour- I'(4.25,0.0120) (0.0147,0.110)  As above
nament
By 19/07/21: Full lift of NPIs I'(4.25,0.0120) (0.0147,0.110)  As above
P25 15/08/21: Summer festivals/holidays I'(4.25,0.0120) (0.0147,0.110)  As above
B2 01/09/21: Schools return I'(4.25,0.0120) (0.0147,0.110)  As above
B2r  22/09/21: Mid-point between school I'(4.25,0.0120) (0.0147,0.110)  As above
start and half term
B2 01/10/21: Point before sharp increase I'(4.25,0.0120) (0.0147,0.110)  As above
in epidemic wave
B29  22/10/21: School holidays (half term) I'(4.25,0.0120) (0.0147,0.110)  As above
B30 01/11/21: School return '(4.25,0.0120) (0.0147,0.110)  As above
B3 08/12/21: Plan B announced I'(4.25,0.0120) (0.0147,0.110)  As above
Bs2  23/12/21: School holidays start I'(4.25,0.0120) (0.0147,0.110)  As above
B33 04/01/22: Schools return I'(4.25,0.0120) (0.0147,0.110)  As above
Bss  19/01/22: Announcement of end of I'(4.25,0.0120) (0.0147,0.110)  As above

Plan B

Continued on next page
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Table 3.3 — continued from previous page

Description

Prior distribution

95% probability interval

Rationale

535
ﬁ36

max max
Pg1PH32

max max
PGy Pap,2

max

Prcuna

max

Prcue2

max
Pu,

27/01/22: End of Plan B
24/02/22: End of self-isolation policy
in England, end of fits

The probability of symptomatic indi-
viduals developing serious disease re-
quiring hospitalisation, for the group
with the largest probability at first and
second timepoint, respectively*
Probability of death in the community
given disease severe enough for hospi-
talisation for the group with the largest
probability at first and second time-
point, respectively™*

Probability of triage to ICU for new
hospital admissions, for the group with
the largest probability at first time-
points*

Probability of triage to ICU for new
hospital admissions, for the group with
the largest probability at second time-
point*

Initial probability of death for general

inpatients

I'(4.25,0.0120)
I'(4.25,0.0120)

U(0,1)

U(,1)

B(13.9,43.9)

U(0,1)

B(42.1,50.1)

(0.0147,0.110)
(0.0147,0.110)

(0.025,0.975)

(0.025,0.975)

(0.140,0.357)

(0.025,0.975)

(0.356,0.558)

As above

As above

Uninformative

Uninformative

Informed by previous work [18,32] based on [149]

Uninformative

Informed by previous work [18,32] based on [149]
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Table 3.3 — continued from previous page

Description

Prior distribution

95% probability interval

Rationale

max

Prcup,

max
Pw,

HUD1,4D,2,

UD.3, WD 4,

HUD,5

Alpha/Wildtype
TH

¢6

Delta/Alpha
TH

Omicron/Delta
TH

Alpha/Wildtype
Trcu

Initial probability of death for ICU in-
patients
Initial probability of death for step-

down inpatients

Hospital mortality multipliers due to
changes in clinical care at different

timepoints*

Multiplier of the probability of hospital-
isation with Alpha relative to the Wild-
type variant*®

Multiplier of the probability of hospital-
isation with Delta relative to the Alpha
variant*

Multiplier of the probability of hospi-
talisation with Omicron relative to the
Delta variant*

Multiplier of the probability of ICU
admission with Alpha relative to the

Wildtype variant*

B(60.2,29.3)

B(28.7,52.1)

U(0,1)

U(0,3)

U(0,3)

U(0,3)

U(0,3)

(0.573,0.766)

(0.255,0.462)

(0.025,0.975)

(0.075,2.925)

(0.075,2.925)

(0.075,2.925)

(0.075,2.925)

Informed by previous work [18,32] based on [149]

Informed by previous work [18,32] based on [149]

Uninformative

Wide range capturing epidemiologically plausible in-

trinsic changes in the severity of SARS-CoV-2

As Above

As Above

Wide range capturing epidemiologically plausible in-

trinsic changes in the severity of SARS-CoV-2

Continued on next page
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Table 3.3 — continued from previous page

Description Prior distribution 95% probability interval Rationale
ﬂ?&l]m/mpha Multiplier of the probability of ICU ad- U(0,3) (0.075,2.925) As Above
mission with Delta relative to the Alpha
variant™®
WIOCY"JWO"/DGM Multiplier of the probability of ICU ad- U(0,3) (0.075,2.925)  As Above
mission with Omicron relative to the
Delta variant™
Trf;lp ha/Wildtype  \rultiplier of the probability of death U(0,3) (0.075,2.925)  Wide range capturing epidemiologically plausible in-
with Alpha relative to the Wildtype trinsic changes in the severity of SARS-CoV-2
variant™®
ﬂgelm/Alpha Multiplier of the probability of death U(0,3) (0.075,2.925) As Above
with Delta relative to the Alpha vari-
ant*
ﬂgmicm"/Delm Multiplier of the probability of death U(0,3) (0.075,2.925) As Above
with Omicron relative to the Delta vari-
ant™*
Hoyr, 15 By 2,
My 3, Bym,a  Mean duration multipliers for non- U(0,2) (0.050,1.950) Wide range capturing epidemiologically plausible rel-
ICU hospital compartments at different ative changes in durations
timepoints*
pg\lf%%)7 pgg%so),
pg@%ﬁs), p[l\s%so),
pE?,()CJr) Prevalence of non-COVID symptomatic U(0,1) (0.025,0.975)  Uninformative

illness that could lead to getting a PCR

test for different age bands

Continued on next page
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Table 3.3 — continued from previous page

data streams

Description Prior distribution 95% probability interval Rationale
[15,25) [24,50)
NCW > PNOw
[50,65) _[65,80)
Pncew s Pnew »
pg@og&/ Prevalence of non-COVID symptomatic U(0,1) (0.025,0.975)  Uninformative
illness that could lead to getting a PCR
test on a weekend for different age
bands
pp2,..., Overdispersion of PCR positivity U(o,1 (0.025,0.975)  Uninformative
a4 Overdispersion for hospital admission U(0,1) (0.025,0.975)  Uninformative
data streams
ag  Overdispersion for hospital bed streams U(o,1 (0.025,0.975)  Uninformative
ap,,., Overdispersion for hospital death data U(0,1) (0.025,0.975)  Uninformative
streams
ap.,,.... Overdispersion for community death U(0,1) (0.025,0.975)  Uninformative




3.2.5 Running the model

I ran and fitted the model independently for each NHS England region by fitting it to data (Table 3.1)
between March 16, 2020 and February 24, 2022. Given the multi-dimensionality of the parameter
space over which I conducted inference (see Table 3.3), I relied on an innovative, multi-step model
fitting approach pioneered by our group. This involved a first step pre-tuning of the model’s parame-
ters with a deterministic version of the model and traditional MCMC, followed by the full stochastic
model implementation and pMCMC inference.

Briefly, the idea was to run a computationally efficient inference (with the use of adaptive
MCMC) on the equivalent deterministic model, in order to obtain a good initial parameter conditions
and proposal distributions for the pMCMC. I describe the equations of the deterministic version of
the model in Appendix A.1, where the mean of the proposed distribution for a given parameter is
used instead of a random draw.

For the present analysis, I ran the deterministic model with eight adaptive MCMC chains of
30,000 steps, each initialised from a different place of the 85-dimensional (table 3.3) parameter space.

I assessed convergence of the parameter samples produced with

e Visual inspection of the MCMC chains (Appendix A.5), looking for a caterpillar appearance of
the chains and an asymptotic appearance of the log-likelihood curve with coverage of an area

of the parameter space

e Gelman-Rubin statistic associated with the full parameter chains with R below the recom-

mended 1.1 threshold
e Effective Sample Size (ESS) of the full parameter chains above 1,000

I then used the pre-tuned parameter set as the initial values and proposal kernel, respectively,
to run the stochastic model and pMCMC inference detailed in Appendix A.1. I ran the latter with
four chains of 3,000 steps each.

Of note, the pMCMC uses a re-scaled version of the posterior VCV matrix generated by the
MCMC as its VCV proposal matrix, in order to capture the main correlation structure and the ”scale”
of the different parameters, where diagonal elements of the VCV matrix represent the variances of
the different parameters.

The final pMCMC model fit was produced through approximately 23,000 CPU hours, spread
across 7 nodes of 32-core Xeons (dual 16-core 2.6 GHz). All necessary code and scripts to reproduce

my analyses were made public at the time of publication, and can be found in GitHub.
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https://github.com/mrc-ide/sarscov2-severity-england

3.3 Results

3.3.1 Transmissibility

I found that the Ry of SARS-CoV-2 increased with the emergence of each variant in succession, from
2.6 (95% credible interval (Crl) 2.4 — 2.8) for the initial Wildtype virus, to 4.2 (95% Crl 4.0 — 4.6),
7.2 (95% Crl 6.7 — 7.8) and 8.4 (95% Crl 7.8 — 9.1), respectively, for the Alpha, Delta and Omicron
(BA.1) variants (Figure 3.1d). The R, on the other hand, varied as contact rates decreased or
increased in response to NPIs (Figure 3.1f). Before the COVID-19 vaccination programme started,
Rff ! was only slightly lower than R;, indicating very low levels of infection-induced immunity in the
population. Accounting for waning of infection-induced immunity, only 7.9% (95% Crl 7.4 — 8.3) of
the population were immune by early September 2020, before the emergence of the Alpha variant

(Figure 3.1g).

With the roll-out and scale-up of the national vaccination programme from December 2020
onwards, immunity against infection in the population rapidly rose from 12.6% (95% Crl 11.9 -
13.2), to 33.9% (95% Crl 32.9 — 35.0) in March 2021. Notably, this period of time coincided with
the emergence and dominance of the more transmissible Alpha and Delta variants. From this point
onward, R, increased gradually as NPIs were lifted in the first half of 2021, leading to a sustained
high level of Delta infections for between June and October 2021 (Figure 3.1a). R/ estimates,
however, remained close to 1 (Figure 3.1f) suggesting increases in contact rates were balanced out

by increasing immunity, primarily vaccine-derived, for an extended period (Figure 3.1g).

In contrast, the emergence and dominance of the initial Omicron BA.1 variant marked a decline
in effective population immunity (Figure 3.1g). The relative increase in Omicron’s Ry compared to
Delta was not as high compared to previous variant replacements (Figure 3.1d), but it was paired
with Omicron’s antigenic divergence and, thus, immune escape properties. Population-level immunity
against infection decreased by a third relative to its late November peak, to 47.0% (95% Crl 45.4 —
48.6) in late December 2021 (Figure 3.1g). As a result, infection levels rose to an all-time high, with

re-infections accounting for up to a third of daily new infections (Figure 3.1c).

The re-implementation of some NPIs (work from home and wearing face masks and/or showing
proof of negative COVID-19 tests in public venues) between December 12, 2021 and January 27,
2022 achieved a decrease in R; (Figure 3.1f). However, it was the combined effect of rapidly rolling
out booster vaccinations and infection-induced immunity, that yielded an increased population-level
immunity and, consequently, a sustained decrease in Rff ! to around 1 (Figure 3.1f-g) from January

2021 onward.

96



d f
[5] pata ] Model B Wildtype B3 Alpha &9 Delta B Omicron — Rt — Effective Rt

il

10

o

£ :
> 9 9 3
= '
3 “ 8 8 :
a . Easil f
5 7 g 7 1
< £ Lockdown 1 » ®
g 20 2 6 2 6 g8
o~ o c ™ <
= o
5 10 2 5 2 5 '
= £ [ - ) [e
£ L E =] 3 4| s st s
IS 3 sl |8
3 ¢ 3| I3 MR E
b == S S
—~ 2 2 i
g 6 )
s 1 L S e a2 A
2
[}
. 0 0
®
= € 100% - 9 100%
S 1
3
QO
=

75%

o

100%
50% 50%
75%

i
|
|
.

5

°

°

c

2

T

E=

Q

3

>
T
j
|

is

T I oD T
F &S P&

50%

i
i
i
i
i
i
i
i
' 25%
25% !
i
i
0% .

0% L—
Q Q N N N N N N N N N 0 S NN NN AL
PPN D DD DD I S DD D DD D
@S @@ P& FEEE PP«

Vaccination status (%)

25%

Immunity against infection (%)

% daily infections

0% —_—
> > D T
s &

Wildtype Alpha Delta Omicron

First d S d d Boost % Vacc. i it % Hybrid .+ inf. % Inf. i it
. Wildtype (reinf) Alpha (reinf) Delta (reinf) Omicron (reinf) irst dose econd dose . ooster % Vacc. immunity % Hybrid (vacc. + inf.) % Inf. immunity

Figure 3.1: Population-level transmission of SARS-CoV-2 between March 2020 and February 2022 in
England. a) Infection positivity amongst individuals 15 years and older in the community through
the national PCR testing programme (Pillar 2). b) Infection prevalence (PCR) in representative
samples of households from the REACT-1 study. Panels a and b show data in green (lines and point,
with binomial 95% confidence intervals in error bars) and model trajectory in red (average and 95%
credible interval (95% Crl)). Grey shading indicates periods of non-pharmaceutical interventions
(NPIs) of interest for the analysis; see in f. ¢) Model-inferred average frequency of daily infections
by variant and type of infection (either primary or re-infection following any prior infection, “reinf”).
d) Intrinsic basic reproduction number (Ry) estimates by variant (mean and 95% Crl). e) Model tra-
jectory of vaccine status of the national population (all ages as denominator), as informed by official
data of daily doses administered; transition between vaccination classes was modelled stochastically
to capture smooth changes in population-level immunity over time. f) Model trajectories of the
instantaneous reproduction number in the absence of the effect of immunity (R;) or accounting for
immunity (Rff f ). Legends and grey areas specify date and duration of official NPIs in England over
the study period. g) Inferred effective levels of immunity in the population (all ages as denominator).
Lines correspond to the effective immunity against specific variants, with colour scheme as in ¢ and
d, whereas areas indicate overall effective immunity by type of immunity (vacc: vaccine-induced, inf:
from prior infection, or hybrid). Note that the coloured areas corresponding to the different types
of immunity cover different periods of variant dominance and should be interpreted in the context
of the circulating variants. During periods of variant replacement (e.g. Alpha to Delta) the effective
immunity transitions from the levels associated with the variant being replaced to the level of the
variant that becomes dominant. Source: Perez-Guzman et al. 2023 [1].

3.3.2 Severity

The basic IHR of SARS-CoV-2 increased from 2.2% (95% CrI 2.1 — 2.3) for Wildtype, to 3.4% (95%
Crl 3.1 — 3.6) for Alpha, 3.4% (95% CrI 3.1 — 34.64) for Delta, but subsequently decreased to 4.2%
(95% Crl 3.8 — 4.4) for Omicron (Figure 3.2a). The overall risk of dying for hospitalised patients,
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however, was highest for the Alpha variant, with a basic HFR of 50.3% (95% Crl 46.7 — 53.6),
lower for Wildtype and Delta, at 33.0% (95% CrI 30.7 — 35.3) and 32.3% (95% CrlI 27.4 — 35.8),
respectively, and lowest for Omicron (BA.1), at 15.5% (95% CrI 13.1 — 18.8) (Figure 3.2b). Lastly,
the basic IFR was highest for the Alpha variant at 3.0% (95% CrI 2.8 — 3.2), followed by Delta at
2.1% (95% Crl 1.9 — 2.4), Wildtype at 1.2% (95% Crl 1.1 — 1.2), and Omicron at 0.7% (95% CrI 0.5
- 1.2) (Figure 3.2c).

Despite the above, the effective observable severity (given healthcare provision, immunity, and
age-dependent mixing patterns) of the pandemic generally decreased over time. Substantial decreases
were seen in response to improvements in healthcare practices (Figure 3.2a-c) and, more so, with the
introduction and roll-out of effective vaccines (Figure 3.2d-f). Notably, improved healthcare at and
after the peak of the first wave (e.g. remdesivir and dexamethasone, major re-adaptation of hospital
capacity to manage severe COVID-19 cases) [128] signalled a halving in the effective HFR and IFR of
the pandemic to much lower levels than the intrinsic severity of the then-dominant Wildtype variant
(Figure 3.2b-c).

On the other hand, pressures on the healthcare system had a detrimental impact on the sever-
ity of the pandemic. Between October 2020 and January 2021 infection levels increased gradually in
relation to the ineffectiveness of the multi-tiered regional NPIs system introduced by the UK Gov-
ernment at the time. In turn, all effective severity metrics gradually increased, particularly the HFR
(Figure 3.2a-c). Critically, I found there was an overall higher risk of death in hospitals, indepen-
dently of the basic severity properties of the Alpha variant. Given there was no representative data
available on hospital deaths by variant during this period to fit our model to, however, I could not
parameterise the model to fully differentiate the specific contribution of the effects of the increase in

Alpha variant frequency and healthcare effects.
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Figure 3.2: Inferred severity of SARS-CoV-2 variants in England between March 2020 and February
2022. a—c Inferred basic and effective infection hospitalisation ratio (IHR, a), hospital fatality ratio
(HFR, b) and infection fatality ratio (IFR, c). Boxplots to the left show the basic severity measure
and trajectories to the right show severity measure over time (mean and 95% credible interval, 95%
Crl) for each variant, with black showing the weighted average across co-circulating variants at any
time. Basic severity is measured for each variant assuming healthcare characteristics of the early
epidemic, to allow a like-for-like comparison. Effective severity trajectories account for changing
vaccine- and infection-induced protection against severe disease, as well as underlying healthcare
variations. d—f Age-specific (selected age groups) effective IHR (d), HFR (e) and IFR (f), assessed
at the date of key milestones of the national vaccination programme, “roll-out” refers to the start of
the vaccination programme on 8th December 2020. Source: Perez-Guzman et al. 2023 [1].

3.4 Discussion

The study period for my analysis captured the SARS-CoV-2 epidemic, up to the official end of the
national policy for self-isolation, capturing the emergence phase of all main variants in England.
Estimating the relative and combined role of multiple competing factors shaping pandemic transmis-
sibility and severity was challenging. Multiple dynamic interacting processes were involved, many of

which are not directly measurable through traditional surveillance methods [113].

The intrinsic transmission advantage of Alpha and Delta allowed them to become dominant,
while Omicron’s additional immune escape properties reduced effective population-level immunity
against infection, enabling it to become dominant despite high vaccine-derived immunity in the popu-
lation at the time. More importantly, I found strong evidence that, whilst the tiered regional approach

to the implementation and lifting of NPIs in England between October 2020 and January 2021 was
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ineffective at controlling virus transmission, a national level approach to their re-introduction and
gradual lifting during early to mid 2021 and partial reintroduction in late 2021 were successful at
this. These findings underscore that spells of gradual implementation and lifting of NPIs must be
carefully assessed in context with concurrent population-level immunity levels against an emerging

pandemic pathogen.

On the other hand, I found that the Alpha variant had the highest basic HFR and IFR. This
contrasted with evidence from observational studies at the time, which suggested a higher risk of
hospitalisation and death in individuals infected with Delta compared to Alpha [174-177]. It should
be noted, however, observational studies can be biased when estimating variant severity metrics over
time, as they are inherently restricted to periods when variants co-circulate, and given population
healthcare seeking behaviours during such period. In this sense, estimates of severity during the
early phase of Delta emergence, when Alpha co-circulated, would not have characterised the effect of
partial replacement of the original Delta variant by the AY.4.2 sub-variant, which showed a decreased
severity [178]. A critical limitation of my estimates, though, was the lack of representative healthcare
data to fit the model to hospital admissions and deaths by variant infection status. The model could
have, thus, partly weighted higher the severity of Alpha if significant healthcare factors I did not

account for occurred between the time of Alpha emergence and before it became dominant.

For settings with high surveillance capacity, such as England, representative genomic surveil-
lance across the spectrum of pandemic disease severity will be crucial going forward in order to better
characterise such factors. Importantly, for the case of a public health response to a pandemic emer-
gency, my results strongly highlighted that improvements in clinical healthcare can be nullified if not
paired with effective and timely interventions to control pathogen transmission rates in the popula-
tion. As I have now alluded to, NPIs in England were not always effective or timely. For the case
of the winter of 2020/21, this led to a peak in hospitalisations and, in turn, in the HF R/ (t) which
could not be explained solely by the severity characteristics of the Wildtype and Alpha variants, nor

changes in the age distribution of hospital admissions.

My analysis also demonstrated the critical role of risk-prioritised vaccination programmes to
reduce pandemic severity alongside transmission. Purely infection-driven immunity in the population
remained low from the start of the pandemic, through to February 2022. At the point of Omicron
emergence, nevertheless, the accrued profile of combined infection- and vaccine-induced immunity
at the population level were crucial to mitigate the burden on the health system in the absence of
any new lockdowns or other stringent NPIs. Analyses looking forward are needed to better charac-
terise the role of booster vaccines, optimised healthcare performance and NPIs to achieve sustained
pandemic control as emerging pandemic pathogens become endemic. Comprehensive quantitative

frameworks, such as the one I developed here, will be crucial to integrate evidence from multiple data
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streams and derive robust inference on the transmissibility and severity of pandemic pathogens.

3.5 Conclusion

Such rich surveillance as the one I employed for this analysis, however, was not the norm for other
settings, particularly LICs. In the following chapter, I thus developed a parsimonious adaptation
of my SARS-CoV-2 inference framework and applied it to study the transmissibility and severity
dynamics of the COVID-19 pandemic in Kabwe Zambia, an LIC setting with limited COVID-19
surveillance capacity and where the access to and capacity to implement vaccination- and healthcare

improvement-based strategies was severely impaired.
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Chapter 4

Drivers of SARS-CoV-2 transmissibility

and severity in Kabwe, Zambia

4.1 Background

In Chapter 3, I presented how the parametric framework I developed allowed me to assess the time-
varying transmission and severity dynamics of SARS-CoV-2 in detail. Many of the innovations I
implemented for this analysis were absorbed back into the ICL-RTM model, which fed into the
real-time analytics submitted to SPI-M-O and SAGE to inform the UK Government’s COVID-19
response. Such granular analytic innovations were made possible largely through the availability of
a wide range of reliable surveillance data streams. Reliable surveillance and real-time analytics to
inform decision-making during the pandemic, however, was not available in most resource limited
settings [42,71].

At the time I began the work summarised in this chapter, epidemiological studies in most
African LMICs had invariably relied on official test-positive cases, hospitalisations and/or deaths
counts to assess the local dynamics and burden of the COVID-19 pandemic [179-183]. Such an
approach had been then demonstrated to yield underestimates of pandemic burden, mainly due
to systematic underascertainment issues [91,93]. In the aftermath of the first two years of the
pandemic, a global comparison of official COVID-19 case counts to time- and geography-linked
serosurveys indicated that up to 99% of infections were not being detected by official surveillance
systems in African LICs [133]. Similarly, a global excess mortality study reported that official COVID-
19 death counts in sub-Saharan Africa only accounted for around 7% of the likely true death toll
of the pandemic [129]. Limited, delayed and, potentially, erroneous analytics to inform response
strategies was indeed a widespread challenge of many LMICs that depended on global pandemic
financing mechanisms, rooted in inequalities in the sharing of basic healthcare and surveillance testing

commodities [42].
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Such an incomplete picture of the dynamics and burden of the pandemic COVID-19 in LMICs
will further have grave implications for informing their preparedness strategies to future outbreak
emergencies. In this chapter, I thus present a case study of the adaptation of my modelling framework
to exploit the sparse surveillance data typical of an LIC setting. With the aim of assessing the drivers
of transmissibility, severity and likely true burden of SARS-CoV-2 in a setting with severe healthcare
constraints, I analysed COVID-19 seroprevalence and all-cause mortality data from Kabwe district
between March 2020 and September 2021. This period captured the first three local pandemic waves,
known to have been dominated by the Wildtype, Beta and Delta variants, respectively [54]. This
work was the result of a research collaboration I instigated and led with Zambart and the ZNPHI

during the second and third years of my PhD.

4.2 Methods

Based on the approach I described in Chapters 2 and 3, I developed a flexible, parsimonious com-
partmental SARS-CoV-2 transmission model to infer the transmissibility and severity dynamics of
the pandemic, under limited surveillance data constraints. In this methods sections, I provide details

of the model’s structure, its parameters and fitting approach.

4.2.1 COVID-19 surveillance data

For the first local pandemic wave, I relied on a single data point of IgG prevalence from Kabwe from a
random representative sample of individuals 5-years and older collected on July 17, 2020 [46]. For the
second wave, I used age-disaggregated seroprevalence data from a previously published household
cluster weekly seroprevalence survey conducted in Kabwe between November 2020 and February
2021 [59]. Lastly, for the third wave, I had access to previously unpublished age-disaggregated
seroprevalence data from the same surveyed population between June and July 2021.

Throughout, to inform mortality in the model, I relied on an aggregated time series of all-
cause deaths, which was purposely collected from paper-based mortuary records in Kabwe as part
of a multi-district pandemic excess mortality study [52]. To triangulate these data and calculate
excess mortality (see Section 4.2.4), I also accessed monthly aggregated all-cause death counts from
Kabwe between January 2017 and December 2020. These came from routine reports to the ZNPHI,

collected as part of the same excess mortality study [52].
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Table 4.1: SARS-CoV-2 pandemic surveillance data available for analysis from Kabwe, Zambia
between March 2020 and September 2021. Source: Perez-Guzman et al. [65].

Data type Description Source

Aggregated data (all-ages) IgG prevalence in randor
Seroprevalence [46]
sample of individuals from Kabwe on 2020-07-17
Age-disaggregated (15-19, 20-29, 30-39, 40-49, 50+)

weekly IgG prevalence in Ngungu-Bwacha, Kabwe

Seroprevalence across two cross-sectional samples:
From 2020-11-18 to 2021-02-24 [59]
From 2021-06-23 to 2021-07-28 [65]

. Monthly all-cause death counts in health
Historic deaths [52]

facilities from 2017 to 2020.

) ) Daily all-cause death counts by place of death
Pandemic period deaths [52]

(community vs health facility) from 2020 to 2022.
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4.2.2 Model overview

Based on the modelling framework described in Chapters 2 and 3, I developed a stochastic, compart-
mental model of SARS-CoV-2 transmission paired with a pMCMC inference framework. The full
model equations are presented in Appendix B.3. Briefly, the population was disaggregated into 16
age groups ({{0 —4],[5—-19],...,[65 — 69],70+}) and five vaccination classes (unvaccinated, 1st dose
- no effect, 1st dose - full effect, 2nd dose - full effect, 2nd dose - waned) (Figure 4.1).
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Figure 4.1: Model diagram of SARS-CoV-2 transmission applied to surveillance data from Kabwe,
Zambia between March 2020 and September 2021. A) Overview of model compartments and transi-
tion rates; B) parallel flows developed to flexibly accomodate for serology data; C) detail of vaccine
progression clasess: j = 0 for unvaccinated, j = 1 for 1st dose - no effect, j = 2 for 1st dose -
full effect, j = 3 for 2nd dose - full effect, and j = 4 for 2nd dose - waned. ¢ denotes age groups
({[0—4),[5—-10),...,[70 = 75), 75+}). Source: Perez-Guzman et al. 2024 [65].
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Table 4.2: Definitions of model compartments shown in Figure 4.1, with indices: ¢ for age group
(i € {[0,5),[5,10),...,[70 — 75),[754+)}), and j for vaccination strata (j € {0,1,...4}. Durations
have Erlang (ky,~yx) distributions, with mean ky/vy. Parallel flows compartments are described
below in Section 4.2.3. Source: Perez-Guzman et al. [65].

Erlang duration parameters

Compartment Definition kx ~x (per day) Mean (days)
Sh(t) Susceptible Determined by infection dynamics
E“(t) Exposed (latent infection, not infectious) 2 0.87 2.31
I (t) Asymptomatic infected (infectious) 1 0.35 2.88
14 (t) Presymptomatic infected (infectious) 1 0.60 1.68
15 (1) Symptomatic infected (infectious) 1 0.47 2.14
[Zci (1) Symptomatic infected (not infectious) 1 0.54 1.86
GY(t) Severely diseased, leading to death (infec- 2 0.67 3.00

tious)
D%(t) Deceased (as a result of COVID-19) - - -
RV (t) Recovered 1 1/1095 1095

Table 4.3: Definitions of model parameters shown in Figure 4.1. These parameters define the routes
of progression through model compartments defined in Table 4.2 with indices: ¢ for age group (i €
{10,5),[5,10),...,[70 — 75),[75+)}), and j for vaccination strata (j € {0,1,...4}. Source: Perez-
Guzman et al. [65].

Parameter Definition

Ao (t)  Force of infection.

Yz Rate of progression from compartment x.

piéj Probability of being symptomatic if infected.
pZGjD (t) Probability of death conditional on severe symptomatic disease.
CHi(t) Rate of movement from vaccine strata j to j + 1.

n(t) Cross-protection from prior infection.
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4.2.3 QObservation process
Seroprevalence

To model seroprevalence, I implemented a parallel flow (Figure 4.1B), as proposed by Baguelin
et al. [184]. This flow simulates IgG seroconversion as a result of infection whereby, after a pre-
conversion period Tier,,,. individuals can enter a seropositive compartment Tier,,, Or 10t Ticro,., -

For those that enter the seropositive compartment, they eventually serorevert to Tiero,,, -

Table 4.4: Definitions of model parallel flow compartments shown in Figure 4.1B, with index ¢ for
age group (i € {[0,5),[5,10),...,[70—75),[75+)}). Durations (in days) have Erlang (kx,vx) distri-
butions, with mean kyx/vx. *Assay used for serosurvey data (see Table 4.1) was Abbott Architect
IgG, for which I assumed parameters from the literature for its sensitivity and specificity, at 0.927
and 0.999, respectively [185], time to seropositivity, fixed at 13 days [186], and mean (exponential)
time to sero-reversion at 242.5 [187]. Source: Perez-Guzman et al. [65].

Erlang duration parameters

Compartment Definition kx ~x (per day) Mean (days)
Tierope (1) Pre-seropositive for Abbott Architect (AA) 1 0.077 13
assay
Tierop,. (t) True* seropositive for AA assay 1 0.0041 242.5
Tieron.,(t)  True* seronegative (after infection) for AA - - -
assay

The quality and completeness of the seroprevalence data was reportedly good (see description
in Table 4.1) [59]. T thus assumed it to be representative of the true population-level seroprevalence
of SARS-CoV-2 IgG in Kabwe.

Using t to represent a week with observations within each of the two rounds of serosurvey
data (see Table 4.1), I defined the number of seropositive and seronegative individuals for age band
b € B = {[0+),[15,20), [20,30), [30,40),[40,50), [50+)} as the sum over all age groups within the

age band, given

Xleropoe(8) = D Tier,. (8) (4.1)

i€b

X (1) (z Nf‘) ) )

i€b
I then compared these to the observed number of weekly seropositive individuals from the data,
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b

S€eropos

(t), accounting for the size of the sample Y, (t), and imperfect sensitivity (psero,.,,) and

specificity (Pserog,..) Of the assay from the literature [185] given

S€T0pos SETO0test ) ™ seT0pos

Y?  (t) ~ Binom (Yb (1), w? (t)) (4.3)

where

b b
wb (t) — pSCT’OsensXSETOpos (t) + (]— - pSCTOspec) Xse'roneg (t) ' (44)
Seropos Xgero (t) + Xgero (t)
'pos neg

The contribution to the likelihood of the seroprevalence data was then given as the independent

product over all times and age bands, given

‘Cse’ro = H H PBinom (YtsberopoS (t)

t beB

Ty, s, (1)) (4.5)

All-cause mortality

Triangulating a leading indicator representative of population-level infection prevalence, such as
seroprevalence, and all-cause mortality has been demonstrated to allow accurate estimations of the
burden of pandemic emergencies in the absence or reliable cause-specific mortality data [91,93]. The
implementation of this analytic approach requires mortality data sets both from before and during
a pandemic period, pertaining to the same population and with no systematic reporting differences
(e.g. varying underreporting levels). This then allows to estimate the expected mortality during the
pandemic period, in its hypothetical absence [91].

The all-cause mortality pandemic period data I had access to from Kabwe, however, suffered
from an unknown level of under-ascertainment [52]. Furthermore, historic monthly aggregate counts
only accounted for deaths occurring at health facilities, as opposed to both health facilities and the
community, as was the case for the pandemic period data. Thus, I firstly estimated the potential
size of historic underreporting, to allow a more direct comparison between the historic and pandemic
period data streams.

I aggregated deaths from the daily timeseries in January and February 2020 (i.e. before the
local start of the pandemic and the introduction of any NPIs that could have affected healthcare
seeking / reporting behaviours in the population) and calculated the ratio between these and the
routine monthly counts, assuming perfect reporting in the former (i.e. known to include deaths from
the community). Routine monthly counts in early 2020, thus, recorded only 57% of the deaths
included in the timeseries for the same period. I used this calculated ratio as a scaling factor to
inflate monthly pre-pandemic deaths data, and conducted sensitivity analyses adjusting the assumed
absolute historic deaths reporting by +£15% (see Appendix B).

Following a previously proposed approach [91,93], T then parametrised a linear model of baseline
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Figure 4.2: Monthly deaths (all-cause) recorded in Kabwe between 2017 and 2021 by type of data
stream. Daily timeseries all-cause deaths data (left) was available for the pandemic period between
2020 and 2021 and included both deaths occurring in health facilities or the community in Kabwe.
Routinely reported monthly aggregated all-cause deaths (right), on the other hand, were available
between 2017 and 2021 and accounted only for deaths registered in health facilities (Table 4.1). Note
raw time series data from 2020 and 2021 were in the form of daily timeseries, which I aggregate here
for ease of visualisation.

deaths using the adjusted monthly counts from January 2017 to December 2019, with year and month
as independent variables. From this model, I projected the expected monthly baseline deaths (i.e. in
the absence of the pandemic) between March 2020 and September 2021, which I used as a fixed
input parameter of the underlying, non-COVID-19 death rate pp.se(t) with a piece-wise constant
form, assuming a uniform split across the days of the corresponding month.

Subsequently, using ¢ to represent a day with observations, I considered the reported daily

death counts, Yp,,, as the observed realisation of a hidden Markov process, Xp,_,, in the entire

population by age (i.e. i € {[0,5),...,[70,75),[75+)}) with:

XDazz(t) = Z (ngm-d (t» + pbase(t) (4'6)

where X%Cmd represents the age specific deaths related to the COVID-19 pandemic and pp,s. baseline
deaths that would have occurred in the absence of the pandemic. This related to the data via a

reporting distribution:

YDall (t) ~ NegBinom (XDazz (t)7 /{Dall) ) (4'7)
where the overdispersion parameter xp,, corresponded to the inverse of the fitted model parameter

109



ie. kp,, =1/ap.

The contribution to the likelihood of the daily deaths data was:

Laeatns = H PNegBinom (YDall (t) |XDall (t)7 KDan (t)) (4'8)
¢
The overall likelihood of the observed data given the model parameter was then:

L= 'Csero X Edeaths (49)

4.2.4 Model inference

Force of infection

Following the approach I proposed in Chapter 2, I modelled the force of infection as a function of
transmission patterns given baseline contact rates by age m,; and a fitted piece-wise linear scaling
parameter §(t) to infer changes in contact rates over time.

I, thus, let O, ,(t) be the number of infectious individuals in group ¢ and vaccination stratum

j, weighted by infectivity, given by:
Oi(t) = € (01,13 () + I (t) + 1] (1)) - (4.10)

where £ represented the infectivity of an individual in strata 4, j relative to an unvaccinated individ-
ual of the same age and, in counterfactual analysis presented in the next chapter, further accounting

3 .
ins*

for vaccine efficacy against onward transmission, e

€ = (1—e;,) (4.11)
and 05, is the infectivity of an asymptomatic infected individual relative to a symptomatic individual
in the same age and vaccination strata.

The force of infection, A/ (¢) on a susceptible individual in age group i € {[0,5), ..., [75,80), [80+)}

and vaccination stratum j = 0,1,...,4 was thus modelled as

5!

J

NI (1) =y Z mia(t) Y O (1) (4.12)

where Y%/ is the relative susceptibility to infection of a susceptible individual in strata i, j relative

to a non-vaccinated individual of the same age,
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V= (1) (4.13)

and the time-varying person-to-person transmission rate from age group ' to i € {[0,5), ..., [70,75), 75+1},

is given by

mg g (t) = ﬁ(t)ci,i/, (414)

where ¢; # is the (symmetric) person-to-person contact rate between age group i and 7.

In the absence of contact surveys specific to Kabwe, Zambia, I assumed the same contact
matrix as in an analysis of the COVID-19 pandemic in Lusaka, Zambia [121]. Of note, this matrix
was derived pre-pandemic from Manicaland, Zimbabwe [188].

The time-varying transmission rate [(t) encompassed both changes in transmission efficiency
(e.g. emergence of variants, temperature and other seasonality factors) and temporal changes in the
overall level of contacts in the population (due to changes in policy and behaviours). As mentioned,

I assumed ((t) to be a piecewise linear function:

(

Bs, ift<t;,i=1
t, —1 t—1t,_1 . .
B(t) = —Bi—l‘{'—ﬁia if ti—l <t St“ 1€ {2,,42} (415)
by —ti—1 b — 11
B if t >t;, i =42

\

Given unclear local non-pharmaceutical intervention (NPI) policies and known low adherence
to social distancing measures during the period of interest [58,66], I took an agnostic approach to
parametrising 5(t), and fitted a total of 42 change points at regular fortnightly intervals, with the
first change point on 2020-03-01.

Reproduction number

As proposed in section 2.2.3, I calculated the R; and Rff f using the next generation matrix (NGM)
method [88], assuming (for this calculation only) that individuals were not able to change vaccination
class between the start and end of their infectiousness period.

For an individual in age group ¢ and vaccine class j, the mean duration of infectiousness
Aé’j accounted for infectivity (the infectivity of asymptomatic infected individuals is 0, relative to

symptomatic ones) as:

AY =0r, (1-pb)Elr,] + vk (Blr] + E [71,]) - (4.16)
The next generation matrix was thus:
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NGM;(t) = m; ()= AYN” (4.17)

with N defined as the total population of age group i.

I then defined R; as the dominant eigenvalue of the 16 by 16 matrix NGM (t). The effective

next generation matrix, on the other hand, was:

NGMEL) o (8) = maw (X7 €AY (877'(1) + R (1)) (4.18)

where D : {[0 = 5),[5 —10),...,[70 — 75),75+} x {0,1,...,4} — {1,2,...,80} is a one-to-one map-
ping. The Rteff, thus, corresponded to the dominant eigenvalue of the 80 by 80 matrix NGM//(t).

Infection-induced immunity

I assumed waning infection-induced immunity vz with mean 3 years, as in my analysis of the pan-
demic in England. I further allowed for breakthrough infections determined by a fixed partial cross-

protection parameter 7(t) with piecewise linear form with change-points and values

1 for (t) < 2020-12-01
n(t) =19 0.95 if 2020-12-01 < (t) < 2021-06-30 (4.19)
0.85 for (t) > 2021-06-30

I also assumed values for this function as in my England analysis, whereas change-points
corresponded to the 15" day prior to the first known detection of the Beta [57] and Delta [189] VOC

in Zambia, as a proxy of VOC emergence given the single-variant structure of the model.

Baseline and time-varying severity

As I proposed in Chapter 2, I modelled disease severity as a sequence of conditional transition

probabilities. Namely, of clinical disease given infection p., and death given severe disease piG’jD.
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I assumed the p%, values from section 2.2.4 by age group i

S
S=
Il

and defined TFR™ (t) as

[ 0.25 0

0.26875 fori= [5
0.325  for i = [10,15)

[

[

9)
,10)

fori= |0

0.41875 for i = [15,20)
0.55

for i = [20,25), ...[70,75), [75+).

[FR"(t) = pepg, (1)

where the probability of death given symptomatic disease was defined as:

pg () =

where 1¢;  was given by:

and both p2® and the time-varying scaling function hp(t) were fitted parameters.

U, ps (1= Clfunsn ) ho(®)

Ve, = TF Ry, /pe,

(4.20)

(4.21)

(4.22)

(4.23)

For the case of pfz’”, this corresponded to a multiplier of the resulting baseline spline wG from

the literature (Table 4.5) [119], with respect to the age-group with the maximum value ¢ = 75+ and

j=0.

For, hp(t), I assumed a piece-wise linear form, with change-points:

1
hp (t) = HUD

KD 2

on (and before) 15/08/20 - first wave,

from 01/12/20 to 15/03/21 - second wave,

on (and after) 01/05/21 - third wave.

(4.24)

Lastly, efj’gath‘ sp Was the age- and vaccine-class specific vaccine efficacy against death given

severe disease (see in Section 5.2.2).
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Table 4.5: Age-specific probabilities of clinical disease given infection p. and death given severe
disease piG’jD. Parameters of the age-specific infection fatality ratio from the literature IFRj;, [119]
were used to derive values of g, given fixed p{, values as per [1,18,32,89] and eq. (4.22). Source:
Perez-Guzman et al. 2024 [65].

Age group i pp g, IFRj, [119]
0,5)  0.25 0.000(  0.0000
[5,10)  0.268750.00037 0.00010

[10,15)  0.325 0.0003  0.00010

[15,20) 0.418750.00048 0.00020

[20,25)  0.55 0.0005  0.00030

25,30)  0.55 0.00073 0.00040

[30,35)  0.55 0.0010  0.00060

[35,40)  0.55 0.00182 0.00100

[40,45)  0.55 0.0029  0.00160

[45, 50)

[50, 55)

[55, 60)

[60, 65)

[65,70)

[70,75)

45,50 0.55 0.00436 0.00240
20, 55 0.55 0.0069  0.00380
55, 60 0.55 0.01073 0.00590
60, 65 0.55 0.0162  0.00920
65,70 0.55 0.02600 0.01430
70,75 0.55 0.0405  0.02230
[754) 0.55 0.09163 0.05040

4.2.5 Running the model

Following my approach in Chapter 3, I pre-tuned the model’s parameters by running an adaptive
MCMC on the equivalent ”expectation model”, defined as the same model as the full stochastic
model (Appendix B) but using the mean of the corresponding distribution wherever a random draw
was required. I then used the pre-tuned parameter set from the ”expectation” model with the
highest posterior density and VCV matrix of the posterior distribution parameters as the initial
values and proposal kernel, respectively, for subsequent pMCMC runs. The final pMCMC model
fit was produced through approximately 3,000 CPU hours, in a single node of 32-core Xeon (dual
16-core 2.6 GHz). All necessary code and scripts to reproduce this analysis were made public at the

time of publication, and can be found open-source in GitHub.
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https://github.com/mrc-ide/ZamCovid_kabwe_manuscript

4.3 Results

4.3.1 Transmissibility

The model was able to recover the available data well (Figure 4.3A & B), which allowed me to
infer the transmission and severity dynamics of the COVID-19 pandemic in Kabwe, Zambia be-
tween March 2020 and September 2021. Virus transmission was high across pandemic waves, which

yielded an increasing profile of seroprevalence and infection-derived immunity in the local population

(Figure 4.3A).

Local factors driving transmissibility varied across waves. Although the enforcement of and
adherence to NPIs in Zambia was known to be low [58,66], I found there was an initial gradual
decrease in the R; of the pandemic (fig. 4.3C). In fact this decline, which is most easily explained by
decreases in social contacts given no initial immunity in the population in early 2020, was enough
to drive R; below 1 (i.e. the critical value for controlling transmission) between July and September
2020. As a result, infection attack rates in Kabwe peaked at a relatively low 2.6 (95%CrI 1.4-4.3) per-

1000 people during the first wave, in early June 2020, compared to subsequent waves (Figure 4.3E).

The inferred reduction in contact rates was, however, reversed shortly after the peak of the first
epidemic wave. Importantly, I found that levels or R; in Kabwe increased again above 1 from early
October 2020. This increase in transmission was, again, most likely driven by increasing contact rates,
as the more-transmissible Beta VOC was not detected in Zambia until December that year [54,57].
The combined effect of increasing contact rates and (likely) Beta VOC emergence drove much higher
infection attack rates during this wave, which peaked at 5.7 (95%CrI 4.0-8.2) per-1000 people in

early January 2021.

After this peak, the model estimated a significant 38% (95%CrI 32-43) of the population of
Kabwe accrued infection-induced immunity as a result of the high attack rates seen during the second
wave. Despite this, the R, steadily rose from March 2021 onward, reaching levels above 1 from late
April to mid-June 2020 (Figure 4.3C). It was at this point that the Delta VOC was detected in
Zambia [54,57]. Likely driven once more by a synergistic effect of higher intrinsic virus transmission,
and high contact rates in the population, the infection attack rates of the pandemic were highest
during the third wave, peaking at 7.2 (95%Crl 4.5-10.5) per-1000 people. Moreover, reinfections
accounted for 14.9% (95%CrI 14.1-15.5) of daily infections, compared to only 0% (95%CrI 0-0) and
1.1% (95%CrI 0.8-1.2) during the first and second waves, respectively (Figure 4.3E).
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4.3.2 Severity

To explain the high inferred SARS-CoV-2 infection attack rates in context with the observed all-cause
mortality data from Kabwe between March 2020 and September 2021, my model estimated a total
of 1,124 (95%Crl 774-1,323) excess deaths over the study period (Figure 4.3B & F). This translated
into a cumulative excess mortality rate of 402 (95%Crl 277-473) per-100,000 people, a result that
was robust to my assumptions of underascertainment in the input data.

The inferred trajectory of the IFR; of SARS-CoV-2 provided important insights into the
drivers of such high excess mortality rates of Kabwe. At the peak of transmission of the first wave, I
estimated the I FR; was of 0.34% (95%CrI 0.19-0.51) (Figure 4.3D). This was, on average, 2.8-times
higher than the IFR of 0.12% that would have been expected in Kabwe (i.e. had similar healthcare
provisions for COVID-19 cases as those of the settings from which my baseline age-specific values
were derived [119] been in place locally), given the age distribution of the population.

Furthermore, I estimated the I F'R,; of the pandemic in Kabwe increased from 0.39% (95%Crl
0.23-0.63) to 0.61% (95%CrI 0.37-0.87) at the peaks of transmission of the second and third pandemic
waves, respectively (Figure 4.3D).

116



. 100% . — s
5 :
- . 1st vaxZambia E

© 59 . 5 o 100
Al 1st vax World —— Model %

g : w75
~ —— i [7))
g 50% Ever infected %

% —— Data g 50
8— 25% Immune >

I < 25
S [}
? g

n
0% 0
c D 1.50%
3.0

1.25%

1.00%

= — Model & 075%

0.50%

0.25%

0.00%

100%

75%
B viean (es%cn)

1st infections

. Re-infections

50%

25%

Excess deaths (% all deaths)

0%

New infections (x 1,000 population)

Figure 4.3: SARS-CoV-2 pandemic transmissibility and severity in Kabwe, Zambia from March 2020
to September 2021. Across all panels, shared rectangle areas illustrate the periods of time where
the Beta (light purple) and Delta (light orange) variants were detected and known to dominate
transmission in Zambia [54,57], and black dashed vertical lines the date when the first COVID-19
vaccine was delivered in the world (2020-12-08) and in Zambia (2021-04-19) [28]. (a and b) Model
fit (blue line mean and shaded area 95% Crl) to data (green dots; in [a], the dot represents the
mean, and error bars the 95% binomial confidence interval) to seroprevalence and all-cause excess
deaths, respectively. In (a), the purple line and shaded area show the inferred mean and 95% Crl
for the cumulative proportion of the population ever infected, and the orange line and shaded area
the mean and 95% Crl of population immune against infection (as a result of prior infection). (c)
Inferred time-varying reproduction number, Rt (line mean and 95% Crl shaded area). The red
horizontal dotted line at a y-axis value of 1.0 shows the critical threshold for pathogen transmission.
(d) Inferred time-varying infection fatality ratio, IF R; (line mean and 95% Crl shaded area). The
red horizontal dotted line at a y-axis value of 0.12% shows the naive estimate drawn by adjusting age-
specific IFR estimates from Brazeau et al. [119], which came from a range of countries with known
reliable hospital reporting systems, by the age distribution of the population in Kabwe. (e) Inferred
new daily infection rate per 10 00 population (black line mean and 95% Crl shaded area), with
breakdown of area under the curve into incident first infections (blue area) or reinfections (orange).
(f) Inferred likely proportion of daily deaths that correspond to the excess mortality driven by the
local COVID-19 pandemic. Crl, credible interval; det., detected; vax., vaccine; yo, year-old. Source:
Perez-Guzman et al. 2024 [65].
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4.4 Discussion

The study period for this analysis captured the first three SARS-CoV-2 pandemic waves in Kabwe,
during which the majority of the population was infected at least once, amidst a complete lack of
COVID-19 vaccines for the general population and a severely limited healthcare capacity. Adapting
my modelling framework to infer the local drivers of transmission and severity from limited surveil-
lance data was extremely testing. It required a careful conceptualisation of the observation process
equations informed by the data, and its relation with the underlying hidden state variables. Despite
these technical challenges, my analysis of the drivers of SARS-CoV-2 transmissibility and severity
yielded several new insights of public health relevance for the response to outbreak emergencies in
Kabwe and other similar LIC settings with a limited capacity to conduct surveillance and implement

response interventions.

For LIC settings like Kabwe, relying on stringent and/or prolonged NPIs as a key pillar of a
pandemic response is unsustainable, given their markedly higher economic burden on such settings
compared to HICs [190]. At the start of the local pandemic, the transient effect of the NPIs imple-
mented in late March 2020 (Section 1.2) [58,66] effectively achieved a gradual reduction in contact
rates between then and mid-July 2020. As a result, the R; of SARS-CoV-2 decreased below 1, leading
to a relatively mild first pandemic wave in Kabwe. The effect of local NPIs, however, was short-lived
and the subsequent steady rise in contact rates synergised with a low level of infection-derived immu-
nity at the after the first wave, and the known emergence of the more-transmissible Beta and Delta
variants. Together, this myriad of intrinsic and effective drivers of transmissibility led to the very
high incidence rates I inferred for subsequent waves. Given NPIs cannot be a sustainable outbreak
response intervention in LICs, a rapid and sustained access to healthcare-based mitigation strategies,

such as vaccines and other treatments for severe-case management, should be ensured.

Alas, I found strong indications that the severity of the pandemic in Kabwe was higher than
expected and steadily increased across waves. Prior to my work, it had been demonstrated that
differences in the IFR of COVID-19 across countries with comparable health care capacity were
explained by their population age distribution [119]. By this token, it had been further demonstrated
that adjusting the age-specific IFR estimates from the latter countries by the age distribution of the
population in Lusaka explained the local excess mortality of the first wave [121]. In sharp contrast, I
estimated the I F'R; during the first wave peaked at a value almost 3-times higher than that expected
if adjusting those same age-specific IFR estimates by the age distribution of the population of Kabwe.
Moreover, accounting for the how the characteristics of imperfect and waning immunity from prior
infection likely changed over time (i.e. during the Wildtype, Beta and Delta waves), I estimated

the I F'R; continued to increase across waves. My findings were thus consistent with early-pandemic
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warning that indicated that the ‘protective’ effect of having young populations against the burden
of the pandemic in LICs could be nullified in the presence of severe healthcare constraints [92].

Overall, my results underscore that the burden of SARS-CoV-2 in Kabwe was gravely accen-
tuated by local limitations to implement the healthcare interventions that higher-income settings
did. Between March 2020 and September 2021 the accrued excess mortality rate in Kabwe was
of 402 (95%CrI 277-473) per-100,000 people, well exceeding that estimated by an influential (con-
temporary) study for the whole of Zambia and Western Europe, at 228.2 (95%CI 165.9-322.8) and
140.0 (95%CI 133.5-146.3) per 100,000-people, respectively [129]. Several factors could have condi-
tioned such disproportionately high mortality burden during the pandemic in Kabwe, including a
higher vulnerability to SARS-CoV-2 in the population of Kabwe compared to the national average
of Zambia [41,44,45]. However, it remains true that, where possible to implement, an early and
rapid implementation of improved healthcare protocols targeted to patients with severe COVID-19
was paramount to mitigate the severity of the pandemic [128,150]. Similarly, COVID-19 vaccines
offered lasting protection against entire clinical spectrum of COVID-19 disease, more so against the
most severe of outcomes of hospitalisation and death [102,104,191]. It is thus not surprising that,
accounting for the different age profiles of either setting, the excess mortality of Zambia at a national
level was almost double that of Western Europe.

My model, for the most part, was able to recover the epidemiological data within the 95%CrI
despite the structural and parametric assumptions I made. Moreover, its design was informed by
best-practices identified in the studies where issues around limited data uncertainty were explored

previously [91,93,121]. In particular, I
e Relied on available population-representative data streams

e Made structural assumptions informed by my validated framework for England (Chapter 2),
including of pandemic seeding in early 2020 ahead of known reported cases and R, values of

the Wildtype variant in-line with literature to inform early-pandemic dynamics

e Where appropriate, assumed fixed key parameters, including waning immunity, seroconversion
and seroreversion rates, from the literature whilst varying them in sensitivity analysis (figures

B5 to BS)

e Was agnostic when parametrising the fitted piece-wise linear contact rate scaling function
p(t), with fortnightly change points (as done in analyses across LMIC settings with biased
case-based surveillance [121,192]), more so given existing evidence of poor correlation of im-

plementation/lifting of NPIs and mobility data across Zambia [58]

However, my analysis had several limitations as a result of the sparse quantity and uncertain
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quality of the available surveillance data. For seroprevalence, I had access to age-specific data that
covered the second and third local waves, with only one all-age aggregated seroprevalence estimate for
the first-wave, before its peak. It is possible these data constraints limited the ability of my framework
to correctly assess some key pandemic dynamics in Kabwe. The paucity of seroprevalence or other
data stream reflecting community level transmission during the first wave introduced identifiability
issues for the respective fitted values of the transmission scaling function §(¢). Despite high model
precision to capture the one data point of aggregated seroprevalence, model-inferred dynamics during
this wave were, as a result, only informed by the fit to mortality data (see respective limitations below)
and assumptions on seroconversion-seroreversion rates (from the literature). Critically, this would
have impacted ((t) values and, in turn, the inferred declining trajectory of R; during this wave. This
could have partly further impacted the fit to deaths during the initial wave, where the model’s mean
trajectory fell short of the data, and had a knock-on impact on severity inference, whereby with a
potentially higher number of infections during the first wave, the model’s inferred I F'R; could have
been lower. It should be, however, noted that whilst the model largely captured most of the deaths
data within its 95%CrI (area of uncertainty), particularly during the peak in deaths of the first wave
in July 2020, the respective uncertainty around the inferred I F'R; value at the same point was higher

than the 0.12% naive IFR value that would have been expected in Kabwe, as previously discussed.

Arguably, there could have been additional data sources, like mobility data and PCR cases
to further inform my model’s inference during the first wave. However, for the case of the latter,
Kabwe district authorities reported a cumulative total of 3 cases per-1,000 population by March
2021 (i.e., 500 total PCR-positive cases detected by May 2021) [59]. Moreover, national policies in
place during the first wave indicated the use of PCR testing for symptomatic individuals and/or
contact tracing activities, and there were known shortages, delays and limitations in the availability
of tests [59]. It is such biases and limitations in PCR case-based surveillance that lad to severe
underestimations of the burden of COVID-19 where modelling analyses were informed by these
data [93]. For the case of mobility data, comparing these with my model’s inferred R, during 2020
does suggest that reductions in mobility in the early stages of the first wave correlated to decreases
in SARS-CoV-2 transmission (see Figure B9). It should be noted, however, that mobility data from
Zambia was representative of Lusaka only [193]. Furthermore, the dedicated analysis by Loisante
et. al. [58] demonstrated that: a) inter- and intra-province mobility across Zambia returned to pre-
pandemic levels swiftly after official NPI policies on May 8, 2021, ahead of the peak of the first wave;
b) mobility remained stable during subsequent waves, regardless of any NPI policies in place; and
c) there were no statistically significant changes in mobility driven by school closures or holidays.
I considered that analysing these data in my framework to inform transmission levels at face value

would have introduced additional uncertainties at little gain.
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Regarding deaths data I had access to, this suffered from an unknown level of underreporting,
more so the historic deaths data I used to estimate the expected baseline mortality (in the absence of
the pandemic). Further, whilst the daily timeseries data for the pandemic period was disaggregated
by age, the historic timeseries was not. 1 was thus not able to assess the proportion of excess
mortality in Kabwe that was not related to COVID-19 or fit my model to age-specific deaths data.
The former could have implied that, for example, with an increase in non-COVID excess mortality
during pandemic waves my model could have overestimated the true value of IF'R;. By the time I
published my analysis in this chapter, others had sought to assess the implications of using different
deaths data streams with on informing SARS-CoV-2 models in resource-constrained settings with
limited surveillance capacity [91,93,121]. These analyses demonstrated that in settings with limited
surveillance capacity and, thus, high risk of biased and underreported confirmed COVID-19 deaths,
fitting transmission models to excess mortality yielded more robust estimations of the true burden of
the pandemic [91,93], and that adjusting global estimates of age-specific IFR by the age distribution
of the population to be modelled yielded a good fit to excess mortality [121]. Here, I followed the
validated methodology presented by these studies and fitted my model to available excess mortality
data and informed my model’s severity with the same global age-specific IFR estimates [119]. Future

analyses will greatly benefit from reliable age- and cause-specific mortality.

Despite the above limitations, a key aim of my PhD was to assess how advanced analytics can
and should be adapted to conduct robust inference, in light of such data gaps and uncertainties.
That is, I sought to develop a parsimonious model that could have been employed for near real-time
scientific advise in a resource and surveillance constrained like Kabwe setting during the pandemic.
Focusing at a district level to me was important, as a key theme that emerged early on during my
collaboration with the ZNPHI and Zambart was that countries like Zambia suffered from different
sub-national pandemics in lieu of systematic surveillance and response capacity differences within
the country. Indeed, the evidence of pandemic dynamics I found in Kabwe stands in contrast with

that inferred for other areas of Zambia [46,52,121].

Surveillance data limitations were not unique to Kabwe, but rather prevalent across resource-
constrained settings during the pandemic [71]. My work demonstrated that purposeful research
collaborations between academic and public health institutions to develop outbreak advanced ana-
lytics are critical in LIC settings at the subnational level. A judicious approach to developing my
modelling framework allowed me to conduct robust inference of the transmission and severity dynam-
ics and burden of the pandemic, even with very sparse and uncertain data. Future analyses in Kabwe
and similar settings will greatly benefit from exploring in depth the implications of incorporating
other data streams, like mobility and (very limited) cases data. Importantly, my analysis further

shows key surveillance gaps that could be prioritised for strengthening in resource-constrained set-
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tings, including reliable all-cause death registration, cause- and age-specific mortality surveillance,

and genomic surveillance.

4.5 Conclusion

During the course of my collaboration in Zambia, the WHO and CEPI have issued their calls to
formulate pandemic preparedness strategies underpinned by learnings from the COVID-19 pandemic
[134,194]. These calls are leading to binding agreements for member states, despite of geography or
income group. Equitable global pandemic preparedness will require robust analytics from all income
settings and regions of the world. In highlighting key learnings from the COVID-19 pandemic in
Kabwe, my work timely began to shed light into the implications that abiding such agreements will

entail for LIC settings, as I will present in the following two chapters.
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Chapter 5

The impact and cost-effectiveness of
COVID-19 pandemic inequality in

Kabwe, Zambia

Results around the impact of delayed access to vaccines and optimised healthcare on deaths in
Kabwe, Zambia were included in my International Journal of Infectious Diseases publication on
July 25, 2024 [65]. Given stochastic variability in the model, the epidemiological results summarised
herein may show marginal variations from those in the latter publication, as I reran the model to

perform the cost-effectiveness analyses of this and the following chapter, which remain unpublished.

5.1 Background

In Chapter 4, I demonstrated that the burden of the COVID-19 pandemic in Kabwe, Zambia was
amongst the highest estimated for any low-income country (LIC) setting. Regardless of the many
limitations in my analysis, I demonstrated that the local transmissibility and severity of SARS-CoV-2
was high, which conditions high infection attack and excess mortality rates locally. As I discussed,
beyond likely constraints in local healthcare capacity, a higher burden of clinical vulnerability in the
population of Kabwe [41,44,45] could have conditioned the disproportionately higher excess mortality
seen in Kabwe.

However, during the same time period of my analysis in Kabwe, higher income settings success-
fully rolled-out COVID-19 vaccination programmes and implemented novel life-saving therapeutic
protocols for patients with severe infections [1,28,94]. Global pandemic cooperation failures meant
such an early adoption of effective pharmaceutical countermeasures was not possible across LIC set-
tings [42]. In Kabwe, it was not until late 2022 that 70% of the population had received two doses of

an approved vaccine [50,68], a delay of well over a year compared to HICs and upper middle-income
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countries (U-MICs) [28]. Moreover, it is also known that in-hospital mortality in Kabwe and Zambia
at large increased during the second and third waves [50,51,67] as hospital pressures rose [50,67].

A global modelling analysis of vaccine inequality estimated that over 50% of the COVID-
19 deaths that occurred by October 2021 in LMICs could have been averted, if these countries
had vaccinated at the same rate as HICs [183]. Critically, this analysis was informed by official
COVID-19 case and death counts from the included LMICs which, as I have argued, yields vast
underestimations of pandemic burden [91,93]. Additionally, it did not account for the capacity of
local health systems to actually implement the counterfactual vaccination strategies simulated. At
the time I began the work I summarise in this chapter, there were only three additional studies
of vaccine inequality, one data-driven multi-country modelling analysis [195] and two hypothetical
meta-population models [196,197], all suffering from the same aforementioned limitations.

Despite their limitations, ‘umbrella’ analyses such as these provided early insights into the
impact of inequities in the global response to the COVID-19 pandemic, relevant for advocacy pur-
poses. However, employing modelling analytics to inform public health interventions requires a more
nuanced approach. Namely, it requires analytics carefully tailored to the context of available epi-
demiological surveillance (Chapter 4) and the capacities of local health systems. Failures to do so
risk inflicting an overall negative impact on population health and healthcare affordability, given
resources are diverted from current-time health system interventions [198,199]. To address my aim
of assessing the health and economic effects of a limited and delayed access to mitigation interven-
tions in Kabwe, herein I present a counterfactual cost-effectiveness analysis of having implemented
improved healthcare and COVID-19 vaccination as achieved by higher-income settings by September
2021. My analysis takes on the perspective of the health system, critically accounting for plausible
values of its opportunity cost-based willingness to pay (ocWTP) threshold, the monetary threshold
at which an intervention would result in one less health-benefit unit as a result of diverting funds

from other current-day health system interventions [200].

5.2 Methods

I expanded the age- and vaccine-class explicit compartmental transmission model of SARS-CoV-2
I developed for Kabwe, Zambia to simulate a series of mutually-exclusive counterfactual scenarios,
which I compared against the factual, model-fitted trajectories (henceforth factual scenario), as
presented in Chapter 4. The scenarios I considered simulated the implementation of COVID-19
vaccination at the population level or of improved health care for severe cases, as achieved in higher
income settings.

I have described the structure, parameters, data sources and equations of my epidemiological
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model in Chapter 4 and Appendix B. In this methods section, I provide a technical description of the
adaptations I made to my model, in order to explicitly track healthcare utilisation (Section 5.2.1),
simulate the counterfactual implementation of interventions (Section 5.2.3), and the integration of

an economic model to assess their cost-effectiveness (Section 5.2.4).

5.2.1 Modelling healthcare utilisation

Beyond intrinsic pathogen severity, factors such as time- and space-varying availability of healthcare
resources and triaging practices can drive differences in hospital admission rates [1,128,150]. As I
discussed in Chapter 3, identifying the effect of such factors on hospital admission rates, however,
requires a wealth of healthcare data. To overcome the limitations of not having access to such
data from Kabwe, I implemented a parallel flow to probabilistically simulate hospitalisations for

individuals with a symptomatic infection leading to either recovery or death (Figure 5.1D).

Parallel flow equations

Based on the methods I developed to estimate the effective severity in Kabwe (Section 4.2.4), the
model simulated the transition of infections through one of three possible clinical severity pathways

(Figure 5.1A)

e Asymptomatic/mild infection leading to recovery (1§ — R¥)

e Symptomatic infection leading to recovery (1 gQ — RY)

e Symptomatic infection leading to death (I’C‘Z2 — ... DY)

I expanded this section of the model with a parallel flow (Figure 5.1D and Table 5.1) to simulate

the probability of individuals with a symptomatic infection receiving hospital care given by

i’j
HR

s 160 % (1= pg ) % e, * 020, (8) — Hy % yu (5.1)
ng ij . iy i
= Ie) * DA *VCy * PDposy — Hp s vm,. (5.2)
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Table 5.1: Definitions of hospital parallel low compartments shown in Figure 4.1D, with index 4

for age group (i € {[0,5),[5,10),...,[70 — 75),[754+)}). Durations (in days) have Erlang (kx,vx)
distributions, with mean kx /vx.

Erlang duration parameters

Compartment Definition kx ~vx (per day) Mean (days) Reference
H (t) Severe case in hospital lead- 2 0.0299 6 [49]

ing to recovery
HY (t) Severe case in hospital lead- 2 0.8 2.5 [49]
ing to death
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Figure 5.1: Adaptation of the model of SARS-CoV-2 transmission applied to surveillance data from
Kabwe, Zambia between March 2020 and September 2021 to conduct cost-effectiveness evaluation.
Asin [65], A) presents the overview of model compartments and transition rates; B) the parallel flows
developed simulate seroprevalence; and C) details vaccine progression classes: j = 0 for unvaccinated,
j =1 for 1st dose - no effect, j = 2 for 1st dose - full effect, j = 3 for 2nd dose - full effect, and 7 =4
for 2nd dose - waned. i denotes age groups ({[0 —4),[5 — 10),...,[70 — 75),75+}). Here, D) was
added to simulate the progression from symptomatic infection to hospitalisation prior to recovery.
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Parameters and assumptions

The implementation of the above parallel flow required the following parameters and simplifying

assumptions.

Firstly, I assumed that a proportion of the individuals with a symptomatic infection en route

to recovery (I, gQ — RY) would have needed hospital care to indeed recover, defined by

Pl (t) = pat (1 - eﬁ;isMSD) hp(t) (5.3)

maxr

mar was the multiplier of the baseline (i.e. at model onset and, thus, in the absence of

where p
immunity) age-specific probability of hospitalisation given symptomatic infection pi_ , with respect
to the age-group with the maximum value i = 75+ and j = 0. For hp(t), this was the fitted piece-wise

linear severity modifier (as defined in Section 4.2.4) with change points

1 on (and before) 15/08/20 - first wave,
hp (t) =19 ppy from 01/12/20 to 15/03/21 - second wave, (5.4)
pp2 on (and after) 01/05/21 - third wave.

and, e}’ was the age- and vaccine-class specific vaccine efficacy against hospitalisation given
> “hosp|SD

symptomatic disease (Section 5.2.2).

Again, constrained by the lack of local healthcare data, I was not able to derive p',, values
specific to the pandemic in Kabwe. I thus assumed these to be the same as the ones I used for my

analysis in England, at the start of the pandemic (Table 5.2).

It should be noted that I further assumed p%’ (t) to vary over time given the fitted piece-wise
linear function hp(t), whose values were inferred from my model’s fit to local excess mortality data
(Section 4.2.4). Therefore, despite the lack of locally-inferred values for p,,, the overall effect of
the parameter p’’ (t) governing the entry into the hospital parallel flow still captured changes in

severity specific to Kabwe (i.e. driven by the likely epidemiological factors underpinning local excess

mortality, such as the local emergence of VOCs and surges in hospital demand).

Secondly, for symptomatic infections leading to death (IZC; — ...D") T assumed a fixed
proportion pp, . (see Equation (5.1)) received in-hospital care before death, at 20% informed by a
COVID-19 healthcare surveillance study from Lusaka between April 2020 and August 2021 [64].

Lastly, to model healthcare utilisations of individuals with a symptomatic infection leading
to recovery, who would not have been captured by the above hospital parallel flow, I assumed a
proportion 1 — pbJ (¢)pyuipe received outpatient care at a primary care facility, where poyp, was fixed

at 66.5%, as informed by the same healthcare surveillance study from Lusaka [64]. This and the
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assumed value of pp,, = were varied in sensitivity analysis (Appendix B).

Table 5.2: Pathogen-driven age-specific probability of hospitalisation to lead to recovery given symp-
tomatic infection p2/=C assumed as in [1].

sev

Age group i pi°
[0,5) 0.004
5,10)  0.001
10,15)  0.001
15,20)  0.002
20,25)  0.004
25,30)  0.006

[

[

[

[

[30,35)  0.008
35,40)  0.008
[40,45)  0.009
[45,50)  0.010
[50,55)  0.017
[55,60)  0.023
[60,65)  0.032
[65,70)  0.041
[70,75)  0.073
[75+)  0.126

Table 5.3: Fixed healthcare utilisation parameters for economic evaluation of COVID-19 counterfac-
tual scenarios in Kabwe, Zambia between March 2020 and September 2021.

Parameter Description Value (range)  Source

Doutpz Probability of receiving outpatient care 0.665 (0.3 - 0.7) [64]
leading to recovery (if not hospitalised)

Phospp Probability of receiving hospital care lead- 0.2 (0.15 - 0.25) [64]
ing to death

YHp Mean length of hospital stay (days) lead- 2.5 [49]
ing to death (gamma distributed)
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5.2.2 Vaccine efficacy

I assumed the values for VE against the Wildtype/Alpha variants of SARS-CoV-2 from my analysis
in England (Table A3), across the entire study period. These values were derived from UK-based
studies, so my implicit assumption was that there was no difference in VE between the UK and
Kabwe, supported by results from a recently published systematic review and meta-analysis of avail-
able VE studies in Africa [201]. To assess the robustness of my results to my VE assumptions, I

varied the absolute VE (all endpoints, Table A3) by £+ 10% in sensitivity analysis (see Appendix B).

Table 5.4: Vaccine effectiveness parameters for the AstraZeneca and Pfizer vaccines by dose. ”Infec-
tion” refers to vaccine effectiveness protecting an individual from being infected with SARS-CoV-2,
whilst ”infectiousness” refers to the vaccine effectiveness at preventing onward transmission by an
infected individual. VE against death is modelled conditional on clinical disease (i.e. transition to
Ip compartment), whilst all other endpoints are modelled conditional on infection. Source: Perez-
Guzman et al. 2024 [65]

End point  Dose AstraZeneca Pfizer
1 88% 89%
Death 2 (Full protection) 99% 99%
2 (Waned protection) 83% 90%
1 64% 79%
Disease or
2 (Full protection) 92% 99%
infection
2 (Waned protection) 29% 7%
1 45% 45%
Infectiousness2 (Full protection) 45% 45%
2 (Waned protection) 40% 40%

Given an absence of age-specific data of vaccines administered in Kabwe, I assumed a fixed
proportion of AZ and Pf vaccines by age, targeting those under the age of 18 with Pf and varying
proportions of those older than 18 with AZ, in-line with global recommendations (Figure A4).

Lastly, whilst I assumed VE did not vary by age, the weighted VE did vary given the proportion
of each vaccine (PF or AZ) assumed to be administered to each age group (Figure A4) and VE values

by vaccine (Table A3).
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Figure 5.2: Assumed proportion of vaccine type (Pf = Pfizer, AZ = AstraZeneca) administered by
age group. Source: Perez-Guzman et al. 2024 [65]

5.2.3 Counterfactual scenarios

Compared to the factual scenario (Chapter 4), I considered a total of 30 counterfactual intervention
scenarios (Table 5.5) whereby I simulated the roll-out of a 2-dose primary course of COVID-19
vaccines (21 scenarios) and improvement of healthcare for the treatment of severe COVID-19 cases

(9 scenarios).
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Table 5.5: Counterfactual scenarios of vaccination and severe-case healthcare implementation in

Kabwe, Zambia as achieved by higher income settings.

Intervention Start date - rationale Weekly coverage /| IFR; re-
duction

Vaccination At each date, vaccination
April 20, 2020 - roll-out as per a hypothet- weekly coverage simulates the
ical implementation of CEPI’s 100-day mis- average doses per-100 popu-
sion [194] lation delivered in HICs, U-
December 14, 2020 - roll-out as factually MICs, L-MICs and LICs [28]
achieved in HICs [28,202] (Figure 5.3).
April 19, 2021 - roll-out as factually achieved
in L-MICs and LICs [28]

Improved At each date, the inferred

healthcare June 15, 2020 - decrease in pandemic mor- (from model fit) IFR; de-

tality due to early-pandemic improvements
in healthcare (e.g. dexamethasone, support-

ive and respiratory care) [128,150]

October 5, 2020 - before the onset of local

second wave

April 5, 2021 - before the onset of local third

wave

creases by 15% (minimal),
30% (moderate) and 45% (op-

timal) as in [92].

Vaccination roll-out as achieved by income setting

Local policies for vaccine eligibility followed WHO guidance at the time [203] with an old-to-young
prioritisation of doses, a minimum age for vaccines eligibility of 12 years and an interval of 12 weeks
between the first and second dose of a 2-dose primary immunisation course [40]. All vaccination
scenarios I considered simulated these policies, assuming a 70% uptake amongst the eligible popula-
tion. Given reports of high vaccination hesitancy in Zambia initially followed by a high uptake [43],
I varied this assumption in sensitivity analysis, at 95%, 90% and 80% amongst 50+, 40-49-, and
12-39-year-olds, respectively, and a lower uptake at 50% across all age groups (Appendix B).
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Figure 5.3: Modelled weekly vaccination schedules matching officially reported average weekly cover-
age (doses per-100 population) of LICs (red), L-MICs (orange), U-MICs (yellow) or LICs (green), [28]
as presented in [65]. Schedules are plotted as weekly doses by week, from the moment of vaccination
roll-out, which varied across scenarios (Table 5.5. Of note, during its first year of operation, the
Zambian COVID-19 vaccination programme closely resembled the average trend of LICs (red), [28].

Healthcare improvement scenarios

I considered an increase in the Kabwe health system’s capacity to effectively treat severe COVID-19
cases in hospital (Table 5.5). An early-pandemic analysis of the hypothetical absence of constraints
in the availability of healthcare resources (i.e. health workers, beds, medicinal oxygen, other basic
medical commodities, intensive care/mechanical ventilation capabilities) to manage severe COVID-
19 cases would have resulted in a 45% relative reduction in the IFR, compared to a an absence
thereof [92]. T considered this as a scenario of an optimal improvements in healthcare capacity and
further simulated minimal and moderate improvements, assuming a reduction in IFR by 15% and

30%, respectively.

To implement these scenarios, I modified Equation (4.22) given

i, () = vt 85" (1= eiangsn) o)1~ TF B cavain) >

where IF R, cquction € (0.15,0.3,0.45) was given by a minimal, moderate or optimal healthcare im-

provement, respectively.

For all scenarios, I assumed the factor IF R, .quction applied linearly over a period of 3 weeks
(piece-wise linear), thus simulating a gradual rather than sudden restructuring/upscaling of available

healthcare [126]. Given the assumed severity reduction factor was applied on hp(t), I was able to
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retain the model-inferred uncertainty in IFR"“(t) across all simulated counterfactual trajectories.
This was important, as the latter was not only the result of my model’s stochastic behaviour. That
is, I retained the uncertainty given underlying intrinsic and effective drivers of severity I could not
explicitly model but were implicitly assumed in the data (e.g. time-varying healthcare constraints,

basic severity properties of emerging VOCs).

5.2.4 Economic model

I projected the cost-effectiveness of the simulated counterfactual scenarios with respect to the factual
scenario from March 2020 to September 2021, using the incremental costs-effectiveness ratio (ICERs)
and net-monetary benefit (NMB). I quantified health outcomes both in terms of total accrued DALY's
and DALYs averted, and obtained total costs and incremental costs of the interventions, given
parameters from the literature (Table 5.6). I accounted for the cost of per-person-day of treatment
in hospital or outpatient clinics (see Section 5.2.1) across scenarios and, for the case of vaccination
counterfactuals, per-dose administered costs. Given stochastic behaviour in the model, all simulations
were based a sample of 200 posterior pMCMC particles and presented results as the median and 95%
credible interval (95%CrT).

Table 5.6: Cost parameters for economic evaluation of COVID-19 counterfactual scenarios in Kabwe,
Zambia between March 2020 and September 2021. All cost parameters have been adjusted to 2020
US$ given year-on-year inflation rates for Zambia or an annual discounting rate of 3% [204], as ap-
propriate.

*The methodology for the estimation of outpatient consultation and hospital day costs by WHO-
CHOICE does not account for the cost of any consumables or overheads related to the treatment
of patients at the respective level [205]. Here, I estimated the costs of consumables as the ra-
tio of per-consultation or per-day hospitalisation, as appropriate, to all-other costs as reported in an
ingredient’s-based analysis of COVID-19 treatments costs from Kenya [206,207]. These encompassed
pharmaceutical (e.g. drugs, IV fluids, oxygen) and non-pharmaceutical consumable items (e.g. per-
sonal protective equipment, devices wear-and-tear), diagnostics (i.e. laboratory, radiology and other)
and facility overheads [206,207].

Parameter Value (range) Source
Outpatient consultation 2.73 (0.56 - 2.73) [205]
Per consultation consumables™® 17.19 (3.54 - 55.86) [206]
Hospital day 13.65 (5.22 - 29.10) [205]
Per hospital day consumables™* 113.30 (43.29 - 241.26)  [206,207]
Per-vaccine dose administered cost 7.30 [208]
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Cost data and assumptions

I gathered cost estimates from the literature, (Table 5.6), using a top-down approach for both the
vaccination and improved healthcare interventions. All monetary input parameters and model out-
comes are summarised in 2020 US Dollars, adjusting cost inputs from previous or later years by the
average inflation or deflation rate, as appropriate, of Zambia of 3% per-year. I did not include the
costs of NPIs; which I rather assumed to remain as inferred by the model (i.e. estimated changes in

B(t) contact rates) across all scenarios.

Tracking disability adjusted life-years

The model tracked years of life lost (YLL) to COVID-19 given the age-specific life-expectancy li f eixp
at age of death in Zambia, using the WHO’s 2019 life expectancy estimates. [109] To track years
lived with disability (YLD), I assumed the mean disability weights for severe and mild respiratory
infection from the 2021 Global Burden of Disease study (Table 5.7) [209], given no COVID-19 specific

disability estimates exist.

YLL

it~ z]: D (Ol f ey, (5.6)
YLD y , y |
- = Z (A W () Disabye, + A ;gﬁR(t)Dzsame) , (5.7)
J
DALY? | |
—— =YLL'+ YLD, (5.8)
where

AP () = I % (1= pd,) * 7o, * 2, (1), (5.9)

AT () = 1) % (1= pg,) * Yo, * (1= Pl (1)), (5.10)

and Disabs., and Disab,,;q where the product of the disability weights and durations of severe and

mild disease, respectively (Table 5.7).
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Table 5.7: Disability weights for mild and severe COVID-19 disease in Kabwe, Zambia. All cases
requiring hospitalisation to lead to recovery are assumed to be severe, whilst all other cases leading
to recovery were mild (see Section 5.2.1).

Parameter Value Source

Disability weight mild ~ 0.051 [209]
Disability duration mild 14 [206, 210]
Disability weight severe  0.133 [209]

Disability duration severe 21 [206,210]

Table 5.8: Pathogen-drive age-specific probability of requiring hospitalisation to lead to recovery
given symptomatic infection p’_,, as in [1], and life-expectancy at age of death in Zambia from [109].

Age group i pi,, lifel,,
[0,5) 0.004  63.40
[5,10) 0.001  61.59

[10,15)  0.001  56.99
[15,20)  0.002 52.22
[20,25)  0.004 47.62
[25,30)  0.006 43.14
[30,35)  0.008 38.73
(35,40)  0.008 34.50
[40,45)  0.009  30.46
[45,50)  0.010  26.66
[50,55)  0.017 23.03
[55,60)  0.023  19.62
[60,65)  0.032 16.39
[65,70)  0.041 13.41
[70,75)  0.073  10.67

[75+) 0.126  6.39
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Willingness to pay threshold, incremental cost-effectiveness and net monetary benefit

estimation

I calculated the ICERs from the total sum of DALYS and costs for each scenario compared to the

baseline outcomes, given

ICERs — CostSseen — C 0SS et

_ 5.11
DALY S et — DALY S yeen (511

To determine the cost-effectiveness of each scenario, I then compared its ICERs to the ocWTP
of Zambia. The long-standing 2001 WHO Commission on Macroeconomics and Health recommen-
dation to set WTPs as 1x to 3x the gross-domestic product per-capita (GDPpc) per health gain (e.g.
DALY averted or QALY gained) was recently revised [198]. Updated recommendations highlight
that economic thresholds for the implementation of health interventions should contextualise poten-
tial health gains in light of an affordability roadmap to achieving universal health coverage [198]. To
account for this, I calculated the ocWTP for Zambia WT Py, as

(5.12)

DP ¢
WTPgam = WT Py (G Z“’”)

GDPyk

The comparator value for the UK, at WT Py 0.39-times the GDPpc, accounts for purchasing
power parity and value of statistical life [200,211]. The scaling factor € was, thus, the assumed income
elasticity for the purchasing power parity and value of statistical life in Zambia, which I assumed

constant at between 0.7 and 1.5 that of the UK (Table 5.9), as per Woods et al [200].

Table 5.9: Parameters to estimate the range for the opportunity cost-based willingness to pay thresh-
old in Kabwe, Zambia for the simulated COVID-19 interventions estimated as in Woods et all. [200].
GDPpc values are presented in 2020-USD. [204]

Parameter  Value Range Source
WTPyk 0.39 - [200,211]
GDPgaum $958 - [204]
GDPyx  $40,217 - [204]

€ - 0.7 to 1.5 Assumed as in [200]

Lastly, I calculated the range in the NMB of each simulated scenario as

NMBmzn - DALYSaUeTted * WTszn - COStSincremental (513)

NMBmaa: = DALYSaverted * WTPmaz - COStSincremental (514)
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Given the range in € (Table 5.9), the ocWTP used to estimate the NMB ranged from $57.69
to $1,146.64 2020-USD per DALY-averted at NM B,,;,, and NM B,,,..., respectively, or between 6%
and 120% the GDPpc of Zambia per DALY averted, respectively.

One-way sensitivity analysis

I performed a one-way sensitivity analysis varying parameters across their uncertainty range from
source literature (Table 5.6). It should be noted that, given the analysis was done from the health
system’s perspective, I assumed that individuals in the model with an asymptomatic infection or
those with a symptomatic infection that did not enter the aforedescribed healthcare parallel flow

(Section 5.2.1) did not contribute to the estimated costs of the main or sensitivity analysis scenarios.

5.3 Results

5.3.1 Impact of limited and delayed pandemic interventions

The roll-out of COVID-19 vaccines on December 2020 or earlier at an average capacity of L-MICs
or higher would have averted more excess deaths in Kabwe, Zambia than even the most optimistic
of improvements in severe-case healthcare (Figure 5.4).

Vaccination roll-out in December 2020 in Kabwe, as some HICs did [28], could have averted
48% (95%Crl 45-53), 60% (95%Crl 56-64) and 66% (95%Crl 62-70) of the excess deaths accrued
between March 2020 and September 2021 given the average capacity (Figure 5.3) of L-MIC, U-MIC
and HICs, respectively, compared to only 23% (95%CrI 20-28) with the average capacity of LICs.
Whilst my model inferred a higher average excess deaths averted with higher weekly coverage across
all roll-out dates, there was a greater overlap in the estimated uncertainty across scenarios at earlier
roll-out dates. Notably, this suggests that a hypothetical roll-out in April 2020, in line with CEPI’s
100-day mission [194], with a weekly coverage of U-MICs or higher could have almost fully mitigated
the COVID-19 pandemic in Kabwe, Zambia (Figure 5.4A).

On the other hand, a decrease in the IFR; by 45%, 30% and 15% from as early as June
2020 as a result of healthcare improvements during the first wave, as implemented in higher income
settings [128], could have averted 46% (95%CrI 41-54), 31% (95%CrI 27-44) or 17% (95%CrI 12-31)
of excess deaths, respectively. Of note, the model inferred that a moderate improvement in healthcare
(resulting in a 30% decrease in IF'R;) during the first wave would have sufficed to drive the mean
IFR; down to 0.12%, in-line with what would have been expected in the absence of healthcare
constraints in Kabwe (Figure B17). Lastly, given the severity of the pandemic in Kabwe sequentially

increased across pandemic waves, even a delay in implementing improved healthcare until the third
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Figure 5.4: Estimated excess deaths averted in counterfactual simulated scenarios (Table 5.5), com-
pared with the model fit to data, as reported in [65]. Timing of scenario intervention implementation
(columns), weekly coverage (colour legend in A) and healthcare improvement level (colour legend in
B) as per Table 5.5.

Abbreviations: HIC, high-income countries; LIC, low-income countries; L-MIC, lower-middle-income
countries; U-MIC, upper-middle-income countries.

wave would have still averted a significant burden, at 10% (95%CrI 9-13), 17% (95%CrI 15-20) or
25% (95%Crl 24-26) of excess deaths averted, respectively (Figure 5.4B).

5.3.2 Cost-effectiveness of counterfactual interventions

Under the factual scenario (Chapter 4), I estimated that between March 2020 and September 2021
the total burden of DALYs amounted to 22,536 (95%CrI 19,679 to 25,394), at a total cost to the
health system of $1.79m (95%CrI 1.61-1.91) 2020-USD in Kabwe, Zambia as a result of the COVID-
19 pandemic. Given the size of the population of Kabwe, this translated to a burden of 8,055 (95%Crl
7,034-9,076) DALYs and $0.64m (95%Crl 0.57-0.68) 2020-USD per-100,000 population. Assuming a
high ocWTP, at $1,146.64 2020-USD or 120% the GDPpc of Zambia per-DALY averted, all simulated

139



counterfactual interventions would have been cost-effective for the local health system (Figure 5.5A
& D), but not assuming the lowest plausible ocWTP threshold, at $57.69 2020-USD or 6% of the
GDPpc of Zambia.

Incremental cost-effectiveness ratio of interventions

During the study period, the second and third local waves were responsible for the majority of
infections and deaths in Kabwe (Chapter 4), thus most DALYs were accrued during these waves
across all age groups (Figures B27 and B28). An earlier roll-out of vaccination at a higher weekly
rate would have led to an earlier achievement of the 70% target coverage with 2 doses (Figure B18),
at which point the costs of the intervention would have peaked (Figure 5.5B). Thus, accounting for
the efficacy and duration of vaccine-induced immunity, more DALY's would have been averted with
an earlier roll-out as a result of the downstream prevention of infections, cases in need of healthcare
and deaths in subsequent waves (Figure 5.5C).

Such dynamic relation would have, in turn, conditioned a higher incremental cost and lower
health benefit of any vaccination strategy with delays to roll-out. For example, the roll-out of
vaccination in April 2020 at HICs capacity would have been highly cost-effective, even if assuming
the lowest ocWTP threshold, but not with a later roll-out. That is, a vaccination intervention with
the capacity of HICs would have averted a total of 21,729 (95%Crl 18,725-24,623), 14,256 (95%Crl
12,064-17,058) and 6,981 (95%CrI 5,113-8,947) DALYs if rolled-out in April 2020, December 2020
and April 2021, respectively, at an ICER of $10 (95%CrI 4-21), $66 (95%CrI 52-89) and $159 (95%CrI
111-231) 2020-USD per DALY averted, respectively.

Furthermore, at the earliest roll-out of April 2020, the model showed no significant difference
in the health or economic outcomes of the vaccination interventions with either an HIC, U-MICs or
even L-MICs capacity (Figure 5.5A). Conversely, with a roll-out a year later in April 2021, rolling-
out vaccination would have had an ICER of $159 (95%CrI 111-231), $211 (95%Crl 138-409) and
$61 (95%CrI 21-263) 2020-USD per-DALY averted at the capacity of HICs, U-MICs and L-MICs,
respectively, thus making higher capacity roll-out unlikely cost-effective at a low ocW'TP value.

Only vaccination at the capacity of LICs would have remained below the health system’s lowest
plausible ocWTP threshold across all dates (Table B4), at an ICER of $13 (95%CrI -18 to 99), $-10
(95%CrI -36 to 61) and $-16 (95%CrI -190 to 250) with a roll-out in April 2020, December 2020
and April 2021, respectively. Beyond the wide uncertainty in estimated ICERs, it should be further
noted that the evaluation horizon was curtailed to September 2021. Such vaccination strategies
would, therefore, had a limited efficacy within this horizon, at 8,556 (95%CrlI 3,230 to 14,380), 3,391
(95%CrlI 1,006 to 6,046) and 898 (95%CrI -778 to 2,839) DALY averted, respectively.

All counterfactual healthcare improvement interventions simulated, on the other hand, were
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Figure 5.5: Estimated cost-effectiveness of counterfactual COVID-19 vaccination and healthcare im-
provement scenarios in Kabwe, Zambia (Table 5.5), compared with factual (model fitted) outcomes
(see Chapter 4). Timing of scenario intervention implementation (columns), vaccination rates (colour
legend in A-C) and healthcare improvement levels (colour legend in D-F) as per Table 5.5.

*Lowest (dash-dotted line) and highest (dotted line) opportunity-cost based WTP estimated at
$57.69 ant $1,146.64 2020-USD, respectively, given assumed range in income elasticity for the pur-
chasing power parity and value of statistical life of Zambia (Table 5.9), as per Woods et al. [200].
Abbreviations: DALYs, disability-adjusted life years; HIC, high-income countries; Inc., incremental;
LIC, low-income countries; L-MIC, lower-middle-income countries; U-MIC, upper-middle-income
countries; WTP, opportunity cost-based willingness to pay threshold.

cost-effective even when assuming the lowest ocWTP threshold (Figure 5.5D), again with consider-
able model uncertainty. Given such interventions would have not have had an effect on immunity
(Figure B20), there were no time-varying dynamics between the timing of implementation and incre-
mental costs (Figure 5.5F). Considering, again, that the 2nd and 3rd waves caused the most DALYs
in the population (Figure B28), even with delays to their implementation a significant burden of
DALYS would have still been averted.

Thus, if implemented during the first wave, as higher income settings did, a total of 3,771
(95%Crl 490-8,387), 7,046 (95%Crl 4,194-11,068) and 10,275 (95%Crl 7,547-13,767) DALYs would

have been averted with minimal, moderate and optimal healthcare improvements, respectively, at
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an ICER of $28 (95%Crl -32 to 353), $41 (95%Crl -8 to 111) and $41 (95%Crl 5 to 80) 2022-USD
per-DALY averted (Table B3). Conversely, if implemented by the 3rd wave, a total of 2,193 (95%CrI
412-3,833), 3,899 (95%Crl 2,429-5,791) and 5,492 (95%Crl 4,288-7,144) would have still been averted,
respectively, at an ICER of $17 (95%CrI -23 to 205), $24 (95%CrI -4 to 70) and $29 (95%CrI 6 to
55), respectively (Table B4).

Net monetary benefit of interventions

When assessing the NMB by fiscal quarters, the model showed that earlier implementations and at
ideal capacity (i.e. HIC capacity for vaccination and optimal improvement of healthcare) would have
maximised the monetary value of the interventions by the end of the evaluation horizon (Figure 5.6,
Q3-2021). Importantly, however, assuming the lowest plausible ocWTP threshold yielded high un-
certainty in the model estimates, which meant that interventions with lesser than ideal capacities

might not have guaranteed a positive NMB.

For the case of vaccination, assuming the highest ocWTP threshold, a roll-out in April 2020 at
HIC capacity would have resulted in a NMB of $24.8m (95%Crl 21.1 to 28.2) 2020-USD, compared
to $22.8m (95%Crl 19.5 to 26.1) with an L-MIC capacity. Conversely, assuming the lowest ocWTP
threshold, the model estimated such vaccination interventions would have resulted in a NMB of
$1.1m (95%Crl 0.7 to 1.4) and 0.8m (95%Crl 0.4 to 1.1). Furthermore, with a roll-out in December
2020 at HIC and L-MIC capacity, the expected NMB would have been of $15.5m (95%Crl 12.9 to
18.6) and $10.5m (95%Crl 8.0 to 13.5), respectively, if assuming the highest ocWTP threshold, alas
of $-0.7m (95%CrI -0.9 to -0.5) and $-0.1m (95%CrI 0.0 to 0.2) 2020-USD, if assuming the lowest
ocWTP threshold, respectively (Figure 5.6A).

Similarly, a healthcare improvement strategy implemented in the first wave would have resulted
in a NMB of $11.3m (95%Crl 8.1 to 15.4) if optimal and $4.2m (95%CrI 0.3 to 9.8) if minimal,
assuming the highest ocWTP threshold. Conversely, assuming the lowest ocWTP threshold, the
NMB of the same healthcare improvement interventions would have been of $0.2m (95%CrI -0.2 to

0.7) and $0.1m (95%CrI -0.3 to 0.6), respectively (Figure 5.6B).

The above results were sensitive to variations in the input parameters of vaccination, outpatient
and hospital costs (Figures B29 to B32). For the case of vaccination scenarios, the model indicated a
higher sensitivity in the estimated ICERs to variations in vaccination costs, particularly with earlier
roll-out dates. On the other hand, whilst the ICERs of healthcare improvement scenarios were
relatively robust to variations in costs of outpatient and hospital care, their NMB estimates were
highly sensitive to such changes if assuming the lowest ocWTP threshold, but not at its highest

value.
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Figure 5.6: Estimated excess deaths averted in counterfactual simulated scenarios (Table 5.5), com-
pared with the model fit to data, as reported in [65].

Abbreviations: HIC, high-income countries; LIC, low-income countries; L-MIC| lower-middle-income
countries; U-MIC, upper-middle-income countries.

5.4 Discussion

In the previous chapter, I described how the health burden of the COVID-19 pandemic in Kabwe,
Zambia was among the highest recorded for the African continent. My counterfactual health eco-
nomic analysis herein further showed that an early roll-out of COVID-19 vaccines and improvement
in healthcare capacity could have averted a large proportion of this burden. However, for all counter-
factual interventions I considered, delays to their implementation would have been associated with
a decrease in their cost-effectiveness, especially if assuming the lowest plausible ocWTP value of the
health system in Kabwe. My findings not only provided several novel insights into the public health
implications of pandemic inequality, but also have implications for informing response interventions
contextualised in the capacities of LIC settings similar to Kabwe.

A roll-out of vaccines at the same time and with the same capacity as HICs would have averted
two-thirds of the excess deaths of the pandemic. This findings was in keeping with previous evidence
from two multi-country analyses that estimated that over 50% of COVID-19 deaths could have been
averted across LMICs with a vaccination roll-out in-line with that of HICs [90, 183]. However, I

further found that the cost-effectiveness of such intervention would have been subject to the ocWTP
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threshold of the health system in Kabwe.

Given the many constraints of health systems, the introduction of new health interventions
should be considered in light of its opportunity costs with respect to other priority services [198].
With this in mind and following a validated methodology [200], I estimated an ocWTP threshold
at between 6% and 120% the GDPpc of Zambia. This range was in line with results from a recent
multi-country WTP estimation exercise which found (also given the above constraint considerations)
that ocWTPs for LICs lie within a plausible range of between 5% and 102% of their GDPpc [199].
In this context, what my analysis highlighted was that the cost of rolling-out vaccination during
the pandemic under a more equitable global sharing of vaccines could have exceeded the lowest
ocWTP threshold of the health system in Kabwe. Other health economic analyses of COVID-19
vaccination strategies in LMICs have also found uncertainty of the cost-effectiveness of ambitious

roll-out strategies [206,212].

Importantly, I found that progressively longer delays to the implementation of any vaccination
intervention would have not only deemed them less efficacious at averting DALYs, but also more
costly. When looking at more hypothetical scenarios, whereby vaccines had been rolled out in April
2020 (CEPI’s 100-day mission [194]), even the most ambitious roll-out of vaccines at the capacity of
HICs would have been well below the lowest ocWTP threshold. Moreover, my model showed there
would have been no significant differences in terms of DALYs averted or incremental costs with a
roll-out at L-MIC, U-MIC or HIC capacity. Conversely, the incremental costs of a population-level
vaccination programme roll-out in April 2021 at either of said capacities would have likely deemed
it not cost-effective, well exceeding the lowest ocWTP threshold. Similarly, an earlier roll-out at
higher capacity would have maximised the likelihood of attaining a high NMB of any vaccination
intervention. That is, a positive NMB for any vaccination strategy was not materialised immediately
given upfront costs of their roll-out. As time accrued, such costs were substantially offset by their
lasting effect on population-level immunity and, thus, to continue to avert DALYs over prolonged
periods of time. Assuming a low ocWTP threshold, the model suggested it would have taken over a

year for vaccination strategies rolled-out in April 2020 to attain a positive NMB.

Additionally, I found that improvements in available healthcare in Kabwe would have likely
levelled the severity of the pandemic to what would have been expected with similar healthcare
provisions as in higher income settings. In Chapter 4 I underscored that the IFR, of the first
pandemic wave was almost 3-times higher than that estimated by adjusting global age-specific I[FR
estimates [119] by the age distribution of the population of Kabwe. My model showed that a moderate
improvement in healthcare, driving the severity down by 30%, would have yielded an I F'R; of around
0.12% during the first wave, in line with my comparison with said global estimates. Moreover, I found

that this and any other healthcare improvement strategy at any point of the local pandemic would
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have likely be cost-effective, although with high model uncertainty. Indeed, the model indicated
no significant differences in the burden of DALYS averted by an optimal healthcare improvement
intervention by the 3rd local wave and a roll-out of vaccination at HIC capacity in April 2021 roll-
out, albeit the ICER of the latter would have been over 5-times that of the healthcare intervention.
Whilst this might suggest implementing healthcare improvements in Kabwe at such late stages of
the pandemic would have been preferable to rolling-out vaccination, it should be noted again that

the model did not account for health and economic benefits beyond the evaluation horizon.

My analysis herein had several limitations. Foremost, the evaluation horizon was curtailed at
September 30, 2021. It was, thus, possible I underestimated the incremental costs and benefits of
all interventions, particularly the vaccination ones with a late roll-out (i.e. not enough time to reach
sufficient coverage and/or account for DALYs averted in subsequent waves). The absence of data
on seroprevalence or other leading indicators from Kabwe to inform the model during subsequent
waves was a limitation to extend my analysis. Alas, as my analysis in Chapter 4 demonstrated, by
September 2021 79% (95%Crl 74 to 84) of the population had already been infected, and 55% (95%CrI
51 to 58) had immunity against infection. It was, therefore, also possible that the effectiveness of
any vaccination strategy beyond this date, even at high roll-out capacities, would have been limited.
Moreover, the study period of my analysis in Kabwe encompassed the waves caused by the Beta and
Delta VOCs, which were the most severe to circulate in Zambia and, as a result, the ones over which

most of the excess mortality of the pandemic accrued [52].

Secondly, the limitations I listed in my previous chapter, as a result of a lack of cause- and
age-specific mortality or COVID-19 healthcare data in Kabwe also applied to this health economic
analysis. This implied a limited capacity of my model to reduce uncertainty around the estimated
health and economic outcomes of the simulated interventions. As I discussed, though, my key aim
was to asses how advanced analytics can make the most of the available data to the end of informing
decision-making in resource constrained settings. With considerable milestones now achieved to

improve surveillance in Africa [213], future analyses will greatly benefit from improved data.

Thirdly, I did not explicitly factor in healthcare capacity scale-up or consumables’ volatility
costs (e.g. personal-protective equipment procurement under market disruptions). However, I esti-
mated case-management costs as the ratio of per-patient outpatient and per-patient-day inpatient
case management to all other costs reported in a granular, ingredients’ based COVID-19 analysis in
Kenya [207]. The latter accounted for the overhead costs of staffing, facility equipment and consum-
ables, which may have indirectly absorbed some scale-up and volatility costs. Moreover, I conducted
a cost-sensitivity analysis across a wide range of variability in my model’s cost parameters, and
assessed the cost-effectiveness of intervention under the highest and lowest plausible range for the

ocWTP using a validated approach [200].
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Lastly, I did not consider other sources of potentially considerable costs to any setting’s pan-
demic response. Namely, I did not account for costs related to investment into research and develop-
ment of therapeutics, incremental programmatic and logistics costs when delivering doses at shorter
timelines (e.g. if the 100-day mission had been achieved) or even the logistics and costs related to
the factual procurement of the doses that arrived in Zambia. However, such costs would have been

largely borne by international and multi-lateral organisations, rather than by the local health system.

5.5 Conclusion

The use of advanced analytics for decision-making support was seldomly available for LMIC settings,
particularly for the most resource-constrained, as it was the case for Kabwe. Some notable exceptions
included the use of global data dashboards [28,131] and modelling projections of pandemic trajecto-
ries [192,214]. Of the latter, it was only the projections by Watson et al. [192] which were continuously
updated during the pandemic and, as vaccines became available, offered the possibility to decision-
makers around the world to conduct scenario-based projections. Yet, public health decision-making
during a pandemic emergency is even more nuanced than this. It requires a careful consideration
of the available capacity and competing priorities within a health system. Moreover, the considera-
tion of potential health and economic outcomes of potential intervention options requires analytics
underpinned by a granular understanding of local pandemic transmission and severity dynamics.
By this token, my work opened up new possibilities to explore the epidemiological drivers of
the burden of outbreak emergencies leveraging on limited surveillance data. Beyond this, as of the
submission date of my PhD dissertation, my analysis herein was, to my knowledge, the most detailed
assessment of the real-world health and economic implications of pandemic inequality in an LIC
setting. My analysis in this chapter, however, only included a range of counterfactual interventions
informed by what was achieved in higher income settings during the COVID-19 pandemic. In the next
chapter, I present an extended dominance analysis of a comprehensive range of mutually exclusive

strategies to the implementation of CEPI’s 100-day mission in Kabwe.
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Chapter 6

Future pandemic preparedness in Kabwe,

Zambia anchored on learnings from the
COVID-19 pandemic: modelling the

100-day mission

The work presented in this chapter remain unpublished to date.

6.1 Background

My analysis in Chapter 5 showed that the majority of the burden of deaths as a result of the pandemic
in Kabwe could have been averted with greater global pandemic response equality, in line with prior
evidence from across LMICs [90, 183, 195]. Alas, a roll-out of vaccines in December 2020 at the
same capacity as HICs may have not been cost-effective in Kabwe, depending on the opportunity
cost-based willingness to pay (ocWTP) threshold of the local health system. In turn, a hypothetical
roll-out of vaccines as per CEPI’s 100-day mission [194] with the same capacity of HICs could have
achieved an almost complete mitigation of the local pandemic in Kabwe and be highly cost-effective.
In addition, I showed that the implementation of healthcare improvements were likely to be cost-
effective throughout the pandemic, with earlier implementations achieving the highest benefit.
Going forward, implementing CEPI’s 100-day mission and/or early healthcare improvements
in a setting with severe healthcare constrains like Kabwe, however, will likely be more complicated
than what my analysis so far has shown. Several operational decisions will need to be considered
and weighted against each other and against the capacity of the health system. Namely, given delays
to the availability of vaccines, decision-makers will need to consider issues around which sectors of

the population (e.g. age groups) to target, given a quota of vaccine doses available. In addition,

147



directing resources to healthcare improvements might detract them from a vaccination programme
and vice versa. Such pragmatic nuances will, in turn, need to be weighted against a health system’s
ocWTP threshold and uncertainty in the estimated health and economic outcomes of the possible
interventions under consideration.

My final PhD aim was to assess how, by accounting for such pragmatic nuances, outbreak
response interventions can be optimised in the context of resource constrained health systems. In
this final results chapter, I thus expanded on my previous analysis to perform an extended dominance
of a comprehensive set of mutually exclusive intervention options for implementing CEPI’s 100-day
mission in Kabwe, Zambia. I assessed these in the context of COVID-19, had vaccines been available
in May 2020, at virtually no delay from the mission, or at quarterly delays up to a year thereafter.
At each delay window, the simulated interventions varied: the minimum age for COVID-19 vaccines
eligibility; doses delivered per-week, per-100 population (henceforth referred to as weekly coverage
rate); and whether to implemented a vaccination only interventions, or a combined vaccination and

healthcare improvement one.

6.2 Methods

In Chapter 4 I described the structure, parameters, data sources and equations of my epidemiological
model for Kabwe, Zambia, and in Chapter 5 I provided a technical description of the adaptations I
made to the epidemiological model to simulate counterfactual vaccination and healthcare improve-
ment scenarios, and the integration of the economic model to assess the cost-effectiveness of such
interventions.

In this methods section, I focus on describing the mutually exclusive scenarios of the implemen-
tation of the 100-day mission I simulated in Kabwe, and the technical approach I followed to perform
my extended dominance analysis. The evaluation horizon was from March 2020 and September 2021.
For each scenario, the economic output assessed was the total cost of implementing the intervention,
from the health system’s perspective. The health outcome, on the other hand, was the number of
averted disability-adjusted life years (DALYs), compared to the factual (model-fitted) scenario as in
Chapter 5, at 22,536 (95%Crl 19,679 to 25,394).

6.2.1 Mutually exclusive intervention options

I considered a total of 180 mutually exclusive intervention option scenarios. I assumed the same cost
(Table 5.6) and vaccine efficacy (Table A3) parameters, the same probabilities of receiving outpatient
or hospital care and length of hospital stay parameters (Table 5.3), and calculated a lower and upper

plausible range for the ocWTP as in Chapter 5.
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Vaccination

During 2021, the first year of COVID-19 vaccines availability, the vaccination capacity of LICs
severely lagged behind that of higher income settings, many of which even began the roll-out of
booster doses by the autumn of 2021 (Figure 6.1) [28]. Despite all countries following an older-to-
young prioritisation of doses, policies on the minimum age for vaccines eligibility and the weekly
vaccination rate varied over time and geography (see Figure 5.3).

Many HICs, for example, initially targeted individuals aged 50 and older, and subsequently
included younger age groups as coverage targets were gradually achieved [28,215]. Their weekly
coverage rate capacity increased from a median of 9.5% (doses per-100 population-week, interquartile
range [IQR] 4.1 to 16.6) during the first quarter of 2021 to 143.2% (IQR 135.1 to 153.9) by the last
quarter of that year (Figure 6.1) [28]. In contrast to this, given the severe delays to the local
availability of vaccines LICs, the median weekly coverage rate was of only 0.1% (IQR 0 to 0.1) in
early 2021, increasing to 6% (IQR 4.4 to 7.8) by the end of the year (Figure 6.1) [28]. At the time
the population-level vaccination programme was rolled out in Zambia in late 2021, WHO guidelines

stipulated a minimum age eligibility of 12 years, which was followed locally [68,203].
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Figure 6.1: Factual vaccination capacity by quarter and income setting during 2021, the first full
year of COVID-19 vaccines availability. Points and lines correspond to the median and interquartile
range (IQR) of factual data aggregated by income setting, weighting by population size. The median
(IQR) vaccination rate (doses delivered per-100 population-week) during 2021 increased from 0.1
(0-0.1), 0.6 (0.2-1.4), 2.1 (0.8-3.6) and 9.5 (4.1-16.6), in Q1 in LICs, L-MICs, U-MICs and HICs,
respectively, to 6 (4.4-7.8) 63.3 (54.6-73.3), 141.4 (130.6-152.4) and 143.2 (135.1-153.9), respectively,
by Q4. Source of data [28].
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The disparities in weekly vaccination rates attained by different size economies were driven by
several factors. The COVAX initiative, launched before the approval of any vaccine candidate in
2020, was a global multilateral collaboration led by the WHO and CEPI to catalyse the equitable
access to COVID-19 vaccines [216]. However, advanced purchasing agreements (i.e. before vaccine
production began) put in place by HICs, the centralisation of vaccines manufacturing capacity, and
logistic constraints for the transportation of doses (e.g. cold chain requirements) were determinant
factors in delaying the availability of vaccines to LICs at the start of 2021 [42]. Furthermore, once
doses were available in LICs, limits in the operational capacities of local health systems to put ”jabs
to arms” forestalled the delivery of doses [42,68,208].

In light of the above real-world nuances of vaccination policies and capacities of LICs, I simu-

lated the following mutually exclusive vaccination interventions:

e Five roll-out scenarios, either without delay from CEPI’s 100-day mission, in early May 2020,

or at quarterly delays thereafter up to a year later

e Three weekly coverage rate scenarios, at 0.5%, 2.5% and 5% (doses per-100 population-week,

in line with the factual capacity of LICs attained by quarters two to four of 2021)

e Six scenarios of minimum age for vaccines eligibility, at 124, 20+, 30+, 404, 50+ and 65+

year-olds

As T presented in Chapter 5 (see Table 5.6), my assumed cost per-dose delivered represented
an average cost to the health system in Zambia across the first year of operations of its vaccination
programme [208]. Notably this estimate accounted for personnel salaries, investments in transporta-
tion and cold chain and community mobilisation campaigns, which were found to account for a large
proportion of the programme’s operational costs [208]. T thus did not assume any difference in costs
given time to roll-out or coverage rate. All the above 90 scenarios were simulated either in isola-
tion, as a vaccination only intervention, or as a combined vaccination and healthcare improvement
intervention, as I describe in the section below. It should be noted, however, that it is unlikely
the latter estimate accounted for upstream costs, such as vaccines research and development and

manufacturing investments.

Improved healthcare

In Chapter 4, T found that, the I F'R; of the first wave in Kabwe stood at a staggering 0.34% (95%CrI
0.19-0.51), almost three-times higher than what would have been expected given the very young age
distribution of the local population. In turn, my counterfactual analysis in Chapter 5, showed that

a decrease in the inferred levels of IFR; by 30%, given improvements in healthcare provisions for
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COVID-19 cases, would have been needed to observe the expected level of pandemic severity, if local

healthcare capacity had been comparable to other settings [92,119].

Here, the combined vaccination and healthcare scenarios I simulated accounted for this re-
duction in I F Ry, driven by a corresponding 30% increase in outpatient consultations and inpatient
admissions, as I described in Section 5.2.3. I maintained the assumptions of a linear decrease in [ F'R;
and increase in case-management over a period of 3 weeks and of fixed per-patient costs, regardless
of the time of implementation, which I further assumed to be the same as the time of vaccination

roll-out (see above).

6.2.2 Extended dominance analysis

A decision problem with multiple mutually exclusive interventions requires a comparative assessment
of the health and economic benefits of each, given all possible intervention pair combinations [217].
Extended dominance provides a methodology to perform such a comparison given the estimated

health benefits of the considered interventions and the cost of implementing them [218].

In this methodology, strongly dominated alternatives are those that are more costly and yield
less benefit than the compared alternative [218]. Such intervention should not be chosen, irrespective
of any WTP threshold, and are excluded from any subsequent analyses [217,218]. The remainder
of strategies can then be ranked according to their net cost and compared sequentially given their

incremental cost-effectiveness ratio (ICER) [217]

ICER = (Costy — Costy)/(Outcomey — Outcome ) (6.1)

where option 1 corresponds to the one with the lowest cost and option 2 the next more costly one.
Extensively dominated strategies, also known as weakly dominated, will be those with an ICER
(i.e. cost per unit of health benefit) greater than that of a more effective alternative [217,218].
The linear combination of the remainder dominant strategies forms an efficient frontier, which thus

represent the set of preferable, more effective options at a given budget [217].

To perform an extended dominance analysis, I calculated the median DALYs averted compared
to the factual baseline, and its total costs in 2022-USD, from the health system perspective, across 250
stochastic realisations (simulations) for each of the afore-described 180 interventions. Then, at each
possible implementation of CEPI’s 100-day mission for Kabwe (i.e. no delay to its implementation
or a 3-, 6-,9- or 12-month delay), I evaluated the presence of strong and weak (extended) dominance
across available intervention options. Lastly, I calculated the ICERs between the remaining, non-

dominated interventions, as above, to determine an effective frontier by delay window.
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6.2.3 Economic analysis uncertainty

When presented with sets of mutually exclusive interventions, decision makers will often aim to
maximise the net-monetary benefit (NMB) given their WTP threshold for each additional unit of
health benefit [219]. Choosing a strategy merely through the assessment of cost-effectiveness planes
(CEP), however, can lead to incorrect identifications of the intervention with the highest expected
NMB in the presence of high variance in modelled estimates (e.g. given parameter uncertainty or
stochastic variance) and/or similar cost-effectiveness ratios across strategies [219]. The calculation
of cost-effectiveness acceptability curve (CEAC) and, in particular, incremental NMB curves have
been proposed as means to clearly present and assess the impact of uncertainty in determining the
optimal intervention option [219].

My extended dominance analysis, as described above, was done on the median effect and costs
of the considered mutually exclusive interventions, as per accepted methods for it [217,218]. Thus, I
conducted an uncertainty analysis on the non-dominated interventions by assessing the median and
95%Crl of their CEP, CEAC and incremental NMB curves across stochastic realisations (n = 250)

by scenarios of delay from CEPI’s 100-day mission.

Cost-effectiveness planes

The CEP of mutually exclusive strategies ¢ is used to present the incremental cost AC; and effect
AFE;, compared to status quo, under uncertainty [217,219]. For each stochastic realisation of a

non-dominated intervention ¢ and a given delay scenario, I calculated these as

ACZ = Cz - Cfactual (62)

AE’L = Ez - Efactual (63)

where C; was the sum of total hospitalisation, outpatient consultation and vaccination costs (as-
suming parameters from Table 5.6), and E; the sum of DALYs averted, accrued across the entire
simulation window.

I contextualised the estimated CEP of the interventions against the ocWTP. As I noted in
Chapter 5, this represents the monetary threshold at which an intervention would result in one less
health-benefit unit as a result of diverting funds from other current-day health system interventions
[200]. Assuming the same parameters as in Table 5.9, I calculated a plausible range for the ocWTP
from $57.69 to $1,146.64 2020-USD per DALY-averted, or between 6% and 120% the GDPpc of
Zambia per DALY averted, respectively.
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Cost-effectiveness acceptability curves

The CEAC compares the probability of each mutually exclusive strategy ¢ being the one with the
highest NMB, given a range of WTP per-benefit values w as [217,219]

£~

CEAC(w) = - (6.4)

=l

where [; is the number of simulated iterations where intervention ¢ has the highest NMB and N the
total number of iterations [219]. Here, I considered a wider range of possible values of the WTP w,
including the aforementioned ocWTP thresholds, at between $0 and $2,294 2022-USD, 2-times the
GDPpc of Zambia. For example, if considering two interventions, x and y, the CEACs at a WTP of
0.5-times the GDPpc per DALY averted might show that  maximises the NMB in 30% of iterations
N and y the remaining 70%, a ratio that might then be either maintained or dynamically change at
different WTP thresholds.

Incremental net-monetary benefit

In the absence of further information, risk-neutral decision-makers might opt for options with the
highest CEAC (i.e. probability of maximising the NMB) at a chosen WTP value. However, high
model variance can bias the interpretability of the latter and, therefore, assessing uncertainty-
augmented incremental NMB lines should be considered instead [219].

Interventions that attain the highest incremental NMB with the lowest uncertainty at a given

WTP represent the optimal choice [219]. I thus estimated the incremental NMB N M B(w) as [219]
NMB(w) = wk; — C. (6.5)

To present model uncertainty around incremental values of NM B(w), I calculated the median
and 95% credible interval across stochastic realisations (n = 250) of each mutually exclusive inter-
vention i. As above, I considered a range of w between 0 and 2-times the GDPpc of Zambia per

DALY averted.

6.3 Results

6.3.1 Extended dominance analysis

At a roll-out without delay from CEPI’s 100-day mission, all intervention scenarios targeting indi-
viduals aged 40 or older with a weekly coverage of 2.5% of less were strongly dominated and, thus,

excluded from subsequent analyses. Conversely, a combined healthcare improvement and vaccination
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intervention targeting individuals aged 12+ with a 5% weekly coverage rate was never dominated
(Figure 6.2). Alas at delay windows of 9 months or greater, its incremental cost (with respect to
baseline, model-fitted outcomes) would have exceeded the lowest plausible ocWTP threshold of the
Kabwe health system. Such delays would, thus, have conditioned the consideration of more prag-
matic interventions within the non-dominated options in the efficient frontier. That is, interventions
with either a higher minimum age for vaccines eligibility and/or a vaccination-only strategy, instead

of a combined one (Figure 6.2).

If rolled-out in May 2020, without delay from the 100-day mission, interventions targeting
individuals aged 124, 20+ or 30+ with a 5% coverage, either as vaccination-only or combined,
formed the efficient frontier (Figure 6.2). For the case of the former two age-eligibility options, the
model inferred there would not have been a significant difference in DALYs averted or total costs
if rolled-out as a combined or vaccination-only intervention. For instance, a combined intervention
targeting 124 year-olds would have averted 21,983 (95%Crl 18,829 to 24,732) DALYSs, compared to
21,794 (95%CrI 18,504 to 24,775) with a vaccination only one. The total costs to the health system
of these intervention would have been of $1.99m (95%Crl 1.92 to 2.09) and $1.97m (95%CrI 1.92 to
2.06) 2020-USD, respectively (Figure 6.2).

Progressive delays windows, however, would have reduced the efficacy or any intervention at
averting DALY's and increased its total costs. At a 6-, 9- and 12-month delay from CEPI’s 100-day
mission, the health impact of the above combined intervention targeting 12+ year-olds at 5% weekly
coverage would have progressively decreased, averting approximately 94% (20,637, 95%CrI 17,460
to 23,415), 90% (19,707, 95%CrI 16,481 to 22,258), 72% (15,736, 95%Crl 12,112 to 18,971) and
56% (12,223, 95%Crl 7,434 to 16,058) of the DALYs burden, respectively, compared to the no-delay
scenario (Figure B33). In turn, its total costs would have increased by 1.1-times ($2.22m, 95%Crl
2.03 to 2.42), 1.2-times ($2.41, 95%CrI 2.29 to 2.61), 1.5-times ($3.06, 95%CrI 2.69 to 3.33) and
1.7-times ($3.42, 95%CrI 3.19 to 3.84), respectively (Figure B34).

Whilst at a 6-month or shorter delay window this combined intervention would have been cost-
effective, delays of 9 months or longer would have pushed its ICER with respect to factual (model-
fitted) outcomes beyond the lowest ocWTP threshold of the health system in Kabwe (Figure B35
and Table B7). The next non-dominated options with a median incremental cost below the lowest
ocWTP threshold at 9-month and 12-month delay windows would have been a combined healthcare
improvement and vaccination intervention with 5% weekly coverage targeting 20+ and 40+ year-olds,
respectively (Figure B35). These interventions would have still averted 15,546 (95%Crl 11,877 to
17,695) and 10,918 (95%CrI 5,538 to 15,549) DALY, respectively, at a total cost of $2.51m (95%Crl
2.32 to 2.74) and $2.19m (95%CrI 1.89 to 2.57) 2020-USD, respectively (Figure 6.2).

The health impact and total cost of the remaining options in the efficient frontier, particularly
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at the longer delay windows, was highly uncertain (Table B7). For example in the 12-month delay
window, a combined and a vaccination-only intervention targeting 50+ year-olds at a 5% weekly
coverage - which formed the lower tail of the efficient frontier - would have averted 9,855 (95%CrI
5,562 to 15,065) and 4,917 (95%CrI -3,031 to 11,926) DALY, respectively, at a total cost of $2.06m
(95%CrlI 1.68 to 2.44) and $1.74m (95%CrI 1.41 to 2.11) 2020-USD, respectively.
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Figure 6.2: Efficient frontier and dominance planes of modelled interventions by delay to roll-out from
CEPT’s 100-day mission. The interventions considered the implementation of COVID-19 vaccination
only vs. vaccination and healthcare improvement in May 2020 in Kabwe, Zambia as per CEPI’s 100-
day mission as the (No delay) scenario, or at quarterly delays up to a year thereafter. The Y-axis
reflects the median total cost of implementing the interventions. Strongly dominated interventions
were those with yielding a lower benefit at a higher cost than compared other alternatives and were
thus excluded from further analyses. Remaining interventions were ranked by total cost and ICERs
were sequentially calculated for the one with the lowest cost and its immediate neighbour. Weakly
dominated interventions were, thus, those with an ICER greater than that of a more effective
alternative, with the interventions that were not dominated forming the efficient frontier.

6.3.2 Uncertainty analysis of non-dominated interventions

The calculation of extended dominance and the efficient frontier by delay window, as above, only
accounted for the median effect and cost of the interventions. Greater delay windows and the
choice of more pragmatic options drove higher uncertainty in modelled outcomes. High variance
in model estimates and/or similar cost-effectiveness ratios across interventions can lead to incorrect
identifications of the options with the highest NMB [219]. Thus, to further account for the effects
of such uncertainty in assessing optimal (non-dominated) intervention options by delay windows, I
estimated the CEP, CEAC and incremental NMB of each intervention.

In Chapter 5 (section 5.3.2), I estimated the factual (model-fitted) total burden of DALYs
and costs to the health system at 22,536 (95%CrI 19,679 to 25,394) and $1.79m (95%CrI 1.61-1.91)
2020-USD, respectively. Compared to this baseline, the CEPs (Figure 6.3A) indeed showed a high

variance in outcomes, particularly with regards to DALY's averted at longer delay windows. It should
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be noted all economic model parameters were fixed, as described in the methods section, and so this
uncertainty solely reflects the epidemiological uncertainty (variance given posterior distribution of

fitted parameters) across stochastic model realisations (n = 250 per intervention).
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Figure 6.3: A) Cost-effectiveness uncertainty clouds and B) cost-effectiveness acceptability curves
of non-dominated COVID-19 mitigation interventions in Kabwe, Zambia (from Figure 6.2) by delay
scenarios, at either No delay from CEPI’s 100-day mission (May 2020) or quarterly delays up to a
year thereafter. In A), axes reflect DALYs averted (in thousands) and incremental costs (2020-USD
in thousands) from the health system’s perspective, with respect to the baseline factual (model-fitted)
DALYs and costs, at 26,417.98 (95%CrI 23,789.45-29,908.77) and $1.84m (95%Crl 1.73-1.97) 2020-
USD, respectively, as presented in Chapter 5, section 5.3.2. In B), risk-neutral decision-makers might
opt for the (mutually exclusive) intervention with the highest probability of attaining the highest
NMB (Y-axis) given their WTP (X-axis), in the absence of further information (e.g. incremental

NMB, as in Figure 6.4) [219].

I find that the high variance in modelled outputs indeed biased the interpretability of the
CEACs, with varying implications given the assumed delay window (Figure 6.3B). At no delay
(Figure 6.2, left-most panel), for instance, the four intervention options that were never dominated,

and therefore considered here, were: two combined ones targeting either 12+ or 204, and two
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vaccination-only ones targeting 20+ or 30+ year-olds, all at 5% weekly coverage.

The CEACs show that the vaccination-only intervention targeting 304 year-olds attained the
highest probability of maximising the NMB within a range of the ocWTP threshold between $0 and
$580 2020-USD per-DALY averted (Figure 6.3B, left-most panel). Beyond this point, the combined
intervention targeting 20+ year-olds emerged as the option with the highest probability of maximising
the NMB, plateauing at around a 31% probability. These estimated CEACs, however, were contrasted
by the respective incremental NMB lines (Figure 6.4), which showed that the combined intervention
targeting 12+ with 5% weekly coverage was, in fact, yielded a similar NMB, albeit with the lowest
(narrowest) uncertainty. For instance, at no delay, the model estimated that the incremental NMB of
the combined intervention targeting 12+ or 20+ year-olds would have been of $1.11m (0.79 to 1.42)
and $1.61m (95%Crl 0.12 to 1.96) 2020-USD at the lowest ocWTP value, and of $24.96m (21.34
to 28.33) and $25.0m (95%CrI 17.3 to 28.6) at the highest ocWTP value, respectively (Figure 6.4,
left-most column).

Progressively longer delays were associated with greater uncertainty in modelled outcomes
across considered, non-dominated interventions (Figure 6.3A two right-most panels, ans Figure 6.4
right-most columns). This yielded, in turn, a greater overlap in the CEACs rendering their inter-
pretability more difficult, which was partly resolved by the assessment of the respective incremental
NMB lines. At a 9-month delay window, for example, it was evident that the more pragmatic inter-
vention options had very high uncertainty and, in turn, combined interventions targeting 12+, 20+
or 30+ at 5% weekly coverage would have been preferable across the entire range of WTP values

(Figure 6.4, penultimate panels column from left to right).

6.4 Discussion

In this chapter I have performed a robust accounting of the uncertainty behind a comprehensive
range of plausible (hypothetical) implementations of CEPI’s 100-day mission during the COVID-19
pandemic in an LIC setting by assessing their CEP, CEAC and incremental NMB, which had been
missing from the literature in this field of research. In doing so, I have unpicked key nuances and
drivers of uncertainty in the formulation of optimal pandemic mitigation strategies in Kabwe, had
CEPT’s 100-day mission [194] been in place and achieved with the emergence of SARS-CoV-2. My
results thus provide critical novel insights and actionable evidence of the plausible implications of
such global pandemic preparedness agreements for LIC settings going forward.

During the evaluation horizon of March 2020 to September 2021 in Kabwe, the COVID-19
pandemic imposed as disproportionately higher local burden compared to higher income settings.

This was likely accentuated by the constrained and delayed healthcare and vaccination capacity
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Figure 6.4: Incremental net-monetary benefit lines of non-dominated interventions implemented in
May 2020 in Kabwe, Zambia as per CEPI’s 100-day mission (No delay), or at quarterly delays up
to a year thereafter, and by minimum age for vaccine eligibility. Solid and dotted lines present the
estimated median NMB and shaded areas its 95%Crl given the variance across stochastic model
realisations (n = 250 per-intervention). Under high uncertainty, risk-neutral decision-makers will
favour the (mutually exclusive) intervention that attains the highest incremental NMB (Y-axis) with
the lowest (narrowest) uncertainty at a given WTP (X-axis) [219]. This analysis is complementary
to the CEP and CEAC in Figure 6.3.

locally (Chapter 4 and Chapter 5). I found that delays to the local implementation of CEPI’s
100-day mission in Kabwe, had it been in place when SARS-CoV-2 emerged, would have severely
undermined its potential health and economic benefits. Rolling out the most ambitious intervention
option I considered here (combined improved healthcare leading to a 30% decrease in the pandemic
IFR;, and vaccination targeting 12+ year-olds at a 5% weekly coverage) by May 2020, without
delay from CEPI’s 100-day mission, would have averted approximately 93% (24,545, 95%CrI 20,068
to 27,646) of the estimated baseline (model-fitted) burden of accrued DALYs. With delays to its roll-

out, however, the burden of DALYs averted by this intervention would have progressively decreased
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to approximately 44% (11,539, 95%Crl 5,953 to 15,738) only at a 12-month delay. This adverse effect
on estimated health impact was more pronounced for more pragmatic intervention options with a
higher minimum age for vaccine eligibility, lower coverage or vaccination-only without improved
healthcare. Such delays would have had an even more deleterious effect on the economic outcomes
of the interventions. Compared to baseline (model-fitted) accrued costs, implementing the same
comprehensive intervention as above without delay would have come at an incremental cost of $0.25m
2020-USD only (95%CrI 0.11 to 0.44), but soared to an over 6-times greater cost, at $1.67m (95%Crl
1.42 to 2.17), given a 12-month delay.

My analysis further highlighted nuanced non-linearities when it comes to assessing optimal
pandemic mitigation interventions under uncertainty, more so at the lowest WTP values which
health systems of LICs are confined to [198-200]. On the one hand, at no delay from the 100-day
mission, I estimated the efficient frontier was, rather intuitively, formed by interventions targeting
individuals aged 124 and 20+, either as vaccination-only or combined with improved healthcare,
and a vaccination-only one targeting either 204 or 30+ year-olds, all with a 5% weekly coverage.
All of these interventions would have had an incremental cost below the lowest ocWTP threshold
of the health system in Kabwe and, thus, would have been affordable. On the other hand, at a 9-
month and 12-month delay window, the non-dominated options remaining below the lowest ocWTP
threshold would have been a combined healthcare improvement and vaccination intervention with 5%
weekly coverage targeting 20+ and 40+ year-olds, respectively. When considering solely their CEP
and CEAC, the (arguably more pragmatic) intervention options targeting older individuals at each of
these delays window would have appeared to be optimal choices under the severe economic constraints
typical of LICs. Namely, they would have been cheaper than the more comprehensive counterparts
(i.e. with wider age-eligibility) and, within the lower spectrum of WTP values considered, would
have had the highest probability of maximising the expected NMB. However, the higher uncertainty
associated with of longer delay windows and the modelling of pragmatic options drove a significantly
higher variance in estimated health and economic outcomes, thus biasing the interpretability of
the CEPs and CEACs. My further assessment of incremental NMB lines, in such instances, clearly
showed that the (most comprehensive) combined intervention targeting 12+ with 5% weekly coverage
was not only the most likely one to maximise the NMB across the entire range of WTP values

considered, but was also the one with the lowest uncertainty.

In my analysis herein, I intended to comprehensively account for many real-world nuances
around what would have been the decision problem of an optimal implementation of CEPI's 100-
day mission in an LIC setting. However, my analysis still has several limitations. Firstly, the
lack of access to cause- and age-specific mortality and COVID-19 healthcare data (e.g. admissions,

occupancy), as well as granular cost data for Kabwe, as discussed in Chapter 5, are also relevant
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to my extended dominance analysis herein. Such data constraints limited my model’s performance
to estimate the health and economic benefit of the simulated interventions. Informed by up-to-date
methodological approaches in the analysis of extended dominance under uncertainty [198-200,217,
219], however, I minimised the impact of such limitations on my results by estimating of CEP, CEAC
and incremental NMB curves of all 180 interventions considered across a comprehensive range of
WTP values. Surveillance data availability limitations were generalised across resource-constrained
settings during the COVID-19 pandemic [71]. My work demonstrates how advanced analytics can be
judiciously used to assess optimal pandemic mitigation strategies even under high uncertainty from
surveillance data limitations.

Secondly, across all simulated scenarios I assumed no changes in the fitted contact rate change
scaling function 5(t). It is possible that, under an earlier vaccination and healthcare improvement
situation, the contact rates in Kabwe would have differed given official social distancing policies
and population behaviour. Therefore, the simulated interventions can only represent what could
have been assuming only changes in vaccination and healthcare for COVID-19 cases. Assessing
how behavioural and social distancing policies affect the latter, however, lied outside the scope
of my analysis. For the case of future pandemic preparedness, the transmissibility and severity
characteristics of emerging pathogens will need to be carefully considered in context with evidence
on the efficacy of pharmacological interventions, including vaccines, to weight in the role of social
distancing measures.

Lastly, my results are relevant to the health system in Kabwe and other LIC settings with
similar age distribution and healthcare provision. Similar analyses in other resource constrained
settings with different population composition and healthcare characteristics are urgently needed to
ensure future pandemic preparedness plans are adequately tailored to achieve positive health and

economic outcomes.

6.5 Conclusion

A hallmark of the pandemic response in LIC settings was a limited and delays access to COVID-19
vaccines and basic healthcare commodities [42,71], which forced decision-makers and frontline health
workers to making pragmatic decisions when triaging available resources [42]. My results provide a
strong indication that long delays to the implementation of emerging pandemic mitigation interven-
tions must be avoided, more so for the case of LIC settings with severely constrained health systems.
Nuances around the implications of vaccination roll-out policies, like the minimum age eligibility and
vaccination rate, need to be carefully considered given delays to their availability. The methodology

I have presented herein opens up avenues for exploring how to weight such considerations and opti-
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mise response strategies in LICs, regardless of surveillance data and health system response capacity
constraints. Going forward, it will be paramount that such nuances are accounted for by decision

makers when considering local and global pandemic preparedness plans.
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Chapter 7

Discussion

7.1 Summary of key findings & limitations

During my PhD, I sought to develop a parametric method to quantify the intrinsic and effective

drivers of transmissibility and severity of outbreak dynamics. My further aims were to:

1. Conduct two case studies of the applied use of my approach with SARS-CoV-2 surveillance
data: a) one with the rich data from England; and b) another with parsimonious data from

Kabwe, Zambia

2. Demonstrate how a more systematic approach to assessing the transmissibility and severity of

SARS-CoV-2 could reveal novel insights into:

e For the case of England, i) the intrinsic transmissibility and severity of different vari-
ants; and ii) the specific contributing factor of NPIs, population immunity and healthcare

ecosystem on variant-specific and overall pandemic transmissibility and severity.

e For the case of Kabwe: i) the likely true burden of COVID-19 in a setting with a near-
unmitigated pandemic; ii) an indication of the effect of limited and delayed vaccination

and healthcare on the burden of the pandemic.

3. Demonstrate how accounting for the epidemiological nuances of transmission and severity can
aid in optimising public-health decisions during an outbreak response under severe resource

constraints.

In Chapters 2 and 3, I presented how I developed my parametric method based off the advanced
mathematical model of SARS-CoV-2 transmission developed by the ICL-RTM team to inform the
UK’s COVID-19 response. I found that the Ry of each variant in succession reflected its intrinsic

transmissibility properties, and quantified the effect of NPIs and population immunity on the latter
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to shape the dynamics of COVID-19 transmission across waves. I further showed that the I F'Ry (and
all other severity metrics) of the variants was extremely sensitive to changes in healthcare provisions
and population immunity. I highlighted that the breadth and depth of epidemiological surveillance
in England were an enabling factor to perform this analysis, whilst acknowledging the strengths and
limitations of the data throughout. Furthermore, I emphasised that it was this granularity of data
that became a limitation for the applicability of many advanced analytics to settings with lesser

surveillance capacity.

In Chapter 4, I studied how those limitations can be addressed through collaborative ap-
proaches to the development of outbreak analytics. I thus demonstrated that, after a short-lived
reduction of contact rates as a result of NPIs in early to mid-2020, SARS-CoV-2 transmission was
largely unmitigated in Kabwe, as the efficacy of subsequent NPIs was limited and vaccination at the
population-level unavailable until late 2021. I further found that the severity of the local pandemic
was higher than expected, likely due to constraints in healthcare provisions which, in turn, led to an

excess mortality rate that was among the highest in the region.

In Chapter 5 I expanded on my analysis of the pandemic in Kabwe to assess how the coun-
terfactual trajectory of the pandemic would have been under vaccination and healthcare provisions
similar to those achieved by higher income settings. I demonstrated that the majority of the burden
of the pandemic could have been avoided with the access to vaccines at the same time and with
the same capacity as in HICs. Yet, given the length of the evaluation horizon considered by policy
makers and their ocWTP threshold, implementing such an ambitious vaccination intervention might
not have been cost-effective for the health system in Kabwe, but optimal healthcare improvements

might have been.

Lastly, in Chapter 6 I proved how, if CEPI’s 100-day mission had it been in place and achieved
when SARS-CoV-2 emerged, the use of the analytic method I developed would have been of critical
value to optimise its adoption in settings like Kabwe. My analysis gave a strong indication that an
optimal implementation of the mission in Kabwe would have almost completely mitigated the local
COVID-19 pandemic, and would have been highly cost-effective to the local health system. I further
showed that delays to the implementation of the mission would have not only severely undermined
its health benefits but likely make its implementation not cost-effective. Across the comprehensive
range of (mutually exclusive) implementations of the mission I simulated, T unpicked the key drivers
of epidemiological and economic uncertainty of their implementation, making a strong case of the
critical need of advanced analytics from resource limited settings towards formulating more equitable

global preparedness plans going forward.

Model-based epidemiological studies have been, and will remain, central to inferring how the

unobserved social and biological processes behind the above factors ultimately drive the ‘observable’
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transmissibility and severity dynamics of an outbreak, and the likely effect of control measures [117].
However, as I found along the course of my research, three overarching limitations emerged across the
different analyses I undertook, which will be relevant to development of future model-based outbreak
analytic techniques.

Firstly, developing robust transmission modelling frameworks is a highly involved process.
Beyond considerable technical expertise, it requires a holistic knowledge of the available surveillance
data and the context under which it is collected. Whilst I strived to account for the many data
limitations in my analyses at the time I conducted them, there were critical issues that my modelling
approach could not overcome when the data to inform them was sub-optimal and/or insufficient.

Secondly, beyond the specific drivers I looked into, there is a myriad of other interrelated
and/or complex biological and social drivers of transmissibility and severity. Of these, for example,
my modelling approach did not account for detailed correlates of immune cross-protection, including
individual-level neutralising antibodies and different waning rates in protection to specific variants
and/or clinical severity end-points. Accounting for these and many other factors was outside of
the scope of my work and, presently, lies outside of the technical capacity of available model-based
inference techniques.

Thirdly, and related to the last point, the cross-discipline integration of modelling techniques
adds another layer of technical challenges, with which come many additional modelling uncertainties.
In the case of my analyses, this involved the integration of epidemiological and economic modelling
methods, a process that demanded a thoughtful consideration of the uncertainties in each method
separately (e.g. simplifying assumptions, data limitations) and uncertainty feedbacks across them.

In the following sections, I contextualise the above key findings and limitations of my work
within relevant current literature, and signal avenues for future research into the development of mod-
elling analytics to exploit surveillance data and inform response strategies to present and outbreak

emergencies.

7.2 On the need for a holistic strengthening of surveillance

systems

”... random sampling will cost, but bad information is expensive too.” - Dean, N. 2022 [4]
Recurrent policy questions over the course of an outbreak include whether it is being caused

by a novel/re-emergent pathogen or a new variant of an existing pathogen, what are its transmissi-

bility and severity characteristics, how to monitor it and what control interventions are needed [71].

Answering all these questions, and others of both scientific and public health value, requires the use
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of epidemiological intelligence (EI) systems, the cyclic process of conducting surveillance and ana-
lytics to monitor and respond to outbreak emergencies [71]. At the very foundation of this EI cycle,
thus, lies the availability of locally contextualised, representative, timely and reliable epidemiological

surveillance systems [71].

I have made reference to the several surveillance shortcomings that gave way to the, now
debunked, ‘African paradox’ [61] and, conversely, to how England was an example of robust pandemic
surveillance [3,4]. However, it is also true that the COVID-19 pandemic made evident the many

limitations in the surveillance systems of even the most data- and expertise-rich settings [220].

In the US, Europe and the UK, EI frameworks were proposed and widely adopted in the
2000’s as means to strengthen preparedness to future epidemic threats [221-223]. In short, what
these frameworks stipulated was the establishment and continuous monitoring of indicator-based and
event-based surveillance systems, whereby the former included monitoring local routine data streams
(e.g. healthcare, agricultural and animal health data) and the latter monitoring international and
unconventional (e.g. media reports) data streams [221]. It is now known, however, that these EI
systems had several critical failures. Recent analyses and independent inquiries have found that EI
practitioners in both public health agencies and academic groups experienced significant, systematic
challenges in accessing reliable data in a timely manner to conduct analytics throughout the COVID-
19 pandemic, and that policy-makers failed to act upon independent analytics and scientific advice
in a timely manner [222-224]. Specific constraints included structural inadequacies in surveillance

systems and data-access restrictions of political, legal and/or economic nature [222-224].

Prior to my PhD, I conducted one of the earliest clinical cohort studies looking into the drivers
of COVID-19 disease severity [225]. Prevalent pandemic misinformation myths in the UK and other
HICs at the time included that individuals dying from COVID-19 were only those with extreme
clinical vulnerability and who already had a short life expectancy, that the surges in clinical demand
were akin to those of a ‘bad flu season’, or that everyone was at equal risk of severe disease or death
from COVID-19 [226]. My study and similar contemporary ones helped to (gradually) debunk these
myths. Yet, from my own experience and that of other clinical researchers in the UK, Europe and US
I was in touch with at the time, automated health information systems at the start of the pandemic
were inadequate for such analyses. Conducting them amidst the first pandemic wave instead was
a time-consuming endeavour, where teams of frontline clinical staff manually collected anonymised
linelist data into secure, closed-sever databases within hospitals. Alas, it was during this time that
many of the above myths emerged and gained mainstream media traction [226]. Ultimately, when
our analyses were completed and made public, we demonstrated that several biologic and socio-
demographic factors in fact determined a heterogeneous risks to severe COVID-19 outcomes, that

ethnic minorities were disproportionately affected despite a younger age at hospital presentation
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and that hospital pressures had in fact increased and reasons for attendance shifted compared to
pre-pandemic levels [225,227-231].

The noxious cycle of paucity of timely EI and emergence of misinformation was, therefore,
not restricted to LMIC settings. Further to my own experience with the shortfalls of epidemiological
surveillance in HICs, there was a widespread notion that the COVID-19 pandemic was not dispropor-
tionately affecting resource-limited settings [232]. This came about as a result of basic analyses done
with the use of case-based official surveillance systems across several countries which, at face value,
gave the false impression that HICs had a higher per-capita mortality rate compared to LMICs [232].
Regrettably, this erroneous belief, along with the ‘African paradox’ myth, prevailed until well into
2022, when more nuanced analyses began to shed light into the devastating extent of the pandemic
burden in LMICs [90,91,93, 129, 233].

The work I summarised in this thesis, by virtue of being retrospective, had the enormous benefit
of hindsight. By the time I began my PhD, the England surveillance data streams I had access to
had been streamlined. Similarly, Zambart and the ZNPHI in Zambia had already collected the data
that I would later rely on. Moreover, I had accumulated a wealth of relevant experience, from how
to collect and clean surveillance data to extensive secondary use of it in basic statistical analyses and
the development of advanced modelling analytics. Still, I faced several limitations given the type of
surveillance data I had access to, or lack thereof, which I could not overcome within the scope of my
PhD project. For the case of better preparedness to epidemic threats, it is issues like this that beg

the question of where does the balance lie in terms of strengthening surveillance and EI systems?

7.2.1 Strengthening surveillance-rich systems

In England, the ONS and REACT-1 studies were praised as examples of random sample-based,
representative infection prevalence surveys [4]. As I summarised in Section 1.1, these co-existed
with the UK Government’s flagship community-based, universal PCR testing Pillar 2 programme
which, in turn, benefited from daily random genomic sequencing of test-positive cases, and linked
hospital, deaths and vaccination data streams [3]. I, however, found systematic discrepancies among
data streams which were hard to reconcile, even with the use of the state-of-the-art transmission
modelling framework at my disposal.

For one, there were critical periods of the pandemic in England where a fast succession of NPI
changes (and likely of evolving test-seeking behaviours in the population) occurred over short periods
of time, notably during the winter of 2020/21, summer of 2021 and winter of 2021 /22. Although the
model captured overall trends very well, it was evident it struggled to reconcile these data streams
during such critical periods (Figure 7.1), albeit it should be noted all were weighted equally in the

marginal log-likelihood calculation (Section 3.2.2). Additionally, I performed a series of comparisons
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of key modelled trajectories to data that I did not fit the model to, which brought additional dis-
crepancies to the foreground (Appendix A.7). In particular, whilst the model performed reasonably
well at recovering hospital admissions and deaths by vaccination status, and the age distribution
of the case-mix of hospitalisations and deaths (Figures A85 to A87), there was considerable model
uncertainty in the trajectories of the HF R, by NHS England region (Figure A88), most notably
during the period of Alpha and Delta circulation (circa September 2020 to November 2021).
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Figure 7.1: Comparison of my model’s fit to data from REACT-1, ONS and Pillar 2 during the
study period of my analysis in England (Chapter 3). The model was fitted independently for each
NHS England region; for demonstrative purposes, panels only show a comparison of the modelled
trajectory for London. It should further be noted that the model was fitted to age-disaggregated
REACT-1 and Pillar 2 data, and all-ages aggregated data for ONS. Only aggregated trajectories are
shown. For the full fitted trajectories, see Appendix A .4.
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Exploring systematic data biases and drivers of model uncertainty around hospital trajectories,
however, lied outside of the scope of my PhD. Such issues have been partially addressed by other
studies. Infection-survey data, when well conducted, constitutes a gold standard for the study of
community level transmission, albeit their lagged nature limits their utility during real-time analyses
[117]. To this end, symptomatic case data has been traditionally employed [74]. For the case of
Pillar 2 data, though, an analysis that pre-dated my PhD work demonstrated that, in isolation,
it led to biased estimates of transmissibility [234]. Less-resource intensive approaches have been
proposed as potential alternatives to overcome the above limitations. In particular, digital contact
tracing apps in England have been proposed as non-lagged leading indicator of disease transmission
with reliability (spearman statistic correlation) comparable to the gold-standard of random sample-
based infection surveys [235,236]. Unpublished work by an MRes student at Imperial College, who
was supervised by leading researchers of the ICL-RTM team, looked at reproducing my analysis in
Chapter 3 whilst systematically exploring the information loss (Kullback-Leibler divergence) when
parametrically estimating the basic and effective variant-specific severity metrics as defined by myself
(IHR, HFR and IFR), with and without specific data streams. It was thus found that, whilst VAM,
hospital admission, Pillar 2 and general bed occupancy data were most informative for severity

indicators, fitting the model to data from the ONS, REACT-1, seroprevalence (blood donors) and
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ICU occupancy did not contribute to information loss and thus might have been less relevant for
this purpose (unpublished MRes thesis by Huang, Yilei, 2024). It should be, once again, noted
that during my analysis, I found that VAM data was not representative of the complete spectrum
of disease severity. When linking VAM to hospitalisations and deaths linelists I, instead, found
systematic discrepancies in total missing records by NHS regions (i.e. thus not allowing a linkage
of databases) and a bias towards more severe cases being represented in records with full-linkage
(unpublished analysis, data not publicly available).

Over its lifetime, the ONS infection survey collected approximately 11 million swabs and 3
million blood samples [237]. Yet, to the best of my knowledge, the accrued costs of this or other
COVID-19 surveillance surveillance activities in England is not known. Official estimates by the UK
Government have calculated that, as of March 2022, a total of £311 billion (or £4,631 per-person)
were spent in ‘pandemic-related support measures’ across the UK, of which £96.7 billion were spent
in the Health and Social Care sector [238]. There is, thus, an urgent need to direct further research
into the strengthening of surveillance data in resource-rich settings. Specific areas of research must
include holistic approaches for a fast-track integration of multiple data streams into ready-to-use
pipelines; the assessment of potentially less-costly, scalable surveillance options as leading indicators
of transmission for real-time analytics; and value of information analyses of the relative contribution
of transmission, impact (severity) and genomic surveillance data streams for said analytics of value

in public health decision-making.

7.2.2 Strengthening surveillance-limited systems

For the case of my analysis in Kabwe, the landscape of available surveillance data was markedly
different. As I have made reference to in this thesis, much like the case of other LIC settings
[42], Kabwe suffered from severe constraints to conduct real-time surveillance during the COVID-19
pandemic.

Beyond the limitations this imposed on my ability to perform inference, as detailed above,
deriving meaningful inference from the available seroprevalence and all-cause mortality data required
adopting fixed parameters and assumptions from my England analysis and/or relevant literature (see
Figures B5 to B8). Whilst this is a common approach in modelling-based analytics, in all likelihood,
this would been a critical bottleneck to performing my analysis or similar in near real-time in a
setting like Kabwe. Conducting an in-depth analysis of the impact of alternative assumptions on
information loss or comparing different analytic inference methods was completely outside of the
scope of my work. Again, what other analyses have shown on this topic, though, is that for settings
where traditional surveillance data streams are limited, triangulating multiple non-traditional data

sources such as burial site worker reports, satellite imagery of cemeteries and social media-conducted
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infection surveys can be an alternative to inform real-time epidemiological assessments [93,239].
The costs of conducting representative, random sample-based surveillance during the COVID-
19 pandemic in settings with severe resource constraints were prohibitively high [240,241]. Relatedly,
with landmark initiatives now well underway to strengthen vital registration systems and surveil-
lance systems across LMICs [213,242], calls have been made to trial the integration of unsupervised
machine-learning methods into emerging surveillance data streams [159,243]. All this underscores the
case for thoroughly considering where the balance lies into what is sufficient vs too little surveillance.
In particular, further research into the strengthening of surveillance data in resource-limited settings
should focus on holistic approaches for integrating traditional and non-traditional epidemiological
surveillance; fast-track integration of these data into ready-to-use pipelines; and value of information
analyses of the relative contribution of both traditional and non-traditional data sources, with a
robust accounting for their uncertainties and biases, when employing them to address policy-relevant

questions during outbreak emergencies.

7.3 On the need for collaborative approaches to the devel-
opment of outbreak analytics

The work I conducted during my PhD demonstrates that exploiting surveillance data to derive
granular epidemiological insights during an outbreak response and robustly estimate the impact
and optimisation of response strategies requires more holistic analytic approaches to surveillance
data generation and usage. Moreover, such a holistic approach requires embedding the design and
development of the analytic tools that make use of these data within efforts to strengthen surveillance.

Prior to my PhD, the experience of working alongside frontline clinicians to analyse the clinical
drivers of severe COVID-19 outcomes informed the need to adapt the ICL-RTM modelling framework.
When [ joined the real-time modelling team in September 2020 (a year prior to beginning my PhD
project) one of the tasks I was responsible for was to integrate such knowledge in order to better
account for the drivers of population-level severity. Key adaptations that I, thus, performed then
included a capacity to recover (fit to) age-specific infection, hospitalisation and deaths data (see
Figures A20 to A56). Furthermore, whilst performing my PhD analysis in England, I found that
having access to a wealth of surveillance data enabled me to explore different possibilities for fitting
my model to and develop my parametric calculations. Some of such technical experimentations
led to innovations that trickled back into the real-time model in use by the ICL-RTM team and,
thus, into analytic reports submitted to SPI-M-O and SAGE. Increasing analytic skills at this level,
whether individually and/or collectively, in order to foster innovation is time-demanding [224] and,

thus, cannot be considered a sustainable approach to advancing outbreak sciences [159,224).
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Relatedly, to conduct my analyses of the pandemic in Kabwe, I spent a total of six weeks in
Zambia between September 2022 and March 2024. This began with a 10-day workshop on outbreak
analytics in Lusaka, which I led in collaboration with Zambart and the London School of Hygiene
and Tropical Medicine [244]. Participants included academic and public health researchers from the
TREATS COVID study team, Zambart, the University of Zambia, Kabwe District Health Office
and the ZNPHI. Beyond strengthening capacity in the use of model-based analytics, the workshop
organically led to the research collaboration that defined the latter two thirds of my PhD. Over the
course of several months, we followed a systematic approach with collaborators to identify available
data, analysing its quality and completeness and set research priority questions that we could answer
with the modelling framework I was developing in parallel. Along the way, I had the opportunity to
speak to several stakeholders, from national public health officials to frontline healthcare personnel,
visit the community, health facilities and mortuaries in Kabwe from which the data was collected, and
was invited to attend policy meetings where strategic plans to strengthen epidemiological surveillance
in Zambia and the Southern Africa region were discussed.

These experiences were invaluable to allow myself and my collaborators to contextualise the
many strengths and limitations of the available surveillance data. Furthermore, it was essential
to allow me to develop my modelling framework (Chapter 4) in context with those data and the
research and policy questions formulated by the team. This type of collaborative experience to
conduct retrospective COVID-19 pandemic analyses was not unique to my PhD. Along the course
of my own work, I got to speak to several other researchers who followed similarly collaborative
approaches to develop or adapt model-based analytics to LMICs, all with a similar common objective:
to retrospectively infer the likely true dynamics and impact of the pandemic in resource-limited
settings [91,93,95,121,132,206,245,246]. As my work has further demonstrated, however, looking at
the pandemic in hindsight is not nearly enough. Rather, key epidemiological learnings from it must
be put in the context of striving for improved, more equitable response interventions.

There is thus a need for systematic efforts to harness and innovate on the technical learnings

made in the field of real-time outbreak analytics during the COVID-19 pandemic, in light of:

e the common policy questions they need to answer,
e the many strengths and limitations of surveillance systems,

e and the implications of future preparedness accords for settings in all geographic and income

classifications.

Indeed, fostering cross-institution and/or multi-national EI collaborations, strengthening tra-

ditional and non-traditional surveillance, adopting scalable data collection approaches and increas-
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ing analytic capacity to innovate in holistic approaches are all recurring themes of recent analy-
ses [132,247], lessons learnt workshops and surveys [159,224], public inquiries [222,223] and expert
opinion pieces [4,42,71,117,220,243]. Beyond this, though, international collaborative networks of
academic and public health institutions in HIC and LMIC settings must be fostered in order to allow
the co-development of future outbreak analytic innovations [242], which is urgently needed towards

global preparedness equality.

7.4 On the host-pathogen-environment relationship and real-

time outbreak analytics

‘A model should be suited to its purpose... [it] should concentrate on the characteristics that are of
interest while simplifying all others... [it] should provide a comprehensive picture of the full
dynamics, and include all the relevant features of the disease and host, although determining which
factors are relevant and which may be safely ignored is a complex and skilled process.” - Keeling, M

2008 [248]

The interplay of host-pathogen-environment interactions has been long considered in the de-
velopment of analytics to study infectious disease dynamics [248,249]. Almost as a parallel process,
modelling analytics in the field of mathematical ecology have considered this interplay with a focus
on studying the risk of pathogen spill-over across animal species, humans included, and pathogen
evolutionary dynamics at the molecular level [250-252]. Tt feels safe to say that one positive out-
come of the COVID-19 pandemic was the unprecedented innovation it ushered in the development
of real-time modelling analytics (Section 1.3).

Models were able to put ever more nuanced attention to detailing non-linear dynamics of disease
transmission given shifting patters in heterogeneous contact rates and disease severity given age- and
clinical-vulnerability characteristics [18,32,33,78,79,82,89-93,96,106,107,120,121,195], the profile of
population immunity [18,105], and the co-transmission of SARS-CoV-2 variants [32,33,89,96,107].
Again, almost as a parallel process, genetic epidemiological analytics excelled at providing insights
into the dynamics of variant emergence and dominance [25,31,110].

It is that much more astonishing to think about all these breakthroughs in context with how
they were developed. Under relentless, unprecedented pressure on the scientists to deliver near real-
time analytics to support vital public health policy decision-making by governments and public health
agencies around the world. As I alluded to in the section above, though, this was far from an ideal,
sustainable environment to fostering innovation in outbreak sciences [159,224]. When I undertook

my PhD studies in October 2021, the ICL-RTM team and many other academic groups continued
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to be attached to this process of outbreak emergency response for several more months. Giving
the intimate relation of the latter and the initial aims and objectives of my thesis, fully detaching
myself from supporting the work of the ICL-RTM team (and vice versa) was not straightforward.
Nevertheless, it provided the necessary pause to take a step back and re-imagine our modelling

framework within the classic disease triangle (Figure 7.2).

Environment

Effective drivers
r'a W
i,

Pathogen e

Figure 7.2: From Chapter 1, my conceptual representation of the intrinsic vs effective drivers of the
transmission and severity of an outbreak pathogen, and how they relate to the disease triangle.

The technical innovation of incorporating a pMCMC inference framework into a real-time
SARS-CoV-2 transmission model (Section 2.2.1) had been unprecedented until it was done for the
ICL-RTM model [135]. With this level of inference capacity, I reconsidered the picture of dynamics
characteristics that, thus far, had been simplified or ignored and began to incorporate them, informed
by my prior knowledge and experience of what would be desirable in real-time modelling analytics
to optimise response strategies.

When I assessed and compared the intrinsic transmissibility and severity of the Wildtype, Al-
pha, Delta and Omicron BA.1 variants with respects to one another in England, I demonstrated
that each emerging variant in succession had a higher R,. Although this was not surprising, what
this comparison hinted at was the intrinsic characteristics of SARS-CoV-2’s evolutionary processes
(pathogen) acting against the backdrop of competing variants (pathogen/environment) and the dy-
namics of population contact rates and immunity (host/environment). I also found that the I F' Ry of
the Omicron BA.1 variant was the lowest among all variants, at 59% (95%CrI 0.49 to 0.71) that of
Wildtype, whilst the one of Alpha was the highest, at 2.59-times (95% 2.38 - 2.75) that of Wildtype.
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Despite the caveats in my analysis [ have previously discussed, this presented a systematic approach
to disentangling and inferring the intrinsic severity characteristics of a pathogen and how within a
transmission modelling framework, to the best of my knowledge. That is, I quantified the intrinsic
(pathogen) severity of SARS-CoV-2, given the healthcare provisions and population social mixing

(environment /host) characteristics of particular points of interest in the pandemic.

One can further consider response interventions to an outbreak as response modifiers of the
host-pathogen-environment interactions (Figure 7.2). In this regard, pharmaceutical interventions
and NPIs modify the dynamics of outbreak transmission and severity by acting on (mitigating or
suppressing) its intrinsic and/or effective drivers. Whilst the intrinsic transmission advantage of
Alpha and Delta over their predecessors allowed them to become dominant, the Omicron BA.1 VOC
processed immune breakthrough mechanisms that gave it a decisive advantage over all preceding
variant lineages [36,167,170]. Whilst this is now common knowledge, what my analysis categorically
demonstrated was that the common misconception at the time that Omicron BA.1 was no longer
a public health concern was erroneous. In fact, the isolated effect of the optimisations in available
healthcare during the time of Omicron BA.1 circulation (i.e. even in the total absence of population
immunity) decreased its I F' Ry by 28.6% (95%CrI 28.6 to 42.9). Now, given this effect and the existing
immunity in the population from vaccination, prior infection or both, its effective IFR peaked at a
mere 16.3% (95%Crl 13.4 to 19.1) of its I FRy. Indeed, for the case of countries that had previously
followed containment strategies and subsequently abandoned them during the emergence of Omicron
BA.1 [42], the profile of population immunity against the virus was markedly lower [253], which led

to unforeseen surges in healthcare demand [254, 255].

Despite the considerably parsimonious approach I took to adapting my modelling framework to
Kabwe, I was able to demonstrate the dire effects of near-unmitigated transmissibility and constraints
in host-pathogen-environment response modifiers (interventions), as I will further discuss in the next
section of this chapter. My findings in Kabwe corroborated the early-pandemic notion that the
protective effect of a young population profile against the IFR of SARS-CoV-2 would be nullified in
the presence of healthcare constraints [92]. Elsewhere, my approach for the assessment of intrinsic
and effective pandemic dynamics has been further adapted. In an analysis of the COVID-19 pandemic
in French Polynesia, a similarly structured model was built to estimate the impact of vaccination

and NPIs across the Wildtype, Delta and Omicron BA.1 waves [94].

I strongly believe my approach has applications beyond COVID-19 and viral pandemic pathogens,
although this remains to be demonstrated. The general principle of considering mathematical models
given the host-pathogen-environment disease triangle is universal to the study of animal and human
infectious disease dynamics [248]. Quantifying the intrinsic and severity drivers of disease dynam-

ics, and their response modifiers, is thus applicable to any compartmental transmission model with
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disaggregation by age and pathogen (variant or clade) classes, provided replacement events do occur
(i.e. one pathogen class becomes dominant over other[s]). The considerations I have given above
on the need for holistic approaches to surveillance and collaborative analytics will be paramount to
allow the further development of this type of transmission modelling frameworks. I consider key
areas of future research in this regard should include assessing the capacity to conduct inference of
correlates of pathogen transmission and severity with finer detail. In particular, identifying the types
and granularity of data required, and parametric approaches to infer levels of infection-induced cross-
immunity between pathogen variants/clades, vaccination-induced immunity and hybrid immunity,
considering various endpoints of clinical severity (e.g. symptomatic disease, hospitalisation, death)

and rates of immunity waning.

7.5 On the optimisation of outbreak response interventions

As T discussed in the previous section, outbreaks can be conceptually understood as epidemiological
phenomena that result from the myriad of host-pathogen-environment interactions. In my work, I de-
fined the latter into intrinsic and effective drivers, that are modified by response interventions. Health
systems, however, have finite resources and competing opportunity costs to balance in decision-
making processes during an outbreak emergency. This is a highly contextual process (e.g. geographic
setting, income classification) and one that, given the many unobservable interactions within drivers
in the disease triangle, requires anchoring on robust analytics.

Designing an analytic tool, from the ground up, with all the above considerations was a central
motivation behind my analyses in Kabwe. That is, the contrasting burden of the COVID-19 pandemic
and blatant inequalities in the global response to it, particularly between HICs and LICs [42], to me

begged several poignant questions. Namely,

e Foregoing the adoption of NPIs that would be economically unfeasible for LICs, what mitigation
interventions could have been adopted that would have yielded time-varying severity dynamics

more in line with those seen in higher income settings (i.e. equitable response)?

e How feasible would it have been to implement such interventions, given the opportunity cost-
based willingness to pay (ocWTP) threshold of health systems with severe constraints and

many competing priorities?

e Going forward, how can real-time analytics holistically contextualised on available surveillance

and local host-pathogen-environment interactions aid in optimising response interventions?

During the course of my collaboration with Zambart and the ZNPHI, the WHO issued its call

to formulate future pandemic preparedness strategies underpinned by learnings from the COVID-19
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pandemic [134] and CEPT its 100-day mission to strive for the availability of effective vaccines within
100 days of the first sequencing of a novel pandemic pathogen [194]. These calls timely spoke to the
relevance of my questions. Yet, to understand how future response strategies can adequately (and
equitably) mitigate pandemic threats, it is not only essential to consider what could have been done
better in hindsight, but also to understand what the implementation of ‘global’ preparedness accords

will entail in the local context of the settings where they are to be implemented.

For the case of LICs in sub-Saharan Africa, key competing disease priority areas that severely
suffered during the COVID-19 pandemic included child and maternal care, tuberculosis, HIV/AIDS
and malaria services [108]. Indeed, it was argued that the relative burden of disability-adjusted
life-years (DALYs) imposed by the COVID-19 pandemic in sub-Saharan African (excluding South
Africa) was less than a tenth of that estimated for tuberculosis, HIV/AIDS and malaria [256]. This
assessment, however, was the result of a study that estimated COVID-19 DALYS given officially
reported cases and deaths between March 2020 and March 2021 [256], which implies the burden
of COVID-19 could have been greatly underestimated. Nevertheless, this study did underscore the
crucial need to account for local contexts and opportunity costs of implementing pandemic control

interventions.

As I summarised at start of this chapter, my results were in agreement with those of other
studies [90,183,195], highlighting that most of the local pandemic burden in Kabwe could have been
averted with equitable response (i.e. as per achieved by higher income settings) interventions. What
had not been previously considered, however, by many counterfactual evaluations was that, given
the markedly lower ocWTP thresholds that health systems in LICs, implementing such ambitions
interventions could have resulted in diverting resources from other (current-day) health system in-
terventions. For one, I estimated that the cost-effectiveness of vaccination strategies with a similar
roll-out as higher income settings exceeded the lowest plausible ocWTP threshold of the health system
in Zambia and were likely to result in negative NMB (i.e. a net loss in the valuable health system’s
economic resources). More importantly, what I clearly demonstrated was that delays to the imple-
mentation of any intervention were the biggest driver of increasing costs and, thus, unaffordability

to LIC health systems.

Responding to future pandemic threats effectively will likely require an early roll-out of effective
vaccines [120,257]. For the case of resource-limited settings, however, this will only be achieved with
equitable improvements in vaccines manufacturing and health system capacities [120]. My results
echoed these estimations, as I found that a) the affordability of having adopted CEPI’s 100-day
mission in Kabwe during the COVID-19 pandemic would have been subject to an early roll-out; and
that b) combined healthcare improvement and vaccination strategies were most likely to maximise

the NMB (i.e. a net gain in economic resources within the health system, given disease burden
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averted). For the case of LMICs in sub-Saharan Africa, it will be of the outmost importance to
ensure that non-pandemic life-saving services, such as those for child-maternal health, HIV/AIDS,
tuberculosis, malaria and malnutrition, are strengthened in the lead to and are not de-prioritised
during a pandemic response [206,258,259]. To this end, what my analysis further indicated was
that a judicious integration of advanced transmission and economic modelling techniques is critical
to correctly assess uncertainties in the possible health and economic outputs of interventions under
consideration. Many factors, as it was the case in my analysis, will likely drive high modelling
uncertainty in future outbreak emergencies in LICs, including limited surveillance data, simplifying
assumptions/adoption of parameters from other settings, unknown cost parameters, among others.
Under any of these circumstances, or combinations thereof, the interpretability of cost-effectiveness
outcomes can be compromised, which will demand more involved economic analysis methodologies,
such as the use of NMB curves.

My work has laid a foundation upon which countries of any income classification, regardless of
rich or parsimonious surveillance capacities, can critically appraise their learnings from the COVID-
19 pandemic towards the adoption of future preparedness agreements. Certainly, however, further
research on the matter is urgently needed. My work has only begun to hint at how the intrinsic and
effective drivers of outbreak dynamics ultimately condition the cost-effectiveness of response inter-
ventions. Case studies from countries in different income settings, with access to different granularity
of surveillance data, are needed to better quantify and understand these non-linear interactions. Re-
latedly, it us urgently needed to conduct case studies for outbreak pathogens other that SARS-CoV-2,
with intrinsically different transmission and severity characteristics and modes of transmission. Fur-
thermore, as I hinted to in the previous sections, the effect of correlates of intrinsic transmissibility
and severity at a population level are poorly understood and, beyond having a significant role in
epidemiological dynamics, are likely to impact the potential health and economic outcomes of in-
terventions. Additionally, whilst so far I have evaluated reactive response interventions, there is an
urgent need to understand the expected return on investment of preparedness strategies. This should
be assessed given outbreaks by pathogen with a range of intrinsic profiles (of transmissibility and

severity) and modes of transmission, and by geographic and income-level setting.
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7.6 Concluding remarks

The work I conducted during my PhD was greatly motivated by a drive to understand how judiciously
developed analytics can robustly exploit many and most types of surveillance data to the end of pro-
viding a granular understanding of the drivers of outbreak dynamics and plan response interventions.
What my work has underscored is that considering host-pathogen-environment interactions in light
of the current landscape of public health questions that modelling analytics are required to answer
during outbreak emergencies requires innovation. The scope of the analytic breakthroughs I sought
to address in this thesis had a specific focus, given the many biologic, social and health economic
factors behind observable dynamics and public health policy decision-making during an outbreak
response. | have, nonetheless, laid a cornerstone for systematically exploring the transmission and
severity dynamics of pathogens in granular detail, with contrasting levels of data availability. As
I have further proven, it is the systematic appraisal of those granular details that, when assessing
response interventions against competing priorities, can ultimately uncover fine nuances around the
optimisation of past and future response interventions.

I have made a case that, as systematic efforts are put in place to strengthen surveillance
[159,213,242], the interdependence of the latter and analytics must not be forgotten, nor the relevance
of cross-sectorial and cross-border collaborations that are needed to contextualise both within the
geographic settings they intend to inform. A holistic approach to strengthen one component of EI
systems in context with the other is what will ultimately yield fit-for-purpose preparedness plans and
response strategies, equitably.

Indeed, systematic efforts to strengthen EI systems [159,213,242] and preparedness plans [134,
194] are underway, in the wake of the global COVID-19 pandemic. Alas, the sustainability of these
efforts has been recently put into question, amidst seismic changes in the landscape of investment in
global health and development [260-263]. The global community, however, must remember now more
than ever before that whether to prioritise surveillance, healthcare and/or vaccination capacity locally
and/or globally are not valid questions any more. The sobering message of my work is that, given
the many known priority pathogens of outbreak potential [264], building the necessary capacity to
adopt early vaccination strategies across all geographic and economic sectors cannot be de-prioritised,
neither can be building resilience within healthcare systems. Limiting the devastating health and
economic effects of outbreak emergencies equitably will require efforts and resources into both, as

holistic surveillance and analytics capacities are also developed and strengthened.
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A England model technical appendix

This appendix provides further technical details of the model I used to study the SARS-CoV-2
pandemic in England, as previously published [1]. For convenience, I have included here the model
diagram here but will not discuss the disaggregation of compartments and transitions through severity

pathways, as these were presented in Section 2.2.2.
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Figure Al: Model structure flow diagram with rates of transition between states. (A) Extended
SEIR transmission model flow diagram overview. (B) Hospital flow diagram. (C) Vaccination flow
diagram. (D) Multi-variant flow diagram. Definitions of state variables are presented in Table 2.1
and transition parameters in Table 2.2. Source: Perez-Guzman et. al. 2023 [1].
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A.1 Model equations
Expectation model

To clearly illustrate the model dynamics, I describe a deterministic version of the model in differential
equations (2)-(42), followed by the stochastic implementation used in the analysis. Full definitions

of compartments and model parameters are set out in Tables 2.1 and 2.2.

Unless otherwise specified, ), refers to the sum across age groups (i.e. 7 € {[0,5),...,[75,80), [80+)}),
>, refers to the sum across all combinations of co-circulating variants (ji, Jjq, gremd - grendy and 3,

refers to the sum across all vaccination strata (k € {0,1,...,6}).

In the following model equations I use 14 as an indicator function, such that

, 1 ifj e A,
14(j) = o (1)
0 ifj¢ A

Also, to capture a non exponentially distributed duration of stay in certain compartments,
some compartments are split in two distinct sub-compartments. For example, the exposed class,
E%k is modelled via two separate compartments, E*%! and E%9%? (equations (3) and (4)). This is
done to model durations of stay as an Erlang distribution instead (sum of independent exponential

distributions) [265].
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2)
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Stochastic model

I used the tau-leap method [266] to create a stochastic, time-discretised version of the model described
in equations (45) - (185), taking four update steps per day (dt = 0.25 days).

For each time step, the model iterated through the procedure described below. In the following,
for transitions involving multiple onward compartments (e.g. transition from compartment E to
compartments I4 or Ip or to the next vaccination strata within F), for conciseness, I omit the time

dependency and use the following notation shorthand
(dE]JA’ dEJ,Ip’ dEﬂ,v) ~ Multinom <E TR2(1), qEJJA’ qE],Ip’ qu,v> (43)
instead of

0,5,k 1,5,k 0k gi,5.k : i,5,k,2 1,5,k 1,5,k 1,5,k 1,5,k
(dE,IA’ dg1p, Ay s digmove ) ~ Multinom | E (t), 4B 1, QETe 9wy L — 4E x (44)

z€lp,lpv

where ik

e we 18 @ dummy variable counting the number of individuals remaining in compartment

E##2_ Using this convention, transition variables are drawn from the following distributions, with

probabilities defined below:
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Model compartments were then updated as follows (Note that dgj ) - ds’% = 0):

SPR(t +dt) = SUR(t) — dy® — ddE" + ddh Tt — deh + 1 (k)dS ) — Vgyds) , — ity — di22f
+ Z dm, Z:JH:

(145)
. . nf
EW Rt 4 dt) == EWR () + dgy + L jrensy (J J) AR 4 L ey () (dWH’ T A dy ’]1 "”1)
—difp T A = A L (R — Ll + dil
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EW R (4 dt) = EWR2(t) + dify — dT — dT 4 dE — A+ Ly (R) Ay — Lsyd iy

(147)
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R+ dt) = TP dgy, —dpp +dyly —dp + 1{5}(k)dlj v2 1{3}dlf, 0,2 (148)
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eroz, (E+dt) =Te, . (t)+dp T —dk (181)

2 2
SeTOPOS SET‘OPO se'ro%,,.e ) SeTo0p0s sero%os ’Tsev‘o%eg

» (t+dt) = > (t)+d +d (182)
Ser0n59 8€T‘Oneg T’se'rop,re ’Tsero%eg Tserogos ’Tsero%eg

IZ;CRPTQ (t + dt) = T;CRWE (t> - %PCRpreyTPCRpos +

o L L S o 183
S (08 + i+ dith) 4 3 (05 ) -

Jj k k
IiDCRpos (t +dt) = fiDCRpos (t) + d?FPCRpreyTPCRpos o déppczapos TPCRyeq (184)
IiDCRneg (t+dt) = ]iDCRneg (t) + diTPCRPOS,TPCRMg- (185)
(186)

The seeding process (see Section 2.2.3) is handled within the discretisation to four update steps

per day such that:

Si’j’k(t> _ o f;(t) if i =[15,20), j € {Wildtype, Alpha, Delta, Omicron}, k=0 (187)
0 otherwise,
where
( t; t; . o t;
([] ) e[z
. t; t;
TN t t . t
0 otherwise.

where [.]| and [.] denote the floor and ceiling functions respectively.

Parallel flows

In addition to compartments involved in the transmission dynamics and clinical progression, there
are three parallel flows for fitting to testing data from surveys: (i) one for PCR testing and (ii) two
for serology testing (Figure A2), with separate flows used for testing with the Eurolmmun and Roche
N assays.

Upon infection, an individual enters the PCR flow in a pre-positivity compartment (Tpcg,,.)
before moving into the PCR positivity compartment (Tpcrg,,,) and then ultimately into the PCR
negativity compartment (Tpcr,,,). The duration of PCR positivity is modelled as an Erlang distri-
bution, assuming a mean of 12 days (Table Al).

With regards to the serology parallel flows, the Eurolmmun essay was used in England for
testing NHS Blood and Transplant samples from the first wave onwards, while Roche N only started

being used in November 2020. The latter distinguishes between seropositivity resulting from infection
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or from vaccination, whereas Eurolmmun does not. The serology flows was only designed to capture
seroconversion resulting from infection and, therefore, I did not fit to samples using the Eurolmmun
assay from 15th January 2021 onwards, expecting that vaccination in the population would have had
an impact on its results beyond this point.

After a pre-conversion period (Tsemém for Eurolmmun, 7, sero2, . for Roche N), individuals can
seroconvert (Tsero;m for Eurolmmun, T2 for Roche N) or not (Tsem%eg for Eurolmmun, T}, .2

neg

for Roche N). If they do seroconvert, they eventually serorevert to Tierol, . OF Toero o accordingly.

Table Al: Definitions of model parallel flow compartments shown in Figure A2, with indices: 1
for age group (i € {[0,5),[5,10),...,[75 — 80),[80+)}). Durations (in days) have Erlang (kx,vx)
distributions, with mean kx/vx. Source: Perez-Guzman et al. 2023 [1].

Erlang duration parameters

Compartment Definition kx Vx Mean
Tpor,,.(t)  Pre-PCR positive 1 0.5 2
Ther,,,(t)  True PCR positive 1 0.083 12.05

Thcr,,,(t)  True PCR negative (after infection) - - -

T . (1) Pre-seropositive for Eurolmmun assay 1 0.077 13

T . (t) True seropositive for Eurolmmun assay 1 0.0025 400
pos

T . (1) True seropositive (after infection) for Eu- - - -
neg

rolmmun assay

Tjem%m (t) Pre-seropositive for Roche N assay 1 0.077 13

Tsierof,os (t) True seropositive for Roche N assay 1 0.001 1000

Tjem%eg (t)  True seropositive (after infection) for Roche - - -
N assay
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Figure A2: PCR positivity and seropositivity model structure flow diagram. Upon infection, an
individual enters the pre-positive PCR compartment (7pcg,,.) before moving into the PCR posi-
tivity compartment (Tpcr,,,) and then into the PCR negativity compartment (Tpcg,,,). After a
pre-conversion period (Tsero,,.), individuals can seroconvert (Tsero,,,) or not (Tsero,.,); if they do
seroconvert, they eventually serorevert to Tsero,,,. Source: Perez-Guzman et al. 2023 [1].
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A.2 Vaccination

The model considers the original (i.e. non-multivalent) AZ, PF and Moderna vaccines, which were
approved for use in England [267-269]. Given the analysis was capped to February 24, 2022, before
the rollout of fourth doses (second ”boosters”) or multi-valent vaccines, only six distinct vaccination
strata were simulated (Vj, for k € {1,2,3,...,6}), representing the stages of VE detailed in Table A2
and illustrated in Figure A3.

Individuals move out of an unvaccinated (V) stratum at a rate determined by vaccine roll-
out data and the prioritisation strategy adopted by the UK government. Only individuals who are
not symptomatic and not hospitalised can receive a vaccine dose and/or transition across vaccination
strata, i.e. only in compartments: susceptible (5), exposed (E), infected asymptomatic (1), infected

pre-symptomatic (Ip) or recovered (R).

First dose Second dose Reduced protection Third dose Reduced protection

Vaccination
stratum

Vaccine Effectiveness

N

Weeks

Figure A3: Vaccination strata duration and associated illustrative vaccine effectiveness. Red lines
depict points at which a vaccine dose is administered. Assumed an average 24-weeks to waning.
Y-axis illustrates changing vaccine effectiveness. Vaccination strata are defined in Table A2. Source:
Perez-Guzman et al. 2023 [1].

As described in [32,89], in addition to the exponentially-distributed delay of mean 21 days
between the first dose and onset of VE, the model assumes a fixed 7-day delay between second and
"booster” doses and onset of their VE (Figure A3). These assumptions were based on studies of

immunogenicity after SARS-CoV-2 vaccination [100,101].
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Table A2: Vaccination strata considered for individuals, corresponding schedule, and vaccine effec-

tiveness at each stage. Source: Perez-Guzman et al. 2023 [1].

Vaccination Number Vaccine effectiveness Description References
stratum of
doses
Vo 0 None Non-vaccinated individuals. Appendix A.2
\% 1 None Individuals who have had Appendix A.2
their first-dose but are in a de-
lay period of average 3 weeks
(exponential distribution) un-
til effectiveness kicks in to
transition out of Vj.
Vo 1 First dose effective- Individuals with first-dose VE ~ [100,101]
ness 3 weeks from date of first vac-
cination.
Vs 2 Full second dose ef- Individuals are fully protected  [100,101]
fectiveness 1 week from date of second
vaccination.
Vy 2 Reduced second dose Individuals with reduced sec- Appendix A.2
effectiveness ond dose vaccine protection;
transition from V3 is randomly
drawn from an exponential
distribution with mean wan-
ing time of 24 weeks.
Vs 3 Booster dose effec- Individuals are fully protected  [1]
tiveness 1 week from date of third
("booster”) vaccination.
Vi 3 Reduced ”booster” Individuals with reduced Appendix A.2

dose effectiveness

"booster” dose vaccine pro-
tection; transition from Vj
is randomly drawn from an
exponential distribution with

mean waning time of 24

weeks.

Lastly, the model further assumes that individuals in V3 (full second dose effectiveness) can

227



receive their booster dose and move to Vs before their effectiveness has waned, thereby skipping V.
The pool of individuals eligible for a booster dose is therefore those in V3 and V}, with no prioritisation
of one over the other. All other strata movements are assumed to happen in a step-wise sequential

order.

Vaccine effectiveness

The model assumed no differences in vaccine effectiveness by age, sex, or underlying health conditions
[103,270]. Instead, it used values for vaccine effectiveness (VE) derived from vaccine efficacy measured
in clinical trials and vaccine effectiveness studies (Table A3), mainly from UK based studies with
a dosing schedule with an 12 week gap between doses. The efficacy was assumed to be the same
against the Wildtype and Alpha variants, whereas variant-specific values were used for Delta and
Omicron BA.1. Vaccine protection against symptomatic disease was assumed to be the same as that
against infection [271].

Given the model explicitly simulations hospitalisations as well as cases that require hospitali-
sation remaining in the community Table A3 makes reference to vaccine effectiveness against severe
disease and not hospitalisation. Vaccine effectiveness against severe disease, conditional on symp-
toms, acted on transition to both this compartment of individuals and those admitted to hospital.

Lastly, the model did not consider individual vaccines separately, but computed an age-
dependent weighted mean of each vaccine’s effectiveness. Weights for a given age group were the
proportion of each vaccine type administered to that age group from vaccination linelist data in
England as of the 24th of February 2022. Although, as mentioned above, the model assumed vaccine
effectiveness did not vary by age, the weighted VE did vary across age groups given the proportion
of each vaccine (PF, AZ or Mod) administered to each age group (from data)(Figure A4) and that
VE varied between vaccines (Table A3).
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Table A3: Vaccine effectiveness parameters for AstraZeneca (AZ), Pfizer (PF), and Moderna (Mod)
by vaccine dose. ”"Infection” refers to vaccine effectiveness protecting an individual from being
infected with SARS-CoV-2, whilst ”transmission” refers to the vaccine effectiveness at preventing
onward transmission by an infected individual. See Table A8 for VE assumptions for booster and
booster waned sensitivity analysis for the Omicron variant. Source: Perez-Guzman et al. 2023 [1].

Alpha Delta Omicron Informed by
End point  Dose AZ PF/Mod AZ PF/Mod AZ PF/Mod
1 88% 89% 8% 89% 53% 53% [102,272]
Death 2 (Full protection) 99%  99% 9% 99% 9%  97% (102,272
2 (Waned protection) 83% 90% 82% 90% 56% 56% [273-275]
3 (Full protection) 99%  99% 99%  99% 96% 96% Assume same as vs. severe disease.
3 (Waned protection) 62% 62% Assume same as vs. severe disease.
1 81% 89% 81% 89% 53% 53% [276-278]
Severe 2 (Full protection)  99% 99%  99% 99%  97% 97% 1279, 280)
e (Wamed protection) TT% 90%  TI% 90% 6% 56% (273-275]
3 (Full protection) 99%  99% 99% 99% 96% 96% [281]
3 (Waned protection) 62% 62% [281]
Mild 1 64% 79% 51% 51% 23% 3% [103,277,279,280,282, 283]
disease or 2 (Full protection) 92%  99% 87% 95% 41%  60% (103,280, 282-285]
infection 2 (Waned protection) 29% 77% 19% 49% 0% 0% [273-275]
3 (Full protection)  92%  92% 92%  92% 2% 74% [286]
3 (Waned protection) 0% 0% [286]
1 45%  45% 33%  33% 20%  20% [102]
Transmission 2 (Full protection) 45%  45% 40%  40% 40% 40% [102]
2 (Waned protection) 40% 40% 19%  19% 0% 0% [273-275]
3 (Full protection) 40%  40% 40%  40% 40%  40% [281]
3 (Waned protection) 0% 0% [281]
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Figure A4: Proportion of each vaccine type: (Oxford-AstraZeneca (AZ), Pfizer-BioNTech (PF),
Moderna (Mod)) dispensed to each five-year age band as of 24th February 2022. Data taken from UK
Health Security Agency Immunisations database for vaccine delivery and ONS population estimates
for each age group. Source: Perez-Guzman et al. 2023 [1].
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Figure A5: Vaccine effectiveness in weeks since second dose of AstraZeneca (AZ, left column) and
Pfizer (PF, right column) vaccines against Alpha for death (top), severe disease, (middle) and mild
disease/infection (bottom). Model assumed the same protection against infection and mild disease.
Turquoise diamonds show model parameters, and the purple points estimates from data. Model
assumed that the Moderna vaccine has the same VE as PF. Source: Perez-Guzman et al. 2023 [1].

231



A Delta - AZ - Death B Delta - PF - Death

1.0 1.0
Yos ? 08
0.6 . . . . 0.6 , . . :
fL,g ;\Q"\b( \6’,\9’ 'LQX ,LB \Q"\b( »\6"\9 ?px
C Delta - AZ - Severe D Delta - PF - Severe
1.0 1.0 0
L IR & o o
Wos g 08
<> Model
0.6 : : , , 0.6 : : : , ® Data
22 N B 22 N e
E Delta - AZ - Mild F Delta - PF - Mild
1.0 1.0
® ®e ®
w & & & ® &
S 06 & 0.6
®e
021, . . i i i 0.2 . . . . . .
Q/,Dc 655'\0’\&»\6’\%10’7}‘ fIfJX ,L,bc 6,%\0}\&\6}\%29’{2/& 'L‘*’X
Weeks since second dose Weeks since second dose

Figure A6: Vaccine effectiveness in weeks since second dose of AstraZeneca (AZ, left column) and
Pfizer (PF, right column) vaccines against Delta for death (top), severe disease, (middle) and mild
disease/infection (bottom). Model assumed the same protection against infection and mild disease.
Turquoise diamonds show model parameters, and the purple points estimates from data. Model
assumed that the Moderna vaccine has the same VE as PF. Source: Perez-Guzman et al. 2023 [1].
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Figure A7: Vaccine effectiveness in weeks since second (left column) and third (booster, right column)
dose of AstraZeneca (AZ, top row) and Pfizer (PF, middle row) vaccines against Omicron for mild
disease (top and middle rows) and severe disease (bottom row). Model assumed the same protection
against infection and mild disease. Turquoise diamonds show model parameters, and the purple
points estimates from data. Model assumed that the Moderna vaccine has the same VE as PF.
Source: Perez-Guzman et al. 2023 [1].
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Waning of vaccine-induced immunity

The model assumed that, upon receiving a second or booster dose, individuals firstly progress to
the V3 or V5 vaccination strata, respectively, granting full vaccine protection. The duration spent
in these strata was stochastic, with an individual’s rate of progression drawn from an exponential
distribution with a mean duration of 24 weeks. It should be noted this was a simplifying assumption,

as real-life studies showed that VE waning occurs gradually and continuously over time [273,275].

The VE protection values from second and booster doses (V3 and Vs compartments), as well
as reduced protection VE values (V; and Vi compartments) were fitted (weighted least squares,
using 1/width of the associated 95% Cls reported with the data as the weights) to data by vaccine
type and outcome (Figures A5 to A7) [275,286]. Due to the limited data available for waning
effectiveness against the Alpha variant, a simplifying assumptions was made to fix the log-odds
difference between full second dose VE and reduced second dose VE to be the same for each variant.
That is, assuming the same proportion of protection drop-off from their initial full second dose VE.
Mathematically, if V(x) represents the VE of vaccine/health outcome z, then the log odds was

V(x)

defined as L(x) = log (T(I)), and therefore for each health outcome

L(Reduced second dose VE vs. Delta) — L(Full second dose VE vs. Delta) = (169
189
L(Reduced second dose VE vs. Alpha) — L(Full second dose VE vs.Alpha).

For first dose VE estimates, the model assumed the 16+ age group Delta VE values as presented
in [275]. Tt should be noted that, due to prioritised groups being vaccinated during the Alpha wave,
the reported VEs are unlikely to be generalisable to the general population. Thus, it was assumed

that

L(First dose VE vs. Alpha) — L(Full second dose VE vs. Alpha) = (190)
190
L(First dose VE vs. Delta) — L(Full second dose VE vs.Delta).

Lastly, there was no VE data available for certain outcome-variant-dose combinations. Namely,
booster dose VE vs. the Alpha variant, and booster dose VE against death for the Delta and Omicron
variants. In these cases, values were fixed following the logical requirements that VE against more
severe outcomes must be greater than that against less severe outcomes, and assuming that VE vs.

the Alpha variant must be greater than the associated protection against the Delta variant.
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Conditional dependencies of vaccine-immunity

As presented in Section 2.2.4, the model’s severity transition pathways are a cascade of conditional
probabilities (e.g. hospitalisation conditional on symptomatic disease), yet the VE values in Table A3
are unconditional on previous transitions to other severe outcomes. Thus, the latter were converted

to conditional VE values for the model, as detailed in Table A4.

Table A4: Conditional vaccine effectiveness values modelled. Source: Perez-Guzman et al. 2023 [1].

VE vs. Symbol / Calculation
Infection Cinf
Severe disease esp
Death €death
. . . . €SD — €inf
Severe disease given infection €SDlinf = 1
(1 — €iny)

€death — €SD
1 — €ing)(1 — esDlins)

Death given severe disease €death|SD = (

Vaccine roll-out

Vaccination roll-out in the model followed the ordered priority set in the UK by the Joint Committee
on Vaccination and Immunisation, whereby care home residents and care home workers were first,
followed by other adult groups in decreasing age and clinical vulnerability [287,288]. The model

assumed vaccine doses were delivered in England as reported in age-stratified data [161].
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A.3 Sensitivity analyses

In previous publications from the ICL-RTM team [32,89], the effect of uncertainty around VE, and
the time to waning of natural and vaccine-induced immunity for the Alpha and Delta variants had
been explored, so these are not repeated herein. Here, to explore uncertainties around fixed model
parameters during the period fitting to data from the Omicron, I performed the following sensitivity

analyses:

1. Cross-immunily against infection.

2. Cross-immunity against hospitalisation.

3. Cross-immunity against death.

4. FEfficacy of boosters against severe disease and death.

5. Mean serial interval duration.

Table A5 summarises cross-immunity sensitivity analyses explored, and table A8 the booster
VE against Omicron. For vaccine efficacy, the central model parameters were as defined in Ap-

pendix A.2.
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Table A5: Summary of sensitivity analyses explored. Source: Perez-Guzman et al

. 2023 [1].

Analysis

Description

Source

Cross-immunity

against infection

Assumed a 25% protection against infection if infected with
Omicron, given natural immunity (recovery from infection
with Delta or other historic variant). Higher and a lower
value for this assumption explored, at 35% and 20%, respec-

tively.

Assumed

Cross-immunity
against hospitali-

sation

Assumed a 55% protection against hospitalisation if infected
with Omicron, given natural immunity (recovery from infec-
tion with Delta or other historic variant). Higher and a lower
value for this assumption explored, at 63% and 48%, respec-

tively.

[174]

Cross-immunity

against death

Assumed an 18% protection against death if infected with
Omicron, given natural immunity (recovery from infection
with Delta or other historic variant). Higher and a lower value

for this assumption explored, at 57% and 6%, respectively.

[174]

Vaccine efficacy

For VE vs the Alpha and Delta variants, assumed +/-10%
for all VE parameters . Given greater uncertainty around VE
of booster doses vs the Omicron variant (V5 to Vg strata), I

explored the upper and lower bound from available literature.

See Table A6, Table A7 and Table A8 for specific parameters.

Assumption

and [281]

Alternative pup

Explored two alternative parameterisations of the pup piece-
wise linear function (see section 2.2.4), varying change points
around the point of emergence of the Alpha and Delta vari-

ants.

Assumed

Serial interval du-

ration

Central parameters assumed a decreasing SI for each vari-
ant in succession, compared to the Wildtype variant (Sec-
tion 2.2.3). I re-fitted the model assuming a fixed SI of
5.2 days (Wildtype variant-like) and of 3.9 days (Omicron

variant-like) for all variants.

Assumed
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Vaccine efficacy sensitivity analysis

Table A6, table A7 and table A8 summarise VE values used for each scenario. Please see compar-

ison of inferred intrinsic transmissibility and basic severity for each scenario, compared to central

parameters, in Figure AS.

Table A6: Sensitivity analysis parameters for vaccine efficacy vs the Alpha variant. ”Infection”
refers to vaccine effectiveness protecting an individual from being infected with SARS-CoV-2, whilst
“transmission” refers to the vaccine effectiveness at preventing onward transmission by an infected
individual. Source: Perez-Guzman et al. 2023 [1].

Central Lower VE Higher VE Informed by
End point  Dose AZ PF/Mod AZ PF/Mod AZ PF/Mod
1 88% 89% 9% 80% 96% 98%
Death 2 (Full protection) 99%  99% 89% 89% 99% 99% Assumed -10% lower, +10% higher VE.
2 (Waned protection) 83% 90% 75% 81% 91% 99%
1 81% 89% 73%  80% 89% 98%
S.evere 2 (Full protection) 98% 99% 89% 89% 99%  99% Assumed -10% lower, +10% higher VE.
discase 2 (Waned protection) 77% 90% 0% 81% 85% 99%
Mild 1 64% 9% 58% 1% 70% 86%
disease or 2 (Full protection) 92%  99% 83% 89% 99%  99% Assumed -10% lower, +10% higher VE.
infection 2 (Waned protection) 29% 77% 26% 69% 32% 85%
1 45%  45% 40%  40% 50% 50%
Transmission 2 (Full protection) 45%  45% 0% 40% 50% 50% Assumed -10% lower, +10% higher VE.
2 (Waned protection) 40% 40% 36% 36% 44%  44%
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Table A7: Sensitivity analysis parameters for vaccine efficacy wvs the Delta variant.

” Infection”

refers to vaccine effectiveness protecting an individual from being infected with SARS-CoV-2, whilst
“transmission” refers to the vaccine effectiveness at preventing onward transmission by an infected
individual. Source: Perez-Guzman et al. 2023 [1].

Central Lower VE Higher VE Informed by
End point  Dose AZ PF/Mod AZ PF/Mod AZ PF/Mod
1 8% 89% 8% 80% 96% 98%
Death 2 (Full protection) 98% 99% 89% 89% 99% 99%
2 (Waned protection) 82% 90% 4% 81% 920% 99% Assumed -10% lower, +10% higher VE.
3 (Full protection) 99% 99% 89% 89% 99% 99%
3 (Waned protection) 89% 89% 81% 81% 9% 99%
Severe 1 81% 89% 73% 80% 89% 98%
' 2 (Full protection) 98% 99% 89% 89% 99% 99%
disease 2 (Waned protection) 77% 90% 70% 81% 85% 99% Assumed -10% lower, +10% higher VE.
3 (Full protection) 99% 99% 89% 89% 99% 99%
3 (Waned protection) 89% 89% 81% 81% 99% 99%
Mild 1 51% 51% 46% 46% 56% 56%
disease or 2 (Full protection) 8% 95% 9% 86% 9%6% 99%
infection 2 (Waned protection) 19% 49% 17%  44% 21%  54% Assumed -10% lower, +10% higher VE.
3 (Full protection) 92%  92% 83% 83% 99% 99%
3 (Waned protection) 36% 36% 39% 39% 54% 54%
1 33% 33% 30% 30% 36% 36%
Transmission 2 (Full protection) 40% 40% 36% 36% 44%  44%
2 (Waned protection) 19% 19% 17% 1% 21% 21% Assumed -10% lower, +10% higher VE.
3 (Full protection) 40%  40% 36% 36% 44%  44%
3 (Waned protection) 19% 19% 17% 17% 21%  21%
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Table A8: Sensitivity analysis parameters for vaccine effectiveness against the Omicron variant for

AstraZeneca (AZ), Pfizer (PF), and Moderna (Mod) by vaccine dose.

?Infection”

refers to vac-

cine effectiveness protecting an individual from being infected with SARS-CoV-2; whilst ”transmis-
sion” refers to the vaccine effectiveness at preventing onward transmission by an infected individual.

Source: Perez-Guzman et al. 2023 [1].
Central Lower VE Higher VE Informed by
End point  Dose AZ PF/Mod AZ PF/Mod AZ PF/Mod
2 (Full protection) 97% 9% 9% 9% 9% 9%
Death 2 (Waned protection) 56% 56% 56% 56% 56% 56% Low and high values from Gov [281]
3 (Full protection) 96% 96% 70% 70% 99%  99%
3 (Waned protection) 62% 62% 50% 50% 80% 80%
2 (Full protection) 9% 9% 9% 9% 9% 9%
S.evere 2 (Waned protection) 56% 56% 56% 56% 56% 56% Low and high values from Gov [281]
disease 3 (Full protection) 96% 96% 0%  70% 99% 99%
3 (Waned protection) 62% 62% 40%  40% 5% 5%
Mild 2 (Full protection)  41%  60% 1% 60% 1% 60%
disease or 2 (Waned protection) 0% 0% 0% 0% 0% 0% Low and high values from Gov [281]
infection 3 (Full protection) 2% 4% 50% 55% 5% 5%
3 (Waned protection) 0% 0% 0% 0% 10% 10%
2 (Full protection) 40%  40% 40%  40% 40% 40%
Transmission 2 (Waned protection) 0% 0% 0% 0% 0% 0% Assumed lower than for mild disease
3 (Full protection) 40% 40% 30% 30% 50% 50%
3 (Waned protection) 0% 0% 0% 0% 0% 0%
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Figure A8: Sensitivity analysis of model inferred intrinsic Ry and basic IHR, HFR and IFR of the
variants. From left to right: Central, high and low vaccine efficacy (1st and 2nd dose, table A6)
against the Alpha variant, high and low vaccine efficacy (1st, 2nd and booster, table 3.3) against
the Delta variant, and high and low vaccine efficacy (2nd and booster dose only table A8) against
the Omicron variant. Box plots show mean model-inferred properties and 95% Crl for the Wildtype
(grey), Alpha (blue), Delta (orange) and Omicron (pink) variants. Source: Perez-Guzman et al.
2023 [1].
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Cross-immunity sensitivity analysis

I varied central parameters of cross-immunity given prior infection with a historic variant vs an
emerging variant (e.g. prior infection with Alpha or Delta vs Omicron variant). Each of cross-
immunity against infection, hospitalisation or death was varied in a one-way analysis, simultaneously

for all variants. For specific values and literature sources of parameters (where available) see table A5.
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Figure A9: Sensitivity analysis for scenario description) of model inferred intrinsic Ry and basic IHR,
HFR and IFR of the variants. From left to right: high and low cross-immunity against death, high and
low cross-immunity against hospitalisation, and high and low cross-immunity against infection (see
values in table A5). Box plots show mean model-inferred properties and 95% Crl for the Wildtype
(grey), Alpha (blue), Delta (orange) and Omicron (pink) variants. Source: Perez-Guzman et al.
2023 [1].
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Other sensitivity analysis

The model allowed fitting time-varying changes in severity, independent of the inferred basic prop-
erties of the variants. I explored alternative parameterisations of the piece-wise linear function for
changing up(t) (see details in section 2.2.4. The specific aim of these scenarios was to infer whether
the choice of change points influenced the inferred relative severity between the Alpha and Delta
variants. Additionally, I varied the central serial interval parameters, by either fixing it at its high-
est (i.e. all variants with same value as Wildtype) and lowest (i.e. all variants with same value as

Omicron BA.1) values.
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Table A9: Sensitivity analysis of fitted change points for the time-varying pp(t). Source: Perez-
Guzman et al. 2023 [1].

Scenario

Dates

Rationale

Central

01-04-2020

01-07-2020 to 15-09-2020

15-10-2020 to 01-12-2020

04-02-2021

01-04-2021 to 04-11-2021

31-12-2021

See table 2.4

wp(t)winter

01-04-2020

01-07-2020 to 15-09-2020

01-12-2020

04-02-2021

01-04-2021 to 04-11-2021

31-12-2021

Explore a linear change in pp(t) from 09-2020 to 12-2020
to infer potential changes in severity given mounting healthcare

demands around the date of Alpha emergence.

wp(t)summer

01-04-2020

01-07-2020 to 15-09-2020

15-10-2020 to 01-12-2020

04-02-2021

01-04-2021 to 01-06-2021

04-11-2021

31-12-2021

Explore flat period in pp(t) between 04-2021 and 06-2021
during the period of Delta emergence, then linear change from
06-2021 to 11-2021 as Delta was dominant during a period of

potential evolving hospital admission and triaging thresholds.
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Figure A10: Sensitivity analysis of model inferred intrinsic Ry and basic IHR, HFR and IFR of
the variants. From left to right: Central, high and low fixed serial interval duration (see values in
table Ab5), and alternative changepoints for pp(t) in the winter of 2020/21 and in the summer of
2021 (see values and rationale in table A9). Box plots show mean model-inferred properties and
95% Crl for the Wildtype (grey), Alpha (blue), Delta (orange) and Omicron (pink) variants. Source:
Perez-Guzman et al. 2023 [1].
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A.4 Fitted data trajectories

Plots in this section present the model-fitted trajectories to surveillance data streams in England
during the study period. Where age-specific data fits are shown (Figures A20 to A56), the respective

model comparison to aggregated data in Figure A1l are for illustrative purposes.
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Figure A11: Fitted model trajectories to hospital and deaths data streams by England NHS regions.
Source: Perez-Guzman et al. 2023 [1].
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Source: Perez-Guzman et al. 2023 [1].
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Figure A17: Fitted model trajectories to Alpha/Wildtype frequency from VAM data by England
NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A22: Fitted model trajectories to hospital admissions of 20 to 29 year-olds data by England
NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A25: Fitted model trajectories to hospital admissions of 50 to 59 year-olds data by England
NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A26: Fitted model trajectories to hospital admissions of 60 to 69 year-olds data by England
NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A27: Fitted model trajectories to hospital admissions of 70 to 79 year-olds data by England
NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A29: Fitted model trajectories to community deaths of 0 to 49 year-olds data by England
NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A30: Fitted model trajectories to community deaths of 50 to 54 year-olds data by England
NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A31: Fitted model trajectories to community deaths of 55 to 59 year-olds data by England
NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A32: Fitted model trajectories to community deaths of 60 to 64 year-olds data by England
NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A33: Fitted model trajectories to community deaths of 65 to 69 year-olds data by England
NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A34: Fitted model trajectories to community deaths of 70 to 74 year-olds data by England
NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A35: Fitted model trajectories to community deaths of 75 to 79 year-olds data by England
NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A36: Fitted model trajectories to community deaths of 80 year-olds data by England NHS
regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A37: Fitted model trajectories to hospital deaths of 0 to 49 year-olds data by England NHS
regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A38: Fitted model trajectories to hospital deaths of 50 to 54 year-olds data by England NHS
regions. Source: Perez-Guzman et al. 2023 [1].
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regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A41: Fitted model trajectories to hospital deaths of 65 to 69 year-olds data by England NHS
regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A42: Fitted model trajectories to hospital deaths of 70 to 74 year-olds data by England NHS
regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A43: Fitted model trajectories to hospital deaths of 75 to 79 year-olds data by England NHS
regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A44: Fitted model trajectories to hospital deaths of 80 year-olds data by England NHS
regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A45: Fitted model trajectories to Pillar 2

regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A46: Fitted model trajectories to Pillar 2

regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A47: Fitted model trajectories to Pillar 2
regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A48: Fitted model trajectories to Pillar 2
regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A49: Fitted model trajectories to Pillar 2 cases of 65 to 79 year-olds data by England NHS
regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A50: Fitted model trajectories to Pillar 2 cases of 80+ year-olds data by England NHS regions.
Source: Perez-Guzman et al. 2023 [1].
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Figure A51: Fitted model trajectories to REACT-1 infection prevalence of 5 to 24 year-olds data by
England NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A52: Fitted model trajectories to REACT-1 infection prevalence of 25 to 34 year-olds data
by England NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A53: Fitted model trajectories to REACT-1 infection prevalence of 35 to 44 year-olds data
by England NHS regions. Source: Perez-Guzman et al. 2023 [1].

EAST OF ENGLAND LONDON MIDLANDS NORTH EAST AND YORKSHIRE

10
)
10
)
10
)
10
)

A B
Jul-20 Jan-21 Jul-21 Jan-22 Jul-20 Jan-21 Jul-21 Jan-22 Jul-20 Jan-21 Jul-21 Jan-22 Jul-20 Jan-21 Jul-21 Jan-22
Date Date Date Date

REACT proportion positive 45 to 54 (%)
0 2 4 6 8
1 1 1 1 1
REACT proportion positive 45 to 54 (%)
0 2 4 6 8
%
REACT proportion positive 45 to 54 (%)
0 2 4 6 8
1 1 1 1 1
REACT proportion positive 45 to 54 (%)
o 3 4 ¢ 8

NORTH WEST SOUTH EAST SOUTH WEST

REACT proportion positive 45 to 54 (%)
0 2 4 6
L 1 1 1

REACT proportion positive 45 to 54 (%)
0 2 4 6

1 1 1 1

REACT proportion positive 45 to 54 (%)
oz ¢ ¢

T T T
Jul-20 Jan-21 Jul-21 Jan-22 Jul-20 Jan-21 Jul-21 Jan-22 Jul-20 Jan-21 Jul-21 Jan-22
Date Date Date

Figure A54: Fitted model trajectories to REACT-1 infection prevalence of 45 to 54 year-olds data
by England NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A55: Fitted model trajectories to REACT-1 infection prevalence of 55 to 64 year-olds data
by England NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A56: Fitted model trajectories to REACT-1 infection prevalence of 65+ year-olds data by
England NHS regions. Source: Perez-Guzman et al. 2023 [1].
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A.5 Fitted parameters

This sections presents plots of the posterior distribution of fitted parameters, pre-tuned MCMC
traceplots and final fitted pMCMC traceplots by NHS England region.

Inferred epidemic parameters for NHS regions at 2022-02-24
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Figure A57: Posterior distributions of 5(t) values for all change-points (piece-wise linear form) by
England NHS regions. Red lines show prior distributions; where no prior lines are shown, a uniform
(non-informative) prior was assumed. Source: Perez-Guzman et al. 2023 [1].
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Inferred epidemic parameters for NHS regions at 2022-02-24
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Figure A58: Posterior distributions of variant-specific transmission and severity parameters. A
uniform (non-informative) prior was assumed for all parameters. Source: Perez-Guzman et al. 2023
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Inferred epidemic parameters for NHS regions at 2022-02-24
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Figure A59: Posterior distributions of time-varying severity multiplier parameters, with piece-wise
linear form. Red lines show prior distributions; where no prior lines are shown, a uniform (non-
informative) prior was assumed. Source: Perez-Guzman et al. 2023 [1].
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Inferred epidemic parameters for NHS regions at 2022-02-24
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Figure A60: Posterior distributions of all other fitted parameters. Red lines show prior distributions;
where no prior lines are shown, a uniform (non-informative) prior was assumed. Source: Perez-
Guzman et al. 2023 [1].
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Figure A61: MCMC traceplots for model fit to East of England. Source: Perez-Guzman et al.
2023 [1].
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Figure A62: MCMC traceplots for model fit to London. Source: Perez-Guzman et al. 2023 [1].
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Figure A63: MCMC traceplots for model fit to the Midlands. Source: Perez-Guzman et al. 2023 [1].
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Figure A64: MCMC traceplots for model fit to North East and Yorkshire. Source: Perez-Guzman
et al. 2023 [1].
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Figure A65: MCMC traceplots for model fit to North West. Source: Perez-Guzman et al. 2023 [1].
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Figure A66: MCMC traceplots for model fit to South East. Source: Perez-Guzman et al. 2023 [1].
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Figure A67: MCMC traceplots for model fit to South West. Source: Perez-Guzman et al. 2023 [1].
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Figure A68: pMCMC traceplots for model fit to East of England. Source: Perez-Guzman et al.
2023 [1].
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Figure A69: pMCMC traceplots for model fit to London. Source: Perez-Guzman et al. 2023 [1].
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Figure A70: pMCMC traceplots for model fit to the Midlands. Source: Perez-Guzman et al. 2023 [1].
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Figure A71: pMCMC traceplots for model fit to North East and Yorkshire. Source: Perez-Guzman
et al. 2023 [1].
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Figure A72: pMCMC traceplots for model fit to North West. Source: Perez-Guzman et al. 2023 [1].
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Figure A73: pMCMC traceplots for model fit to South East. Source: Perez-Guzman et al. 2023 [1].
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Figure A74: pMCMC traceplots for model fit to South West. Source: Perez-Guzman et al. 2023 [1].
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A.6 Inferred trajectories

This section presents model-inferred (given model fit to data and pMCMC-inferred fitted parameters)

epidemiological trajectories.
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Figure A75: Inferred trajectories of 3(t) by England NHS regions.
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Figure A76: Inferred trajectories of the cumulative infection attack rate and proportion of the pop-
ulation not in susceptible classes by England NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A77: Inferred trajectories of the daily infection incidence rate per-1,000 population by England

NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A78: Inferred trajectories of the time-varying probability of death up severity multiplier by
England NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A79: Inferred trajectories of the time-varying reproduction number in the absence of immunity
R; by England NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A80: Inferred trajectories of the time-varying reproduction number

accounting for immunity
Rff ! by England NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A81: Inferred trajectories of the proportion of the population with susceptibility to infection
by variant and England NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A82: Inferred trajectories of the cumulative proportion of the population by infection status
and England NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A83: Inferred trajectories of the cumulative proportion of the population by vaccination status
and England NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A84: Inferred trajectories of the effective severity by age and England NHS regions. Note
bespoke scales of heatmap colours, which were chosen to emphasise differences across age groups.
Source: Perez-Guzman et al. 2023 [1].
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A.7 Comparison to non-fitted trajectories

This section presents a comparison of key non-fitted trajectories, as inferred by my model, to available
data. I performed these comparisons as means of model validation, and also to unpick key areas of

model uncertainty.

Daily hospital admissions by vaccination status
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Figure A85: Comparison of model inferred (not fitted) trajectories to data on hospital admissions
by vaccination status and England NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A86: Comparison of model inferred (not fitted) trajectories to data on hospital deaths by

vaccination status and England NHS regions. Source: Perez-Guzman et al. 2023 [1].
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Figure A87: Comparison of model inferred (not fitted) trajectories of the age distribution of hospital

admissions and deaths at the national level. Source: Perez-Guzman et al. 2023 [1].
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Figure A88: Comparison of model inferred (not fitted) trajectories of the hospital fatality ratio by
NHS England region. Source: Perez-Guzman et al. 2023 [1].
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Figure A89: Comparison of model inferred (not fitted) trajectories of hospital admissions by age
aggregated at the national level. Source: Perez-Guzman et al. 2023 [1].
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Figure A90: Comparison of model inferred (not fitted) trajectories of hospital deaths by age aggre-
gated at the national level. Source: Perez-Guzman et al. 2023 [1].
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Figure A91: Comparison of model inferred (not fitted) trajectories of community deaths by age
aggregated at the national level. Source: Perez-Guzman et al. 2023 [1].
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B Kabwe model technical appendix

B.1 Model demography and infections seed

I initialised the model on the 1st of January 2020, assuming the entire population of Kabwe was
susceptible to SARS-CoV-2. I used total population estimates for Kabwe district from the 2022
national population census [39]. However, given no information on the age distribution in Kabwe
was available from this source, I assumed this was the same as that at the national level (Table B1),

which I derived from the United Nations’” World Population Prospects [289].

I then seeded the epidemic, assuming a single day of introduction of 20 infected cases per
million population 6%7=°(t), by fitting a seeding date parameter t..4 with a non-informative (flat)
prior and a range between February 13 and March 5, 2020. That is, assuming the local epidemic in
Kabwe started within three weeks prior to the date of first detection of SARS-CoV-2 in the Southern
Africa region [290].

Table B1: Assumed population distribution in Kabwe at model initialisation. Total population as
per latest national population census [39]. Population estimates as of 2022 adjusted downwards
for a 3.3% growth rate per year (as reported in same source) to obtain population in 2020. Age
distribution assumed to be the same as national level for Zambia [289]. Source: Perez-Guzman et
al. 2024 [65].

Age group n

0-4 44, 842
5-9 41,351
10-14 36,961
15-19 32, 288
20-24 26, 587
25-29 21,815
30-34 18,163
35-39 15,093
40-44 12,300
45-49 9,217
50-54 6,599
55-59 4,987
60-64 3,615
65-69 2,531
70-74 1,716
75+ 1,718
Total 279, 783
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B.2 Model parameters
Fitted parameter priors

I used informative prior distributions for 5(t), tseqs and pge®, and uninformative (flat) distributions

for the rest of parameters (Table B2).
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Table B2: Inferred model parameter notations and prior distributions

Parameter Description

Prior distribution

95% probability interval

Rationale

tseeq Start date of local pandemic
(dd/mm/2020)

B(t) Transmission rate (pp) at t =
dd/mm/yy

By 01/03/20

By 15/03/20
Bz 29/03/20
By 12/04/20
Bs 26/04/20
Bs 10/05/20
Bz 24/05/20
Bs  07/06/20
By 21/06/20
Bio  05/07/20
B 19/07/20
B2 02/08/20
Biz 16/08/20
Bia  30/08/20
Bis  13/09/20
B 27/09/20
Bz 11/10/20
Bis  25/10/20

U[13/02,05/03]

I'(74,0.00128)

I'(74,0.00128)
I'(74,0.00128)
I'(74,0.00128)
I'(74,0.00128)
I'(74,0.00128)
I'(74,0.00128)
I'(74,0.00128)
I'(74,0.00128)
I'(74,0.00128)
T'(24,0.00269)
I'(24,0.00269)
I'(24,0.00269)
I'(24,0.00269)
T'(24,0.00269)
I'(24,0.00269)
I'(24,0.00269)
T'(24,0.00269)

(13/02 - 05/03)

(0.09,0.0128)

(0.09,0.0128)
(0.09,0.0128)
(0.09,0.0128)
(0.09,0.0128)
(0.09,0.0128)
(0.09,0.0128)
(0.09,0.0128)
(0.09,0.0128)
(0.09,0.0128)
(0.129,0.00269)
(0.129,0.00269)
(0.129,0.00269)
(0.129,0.00269)
(0.129,0.00269)
(0.129,0.00269)
(0.129,0.00269)
(0.129,0.00269)

Wide range of dates in early 2020 before our first
data point

Range corresponding to a basic reproduction num-
bers between 2.0 and 3.1 consistent with [121]
Maintaining Ry range

As above

As above

As above

As above

As above

As above

As above

As above

Broader range to allow R; between 1.1 and 3.1
As above

As above

As above

As above

As above

As above

As above

Continued on next page
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Table B2 — continued from previous page

Description Prior distribution  95% probability interval ~Rationale
B9 08/11/20 I'(24,0.00269) (0.129,0.00269) As above
P20  22/11/20 I'(24,0.00269) (0.129,0.00269)  As above
fa1 06/12/20 I'(24,0.00269) (0.129,0.00269) As above
B2z 20/12/20 I'(24,0.00269) (0.129,0.00269) As above
B2z 03/01/21 I'(24,0.00269) (0.129,0.00269) As above
Bosa 17/01/21 I'(24,0.00269) (0.129,0.00269) As above
fas  31/01/21 I'(24,0.00269) (0.129,0.00269) As above
B 14/02/21 I'(24,0.00269) (0.129,0.00269) As above
Bar  28/02/21 I'(24,0.00269) (0.129,0.00269)  As above
B2s  14/03/21 I'(24,0.00269) (0.129,0.00269) As above
B29 28/03/21 I'(24,0.00269) (0.129,0.00269) As above
B30 11/04/21 I'(24,0.00269) (0.129,0.00269) As above
Bs1  25/04/21 I'(24,0.00269) (0.129,0.00269) As above
B32 09/05/21 I'(24,0.00269) (0.129,0.00269) As above
Bss  23/05/21 I'(24,0.00269) (0.129,0.00269) As above
B34 06/06/21 I'(24,0.00269) (0.129,0.00269)  As above
B35 20/06/21 I'(24,0.00269) (0.129,0.00269) As above
Bse  04/07/21 I'(24,0.00269) (0.129,0.00269) As above
P37 18/07/21 I'(24,0.00269) (0.129,0.00269) As above
Bss  01/08/21 I'(24,0.00269) (0.129,0.00269) As above
B39 15/08/21 I'(24,0.00269) (0.129,0.00269) As above
B0 29/08/21 I'(24,0.00269) (0.129,0.00269) As above
Ba 12/09/21 I'(24,0.00269) (0.129,0.00269)  As above
B2 26/09/21 I'(24,0.00269) (0.129,0.00269) As above

Continued on next page
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Table B2 — continued from previous page

Description

Prior distribution

95% probability interval

Rationale

max

PG,

UD,1, 4D 2

&D

Probability of death given disease for
the group with the largest baseline
probability (see Section 4.2.4)
Probability of death given disease mul-
tipliers due to changes in pandemic
severity at different timepoints (see Sec-
tion 4.2.4)

Overdispersion for all-cause excess

deaths data

5(8.3,82.4)

U(0,3)

U(0,1)

(0.041,0.092)

(0.075,2.925)

(0.025,0.975)

Range to incorporate plausible values from litera-

ture, consistent with [119]

Uninformative

Uninformative




B.3 Model equations

As described in [65] I employed a stochastic, space-state model. To clearly illustrate its compart-
mental transition dynamics, however, I first present a deterministic (ordinary differential) equivalent
set of equations (191)-(204), followed by its stochastic implementation in (208)-(235). Please refer

to Chapter 4 for the model diagram and definitions of its compartments and parameters.

Deterministic equations

[ use 3, to refer to the sum across age groups (i.e. i € {[0,5),...,[70,75),[75+)}), >_; refers to the
sum across all vaccination strata (j € {0,1,...,4}), and k € {1,2} to Erlang-distributed durations of
stay in certain compartments (e.g. E%) as the sum of independent exponential distributions. [265]

For a detailed explanation of vaccine class transition parameters (% see sections 5.2.2 and 5.2.3.

dS%(t)
dt
AEVITUE) _ o1 id-Laet 4 () Gind i,j=0
e S O (t) + N (£) S5 () + 54=0(¢) 192
+ (1= n()AY ()R (t) — (vp + ¢V (1) B (2)

= (UIHSYNE) = (V) + CH(B)SH(0) = 0900 + eRI (D) (19D

W Gt ) 4B ) — (4 GBS (199)
A _ om0 + (1 = 20 — (10 + )T (194
d]i(” = ¢ OO+ pere B — (v + CU )T () (195)
# = ply (t) = e, 1¢](#) (196)
dli%(t) =70 1 (t) = e, 18 (1) (197)

—ng;;:l(t) = 10,0, (V1) = 16, G (1) (198)

dGib];tQ(t) = Y6, G T () — e G2 (8) (199)
dD;Z (t) _ e G2 (200)
dR™ (t)

= GO R + 96,1 — i, ()T ) o)

— (YR + ¢ () + (1= n()A™ () R (¢)

deiero re (t) ,5,k=2 i

d—;; = Ej ’YEE > (t) - ’yseropreTseropre (t) (202)
deiero os (t> % i

# - p867’0pgs 7867‘0;77‘6 TseTOpre (t) - 7567‘01705 TseTOPOS (t) <203>
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dT! (1)

S€TOneg

dt = (1 - pS@TOpos) 75570p7'€T;eT0pre (t) + ,}/Se’/‘OposTSZe’I‘OpOS (t) (204)

Stochastic equations

I used the tau-leap method [266] to create a stochastic, time-discretised version of the afore-described
deterministic equations. [65] I took four update steps per day (dt = 0.25 days), at each of which the
process described below was followed to update model compartments.

For clarity in describing transitions involving multiple onward compartments, I write

(didp> digi=") ~ Multinom (E“4=4(¢), gy, g/}~ (205)
instead of
(42, a1, d,,.) ~ Multinon (Eiwt), e 21— Y q;sfx) (20
zeE v

where d%3F  is a dummy variable counting the number of individuals remaining in compart-
ment E*7*=1. T also omit the time dependency i.e. use d;, or qi/;, instead of dy; (t) or i, (t).
Of note, in the following equations I use 14 as an indicator function, such that
, 1 ifjeA
La(j) = ’ (207)
0 if j ¢ A.
Using this convention, transition variables are drawn from the following distributions, with

probabilities defined below:

Gy =1 — N0 (208)

g =1- e~ (Dt (209)

ngE ~ Binom (Si’j(t), qg]E) (210)

), ~ min (Poisson (6 (t)dt) , S™(t) — dfg]E) (211)

5, ~ Binom (S9(0) — 4, — &, o) 212

(i 27 - (-, o o0 s
(d, d7) ~ inom (B4, i, g1 211
= (1= ) (1= ) 219
P 210
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(a

/L'7j
(dE,IA7

d%{lp, d”k 2) ~ Multinom (E”k (1), quA, q%{lp)

(QI R q[ = (1 e~ vAdt  ,—yadt (1 _ e—giﬁj(t)dt))
A0 A v y
(d¥ g, di’ ) ~ Multinom (I3 (t), ¢p’ p. @’ ,)

<qIP»IC17 qIP, > = ( e*'VPdt7 effypdt <1 . efcz’J(t)dt>)

i

(.10, di2.) ~ Multinom (17(1), 37 1., ai.,)

(a2

%

dlfél Te, ™ Binom (Ié{ (t), 1— e—mldt)
qng’GD = piG’];g (t) (1 — 6_702‘“)
qu,R = (1 — piG’jD (t)) (1 _ efv(;th)
Iey.Gpo dw ) ~ Multinom <Ié; (1), 93’527GD, q?ch’R>
i, ~ Binom (G7(0), 1 - een®)
dZGJ .p ~ Binom (Gm F=2(1), 1 - e*ﬁcht)

di’z{s ~ Binom (R"/(t), 1 — e‘mdt)

dé;jE ~ Binom (R"(t) — di’{s, 1— e*(lfn(t)))‘i’j(t)dt)

—¢hI(t)dt
qgvzl_e ¢ (1)

] : GF (1) g g 1]
dRﬂ} ~ Binom (R (t) dR7S dRE, quv)
. _ _'Yserop'r‘edt)
querone $TSG’I‘OPOS — pseropos (1 €

i — _ _ 7'Yserop'redt)
que'roPos 7Tse'roneg - (1 pS@T'Opos) (1 €

g
Tser'opre 7Tserop05 ) deeT'opre 7Tseroneg ) ~ MUItlnom <TS€7“O re (t) qTéu “opre» Tée’,«opos
i 1 ? _ *'Yse'roposdt
deE’I‘Opos 7Tse'roneg ~ Blnom (TSETOPDS (t>7 1 € )

Model compartments are then updated as follows:

SH(t + dt)

EWR=N it dt) =
I (t+dt) =

I (t+dt) =

15 (t + dt)

I (¢ +dt) =

=S () + di () + dg T — dy — d2

seed

i?j
- CZS,U

seed

L) +dyy, +dy ) = dp g —dy
I (1) + d p, + dpl ) —dpl g, —dyl
= 0+ B 0
=1 m( )+ dlcl,lc2 d?éQ,GD
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) QT1

seropre>

EFEN) 4+ df + dilyy + A g+ dig Y — d =
S,E

LLk:Q %, %] 1,k=2 ij g gi.5,k=2
E (t) +dgp+dg —dg;, —dg, —dg),

T.seroneg >

(226)

(227)

(235)

(236)
(237)
(238)
(239)
(240)
(241)

(242)



1,5,k=1 . 1,5,k=1 %, %,
Gy (t+dt) =G () +df), o, —déyap (243)

i,j,k=2 . i,j,k=2 2,7 0,7
G "2t +dt) =GP () + di o, — i (244)
D" (t + dt) = D™(t) +dy. (245)
RY(t+dt) = RY(t) + dp, g+ dy) g+ dg," —dis —dilp — d, (246)
Tl (t+dt) =T )+ (df,, +di;)—d —d
SETO0pre SETOpre E,IP E,IA Tseroz;re ,Tse'roPos Tse'm)pre 7Tseroneg (247)
J
Tsieropos <t + dt) = T;erapos (t) + dé—‘serol,reaTseroPos - d?rsero;oosyTseroneg (248)

Ty (- d0) = Tl () 4 g+l (249)

Tse’ropre 7Tseroneg
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B.4 Additional results: chapter 4

Figures B1 and B2 show the posterior distributions of fitted parameters. Red lines shown the prior
distribution; where no prior lines are shown, a uniform (non-informative) prior was assumed. Figures
B3 and B4 show the MCMC and pMCMC traceplots, respectively, of fitted parameters.

Figures B5 to B8 present the sensitivity analysis I conducted of impact of key model pa-
rameters on the model’s performance to recover the available data streams and infer the effective

transmissibility and severity of the local pandemic.
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Figure B1: Posterior distributions of fitted values of 3(t) (piece-wise linear form).
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Figure B2: Posterior distributions of all other fitted parameters.
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Figure B3: MCMC traceplots of all fitted parameters.
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Figure B4: pMCMUC traceplots of all fitted parameters.
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Figure B5: Sensitivity analysis of the fit to seroprevalence data with variations in model parameters
of the rate of waning infection-induced immunity, assumed underreporting (‘observed’ low and high)
of pre-pandemic all-cause mortality data for calculating baseline mortality in the model, sensitivity
of the serologic test and rate of sero-reversion (negativisation of serologic positive individuals).
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Figure B6: Sensitivity analysis of the fit to all-cause excess mortality data with variations in model
parameters of the rate of waning infection-induced immunity, assumed underreporting (‘observed’
low and high) of pre-pandemic all-cause mortality data for calculating baseline mortality in the
model, sensitivity of the serologic test and rate of sero-reversion (negativisation of serologic positive
individuals).
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Figure B7: Impact of sensitivity analysis on model-inferred trajectory of the reproduction number
accounting for immunity R,ff ! (eff_ Rt_general, red) and void of it R; (Rt_general, blue), given varia-
tions in model parameters of the rate of waning infection-induced immunity, assumed underreporting
(‘observed’ low and high) of pre-pandemic all-cause mortality data for calculating baseline mortality
in the model, sensitivity of the serologic test and rate of sero-reversion (negativisation of serologic
positive individuals).
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Figure B8: Impact of sensitivity analysis on model-inferred trajectory of the infection fatality ratio
over time [ F'R;, given variations in model parameters of the rate of waning infection-induced immu-
nity, assumed underreporting (‘observed’ low and high) of pre-pandemic all-cause mortality data for
calculating baseline mortality in the model, sensitivity of the serologic test and rate of sero-reversion
(negativisation of serologic positive individuals).
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Figure B9: Comparison of model-inferred R; and Rff f (without and with accounting for immunity

against infection, respectively) in Kabwe, Zambia during 2020 and Google mobility data [193] for
Zambia. It should be noted the latter is representative of mobility within Lusaka, the capital of
Zambia, rather than Kabwe district. Thus, this comparison is merely intended to be illustrative
of the extend to which mobility in the population may or not have resulted in changes in virus
transmission, particularly during the first wave, as discussed in Section 4.4.

310



B.5 Additional results: chapter 5

Figures B16 to B17 show the SARS-CoV-2 pandemic trajectories inferred across simulated counter-
factual scenarios, as described in Chapter 5. The model showed that counterfactual scenarios of an
earlier roll-out of vaccination with a higher vaccination capacity would have attained more favourable
population-level profile of immunity against infection in Kabwe (Figure B19), thus, leading to more
infections averted (Figure B21). As expected, on the other hand, the healthcare improvement sce-
narios had no effect in driving changes in population-level immunity (Figure B20).

Figures B22 to B25 present the sensitivity analysis I conducted of varying the uptake of vaccines
on the inferred counterfactual outcomes and population level immunity profile.

Figure B26 shows the posterior distribution (200 stochastic simulations per scenario) of the
incremental cost-effectiveness ratio and net monetary benefit across counterfactual scenarios of vac-
cination and healthcare improvement between March 2020 and September 2021 in Kabwe, Zambia,
as described in Chapter 5, section 5.2.4. In panels C and D, dashed line shows the lowest plausible
opportunity cost-based willingness to pay threshold, at $57.69 or 6% of the GDPpc of Zambia. The
highest threshold value considered, at $1,146.64 2020-USD or 120% the GDPpc of Zambia, is not
shown, as all simulated interventions were below it (Table B4).

Figures B27 and B28 show heatmaps of the disability-adjusted life years (DALYs) lost accrued
by age group across vaccination and healthcare improvement scenarios compared to factual scenario,
as described in Chapter 5. The 40-44 year-old group accrued the most DALYs as a result of the
age-specific severity dynamics of SARS-CoV-2 and the age distribution of the population of Kabwe.

Tornado plots B29 to B32 show the results of the one-way sensitivity analysis, varying the
costs of vaccination, inpatient or outpatient care across counterfactual vaccination and healthcare
improvement scenarios, as described in Chapter 5.

Lastly, tables B3 to B6 present the median and 95%CrI across 200 stochastic trajectories
simulated for each the 30 counterfactual scenarios of vaccination roll-out and healthcare improvement,

as described in Chapter 5.
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Figure B10: Daily infections in counterfactual vaccination scenarios.
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Figure B11: Daily infections in counterfactual healthcare improvement scenarios.
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Figure B12: Daily all-cause deaths in counterfactual vaccination scenarios.
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Figure B13: Daily all-cause deaths in counterfactual healthcare improvement scenarios.
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Figure B14: Inferred trajectories of the effective reproduction number in the absence of and account-
ing for immunity, R; and Rff ! respectively, in counterfactual vaccination scenarios.
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Figure B15: Inferred trajectories of the effective reproduction number in the absence of and account-
ing for immunity, R; and Rff ! respectively, in counterfactual healthcare improvement scenarios.
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Figure B16: Inferred trajectories of the effective infection fatality ratio, IF'R;, in counterfactual
vaccination scenarios.
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Figure B17: Inferred trajectories of the effective infection fatality ratio, IF'R;, in counterfactual
healthcare improvement scenarios.
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Figure B18: Proportion of the population vaccinated with one and two doses in Kabwe across
counterfactual vaccination scenarios.
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Figure B19: Population-level profile of immunity against infection in the population of Kabwe with
counterfactual vaccination scenarios.
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Figure B20: Population-level profile of immunity against infection in the population of Kabwe with
counterfactual healthcare improvement scenarios.
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Figure B21: Accrued infections averted in the population of Kabwe in counterfactual scenarios.
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Figure B22: Accrued deaths averted in the population of Kabwe in counterfactual scenarios, assum-
ing a higher uptake of vaccines, at 95%, 90% and 80% amongst 50+, 40-49-, and 12-39-year-olds,
respectively. Note that in healthcare improvement scenarios plots reflect solely the effect of stochastic
variation, as no vaccination is assumed in them.
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Figure B23: Accrued profile of immunity in the population of Kabwe in vaccination counterfactual
scenarios, assuming a higher uptake of vaccines, at 95%, 90% and 80% amongst 50+, 40-49-, and
12-39-year-olds, respectively.
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Figure B24: Accrued deaths averted in the population of Kabwe in counterfactual scenarios, assuming
a lower uptake of vaccines, at 50% across all age groups. Note that in healthcare improvement
scenarios plots reflect solely the effect of stochastic variation, as no vaccination is assumed in them.
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Figure B25: Accrued profile of immunity in the population of Kabwe in vaccination counterfactual
scenarios, assuming a lower uptake of vaccines, at 50% across all age groups.
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Figure B26: Distribution plots of the incremental
across counterfactual scenarios.
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Figure B27: Disability-adjusted life years accrued by age group in factual vs counterfactual vaccina-
tion scenarios.
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Figure B28: Disability-adjusted life years accrued by age group in factual vs counterfactual healthcare
improvement scenarios.
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Figure B29: Relative change (% with respect to central parameters) in the net monetary benefit and
incremental cost-effectiveness ratio of counterfactual vaccination interventions in one-way sensitivity
analysis varying vaccination, outpatient and hospital costs, assuming the lowest plausible ocWTP
threshold.
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Figure B30: Relative change (% with respect to central parameters) in the net monetary benefit and
incremental cost-effectiveness ratio of counterfactual vaccination interventions in one-way sensitivity
analysis varying vaccination, outpatient and hospital costs, assuming the highest plausible ocWTP
threshold.
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Figure B31: Relative change (% with respect to central parameters) in the net monetary benefit
and incremental cost-effectiveness ratio of counterfactual healthcare improvement interventions in
one-way sensitivity analysis varying vaccination, outpatient and hospital costs, assuming the lowest
plausible ocWTP threshold.
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Figure B32: Relative change (% with respect to central parameters) in the net monetary benefit
and incremental cost-effectiveness ratio of counterfactual healthcare improvement interventions in
one-way sensitivity analysis varying vaccination, outpatient and hospital costs, assuming the highest
plausible ocWTP threshold.
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Table B3: DALYs and DALYs averted across counterfactual scenarios of vaccination roll-out and
improved healthcare in Kabwe, Zambia between March 2020 and September 2021, as described in
Chapter 5. Values shown are median and 95% credible interval across 200 stochastic trajectories

simulated per scenario.

Start Rate Accrued DALY DALYS averted
Apr-2020 (100-day mission) HIC 833 (300 to 1,642) 21,729 (18,725 to 24,623)
Apr-2020 (100-day mission) | U-MIC 1,529 (626 to 2,686) 21,019 (17,753 to 23,699)
Apr-2020 (100-day mission) | L-MIC | 2,351 (1,228 to 4,122) | 20,221 (17,429 to 23,066)
Apr-2020 (100-day mission) LIC 13,914 (8,143 to 19,356) 8,556 (3,230 to 14,380)
Dec-2020 (HIC roll-out) HIC 8,173 (6,597 to 10,100) | 14,256 (12,064 to 17,058)
Dec-2020 (HIC roll-out) U-MIC 9,556 (7,807 to 11,784) | 12,851 (10,300 to 15,926)
Dec-2020 (HIC roll-out) L-MIC 12,892 (10,306 to 15,052) | 9,750 (7,662 to 12,384)
Dec-2020 (HIC roll-out) LIC | 19,290 (15,330 to 22,802) | 3,391 (1,006 to 6,046)
Apr-2021 (Zambia roll-out) HIC 15,490 (13,219 to 18,109) | 6,981 (5,113 to 8,947)
Apr-2021 (Zambia roll-out) U-MIC | 18,325 (15,049 to 21,059) 4,308 (2,341 to 6,127)
Apr-2021 (Zambia roll-out) | L-MIC | 19,788 (16,832 to 23,.277) | 2,733 (893 to 4,598)
Apr-2021 (Zambia roll-out) |  LIC | 21,661 (18,506 to 24,988) | 898 (-778 to 2,839)
Trans-1st wave start Minimal | 18,904 (12,429 to 22,516) 3,771 (490 to 8,387)
Trans-1st wave start Moderate | 15,521 (10,769 to 19,072) | 7,046 (4,194 to 11,068)
Trans-1st wave start Optimal | 12,380 (8,410 to 14,719) | 10,275 (7,547 to 13,767)
Pre-2nd wave start Minimal | 19,013 (14,539 to 22,940) 3,530 (73 to 6,853)
Pre-2nd wave start Moderate | 16,072 (12,020 to 19,693) | 6,405 (3,465 to 9,921)
Pre-2nd wave start Optimal | 13,584 (10,492 to 16,468) | 8,961 (6,179 to 11,379)
Pre-3rd wave start Minimal | 20,412 (17,084 to 23,520) 2,193 (412 to 3,833)
Pre-3rd wave start Moderate | 18,675 (15,841 to 21,011) 3,899 (2,429 to 5,791)
Pre-3rd wave start Optimal | 16,996 (14,591 to 19,715) | 5,492 (4,288 to 7,144)
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Table B4: Incremental cost-effectiveness ratios (cost in 2020-USD per DALY averted) of counter-
factual scenarios of vaccination roll-out and improved healthcare in Kabwe, Zambia between March
2020 and September 2021, as described in Chapter 5. Values shown are median and 95% credible
interval across 200 stochastic trajectories simulated per scenario.

Start Rate ICER
Apr-2020 (100-day mission) | HIC 10 (4 to 21)
Apr-2020 (100-day mission) | U-MIC 14 (6 to 28)
Apr-2020 (100-day mission) | L-MIC 20 (12 to 33)
Apr-2020 (100-day mission) | LIC 13 (-18 to 99)
Dec-2020 (HIC roll-out) HIC 66 (52 to 89)
Dec-2020 (HIC roll-out) U-MIC 82 (64 to 108)
Dec-2020 (HIC roll-out) L-MIC 70 (47 to 96)
Dec-2020 (HIC roll-out) LIC -10 (-36 to 61)
Apr-2021 (Zambia roll-out) | HIC 159 (111 to 231)
Apr-2021 (Zambia roll-out) | U-MIC 211 (138 to 409)
Apr-2021 (Zambia roll-out) | L-MIC 61 (21 to 263)
Apr-2021 (Zambia roll-out) | LIC -16 (-190 to 250)
Trans-1st wave start Minimal 28 (-32 to 353)
Trans-1st wave start Moderate | 41 (-8 to 111)
Trans-1st wave start Optimal 42 (5 to 80)
Pre-2nd wave start Minimal | 25 (-28 to 282)
Pre-2nd wave start Moderate | 36 (-11 to 115)
Pre-2nd wave start Optimal 43 (12 to 84)
Pre-3rd wave start Minimal 17 (-23 to 205)
Pre-3rd wave start Moderate | 24 (-4 to 70)
Pre-3rd wave start Optimal 29 (6 to 55)
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Table B5: Incremental costs factual scenario and total costs (in 2020-USD) accrued in counterfactual scenarios of vaccination roll-out and improved
healthcare in Kabwe, Zambia between March 2020 and September 2021, as described in Chapter 5. Values shown are median and 95% credible
interval across 200 stochastic trajectories simulated per scenario.

9¢€

Start Rate Incremental cost Total cost

Apr-2020 (100-day mission) | HIC 210,549 (83,193 to 404,993) 2,001,460 (1,943,759 to 2,082,642)
Apr-2020 (100-day mission) | U-MIC 286,515 (132,591 to 496,870) 2,079,473 (1,974,625 to 2,177,710)
Apr-2020 (100-day mission) | L-MIC 411,744 (269,356 to 589,109) 2,201,691 (2,078,719 to 2,319,373)
Apr-2020 (100-day mission) | LIC 109,020 (-245,795 to 390,301) 1,893,699 (1,552,420 to 2,166,626)
Dec-2020 (HIC roll-out) HIC 953,879 (829,889 to 1,099,680) | 2,736,051 (2,666,020 to 2,847,531)
Dec-2020 (HIC roll-out) U-MIC 1,070,739 (938,855 to 1,198,582) | 2,845,872 (2,766,038 to 2,959,849)
Dec-2020 (HIC roll-out) L-MIC 674,277 (562,660 to 786,344) 2,460,232 (2,338,832 to 2,576,281)
Dec-2020 (HIC roll-out) LIC -29,855 (-154,815 to 90,056) 1,760,940 (1,557,972 to 1,896,673)
Apr-2021 (Zambia roll-out) | HIC 1,106,338 (996,102 to 1,197,143) | 2,893,689 (2,762,347 to 2,980,940)
Apr-2021 (Zambia roll-out) | U-MIC 906,436 (807,878 to 984,014) 2,690,617 (2,543,182 to 2,809,321)
Apr-2021 (Zambia roll-out) | L-MIC 171,900 (91,842 to 262,833) 1,964,971 (1,783,870 to 2,065,093)
Apr-2021 (Zambia roll-out) | LIC 112,784 (-101,324 to 59,647) | 1,770,022 (1,577,219 to 1,908,270)
Trans-1st wave start Minimal 126,664 (-167,503 to 325,338) | 1,916,107 (1,486,183 to 2,109,367)
Trans-1st wave start Moderate 295,640 (-90,753 to 480,146) 2,078,622 (1,618,943 to 2,280,108)
Trans-1st wave start Optimal 438,480 (59,593 to 640,832) 2,231,877 (1,766,977 to 2,454,977)
Pre-2nd wave start Minimal | 103,783 (-151,200 to 271,292) | 1,891,068 (1,578,654 to 2,069,985)
Pre-2nd wave start Moderate 236,564 (-82,456 to 423,141) 2,033,932 (1,658,268 to 2,211,283)
Pre-2nd wave start Optimal 386,477 (120,058 to 583,106) 2,183,358 (1,853,620 to 2,392,674)
Pre-3rd wave start Minimal 38,742 (-54,912 to 114,783) 1,827,172 (1,595,985 to 1,952,022)
Pre-3rd wave start Moderate 90,614 (-19,051 to 189,114) 1,881,486 (1,653,110 to 2,035,895)
Pre-3rd wave start Optimal 159,275 (37,034 to 267,776) 1,944,537 (1,691,316 to 2,118,420)
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Table B6: Net monetary benefit (in 2020-USD) of counterfactual scenarios of vaccination roll-out and improved healthcare in Kabwe, Zambia between
March 2020 and September 2021, as described in Chapter 5. Values shown are median and 95% credible interval across 200 stochastic trajectories

simulated per scenario.

Start Rate max_nmb min_nmb

Apr-2020 (100-day mission) | HIC 24,755,471 (21,107,854 to 28,159,994) | 1,046,825 (700,270 to 1,345,663)
Apr-2020 (100-day mission) | U-MIC 23,833,539 (19,866,331 to 26,908,694) | 935,542 (554,688 to 1,174,599)
Apr-2020 (100-day mission) | L-MIC | 22,786,132 (19,514,165 to 26,160,492) | 755,480 (438,051 to 1,045,927)
Apr-2020 (100-day mission) | LIC 9,736,557 (3,419,384 to 16,733,488) 381,703 (-177,935 to 1,083,028)
Dec-2020 (HIC roll-out) HIC 15,457,488 (12,848,923 to 18,603,267) | -123,686 (-386,270 to 88,859)
Dec-2020 (HIC roll-out) U-MIC 13,702,934 (10,777,907 to 17,218,594) | -320,911 (-553,997 to -94,830)
Dec-2020 (HIC roll-out) L-MIC | 10,501,223 (8,034,799 to 13,539,124) | -121,116 (-306,479 to 129,062)
Dec-2020 (HIC roll-out) LIC 3,900,088 (1,019,237 to 6,966,002) | 219,456 (-11,400 to 471,746)
Apr-2021 (Zambia roll-out) | HIC 6,883,461 (4,694,751 to 9,318,862) -705,489 (-879,215 to -490,881)
Apr-2021 (Zambia roll-out) | U-MIC 4,027,523 (1,726,138 to 6,156,612) -656,543 (-823,742 to -485,631)
Apr-2021 (Zambia roll-out) | L-MIC 2,947,406 (770,385 to 5,150,923) -9,461 (-185,495 to 161,582)
Apr-2021 (Zambia roll-out) | LIC 1,061,523 (-954,398 to 3,359,479) 67,472 (-98,421 to 250,304)
Trans-1st wave start Minimal | 4,215,617 (310,397 to 9,808,182) 107,753 (-272,734 to 632,248)
Trans-1st wave start Moderate | 7,757,961 (4,346,967 to 12,619,420) 113,722 (-224,553 to 719,753)
Trans-1st wave start Optimal | 11,344,466 (8,046,270 to 15,410,559) | 157,455 (-171,710 to 683,024)
Pre-2nd wave start Minimal | 4,014,238 (-213,043 to 7,928,514) 104,056 (-223,899 to 515,672)
Pre-2nd wave start Moderate | 7,114,805 (3,555,591 to 11,363,955) 140,139 (-217,143 to 632,611)
Pre-2nd wave start Optimal | 9,884,661 (6,675,817 to 12,820,779) 134,075 (-180,652 to 526,035)
Pre-3rd wave start Minimal | 2,489,011 (389,923 to 4,411,301) 92,542 (-60,308 to 265,397)
Pre-3rd wave start Moderate | 4,388,245 (2,606,854 to 6,570,738) 132,641 (-30,052 to 324,329)
Pre-3rd wave start Optimal | 6,150,499 (4,755,828 to 8,089,343) 158,728 (13,699 to 346,769)




B.6 Additional results: chapter 6

Figures B33 and B34 present the distribution of estimated DALYs averted and total costs of all 180
simulated intervention across 250 stochastic simulations of each. Figure B35 is a faceted version of

Figure 6.2 in Chapter 6, to clearly demonstrate which scenarios were either not, weakly or strongly

dominated.
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Figure B33: DALY averted across scenarios in extended dominance analysis with the implementation
of COVID-19 vaccination only vs. vaccination and healthcare improvement in May 2020 in Kabwe,
Zambia as per CEPI’s 100-day mission (No delay), or at quarterly delays up to a year thereafter.
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Figure B34: Total costs across scenarios in extended dominance analysis with the implementation
of COVID-19 vaccination only vs. vaccination and healthcare improvement in May 2020 in Kabwe,
Zambia as per CEPI’s 100-day mission (No delay), or at quarterly delays up to a year thereafter.
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Figure B35: Cost-effectiveness plane of scenarios in extended dominance analysis of the implemen-
vaccination and healthcare improvement in May 2020

tation of COVID-19 vaccination only vs.
in Kabwe, Zambia, as per CEPI's 100-day mission (No delay) or at quarterly delays up to a year

thereafter. Diagonal dotted line show the low and high opportunity cost-based willingness to pay
threshold, at $57.69 and $1,146.64 2020-USD per DALY-averted, respectively, or between 6% and
120% the GDPpc of Zambia per DALY averted, respectively, which were calculated as per [199,200].
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Table B7: League table of not dominated and weakly dominated interventions, ranged by total cost in extended dominance analysis and by delay

window. *outcomes compared to factual (model-fitted) outcomes. **Outcomes compared to next more costly, not dominated intervention.

Delay Age eligible Intervention | Coverage | Status Total cost | DALYs averted (fact.*) | ICER (fact.)* | ICER ext. dom.**
No delay 30+ year-olds | Vacc. only 5% Not dominated 1341457 16167.275 -24.957757 NA
No delay 204 year-olds | Vacc. only 5% Not dominated 1426333 21382.356 -15.625785 16.275062
No delay 20+ year-olds | Vacc. + HC | 5% Not dominated 1461970 21441.124 -14.025813 606.405971
No delay 12+ year-olds | Vacc. + HC | 5% Not dominated 1990672 21880.655 9.575639 1202.876950
No delay 30+ year-olds | Vacc. + HC | 5% Weakly dominated 1386482 18552.289 -7.699999 NA
No delay 12+ year-olds | Vacc. only 5% Weakly dominated 1971948 21760.730 8.662419 NA
3 months | 65+ year-olds | Vacc. only 0.5% Not dominated 1701209 2044.850 -1.163174 NA
3 months 20+ year-olds | Vacc. only 5% Not dominated 1800621 17254.758 5.569700 6.536055
3 months 20+ year-olds | Vacc. + HC | 5% Not dominated 1876115 18844.401 8.040681 47.490833
3 months | 12+ year-olds | Vacc. + HC | 5% Not dominated 2227203 20466.998 21.919076 216.374027
3 months | 50+ year-olds | Vacc. only 2.5% Weakly dominated 1800149 3294.488 103.576060 NA
3 months 12+ year-olds | Vacc. only 5% Weakly dominated 2166732 19764.188 19.550645 NA
6 months 65+ year-olds | Vacc. only 5% Not dominated 1649641 3170.066 -131.664876 NA
6 months | 50+ year-olds | Vacc. only 0.5% Not dominated 1659720 6258.269 21.211822 3.263702
6 months 30+ year-olds | Vacc. only 2.5% Not dominated 1863258 11235.156 10.582246 40.896582
6 months 20+ year-olds | Vacc. only 2.5% Not dominated 2059599 15360.204 18.427229 47.597282
6 months | 20+ year-olds | Vacc. + HC | 2.5% Not dominated 2190092 17393.022 23.864620 64.193345
6 months | 124 year-olds | Vacc. + HC | 5% Not dominated 2421567 19519.714 32.955911 108.842795
6 months | 40+ year-olds | Vacc. only 0.5% Weakly dominated 1824592 7717.147 14.837673 NA
6 months 304 year-olds | Vacc. only 0.5% Weakly dominated 1825354 7983.386 -61.423464 NA
6 months 12+ year-olds | Vacc. only 0.5% Weakly dominated 1836732 8070.147 19.413078 NA
6 months 20+ year-olds | Vacc. only 5% Weakly dominated 2053752 14875.307 19.224855 NA
6 months | 20+ year-olds | Vacc. + HC | 5% Weakly dominated 2185479 17125.719 24.223245 NA




Table B7: League table of not dominated and weakly dominated interventions, ranged by total cost in extended dominance analysis and by delay
window. *outcomes compared to factual (model-fitted) outcomes. **Outcomes compared to next more costly, not dominated intervention.

ore

Delay Age eligible Intervention | Coverage | Status Total cost | DALYs averted (fact.*) | ICER (fact.)* | ICER ext. dom.**
6 months | 12+ year-olds | Vacc. only 5% Weakly dominated 2324223 18420.760 29.547676 NA
9 months 504 year-olds | Vacc. only 2.5% Not dominated 1580824 7602.709 -27.098220 NA
9 months | 40+ year-olds | Vacc. only 2.5% Not dominated 1695331 9591.887 -7.112707 57.565321
9 months 40+ year-olds | Vacc. + HC | 5% Not dominated 1932764 13421.459 12.469024 61.999794
9 months | 30+ year-olds | Vacc. + HC | 5% Not dominated 2115925 14631.067 23.799382 151.421368
9 months 20+ year-olds | Vacc. + HC | 5% Not dominated 2519026 15257.869 49.024294 643.107731
9 months 12+ year-olds | Vacc. + HC | 5% Not dominated 3044239 15727.421 81.690784 1118.541175
9 months 30+ year-olds | Vacc. only 5% Weakly dominated 1872610 11437.205 9.345335 NA
9 months 50+ year-olds | Vacc. + HC | 5% Weakly dominated 1873403 11800.981 10.567996 NA
12 months | 65+ year-olds | Vacc. only 2.5% Not dominated 1665378 3300.846 -46.734538 NA
12 months | 50+ year-olds | Vacc. only 5% Not dominated 1737816 5106.138 -29.691441 40.125201
12 months | 50+ year-olds | Vacc. + HC | 5% Not dominated 2046675 10101.496 36.424201 61.829312
12 months | 40+ year-olds | Vacc. + HC | 5% Not dominated 2202724 10847.017 49.412616 209.315199
12 months | 40+ year-olds | Vacc. + HC | 2.5% Not dominated 2210280 10864.469 47.762477 432.958287
12 months | 30+ year-olds | Vacc. + HC | 5% Not dominated 2478127 11326.069 72.695847 580.257949
12 months | 12+ year-olds | Vacc. + HC | 5% Not dominated 3454357 12068.829 148.671195 1314.326027
12 months | 40+ year-olds | Vacc. only 5% Weakly dominated 1903608 6160.282 47.164957 NA
12 months | 65+ year-olds | Vacc. + HC | 0.5% Weakly dominated 1996037 8704.030 -6.940699 NA
12 months | 65+ year-olds | Vacc. + HC | 2.5% Weakly dominated 1999401 8826.028 40.409246 NA
12 months | 20+ year-olds | Vacc. + HC | 5% Weakly dominated 2945401 11608.313 110.511942 NA




Table B8: Median (95%Crl) net-monetary benefit of the implementation COVID-19 vaccination only vs. vaccination and healthcare improvement
interventions in Kabwe, Zambia, assuming a low opportunity cost-based willingness to pay threshold, at $57.69 2022-USD or 6% of the per-capita
gross domestic product of Zambia per DALY averted.

eve

Age eligible | Intervention | Vacc. rate No delay 3-mo delay 6-mo delay 9-mo delay 12-mo delay
12-plus Vacc. + HC 0.5% 6 (-388 - 1459) 88 (-347 - 955) 313 (-258 - 933) | 415 (-145 - 907) 208 (-540 - 922)
12-plus Vacc. + HC 2.5% 984 (631 - 1240) 701 (285 - 935) 228 (-107 - 505) | -190 (-543 - 49) | -367 (-1063 - 106)
12-plus Vacc. + HC 5% 1074 (743 - 1362) 746 (375 - 1081) 518 (109 - 758) -366 (-799 - 91) | -904 (-1591 - -510)
12-plus Vacc. only 0.5% 50 (-343 - 1930) 131 (-359 - 700) | 368 (-265 - 1094) | 433 (-8 - 1023) 135 (-510 - 902)
12-plus Vacc. only 2.5% 1019 (665 - 1268) 714 (346 - 984) 281 (-18 - 545) -97 (-463 - 119) | -295 (-1209 - 308)
12-plus Vacc. only 5% 1091 (725 - 1355) 793 (390 - 1050) 546 (197 - 797) | -311 (-714 - 258) | -968 (-1705 - -485)
20-plus Vacc. + HC 0.5% -5 (-382 - 1759) 63 (-349 - 806) 309 (-243 - 1021) | 435 (-178 - 911) 128 (-420 - 884)
20-plus Vacc. + HC 2.5% 1549 (126 - 1830) | 922 (-106 - 1509) 624 (233 - 927) 99 (-237 - 350) -356 (-1109 - 159)
20-plus Vacc. + HC 5% 1614 (91 - 1904) 1208 (-70 - 1585) | 605 (112 - 1033) | 172 (-285 - 410) -440 (-1174 - 16)
20-plus Vacc. only 0.5% 1 (-344 - 1868) 128 (-318 - 908) | 349 (-283 - 1048) | 498 (-128 - 966) 136 (-606 - 1015)
20-plus Vacc. only 2.5% 1602 (208 - 1870) | 1007 (-278 - 1476) | 648 (156 - 936) 175 (-170 - 416) | -332 (-1306 - 229)
20-plus Vacc. only 5% 1660 (47 - 1922) | 1211 (-122 - 1619) | 596 (93 - 1085) 221 (-110 - 478) -356 (-1236 - 85)
30-plus Vacc. + HC 0.5% -47 (-395 - 470) 114 (-381 - 949) | 395 (-277 - 1034) | 452 (-160 - 907) 186 (-439 - 944)
30-plus Vacc. + HC 2.5% 1897 (-321 - 2299) | 89 (-320 - 1840) 514 (21 - 1095) 476 (88 - 739) -118 (-819 - 458)
30-plus Vace. + HC 5% 2054 (-300 - 2411) | 108 (-316 - 1976) | 386 (-27 - 1050) 524 (129 - 771) -17 (-781 - 454)
30-plus Vacc. only 0.5% 15 (-391 - 1849) 76 (-345 - 740) 380 (-221 - 1091) | 502 (-151 - 955) 142 (-624 - 957)
30-plus Vacc. only 2.5% 1855 (-354 - 2266) | 172 (-301 - 1832) 528 (83 - 1137) 539 (129 - 781) -50 (-1005 - 578)
30-plus Vacc. only 5% 2004 (-335 - 2331) | 196 (-332 - 1962) 436 (22 - 1051) 585 (180 - 793) 49 (-855 - 548)
40-plus Vacc. + HC 0.5% 127 (-175 - 809) 210 (-190 - 738) | 361 (-157 - 1031) | 446 (-100 - 982) 198 (-326 - 909)
40-plus Vacc. + HC 2.5% 133 (-308 - 2561) -2 (-325 - 1874) 286 (-132 - 1125) 605 (99 - 968) 226 (-476 - 798)
40-plus Vacc. + HC 5% 147 (-353 - 2504) | -13 (-329 - 1686) | 274 (-165 - 1090) 647 (69 - 988) 224 (-451 - 778)
40-plus Vacc. only 0.5% 176 (-350 - 2201) | 231 (-257 - 1197) | 383 (-189 - 1065) | 397 (-79 - 967) 138 (-546 - 991)
40-plus Vacc. only 2.5% 159 (-391 - 2547) 48 (-369 - 1791) | 361 (-134 - 1077) 704 (65 - 993) 250 (-634 - 850)



Table B8: Median (95%Crl) net-monetary benefit of the implementation COVID-19 vaccination only vs. vaccination and healthcare improvement
interventions in Kabwe, Zambia, assuming a low opportunity cost-based willingness to pay threshold, at $57.69 2022-USD or 6% of the per-capita
gross domestic product of Zambia per DALY averted.

vve

Age eligible | Intervention | Vacc. rate No delay 3-mo delay 6-mo delay 9-mo delay 12-mo delay

40-plus Vacc. only 5% 197 (-384 - 2592) 17 (-464 - 1672) | 316 (-241 - 1069) | 652 (95 - 1071) 262 (-547 - 885)
50-plus Vace. + HC 0.5% 203 (-327 - 898) 178 (-271 - 807) 412 (-41 - 1151) 525 (15 - 1035) 153 (-457 - 927)
50-plus Vacc. + HC 2.5% 272 (-106 - 834) 122 (-309 - 1174) | 320 (-115 - 1092) | 596 (58 - 1047) 283 (-312 - 929)
50-plus Vacc. + HC 5% 265 (-149 - 2269) 154 (-309 - 615) | 306 (-122 - 1142) 590 (6 - 1104) 289 (-352 - 1002)
50-plus Vacc. only 0.5% 237 (-313 - 704) 209 (-362 - 778) | 449 (-181 - 1302) | 591 (-34 - 1152) 215 (-439 - 1088)
50-plus Vacc. only 2.5% 285 (-245 - 2585) | 145 (-427 - 1000) | 363 (-168 - 1071) 681 (6 - 1162) 292 (-397 - 1092)
50-plus Vacc. only 5% 299 (-247 - 2474) 143 (-488 - 830) | 311 (-338 - 1117) | 598 (14 - 1171) 344 (-479 - 1026)
65-plus Vacc. + HC 0.5% 250 (-297 - 949) 192 (-398 - 997) | 271 (-333 - 1094) | 400 (-210 - 1058) | 285 (-351 - 1055)
65-plus Vacc. + HC 2.5% 314 (-160 - 1098) 152 (-361 - 906) | 238 (-320 - 1140) | 422 (-141 - 1157) | 255 (-334 - 1041)
65-plus Vacc. + HC 5% 264 (-214 - 895) 159 (-321 - 949) 202 (-316 - 970) | 339 (-255 - 1199) 229 (-381 - 995)
65-plus Vacc. only 0.5% 276 (-475 - 1078) | 154 (-540 - 1164) | 283 (-437 - 1006) | 425 (-402 - 1127) | 176 (-415 - 1056)
65-plus Vacc. only 2.5% 251 (-269 - 1105) | 146 (-405 - 1104) | 220 (-362 - 1214) | 378 (-260 - 1226) | 313 (-501 - 1080)
65-plus Vacc. only 5% 297 (-295 - 1237) 157 (-533 - 988) | 282 (-332 - 1139) | 361 (-218 - 1174) | 216 (-518 - 1106)

Table B9: Median (95%Crl) net-monetary benefit of the implementation COVID-19 vaccination only vs. vaccination and healthcare improvement
interventions in Kabwe, Zambia, assuming a high opportunity cost-based willingness to pay threshold, at $1,146.64 2020-USD or 120% of the
per-capita gross domestic product of Zambia per DALY averted.

Age eligible | Intervention ‘ Vacc. rate ‘ No delay ‘ 3-mo delay ‘ 6-mo delay ‘ 9-mo delay ‘ 12-mo delay

0.5%
2.5%

13296 (7354 - 18123)
16377 (12446 - 19214)

10435 (2478 - 17496)
11950 (5573 - 17077)

Vacc. + HC
Vacc. + HC

12799 (8348 - 20858)
24704 (21170 - 28018)

12529 (8442 - 17681)
23057 (18994 - 26344)

13438 (8769 - 19117)
20403 (17081 - 23417)

12-plus

12-plus



Table B9: Median (95%Crl) net-monetary benefit of the implementation COVID-19 vaccination only vs. vaccination and healthcare improvement
interventions in Kabwe, Zambia, assuming a high opportunity cost-based willingness to pay threshold, at $1,146.64 2020-USD or 120% of the
per-capita gross domestic product of Zambia per DALY averted.

ave

Age eligible | Intervention | Vacc. rate No delay 3-mo delay 6-mo delay 9-mo delay 12-mo delay

12-plus Vacc. + HC 5% 25019 (21281 - 28251) | 23237 (19501 - 26534) | 21958 (18050 - 25002) | 16737 (12561 - 20757) | 12376 (6616 - 16972)
12-plus Vacc. only 0.5% 8157 (2994 - 23801) 7685 (2116 - 13436) 8724 (2381 - 16764) 8193 (3586 - 15197) | 3515 (-3786 - 12503)
12-plus Vacc. only 2.5% 24500 (20601 - 27724) | 22057 (18242 - 25365) | 19059 (15834 - 21848) | 13492 (8803 - 16586) | 7023 (-2443 - 14247)
12-plus Vacc. only 5% 24835 (20948 - 28327) | 22452 (18469 - 25700) | 20686 (17164 - 23962) | 13915 (9091 - 19015) 6788 (-899 - 12889)
20-plus Vace. + HC 0.5% 12774 (8734 - 22776) | 12448 (7825 - 17660) | 13343 (8568 - 19601) | 13178 (7758 - 18224) | 9738 (4472 - 16760)
20-plus Vacc. + HC 2.5% 24900 (16381 - 28228) | 20496 (13873 - 25811) | 19601 (16179 - 22897) | 16370 (13057 - 19076) | 11595 (5318 - 17039)
20-plus Vacc. + HC 5% 25199 (17277 - 28559) | 22650 (14072 - 26765) | 19324 (15405 - 22634) | 17050 (12665 - 19620) | 12413 (5966 - 17767)
20-plus Vacc. only 0.5% 7614 (3125 - 23719) 7952 (2129 - 15194) 8586 (1858 - 16419) 8498 (2504 - 14414) | 3489 (-4426 - 13581)
20-plus Vacc. only 2.5% 25024 (13119 - 28207) | 19391 (8380 - 24672) | 17394 (12214 - 21272) | 13482 (9891 - 17129) | 6915 (-4036 - 13683)
20-plus Vacc. only 5% 25246 (12219 - 28412) | 21724 (9988 - 25537) | 16808 (11922 - 21641) | 14116 (9982 - 17482) 8035 (-778 - 13823)
30-plus Vacc. + HC 0.5% 12488 (8396 - 16999) | 12914 (7725 - 18956) | 13992 (7861 - 19504) | 13338 (7829 - 17577) | 10362 (4046 - 17349)
30-plus Vacc. + HC 2.5% 23918 (8202 - 28782) | 13142 (8883 - 25069) | 16526 (12108 - 20891) | 16295 (12956 - 19144) | 11945 (5311 - 17652)
30-plus Vace. + HC 5% 24719 (9379 - 29015) | 13475 (8852 - 25821) | 15459 (11645 - 20259) | 16630 (13013 - 19696) | 12548 (5882 - 17487)
30-plus Vacc. only 0.5% 7940 (2937 - 23323) 7248 (2117 - 13438) 8856 (2358 - 16840) 8811 (2175 - 14207) | 3546 (-5940 - 12287)
30-plus Vacc. only 2.5% 22695 (3047 - 27602) 8874 (3417 - 23853) 12488 (7633 - 19089) | 12816 (8495 - 16107) | 7236 (-4176 - 14195)
30-plus Vacc. only 5% 23842 (3067 - 28524) 9111 (3434 - 25507) 11464 (7268 - 17416) | 13135 (8538 - 16927) | 7802 (-2113 - 13756)
40-plus Vacc. + HC 0.5% 11607 (7681 - 17130) | 12190 (8488 - 17416) | 13517 (8985 - 19141) | 13132 (8088 - 19149) | 10224 (5279 - 16600)
40-plus Vacc. + HC 2.5% 11281 (6482 - 26965) | 10313 (6528 - 22824) | 13071 (8613 - 19597) | 14890 (10531 - 19451) | 11955 (6165 - 18136)
40-plus Vacc. + HC 5% 11491 (5775 - 26842) | 10243 (5960 - 21017) | 12647 (8234 - 18585) | 15410 (11228 - 19457) | 12143 (5581 - 17736)
40-plus Vacc. only 0.5% 6501 (-206 - 23561) 7059 (1739 - 15992) 8606 (2313 - 16070) TTT7 (2479 - 14599) | 3754 (-4948 - 13185)
40-plus Vacc. only 2.5% 5941 (-836 - 26981) 5005 (-814 - 20635) 8127 (2912 - 15464) 11506 (5385 - 15627) | 6848 (-2900 - 13744)
40-plus Vacc. only 5% 6290 (-732 - 27375) 4634 (-1448 - 19091) 7855 (1149 - 14575) 10949 (4914 - 16041) | 6874 (-1329 - 14428)
50-plus Vace. + HC 0.5% 10359 (4930 - 17010) | 10156 (5710 - 15398) | 12262 (7733 - 18413) | 12964 (8007 - 17628) | 9956 (4045 - 17073)




Table B9: Median (95%Crl) net-monetary benefit of the implementation COVID-19 vaccination only vs. vaccination and healthcare improvement
interventions in Kabwe, Zambia, assuming a high opportunity cost-based willingness to pay threshold, at $1,146.64 2020-USD or 120% of the
per-capita gross domestic product of Zambia per DALY averted.

9v€

Age eligible | Intervention | Vacc. rate No delay 3-mo delay 6-mo delay 9-mo delay 12-mo delay

50-plus Vacc. + HC 2.5% 10759 (6352 - 16262) 9699 (4973 - 17639) 11396 (6789 - 18040) | 13098 (8884 - 17833) | 11088 (5795 - 17353)
50-plus Vace. + HC 5% 10926 (5732 - 22937) 9915 (5260 - 13690) 11182 (6620 - 16920) | 13399 (8570 - 18622) | 11140 (4966 - 17895)
50-plus Vacc. only 0.5% 4702 (-2193 - 10535) 4366 (-2417 - 10830) 7113 (61 - 16067) 8184 (1242 - 15015) | 4245 (-3379 - 13571)
50-plus Vacc. only 2.5% 4928 (-1756 - 24984) 3594 (-3768 - 12123) 6125 (-275 - 13054) 9019 (1613 - 15128) 5318 (-2005 - 14334)
50-plus Vacc. only 5% 5029 (-1514 - 23538) 3512 (-4475 - 10302) 5552 (-2076 - 13310) 8422 (1841 - 15445) 5723 (-3780 - 13989)
65-plus Vace. + HC 0.5% 9607 (4485 - 15508) 9051 (2725 - 15962) 9817 (3170 - 16421) 10936 (4823 - 16478) | 9962 (3656 - 16441)
65-plus Vacc. + HC 2.5% 10022 (5166 - 16679) 8723 (3224 - 15045) 9571 (3482 - 16356) 11029 (5496 - 17565) | 9484 (4103 - 16626)
65-plus Vacc. + HC 5% 9453 (4117 - 15123) 8568 (3597 - 15352) 9075 (4030 - 15470) 10328 (4434 - 18189) | 9490 (3670 - 15804)
65-plus Vacc. only 0.5% 3166 (-6198 - 12097) 2175 (-5925 - 12395) 3440 (-5363 - 11210) 5066 (-4696 - 13051) | 2492 (-4723 - 12780)
65-plus Vacc. only 2.5% 2910 (-3190 - 12588) 1949 (-4767 - 12223) 2941 (-4286 - 12826) 4578 (-2439 - 14229) | 3900 (-5318 - 12549)
65-plus Vacc. only 5% 3422 (-3471 - 13154) 2160 (-6536 - 11192) 3357 (-3877 - 12637) 4407 (-1956 - 13869) | 3196 (-4639 - 12899)
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