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Abstract

Respiratory infectious diseases (RID) have significant health and social impacts globally,
and the speed of transmission and the scale of outbreaks pose significant challenges to
public health systems and social stability. As the two major respiratory infectious diseases,
influenza and SARS-CoV-2 are both highly contagious and clinically complex. Influenza
causes large-scale outbreaks every year, posing a serious threat, especially to vulnerable
populations. SARS-CoV-2 has spread rapidly across the world since its emergence in late
2019, leading to the COVID-19 pandemic and triggering public health crises worldwide.
Therefore, this PhD thesis focuses on a number of important aspects of influenza and
SARS-CoV-2, aiming to gain an in-depth understanding of their transmission status in the
community, and prevalence in different subgroups of populations, and to construct reliable

forecasting frameworks to support pandemic control and public health decision-making.

The thesis systematically analysed the transmission dynamics of SARS-CoV-2 in England
through community surveillance, revealing its epidemiological trends and the prevalence of
SARS-CoV-2 infection in different populations with respect to their social, economic and
living characteristics. The results of the risk factor analysis demonstrated health inequality
existed among ethnic groups, household size, and occupational activity, providing a scientific
basis for targeted prevention and control and resource allocation. Furthermore, an efficient
forecasting framework based on advanced data analysis and machine learning techniques
was developed, which can accurately predict the trends of influenza and SARS-CoV-2
transmission, potentially offering a more practical tool for decision-making by the
government and health departments than other currently available frameworks. These
research results are expected to provide useful references for global epidemic prevention
and control, as well as valuable experience for in-depth research and practice in the fields of

public health and data science.
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Chapter 1 Introduction and Epidemiology of
Influenza and SARS-CoV-2

1.1 Introduction to the Thesis

Infectious diseases are caused by germs (viruses, bacteria, or other pathogenic microbes)
(Morens, Folkers & Fauci, 2004). Among infectious diseases, respiratory infectious diseases
(RIDs) have captured the attention of the public because they cause high levels of morbidity
and mortality. Germs that cause infections of the respiratory system are frequently
transmitted by mucus and saliva when a person coughs, sneezes, or talks. Respiratory tract
infections (RTI) are mainly classified as either upper respiratory tract infections (URIs) or

lower respiratory tract infections (LRISs).

Respiratory infectious diseases pose a considerable burden to health every year, despite the
fact that cost-effective methods for their prevention are available. According to the latest
estimate from the 2019 Global Burden of Disease (GBD) study, RIDs caused ~2.1 billion
cases and over 3.6 million deaths worldwide, accounting for 36% of all infectious disease
deaths in the non-pandemic year 2019 (Institute for Health Metrics and Evaluation, 2019)
The impact of RIDs on health systems can also be measured in economic terms. For
example, in the United States, the economic impact of seasonal flu is estimated to be around
$10.4 billion and $16.3 billion per year in direct medical costs and indirect productivity costs

respectively (Young-Xu et al., 2017).

Respiratory infectious diseases also cause pandemics which can result in even greater
negative impacts, for example, the 1918 influenza pandemic, the 1968 influenza pandemic,
and the 2009 influenza pandemic. The COVID-19 pandemic, caused by severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2), is the latest disruptive global event

caused by RID, leading to substantial mortality and morbidity globally, with over 600 million
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confirmed cases reported, resulting in nearly 7 million deaths as of October 2022 (World
Health Organization (WHO), 2020). As this thesis is finalised, the BA.2.86 variant is just
being described (Centers for Disease Control and Prevention, 2023).The COVID-19
pandemic is not yet over, and potential subsequent waves of infection may occur. These
estimates will increase. More specifically, COVID-19 causes significant demand on a
number of resources, including oxygen, ward beds, intensive care units (ICU), anaesthetists,
intensivists, healthcare staff, and personal protective equipment (PPE). There always
remains a need for non-COVID-19 care, lending to an unbalance of healthcare resources

between two types of patients.

Understanding the epidemiology of RIDs is essential to develop timely and effective
interventions to mitigate their impact on individuals and communities. Epidemiological
studies provide valuable information on the transmission dynamics, risk factors, and
outcomes of respiratory infectious diseases. By identifying patterns of disease spread,
researchers and public health officials can better understand the routes of transmission and
risk factors associated with severe outcomes. For instance, epidemiological investigations
have revealed that respiratory viruses, such as influenza and SARS-CoV-2, are transmitted
through respiratory droplets, emphasizing the importance of preventive measures such as
hand hygiene, respiratory etiquette, and social distancing (Zhu et al., 2020; Zhou et al.,
2020b). Furthermore, by analysing epidemiological data, researchers can identify vulnerable
populations, such as the elderly and individuals with underlying health conditions, who may

require targeted interventions to reduce their risk of severe iliness (Huang et al., 2020).

Forecasting respiratory infectious diseases is equally crucial for preparedness and response
efforts. By employing computational and mathematical models and by using other statistical
analyses, researchers can project the future trajectory of disease outbreaks, enabling public
health authorities to anticipate potential surges in infections and plan resource allocation
accordingly. For example, forecasting models have been instrumental in predicting the
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spread of seasonal influenza and guiding the formulation of influenza vaccines each year
(Boddington et al., 2021). During the COVID-19 pandemic, forecasting models have been
employed to estimate the demand for hospital beds, ventilators, and other medical
resources, aiding healthcare systems in capacity planning and preparedness (Chang et al.,
2020; Ferguson et al., 2020; Krylova et al., 2020; Johnson et al., 2023; Deschepper et al.,
2021). Moreover, accurate forecasting of the spread of RIDs is essential for implementing
timely and targeted control measures. For example, during the omicron wave in the UK, 2-
week ahead forecasts were used by senior officials to plan for possible surges in healthcare

demand (Mellor et al., 2023).

To understand the epidemiology and develop accurate forecasting models for RIDs, the
thesis is organised as follows. The remainder of this chapter reviews the epidemiology of the
respiratory infectious diseases that are the focus of the thesis - influenza and SARS-CoV-2,
providing the biological and epidemiological background required for the construction of the
later analytical methods. Chapter 2 gives an overview of the forecasting models that have
been developed and applied to influenza and SARS-CoV-2 surveillance data. Chapter 3
proposes a machine learning forecasting framework to predict influenza-like-iliness (ILI) as
an ordinal outcome and applies it to the influenza surveillance data of multiple countries
worldwide prior to the COVID-19 pandemic, during which influenza transmission ceased in
many populations. Chapter 4 uses data from the the REal-time Assessment of Community
Transmission-1 (REACT-1) study REACT-1 study to investigate the epidemiology of SARS-
CoV-2 infection with respect to age and geographical region in England. Building on Chapter
4, Chapter 5 further analyses the epidemiology of SARS-CoV-2 infection and identifies risk
factors related to occupation, sociodemographic status and ethnicity in England. Chapter 6
returns to forecasting to extend the machine learning framework developed in Chapter 3 for
influenza and applies it to the prediction of COVID-19 hospital admission levels. Finally, in
Chapter 7, the public health implications of findings from the previous six chapters are
discussed.
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1.2 Influenza

1.2.1 Key Biology of Influenza Viruses

This section provides an overview of the key aspects of influenza biology, including the gene
structure of influenza viruses, the process of cell replication, and the immune response
elicited by the host. By investigating these fundamental aspects, we can gain insights into
the mechanisms underlying viral replication, pathogenesis, and host immune interactions,

ultimately aiding in the development of interventions and therapeutics.

1.2.1.1 Gene Structure of Influenza Virus

Influenza viruses are members of the Orthomyxoviridae family and are characterised by their
envelope, segmented genome, and negative-stranded viral RNA (VRNA) structure. Influenza
viruses are categorised into four types, namely influenza A, B, C and D viruses,
distinguished by their immunological and biological characteristics. While influenza A viruses
(IAV) and influenza B viruses (IBV) both cause seasonal epidemics in humans, |AVs are of
particular significance because they are the only known type of influenza viruses able to
cause pandemics, such as the 1918 pandemic caused by the H1N1 subtype, and
subsequent pandemics caused by H2N2 in 1957, H3N2 in 1968, and another H1N1 in 2009
(Taubenberger & Morens, 2008; Novel Swine-Origin Influenza A (H1N1) Virus Investigation
Team et al., 2009; Palese, 2004). Infections caused by influenza C viruses (ICV) typically
result in mild symptoms and are not considered capable of triggering widespread outbreaks
among humans (Sederdahl & Williams, 2020). Finally, influenza D viruses (IDV)
predominantly affect cattle and swine and only occasionally transmit to other animal species.
There is currently no evidence to suggest they have the ability to infect humans or induce
illness in them (Liu et al., 2020). Since the IDVs are newly discovered, and many basic
questions are still being addressed, they will not be discussed further below.

The structure of IAVs and IBVs exhibit a number of similarities, while ICVs display a greater
degree of divergence. The genomes of IAVs and IBVs are composed of eight segments of
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negative-sense, single-stranded vRNA (Lamb, 2008). Each vRNA segment encodes for
different viral proteins essential for viral replication and pathogenesis. The segments for
IAVs are designated as: polymerase basic protein 2 (PB2), polymerase basic protein 1
(PB1), polymerase acidic protein (PA), hemagglutinin (HA), nucleoprotein (NP),
neuraminidase (NA), matrix protein (M), and non-structural proteins 1 and 2 (NS1 and NS2)
(Lamb, 2008). IBVs have similar vRNA segments, with the key differences that segment 6
encodes for the NA and NB proteins, and segment 7 encodes the M1 and BM2 proteins.
ICVs possess seven segments of single-stranded vVRNA, distinguishing them from other

influenza viruses by the absence of the NA gene.

The antigenic properties of the two surface spike glycoproteins, HA and NA, further classify
IAVs into subtypes. These subtypes are defined by eighteen distinct HA subtypes and 11
distinct NA subtypes, denoted as H1 through H18 and N1 through N11, respectively.
Although over 130 combinations of influenza A subtypes have been observed in the wild,
predominantly in avian species, the potential for numerous additional subtype combinations
exists due to the phenomenon of virus "reassortment." Reassortment refers to the exchange
of gene segments between influenza viruses (Steel & Lowen, 2014). This process occurs
when two different influenza viruses infect a single host simultaneously and exchange
genetic material (Steel & Lowen, 2014). For instance, the H5N1 viruses and their genotypes
emerged through multiple reassortments with other influenza subtypes, and further
diversified into distinct clades, which spread to impact more than 60 countries. (Vijaykrishna

et al., 2008).

1.2.1.2 Viral Replication

Understanding the intricate processes involved in the cell replication of influenza can provide
insights for the development of effective antiviral drugs and vaccines. Targeting key viral

proteins involved in replication, such as the polymerase complex or the matrix protein, may
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inhibit viral replication and potentially limit disease progression (Pflug et al., 2017).
Furthermore, identifying host factors involved in the replication process may uncover

potential targets for therapeutic interventions.

The majority of our understanding regarding the molecular mechanisms underlying viral
messenger RNA (mRNA) synthesis and VRNA replication for influenza viruses has come
from investigations of IAVs. IBVs are inferred to have similar mechanisms as |AVs for
transcription and replication processes due to their comparable genomic structure and the
presence of polymerase proteins that exhibit extensive sequence homology with those found
in IVAs (Krug & Fodor, 2013). Therefore, we will focus on the IAVs in this and the following

sections, and all the "influenza viruses" mentioned later in this section refer to IAVs.

The replication of influenza viruses within host cells is a multifaceted process involving
intricate interactions between viral proteins and host factors. Following attachment to host
cells through the binding of viral HA proteins to sialic acid receptors on the cell surface, the
viral envelope fuses with the host cell membrane, facilitating the release of viral
ribonucleoprotein complexes (VRNPs) into the cytoplasm. When the virus enters the host
cell, the vRNPs are transported into the nucleus, where viral RNA replication and
transcription occur. Polymerase proteins, including PB2, PB1, and PA, will get involved in

these processes.

Within the nucleus, the transcription and replication of vRNAs are performed by the
polymerase (Dou et al., 2018). The replication of the influenza genome occurs in two stages.
The first stage is the synthesis of complementary RNA (cRNA) strands from the negative-
sense VRNAs through transcription. In the second stage, these cRNAs serve as templates to
produce new copies of VRNAs, which can be either incorporated into newly formed virions or
used for further replication. cRNA production occurs through an unprimed mechanism that
relies on the accurate pairing of free ribonucleoside triphosphates (rNTPs), typically GTP
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and ATP, with the 3' end of the vRNA template (York et al., 2013; Newcomb et al., 2009).
Following its release from the polymerase, the cRNA associates with newly synthesised NP
molecules and a single molecule of the viral polymerase, assembling into a complementary

ribonucleoprotein (cCRNP) complex (York et al., 2013).

Once vRNAs are synthesised, they are exported from the nucleus back to the cytoplasm,
where subsequent stages of the replication cycle take place. The M1 protein binds to the
newly synthesised VRNAs and assists in their nuclear export. The vVRNAs then associate
with the NP to form the vVRNP complexes, preparing for viral assembly and packaging into
progeny virions. In the final stages of the replication cycle, the viral components, including
HA and NA proteins, the vVRNPs, and matrix proteins, are assembled at the host cell
membrane. The NA protein facilitates the release of mature virus particles from the cell
surface by cleaving sialic acid residues, preventing viral aggregation and promoting the

spread of infection.

1.2.1.3 Immune Response

The ability to evade and manipulate the host immune system is one of the key features of
influenza viruses. Immune responses triggered by influenza virus infections in humans
exhibit considerable breadth and durability. However, influenza viruses can elude these
immune responses over time due to their high mutation rates and antigenic adaptability (Al
Khatib et al., 2019). Vaccines are considered the most effective available defence against
infection and disease, but their efficacy in comparison to some other viral vaccines is limited
(Krammer, 2019). Understanding the underlying mechanism of immune response to
influenza virus infection is important for vaccine development and for understanding the

current immune status of the population (Krammer, 2019).
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The immune response to influenza involves a complex interplay between the innate and
adaptive immune systems, orchestrated by various immune cells and soluble factors. Upon
infection, the initial line of defence is the innate immune response, which provides rapid but
nonspecific protection against the virus. The innate immune system is intricately structured
to identify microbial infections by recognising specific molecular patterns that are distinctively
found in microorganisms, including viruses (lwasaki & Pillai, 2014). The recognition of
influenza viruses is achieved by pattern recognition receptors (PRRs). There are at least
three different classes of PRRs involved: Toll-like receptors (TLR3, TLR7, and TLRS8),
retinoic acid-inducible gene | (RIG-I)-like receptors and NOD-like receptors (NLRP3) (Pang
& Iwasaki, 2012). Both RIG-I and TLRs trigger the activation of type | interferon (IFN) and
cytokine gene expressions, whereas NLRP3 leads to the activation of caspase-1, which

cleaves and releases cytokines such as interleukin 1B (IL-1B8) and IL-18.

Following the innate response, adaptive immunity is activated. The adaptive immune
response to influenza is primarily mediated by B cells and T cells. B cells produce virus-
specific antibodies that can neutralise the virus, prevent viral entry into cells, and infected
cell clearance by antibody-dependent cellular cytotoxicity (ADCC) (Janssens et al., 2022). T
cells, on the other hand, recognise viral peptides presented on major histocompatibility
complex (MHC) molecules and can directly kill infected cells or support the activities of B

cells and other immune cells (Swain, McKinstry & Strutt, 2012).

The major targets of the adaptive immune response to influenza are the viral surface
glycoproteins HA and NA (Krammer, 2019). Antibodies targeting the HA protein can inhibit
viral entry into host cells and limit viral replication, while antibodies against the NA protein
can prevent the release of newly formed viral particles from infected cells. However, due to

the high genetic variability of influenza viruses, the HA and NA proteins can undergo
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antigenic drift and recombination, leading to the emergence of new strains that can evade

pre-existing immunity (Koel et al., 2013).

1.2.2 Surveillance
Influenza outbreaks pose significant challenges to public health due to their ability to spread
rapidly and cause substantial morbidity and mortality. Routine surveillance and outbreak

investigations can be both helpful in reducing that impact.

1.2.2.1 Clinical Surveillance of Influenza

Clinical surveillance is instrumental in detecting and tracking influenza cases, providing
critical information for public health decision-making and response efforts (Al Khatib et al.,
2019). By monitoring clinical symptoms and laboratory-confirmed cases fast and accurately,
clinical surveillance provides early warnings, enhances the understanding of influenza

epidemiology, and aids in implementing preventive measures (Al Khatib et al., 2019).

One approach to clinical surveillance is syndromic surveillance, which involves monitoring
the symptoms reported by patients seeking healthcare prior to the laboratory confirmation
(Mandl et al., 2004). Syndromic surveillance systems track data from various sources, such
as emergency departments, outpatient clinics, and pharmacies, and analyse them in near
real-time to detect trends of influenza activity (Buehler et al., 2007). ILI or influenza-
associated hospitalisations captured by syndromic surveillance provide early warning signals

of influenza outbreaks and help identify vulnerable populations (Olson et al., 2007).

Laboratory testing is another essential component of clinical surveillance for influenza.
Diagnostic tests, including polymerase chain reaction (PCR) assays and viral culture, detect
and confirm the presence of influenza viruses in respiratory samples (Uyeki et al., 2019).

These tests provide information on the circulating influenza strains, subtypes, and their
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antigenic characteristics, which is essential for monitoring influenza virus evolution and
guiding strain selection for vaccine campaigns (Krammer & Palese, 2015). Efficient
laboratory testing also helps identify the degree to which influenza viruses are contributing to
severe cases of respiratory disease, such as those requiring hospitalisation or associated
with severe complications, facilitating appropriate clinical management and public health

response (Uyeki et al., 2019).

1.2.2.2 Global Surveillance of Influenza

National influenza surveillance systems are important in monitoring the occurrence and
spread of influenza epidemics and providing academic researchers with reliable and
sufficient data sources to develop forecasting models. At the global level, several methods
and strategies are employed to facilitate timely and accurate data collection, reporting,
aggregation and analysis. These efforts aim to provide a comprehensive understanding of
influenza activity worldwide, inform public health responses, and support pandemic

preparedness.

Data collection for global influenza surveillance involves the gathering of information on
influenza cases, including their geographic location, demographic characteristics, clinical
presentation, and virological characteristics (Global Influenza Surveillance and Response
System (GISRS), n.d.; Caini et al., 2015). Multiple sources contribute to the data collection,
such as sentinel surveillance systems (Olson et al., 2007; Virtual meeting, 2022), laboratory
testing (Al Khatib et al., 2019), and healthcare utilisation data (Murray et al., 2018). Sentinel
surveillance systems, commonly implemented in many countries, involve a network of
healthcare facilities that report ILI or severe acute respiratory infection (SARI) cases to
designated public health authorities (World Health Organization. Regional Office for South-

East Asia, 2002).
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To ensure standardised reporting of influenza data, global reporting systems have been
established. The WHO coordinates and facilitates the Global Influenza Surveillance and
Response System (GISRS), which works closely with national influenza centres,
collaborating centres, and other reference laboratories worldwide (Global Influenza
Surveillance and Response System (GISRS), n.d.). GISRS serves as a platform for
exchanging influenza-related information worldwide, including virus isolates, antigenic and
genetic characterization data, and epidemiological updates, which enhances data collection
and sharing among different countries and regions (Global Influenza Surveillance and
Response System (GISRS), n.d.). Additionally, real-time monitoring of influenza viruses and
their genetic evolution can help early detection of novel influenza viruses with potential
epidemics so as to optimise global preparedness and timing of vaccination campaigns

(Bedford et al., 2015).

1.2.3 Epidemiology of Influenza
This section provides an overview of key aspects of influenza epidemiology, including the
global burden of influenza, seasonal patterns, the impact on healthcare systems, and the

emergence of pandemics and novel influenza strains.

1.2.3.1 Global Burden of Influenza

Influenza is a significant global public health concern, causing substantial morbidity and
mortality each year all around the world (Khanna et al., 2008). The burden of influenza is
assessed from multiple perspectives, including annual incidence, morbidity, and mortality

rates, which vary across regions and populations (Li et al., 2018; Kovacs et al., 2014).

The annual global incidence of influenza constitutes a major health hazard, with many
millions of cases reported worldwide each year. It is estimated that influenza viruses cause

between 3 and 5 million cases of severe illness annually, leading to 290000 to 650000
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respiratory-related deaths (World Health Organization, 2023a). The morbidity associated
with influenza extends beyond the number of cases and includes various aspects such as
healthcare utilisation (Groves et al., 2022; O’Halloran et al., 2021), and hospitalisations
(Ortiz et al., 2014). Influenza-related hospitalisations place a substantial strain on healthcare
systems globally, particularly during peak seasons. It is estimated that influenza-associated

hospitalisations range from 140,000 to 710,000 annually (luliano et al., 2018).

In addition to adverse health impacts on individuals, influenza also exerts a considerable
societal and economic burden (Young-Xu et al., 2017). It affects productivity and disrupts
healthcare services, particularly during peak influenza seasons when healthcare facilities are
overwhelmed with increased patient demand (Verikios et al., 2012). The burden on
healthcare systems is further compounded by the need for intensive care unit (ICU)
admissions and the use of antiviral medications and other medical interventions (Fleming &
Elliot, 2008). The economic burden of influenza is significant, encompassing direct medical
costs, productivity losses, and the societal impact of illness and premature death (Molinari et
al., 2007). In the United States, the combined direct medical expenses have been
approximated at 3.2 billion US dollars annually, while the indirect costs reached 8 billion US
dollars (de Courville et al., 2022). Similarly, in the European Union, the annual cost of
seasonal influenza is estimated to range from 6 billion euros dollars to 14 billion euros

dollars (de Courville et al., 2022).

Morbidity

Morbidity refers to the burden of illness, encompassing the number of cases, the severity of
illness, and the impact on individuals' health, which is usually represented or estimated using
prevalence or incidence (Hernandez & Kim, 2022). Prevalence measures the relative
frequency of a specific symptom or characteristic within a population at a particular point in

time, whereas incidence describes the rate at which individuals in a specific population
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acquire a specific symptom or characteristic over a particular period of time (Noordzij et al.,

2010).

Certain groups of the population such as children, the elderly, and individuals with underlying
health conditions, are at higher risk of severe illness and complications from

influenza. Children, especially those under the age of five, are disproportionately affected by
influenza, accounting for a significant proportion of hospitalisations and deaths (luliano et al.,
2018; Wang et al., 2020b). The elderly, particularly those over the age of 65, are also at
increased risk of severe outcomes (Reed et al., 2015). Among children, asthma is the most
prevalent underlying risk factor, while chronic obstructive pulmonary disease and other
chronic lung conditions are commonly associated with hospitalisation among the elderly
(Grohskopf et al., 2022). In addition, elderly individuals, pregnant women, and individuals
with chronic medical conditions are particularly vulnerable to severe illness and
complications (Jain et al., 2009). The full list of commodities associated with severe
influenza-related complications defined by the US Advisory Committee on Immunization

Practices can be found at (Grohskopf et al., 2022).

Mortality

Mortality, on the other hand, refers to the number of deaths resulting from the diseases
under study, which can be communicated as a rate or an absolute number (Hernandez &
Kim, 2022). Mortality is typically expressed as a death rate per 1000 individuals, thus it is
calculated as the number of deaths within a specified time period and population by the total
population, and then multiplied by 1000 to indicate the "per 1000" rate for the population
under investigation (Hernandez & Kim, 2022). Influenza-related mortality varies each year,
and the severity of influenza season in terms of mortality can range from mild to severe
(Simonsen et al., 1997). Older individuals aged above 65 years have higher influenza-
associated mortality rates (Reed et al., 2015). The impact of influenza on mortality is

multifaceted and includes direct influenza-related deaths as well as indirect deaths attributed
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to complications such as pneumonia, cardiovascular events, and exacerbation of underlying

health conditions (Thompson et al., 2003).

Estimating influenza-related mortality is challenging due to the variability in reporting
practices, coding inconsistencies, and the presence of comorbidities. Influenza mortality is
traditionally estimated by the excess mortality method, primarily focused on developed
countries in northern temperate regions, with some notable exceptions in tropical and sub-
tropical populations (Yuan et al., 2021; Yang et al., 2015). Epidemiological studies employ
statistical methods and surveillance data to estimate excess mortality during influenza
seasons, taking into account baseline mortality rates and temporal associations with
influenza activity (Simonsen et al., 2005; Thompson, Comanor & Shay, 2006). One
commonly used model is the Serfling model, which calculates excess mortality by comparing
observed deaths during the influenza season with the expected baseline mortality (Serfling,
1963). Other modelling approaches include time-series models, compartmental models, and
statistical regression models that capture the complex dynamics of influenza transmission
and its impact on morbidity and mortality (Yang et al., 2009; Viboud et al., 2006; Yang,

Lipsitch & Shaman, 2015; Shaman & Karspeck, 2012).

1.2.3.2 Seasonality of Influenza

Influenza exhibits distinct seasonal patterns, with its occurrence varying across different
seasons and regions worldwide. The occurrence of influenza follows a consistent pattern in
many countries, with most temperate populations experiencing annual epidemics during their
winter: influenza transmission in northern temperate regions is observed to typically increase
and reach a peak between December and February, and gradually diminish between April
and May (Bloom-Feshbach et al., 2013). For temperate regions in the southern hemisphere,
the onset of influenza seasonal activity generally commences around June because of the

reversed seasons (Kenah et al., 2011). However, the seasonality of influenza becomes

31


https://paperpile.com/c/xvG1TR/I2Yel
https://paperpile.com/c/xvG1TR/SH4p9+GmMJr
https://paperpile.com/c/xvG1TR/xv1wI+sfifv
https://paperpile.com/c/xvG1TR/XfRGs
https://paperpile.com/c/xvG1TR/XfRGs
https://paperpile.com/c/xvG1TR/HpbmS+k2HBL+5bfCF+VNw9n
https://paperpile.com/c/xvG1TR/HpbmS+k2HBL+5bfCF+VNw9n
https://paperpile.com/c/xvG1TR/t5EUj
https://paperpile.com/c/xvG1TR/ahime

increasingly intricate in tropical and subtropical regions (Soebiyanto et al., 2014). Influenza
activity can be more sustained throughout the year, with less pronounced seasonal peaks,
exhibiting variability influenced by diverse climate factors and potential altitude (Azziz

Baumgartner et al., 2012).

Accurately describing the seasonality of influenza allows decision-makers to respond to
outbreaks efficiently, optimise vaccination strategies, and implement effective public health
interventions (Axelsen et al., 2014; Chretien et al., 2014). However, the timing of seasonality
of influenza varies between years and across different regions and can be affected by
multiple factors, which makes it challenging for scientists to develop forecasting models that
can be applied to most regions with accurate forecasts of key characteristics of the

seasonality, such as the season onset and end times (Tamerius et al., 2011).

Climatic factors affect the transmission of influenza and are partly responsible for its
seasonality, with scientific investigations primarily focussing on temperature and humidity. In
temperate regions, lower temperatures and humidity during the winter months create
favourable conditions for influenza virus survival and transmission (Lowen & Steel, 2014). In
addition to climatic factors, indoor crowding, and reduced ventilation, in colder months
contribute to the higher transmission of influenza viruses (Shaman et al., 2010). In tropical or
subtropical regions, where the temperature is relatively more constant, other factors, such as
rainfall patterns and humidity, are more likely to influence the seasonality of influenza

(Tamerius et al., 2013).

Population density and human mixing patterns also contribute to the variation in patterns of
influenza disease. High-density urban areas with increased social interactions facilitate the
spread of influenza viruses, leading to more pronounced seasonal peaks (Lofgren Eric et al.,

2007; Tamerius et al., 2013). School terms and holiday periods also influence influenza
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transmission, as children are often key drivers of influenza outbreaks due to their higher
susceptibility and increased social contact within schools (Cauchemez et al., 2014).
Changes in population behaviours, such as increased travel during holidays or migration,
can introduce new influenza strains into different regions, affecting the timing and intensity of

seasonal outbreaks (Shaman et al., 2010).

1.3. SARS-CoV-2

As a global pandemic pathogen, SARS-CoV-2 not only triggered a public health crisis, but
also reshaped global scientific research, prevention and control strategies, and social lives.
The sudden emergence of this new pathogen reminds us that in the context of globalisation,

we are facing the great challenges that emerging infectious diseases may bring.

In the past few decades, influenza has been the representative of respiratory infectious
diseases, causing annual seasonal outbreaks and also requiring continuous strengthening of
surveillance and vaccination. However, the unexpected rise of SARS-CoV-2 prompted an
urgent re-examination of our understanding of respiratory viruses and their potential to cause
a global pandemic. This major shift in the infectious disease landscape caused
unprecedented attention from the public and encouraged researchers to re-prioritise

research focus on pandemic preparedness.

Therefore, this section will delve into multiple aspects of SARS-CoV-2, covering its genetic
characteristics, surveillance, and transmission dynamics, which provide prerequisite
background information for the following chapters about regression analysis and forecasting

of SARS-CoV-2.
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1.3.1 Biology of SARS-CoV-2

1.3.1.1 Gene Structure of SARS-CoV-2

SARS-CoV-2, the virus that causes the disease COVID-19, belonging to the Coronaviridae
family, which encompasses a diverse group of enveloped, positive-sense RNA viruses. This
family is further classified into four genera: Alphacoronavirus, Betacoronavirus,
Gammacoronavirus, and Deltacoronavirus. SARS-CoV-2 falls under the Betacoronavirus
genus, along with other notable coronaviruses such as severe acute respiratory syndrome
coronavirus (SARS-CoV-1) and Middle-East respiratory syndrome coronavirus (MERS-CoV)

(Zhu et al., 2020; Drosten et al., 2003; Zaki et al., 2012).

SARS-CoV-2 virus displays morphological characteristic features of coronaviruses. It has a
spherical shape with an average diameter ranging from 65 to 125 nanometres (nm)
(Shereen et al., 2020). The viral envelope is derived from the host cell membrane and
contains various viral structural proteins, including the spike (S) protein, envelope (E)
protein, membrane (M) protein, and nucleocapsid (N) protein (Walls et al., 2020). These

proteins are involved in viral entry, viral particle assembly, and immune evasion.

The gene structure of SARS-CoV-2 consists of a single-stranded, positive-sense RNA
genome (Wu et al., 2020b). The structure of SARS-CoV-2 viral particles is complex and
highly organised. The viral envelope, composed of a lipid bilayer, surrounds the viral
nucleocapsid. The nucleocapsid consists of the VRNA genome tightly associated with N
proteins, forming a helical structure. The S protein protrudes from the viral envelope and
gives coronaviruses their distinctive crown-like appearance when observed under electron
microscopy, hence the name "coronavirus" (Walls et al., 2020). The S protein, composed of
S1 and S2 subunits, facilitates viral entry into host cells by binding to the angiotensin-
converting enzyme 2 (ACE2) receptor. The S protein mediates attachment to the ACE2

receptor on target cells, facilitating viral fusion and entry into the host cell cytoplasm (Walls
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et al., 2020). This interaction between the spike protein and the ACE2 receptor is a key

determinant of the virus's tropism and pathogenesis.

Apart from the spike protein, other structural proteins, such as the envelope (E) and
membrane (M) proteins, are involved in the assembly and release of viral particles
(Schoeman & Fielding, 2019). The E protein participates in virus assembly, while the M
protein is responsible for maintaining the shape and structure of the viral envelope (Walls et
al., 2020). The N protein, which is tightly associated with the vVRNA genome, is important for

viral replication, packaging of the viral genome, and modulating host immune responses.

1.3.1.2 Viral Replication

The viral replication cycle of SARS-CoV-2 involves a series of intricate steps that enable the
virus to enter host cells, replicate its genetic material, produce viral proteins, assemble new

viral particles, and release them to infect neighbouring cells.

The replication cycle begins with SARS-CoV-2 attachment to the host cell surface. The S
glycoprotein on the viral envelope interacts with the ACE2 receptor present on the host cell
membrane (Walls et al., 2020). This attachment facilitates the subsequent fusion of the viral
envelope with the host cell membrane. The VRNA genome is released from the viral particle
when the virus enters the host cell, and the genome is used as a template for the translation
of viral proteins and the replication of more copies of the whole genome. The replication
process involves the synthesis of a complementary negative-sense RNA strand, which forms
the template for the production of positive-sense RNA genomes. The resulting positive-
sense RNA genomes can then be used for both viral protein synthesis and as templates for

the replication of additional vVRNA.
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Transcription and translation are vital steps in the viral replication cycle. Viral mMRNAs are
produced by host cell machinery and then translated by ribosomes into viral proteins,
including replicase proteins and structural proteins. Replicase proteins are essential for
VRNA replication, while structural proteins are involved in the assembly of new viral particles.
Assembly of new viral particles takes place in the host cell cytoplasm. The structural
proteins, such as the S, E, M, and N proteins, interact with the vVRNA genome to form the

viral nucleocapsid.

The nucleocapsid, along with other viral components, is then assembled at the host cell
membrane, forming new viral particles (Trionfetti, 2023). The release of viral progeny from
infected host cells is accomplished through the budding process. Newly formed viral
particles acquire their envelope by budding from the host cell membrane, incorporating viral
structural proteins. These viruses can infect neighbouring cells and initiate subsequent
rounds of infection or be expelled from the body along with saliva and mucus (Huang et al.,

2021).

SARS-CoV-2 virus and influenza viruses share some similarities in the process of viral
replication. Firstly, they both need to bind to the host cell receptor to enable the replication
process to start (V’kovski et al., 2021; Skehel & Wiley, 2000). Secondly, both viruses need to
release their RNA genome into the host cell, where it replicates and transcribes (Resa-

Infante et al., 2011; Wu et al., 2020a).

Apart from similarities, there are also some significant differences between the SARS-CoV-2
virus and influenza viruses. The genome of the SARS-CoV-2 virus is relatively large and
consists of a single-stranded positive-strand RNA (Wu et al., 2020b), while the genome of
the influenza viruses comprises eight segments of negative-sense, single-stranded RNA

(Lamb, 2008). Differences in the size and structure of these genomes affect their replication
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mechanisms (Mahy, 2010). In addition, the SARS-CoV-2 virus and influenza viruses rely on
different proteins during protein synthesis, therefore building differently structured virtual
particles and leading to different assembly and release processes (Arya et al., 2021;

Chutinimitkul et al., 2010).

1.3.1.3 Immune Evasion

SARS-CoV-2 adopts various strategies to evade or modulate the host's immune response,
allowing it to establish infection and persist within the host before successfully transmitting
onwards. This successful system enabled the virus to quickly disseminate across continents
and affected numerous countries, leading to a global pandemic. In this section, we will
describe the strategies the SARS-CoV-2 virus possessed that allowed it to evade the

immune response.

Interferon (IFN) signalling is one evasion strategy employed by SARS-CoV-2. The virus has
been shown to suppress the production of type | IFNs, which are crucial for the early antiviral
response (Hadjadj et al., 2020). By inhibiting the production or signalling of these essential
cytokines, SARS-CoV-2 can dampen the host’s innate immune response, thereby promoting

viral replication and spread (Park & lwasaki, 2020).

SARS-CoV-2 has also been found to modulate both innate and adaptive immune responses.
The virus can suppress the activation and function of immune cells, such as dendritic cells
and T cells, which play critical roles in initiating and orchestrating immune responses
(Freeman et al., 2020). This modulation of immune responses can lead to impaired antigen
presentation, reduced T cell activation, and impaired antibody responses, ultimately allowing

the virus to evade immune surveillance and promote viral persistence.
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Antigenic variation is another key mechanism utilised by SARS-CoV-2 to evade immune
detection (Weisblum et al., 2020). The virus possesses a high mutation rate, leading to the
emergence of new variants with altered antigenic properties. This antigenic variation allows
the virus to escape recognition by pre-existing antibodies generated during previous
infections or vaccination, thereby facilitating immune evasion (Starr et al., 2021). The
emergence of SARS-CoV-2 variants, such as those of the Omicron variant and its
sublineages, has raised concerns about their increased immune escape from prior infection

or vaccination (Xia et al., 2022).

Furthermore, SARS-CoV-2 immune evasion may also contribute to disease severity, and
more specifically, high variation in disease severity where many people have mild symptoms
while some have much more severe symptoms. SARS-CoV-2 has been shown to induce an
excessive and dysregulated immune response in some individuals, leading to a
phenomenon known as a cytokine storm (Moore & June, 2020). This uncontrolled release of
proinflammatory cytokines can cause tissue damage and severe disease progression (Tay
et al., 2020). By inducing a dysregulated immune response, SARS-CoV-2 impairs immune

cell function and evades immune-mediated clearance.

1.3.2 Surveillance
1.3.2.1 Case Definitions and Testing

The identification of COVID-19 cases is essential for effective disease surveillance, control,
and patient management. Case definitions serve as standardised criteria to classify
suspected or confirmed COVID-19 cases. The WHO has provided definitions of COVID-19
cases that guide healthcare professionals in identifying and reporting cases based on clinical
presentation, exposure history, and laboratory confirmation (World Health Organization,
2020a). Suspected cases are individuals who exhibit symptoms consistent with COVID-19,

such as fever, cough, and shortness of breath. During the initial stages of the pandemic, to
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be a probable case it was also required that people had a history of potential exposure to the
virus through travel to affected areas or contact with confirmed cases. Confirmed cases are
individuals with laboratory evidence of SARS-CoV-2 infection, either by detecting viral RNA
through molecular tests like reverse transcription-polymerase chain reaction (RT-PCR) or by

antigen testing (World Health Organization, 2020a).

The most commonly used diagnostic test to detect SARS-CoV-2 was the reverse
transcription-polymerase chain reaction (RT-PCR) assay. RT-PCR is a molecular test used
to detect the presence of viral RNA in respiratory specimens (e.g., nasopharyngeal swabs)
(Corman et al., 2020). RT-PCR provides highly accurate results among symptomatic
individuals and can detect active infections even in asymptomatic individuals, therefore it
remained a primary testing method for diagnosing COVID-19 for a substantial time during

the acute phase of the pandemic (Centers for Disease Control and Prevention, 2020a).

Lateral flow antigen tests were developed after PCR tests. They are rapid diagnostic tests
that detect specific viral proteins (antigens) from respiratory specimens, offering faster
turnaround times compared to RT-PCR which can be achieved in point-of-care and home
settings without laboratory equipment (Zhou et al., 2021). Antigen tests are valuable for
mass screening and quick identification of potentially infectious individuals (Porte et al.,
2020). However, they may have lower sensitivity, especially during the early stages of
infection when viral loads are relatively low. We note that they are highly sensitive during
periods of high viral load when transmission is much more likely to occur (Puhach, Meyer &

Eckerle, 2023; Kirby et al., 2023).

In addition, serological tests, also known as antibody tests, detect the presence of antibodies
produced by the immune system in response to SARS-CoV-2 infection. These tests are

used to identify past infections and assess the prevalence of exposure in populations (Meyer
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et al., 2020). However, serological tests are not suitable for diagnosing acute infections, as it
takes several days to weeks for detectable antibodies to develop after infection (National

Institutes of Health, 2023).

Despite the importance of diagnostic testing, several limitations with respect to the sensitivity
and specificity of tests, accessibility and availability of test resources, and emerging variants
must be considered. First of all, both molecular and antigen tests may yield false-negative
results, especially during the early stages of infection or in individuals with low viral loads
(Kucirka et al., 2020). False-positive results can also occur due to cross-reactivity with other
coronaviruses or non-specific immune responses. However, the lack of a golden rule of
sensitivity and specificity makes assessing the unbiased prevalence in the population difficult
(Pouwels et al., 2021). Secondly, the availability of testing resources can vary across regions
and countries, leading to disparities in testing capacity and access to testing. Individuals
living in developing countries or more deprived regions have limited access to testing, which
may result in underreporting of cases and hinder effective disease surveillance and control
(Ahmad et al., 2020; Afriyie et al., 2020). Finally, the ongoing emergence of SARS-CoV-2
variants presents challenges for testing accuracy. Some mutations in the virus may affect

the performance of diagnostic tests, potentially leading to false results (Yadav et al., 2022).

1.3.2.2 Global Surveillance Networks of SARS-CoV-2

Effective global surveillance networks play a pivotal role in monitoring and forecasting the
spread of the SARS-CoV-2 virus. International surveillance networks and institutions
including the Global Influenza Surveillance and Response System (GISRS), Global
Outbreak Alert and Response Network (GOARN) and Centers for Disease Control and
Prevention (CDC) have provided techniques to collect and analyse epidemiological data
(World Health Organization, n.d.; Global Outbreak Alert and Response Network, n.d.;

Centers for Disease Control and Prevention, 2020b). These networks pivoted from influenza
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to facilitate data collection, analysis, and dissemination of information across international

borders, enabling a timely and coordinated response to the evolving COVID-19 pandemic.

1.3.3 Epidemiology of SARS-CoV-2

The field of SARS-CoV-2 epidemiology has emerged as a vast and dynamic area of
research that coincided with the duration of my PhD studies. The onset of the COVID-19
pandemic marked a transformative moment in global health, prompting an extensive surge
of scholarly investigations into the epidemiological characteristics, transmission dynamics,
clinical outcomes, and public health responses related to the virus. As a novel respiratory
virus with far-reaching implications, SARS-CoV-2 swiftly captured the attention of
researchers, policymakers, and healthcare professionals worldwide. This unprecedented
interest led to the rapid production of a myriad of papers, spanning a diverse range of topics

within the field.

The significance of studying the epidemiology of SARS-CoV-2 cannot be overstated. The
virus's rapid transmission and wide-ranging impact on public health systems underscore the
urgency of comprehending its patterns of spread, risk factors, and potential mitigation
strategies. The evolution of this field has facilitated the development of real-time surveillance
systems, predictive modelling tools, and evidence-based interventions to curb transmission
and mitigate the consequences of the pandemic. Insights gained from the epidemiological
research have informed critical decision-making processes, from public health policy

formulation to resource allocation and outbreak response planning.

This surge in research activity is evidenced by a multitude of publications that have emerged
during the ongoing pandemic. The diversity of topics explored includes viral transmission
dynamics, identification of vulnerable populations, effectiveness of non-pharmaceutical

interventions, genomic sequencing to trace viral variants, healthcare capacity planning,
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vaccine distribution strategies, and the interplay between socio-demographic factors and
disease outcomes. Here, the epidemiology of SARS-CoV-2 will be discussed from three

perspectives: transmission, global patterns, and disease burden.

1.3.3.1 Transmission

SARS-CoV-2 spreads through respiratory droplets and aerosols generated when an infected
individual talks, coughs, or sneezes. Via these droplets, virions can be directly inhaled by
individuals in close proximity, leading to person-to-person transmission. In addition to
respiratory droplets, SARS-CoV-2 can also spread via aerosols, which are smaller particles
that can remain suspended in the air for extended periods, especially in poorly ventilated
indoor spaces (Morawska & Milton, 2020). The apparent higher frequency of aerosols for
SARS-CoV-2 compared with influenza means that airborne transmission is more important,
particularly in enclosed settings such as crowded indoor spaces, healthcare facilities, and

public transportation (Stadnytskyi et al., 2020; Bourouiba, 2020).

Contact with contaminated surfaces, also known as fomites, is another mode of transmission
for SARS-CoV-2. The virus can survive on various surfaces, such as plastic, metal, and
glass, for several hours to days, depending on environmental conditions (van Doremalen et
al., 2020). When individuals touch these contaminated surfaces and subsequently touch
their face, mouth, or eyes, they may introduce the virus into their respiratory system, leading
to infection. While the primary mode of transmission is through respiratory droplets and
aerosols, the potential for fomite transmission underscores the importance of hand hygiene

and surface disinfection in mitigating the spread of the virus.

The virus can spread in various settings, each with unique implications for transmission
dynamics. In households, close and prolonged contact between family members increases

the risk of transmission. Household transmission has been shown to be a significant driver of
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COVID-19 outbreaks, and individuals living in larger-sized households are at higher risk of
acquiring the virus (Chadeau-Hyam et al., 2022c). In healthcare facilities, nosocomial
transmission can occur due to the proximity of patients, healthcare workers, and visitors
(Nishiura et al., 2020; Guo et al., 2020), which poses a challenge for infection control,
especially in settings where personal protective equipment (PPE) and infection prevention
measures may be inadequate (Conly et al., 2020; Hossain et al., 2021; Martin-Delgado et

al., 2020; Mahmood et al., 2020).

Community gatherings have also been identified as sources of SARS-CoV-2 transmission.
Echoing a key characteristic of SARS-CoV-1 transmission (Riley et al., 2003), large
gatherings, such as weddings, religious ceremonies, and parties, can lead to super-spreader
events, where a single infected individual can transmit the virus to a large number of people
(Adam et al., 2020). The virus can also spread in workplaces, schools, and public

transportation settings, where individuals interact closely and in confined spaces.

1.3.3.2 Global Patterns

SARS-CoV-2 has rapidly spread across the globe, causing a pandemic with highly
significant health, social, and economic consequences. As of the present date, the global
distribution and prevalence of SARS-CoV-2 infections continue to ebb and flow in a relatively
asynchronous way, with high levels of cases, hospital admissions and deaths across

different countries and regions.

The timeline of the COVID-19 cases reveals the rapidity with which SARS-CoV-2 spread
globally. The first cases of COVID-19 were reported in December 2019 in Wuhan, China
(Zhu et al., 2020). By the end of January 2020, confirmed COVID-19 cases were also
reported in other countries, including the United States, Singapore, South Korea, Australia,

France, and Germany, leading the World Health Organization (WHO) to declare a Public
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Health Emergency of International Concern (PHEIC) on January 30, 2020 (World Health
Organization, 2020b). Subsequently, the pandemic's geographical spread accelerated, with

new cases emerging in Europe, the Americas, Africa, and other regions.

Up to the date of writing this chapter, COVID-19 has affected almost every country in the
world. The United States, India, and Brazil have reported some of the highest numbers of
confirmed cases and deaths (Johns Hopkins University & Medicine, 2020). However, when
comparing the impact of the pandemic on different populations, it is important to consider the
variations in testing capacities and reporting practices across different countries, as these
factors can affect the accuracy of surveillance data. Middle- and low-income countries with
limited testing capabilities may have higher underreporting rates, leading to a potential
underestimation of the true prevalence of SARS-CoV-2 infections. The distribution and
dynamics of the COVID-19 pandemic have also varied over time. Multiple waves of
infections have occurred in different countries and regions, driven by factors such as the
timing of the emergence of new variants, changes in public health interventions, and the
levels of population immunity. Some countries, such as China, experienced early surges in
cases followed by declines, while others (e.g., the UK) faced multiple waves with varying

intensities (Yamey et al., 2020; Sutherland, Headicar & Delong, 2021).

1.3.3.3 Disease Burden and Mortality of SARS-CoV-2

The COVID-19 pandemic has placed an immense burden on healthcare systems worldwide.
The surge in hospitalisations placed a significant strain on healthcare facilities. Studies have
shown that advanced age is a critical risk factor for hospitalisation. Older adults, especially
those aged 65 and above, are more likely to experience severe illness and require
hospitalisation compared to younger age groups (Richardson et al., 2020; Cummings et al.,

2020). Furthermore, individuals with underlying health conditions such as cardiovascular
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diseases, diabetes, respiratory disorders, and immunosuppression have a higher likelihood

of hospital admission (Guan et al., 2020a; Williamson et al., 2020).

Intensive care has been crucial for managing severe cases of COVID-19, particularly
patients with acute respiratory distress syndrome (ARDS) and multi-organ failure. The
demand for intensive care unit (ICU) beds and ventilators has been a major challenge during
the pandemic. Studies have reported that ICU admissions are most common among older
adults and individuals with comorbidities (Grasselli et al., 2020; Bhatraju et al., 2020).
Moreover, critically ill patients often require prolonged stays in the ICU, leading to added
strain on healthcare resources. Reducing the demand for intensive care to ensure that
fatality rates did not increase was a major challenge for many healthcare systems during the

early stages of the pandemic.

The high mortality rate caused by COVID-19, especially compared to influenza, is a key
feature of its epidemiology. It varies across countries and regions due to differences in
healthcare infrastructure, public health measures, and population demographics. Older age
remains a prominent risk factor for death from COVID-19. Data from various studies show
that mortality rates increase significantly with advancing age, with older individuals facing the
highest risk of death (Verity et al., 2020; Levin et al., 2020). Comorbidities significantly
contribute to the mortality risk associated with COVID-19. Individuals with pre-existing
conditions such as hypertension, diabetes, obesity, chronic respiratory diseases, and
cardiovascular diseases have experienced higher death rates (Zhou et al., 2020a; Docherty
et al., 2020). The presence of multiple comorbidities further increases the risk of severe

outcomes and mortality in COVID-19 patients (Ssentongo et al., 2020).
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1.4. Community Surveillance

The surveillance systems discussed in previous sections were specifically influenza or
SARS-CoV-2. Community surveillance for respiratory infectious disease is a key part of
monitoring and controlling transmission within populations. Community surveillance involves
the systematic collection, analysis and interpretation of epidemiological and clinical data
from community sources to assess disease prevalence, incidence, trends and the impact of
interventions It provides important insights into the dynamics of respiratory infectious
diseases, helping to detect outbreaks early, guiding resource allocation and supporting
public health decision-making. It is different to clinical surveillance because in community

surveillance observations are not made only on individuals who present to a clinical setting.

A key feature of community surveillance is its ability to capture a broader and more
representative picture of the burden of disease than traditional healthcare facility-based
surveillance (Guerra, Acharya & Barnadas, 2019). By including individuals who may not
seek medical care because of mild respiratory symptoms, community surveillance provides a
more comprehensive understanding of the dynamics of disease transmission, as well as
variation in symptom severity across populations. This approach is particularly applicable to
respiratory infections with a range of clinical presentations, such as influenza, SARS-CoV-2

and other emerging pathogens.

A variety of data collection methods can be adopted for community surveillance to provide a
comprehensive assessment of disease prevalence and transmission patterns. These data
sources include sentinel surveillance systems, integrated surveillance systems, healthcare
utilisation data and laboratory tests (Lombardo et al., 2003; Thacker & Stroup, 1994).

In addition, community-based surveys and studies provide valuable insights into prevalence,
risk factors and transmission dynamics (Riley et al., 2020b). These surveys are particularly

important in the case of new sources of infection, such as COVID-19, as they reveal the
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extent of undetected infections and the impact that immunity may have on future

transmission.

The advent of digital technology and social media has also helped integrate non-traditional
data sources into community surveillance efforts (Blazquez & Domenech, 2018). Monitoring
Internet search trends, social media conversations and other digital signals can provide
additional information on disease awareness, public perceptions and symptom profiles,
leading to a more complete understanding of disease dynamics (Aiello, Renson & Zivich,

2020; Fung, Tse & Fu, 2015).
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Chapter 2 Infectious Diseases Forecasting

In this chapter, the relevant background literature for infectious disease forecasting will be
provided, with a particular focus on influenza and COVID-19. Firstly, the background
information of infectious disease forecasting in general with examples from influenza and
COVID-19 will be described, followed by a brief discussion on specific challenges faced by
those who forecast infectious diseases. In the next section, the development of forecasting
models for influenza and COVID-19 will be reviewed, respectively. This involves classifying
the main research categories and reviewing mathematical and statistical models and
machine learning techniques. Finally, validation strategies and evaluation metrics commonly

used for model performance will be discussed.

2.1 Background

2.1.1 Overview

A forecast refers to quantitative estimates about future unobserved events, conditional on
events that have been observed in the past and present (Lauer, Brown & Reich, 2020). The
most familiar forecasts are probably for daily weather and severe natural disasters, such as
storms and floods, where accurate forecasts are crucial to saving lives and properties
(Moller, 2001; Yu, Yang & Li, 2018; Morss, Demuth & Lazo, 2008). Likewise, infectious
disease forecasting can provide significant support for decision-makers to take timely
measures to prevent the spread of infectious diseases and allocate healthcare resources, as

well as to reduce economic costs during epidemics.

When responding to a public health emergency, decision-makers often have to make
reactive decisions rapidly under fast-changing circumstances with insufficient information,
which may lead to bias (Glasser et al., 2011; Fischer et al., 2016; Wernstedt et al., 2019).

Data updates from traditional surveillance systems are usually retrospective and time-
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lagged, making them of only limited utility for planning and decision-making in real-time. In
order to fill these gaps, forecasting -- estimating present events or those to be expected in
the near future -- can be conducted to provide guidance on the utility, scale, and timing of
prevention strategies (Fischer et al., 2016). For instance, during the COVID-19 pandemic,
communication and implementation of prevention measures, including improving test
capability and vaccinations, have been critical for deploying and managing public health

resources (Mustafa et al., 2021).

2.1.2 Forecast Targets and Time Horizons

Forecast targets are the not-yet-known outcomes that we want to predict. Ideally, forecast
targets should include quantitative definitions and be selected to meet specific public health
objectives (Shaman, Yang & Kandula, 2014). These targets for COVID-19 forecasting are
primarily the number of incident cases, hospitalisations and deaths in the near future. Similar
metrics are used in influenza forecasting in addition to key seasonal features such as peak
incidence, time of peak and time of season commencement (Biggerstaff et al., 2016; Brooks
et al., 2015; Gao et al., 2020; Lin et al., 2021; Verity et al., 2020; Chen et al., 2020). For
influenza, they aim to help stakeholders understand the characteristics of the current season
relative to previous ones but also the prospective changes of the current season (Yang,
Lipsitch & Shaman, 2015; Yang et al., 2015; Zhang et al., 2017; Biggerstaff et al., 2016). A
number of different targets are used. For instance, the FluSight forecast program defines
them based on the Outpatient Influenza-like lliness Surveillance Network (ILINet) percentage
of visits for influenza-like illness (ILI), weighted by state population (CDC Epidemic
Prediction Initiative, 2016). Baseline ILI was established by computing the mean percentage
of ILI visits during non-influenza weeks for the past three seasons and using two standard
deviations (Lutz et al., 2019). However, since the COVID-19 pandemic, these periods have

needed to be adjusted to the most recent three seasons excluding the period of the COVID-
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19 pandemic (Centers for Disease Control and Prevention, National Center for Immunization

and Respiratory Diseases (NCIRD), 2022).

The ability to predict a broader range of targets, especially if some of these targets will allow
a greater level of forecast accuracy and reliability, will enhance the public's confidence in
modelling and better meet the needs of stakeholders. Forecast targets are usually
expressed and predicted as continuous variables (Hyndman & Athanasopoulos, 2021).
However, simpler and more interpretable targets that still be able to deliver useful
information should be considered as an alternative. The ordinal target is one example that
still keeps the ordering relations of indicators such as cases, deaths or hospitalisations such
that it can effectively predict the trend will increase rapidly, grow moderately, remain
constant, decline moderately, or decline rapidly in the future period (Buri et al., 2020; Ten

Have, 1996; Armstrong & Sloan, 1989; McCullagh, 1980).

Another consideration for infectious disease forecasting is the forecast horizon, the time into
the future about which predictions are being made, which can vary from 1-week ahead to
various longer periods (Soyiri & Reidpath, 2013; Myers et al., 2000). For example, if our
current week is week 40 (t = 40), then a (t+1)-step ahead forecast refers to the targets (e, g.,
incidence) in week 41, which is equivalent to 1-week ahead forecast. For FluSight, short-
term targets are forecasts of the weighted ILI percentage 1- to 4-week ahead of its
publication (Lutz et al., 2019). Regardless of the model type, multiple recent infectious
disease forecasting studies have focused on short time scales (e.g., weekly or monthly)

(Meakin et al., 2022; Birrell et al., 2011; Reich et al., 2016a; Shaman et al., 2013).

2.1.3 Nowcasting
Nowcasting, or “predicting the present”, a term originally coined in meteorology, has gained

significant traction in various fields, including epidemiology (Mass, 2012). This concept refers
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to the estimation of the current state of an event or a phenomenon based on real-time data,
as opposed to forecasting which predicts future events (Mass, 2012). While forecasting
relies on historical data to project future occurrences, nowcasting focuses on the immediate
present, often using the most recent data to assess current conditions (McGough et al.,

2020).

In the field of infectious diseases epidemiology, nowcasting is essential for accurately
comprehending the present status of disease transmission and the immediate demands of
healthcare systems, particularly in the context of quickly changing scenarios such as the
COVID-19 pandemic. Unlike traditional forecasting, which might estimate the number of
cases or the spread of infectious diseases in the coming weeks or months, nowcasting
provides an up-to-date picture of epidemiological situations potentially including infection
rates, hospitalisation needs, and the effectiveness of public health interventions, which is a
pivotal aspect of effective public health response and resource allocation (McGough et al.,
2020; Du et al., 2023; Shaman et al., 2013). In particular, nowcasting is often used to
estimate the total number of people who are currently infectious, which is a measure of
individual risk. For example, the number of infectious individuals during the exponential
phase of a rapidly growing epidemic can be far higher than the current case count once

reporting lags and testing processes are accounted for (UKHSA, n.d.; Elliott et al., 2022a).

Nowcasting also complements traditional forecasting by filling in the gap between the
occurrence of an event and the availability of consolidated data. For instance, a study on
nowcasting by Bayesian Smoothing (NobBS) demonstrates the application of this method in
real-time epidemic tracking (McGough et al., 2020). It has been implemented in different
disease surveillance contexts, such as dengue in Puerto Rico and ILI in the United States.
This approach helps in estimating total case numbers using incomplete, time-stamped
reported case data. The model learns from historical information on cases reported at
multiple delays and uses this relationship to predict the number of not-yet-reported cases in
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the present. Another application of nowcasting in epidemiology is in the monitoring of
seasonal diseases like influenza. Traditional surveillance systems often report data with a
lag, which can delay public health responses. Nowcasting, using real-time health reports and
digital data sources like internet search trends, can provide a more current picture of disease

activity, allowing for quicker responses to outbreaks (Shaman et al., 2013).

The methodology behind nowcasting involves the use of statistical models and algorithms
that can handle and interpret incomplete or near-real-time data. Techniques such as
Bayesian inference models and machine learning algorithms have been employed to
develop nowcasting models in epidemiology (Babii, Ghysels & Striaukas, 2022; McGough et
al., 2020; Sahai et al., 2022). These models can quickly assimilate new data as it becomes

available, updating their estimates accordingly.

In conclusion, nowcasting constitutes a significant advancement in epidemiological research.
It delivers a real-time overview of disease proliferation and current healthcare demands, thus
furnishing prompt and crucial insights that enhance and augment the capabilities of
traditional forecasting methods. As real-time data collection and processing technologies
continue to improve, the role of nowcasting in public health is likely to become even more
prominent, providing an essential tool for rapid response in the face of emerging health

threats.

2.1.4 Interactions between Surveillance and Forecasting

Influenza surveillance and influenza forecasting are closely interconnected and mutually
beneficial in the realm of infectious disease monitoring and control. Surveillance systems
provide historical and real-time data on influenza activity, including the number of reported or
laboratory-confirmed cases, hospitalisations, or deaths, geographic distribution, and

circulating strains. Forecasting systems are usually designed to predict the outputs from
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those same surveillance systems, employing statistical, mathematical and machine learning
techniques to build influenza forecasting models to predict future trends in influenza

transmission (Shaman & Karspeck, 2012).

Different types of surveillance data are used as forecast targets and can also be used as
predictors for different other targets. Forecasting models can incorporate clinical surveillance
data (e.g., the number of influenza cases, hospital admissions and deaths) along with
external predictors to identify patterns and predict the future trends of infectious disease
activity. Summary variables from diagnostic data, particularly information on dominant
circulating influenza strains and their characteristics, can also help inform the modelling of
virus transmission dynamics and the potential impact of antiviral resistance (Biggerstaff et
al., 2018). Additionally, virological surveillance data, including genetic sequencing and
antigenic characterization of circulating influenza strains, help identify emerging variants and
monitor antigenic drift, which are important inputs for forecasting models that incorporate

strain-specific information (Reich et al., 2019a).

2.1.5 Scenario Analysis versus Forecasting

Forecasting is sometimes confused with another method that often uses mechanistic models
of disease transmission in the decision-making and planning process called scenario
analysis. There is sometimes a lack of distinction between them as they both involve

predicting future outcomes.

Scenario analysis aims to assess the effects of potential future events on the performance of
a system, often where events are alternative policy choices (van der Heijden, 2005). It
involves considering various alternative outcomes, referred to as scenarios, and presenting
the different achieved outcomes (van der Heijden, 2005). Scenario analysis encompasses

the prediction of the anticipated value of a performance indicator within a specified time
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frame, considering diverse situations and associated modifications in system parameter
values under an uncertain environment (Balaman, 2019; Wright & Goodwin, 2009). Scenario
analysis can be applied to estimate the changes in infectious disease dynamics under
different theoretical best-case (optimistic) or worst-case (pessimistic) scenarios, which is
useful for governments to adjust control measures accordingly and mitigate transmissions
(Padmanabhan et al., 2021; van Genugten, Heijnen & Jager, 2003; Napoli et al., 2015).
During the COVID-19 pandemic, for instance, scenario analysis was employed to
understand the potential impacts of different policy decisions or public health interventions

(Howerton et al., 2023; Cheng et al., 2023; Martin-Moreno et al., 2022).

In contrast, forecasting is designed to be the best estimate of a specific quantitative outcome
and should have well-characterised uncertainty. It usually employs quantitative inputs and
methodologies to predict future events or trends, primarily through the analysis and
interpretation of historical data (Makridakis, Spiliotis & Assimakopoulos, 2018; Hyndman &
Athanasopoulos, 2021). It focuses on generating estimates of the future based on patterns
and relationships observed in past data (Scott Armstrong, 2011). For example, in the context
of infectious disease epidemiology, forecasting aims to anticipate the intensity and
magnitude of the spread of a disease by using statistical and mathematical models to
analyse past trends and project these into the future (Lutz et al., 2019). However, the focus
of forecasting is typically on determining the most probable or expected outcome, rather than

exploring a range of possibilities (Chatfield, 2013).

Given that both are projections of the future, there is some overlap between forecasting and
scenario analysis: forecasting can estimate future outcomes under various scenarios.
However, while forecasting often feeds into scenario analysis as a component, providing
estimates for individual scenarios, it does not encompass the broad range of possibilities
that scenario analysis does. In this respect, forecasting could be seen as a specific type of
scenario within scenario modelling - often representing the 'most likely’ scenario. Ultimately,
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scientists cannot completely redefine two commonly used words with finely nuanced
differences: the public will always consider them both to be a form of prediction, and both will

be assessed for accuracy to some degree.

2.1.6 Challenges

In the past decades, a growing amount of academic research has been focused on
forecasting infectious diseases, and models have proven successful in making predictions
for pathogens such as influenza (Lutz et al., 2019; Chretien et al., 2014), Zika (Kobres et al.,
2019), and Ebola (Chretien, Riley & George, 2015). The development of various modelling
methods, including mathematical and statistical models, machine learning and deep learning
techniques, provides opportunities to reduce the impacts of infectious diseases by capturing
early warning signs and shortening the time between an outbreak or wave’s onset and its
control. However, the practical and statistical challenges posed by infectious disease

forecasting remain to be addressed.

2.1.6.1 Data Quality

Effective collection and preservation of reliable and up-to-date data are critical to analytics
and efficient management during public health emergencies (Jain et al., 2020). However, in
many cases, data are incomplete, noisy, or subject to reporting biases, which remain
significant obstacles to improving the accuracy of model forecasts (Kesper, Wenz &

Taentzer, 2020; Galhardas & Oliveira, 2005).

Although researchers have focused on improving the quality of models, there has sometimes
been limited progress in improving the quality of data. Unlike the thousands of weather
stations all over the world that collect continuous large-scale data for weather forecasting
(Lynch, 2008), this rich and highly accurate data stream is not present in the field of

infectious diseases (Moran et al., 2016). In epidemiological surveillance, data is collected
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initially from varied sources, including patient self-reporting and interviews, surveys and
questionnaires, and laboratory tests, and then aggregated to be available to researchers
(Jajosky & Groseclose, 2004). Even for official systems whose published data are
recognised as benchmark data, they often are unable to capture and report all cases without
significant delays between initial reporting and aggregation, which prevents researchers from
providing timely and accurate forecasting support. Therefore, there is a need for novel
survey methods and their data streams to facilitate the development and implementation of

increasingly refined infectious disease forecasting models.

2.1.6.2 Visualisation of Forecasting Results

For forecasting results to be of value, they need to be communicated effectively to allow
stakeholders (such as policymakers in the public health sector, healthcare suppliers and the
media) to react quickly upon correct understanding and interpretations (Lutz et al., 2019).
Applying infectious disease forecasting to public health is challenging since most of the
forecasts are not standardised, which makes communication with audiences outside the field

of epidemiology difficult.

One method to convey information more intuitively to the relevant audience is to use
interactive visualisation tools (Viziflu, 2018). Interactive elements can also be valuable,
allowing users to engage with the data actively, explore different aspects, and gain a deeper
understanding of the material (Weissgerber et al., 2016; Perkel, 2018). While numerous data
visualisation tools have been developed,, they often require custom coding and specialised
knowledge, posing a challenge for model developers who may lack the time or design
expertise (Wilke, 2019; Midway, 2020)(Wilke, 2019). This gap can result in visualisations
that are not user-friendly, leading to potential misinterpretations in policy and decision-
making contexts. To address this, interdisciplinary collaboration becomes essential.

Collaborative efforts between epidemiologists, data scientists, and visualisation experts can

56


https://paperpile.com/c/xvG1TR/Pg1Nz
https://paperpile.com/c/xvG1TR/FGs9
https://paperpile.com/c/xvG1TR/nJpgg
https://paperpile.com/c/xvG1TR/x3Fi+0mR2
https://paperpile.com/c/xvG1TR/XLRk+Ap3P
https://paperpile.com/c/xvG1TR/XLRk

lead to the development of visual tools that are not only scientifically accurate but also
intuitively understandable, thereby facilitating better decision-making by policymakers and

public health officials (Park et al., 2022).

Recent forecasting studies have shown some consistency in the visualisation of their results.
Figures providing clear and coherent visual comparisons of historical data with predictive
outcomes are normally included (Chowell et al., 2022; Tabataba et al., 2017; Souza et al.,
2023; Bracher et al., 2021; Reich et al., 2019b). Another key commonplace is the
communication of uncertainty. Elements such as probabilistic models and confidence
intervals are shown via visualisations, providing a more accurate picture of the forecasting
results to help stakeholders understand the range of potential outcomes (Joslyn & Savelli,
2021; Osthus et al., 2019; Generous et al., 2014). Furthermore, within individual forecasting
studies, consistent reporting styles are adhered to by researchers to ensure coherence and
clarity. The layout of the visualisation is organised to guide the viewer’s attention naturally

through the data, prioritising important information and maintaining a logical flow.

Notable efforts in this area include the CDC'’s initiatives to refine communication around

seasonal influenza forecasts, which have involved improving the clarity and accessibility of
visual information (CDC, 2023; Viziflu, 2018). In addition, a network of Forecasting Centres
of Excellence is being established to improve the accuracy and communication of seasonal
and pandemic influenza forecasts in real-time (Gov, 2019). These efforts may contribute to
the identification of optimal practices for visualising forecasting results as well as provide a

framework for developing communications and visualisation in the future.
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2.2 Evaluation

2.2.1 Model Training and Testing

For a predictive model to have practical value on real-world problems for policymakers, it is
required to demonstrate its generalisability to data that were not used during the process of
model fitting. Models that achieve excellent forecasts on in-sample data may still not perform
well on out-of-sample data (Pant & Starbuck, 1990; Bartolomei & Sweet, 1989). In-sample
data refers to a training set of data used to fit a model, while out-of-sample data is known a
test set of data that have not previously been used with the model. Although it is not possible
to be sure how well a model will work on each new dataset, careful use of out-of-sample

data ensures a higher likelihood of generalisability.

The essential challenge in forecasting is to train a model in a manner that minimises error
when the model is applied to the test set. In the case of real-time forecasts, the test set data
remains unobserved at the time of model fitting. However, when researchers develop
predictive models, historical data are normally used, which means that test set data actually
have been observed. Although waiting and using the real-time assessment is the gold
standard way to ascertain the model’s performance, it takes time to wait for reliable results
which could be a significant limitation in emergencies. Therefore, tests based on already-
gathered but out-of-sample data are widely used to ensure the credibility and applicability of

findings in forecasting research.

An out-of-sample study starts with data partitioning, dividing historical data series into a
training set which is used to estimate and select a model and a test set which is retained to
evaluate the model’s predictive performance. According to (Tashman, 2000), two procedures
can be chosen for the out-of-sample test for time series data - fixed-origin evaluation and

rolling-origin evaluation. A detailed schematic representation of the rolling-origin procedure is
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illustrated by (Schnaars, 1986). Here | will briefly describe their definition. Let T denote the

final time point of the training set, and N denote the forecasting horizon N-step ahead.

Fixed-origin evaluation is also known as single forecasting origin evaluation. Commencing
from the origin time point T, we generate forecasts for subsequent time periods T+1, ...,
T+N. By deducting each of these forecasts from the observed data values of the test period,
we derive the forecast errors. These errors can be aggregated using different methods to

obtain overall summary statistics for the model. This method will be used in Chapter 3.

While using rolling-origin evaluation, we iteratively update the forecasting origin and
generate forecasts from each updated origin. With each update of the forecasting origin, a
new observation is incorporated into the training period. In some studies, researchers have
opted to maintain a consistent-sized training period by removing the earliest observation
during each update (Callen et al., 1996; Swanson & White, 1997). Rolling-origin evaluation is
more frequently recommended than fixed-origin evaluation as it enables more efficient rules
for series splitting, and mitigates the impact of exceptional events occurring at any particular
origin, making the errors less sensitive to such occurrences (Tashman, 2000). Rolling-origin

evaluation will be used in both Chapters 3 and 6 later.

The comprehensive review and examination of out-of-sample tests to assess the accuracy of

forecasting can be found in (Tashman, 2000).

2.2.2 Accuracy Metrics

As with any forecast, it is critical to measure the accuracy of infectious disease forecasts so
that users have sufficient context to interpret results. As Out-of-sample tests have been
discussed in the previous section, here | will discuss different types of accuracy metrics that

could be used in the test. Extensive literature exists on how to score and evaluate forecasts
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of all types, and the evaluation for point forecasts will be the focus of this section. There is
no doubt that the choice of appropriate metrics depends on how the forecast is going to be

used.

Error is a common focus of metrics when assessing accuracy, which is the difference
between the predicted value and the actual value (Koutsandreas et al., 2022). Let y, denote
the actual value observed at time t, and y; is the predicted value for the same time, then the

forecast error et is defined as

et = Yt — YVt

Generally, accuracy metrics are classified into five categories, scale-dependent measures,
measures based on percentage errors, measures based on relative errors, relative
measures and scaled errors (Hyndman & Koehler, 2006). Table 3.2 summarises the
representative statistical accuracy measures for each category:

Table 2.1 Summary of statistical accuracy metrics.

Acronyms Name Category

MSE Mean Square Error Scale-dependent

RMSE Root Mean Square Error Scale-dependent

MAE Mean Absolute Error Scale-dependent

MAPE Mean Absolute Percentage Error Based on percentage errors
RMSPE Root Mean Square Parcentage Error Based on percentage errors
MRAE Mean Relative Absolute Error Based on relative errors
rMAE Relative Mean Absolute Error Helative measures

MASE Mean Absolute Scaled Error Scaled errors

Mean square error (MSE), root mean square error (RMSE) and mean absolute error (MAE)
are scale-dependent metrics typically used to compare and evaluate different models
applied to the same dataset. Nevertheless, these scale-dependent metrics are not suitable
for comparing the forecast performance across different datasets. The scale-independent

metrics based on percentage errors and based on relative errors such as mean absolute
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percentage error (MAPE) and mean relative absolute error (MARE) are therefore used when
comparing model performance across different data sets. However, they have the limitation

of being undefined or infinite if y, = 0 for any time t, since the percentage error is given by

t

percentage errory = ;— x 100% (Hyndman & Koehler, 2006).
t

To facilitate a comparative evaluation of point forecasts in practical applications, relative
metrics that scale the forecasting error relative to that of a benchmark model are suggested
by many researchers (Reich et al., 2016b; Hyndman & Koehler, 2006; Gneiting & Raftery,
2007). Relative mean absolute error (rMAE) is one widely used example, which involves

dividing the MAE of one forecasting model by the benchmark MAE:

rMAE =

MAE™

Where MAE* denotes the MAE obtained from the benchmark model. Similarly, RMSE,

MAPE, RMSPE, etc can be formulated into relative measures in this way.

2.3 Models Used for Influenza and COVID-19 Forecasting

Mathematical models have been widely applied to infectious disease data to gain insights
into transmission dynamics, with the aim of identifying strategies for prevention and control
of the spread of diseases. Many of these approaches have been adopted to develop
forecasting models for influenza outbreaks and, more recently during the COVID-19

pandemic.

Major modelling approaches mainly fall into three categories:1) time-series statistical
models, 2) mechanistic models, and 3) machine learning (ML) / deep learning (DL) models.
In this section, | aim to discuss and assess the difference between the major modelling

approaches in these three categories that have been used to generate forecasts.
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2.3.1 Time-series Statistical Models

Statistical models have also played a critical role in forecasting the spread and severity of

infectious diseases. One type of statistical model that has become increasingly popular for

influenza and COVID-19 forecasting is time series models which assume that future values

can be predicted based on past observations, due to their ability to capture temporal

dependencies in the data. Among time-series models, the AutoRegressive Integrated

Moving Average (ARIMA) model is typically used. ARIMA is a linear combination of the

differenced autoregressive (AR) model with a moving average (MA) model, where AR

represents a stochastic variable that is regressed against its own lagged values, while MA

refers to a weighted moving average of lagged white noise (Box et al., 2015). For non-

stationary time-series data, the component “Integrated” (I) indicates the number of times that

the original values are differenced (Box et al., 2015). ARIMA is normally expressed as:
ye=Cc+ O1yi 1t Dyi o+ ot Opyip 0181+ 026 2+ 045+ &

, Where y/ is the differenced series and the differencing process can be repeated multiple

times.

The above equation of ARIMA can be written as ARIMA (p, d, q), where:

p: is the number of lags for past values in the AR part,

d: is the number of differences needed to achieve stationary, and

q: is the number of lags for the forecast errors in the MA part.

Some special cases of ARIMA models arise with different choices of parameters, which are
summarised in Table 2.1. When there is reason to believe that a seasonal effect exists, as is
often the case with influenza, a seasonal ARIMA (sARIMA) model (Box et al., 2015) may be

utilised to account for the seasonality in a time series.
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2.3.2 Mechanistic Models

Most mechanistic models can be classified as either compartmental or agent-based models,

which will be introduced in this section respectively.

2.3.2.1 Compartmental models

Compartmental models are a frequently used type of mechanistic model of infectious
disease that can be used for forecasting (Tang et al., 2020). Individuals within a population
can be allocated to distinct compartments, with each compartment representing a specific
stage of the epidemic (Perra & Gongalves, 2015). Compartmental models can be analysed
using a deterministic framework or a sotchastic framework. If simulation is used to generate
a random sequence of events that update the compartments, then that is considered to be a
stochastic framework. For the deterministic framework, the quantity of newly infected
individuals is calculated deterministically for a specific count of susceptible and infectious
individuals. Conversely, in a stochastic model, the number of new infections varies, as it is
determined by a random distribution. This variability reflects the inherent uncertainty and

randomness in the process of disease transmission (Chang et al., 2014).

As an example, the Susceptible-infectious-recovered (SIR) model proposed by W. O.
Kermack and A. G. McKendrick (Kermack, McKendrick & Walker, 1927) nearly a hundred
years ago, has been considered one of the fundamental compartmental models in
epidemiology. The SIR model describes the dynamic of individuals in the population transit
from the susceptible stage to the infectious and finally to recovery (or deaths) over the
process of an epidemic (Figure 2.1) (Tang et al., 2020). It holds significant importance in
infectious disease modelling since its flexibility can be extended to incorporate more
complicated scenarios. One variation of the SIR model is the Susceptible-exposed-
infectious-removed (SEIR) model, in which an additional stage "Exposed" is introduced for

individuals who may have been exposed to the virus but cannot yet be confirmed as infected
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(Figure 2.2) (Tang et al., 2020). The SEIR can be further expanded by incorporating an

intervention factor to consider the impact of external interventions on infection rates.

B
Susceptible | — Infected —r ., Recovered

Figure 2.1 Susceptible-infected-recovered (SIR) model.

Individuals are divided into three compartments according to their disease status: susceptible to being
infected, infected, infectious or have recovered from the infectious stage. § and y are transition rates
between compartments, where f represents the infection rate of individuals moving from the
susceptible stage to infected stage, and y represents recovery rate that infected individuals move to
the recovered stage.

Figure 2.2 Susceptible-exposed-infectious-removed (SEIR) model.

The exposure compartment is added in the SEIR model (Figure 2.1), which refers to an incubation
period during which individuals have contracted the disease but are not infectious themselves.

Compartmental models in epidemiology, traditionally depicted through continuous
frameworks, can also be effectively utilised in a discrete form, both in value/state and time.
This discrete approach is particularly relevant in situations where epidemiological data is
collected at regular intervals or when disease dynamics exhibit distinct stages. For instance,
in the study of seasonal influenza, data is often reported on a weekly basis, making the
discrete discrete-time SIR model more applicable (Lin, 2008). Discrete SIR models calculate
transitions between states at specific time points, aligning closely with the rhythm of data
collection and the natural progression of the disease or with clear incubation periods or when

interventions, such as vaccinations, are implemented at specific times (Brauer, Castillo-
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Chavez & Feng, n.d.). This is notably different from continuous models, which assume a

constant, uninterrupted flow of changes.

Deterministic compartment models are frequently used in studying infectious diseases within
large populations, where the randomness inherent in individual differences tends to average
out, thus the robustness of approximation for observed data remains. Although deterministic
compartment models may fail to capture the different contact patterns in subpopulations that
exist in reality, they can mimic the behaviour of an outbreak and flexibility in combining with
other approaches (e.g., particle filtering) to improve forecast accuracy is attractive to
modellers (Varghese et al., 2021a; Sturniolo et al., 2021; Safarishahrbijari et al., 2017). They
have provided many successful applications in the analysis and prediction of key epidemic
features for influenza outbreaks (Birrell et al., 2011; Shaman et al., 2013; Osthus et al.,
2017) and the COVID-19 pandemic (Wu, Leung & Leung, 2020; Giordano et al., 2020;
Samui, Mondal & Khajanchi, 2020; Gatto et al., 2020; Kucharski et al., 2020b) in different

countries.

Nonetheless, in smaller populations, this randomness has a more significant impact on the
transmission process, rendering deterministic compartment models less appropriate (Zhang
et al., 2021; Daley & Gani, 1999; Lin, 2008). Thus, the significance of stochastic
compartmental epidemic models which account for randomness in analysing infectious
disease dynamics is widely acknowledged (Ullah et al., 2023). Stochastic compartment
models integrate random variations to mirror the unpredictability observed in real-world
infectious disease spread. They can simulate a range of possible scenarios, each with a
certain probability, which is useful for analysing the dynamics of disease transmission under
varying conditions and for planning responsive public health strategies. This stochastic
approach allows for the integration of random variations and probabilities, reflecting the
unpredictability and variability inherent in the spread of infectious diseases. For instance, in
a stochastic model, the chance of infection from an infectious individual to a susceptible one
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is not a fixed rate but a probability that can vary, accounting for factors like individual

interactions and environmental influences (Ming et al., 2016).

Overall, compartmental models are useful approaches for understanding and interpreting
epidemiological information, especially when it is required to take into account external
factors, such as governmental control measures, of the epidemic being investigated to

reflect the impacts.

2.3.2.2 Agent-based Model (ABM)

Agent-based model (ABM) is an alternative to compartmental models, representing
individuals explicitly and simulating the dynamic of disease transmission based on individual
interactions (Panovska-Giriffiths et al., 2021). ABMs also require disease stages to be
defined. However, unlike compartmental models in which a group of individuals in a
population is assigned to one compartment at each stage, compartments used in ABM only
represent disease states for an individual at each time (Dorjee et al., 2013). ABMs consider
all individuals and their interactions in each disease state for the step of the simulation.
Hence, ABMs have the advantage of accounting for heterogeneous individual behaviours,
such as the presence of "super spreading" who exhibit a higher-than-average contact rate
and contribute significantly to disease transmission (Dorjee et al., 2013; Lau et al., 2020),
and assessing the impact of interventions like contact tracing and social distancing (Aleta et
al., 2020; Kretzschmar et al., 2020; Kucharski et al., 2020). ABMs remain a popular method
among researchers in forecasting the transmission of influenza and COVID-19 (Halloran et
al., 2008; Rao, Chernyakhovsky & Rao, 2009; Cooley et al., 2011; Cocucci et al., 2022;
Kumaresan et al., 2023; Castro, Reis & Salles, 2022; Reveil & Chen, 2022). However,

usually, ABMs are far more computationally intensive than compartmental models.
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2.2.3 Machine Learning (ML) and Deep Learning (DL) Models

Machine learning (ML) and deep learning (DL) algorithms are increasingly being employed
for forecasting purposes in public health and medical research (Santosh & Gaur, 2021;
Delpino et al., 2022). They have the potential to aid in the control of infectious diseases by
facilitating the spatial and temporal prediction of the development and spread of the virus
(World Health Organization, 2021). Models based on ML/DL algorithms are capable of
detecting complex patterns within data of high dimensionality (LeCun, Bengio & Hinton,
2015). Compared to mechanistic and statistical models, models based on ML/DL are driven
by data and do not make prior assumptions on data or parameters. They potentially provide
greater flexibility when it comes to capturing the impact of potential external features. This
makes them highly suitable for infectious disease forecasting, which frequently

encompasses diverse factors such as meteorological factors and population behaviours.

Various ML/DL algorithms including support vector machine (SVM), random forest (RF) and
long short-term memory (LSTM) networks have been applied to different types of data sets
(e.g., surveillance data (Al-Omairi et al., 2019), genomic sequencing data (Chen & Ishwaran,
2012), and social media (Athanasiou et al., 2023) and internet data (Ayyoubzadeh et al.,
2020; Dai & Han, 2023)) to predict patterns for infectious disease data (Galasso, Cao &
Hochberg, 2022; Rajaraman et al., 2018; Soebiyanto, Adimi & Kiang, 2010; Guefrechi et al.,
2021). The findings of these studies have demonstrated that ML/DL algorithms can offer
accurate predictions and achieve comparable or even higher accuracy compared to

traditional epidemic models and/or statistical models.

2.2.3.1 ML/DL in Influenza/influenza-like Iliness (ILI)

Multiple studies have incorporated ML/DL algorithms to track influenza//influenza-like illness
(IL1) activity and predict their future trends. Support vector machines (SVM) are employed

(Kim & Ahn, 2019) to analyse news articles to predict weekly ILI patient ratio, and (Nsoesie
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et al., 2021) have demonstrated that SVM and random forest (RF) outperform ARIMA and
multivariable linear regression in forecasting ILI trends based on digital data (Google search
data in this study) at the city level. Google search data was also utilised to predict ILI in
general outpatient clinics (GOPC) in Hong Kong (Xu et al., 2017). The authors compared the
predictive performances of Deep learning (DL) with feedforward neural networks (FNN) (DL
with FNN) with other three models (generalised linear model (GLM), least absolute
shrinkage and selection operator (LASSO), and ARIMA), and DL with FNN the lowest
RMSE, MAPE and MAE. The long short-term memory (LSTM) model was applied to Google
Flu Trends (GFT) and CDC influenza data, and improved accuracy in predicting trends of
influenza epidemics up to 5 weeks ahead compared to the traditional time-series models
(Venna et al., 2019). Additionally, a new DL model framework called ‘CNNRNN-Res’ was
proposed by (Wu, 2018), which combines convolutional neural network (CNN), recurrent
neural network (RNN) and residual links and applies it to real-world ILI datasets. Their
results showed consistent improvements in the accuracy of CNNRNN-Res compared to
representative linear (autoregression (AR) and vector autoregression (VAR)) and non-linear

techniques (gaussian process regression (GPR)).

2.2.3.2 ML/DL in COVID-19

Since the emergence of COVID-19 was recognised as a global threat, various ML/DL
algorithm-based predictive models have been developed to forecast the spread of the
pandemic from different perspectives. Accurate predictions of the spread of COVID-19
including new cases, mortality and hospital admissions can provide critical information to
improve the effective coordination and administration of patient care across the entire
healthcare system. Therefore, understanding the temporal trends of COVID-19 and
improving models’ predictivity in the form of a time series is an important topic that | discuss

here.

68


https://paperpile.com/c/xvG1TR/f9JTI
https://paperpile.com/c/xvG1TR/2egW2
https://paperpile.com/c/xvG1TR/UT7Bh
https://paperpile.com/c/xvG1TR/oDyJ

A variety of ML/DL algorithms have been employed to develop forecast systems to predict
COVID-19 cases in the near future. A real-time prediction model based on Artificial Neural
Network (ANN) was proposed by (Wieczorek et al., 2020), with geo-location and numerical
data globally from the preceding 2 weeks as input training data to predict daily new COVID-
19 cases. The model showed high accuracy in 20 countries or regions, even reaching 100%
for some geographies (Wieczorek et al., 2020). eVision is an epidemic forecaster that
integrates LSTM along with search engine statistics, which was designed to improve the
prediction accuracy of the weekly number of cases of communicable diseases (Shaghaghi et
al., 2021). It achieved 89% accuracy when it was applied to predict the weekly number of
COVID-19 cases in the United States. Adaptive neuro-fuzzy inference system (ANFIS), a
type of ANN which is capable of modelling complex time and space patterns, is popular
among academic researchers and has been used to predict daily confirmed COVID-19
cases in China, Italy, USA, Iran, Korea and India (Al-Qaness et al., 2020a, 2020b; Saif, Das
& Biswas, 2021; Ardabili et al., 2020). Another ANN model called Modified Auto-Encoder
was adopted by (Distante et al., 2020) to predict the epidemic curve of daily confirmed
COVID-19 cases in 21 regions in Italy. Four ML and DL algorithms, support vector
regression (SVR), polynomial regression, standard deep neural network (DNN), and LSTM
were compared on the prediction of the number of COVID-19 cases in the future 10 days
across the world, and the results demonstrate that PR produced the lowest root mean
square error (RMSE) compared to other methods for predicting the transmission of COVID-

19 (Punn, Sonbhadra & Agarwal, 2020).

Some studies proposed hybrid prediction models to improve prediction accuracy by
incorporating DL algorithms and traditional epidemiological or time-series models. For
example, (Zhang & Liu, 2021) embedded LSTM into the susceptible-infected-quarantined-
recovered (SIQR) model to predict confirmed and death cases in Brazil. While (Hasan, 2020)
combined the Empirical mode of decomposition (EMD) and ANN to form a new hybrid model
EEMD-ANN to predict confirmed deaths globally. Compared to traditional statistical analysis,
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EEMD-ANN outperformed with the lowest MSE and the highest R-squared (Hasan, 2020). In
a separate study, ANFIS and multi-layered perceptron-imperialist competitive algorithm
(MLP-ICA) were hybridised to predict the time series of daily cases and mortality rate in

Hungary (Pinter et al., 2020).

There are many other research areas related to the application of ML/DL algorithms beyond
incidence forecasting. For example, identifying risk factors associated with COVID-19
infection or deaths allows policymakers to make better decisions on implementing proper
intervention strategies (Balogh, Harman & Kreuter, 2022; Sarkar & Chakrabarti, 2020; de
Moraes Batista et al., 2020; Chen et al., 2018). Also, predicting the mortality outcome for
COVID-19 patients can efficiently support clinical decision-making for COVID-19 patients
who are at critical risk of mortality (Wong et al., 2021; Alballa & Al-Turaiki, 2021). In addition,
SARS-CoV-2 diagnosis and severity, anticipating intensive care unit (ICU) admission and
the outcome of ICU patients, and length of hospital stay, are all crucial for optimizing
decision-making and effectively allocating scarce resources during peak periods (Alballa &
Al-Turaiki, 2021; Wynants et al., 2020; Albahri et al., 2020; Alabool et al., 2020; Shi et al.,

2021; Islam et al., 2021).

A brief comparison of methodologies that have been adopted in infectious disease

forecasting is summarised below in Table 2.2.
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Table 2.2 Comparison of advantages and limitations of different forecasting methodologies.

Model

Advantage

Limitation

Compartmental models
(5IR, SEIR, etc.)

Agent-based models (ABM)

Time-saries models
(ARIMA, sARIMA, etc.)

Machine learning /
Deep learning models

They are flexible to incorporate
additional conditions such as
interventions or behavioral
changes;

They also can be combined with
other approaches such as particle
filtering to improve performance.

They capture the heterogeneity of
individual behaviours, which
introduces realism the simulated
process.

They are easy to implament and
interpret.

They are capable of analysing large
and complex data sets to identify
patterns or trends that may be
difficult for humans to detect;

They do not reugire parametric
assumptions;

Faster training process.

Sometimes fail to capture the differences
in contact patterns for different
subgroups (e.g., age groupsjand
environment bacause of the assumption
of fully mixed and homogeneous
population

ABMs can be computationally
expensive;

Determining the appropriate values for
model parameters can be challenging.

Unable to capture non-linearity.

They are 'black box' algorithms without
explicit model specifications, which add
the difficulty of interpretation;

Require high-quality, comprehensive
data to achieve optimal performance
while data are often incomplete or
biasad in the real world.
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Chapter 3 Forecasting Influenza Incidence as
an Ordinal Variable Using Machine Learning

This chapter has been published on Wellcome Open Research (Wang, Kwok & Riley, 2024),

awaiting peer review. The preprint is available on Medrxiv (Wang, Kwok & Riley, 2023).

3.1 Introduction

Influenza forecasting plays a critical role in helping healthcare planners and policymakers to
improve their response to large seasonal epidemics and to mitigate their impact in terms of
morbidity and mortality as well as social and economic impacts. Before the COVID-19
pandemic, a contagious respiratory illness caused by influenza viruses posed continual
threats globally, causing an estimated 1 billion cases and up to 650000 deaths

annually (World Health Organization, 2023b, 2019). Accurate and timely forecasting of
influenza epidemics in terms of the start of the epidemic, the time and size of the peak, and
the duration of the epidemic enable policymakers to take effective interventions and optimise
the allocation of healthcare resources. For example, to conduct the maximum number of
elective surgical procedures prior to opening up space in intensive care wards for
community-acquired pneumonia patients. However, reliable influenza forecasts remain a
substantial challenge due to the variation of dominant influenza strains and environmental
factors affecting the outbreak intensity (Viboud & Vespignani, 2019; Ali & Cowling, 2021;

Chretien et al., 2014).

Different analytical methods have been used as the basis for forecast models of influenza
disease. These methods can be classified into two broad categories: mechanistic models
and statistical methods (Chretien et al., 2014; Nsoesie et al., 2014; Brooks et al., 2018).
Mechanistic models attempt to reproduce key features of the underlying mechanism of

transmission. Typical examples include classic compartmental models (Yang, Lau &
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Cowling, 2020; Kramer & Shaman, 2019; Shaman et al., 2013; Kermack, McKendrick &
Walker, 1927) and agent-based models (ABMs) (Laskowski et al., 2011; Arduin et al., 2017;
Dugas et al., 2013; Spaeder, Stroud & Song, 2012). Statistical approaches are
phenomenological and do not attempt to reproduce the transmission mechanism, such as
autoregressive integrated moving average (ARIMA) (Achrekar et al., 2011; Perrotta, Tizzoni

& Paolotti, 2017) and Gaussian Process Regression (GPR) (Chen et al., 2019).

Machine learning (ML) models have gained much attention in recent years and have
gradually become the third category of models. Given that machine learning is sometimes
differentiated from traditional statistics for its focus on prediction, it is not surprising that
these methods are being applied to forecasting influenza. Traditional statistical models have
a longstanding emphasis on inference, which is achieved through creating and fitting project-
specific probability models. They are often less well-suited to data with large sample sizes
and input variables (Bzdok, Altman & Krzywinski, 2018). By contrast, ML methods are data-
driven and avoid making prior assumptions about underlying correlations and rather employ
algorithms to identify patterns in the data (Bzdok, 2017; Bzdok, Krzywinski & Altman, 2017).
In addition, ML methods are flexible in taking different types of input variables and a huge
number of observations into consideration to improve predictive performance. The usage of
some popular machine learning and deep learning methods in influenza forecasting has
been discussed, such as Long Short Term Memory (LSTM) (Venna et al., 2019), Support
Vector Machine (SVM) (Nsoesie et al., 2021; Liang et al., 2018; Singh & Kaur, 2021), and

neural networks (Wu, 2018; Aiken et al., 2021; Li et al., 2020; Hu et al., 2018).

Many natural extreme phenomena, such as floods and earthquakes, are often described on
an ordinal scale, but infectious disease incidence is usually described as a count or a
percentage of a population. The use of the moving epidemic method is a notable exception,
which is now routinely used to compare and communicate the current state of epidemics
across nearby connected populations (Vega et al., 2013). Ordinal time-series classification
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and forecasting have been applied in some non-epidemical areas such as air quality index
and infant sleep status, and they have demonstrated high accuracy of predictions with ML
models (Chen & Chiu, 2021). Ordinal indicators have been used to quantify ILI activity in the
US (FluView, 2012; CDC Epidemic Prediction Initiative, 2021), but influenza forecasting has
remained focused on non-ordinal target observations (Reich et al., 2019a), limiting the range

of analytical methods that can be applied.

Extreme Gradient Boosting (XGboost) is a decision-tree-based ensemble machine learning
method employing the gradient boosting algorithm (Chen & Guestrin, 2016a). It has
demonstrated good prediction performance on a wide range of problems in different
industries, including finance, physics and clinical research (e.g. patient diagnosis) (Wang,
Cheng & Dong, 2022; Qin, 2022; Zhang, Deng & Jia, 2020; Ogunleye & Wang, 2020).

In this paper, we use XGBoost to create a categorical forecast model for weekly numbers of
influenza cases, ranging from 1- to 4-weeks ahead of the current time. The model uses only
data from prior weeks and time of year as potentially informative features. We evaluate the
performance of XGBoost by accuracy metrics such as mean-zero error (MZE) and macro-
averaged mean absolute error (MMAE) and compare it with baseline models and show that
this approach has merit as a generic forecasting approach for data from many different

countries.

3.2 Methods

3.2.1 Data

We used a global web-based collection tool for epidemiological indicators and data on
influenza, Flu Informed Decisions (FlulD) dataset from the World Health Organization (WHO)
(World Health Organization, n.d.). This platform collects weekly Influenza-Like lliness (ILI)

incidence data from WHO member countries and regions, which is either submitted on a
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weekly basis or obtained by the WHO from regional networks such as EUROFIu (World

Health Organization, 2019).

The FlulD data was available from ISO year 2010 week 1 to 2017 week 52 and included
data from 146 countries initially. To ensure sufficient data for model training, countries with
less than 50% of the data were excluded. Further countries that did not have at least 10
weeks of data for each year between 2010 and 2017 were also excluded. After applying
these criteria were applied to the dataset, 32 countries remained, primarily in Europe and

North America.

The key field in the data was ILI incidence, which was an integer ranging from 0 to 44965 (in
week 52 of 2017 in the USA). This field was transformed into an ordinal variable by
discretizing into N different bins with equal intervals, using N = 10 as the default. The highest
incidence data for each country was used to add 10% as the upper boundary. The range
from O to the upper limit was then divided into ten equal ordinal intervals, each of which was
mapped to an ordinal value from 1 to 10, 1 represented the lowest incidence level, while 10
represented the highest level. Note that each country's classification was based on its own
influenza incidence level, so the same category in two different countries corresponded to

different absolute levels of incidence.

3.3.2 Models

We used XGBoost to establish a model to predict short-term weekly influenza incidence
levels (Chen & Guestrin, 2016a). XGBoost is an implementation of the gradient-boosted
decision trees and has been developed to improve computation speed and predictive
performance for a variety of problems, including classification and regression (Chen &
Guestrin, 2016b). Gradient boosting is an algorithm where new models are added in an

adaptive way based on the residuals or errors of predictions from prior models and then
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combined to make the final prediction. Boosting is an ensemble method that creates a strong
prediction model by iteratively combining a number of weak classifiers. New weak classifiers
are added to correct the errors made by existing models, and every new model is added
sequentially until no further improvements can be achieved or until a maximum number of
models is added. Gradient boosting uses a gradient descent algorithm to minimise the loss
when adding new models, i.e., at every optimisation step, only models that reduce the
residual or errors are added. XGBoost uses a second-order Taylor expansion to minimise

the loss function and added regularization terms to prevent overfitting.

To further validate the effectiveness of XGBoost for influenza forecasting, we constructed
two additional baseline models for comparison: 1) null model, in which the prediction of the
target week is the same as the most recent available observation week, and 2) historical
average model in which the prediction of the target week is the average of observations of
the same weeks in other years. The usual definition for historical average models is to mean
value over prior observations for that week of the year (Hyndman & Athanasopoulos, 2021).
Here, we use a slightly different categorical definition of the incidence level with the highest
frequency across the same week in the other years in the study. The aim of the historical
average model is similar to that of the null model, which is to provide a baseline for
comparison with the accuracy of the XGBoost model, reflecting how users might informally

forecast the incidence levels for the next 1 to 4 weeks.

3.2.3 Forecast and Features

Our target was to predict ordinal categories for each week at the country level. We first did
regular machine learning forecasting, in which we trained the model with a training set of
fixed durations and then assessed the model's performance on a testing set. We designed

our analysis to use 5 years of training data to predict one year of outcomes. The first training
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set used data from 2010 to 2014, the second training set used data from 2011 to 2015, and
so on (Table 3.1).

Table 3.1 Time ranges of training and test sets for the XGBoost model.

Training set Test =et
Start Year End Year Year
2010 2014 2015
2011 2015 2016
2012 2016 2017

For predictors in the short-term forecasting model, we used: categorical incidence levels of
the prior n week and prior (n + 1) weeks, the month of the year (from January to December)
and the season (spring, summer, autumn, and winter), where n represents the n-week
ahead forecast (Table 3.2). In other words, the prior n and (n + 7) weeks depend on which
week to be predicted. For example, if we aim to predict the ILI incidence level for week 7,
and we have the most recent data up to week 6, then week 7 is predicted as a 1-week
ahead forecast. Thus, the prior n (n = 1) week of week 7 is week 6 and the prior (n + 1) week
is week 5 will be used to help improve the accuracy. Similarly for the longer forecasting
horizons, if week 7 is predicted as a 2-week ahead forecast, that means the most recent
data is only available up to week 5, and then the prior 2 and 3 weeks are week 5 and week 4
respectively.

Table 3.2 List of input features and value ranges for the XGBoost model.

Feature Value

ILl incidence level of prier n week Intergers between 1 and 10

ILl incidence level of prier (n+1) week Intergers between 1 and 10

Season of prior n week Spring, Summer, Autumn, Winter.
Month of prior n week January, February, March, April, May,

June, July, August, September,
October, November and December,

*N represents the number of weeks ahead to be predicted, and n can take values from 1, 2, 3 and 4.

We adopted two types of training methods to train the model and then make predictions. The

first method is the fixed training window approach, which is the fixed-origin evaluation
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introduced in Chapter 2. In the fixed window approach, we train the XGBoost model only
once with the fixed training set and then predict the test set. Since the data were collected
on a weekly basis, we are able to update our model by including the new coming data and
retraining it to see if model performance can be improved. Thus, the other method is to train
the model with an extended training set for each week, which is called the extending window
approach in this paper, and it was described in Chapter 2 as a rolling-origin evaluation. For
example, if we are going to predict the week i (i > 2) of the year 2015, our training set used
data from 2010 until 2014 for all weeks and data from 2015 for weeks 1 to week (i-7). Our
test data was week i in 2015. The baseline models were trained with the fixed window
approach only. Weeks with missing values for predictors were removed from both the

training set and the test set.

XGBoost provides a large number of hyperparameters to help achieve optimal performance.
They are mainly divided into three types, general parameters, booster parameters, and
learning task parameters (Distributed (Deep) Machine Learning Community, n.d.). Booster
parameters are closely related to the performance of the model, which is the focus of
hyperparameter tuning. Grid search was used to final optimal values for hyperparameters
max_depth, min_child_weight, subsample, colsample_bytree, learning rate and gamma.
Grid search can be challenging and time-consuming due to the many parameters to
optimise, even with XGBoost's rapid convergence. Our gird search for hyperparameters was
carried out as below:
1. Firstly, find the optimal gamma and eta (learning rate) at the same time since they
have an impact on the performance of the model. The values searched for gamma
are 0.1, 0.2, 0.5, 1, 1.5, 2, and 10, while those for eta are 0.01, 0.02, 0.03, 0.06, 0.1,
0.2, and 0.3. We ran all possible combinations of these two hyperparameter values to
tune, and the one with the best performance was selected as the optimal value for

gamma and eta, respectively.
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2. With the optimal values of gamma and eta obtained in the previous step, a grid
search was conducted for max_depth, and min_child_weight range from 0.1 to 1.
3. Made a grid-search over subsample and colsample_bytree simultaneously range
from 0.1 to 1.
K-fold cross-validation is used during the tuning process to assess the model's performance
with different combinations of hyperparameter values. Since there is a dependency between
weekly ILI incidence and future values that cannot be used to forecast past values, the
traditional K-fold method that randomly splits the training set into K folds is not applicable to
our data. Instead, we used cross-validation on an extending basis (Figure 3.1). We selected
data from 2010 to 2014 as the overall training set for the cross-validation, but during the
process of rolling cross-validation, we started with data from 2010 as the first fold of the
training set and checked the accuracy of prediction for the data from 2011. Data from 2010
and 2011 then formed the second fold of the training set, and data from 2012 became the

test for accuracy check.

[ Data ]

[ Train Test \ “ \

[ Train | Te st \ \

[ Train ‘ Test \ ‘

[ Train ' ‘ Test J

| | | | | | s
2010 2011 2012 2013 2014

Figure 3.1 Schematic for time series split cross-validation.
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The raw output contained the predicted probability of each data point belonging to each ILI
incidence level and we selected the level with the highest probability as the final prediction.
The accuracy metric used in the tuning process is the macro-averaged mean absolute error
(mMAE) which will be defined in detail later. This process was repeated until 2014 and
became the last test set. The final optimal values of the hyperparameter are given in Table
3.3.

Table 3.3 Summary of values of hyperparameters used for XGBoost models.

Hyperparameter Value

maximum depth of a tree

(max_depth) 4

minimum sum of sample weight (hessian) needed in a leaf node
(min_child_weight}

subsample ratio of the training set

(subsampla)

subsample ratio of conlums used to construct each tree 08
(colsample_bytree) '
minimum loss reduction

(gamma)

learning rate

(eta) 0.02

3.2.4 Accuracy Metrics

We used two of the most commonly used metrics in ordinal classification problems
(Baccianella, Esuli & Sebastiani, 2009), macro-averaged mean absolute error (nMAE) and
mean zero-one error (MZE) to evaluate the model performance. Both metrics are defined as
negatively oriented penalties that we aim to minimise: the lower the score, the better the

forecast is considered.

3.2.4.1 Macro-averaged Mean Absolute Error

Macro-averaged mean absolute error (MMAE) measure is adapted from the traditional class-
based metric mean absolute error (MAE) which assesses the average deviation of the

predicted class from the actual class, and it is defined as,
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N
1
MAE = Zlyi - i
i=

where y; and y; denotes the true class and the predicted class respectively. However, MAE
averages effectiveness across individual observations, which does not reflect the
imbalanced distribution of classes in our datasets if many observations are in the lowest
class and very few are in higher classes. Instead, we used macro-averaged mean absolute
error (MMAE) as one of our metrics to assess the performance of our models in terms of
predicting ordered outcomes. MMAE is obtained by first computing the MAE on a per-class
basis and then averaging the results across the classes so that mMAE is insensitive to class
imbalance. Let y; be the true class and y;" be the predicted class of i-th week in the test set.
Let N, be the number of true cases with the class k where k€ 1, 2, ... , 9, 10. There are 10
classes in our classification problem, i.e., Ny =¥} I, -, and Ny =Y., I, . The Macro-

averaged mean absolute error is calculated with the following formula:

1 10 1 N
mMAE = 35> o= D 10 = willy -
k=1 i=1

, where

I

yi=k —

3.2.4.2 Mean Zero-one Error

Our second metric is the mean zero-one error (MZE) which is more frequently known as the

error rate of classifiers and is, essentially, the proportion of time that a correct prediction is

made
N
1
MZE = N Zlygzyi
i=1
=1 — Acc
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where

Lo = {1, if yi = yi
iEYE 0, ifyi F

y; and y; denotes the true class and the predicted class respectively. Acc is the accuracy of
the model, i.e., the number of correctly predicted categories divided by the total number of
predictions. Therefore, MZE ranges between 0 and 1, and the lower the MZE, the higher

accuracy indicates better predictive performance.

3.3 Results

Country-level forecasts were performed using ILI data from 32 countries, located in northern
temperate regions (Figure 3.2). Due to the incompleteness of data, countries located outside
of temperate regions were excluded from the analysis. The countries in the northern
hemisphere's temperate regions demonstrated a similar trend in influenza activity, with ILI
incidence typically rising at the end of the year and reaching a peak level at the beginning of
the following year (Figure 3.3B). During the 2010 - 2017 surveillance, after excluding weeks
with missing values, the data availability ranged between 229 and 417 weeks, with each
country contributing an average of 337 weeks of data (median = 391 weeks). Of these
weeks, over 60% fell into level 1, while 0.76% of the total weeks fell into levels 9 and 10

(Figure 3.3A).
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Figure 3.2 World map.

Thirty-two countries included in this study are marked in red. Samples are mainly from North America
and Europe.
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Figure 3.3 Distribution of categorical incidence levels for weekly influenza-like illness for
countries included in the study.

A. Overall frequency of every level appearing in 32 countries. B. Incidence level in each country by
time. Grey-shaded areas indicate that no available were data for those weeks.
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Overall, the XGBoost model with an extended window generated fewer errors and
demonstrated more stable predictive performance than the XGBoost model with a fixed
training window or the baseline models. The short-term prediction errors of different models
are summarised in Table 3.4, by averaging the mMAE across countries and presented for
each prediction horizon (1-week ahead, 2-week ahead, etc.). We separately compare the
mMAEs of three test periods (2015 to 2017). From Table 3.4, for these three test periods, we
show that prediction accuracy measured by mMAEs decreases with the increasing forecast
length (i.e. one to four-week in advance), but both XGBoost models (with extending window
and fixed window) uniformly outperform the two baseline models (Figure 3.4, Table 3.4). In
particular, the mMMAEs of the XGBoost model with an extended window remain below 1, on
average across all countries, even as the forecast length increases, indicating that, on
average, the predicted classes are either correct or only one class away from the true class.
This XGBoost model has the lowest average MZEs for all prediction horizons compared to

the XGBoost model with a fixed window and baseline models (Figure 3.5, Table 3.5).
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Figure 3.4 Differences in macro-averaged mean absolute error (nMAE) by model.

Comparison of mMAE for XGBoost (with an extended window) and baseline models (Historical
average and Null models) while forecasting 1 to 4 weeks ahead. A. 2015, B. 2016, C. 2017.

86




Table 3.4 Overall macro-averaged mean absolute error (NMAE) of XGboost compared with
baseline models (Historical average and Null models).

mMAE* of n-wesk ahead

Year Models n=1 n=2 n=3 n=4
XGBoost with extending 0.721 0.956 1.060 1179
window
XGBoost with fixed window 0522 0.997 1.102 1.221
2015
Historical average model 3318 3.449 3.554 3.705
Null model 2908 1.848 2.447 2.908
XGBoost with extending 0.483 0.665 0.736 0.824
window
XGBoost with fixed window 0.520 0.675 0.789 0.836
2016
Historical average model 3.338 3.200 3.270 3.247
Null model 2751 1.826 2.429 2.751
XGBoost with extending 0.638 0.898 1.084 1.193
window
XGBoost with fixed window 0 645 0918 1.148 1268
2017
Historical average model 3.484 3.604 3.734 3878
Null model 2663 1.720 2.221 2.663

*Overall MMAEs of 1- to 4-week ahead forecasts for each model are calculated as the average of 32
countries’ mMMAES by year.
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test period year 2015 to 2017. A. 2015, B. 2016, C. 2017.
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Table 3.5 Overall mean-zero error (MZE) of XGboost compared with baseline models (Historical
average and Null models).

MZE* of n-week ahead

Year Models 1 2 3 4
XGBoost with extending 0.275 0.309 0.314 0.313
window
X GBoost with fixed window 0277 0311 0317 0.320
2015
Historical average model 0.323 0.322 0.332 0.345
Mull model 0.406 0323 0373 0.406
XGBoost with extending 0.272 0.344 0.356 0.378
window
XGBoost with fixed window 0.282 0.344 0.357 0.380
20186
Historical average model 0.358 0.368 0.382 0.405
Null model 0.431 0.334 0.397 0.431
XGBoost with extending 0.256 0.319 0.328 0.351
window
XGBoost with fixed window 0.268 0.339 0.356 0.370
2017
Historical average model 0.396 0.408 0.41% 0.427
Mull model 0.416 0317 0.38 0418

*Overall MZEs of 1- to 4-week ahead forecasts for each model are calculated as the average of 32
countries’ MZEs by year.
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The mMAEs for the extending window approach were consistently lower compared to the
XGBoost model with a fixed window (Figure 3.6, Table 3.4). The mMAEs for the fixed
window approach only remained below 1 for 1- to 4-week forecasts in 2016, but exceeded 1
for 3- and 4-week ahead forecasts in 2015 and 2017. Although the two XGBoost models had
similar MZEs, the extending window approach still resulted in a lower MZE for each
prediction horizon (Figure 3.7, Table 3.5). The better performance of the extending window
approach can be attributed to its continuous addition of the predicted weeks’ observations to

the training set, allowing the model to learn more data, resulting in smaller prediction errors.
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Figure 3.6 Macro-averaged mean absolute error (nMAE) of XGBoost models.
Comparison of mMAEs for weekly forecasting ranging from 1-to 4-week ahead for the years 2015 to

2017. A. The XGBoost model with an extended window approach. B. The XGBoost model with a fixed
window approach.
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Figure 3.7 Mean-zero error (MZE) of XGBoost models.

Comparison of MZEs for weekly forecasting ranging from 1- to 4-week ahead in 2015 to 2017. A. The
XGBoost model with an extended approach. B. The XGBoost model with a fixed window approach.
There is substantial variation in the prediction accuracy, as indicated by mMAE, among the
countries (Figure 3.8). For instance, Moldova, had remarkably low mMAEs from 2015 to
2017, even achieving 0 in 2016 and 2017. Conversely, certain countries, such as Hungary
and Norway, consistently exhibit much higher mMAEs compared to other countries. Similar
results were found for MZEs (Figure 3.9). The performance of XGBoost on the test set can
be affected mainly by the quality of training data. By checking the missing data for countries,
we discover that countries with high mMAEs often have more incomplete data than better-
performing countries, implying that they have a smaller sample size of training sets, failing to

capture complex epidemic patterns of influenza (Figure 3.3B).
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Figure 3.8 Macro-averaged mean absolute error (nMAE) for thirty-two countries.
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Figure 3.9 Mean-zero error (MZE) for 32 countries.

MZEs of predictions by the XGBoost model with an extended window for the year A. 2015. B. 2016.
and C. 2017. MZE values were indicated in each shaded box. The higher the MZE, the darker the
shaded box.

We investigated the influenza distribution and forecasts over a 3-year period in four
countries selected based on their mMMAEs and data completeness and found different
qualitative drivers of accuracy. The plots in Figure 3.10 compare the predicted values from
four models with actual data for 1 to 4-week-ahead forecasts in Moldova, Switzerland,
Estonia and Hungary separately. Moldova had the lowest mMAE, but its influenza activity
barely fluctuated with 97.5% (390 out of 400 weeks) of the weeks remaining at level 1.
Conversely, Switzerland and Estonia had 25.3% (82 out of 406 weeks) and 72.5% (290 out
of 400 weeks) of the weeks, respectively, above the baseline level. All four models
successfully predicted peak influenza season for 1-week and 2-week ahead forecasts in
2015 and 2016 in Switzerland and Estonia, but the historical average model failed to identify

peaks for 3-week and 4-week ahead forecasts (Figure 3.10). The other three models could
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identify peaks up to 4-week ahead of forecasts, with the XGboost with extending approach
being the most accurate (Figure 3.10). The deviation between actual observation and
prediction is typically high when there is a sudden increase or decrease in flu incidence
levels (Figure 3.11). In Hungary, due to the limited sample size of the training set and the
complexities of influenza activity, a large deviation between actual observation and
prediction even for the 1-week forward forecast. The prediction of XGboost with an

extending window provided the closest prediction to the observed peak (Figure 3.11).
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Figure 3.10 Comparison of Actual and predicted incidence by country.
Countries Moldova, Switzerland, Estonia and Hungary are selected. Models include the two XGBoost

models, the historical average model and the null model while forecasting 1- to 4-week ahead for the
test period year 2015 to 2017.
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Figure 3.11 Comparison of actual and predicted incidence.

Predicted incidences are generated by the XGBoost model with an extended window for Moldova,
Switzerland, Estonia and Hungry; for forecasts 1 to 4 weeks ahead for the test period year 2015 to
2017.



3.4 Discussion

In this work, we have proposed a potential machine learning model for influenza forecasting
using a 10-unit ordinal variable to describe the case incidence. We evaluated two XGBoost
machine learning models, one with a fixed window training set and the other with an
extended window training set and compared them to baseline models. We measured their
accuracy using the mean zero-one error (MZE) and macro-averaged mean absolute error
(mMAE). Our results showed that both XGBoost models outperformed the baseline models,

with the extended window XGBoost model consistently achieving the highest accuracy.

We defined the forecast target on an ordinal scale, which is often how influenza incidence is
communicated (Vega et al., 2013). This contrasts with other studies predicting time-series ILI
activity as a continuous outcome based on the XGBoost algorithm. The XGBoost algorithm
has been used as a base model in the ensemble approach to predict influenza activity at the
regional level and demonstrated the contribution of XGBoost to improving accuracy (Cheng
et al., 2020; Choi, Kim & Ahn, 2019). However, our results are not directly comparable to
these studies since our work is different in the following ways. First of all, we defined the
outcome as an ordinal variable rather than continuous and conducted categorical forecasting
for ILI activity levels. Furthermore, the proposed framework in this study is solely based on
the XGBoost therefore we are able to assess the applicability and predictivity of the XGBoost

in influenza forecasting, which has not been verified by other studies before.

The use of a categorical outcome enabled us to apply machine learning algorithms. Although
the proposed XGBoost model has advantages, it has not been tested to predict ILI incidence
as an ordinal variable against other influenza surveillance data sources. Machine learning
algorithms’ performance can be limited by the quality of the training and testing data, and
inconsistencies between different databases may reduce the generalisability of the XGBoost

prediction model (Jain et al., 2020). In addition, it has not been applied to predict other
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infectious diseases such as COVID-19. Further testing is needed to determine the

applicability of the in real-world public health practice.

Our baseline models provide a basic framework for assessing the potential of machine
learning forecasts. We have chosen relatively simple NULL models for categorical outcomes
without prior assumption or hypothesis because the vast majority of public health officials do
not access current forecasting methods and those methods haven’t been rigorously
compared against these null hypotheses. The baseline models are intended to reflect the
most basic of implicit forecast assumptions: they assume that incidence will remain
unchanged and revert to its historical average. Our methods offer improvements over these
assumptions, for example, the 4-week forecast horizon XGBoost model with an extended
window being more accurate than assuming the incidence would follow the historical
average and more accurate than the default 1-week ahead model with no change
assumption. In the future, we will compare the proposed XGBoost model in this work to
more sophisticated and informative models than the current baseline models, such as the

historical average based on observed features (Angers, Biswas & Maiti, 2017).

This work has several limitations. One of the challenges in working with infectious disease
datasets is the limited period of data available for model estimation and evaluation,
compared to other datasets used in machine learning. For each country in the study, only 5
years of data were used for model training, leaving only 3 years for testing. Cross-validation
was used to find the optimal hyperparameters instead of using an independent validation
set. Additionally, countries with fewer weeks of data in the training set tend to have higher
prediction errors, which suggests that accuracy will improve as more data becomes
available. Furthermore, the results should be interpreted with caution, given the disruption to
influenza transmission during the COVID-19 pandemic, as patterns may change as the

transmission is re-established.
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We used ILI datasets and generated forecasts at the country level which made including the
time-varying external variables difficult. For instance, meteorologic factors, such as
temperature and humidity, have been recognised to have impacts on the transmission of the
virus and they normally are reported by regions rather than by countries. To obtain country-
level information for such factors, it is required to process regional data such as taking the
average over regions, which may cause information loss and lead to worse predictions.
However, this generic framework can be used by any country that has data in a similar

format.

Our forecasts showed reduced accuracy in predicting turning points of the epidemic (Figure
3.12). When there is a sudden increase in incidence levels, they are often underestimated.
On the other hand, a sudden decrease in incidence levels results in them being easily
overestimated. This is especially important in a public health context where accurately
predicting rare cases of much higher than usual incidence levels or earlier or later ends of
the epidemic is crucial. Thus, improving the prediction stability at the extreme points of
season patterns remains a priority in ongoing forecasting work. One possible direction for
future exploration is to investigate the impact of incorporating alternative data sources to
capture the dynamics of extreme points in seasonal patterns. For instance, exploring the
integration of additional environmental or socio-economic variables that could affect the
behaviours of these extreme points may provide valuable insights and improve prediction

accuracy.
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Figure 3.12 Distribution of predictions against each decile of observation for the XGBoost model
with an extended window.

Rows of heat maps are ordered from 1 week ahead (top) to 4 weeks ahead (bottom). Columns of heat
maps are ordered from 2015 (left) to 2017 (right). Values on the diagonal are the accuracy of
forecasts, while other values represent the frequency at each level that was incorrectly predicted to be
the other level.

99



Forecasting influenza as an ordinal outcome is a feasible task for machine learning. The
widely used XGBoost model, even with a limited set of features, provides significantly more
accurate predictions than the standard baseline models. With datasets that have a longer
history and comprehensive spatial coverage, it is possible to achieve more accurate
forecasts. Similar to other epidemiological models, the framework can easily be expanded to
include population serology and population mobility (Liang et al., 2022) or other relevant

features as more data become available (Kwok et al., 2018).
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Chapter 4 The Interaction of Age and
Geography in the Transmission Dynamics of
SARS-CoV-2 during the 2020/21 UK Winter

Wave

4.1 Introduction

The outbreak of the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) that
emerged in late 2019 has led to the ongoing COVID-19 pandemic and has rapidly evolved
into a global health crisis, challenging healthcare systems, economies, and social structures
worldwide. Characterised by person-to-person transmission, the virus has spread rapidly,
leading to a range of clinical outcomes, from asymptomatic infections to severe respiratory
distress and fatalities (Wu & McGoogan, 2020; Guan et al., 2020b). The World Health
Organization (WHO) declared COVID-19 as a pandemic on March 11, 2020, marking a
turning point in the fight against the virus (World Health Organization, 2020c). Governments
and public health authorities implemented a series of non-pharmaceutical interventions, such
as social distancing measures, mask mandates, and lockdowns, to mitigate transmission
and protect vulnerable populations (Anderson et al., 2020; Hale et al., 2021). However, as
the variants of the virus progressed, different countries and territories experienced multiple
waves of surges in SARS-CoV-2 infection at different times, while the United Kingdom is one

of the countries most affected by the COVID-19 pandemic.

During the initial wave of the COVID-19 pandemic in early 2020, the UK faced significant
challenges in managing the outbreak, with healthcare systems under immense strain and
the implementation of strict public health measures to curb transmission. The first wave
subsided in June 2020, with a period of declining cases and relaxed restrictions (Prime
Minister’s Office, 2020a; Sutherland, Headicar & Delong, 2021). However, the second wave

of COVID-19 infections occurred later in the year, which began in the fall of 2020 and
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extended into early 2021 (Prime Minister’s Office, 2020b). This second wave was associated
with the emergence of new variants of the SARS-CoV-2 virus, the Alpha variant (B.1.1.7),
which was identified as more transmissible than previous strains (Davies et al., 2021).
Vaccination was not available to the public in the UK until mid-way through the second wave,

with the majority only being vaccinated towards the end of the weave.

The UK government developed a COVID-19 surveillance dashboard, based on community
testing of symptomatic individuals, aiming to track the progress of the pandemic in the
country (UK Health Security Agency, 2020b). However, variations in testing availability and
accessibility and varied definitions of COVID-19 cases adopted by different UK nations may
have caused the bias to reflect the actual trend (UK Health Security Agency, 2020c). To
reduce such bias and improve the representativeness of the data stream, a large-scale
surveillance study program called REal-time Assessment of Community Transmission-1

(REACT-1) was launched in May 2020 (Riley et al., 2020b).

| was a member of the Imperial College REACT-1 analytical team from May 2020 to April
2022 (see also Declaration of Originality). | was deeply involved in various aspects of the
project, including questionnaire design and data analysis. My responsibilities included
processing and analysing raw data obtained from Ipsos (Ipsos, n.d.), leading on analysis of
community prevalence by age groups and geographic regions, and investigating health
inequalities among different socio-demographic groups. | helped design, then led the
implementation of the analytical pipelines for these results and | worked closely with senior
colleagues to agree the interpretation that was published contemporaneously in REACT-1

reports.

REACT-1 study assesses the community prevalence in England by cross-sectional repeated

random sampling based on the population of England (Riley et al., 2020b). In addition to the
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swab results, the REACT-1 study also collects sociodemographic information (e.g., age,
geographic location, occupation, etc.), which allows us to investigate disparities of
prevalence among individuals with different backgrounds and risk factors of SARS-CoV-2

infection (Imperial College London, 2020).

The results of the REACT-1 study from the end of the first wave showed variations in the
prevalence of COVID-19 cases across different age groups and geographic regions in
England (Riley et al., 2021a). The first half of the second wave from September 2020 to
December 2020 was a critical phase in the UK because this was the period with relatively
high social mixing but during which vaccine coverage was low therefore vaccination had not
yet had a substantial impact. Understanding how age and geography interact in driving
SARS-CoV-2 transmission during this period is vital to inform targeted public health
interventions and develop effective strategies for mitigating the impact of the next time the
UK experiences a similar stage with a severe wave of respiratory infection. The second half
of the second wave from January 2021 to April 2021 was a period of lower social mixing and
increasing levels of vaccination. In this chapter, we aim to present a detailed epidemiological
analysis of the trends of prevalence of COVID-19 cases over time during wave two, focusing
on how the disparities across age and geographical regions in England changed from the

first to the second half and investigating the interaction between them.

4.2 Methods

4.2.1 Data Collection

The REACT-1 study protocol has been described thoroughly elsewhere (Riley et al., 2020b).
In brief, we randomly select individuals aged 5 years and above from the National Health
Service (NHS) patient list to send personalised invitations, among 315 lower-tier local
authority areas (LTLAs) in England. For those participants who indicated consent to take

part, they received test kits and instructions delivered by post to obtain self-administrated
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nose and throat swabs. The REACT-1 study was conducted on a round basis with the start
of each round approximately one month apart. In each round, we send out about 720000 to
760000 swab tests and questionnaires for their demographic and socio-economic
information (REal-time Assessment of Community Transmission (REACT) Study, n.d.).
There were nineteen rounds in total between May 2020 and March 2022 with over 2.5 million
individuals tested. Here, the second wave of COVID-19 cases we focus on is between

September 2020 and March 2021, which corresponds to rounds 5 to 10.

The sample size of the study ranged from between 140000 and 180000 people across
rounds 5 to 10 (REal-time Assessment of Community Transmission (REACT) Study, n.d.).
These samples were collected using dry swabs and then transported to a commercial
laboratory using the cold chain to ensure sample integrity. Reverse-transcription-
polymerase-chain-reaction (RT-PCR) test with E gene and N gene targets was used to
obtain binary outcome (swab positive versus swab negative) of samples. We used cycle
threshold (CT) values as a proxy to assess the intensity of the viral load and CT values are
inversely correlated with the amount of RNA present in the sample. If both E and N genes
were detected, the result of a swab will be defined as positive regardless of CT values.
When the E gene was detected, the N gene was also detected. However, in some samples,
the N gene was detected but the E gene was not. In this case, samples are considered
positive with a CT value for the N gene less than 37. Similarly, samples are considered
negative if neither the E gene nor the N gene is detected or if a CT value for the N gene is

equal to or greater than 37.

The age of participants was logged as a continuous variable between 5 and 106 years. We
converted continuous age into eight categorical age groups: 5to 12, 13to 17, 18 to 24, 25 to
34, 35 to 44, 45 to 54, 55 to 64 years, and 65 years or older. Individuals were divided into

nine geographical regions in England: they are North West, North East, Yorkshire and The
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Humble, West Midlands, East Midlands, East of England, South West, London and South

East.

4.2.2 Statistical Analysis

The unadjusted prevalence was defined as the proportion of positive samples of total
samples, and it will be referred to as unweighted prevalence in the following text. To address
non-response bias and unequal selection probabilities inherent in the sampling process, we
adjusted unweighted prevalence with pre-obtained weights to estimate the representative
prevalence of the population in England, which is referred to as weighted prevalence. The
weights were calculated via Random lIterative Method (RIM) weighting (Sharot, 1986),
instead of interlacing multiple variables, RIM weighting introduced variables in a sequence. It
can start to calculate weights with certain variables, and then this set of weights is corrected
by the following variables. This process is repeated until the last variable has been weighted
appropriately. We adjusted prevalence to the population of age by sex; LTLA counts; ethnic
group; and IMD deciles. Data on age by gender and LTLA counts used here were extracted
from the Office for National Statistics (ONS) mid-2019 population estimates (Park, 2020),
and the ethnic group from ONS Labour Force Survey (Office for National Statistics, n.d.).
The samples were weighted to age by sex and LTLA counts first and re-weighted with all
four variables to obtain the final weights. The overall weighted prevalence for age groups

and regions was calculated with the survey package in R (Lumley, 2004, 2023).

We explored the interaction between age groups and geographical regions by estimating the
weighted nested prevalence using Bayesian multilevel regression model (Shor et al., 2007).
The better ability of Bayesian multilevel regression model than the classic survey weighted
approach at national and regional levels, particularly when sample sizes are small, has been
demonstrated by many simulated and empirical studies (Gelman et al., 2016; Christofoletti et

al., 2021; Downes & Carlin, 2020; Warshaw & Rodden, 2012; Si et al., 2017). The

105


https://paperpile.com/c/xvG1TR/3Stud
https://paperpile.com/c/xvG1TR/a2kyv
https://paperpile.com/c/xvG1TR/qytij
https://paperpile.com/c/xvG1TR/IIPad+vuD2u
https://paperpile.com/c/xvG1TR/1ZGB0
https://paperpile.com/c/xvG1TR/tFUy4+8GaGW+zHju5+RsRpI+Zm3DD
https://paperpile.com/c/xvG1TR/tFUy4+8GaGW+zHju5+RsRpI+Zm3DD

incorporation of random effects in the multilevel model, facilitating partial pooling, ensures
the stability of estimates for subnational levels, which could otherwise pose challenges with

the classic survey weighted strategy.

Here, a regression model was run to predict the outcome of swab positivity as a function of
region and age groups nested within a region, defined below:
Yijk ~ Bernoulli (n, pij)
logit(pij) = a+ weight * Qyegioni] + Weight * Qregioniage(if]
Gregion ~ Normal (0, Oregion)
Gregioniage ~ Normal (0, Oregioniage)
a~ Normal (0, 1)
Oregion ~ HalfCauchy (1)
Oregioniage ~ Half Cauchy (1).
Geographic region (9 levels) was modelled as a random effect, and age groups were nested
within each region, expressed as an interaction term (72 levels). Swab positivity is a binary
outcome and the probability of being positive was modelled by the multilevel logistic

regression.

The model was fitted using the brms package developed in R (Nalborczyk et al., 2019).

All the analyses in this chapter were completed under R version 4.0.5.

4.3 Results

4.3.1 Overall Levels of Swab-positivity during the Second Wave in England

England experienced a large second wave of SARS-CoV-2 infection between September

2020 and March 2021, with rising overall swab positivity from September 2020 to January
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2021 followed by a decline to March 2021 (Figure 4.1, Table 4.1). Between 18 September

2020 and 30 March 2021, 10756 samples were positive overall from 1470736 swabs.

The resurgence detected during mid-August and early September 2020 (Riley et al., 2021a)
(round 4) continued with weighted prevalence reaching 0.60% (0.55%, 0.71%) in round 5 (18
September to 5 October 2020) (Figure 4.1). Infections increased further across round 6 (16
October to 2 November 2020), where we found 1,732 positives out of 160,175 swabs giving
a weighted prevalence of 1.30% (1.21%, 1.39%), more than twice that observed in the
previous round 5. Compared with round 6, there was a 28% decrease in prevalence in round
7 (13 November to 3 December 2020), likely due to the implementation of a second national

lockdown (5 November to 2 December 2020) (Prime Minister’s Office & Street, 2020).

Rounds 8 to 10 covered the period from 6 January to 30 March 2021, immediately following
the start of a third national lockdown in England on 6 January 2021. In round 8, at the very
start of the third national lockdown, we found 2,282 positives out of 167,642 swabs giving a
weighted prevalence of 1.57% (1.49%, 1.66%), which was more than 50% higher than the
0.94% (0.87%, 1.01%) recorded in round 7 (13 November to 3 December 2020). This was
the highest prevalence observed by the REACT-1 study up to that point. Round 9 (4 to 23
February 2021) included 165,456 valid swabs of whom 689 tested positive, with a weighted
prevalence of 0.49% (0.44%, 0.55%), representing a fall of over 60% from round 8.
Prevalence continued to fall to round 10 (11 to 30 March 2021), when we found 227
positives out of 140,844 swabs giving a weighted prevalence of 0.20% (0.17%, 0.23%), an

approximately 60% reduction from round 9.
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Figure 4.1 Comparison of overall weighted prevalence as measured by REACT-1 to surveillance
case data (Public Health England, PHE).

Overall weighted prevalence for rounds 5 to 10 of the REACT-1 study is in black solid lines (left-hand
side y-axis) with a 95% confidence interval (grey shaded boxes). The temporal dynamic of
surveillance data is shown by black points and the red solid line (right-hand side y-axis). The right y-
axis is scaled by 20,000 per case. Blue-shaded areas indicate the time period of the second and the
third lockdowns in England.
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Table 4.1 Overall unweighted and weighted prevalence with 95% CI for rounds 5 to 10.

Round Tested Pasitive  Unweighted prevalence Weighted prevalence First sample  Last sample
swabs  swabs (95% Cl) (95% CI) p P

5 174,948 524 0.47% (0.44%, 0.50%) 0.60% (0.55%, 0.71%) 18/09/2020  05/10/2020

(
(

6 160,173 1,731 1.08% (1.03%, 1.13% 1.30% (1.21%, 1.38%) 16/10/2020 02/11/2020
7 168,181 1,299 0.77% (0.73%, 0.82%) 0.94% (0.87%, 1.01%) 131172020 03122020
8 167 642 2232 1.36% (1.31%, 1.42%) 1.57% (1.49%, 1.66%)  06/01/2021%7  22/01/2021
9 165,456 5589 0.42% (0.39%, 0.45%) 0.49% (0.44%, 0.55%)  04/02/2021 23/02/2021
10 140,844 227 0.16% (0.14%, 0.18%) 0.20% (0.17%, 0.23%) 11/03/2021 30/03/2021

* Includes small number of samples from previous days.

4.3.2 Higher Prevalence of Test-positivity in Children

Periods of high prevalence appeared to be driven by younger age groups (Figure 4.2, Table
4.2). Although swab positivity increased in all age groups between rounds 5 and 6 it fell
slightly on average between rounds 6 and 7. However, during this period prevalence among
primary (5-12 years old) and secondary (13 to 17 years old), aged children continued to
increase, which may partly be explained by the fact that primary and secondary schools
remained open during the second lockdown between November and December 2020 (Prime
Minister’'s Office & Street, 2020). All age groups reached their highest prevalence in round 8,
before dropping from round 9 to round 10. Across the second wave, participants aged below
35 years had a higher prevalence than those aged 35 years and above years for all six
rounds, further supporting the notion that younger people contributed substantially to
transmission during the second wave prior to the widespread uptake of vaccination in this

age group, which was first offered on 20 May 2021 (England, 2020).
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Table 4.2 Unweighted and weighted prevalence by age groups and regions from rounds 5 to 10.

A. Rounds 5 to 6.

Variable Category " . Round 5 ) " . Round 6 )
Positive  Total Unweighted Prevalence Weighted Prevalence Positive  Total Unweighted Prevalence Weighted Prevalence

Age 05-12 59 13,771 0.43% ( 0.33% , 0.55% )  0.58% ( 0.47% , 0.73% ) 113 11,245 1.00% ( 0.83% , 1.21% ) 1.27% ( 0.96% , 1.68% )
13-17 59 10,480 0.56% ( 0.43% , 0.73% ) 060% ( 0.43% , 0.84% ) 119 8,616 1.38% ( 1.15% , 1.65% )  1.72% ( 1.33% , 2.21% )
18-24 a3 6,852 1.21% ( 0.97% , 1.50% ) 0.70% ( 0.49% , 1.00% ) 120 6,308 1.90% ( 1.58% , 2.27% ) 2.38% ( 1.79% , 3.16% )
25-34 86 15,683 0.55% ( 0.44% , 0.68% ) 1.59% ( 1.18% , 2.13% ) 206 15,242 1.35% ( 1.17% , 1.55% ) 1.56% ( 1.30% , 1.86% )
35-44 121 22,954 0.53% ( 0.44% , 0.63% ) 0.69% ( 0.53% , 0.90% ) 214 21,003 1.02% ( 0.89% , 1.16% ) 1.25% ( 1.05% , 1.48% )
45-54 157 29,380 0.53% ( 0.45% , 0.62% )  0.58% ( 0.48% , 0.70% ) 313 26,897 1.16% ( 1.04% , 1.30% ) 1.26% ( 1.10% , 1.44% )
55-64 116 31,884 0.36% ( 0.30% , 0.44% ) 0.37% ( 0.30% , 0.46% ) 326 29,752 1.10% ( 0.98% , 1.22% ) 1.20% ( 1.05% , 1.38% )
65+ 143 43,944 0.33% ( 0.27% , 0.38% )  0.35% ( 0.28% , 0.43% ) 320 41,110 0.78% ( 0.70% , 0.87% ) 082% ( 0.71% , 0.94% )

Region South East 104 39,496 0.26% ( 0.22% , 0.32% ) 0.29% ( 0.23% , 037% ) 244 36,164 0.67% ( 0.59% , 0.76% ) 0.69% ( 0.60% , O0.80% )
North East 61 6,702 091% ( 0.70% , 1.17% )  1.06% ( 0.80% , 1.42% ) 29 5,846 1.52% ( 1.22% , 1.87% )  1.49% ( 1.17% , 1.89% )
North West 199 19,468 1.02% ( 0.89% , 1.17% ) 1.21% ( 1.01% , 1.46% ) 372 17,866 2.08% ( 1.88% , 2.30% )  2.39% ( 2.10% , 2.73% )
Yorkshire and The Humber 74 11,658 0.63% ( 0.50% , 0.80% ) 0.84% ( 0.60% , 1.17% ) 189 10,697 1.77% ( 1.53% , 2.03% ) 2.32% ( 1.90% , 2.81% )
East Midlands 101 21,897 0.46% ( 0.38% , 0.56% ) 0.56% ( 0.43% , 0.72% ) 233 20,458 1.14% ( 1.00% , 1.29% ) 1.25% ( 1.07% , 1.45% )
West Midlands 70 16,343 0.43% ( 0.33% , 0.54% )  0.60% ( 0.40% , 0.89% ) 196 14,860 1.32% ( 1.14% , 1.52% ) 1.59% ( 1.18% , 2.13% )
East of England a1 25,625 0.32% ( 0.25% , 0.39% ) 0.30% ( 0.23% , 0.38% ) 150 23,231 0.65% ( 0.55% , 0.76% ) 0.69% ( 0.57% , O0.83% )
London 79 17,499 0.45% ( 0.36% , 0.56% ) 0.54% ( 0.42% , 0.70% ) 141 15,757 0.89% ( 0.75% , 1.05% ) 0.97% ( 0.79% , 1.18% )
South West 55 16,260 0.34% ( 0.25% , 0.44% ) 0.33% ( 0.23% , 0.46% ) 117 15,294 0.77% ( 0.63% , 0.92% ) 0.80% ( 0.64% , 0.99% )
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B. Rounds 7 to 8.

) Round 7 Round 8
Variable Category . ) . . ) .
Positive  Total Unweighted Prevalence Weighted Prevalence Positive  Total Unweighted Prevalence Weighted Prevalence

Age 05-12 147 11,873 1.24% ( 1.05% , 1.45% ) 144% ( 116% , 1.77% ) 170 11,727 1.45% ( 1.25% , 1.68% ) 1.59% ( 1.32% , 1.93% )
1317 172 9,861 1.74% ( 1.50% , 2.02% ) 2.04% ( 1.69% , 2.46% ) 172 8,947 1.92% ( 1.66% , 2.23% ) 2.25% ( 1.B5% , 2.73% )
18-24 86 6,475 1.33% ( 1.06% , 1.64% ) 1.41% ( 1.04% , 1.91% ) 156 6,753 2.31% ( 1.98% , 2.70% ) 2.44% ( 196% , 3.03% )
25-34 130 14,758 0.88% ( 0.74% , 1.05% ) 1.00% ( 0.80% , 1.23% ) 263 15,031 1.75% ( 1.55% , 1.97% ) 1.95% ( 1.68% , 2.26% )
35-44 160 20,846 0.77% ( 0.65% , 0.90% ) 0.89% ( 0.73% , 1.09% ) 314 21,764 1.44% ( 1.29% , 161% ) 1.62% ( 1.41% , 1.85% )
45-54 220 27,338 0.80% ( 0.70% , 092% ) 0.86% ( 0.73% , 1.01% ) 412 27,982 1.47% ( 1.34% , 1.62% ) 1.61% ( 1.43% , 1.81% )
55-64 188 31,39 0.60% ( 0.52% , 0.69% )  0.64% ( 0.53% , 0.76% ) 413 31,989 1.29% ( 1.17% , 1.42% ) 1.29% ( 1.15% , 1.45% )
65+ 196 45,634 0.43% ( 037% , 0.49% ) 0.50% ( 041% , 0.61% ) 382 43,449 0.88% ( 0.80% , 0.97% ) 0.93% ( 0.82% , 1.05% )

Region South East 254 38,296 0.66% ( 0.58% , 0.75% ) 0.73% ( 063% , 0.84% ) 578 39,156 1.48% ( 1.36% , 1.60% ) 1.61% ( 146% , 1.77% )
Morth East 5y 5,673 093% ( 0.70% , 1.22% ) 0.94% ( 0.66% , 1.35% ) 62 5,731 1.08% ( 0.84% , 1.38% ) 1.22% ( 0.87% , 1.69% )
Morth West 157 18,337 0.86% ( 0.73% , 1.00% ) 1.02% ( 0.83% , 1.24% ) 220 17,917 1.23% ( 1.08% , 1.40% ) 1.38% ( 1.16% , 1.64% )
Yorkshire and The Humber 107 11,288 095% ( 0.78% , 1.14% ) 1.25% ( 0.99% , 1.58% ) 93 10,665 0.87% ( 0.71% , 1.07% ) 0.80% ( 0.62% , 1.03% )
East Midlands 221 22,001 1.00% ( 0.88% , 1.15% ) 1.19% ( 1.00% , 1.41% ) 225 21,698 1.04% ( 0.91% , 1.18% ) 1.16% ( 0.99% , 1.36% )
West Midlands 156 15,757 0.99% ( 0.84% , 1.16% ) 1.24% ( 0.95% , 1.61% ) 198 15,088 1.31% ( 1.14% , 1.51% ) 1.66% ( 1.32% , 2.10% )
East of England 125 24,627 051% ( 0.42% , 0.60% ) 058% ( 047% , 0.71% ) 391 25,178 1.55% ( 1.41% , 1.71% ) 1.78% ( 1.57% , 2.02% )
London 136 15,566 087% ( 0.73% , 1.03% ) 1.09% ( 0.89% , 1.32% ) 390 15,641 2.49% ( 2.26% , 275% ) 2.83% ( 253% , 3.16% )
South West 90 16,636 0.54% ( 0.44% , 0.66% )  0.58% ( 0.45% , 0.76% ) 125 16,568 0.75% ( 0.63% , 0.90% ) 0.87% ( 0.71% , 1.08% )
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C. Rounds 9 to 10.

Variable Category n ) Round 9 _ N _ Round 10 _
Positive  Total Unweighted Prevalence Weighted Prevalence® Positive  Total Unweighted Prevalence Weighted Prevalence®
Age 05-12 81 13,605 0.60% ( 0.48% , 0.74% ) 0.72% (| 0.54% , 0.95% ) 33 10,750 0.31% ( 0.21% , 0.43% ) 0.41% ( 0.27% , 0.62% )
13-17 45 10,155 0.44% ( 0.33% , 0.59% ) 0.57% ( 0.38% , 0.87% ) 14 7,891 0.18% ( 0.10% , 0.30% ) 0.19% ( 0.11% , 0.34% )
18-24 40 6,788 0.59% ( 0.43% , 0.80% ) 0.71% (| 0.45% , 1.12% ) 13 5,799 0.22% ( 0.12% , 0.38% ) 0.29% (| 0.16% , 0.53% )
25-34 68 14,801 0.46% ( 0.36% , 0.58% ) 0.46% ( 0.34% , 0.61% ) 21 12,203 0.17% ( 0.11% , 0.26% ) 0.18% ( 0.11% , 0.31% )
35-44 94 21,088 0.45% ( 0.36% , 0.55% ) 0.57% | 0.42% , 0.77% ) 5 17,339 0.20% ( 0.14% , 0.28% ) 0.21% | 0.14% , 0.31% )
45-54 132 27,595 0.48% ( 0.40% , 0.57% ) 0.50% ( 0.41% , 0.62% ) 37 22,258 0.17% ( 0.12% , 0.23% ) 0.20% ( 0.13% , 0.30% )
55-64 135 31,727 0.43% ( 0.36% , 0.50% ) 0.49% ( 0.40% , 0.60% ) 39 25,811 0.15% ( 0.11% , 0.21% ) 0.17% ( 0.12% , 0.25% )
65+ 94 39,697 0.24% ( 0.19% , 0.29% ) 0.26% ( 0.21% , 0.33% ) 35 38,793 0.09% ( 0.06% , 0.13% ) 0.09% ( 0.06% , 0.13% )
Region South East 119 36,642 0.32% ( 0.27% , 0.39% ) 0.36% ( 0.29% , 0.44% ) 18 31,128 0.06% ( 0.03% , 0.09% ) 0.07% ( 0.04% , 0.12% )
North East 41 5,836 0.70% ( 0.52% , 0.95% ) 0.69% ( 0.49% , 0.98% ) 16 4,935 0.32% ( 0.19% , 0.53% ) 0.41% ( 0.24% , 0.70% )
North West 112 19,402 0.58% ( 0.48% , 0.69% ) 0.69% ( 0.54% , 0.88% ) 41 16,106 0.25% ( 0.18% , 0.35% ) 0.31% ( 0.21% , 0.45% )
Yorkshire and The Humber 42 11,218 0.37% ( 0.28% , 0.51% ) 0.60% ( 0.37% , 0.96% ) 28 9,601 0.29% ( 0.19% , 0.42% ) 0.36% ( 0.22% , 0.57% )
East Midlands 103 21,193 0.49% ( 0.40% , 0.59% ) 0.59% ( 0.45% , 0.77% ) 34 17,934 0.19% ( 0.13% , 0.26% ) 0.19% ( 0.13% , 0.28% )
West Midlands 60 15,478 0.39% ( 0.30% , 0.50% ) 0.36% ( 0.25% , 0.52% ) 26 12,926 0.20% ( 0.13% , 0.29% ) 0.20% ( 0.13% , 0.31% )
East of England a6 23,672 0.36% ( 0.29% , 0.45% ) 0.47% ( 0.36% , 0.60% ) 27 20,103 0.13% ( 0.09% , 0.20% ) 0.15% ( 0.10% , 0.24% )
London 91 15,492 0.59% ( 0.48% , 0.72% ) 0.60% ( 0.48% , 0.76% ) 22 14,062 0.16% ( 0.10% , 0.24% ) 0.16% ( 0.10% , 0.26% )
South West 35 16,523 0.21% ( 0.15% , 0.29% ) 0.23% ( 0.15% , 0.36% ) 15 14,049 0.11% ( 0.06% , 0.18% ) 0.13% ( 0.07% , 0.26% )
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Figure 4.2 Weighted prevalence of swab positivity by age groups.

A. Weighted prevalence of swab-positivity by age group for rounds 5 to 10. B. Weighted prevalence
of swab-positivity by age group and by round for rounds 5 to 10. Bars show 95% confidence intervals.
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4.3.3 Heterogeneous Regional Pattern in Prevalence of SARS-CoV-2 Infection
We observed substantial sustained heterogeneity in the prevalence of infection across the
nine regions of England. The weighted prevalence of SARS-CoV-2 was high at the start of
the wave in five northern regions. In round 5 (18th September to 5th October 2020), the
weighted prevalence was high in the: North West at 1.21% (0.99%, 1.43%), North East at
1.06% (0.76%, 1.37%), and Yorkshire and The Humber at 0.84% (0.56%, 1.12%), compared
to lower prevalence in Midlands and Southern regions (Figure 4.3, Table 4.2). These
differences persisted during round 6, with Yorkshire and The Humber increasing to 2.32%

(1.90%, 2.81%) but were then less apparent in round 7.

However, the wave that would be later explained by the emergence of the Alpha variant
(Volz et al., 2021) then caused southern regions to increase in prevalence. In round 8
between 6th and 22nd January 2021, the prevalence in London was 2.83% (2.53%, 3.16%)
which was the highest among regions, with surrounding areas of South East and East of
England also increasing high at 1.61% (1.46%, 1.77%) and 1.78% (1.57%, 2.02%)

respectively.

There were substantial falls in regional weighted prevalence after the start of the third
national lockdown in January (round 8). However, northern regions in England showed
higher prevalence again: the highest prevalence in round 9 was found in North East at
0.41% (0.24%, 0.70%), followed by Yorkshire and The Humber at 0.36% (0.22%, 0.57%)
and North West 0.31% (0.21%, 0.45%). The prevalence in London decreased to 0.16%
(0.10%, 0.26%) from 0.60% (0.48%, 0.76%) in round 9, becoming the third lowest, while the
lowest prevalence was in South East from 0.36% (0.29%, 0.44%) to 0.07% (0.04%, 0.12%).
Similar levels of regional heterogeneity of infection risk have been observed in Spain, Italy,

and Germany (Jalilian & Mateu, 2021). Also, the detailed characteristics of Alpha emerging
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in the South East and then spreading via London to the rest of England have now been

described using detailed genomic data (Kraemer et al., 2021).
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Figure 4.3 The weighted prevalence of swab positivity by geographical regions in England.

A. Map of England showing the location of the regions. B. Weighted prevalence of swab-positivity by
region for rounds 5 to 10. C. Weighted prevalence of swab-positivity by region and by round for
rounds 5 to 10. Bars show 95% confidence intervals. NW: North West, NE: North East, YH: Yorkshire
and The Humble, WM: West Midlands, EM: East Midlands, EE: East of England, SW: South West, L:
London and SE: South East.
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4.3.4 Interaction of Weighted Prevalence between Age Group and Geographic
Regions in England

Overall, the higher prevalence was always observed in younger adults aged below 35 years
across rounds 5 to 10 in each region, whereas the highest prevalence was never observed
among the older group (Figure 4.4, Table 4.3). This pattern was consistent with the overall
age patterns showed in Figure 4.2, suggesting that the increased infections were very likely

to start in younger age groups.

Variation in the patterns of prevalence of age groups by region was observed. In four
northern regions North West, North East, Yorkshire and the Humble and West Midlands, the
prevalence of participants aged below 35 years remained higher than older age across
rounds 5 to 10, whereas participants aged between 13 and 24 years showed much higher
prevalence in East Midlands, East of England, London and South East. In contrast, age

groups in South West did not reflect obvious differences in weighted prevalence.

As observed in Figure 4.3, regional synchrony tends to be stronger than age synchrony.
When the prevalence of one of the age groups in a region was high, all other age groups in
the same region tended to have a higher prevalence. For instance, all age groups had the
highest prevalence in London in round 8, whereas most of the age groups were the highest
in Yorkshire and The Humber in round 6. South West and South West remained relatively
low prevalence across six rounds, and the age groups in these two regions also consistently

showed lower prevalence across the second wave.
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Figure 4.4 Nested weighted prevalence by age and region for rounds 5 to 10.

Bars show 95% credible intervals.
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Table 4.3 Nested weighted prevalence by region and age groups.

A. Rounds 5 to 6.

Region Age N Rouns:l 5 N Rnun.d 6
Positive  Total VWeighted Prevalence Positive  Total Weighted Prevalence
North West 05-12 10 1424 082% ( 048% , 129% ) 21 1,095  1.79% ( 123% , 249% )
1317 1 1149 1.19% ( 0.71% , 1.86% ) 26 936 3.23% ( 2.32% , 438% )
18-24 26 786 405% ( 3.18% . 5.06% ) 26 712 3.87% ( 299% , 496% )
25-34 23 1678 127% ( 0.89% , 1.73% ) 51 1543 397% ( 3.24% , 482% )
35-44 36 2,460 1.47% ( 1.07% . 1.99% ) 38 2119 220% ( 1.66% , 285% )
45-54 32 3189 1.15% ( 0.83% , 156% ) 62 3,008 2.18% ( 1.70% , 2.76% )
55-64 35 3723 075% ( 049% . 1.10% ) 67 3535  2.00% ( 1.54% , 258% )
65+ 26 5059 0.49% ( 0.32% , 0.73% ) 81 4918  1.49% (( 1.16% , 1.89% )
North East 05-12 8 439 273% ( 168% . 415% ) 9 387 2.28% ( 1.35% , 367% )
1317 7 373 190% ( 0.91% , 3.47% ) 5 289 1.45% ( 0.57% , 3.10% )
18-24 9 312 254% ( 156% , 392% ) 7 227 2.08% ( 111% , 357% )
25-34 7 616 0.96% ( 0.48% , 1.70% ) 7 538 1.00% ( 0.48% , 1.85% )
35-44 5 820 050% ( 017% ., 1.11% ) 7 712 1.15% ( 0.59% , 2.07% )
45-54 14 1,059  1.16% ( 0.66% , 1.88% ) 15 943 1.49% ( 0.88% , 2.34% )
55-64 5 1312 028% ( 0.08% . 0.70% ) 16 1185 1.54% ( 0.93% , 239% )
65+ 6 1,771 0.34% ( 0.15% , 067% ) 23 15656 1.12% ( 0.70% , 1.71% )
Yorkshire and The 05-12 4 823 0.94% ( 054% , 153% ) 17 677 2687% ( 209% , 384% )
1317 5 687 051% ( 0.19% , 1.13% ) 10 557 266% ( 1.75% , 391% )
18-24 10 475 311% ( 228% , 411% ) 8 375 370% ( 267% , 500% )
25-34 8 973 0.82% ( 049% , 131% ) 15 947 2.09% ( 1.51% , 283% )
35-44 6 1384 0.44% ( 022% ., 079% ) 28 1283 268% ( 2.03% , 347T% )
45-54 13 1868 062% ( 0.36% , 0.99% ) 38 1787 2.49% ( 1.90% , 3.19% )
55-64 10 2298 044% ( 023% , 076% ) 37 2158 220% ( 165% , 289% )
65+ 18 3150  0.61% ( 0.40% ., 0.91% ) 36 2912 1.39% ([ 1.04% . 1.81% )
West Midlands 05-12 1 1245  002% ( 0.00% , 0.18% ) 10 875 172% ((117% , 246% )
1317 7 1028 127% ( 0.75% . 2.04% ) 21 865 3.06% ( 2.15% , 4.18% )
18-24 6 657 138% ( 0.89% , 2.09% ) 12 586 4.08% ( 3.09% , 532% )
25-34 11 1424  089% ( 055% , 135% ) 17 1285 134% ( 0.88% , 197% )
35-44 9 1973 056% ( 031% , 096% ) 18 1827 119% ( 079% , 175% )
45-54 14 2805 041% ( 0.21% , 0.70% ) 37 2530 1.08% ( 0.72% , 155% )
55-64 9 2808 025% ( 0.10% , 0.562% ) 43 2781 1.27% ( 0.86% , 1.80% )
65+ 13 4299  0.47% ( 0.30% . 0.72% ) 38 401 1.00% (0.71% , 137% )
East Midlands 05-12 5 1676 0.43% ( 0.18% , 0.86% ) 8 1,455  0.68% ( 0.35% , 123% )
1317 5 1282 038% ( 0.1M% , 0.97% ) 16 1136 1.43% ( 0.78% , 242% )
18-24 15 853 191% ( 1.21% , 2.85% ) 15 818 167% ( 1.02% , 259% )
25-34 6 1817  040% ( 0.18% , 0.79% ) 30 1,791 1.74% ( 1.19% , 2.46% )
35-44 15 2675 048% ( 024% ., 088% ) 31 2,522 148% ( 097% , 214% )
45-54 20 3747 055% ( 0.31% . 0.93% ) 45 3351 1.45% ( 0.99% , 2.06% )
55-64 15 4136  0.40% ( 0.19% ., 0.75% ) 44 3893 1.08% ( 0.69% , 160% )
65+ 20 5711 032% ( 0.17% , 055% ) 44 5492 080% ( 053% , 1.14% )
East of England 05-12 8 2102 0.32% ( 013% , 0.66% ) 18 1,702 1.31% ( 0.86% , 1.89% )
1317 8 1563 033% ( 011% , 0.79% ) 5 1266 034% ( 011% , 082% )
18-24 5 1,039 047% ( 0.21% , 0.94% ) 9 841 0.73% ( 0.36% , 1.33% )
25-34 4 2147  0.15% ( 0.04% , 0.39% ) 14 2,091 0.54% ( 0.29% , 093% )
35-44 5 3.3 0.10% { 0.02% , 0.28% ) 19 3043  0.79% ( 0.49% , 123% )
45-54 17 4336 043% ( 024% . 0.71% ) 29 3874 076% ( 0.47% . 1.14% )
55-64 12 4583 021% ( 0.09% ., 045% ) 32 4361 0.69% ( 0.42% , 1.07% )
65+ 22 6494 028% ( 0.15% , 0.47% ) 24 5953  0.36% (0.21% , 0.59% )
South West 05-12 [ 1178 0.49% ( 0.23% , 0.95% ) 7 1,038 0.84% ( 0.46% , 1.40% )
1317 5 901 0.43% ( 0.14% , 1.02% ) 8 781 0.95% ( 0.45% , 176% )
18-24 2 545 0.32% ( 010% , 0.78% ) 13 569 176% ( 1.12% , 267% )
25-34 4 1,291 0.43% ( 0.21% , 0.81% ) 1 1,281 0.81% ( 0.46% , 1.34% )
35-44 3 1873  0.06% ( 0.00% , 0.26% ) 13 1799  057% ( 0.30% , 1.01% )
45-54 13 2665 031% ( 0.14% ., 059% ) 18 2529 0.76% ( 0.47% , 1.18% )
55-64 13 3073 046% ( 0.25% . 0.79% ) 26 2924  0.85% ( 053% . 130% )
65+ 9 4734  0.18% ( 0.09% , 035% ) 21 4373 0.48% ( 0.31% , 073% )
Londan 05-12 8 1629  063% ( 0.39% . 0.97% ) 10 1177 0.65% ( 0.39% . 1.01% )
1317 3 1,082 026% ( 0.09% , 0.62% ) 9 812 1.01% ( 0.57% , 1.66% )
18-24 2 716 029% ( 0.M% . 062% ) 12 703 2.08% ( 1.50% ., 281% )
25-34 15 2554 081% ( 0.59% , 1.09% ) 29 2622 117% ( 0.87% , 152% )
35-44 24 3167  0.79% ( 056% , 1.08% ) 25 2918 0.88% ( 063% , 120% )
45-54 17 2900 060% ( 0.39% . 0.88% ) 28 2653 094% ( 066% ., 1.32% )
55-64 6 2616 0.26% ( 012% , 051% ) 17 2292 0.73% ( 0.45% . 113% )
65+ 4 2835 012% ( 004% , 027% ) 11 2580 046% ( 027% , 0.75% )
South East 05-12 9 3.251 0.28% ( 013% , 052% ) 13 2738 047% (0.26% . 0.78% )
1317 8 2415 041% ( 019% , 0.81% ) 19 1974 096% ( 0.55% , 1.56% )
18-24 8 1469  058% ( 0.31% . 0.97% ) 18 1377 127% ( 0.82% , 185% )
25-34 8 3183 026% ( 0.12% , 0.49% ) 32 3144 099% ( 068% . 1.41% )
35-44 18 521 0.32% ( 0.18% , 054% ) 35 4780  0.67% ( 0.44% , 099% )
45-54 17 6.811 0.26% ( 0.14% , 0.45% ) 11 6222 059% ( 039% , 086% )
55-64 1 7265  0.13% ( 0.05% , 0.27% ) 44 6622 068% ( 0.45% ., 1.00% )
65+ 25 9891 0.25% ( 0.15% , 0.39% ) 42 9306 0.43% ( 0.29% , 061% )
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B. Rounds 7 to 8.

Region Age Round 7 Round &
Positive Total \Weighted Prevalence Positive  Total Weighted Prevalence
MNorth West 05-12 14 1,112 1.43% ( 0.98% , 2.04% ) 12 1123 099% (0.63% ,150% )
1317 13 1,000 1.28% ( 0.76% , 2.05% ) 15 863 197% (1.28% , 2.89% )
18-24 7 668 1.03% ( 061% , 165% ) 8 6394 1.28% (0.79% , 1.96% )
25-34 19 1448  1.50% ( 1.07% , 2.04% ) 24 1493 209% (158% ,271% )
35-44 22 2042 117% (0.81% , 164% ) 23 2139 121% (0.84% , 1.68% )
45-54 22 2916 0.69% ( 0.45% , 1.02% ) 43 2947 152% (1.13% , 2.01% )
55-64 26 3680  0.69% (043% . 1.04% ) 53 3651 161% (1.20% . 2.12% )
65+ 34 5471 0.78% (0.57% , 1.07% ) 42 5007 081% (057% ,1.10% )
North East 05-12 5 337 152% [ 0.77% , 271% ) 6 358 1.11% (0.53% , 2.06% )
1317 6 295 162% ( 0.69% , 3.27% ) 4 252 2.04% (0.93% , 3.82% )
18-24 4 216 1.64% [ 0.86% , 2.88% ) 3 233 0.70% (0.24% , 1.61% )
25-34 2 526 0.61% ( 0.26% , 1.24% ) 8 491 270% (1.78% , 3.95% )
35-44 12 656 1.47% ( 0.83% , 2.40% ) 9 733 121% (0.68% . 2.05% )
45-54 8 850 0.81% ( 0.39% , 149% ) 10 921 1.40% (0.85% , 2.18% )
55-64 4 1,104 0.24% ( 0.06% , 0638% ) 9 1173 082% (0.28% ,123% )
65+ 12 16689 058% (0.31% , 099% ) 13 1570 0.54% (0.28% , 0.96% )
Yorkshire and The 05-12 1" 750 1.85% ( 1.26% , 2.60% ) 8 668 1.16% ( 0.72% , 1.78% )
1317 12 632 236% ( 1.54% , 3.48% ) 4 550 063% (0.27% , 1.31% )
18-24 3 408 0.24% ( 0.06% , 065% ) 9 404 135% (0.80% ,2.14% )
25-34 18 901 223% ( 1.64% , 296% ) 9 852 0.75% (0.43% ,1.21% )
35-44 16 1,241 1.31% ( 0.87% , 1.90% ) 9 1239 061% (0.33% ,1.02% )
45-54 17 1831 1.09% ( 0.74% , 1.57% ) 16 1709  094% (061% , 1.41% )
55-64 15 2239 094% ( 060% , 142% ) 24 2248 086% (054% ,131% )
65+ 15 3286  068% ( 0.45% , 098% ) 14 2995  038% (0.22% , 064% )
West Midlands 05-12 18 1,050 1.76% ( 1.21% , 2.50% ) 13 965 198% (1.41% , 271% )
1317 17 920 2.35% ( 1.56% , 3.39% ) 17 802 295% (2.05% , 4.07% )
18-24 1" 623 2.98% ( 2.16% , 4.00% ) 10 607 256% (1.82% , 3.49% )
25-34 10 1327  039% (0.19% , 0.73% ) 20 1,263 177% (1.25% , 2.41% )
35-44 14 1819 0.84% (050% . 1.32% ) 25 1815 1.83% (1.32% . 247% )
4554 27 2582 1.12% (0.77% , 158% ) 32 2538 1.45% (1.03% , 1.98% )
55-64 26 3000 0.79% (050% , 1.21% ) 42 2943 132% (0.90% , 1.86% )
65+ 33 4436 1.05% (0.77% ., 1.40% ) 39 4155  0.88% (0.62% ,1.24% )
East Midlands 05-12 21 1468  1.74% ( 1.14% , 255% ) 15 1512 088% (050% , 1.47% )
1317 28 1364 260% ( 1.70% , 3.76% ) 15 1,185 152% (0.88% , 250% )
18-24 19 844 1.95% ( 1.26% , 2.86% ) 21 790 252% (1.67% , 3.68% )
25-34 18 1852  0.94% (0.56% , 1.49% ) 27 1,756 158% (1.06% , 2.25% )
35-44 19 2484 091% ( 0.53% , 1.46% ) 30 2629 1.09% (0.68% ,167% )
45-54 45 3610 1.17% ( 0.78% , 1.71% ) 48 3665 132% (0.91% , 1.84% )
55-64 a1 421 1.13% ( 0.74% , 166% ) 37 4239 087% (053% , 136% )
65+ 30 6168 0.51% (0.31% , 0.80% ) 32 5922 055% (0.33% ,0.85% )
East of England 05-12 12 1840 057% (0.31% , 097% ) k| 1,806 195% (1.41% , 2.65% )
1317 19 1498  1.16% ( 0.64% , 1.91% ) 32 1387 233% (157% ,337T% )
18-24 9 984 0.78% ( 0.40% , 136% ) 23 1037 307% (225% ,412% )
25-34 15 2,056  095% ( 0.60% , 1.43% ) 44 2274 205% (153% ,271% )
35-44 1" 3,087 0.29% ( 013% ., 059% ) 63 3308  213% (1.60% , 2.76% )
4554 25 4102 066% (0.41% , 1.00% ) 72 4166 1.80% (1.34% , 2.36% )
55-64 13 4403 033% ( 0.16% , 063% ) 71 4756 1.44% (1.02% , 1.97% )
65+ 21 6,657  0.32% (0.18% ., 0.52% ) 55 6444 086% (0.62% . 1.18% )
South West 05-12 8 1114 0.71% (0.38% , 1.22% ) 9 1085 087% (051% , 1.41% )
1317 14 940 1.33% ( 0.72% , 2.26% ) 5 842 052% (0.18% , 1.18% )
18-24 5 608 0.84% ( 0.44% | 1.46% ) 8 663 0.82% (0.42% , 1.43% )
25-34 9 1293  056% (0.30% , 097% ) 17 1,290 153% (1.04% , 2.14% )
35-44 8 1880  0.64% ( 0.36% , 1.06% ) 14 1888  081% (0.48% 6 128% )
45-54 18 2533 0.74% ( 0.46% . 1.15% ) 19 2629 065% (0.39% ., 1.05% )
55-64 16 3281 043% (0.22% , 0.74% ) 18 334 0.50% (0.28% , 0.84% )
65+ 1" 4987 0.21% (0.10% , 0.38% ) 35 4830 0.95% ( 0.68% , 1.29% )
London 05-12 18 1202 177% ((1.31% , 2.33% ) 27 1231 2.49% (1.94% , 316% )
1317 23 897 3.10% (2.27T% . 4.14% ) 27 817 409% (3.14% , 523% )
18-24 1 707 1.78% [ 1.27% , 2.44% ) 32 779 421% (3.40% , 513% )
25-34 22 2384 094% (0.71% , 125% ) 62 2437  258% (215% ,3.07% )
35-44 27 2754 1.00% ( 0.73% , 1.35% ) 74 2855  276% (2.29% ,328% )
4554 20 2578 093% (0.65% , 129% ) 71 2626  3.16% (2.60% ,3.77% )
55-64 1 2363 052% (0.30% ., 087% ) 48 2380 211% (1.61% . 2.74% )
65+ 4 2,681  0.08% (0.02% , 0.23% ) 49 2516 2.15% (1.67% , 2.70% )
South East 05-12 40 3,000 1.45% ( 1.07% , 1.90% ) 49 2979 173% (1.31% , 2.26% )
1317 40 2315 1.83% ( 1.26% , 256% ) 53 2249  248% (181% ,b329% )
18-24 16 1417 1.08% ( 0.69% , 1.62% ) 42 1546 289% (221% ,373% )
25-34 17 2971 061% ( 0.37% , 094% ) 52 3175 175% (1.33% , 2.24% )
35-44 i 4883  067% ( 043% , 096% ) 67 5158 1.44% (1.10% , 1.84% )
45-54 38 6336 057% ( 0.38% . 0.84% ) 101 6,781 144% (1.12% , 1.84% )
5564 36 715 0.45% (027% , 0.71% ) 111 7258 1.48% (1.14% , 1.91% )
65+ 36 10,259  0.29% ( 0.18% , 0.44% ) 103 10,010 1.03% (0.81% , 1.32% )
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C. Rounds 9 to 10.

Region Age Round 9 Round 10
Positive Total \Weighted Prevalence Positive  Total Weighted Prevalence
Naorth West 05-12 18 1.444 1.23% ( 0.82% , 1.81% ) 4 1127 0.30% ( 0.10% , 0.73% )
1317 8 1,196  0.48% ( 0.22% , 0.99% ) 3 897 0.02% ( 0.00% , 0.35% )
18-24 5 757 0.70% ( 0.37% , 1.21% ) 3 652 0.00% ( 0.00% , 0.00% )
25-34 18 1,602 1.15% ( 0.78% , 1.62% ) 1 1,298 0.13% ( 0.02% , 0.42% )
35-44 11 2,253  0.85% ( 0.56% , 1.24% ) & 1,786 0.38% ( 0.18% , 0.73% )
45-54 17 3229  0.55% ( 0.33% ., 0.85% ) 10 2515 0.14% ( 0.04% , 0.42% )
55-64 18 3,941 0.53% ( 0.31% , 0.85% ) 10 3,154 0.27% ( 0.09% , 0.60% )
65+ 17 4980 0.30% ( 0.17% , 0.48% ) 4 4,677 0.07% ( 0.02% , 0.21% )
North East 05-12 5 429 0.84% ( 0.36% , 1.75% ) 4 333 0.50% ( 0.24% , 0.91% )
1317 6 333 2.08% ( 1.03% , 3.76% ) 0 238 0.32% ( 0.11% , 0.78% )
18-24 1 234 0.07% (1.72E-0%, 0.58% ) 2 212 0.53% ( 0.23% , 1.02% )
25-34 2 522 0.45% ( 0.15% , 1.05% ) 1 443 0.04% ( 0.00% , 0.21% )
35-44 5 714 0.52% ( 0.20% , 1.13% ) 2 574 0.22% ( 0.11% , 0.43% )
45-54 8 941 0.68% ( 0.32% , 1.28% ) 1 728 0.55% ( 0.32% , 0.91% )
55-64 9 1193 0.89% ( 0.47% , 1.56% ) 3 977 0.28% ( 0.12% , 0.56% )
65+ 5 1,470 0.35% ( 0.14% , 0.69% ) 3 1,430 0.10% ( 0.03% , 0.24% )
Yorkshire and The 05-12 3 847 0.35% ( 0.14% , 0.77% ) 5 682 0.11% ( 0.03% . 0.32% )
13-17 4 676 1.30% ( 0.71% , 2.21% ) 4 533 0.19% ( 0.02% , 0.53% )
18-24 3 451 2.31% ( 1.59% , 3.26% ) 2 434 0.00% ( 0.00% , 0.00% )
25-34 3 906 0.11% ( 0.03% . 0.34% ) 3 751 0.04% ( 0.00% , 0.17% )
35-44 3 1296  0.47% ( 0.24% , 0.85% ) 7 1,068 0.08% ( 0.04% , 0.25% )
45-54 1 1,856  0.67% ( 0.40% , 1.05% ) 3 1518 0.08% ( 0.03% , 0.20% )
55-64 6 2,270 0.36% ( 0.17% , 0.67% ) 2 1,817 0% ( 0.00% ., 0.09% )
65+ 9 2916 0.27% ( 0.14% , 0.49% ) 2 2,798 0.03% ( 0.00% , 0.10% )
West Midlands 05-12 6 1,221 0.44% ( 0.22% , 0.83% ) 2 996 0.47% ( 0.22% , 0.92% )
1317 5 961 0.36% ( 0.12% , 0.85% ) 0 762 0.32% ( 0.10% , 0.88% )
18-24 4 640 0.29% ( 0.11% , 0.65% ) 4 495 0.00% ( 0.00% , 0.00% )
25-34 4 1305  0.26% ( 0.11% , 0.55% ) 4 1,019 0.26% ( 0.10% , 0.55% )
35-44 11 1906  0.76% ( 0.45% , 1.16% ) 1 1,523 0.07% ( 0.01% , 0.23% )
45-54 1 2,610 0.34% ( 0.17% , 0.63% ) 6 2,018 0.06% ( 0.01% , 0.24% )
55-64 11 3,051 0.26% ( 0.10% , 0.54% ) 5 2,360 0.04% ( 0.00% , 0.18% )
65+ 8 3784 0.15% ( 0.06% , 0.32% ) 4 3753 0.08% ( 0.02% , 0.22% )
East Midlands 05-12 14 1,768 1.06% ( 0.63% , 1.68% ) 5 1,378 0.07% ( 0.00% , 0.32% )
13-17 4 1,300 0.22% ( 0.04% , 0.69% ) 1 1,025 0.00% ( 0.00% , 0.00% )
18-24 8 524 1.00% ( 0.53% , 1.75% ) 0 705 0.52% ( 0.21% , 1.10% )
25-34 1 1,824  0.58% ( 0.28% , 1.05% ) 3 1425 0.29% ( 0.11% , 0.65% )
35-44 17 2,453 0.84% ( 0.50% , 1.33% ) 7 2,037 0.06% ( 0.01% , 0.27% )
45-54 23 3445 0.63% ( 0.36% , 1.05% ) 5 2,817 0.24% ( 0.09% , 0.55% )
55-64 20 4249  0.53% ( 0.28% , 0.93% ) 8 3,395 0.12% ( 0.03% , 0.38% )
65+ 6 5,330 0.10% ( 0.02% , 0.28% ) 5 5,152 0.15% ( 0.06% , 0.33% )
East of England 05-12 12 2,046  0.78% ( 0.46% , 1.24% ) 5 1,525 0.01% ( 0.00% , 0.20% )
1317 5 1465  0.20% ( 0.05% , 0.62% ) 2 1,082 0.00% ( 0.00% , 0.00% )
18-24 8 1005  0.81% ( 0.42% , 1.39% ) 0 844 0.00% ( 0.00% ,i.30E-2)
25-34 9 2,092  0.53% ( 0.29% , 0.91% ) 4 1,598 0.25% ( 0.09% , 0.60% )
35-44 8 3,066  0.31% ( 0.13% , 0.59% ) 3 2,409 0.08% ( 0.02% , 0.32% )
45-54 14 3916  0.38% ( 0.20% ., 0.66% ) 4 3.152 0.11% ( 0.02% , 0.32% )
55-64 20 4453  0.49% ( 0.28% , 0.82% ) 3 3,755 0.18% ( 0.06% , 0.46% )
65+ 10 5629  027% ( 0.15% , 0.46% ) 6 5738 0.12% ( 0.05% , 0.28% )
South West 05-12 3 1278  0.53% ( 0.26% ., 0.96% ) 1 987 1.19% ( 0.68% . 1.93% )
13-17 3 936 0.57% ( 0.23% , 1.22% ) 0 787 0.55% ( 0.20% , 1.27% )
18-24 0 668 128E-26.( 0.00% , 0.00% ) 0 553 0.53% ( 0.22% , 1.02% )
25-34 1 1319 0.03% (1.47E-0%, 0.20% ) 1 1,073 0.33% ( 0.15% , 0.71% )
35-44 3 1,897 0.11% ( 0.03% , 0.31% ) 1 1,565 0.35% ( 0.12% , 0.83% )
45-54 9 2676  0.24% ( 0.10% , 0.49% ) 1 2215 0.17% ( 0.05% , 0.43% )
55-64 9 3,290 0.29% ( 0.13% , 0.56% ) 5 2,647 0.15% ( 0.04% , 0.40% )
65+ 7 4459  014% ( 0.06% , 0.29% ) 6 4222 0.01% ( 0.00% , 0.10% )
London 05-12 7 1,451 0.65% ( 0.40% , 0.99% ) 5 1,213 0.93% ( 0.35% , 2.07% )
1317 3 937 0.33% ( 0.11% , 0.73% ) 0 752 0.00% ( 0.00% , 0.00% )
18-24 2 708 0.26% ( 0.10% , 0.57% ) 2 657 0.79% ( 0.27% , 1.87% )
25-34 12 2317 0.45% ( 0.28% , 0.68% ) 3 2179 0.29% ( 0.08% , 0.88% )
35-44 18 2,782 0.68% ( 0.48% , 0.96% ) 5 2,525 0.35% ( 0.10% , 0.87% )
45-54 18 2614  0.76% ( 0.51% , 1.09% ) 3 2,270 0.16% ( 0.02% , 0.59% )
55-64 21 2,294  0.83% ( 0.53% , 1.24% ) 2 2,015 0.48% ( 0.18% , 1.08% )
65+ 10 2389 054% ( 0.33% , 0.83% ) 2 2.451 0.15% ( 0.03% , 0.45% )
South East 05-12 13 3121 0.49% ( 0.29% , 0.81% ) 2 2,509 0.42% ( 0.20% , 0.76% )
1317 7 2,351 0.34% ( 0.14% , 0.72% ) 4 1.815 0.00% ( 0.00% ., 0.00% )
18-24 9 1,501 0.67% ( 0.37% , 1.12% ) 0 1,247 0.30% ( 0.12% , 0.64% )
25-34 8 2914 0.27% ( 0.13% , 0.53% ) 1 2,417 0.09% ( 0.03% , 0.20% )
35-44 18 4721 0.38% ( 0.23% , 0.59% ) 3 3,852 0.18% ( 0.08% , 0.37% )
45-54 21 6,308  0.30% ( 0.16% , 0.50% ) 4 5,025 0.07% ( 0.00% , 0.22% )
55-64 21 6,986  0.32% ( 0.18% , 0.54% ) 1 5,691 0.10% ( 0.03% , 0.30% )
65+ 22 8.740 0.23% ( 0.13% , 0.38% ) 3 8.572 0.07% ( 0.02% , 0.21% )
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4.4 Discussion

The findings of the REACT-1 study show substantial changes over periods in the prevalence
of swab positivity during the second wave. At the national level, there was a resurgence in
weighted prevalence as the second wave of the COVID-19 pandemic started in September
(Riley et al., 2020a), followed by continuously increased prevalence between October 2020
and the beginning of January 2021, before the marked decline during February and the end
of March 2021. Similar trends were also seen in national surveillance data (UK Health

Security Agency, 2020a).

Prevalence was higher in young people aged below 35 years, indicating the high social
mixings among young people. Lower swab positivity among older adults may suggest the
effectiveness of the vaccination roll-out in England, which has started to provide vaccines to
adults aged below 50 years (NHS website, 2023). At the regional scale, we observed
heterogeneity in regional prevalence. The weighted prevalence was higher in the north of
England than in the south of England and London during September and December 2020.
Higher prevalence was seen in London and surrounding areas in the East of England and
South East in January 2021. After that, there were substantial falls in all regions with a

slightly higher prevalence in the north of England again.

We also showed the interaction effect between regional patterns and age groups. Within
each region, the increased transmission of SARS-CoV-2 in the community tends to be
started by school-age children and young adults below 35 years, which is consistent with the
overall prevalence distribution among age groups in England as a whole. In addition, the

weighted prevalence was synchronous within regions and asynchronous across regions.

Our results contrast with some other studies covering this period of the pandemic which

suggested that school-aged children and adolescents had lower susceptibility to infection
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than older adults (Goldstein, Lipsitch & Cevik, 2021; Zhu et al., 2021). However, it was also
reported that the cumulative prevalence of asymptomatic and symptomatic SARS-CoV-2
infection among children aged 5 and 17 years was approximately equal to that among adults
aged 18-49 years (CDC, 2021). However, results from the Office for National Statistics
(ONS) Coronavirus Infection Survey from April to November 2020 (Pouwels et al., 2021)
show a sharp increase in infections in younger adults (17 - 24 years) from late August to
October 2020, consistent with our results in rounds 5 and 6. Overall, our results support the
idea that children and young adults were an important source of transmission during the
COVID-19 pandemic and that this may also be the case for future epidemics of viral

respiratory pathogens.

Overall Rregional patterns of estimated prevalence during the second wave share key
features with a prospective multicentre cohort study in England, even though the study was
only among healthcare workers (Pople et al., 2022) which is a group that does not include
children. Therefore, the more representative sample used in REACT recruitment is a key
strength in allowing us to observe that younger age groups were driving increases in swab
positivity in a subgroup of the population at a lower risk of hospitalisation and death (Van

Vinh Chau et al., 2020).

A notable limitation of the analysis resides in the relatively low count of individuals with
positive swab results when estimating nested weighted prevalence by region and age group.
For example, the counts of being positive in round 10 were fewer than 10 for all age groups
in all regions. Although we employed the Bayesian multilevel model to reduce the impact of
small sample sizes, statistical power might still be limited and lead to an increase in
uncertainty. However, individuals in our study were randomly sampled across England, our
estimations should remain reflective and representative of the prevalence of SARS-CoV-2

swab positivity across England as a whole, and likely represent the least biased estimate of
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age specific infection prevalence across different age groups and substantial geographical

scale.

In conclusion, our findings show substantial differences in community prevalence of SARS-
CoV-2 infections among age groups and geographic regions in England, indicating that the
surveillance for the transmission of SARS-CoV-2 in the community can help identify suitable

interventions to reduce these differences related to the risk of infections.
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Chapter 5 Health Inequalities in SARS-CoV-2
Infection during the Second Wave in England:
REACT-1 Study

This chapter has been submitted to BMJ Public Health and is under review. The preprint is

available on Medrxiv (Wang et al., 2023).

5.1 Introduction

The COVID-19 pandemic has caused a substantial increase in hospitalisations and mortality
globally since its emergence in China in late December 2019 and its subsequent spread
(Huang et al., 2020). Populations continue to experience multiple waves of infection, with
substantial reactive changes in social distancing still occurring in some countries either
spontaneously or as a result of explicit government regulations (Mahase, 2020; Moorthy et
al., 2020). Social distancing measures led to increased inequalities before the pandemic hit
and interacted with pre-existing structural inequalities such as sex, age, region and ethnicity
(Maestripieri, 2021; Blundell et al., 2020). Investigating how inequalities influence the risk of
getting infected is crucial for policymakers in understanding the complex impacts of the

pandemic and shaping their response to it.

In order to enable isolation and quarantine policies, routine testing programmes were
implemented nationwide, which mainly targeted individuals who reported symptoms
(Furukawa, Brooks & Sobel, 2020). While targeted testing provides valuable surveillance,
sub-clinical cases that are likely to contribute substantially to transmission are not captured.
Furthermore, the uptake of testing may be limited by test capability and geographic,
demographic, and social factors, and thus not be fully representative even among those
eligible for tests. Therefore, tracking the characteristics and underlying inequalities of

individuals at risk of SARS-CoV-2 infections at the population level can provide additional
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evidence for policymaking (Jordan & Adab, 2020). In the UK, large representative
population-based studies were conducted in the UK to better understand the underlying
trend of the epidemic and risk factors (Biobank, 2020; OpenSAFELY, n.d.; Office for National

Statistics, 2020a).

There is considerable evidence across many geographies that minority ethnic groups were
at increased per-person risk of severe disease and death from COVID-19. However, there
remains considerable uncertainty as to what extent this was driven by differential exposure
(Public Health England, n.d.; Windsor-Shellard & Nasir, 2021; Baqui et al., 2020),
susceptibility (Khunti et al., 2020; Ogedegbe et al., 2020; Rodriguez-Diaz et al., 2020),
infection (Poblador-Plou et al., 2020; Khunti et al., 2020; Bhala et al., 2020), access to
testing (Kirby, 2020; Price-Haywood et al., 2020), or differential access to health care
(Mackey et al., 2021; Chowkwanyun & Reed, 2020; Price-Haywood et al., 2020). Reducing
these disparities during future similar emergencies will only be possible if we understand

why they arose during this pandemic.

The REal time Assessment of Community Transmission-1 (REACT-1) study was designed to
be representative of the population of England as a whole (Riley et al., 2020b). The REACT-
1 study tracked the spread of the virus through a total of 19 cross-sectional surveys to collect
self-administered throat and nose swabs which were tested for the presence of SARS-CoV-2
by reverse transcriptase polymerase chain reaction (rt- PCR) (Riley et al., 2020b). The first
round of the study began on 1 May 2020, and each new round thereafter was conducted at
approximately monthly intervals, with a two-week break between the end of the previous
round and the beginning of the next round. In each round up to round 12, participants were
sampled randomly with a similar achieved sample size from 315 lower-tier local authorities
(LTLASs). Participants were asked to take part in the study regardless of whether they were

symptomatic or not.
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In this chapter, we present findings on risk factors and quantify the differences in risk of
SARS-CoV-2 infection for rounds 5 to 10 between mid-September 2020 and the end of
March 2021. Results on risk factors from the previous four rounds between May and the

beginning of September 2020 have been published previously (Riley et al., 2021a).

5.2 Methods

5.2.1 Data Processing - Socio-demographic Groups

The detailed study protocol of the REACT-1 study has been reported elsewhere (Riley et al.,
2020b) and described in Chapter 4. In brief, we randomly selected individuals aged 5 years
and above from the National Health Service (NHS) patient list to send personalised
invitations, balanced across 315 lower-tier local authority areas (LTLAs). Participants
received test kits and instructions delivered by post and conducted self-administered throat
and nose swabs (parent/guardian administered at ages 5 to 12 years). In addition to the
information registered on the NHS list (name, age, sex, and address), participants were
requested to complete an online or telephone questionnaire to provide other detailed
information, e.g., employment type, ethnicity, household size, whether they were in contact

with a confirmed or suspected COVID-19 case and symptom status.

Study questionnaires are available on the REACT 1 Study Materials webpage on the

Imperial College London website (Imperial College London, 2020).

The outcome is swab positivity and the method we define positivity was described in Chapter
4. In order to investigate prevalence by subgroups, we converted continuous variables such
as age into categories and regrouped some categorical variables into fewer categories by
combining similar categories. We divided age into eight age groups as follows: 5 to 12, 13 to
17, 18 to 24, 25 to 34, 35 to 44, 45 to 54, 55 to 64 years, and 65 years or older. Nineteen

ethnic groups were re-grouped into five broad categories, white, Asian, black, mixed ethnic
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group, and other ethnic groups for some analyses. Participants were asked to report the
number of children or young people between the ages of 0 and 17 and adults aged over 18
years who currently live in or spend part of the week in the household of the respondent. We
obtained the total household size by adding these numbers. We then created a new
categorical variable for household size with 6 categories (1 person, 2 people, 3 people, 4
people, 5 people and 6 or more people), based on the number of people in each household.
For the variable on COVID-19 case contact, participants answered whether they were in
contact with a confirmed/tested or suspected COVID-19 case. We did not further re-

categorise this variable.

We asked participants if they worked as health care workers or care home workers or other
key workers. If they did not work as a key worker, they were asked if they were engaged in
one or more public-facing activities or settings (11 different activities for rounds 5 to 8, 12
activities for rounds 9 and 10). In addition, participants were asked about their employment
status (employed in full-time jobs, employed in part-time jobs, self-employed, unemployed,
retired from work). We combined employment and key worker answers into a new single
variable which we called key worker status that could take one of the following four values:
1) Health care or care home worker, 2) Other essential’key workers, 3) Other workers, and

4) Not full-time, part-time, or self-employed.

We also regrouped symptom status during the month before the test. Participants were
classified as ‘Classic COVID-19 symptoms’ if they had experienced one or more of the
following symptoms in the past month: loss or change of a sense of smell or taste, persistent
cough, or fever. Other symptomatic people who did not show classic COVID-19 symptoms in
the past month were classified as 'Other symptoms'. Participants who did not feel unwell and

did not present any of the listed symptoms were classified as 'No symptoms'.

127



5.2.2 Statistical Analysis

The estimation of unweighted and weighted prevalence was described in Chapter 4.

We fitted multivariable logistic regression models to investigate whether particular subgroups
were more likely to test positive for SARS-CoV-2. The binary outcome variable was swab-
positivity (yes or no), while age, sex, region, broad categories of employment, broad
categories of ethnicity, household size and deprivation were included as explanatory
variables and were mutually adjusted for the logistic regression. The odds ratio (OR) was
reported along with corresponding 95% confidence intervals. The associations of swab-
positivity with detailed categories of occupation and ethnicity subgroups were also quantified
using logistic regression models: for detailed occupation, the model was adjusted for age,
sex, region, broad categories of ethnicity, and deprivation; and for ethnicity subgroups, the

model was adjusted for age, sex, region, broad categories of employment, and deprivation.

To assess the overall risk for subgroups across rounds 5 to 10, we pooled log-odds ratios

from each individual round using the inverse-variance method (Viechtbauer, 2010).

5.3 Results

5.3.1 Higher Prevalence of Test-positivity in Males

Higher rates of infection were associated with the male sex (Table 5.1). The weighted
prevalence of swab positivity was slightly higher in males than in females in all rounds
except round 6 [male: 1.29% (1.17%, 1.43%), female: 1.31% (1.19%, 1.44%)]. This
difference was maintained after accounting for age, region, key worker status, ethnicity, and
deprivation, with the female sex having lower odds of infection at 0.95 (0.90, 0.99) compared
with the male sex across rounds 5 to 10 (Figure 5.1A, Table 5.2). The direction of effect is
consistent with other published studies in the UK. Two UK studies, one between 1 March

and 28 April 2020 (Martin et al., 2020) and the other between 28 January and 4 April 2020

128


https://paperpile.com/c/xvG1TR/oO36d
https://paperpile.com/c/xvG1TR/vKGZb

(de Lusignan et al., 2020), also reported that male sex was associated with a higher risk of
testing positive for SARS-CoV-2 than female. Other countries have shown similar sex
differences with a higher chance of infection among males (Vahidy et al., 2021; Guan et al.,

2020a; Huang et al., 2020; Jiang et al., 2020; Rodriguez-Morales et al., 2020).
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Figure 5.1 Forest plots of sex and household size.

A. Forest plot of sex for rounds 5 to 10 and an average across rounds weighted inverse to variance
(rounds 5 to 10). The reference group is not shown in the figure and is male. B. Forest plot of
household size for rounds 5 to 10 and an average weighted across rounds inverse to variance
(rounds 5 to 10). The reference group is not shown in the figure and is households with 1-2 people.
Individual round odds ratios are mutually adjusted for sex, key worker status, broad categories of
ethnicity, household size and neighbourhood deprivation.
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Table 5.1 The unweighted and weighted prevalence of swab-positivity by socio-demographic
variables for rounds 5 to 10.

A. Rounds 5 to 6.

\ariable Catagory ) . Round § ) ) Round & )
Positwve Total Unweighted Fravalence ‘Weighted Prevalence* Fositwve Total Unweighted Fravalence Wieighted Prevalance®
Gandar Male 357 75,504 040% | 044%  054% ) O0G5% ( 057% . 075% ) 768 72315 1.05% ( 0.98% 1143 ) 1.20% [ 1.17% . 143% )
Famale 437 96,380 0.45% [ 0.41% , 0.50% ) 054% ( 0.48% . 082% ) 962 87852  1.10% ( 1.03% . 11735 )  1.34%  1.19% . 1.44% )
NA 0 4 0.00% ( 0.00% , B0.24% ) NA{ NA | NA 0 8 0.00% { 0.00% , 45.83%) NA{ MA | NA )
Age 0512 50 13,771 0.43% ( 0.32% , 0.55% ) 0.58% ( 0.47% ., 0.72% ) N2 11,245 1.00% ( 0.83% , 121% ) 1.27% | 0.08% . 1.82% )
1317 50 10,480 0.58% ( 0.43% , 0.73% ) 0.60% ( 0.42% . 0.84% ) 12 2516 1.38% ( 1.15% , 1.85% ) 1.72% ( 132% . 221% )
18-24 B2 G852  1.21% ( 0.07% , 1.50% ) 0.70% ( 0.40% . 1.00% ) 120 G305 1.90% ( 1.58% , 227% ) Z.38% | 170% . 316% )
2534 55 15883 055% ( 044%  088% ) 158% ( 118% . 213% ) 205 15242 135% [ 1.17% . 158% ) 153% ( 130% . 188% )
35-44 121 22054 053% ( 044%  053% ) 058% ( 053% . 0E0% ) 214 21003 1.029% | 080% . 1.18% )  1.25% | 1.05% . 142% )
4554 157 20380 (053% ( 045%  082% ) 053% ( 048% . 070% ) 313 26807 1.16% ( 1.04% , 1305 ) 128% { 110% . 144% )
5564 116 31,884 0.36% ( 0.30% , 0.44% ) 0.37% ( 0.30% . 0.46% ) 226 29,752 1.10% ( 0.98% , 1.22% ) 1.20% { 1.05% . 1.38% )
85+ 143 43,044 0.33% ( 0.27% , 0.38% ) 0.35% ( 028% . 0.43% ) 320 41110 0.7E% [ O70% , 0.87% )  0.82% [ O.71% . 0.04% )
Region South East 104 30,406 0.20% ( 0.22% , 0.32% ) 0.20% ( 023% , 0.37% ) 244 35,194 0.67% ( 0.50% , 0.76% ) 0.68% | 0.60% . 0.80% )
Morth East 81 8702 091% ( 0.70% , 117% ) 1.08% ( 0.50% . 142% ) 58 5845  152% ( 122% , 187% ) 1.40% ( 117% . 1898% )
Morth Wiast 100 10463 1.02% ( 0.80% , 117% ) 1.21% ( 1.01% , 1.46% ) 372 17,886 2.08% ( 1.88% , 2.30% ) 2.30% | 2.108 , 273% )
\H“I’Jm:“"dm 74 11658 (0B3% ( 0.50% . 0.80% ) 0.84% ( D60% . 1.17% ) 180 10887 1.77% [ 1.53% , 2.03% ) 2.32% ( 1.80% . 2.81% )
East Midlands 101 21807 045% ( 0.38% . 056% ) 058% ( 043% . 072% ) 233 20458 1149 ( 100% , 1.20% ) 1.25% ( 1.07% . 145% )
West Midiands 70 16,343 0.43% ( 0.33% , 054% ) 0.50% ( 0.40% . 0.80% ) 105 14,860 1.32% ( 1148, 1.52% ) 1.50% ( 1.18% . 212% )
Ezst of England 81 25625 0.32% ( 0.25% ., 0.20% ) 0.30% ( 0.22% ., 0.38% ) 150 23,231 0.65% ( 0.59% , 0.78% ) 0.80% [ 0.57% . 0.82% )
London 70 17400 0.45% ( 0.36% , 0.56% ) 0.54% ( 0.42% . 0.70% ) 141 15757 0.80% ( 0.75% , 1.08% ) 0.07% ( 0.78% . 1.18% )
South West 55 15,280 0.34% ( 025% , 044% ) 033% ( 023%  0.45% ) 17 15204 077% ( 063% , 0.82% ) 0.20% | 0.54% . 0.00% )
key worker status :'::lhﬁ”’;”m 51 9820 053% ( 0.40% . 070% ) 0.58% ( 0.48% . 0.65% ) 124 9257 134% ( 1.12% . 1603 ) 1.78% ( 1.33% . 2.30% )
%’::55&”‘5"'*3‘ 154 28845 (0.53% ( 045% , 0.62% ) 0.66% ( 0.46% . 0.04% ) 357 26,804 1.33%8 ( 1.109% , 1.47% ) 1.64% [ 1.41% . 1.02% )
Cther workers 335 72174 04T% | 042% , 052% ) O7T0% ( 055% . 088% ) 677 G4510 104% ( 097% . 113% ) 1.22% ( 1.10% . 137% )
Mot ful-time, part-fime, 255 50782 0.43% ( 0.33% , 043% ) 053% ( 0.48% . 0.60% ) 510 55444 0.94% ( 0.88% , 1.02% ) 1.11% [ 0.98% . 1.25% )
or self-employed
NA 26 4545 055% ( 0.38% . 081% ) 060% ( 037% . 0.85% ) 54 3765 143% 108% 187%  1.55% ( 1.04% . 231% )
Ethnic group White 70T 157644 0.45% ( 0.42% , 0.45% ) 054% ( 0.48% . 0.50% ) 1549 145334 1.07% ( 1.01% , 1.12% ) 1.24% [ 1.18% . 1.33% )
Asian 71 T80T 0.00% ( 0.70% , 113% ) 1115 ( 053% . 1.42% ) 24 8712 1.25% ( 100% , 155% ) =2.05% ( 1.45% . 283% )
Black 16 2184 073% ( 0.42% . 118% ) 1173 ( 065% . 210% ) 23 17B0  131% ( 083% . 185% ) 1.23% ( 0.78% . 188% )
Mixad 11 3080 035% [ 0.18% . 0B64% ) 0.44% ( 022% . 0.85% ) 23 2807  104% ( 0G0% . 150% ) 1.01% ( 0.68% . 153% )
Cther 71430 0.40% [ 0.20% , 1.00% ) 0.47TH( 021% . 1.05% ) 17 1184 1.44% [ 0845, 2209% ) 1.81% ( 1.00% . 2.29% )
NA 12 2824 045% 023% 078%  063% ( 0.20% . 1.57%) 30 2486 1.21%  082%  1.72%  1.28% ( 0.8T% . 213% )
Housshoidsize 1 B8 24016 0.35% ( 0.28% , 0.44% ) 044% ( 0.32% . 0.50% ) 226 23630 0.06% ( 0.84% , 1.10% ) 1.08% ( 0.01% . 1.20% )
2 227 61717  0.3T% | 0.32% , 0.42% ) 044% ( 0.37% . 0.53% ) 553 50221 0.03% ( 0.86% , 1.01% ) 1.13% ( 0.00% . 1.28% )
2 172 32,394  0.53% ( 0.45% , 0.62% ) 061% ( 0.51% . 0.74% ) 2358 20,041  1.19% ( 1.07% , 1.32% ) 1.47% { 1.25% . 1.72% )
4 211 37,231 0.57% ( 0.40% , 0.65% ) O075% ( 061% . 0.02% ) 2340 31011 1.00% ( 0.98% , 1.21% ) 1.20% ( 1.11% . 1.52% )
5 TT 13,145 0.50% ( 0.48% , 0.73% ) 0.78% ( 0.58% . 1.03% ) 172 10,785 1.50% ( 1.37% , 1.88% ) 1.73% [ 144% . 2.08% )
8 and 6+ 40 5545 0.88% ( 0.65% . 117% ) 1.05% ( 0.75% . 1.47% ) 71 4586 1.55% ( 1.22% , 1.06% ) 2.18% ( 1.48% . 212% )
COWID case canta No 555 120353 040% | 0.37% , 043% ) O050% ( 0.44% 056% ) 1130 122060 028% ( 0.53%  004% | 102% [ 004% _ 111% )
“fies, contact with a
confirmeditestad 102 1586 G.51% ( 5.34% , 7.85% ) S.20% ( §31% . 10.50%) 301 3521  S.31% [ T.43% , 0.26% ) 2.02% { 76T . 10.35%)
COVID-18 case
“fes, contact with 3
suspecied COVID-10 1T 1487 1.14% [ 0.67% . 1.82% ) 1.09% ( 0.564% . 1.83% ) 50 1860 3.00% ( 223% , 3.03% ) 2.55% ( 226% . 5.53% )
case
NA 149 32,042 0.47% ( 0.39% . 055% ) 0.54% ( 0.43% . 083% ) 250 28814 0.93% ( 0.52% . 1.05% ) 1.20% | 0.80% . 1.45% )
Symptom status  Glassic COVID 187 8276 223% ( 103%  257% ) 275% ( 225% . 236% ) 422 6283 672% ( 611% , 738% ) T751% [ 663% . 540% )
Cther symptoms 145 25832 05T% ( 048%  085% ) O70% ( 058% . 087% ) 265 20738 128% ( 1.13% . 148% ) 135% ( 117% . 157% )
No symptoms 344 108210 0.32% ( 0.28% , 0.35% ) 0308 ( 0.34% . 0.48% ) 708 106430 0.75% ( 0.70% , 0.80% ) 0.80% ( 0.81% . 1.01% )
NA 147 31,830 0.45% ( 0.39% , 054% ) 054% ( 043%  062% ) 245 25712 0@2% ( 081% , 1.04% ) 1.10% [ 0.03% . 1.45% |
Deprivation 1 Most deprived 135 17,641 O077% ( 0.54%  001% ) 100% ( 080% . 126% ) 254 15736 161% ( 142%  182% ) 2.00% [ 174%  260% |
2 120 27483 047% ( 0.30% . 056% ) 0.53% ( 043% . 085% ) 280 24057  118%  103% , 1.30% ) 127 [ 1119 . 148% )
3 145 37426 030% ( 033%  045% ) 048% ( 038% . 050% ) 354 34378  103% ( 093% , 114% ) 1.00% { 0.08% . 124% )
4 100 43,100 0445 ( 0.38% . 051% ) 048% ( 041% . 0.52% ) 730702 102% ( 093% . 1.13% ) 1.10% { 0.98% . 128% )
5 Least deprived 224 40280 0.45% ( 0.40% , 0.52% ) 052% ( 0.44% . 0.81% ) 427 45310 0.049% ( 0.86% , 1.04% )  1.02% ( 0.01% . 1.15% )

* We present weighted prevalence if the number of positives in a category is 10 or more.
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B. Rounds 7 to 8.

‘ariable Category ; . Round 7 . . — Reund 8
Positive Total Unweighted Prevalence ‘Weighted Prevalence® Positive  Total Unweighted Prevalence Weighted Prevalence®
Gender Mals 500 75060 0.70% (0.73% . 0.00% ) 0.00% ( 0.80% . 1.07% ) 1042 75200  1.30% ( 1.20% . 1.479% ) 1.03% | 1.60%  1.77% |
Female 700 @524 076% (070% . 0.81% ) 0.82% [ 0.83% . 1.02% ) 1230 02240 1.34% ( 1.27% . 142% )  151% | 1.41% , 1.83%
NA 0 1 0.00% [ 0.00% . 97.50% ) MA [ MA , NA } 0 8 0.00% ( 0.00% , 31.08% ) MA [ MA , NA )
Age 0512 147 11872 1.24% [ 1.05% , 1.45% ) 1.44% [ 1.10% . 1.77% ) 170 11,727 1.45% [ 1.25% , 188% ) 1.50% [ 1.32% , 1.83% )
1317 172 B8B1  174% [ 1.50% . 202% ) 204% ( 186% . 248% ) 172 B847 182% ( 165%  223% ) 225% | 1.85%  273% )
18-24 88 6475 133% (1.08% , 164% ) 141% [ 104%  181% )} 156 6753 231% ( 1.98% , 270% ) 2.44% ( 1.96% , 3.03% )
2534 130 14758 0.88% (074% . 1.05% ) 1.00% ( 0.80% , 1.23% ) 263 15081 175% ( 1.55% , 1.07% ) 1.05% | 1.68% , 2206% )
3544 160 20846 O77% (085% . 0.80% ) 0.89% [ 0.73% . 108% ) 314 21784 1.44% [ 1.20%  181% ) 162% | 1.41%  1.85% )
4554 220 27338 080% (070% . 082% ) 0.88% ( 0.73% . 1.01% ) 412 27882 147% ( 1.24% , 162% ) 161% | 143%  181% )
55-34 188 31,300 0.00% [ 0.52% , 0.00% ) 0.84% [ 0.52% , 0.79% ) 413 21080  120% [ 1.17% , 1423 ) 1.20% | 1.15% , 1.45% )
a5+ 186 45634 043% (037% . 0.40% ) 050% ( 0.41% . 061% ) 382 43440 085% ( 0.80% . 0.87% ) 0.03% [ 0.82% . 1.05% )
Region Siouth East 254 035,206 0606% (058% . 0.75% ) 0.73% ( 063%  084% ) 578 30,158 146% ( 125%  160% ) 161% | 148%  177% )
Narth East 53 5673 002% (070% . 1.22% ) (.84% ( 068%  135% ) B2 5731 108% ( 0.84% . 138% ) 122% ( 0.87% . 1.60% )
Narth West 157 18337 0.86% [073% , 1.00% ) 1.02% [ 0.83% , 124% ) 220 17817 1:23% [ 1.08%  140% ) 1.38% [ 1.18% , 1.684% )
;Zm;ewme 107 11288 085% (078% . 1.14% ) 125% ( 086% . 158% ) 93 10865 O87% ( 071% . 107% ) 0.80% | 062% . 1.03% )
East Midlands 221 2200 100% (088% . 1.15% ) 1.18% [ 100% . 1.41% ) 225 21688 104% ( 0.81% . 118% ) 1.18% | 0.89%  1.38% )
West Midlands 186 15757 089% (084% . 1.18% ) 1.24% ( 085% . 161% ) 188 15088 131% ( 1.14%  151% ) 166% | 1.32%  210% )
East of England 125 24827 051% [042% , 0.60% ) 0.58% [ 0.47%  071% ) 381 25178 155% [ 1.41%  171% ) 178% | 1.57% , 202% )
London 135 15,566 0.87T% (073% . 1.08% ) 1.00% ( 0.80% , 132% ) 360 15,041 2.40% ( 2.20% , 275% ) 2.83% | 253% , 3.10% )
South West o0 18636 054% (044% . 068% ) (058% (045% . 078% ) 125 16588 0O75% ( 0.63% . 080% ) 087% ( 0.71% . 1.08% )
Ly worker status mf*‘m‘:r“m 122 0450 120% { 1.07% . 1.54% ) 1.54% { 123% , 1.04% ) 161 5250 1.05% ( 1.67% , 2279 ) 2.24% | 1.24%  272% )
i’:;?*”"a"'keﬁ' 267 28810 059% [ 0.78% . 101% ) 1.04% ( 0.88% . 1.22% ) 531 30238 176% ( 181% . 1.81% ) 179% | 161%  200% )
Other warkers 457 B4.423 O71% ( 0.65% . 075% ) 0.82% ( 0.72% . 008% ) 867 64772 134% ( 105% , 1.43% ) 155% | 142%  1.70% )
Not full-fime, part-fime. 380 50222 0.63% (057% . 0.70% ) 0.85% ( 0.74% , 0.07% ) 670 50438  1.11% ( 1.03% , 120% ) 1.28% ( 1.23% , 1.50% )
or self-employed
NA 73 4188 175% (138% , 220% ) 180% ( 134%  241% ) 53 3834 135% ( 1.03% , 176% ) 158% ( 1.10% , 2.27% )
Ethnic group White 1122 1524823 0.72% (0.00% . 0.78% ) 0.84% [ 0.78% , 0.80% ) 1838 152,111 1.27% ( 1.22% , 1.33% ) 1.41% ( 1.23% , 1.40% )
Asian 95 6577 144% (1.17% . 1.78% ) 207% [ 157% . 271% ) 183 6537 248% ( 214% . 200% ) 280% ( 232% . 3.37% )
Black 18 1,754  1.03% (0.61% , 1.62% ) 1.07% ( 0.85% , 1.76% ) 60 1832 32.28% ([ 2.55% , 4.10% ) 2.07% ( 2.20% , 4.00% )
Mixed 23 2721 085% (054% , 1.27% ) (.84% ( 053%  133% ) 48 2751 167% ( 1.28% , 222% ) 1.78% ( 1.28% , 2.48% )
Cther 16 1157 1.38% (078% . 224% ) 167% ( 108%  2351% ) 28 1180 2.44% [ 1.70%  348% ) 242% ( 1.50% . 365% )
NA 25 2508 100% (085% , 1.47% ) 115% [ 074%  178% ) 48 3221 143% 107% 180%  1768% ( 1.23%  2.50% )
Household size 1 125 25600 0.49% [ 0.41% , 0.58% ) 0.00% [ 0.44% , 071% ) 275 25,260 1.08% [ 0.95% , 122% ) 1.24% | 1.00% , 1.44% )
2 351 B2446 056% (051% . 0E2% ) 0.60% ( 080% . 078% ) 622 61378 101% ( 0.84%  110% ) 1.11% | 1.01%  1.23% )
3 277 30720 080% (080% . 1.01% ) 0.66% ( 0.83% . 1.12% ) 455 20985 152% ( 1.20% , 166% ) 167% | 140%  1.83% )
4 M5 33488 084% (084% . 1.05% ) 1.02% ( 0.88% . 1.17% ) 568 34847 163% ( 150% , 1.77% ) 1.77% | 1.50% , 1.86% )
5 147 11274 130% [ 1.90% . 153% ) 150% [ 127% . 108% ) 246 11588 213% [ 1.88%  241% ) 248% | 2.05%  300% )
6 and 6+ 54 4633 183% ( 145% , 2234% ) 240% ( 171%  335% ) 116 4535 D255% ( 2.14% , 307% ) 3.04% ( 230% , 3.77% )
COVID case conta No 705 133683 053% (040% 057% ) 0.65% ( 0568% 071% ) 1130 138085 082% ( 0.77% . 087% ) 004% | 087%  1.02% )
Yes, contact with a
confimeditested 362 4658 T77% (7.02% . 858% ) 7V.77% ( 6.83% . 883% ) 730 5008 1458% ( 1383% 15.58%) 1561% [ 1428% 17.089)
COVID-18 case
“fes, contact with a
suspected COVID-12 31 1485 207% [ 1.41% , 293% ) 186% [ 127%  302% ) 58 1320  4.35% ( 3.39% , 5A0% ) 404% ( 357%  B.72% )
case
NA 201 28385 071% (061% . 081% ) 062% ( 0.75% . 1.14% ) 384 23240 157% ( 1.41% . 1.73% ) 1.64% [ 145% . 187% )
Symptom stat=  Classic COVID 404 5230 7.05% (6.05% . 8.40% ) 708% ( 707% L 0.01% ) 822 6475 1270% ( 11.01%, 1353%) 1405% ( 1230%  15.309)
Other symptoms 220 18185 121% ( 1.09% . 1.28% ) 1.38% ( 1.14% , 1.50% ) 380 10800 1.78% ( 1.81% . 1.08% ) 1.80% ( 1.68%  215% )
No symptams 476 116448 0.41% (037% . 0.45% ) O0.51% ( 0.46% . 0.58% ) 747 118401 0.63% ( 0.50% , 0.63% ) 0.78% | 0.58% , 0.84% )
NA 198 28267 O70% (061% , 0.81% ) 082% [ 074% , 114% ) 363 23157 157% [ 142%  174% ) 165% [ 1.45% , 1.87% )
Deprivation 1 Most deprived 188 15,051 1.24% ( 1.08% . 1.43% ) 1.41% ( 1.10% . 1.67% ) 267 15,100 1.00% ( 1.50% , 1.01% ) 1.70% | 1.53% , 2.10% )
2 235 26250 081% (080% . 1.03% ) 1.04% ( 0.86% . 125% ) 440 26012 173% ( 157% . 1.89% ) 1.05% [ 174%  219% )
3 268 35875 075% (068% . 0.84% ) 0.80% ( 068% . 083% ) 470 36081 133% ( 1.22% , 145% ) 152% | 1.36% , 168% )
4 283 42350 05%% (062% . 0.78% ) 0.83% ( O0.71% . 0.05% ) 54D 42002 120% ( 1.13% , 1.40% ) 1.44% | 1.27% , 1.58% )
5 Least deprived 301 47645 063% (056% . 071% ) 063% ( 050% . 078% ) 557 48377 1.15% ( 1.06% . 125% ) 1.22% [ 1.10% . 135% )

* We present weighted prevalence if the number of positives in a category is 10 or more.
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C. Rounds 9 to 10.

Variable Category » ) Round § ) ) ) Raund 10 )
Positive  Tetal Urv d Preval Neighied P ' - Fositwe Total Unweighted Prevalence ‘Weighted Prevalence™
Gander Male 316 TB027 042% ( 0.28% . 0.47% )  0560% ( 043% . 0.50% ) 108 83077 0.17% (014% . 021% )  022% { 0.17% . 0.28% )
Female 374 B0425 O041% [ 0.3T% . 0.496% ) 0.48% ( 0.43% | 0.556% ) 118 77,785 0.15% (0.13% ., 0.18% ) 0.18% { 0.14% . 0.22% )
NA 0 4 0.00% ( 0.00%.40.35% ) MA( MNA , NA ) 0 2 0( 0 .B418%) NA( NA . NA )
Age 0512 81 13,805 0B0% ( O.48% , 0.74% ) 0.72% ( 0.54% , 0.05% ) 33 10,750 0.31% (0.21% , 0.43% ) 0.41% { 0.27% , 0.82% )
1317 45 10,155  0.44% ( 023%, 0.50% )  O57% ( 0.38% , 087% ) 14 7,801  0.18% (0.10% , 0.30% )  0.19% { 0.11% , 0.34% }
18-24 40 8,783 0.58% ( 0.43% . 0.80% ) 0.71% ( 0.45% . 1.12% ) 12 5,700 0.22% (0.12% ., 0.38% ) 0.20% { 0.15% . 0.53% )
2534 85 14801 0.40% ( 026% . 058% )  049% ( 0.24% . 081% ) 21 12203 0.47% ( 011% . 0.26% )  0.18% ( 0.11% . 0.31% )
544 G4 21088 0.45% ( 026% . 055% ) 05T ( 042% . 07T% ) 35 17,339 020% (0.14% , 0.28% )  0.21% ( 0.14% , 0.31% )
45-54 132 27595 048% (040% . 0.57% )  050% ( 041% , 062% ) 37 22,288 0.17% (0.12% . 023% )  0.20% ( 0.13% , 0.30% )
5584 135 31727 0A43% (038% . 080% )  040% ( 040% . 060% ) 30 25811 015% (0%, 021% )  0.17% ( 0.12% , 0.25% )
a5+ 94 30,097 0.24% ( 018% . 020% )  026% ( 0.21% ,023% ) 35 35793 008% (0.08% . 0.13% )  0.08% ( 0.06% . 0.13% }
Regon South East 110 38,042 0.32% (027% . 0.28% )  0.30% ( 0.20% . 044% ) 18 311256 000% (0.03% . GO8% )  0.07% ( 0.04% . 0.12% )
North Esst 41 5830 070% (052% . 005% )  080% ( 048% . 086% ) 16 4035 032% (0.19% , 0.53% )  O.41% ( 0.24% , 0.70% )
Morth West 112 19402 0.58% (046% . 0.80% )  060% ( 054% . 088% ) 41 18108  0.25% (0.18% . 025 ) 0.31% ( 0.21% , 0.45% )
[prkahre anc The 42 11218 02T% ( 0.28% . 051% )  060% ( D.A7% . 00A% ) 28 D801 020% (0.10% . 042% )  0.38% ( 0.22% . 057% )
East Midlands 103 21193 0.48% ( 0.40% . 0.56% ) 0.50% ( 045% . 0.77% ) 34 17834 0019% (0.13% . 0.26% ) 0.16% { 0.13% . 0.28% )
West Midlands 80 15478 0.39% ( 020% . 0.50% )  036% ( 0.25% . 082% ) 20 12928 020% (0.13% , 0.20% )  0.20% ( 0.13% . 0.31% )
East of England 88 23672 036% ( 0.20% . 0.45% ) 0.47% ( 0.38% . 0.60% ) 27 20103 0.13% (0.0 . 0.20% ) 0.18% { 0.10% . 0.24% )
London 91 15492 050% ( 0.48%, 072% )  0.80% ( 048% , O78% ) 22 14,082 0.18% (0.10% , 0.24% )  0.18% ( 0.10% ., 0.28% )
South West 35 18523 0.21% ( 015% ., 0.29% )  023% ( 0.15% , 038% ) 18 14,049  0.11% (0.08% . 0.18% )  0.13% { 0.07% . 0.28% }
ey werker status 18310 care or care BS G042  OB1% (047, O.TR% )  O73% ( 049% , 1.08% ) 19 8614  0.22% (0.13% , 024% )  0.21% ( 0.12% . 0.38% )
3«";,“ santalfcey 105 31283 0.53% (0.45% . 0.61% )  OS57% ( 048% . 070% ) 44 24004 0.18% ( 0.13% . 0.25% )  0.20% ( 0.14% ., 0.30% )
Othar workers 244 50607 0415 ( 028% , D48% )  047H ( 040% . D88% ) B0 52405  0.179% ( 0.14% , 021% )  0.23% ( 0.18% . 0.30% )
:“m:;ﬁm'““ 202 80498  023% ( 029%, 0.39% )  043% ( 0.28% . 082% ) 84 52,331  0.12% (0.00% , 0.19% ) 0.14% { 0.11% . 0.18% }
NA 23 4918 050% (023%, 0.75% )  055% ( 023% . 062% ) 10 3310  0.30% (0.15% , 055% )  0.33% ( 0.17% , 0.84% )
Ethnicgrowe  While 506 140.059 040% ( 027% . 0.43% )  0.45% ( 041% . 050% ) 194 120,986 0.18% (0.13% . 0.18% )  0.19% ( 0.19% . 0.23% )
Asian 52 8510 0/80% ( 081%, 1.04% )  05% ( 0B4% , 141% ) 14 5892  0.24% (0.13% , 040% )  0.27% ( 0.15% ., 0.47% )
Slack 14 2181  08S% ( 039% . 1.00% )  OT9% ( 039% L 160%) 4 1,085  0.20% (0.08% , 082% } NA{ NA , NA )
Mixed 8 2628 027% ( 0.14% , 0.54% ) NA( NA , NA ) 7 2480  028% ( 0.M% . 0.59% ) NA{ NA , NA )
Othar § 1185  0.429% ( 0.18% . 0.08% ) NA( MNA |, NA ) 3 1,143 0269% (0.08% , 0.77% ) NA{ NA , NA )
NA 14 2819 050% ( 030% . D.829% )  O54% ( 030% . 004% ) 8 2418 0.21% (0.07% . 048% ) NA({ NA , NA )
Househod sz 1 B8 23570 020% ( 023% . 0.37% )  031% ( 0.24% . 042% ) 20 20,338 0.13% (0.08% . 0.19% )  0.15% ( 0.08% . 0.24% }
2 177 80040  0.30% ( 0.20% . 0.35% )  032% ( 027% . 038% ) 64 53126  0.12% (0.00% . 0.15% )  0.16% ( 0.11% . 0.22% )
2 145 30,652 0479 ( 0.40% . 0.56% ) 0520 ( 042% . 0648 ) 48 25373  0.19% (0.14% . 0.25% )  0.22% ( 0.15% . 0.33% )
4 182 35280 0.52% ( 0.45% . 0.60% )  050% ( 046% , 067 ) 58 28,506 0.20% (0.15% . 0.26% )  0.24% ( 0.18% . 0.33% )
5 83 12,055 000% ( 050% . 085% )  084% ( 0B2% . 112% ) 19 0582  020% (0.12% . 031% )  0.21% ( 0.11% . 0.38% )
gand 8+ 34 4847 070% (050% . 009% )  1.41% ( 088% . 220% ) 12 3857  0.31% (0.10% . 054% )  0.35% ( 0.19% . 0.85% )
COVID case conta Mo 30 139.231 0.25% ( 0.23% , 0.28% )  0.20% ( 0.25% . 0.23% ) 138 110,083 0.11% [ 0.10% , 0.13% )  0.14% { 0.11% . 0.17% }
‘s, contact with &
confirmeditested 216 2567 8319 ( T.21% . 0.44% )  0.41% ( TB5% 1123%) 40 OFT  471% (3.479% . 5.23% )  4.60% ( 2.37% . 6.00% )
COVID-10 case
e, contact with a
suspected COVID-10 15 840 Z34% ( 143% , 3.839% ) 3079 ( 1.02% L 880%) 5 307 1.20% (0.41% . 291% ) MA{ MA . NA )
case
NA 100 22088 0479 ( 0.30% . 0.67% )  052% ( 041% L 063% ) 40 19,507 0.21% (0.16% . 0.28% )  0.27% ( 0.18% . 0.40% )
Symplom status _ Classic COVID 723 4008  440% ( 300% . 5.10% )  480% ( 402% 502% ) 45 30508  128% (004% . 171% )  1.60% ( 1.00% , 224% )
Other symptoms 105 1T0BR  081% ( 051% . O.74% ) O.74% ( 0.58% . 0.84% ) 30 14,801 0.20% (0.14% ., 0.20% ) 0.28% ( 0.18% . 0.42% )
No symptoms 266 120482 0.21% ( 0.10%, 0.24% )  0.20% ( 0.22% , 0.31% ) 112 103135 0.11% (0.00% , 0.13% )  0.12% { 0.10% . 0.15% }
NA 105 22007 048% ( 0.28% . 0.55% ) 0.50% | 0.40% , 0.64% ) 40 19,400  0.21% (0.15% , 0.28% ) 0.27% { 0.18% , 0.40% )
Deprivation 1 Most deprived 108 16718 0.60% ( 067% , 083% )  0.85% ( 0.00% , 1.00% ) 36 12074 028% (0.10% , 0.38% )  0.33% { 0.23% , 0.47% )
2 142 257350 0.56% ( 0.48% . 0.66% ) 0.50% ( 048% | 0.72% ) 48 21,780 0.21% (0.15% . 0.28% ) 0.25% { 0.18% . 0.35% )
2 122 35741 0.24% (0200 . 0.41% )  034% ( 0.28% . 042 ) 44 30461 014% (0.M% . 0.9% )  0.47% ( 0.12% . 0.24% )
4 157 41,455 028% ( 0322% . 0.44% ) 0.28% [ 0.32% | 0.45% ) 43 35181 0.14% (0.10% , 0.18% ) 0.13% { 0.08% . 017% )
5 Least deprived 160 47173 0.34% ( 0.20% ., D.40% ) 0.36% ( 0.30% , 0.43% ) 53 40508 0.13% (0.10% , 0.17% ) 0.13% { 0.08% , 0.17% )

* We present weighted prevalence if the number of positives in a category is 10 or more.
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The number of vaccinated female participants was higher than that of male participants in
our study. Although we accounted for key worker status in our regression analysis, the
number of female key workers (healthcare workers/care home workers) in our study was
greater than the number of male key workers across rounds 5 to 10, so more female
participants in this high-risk group were vaccinated (Table 5.2), which may contribute to our
results that females had lower odds of testing positive compared with males.

Social behaviour may also contribute to the sex difference in infection risk (Keogh-Brown et
al., 2020). Men showed a higher prevalence of smoking and drinking, which may have led to
comorbidities associated with the risk of COVID-19 infection. In addition, other sex-related
behaviours including lower rates of use of preventative health measures and seeking
healthcare may put men at greater risk of infection (Gebhard et al., 2020; Sex, Gender and

Covid-19 Project, n.d.).
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Table 5.2 Odds ratios for rounds 5 to 10, and an average weighted inversely to variance for
core variables.

A. Rounds 5 to 8.

Variable Category Round 5 Round 6 Round 7 Round &
Mutually adjusted Mutually adjusted Mutually adjusted Mutually adjusted
Sex Male Ref Ref Ref Ref
Female 0.90[0.78,1.03] 1.01[0.92,1.12] 0.94 [0.84,1.05] 0.94 [0.86,1.02]
Age Group 5-12 0.75[0.54,1.02] 0.95 [0.75,1.19] 1.50 [1.20,1.89] 0.92 [0.76,1.11]
13-17 0.97 [0.69,1.37] 1.38 [1.07,1.77] 2.30 [1.79,2.95] 1.55[1.26,1.91]
18-24 2,17 [1.63,2.88] 1.87 [1.49,2.35] 1.74[1.34,2.27] 1.66 [1.36,2.02]
25-34 1.10 [0.83,1.45] 1.37 [1.12,1.66] 1.17 [0.93,1.48] 1.26 [1.07,1.49]
35-44 Ref Raf Ref Ref
45-54 1.07 [0.84,1.36] 1.16 [0.97,1.38] 1.10 [0.90,1.36] 1.11[0.96,1.29]
E5-64 0.78[0.60,1.02] 1.17 [0.97,1.40] 0.53 [0.74,1.16) 1.16 [0.99,1.35]
B5+ 0.75[0.56,1.00] 0.92 [0.75,1.13] 0.79 [0.62,1.01] 0.98 [0.82,1.17]
Region North East 3.48[2.52 4.81] 219[1.71,2.80] 1.30 [0.96,1.76] 065 [0.53,0.50]
North West 3.94[3.09,5.02] 3.03 [2.56,3.57] 1.21[0.99,1.49] 0.79 [0.67,0.92]
:""‘Sh"e andThe 5 55 11.86.3.40] 262216318 1.40 [1.11,1.76] 0.58 [0.46,0.72]
umber
East Midlands 1.79[1.36,2.36] 1.68[1.40,2.02] 1.48[1.24.1.78] 0.6% [0.59,0.80]
West Midlands 1.62 [1.20,2.20] 1.92 [1.59,2.32] 1.43[1.17,1.75] 0.86 [0.73,1.01]
East of England 1.22[0.91,163] 0.94 [0.77,1.16] 0.75 [0.60,0.93] 1.03[0.90,1.17]
London 1.47 [1.09,1.99] 1.20 [0.96,1.48] 1.09 [0.87,1.35] 1.45[1.26,1.66]
South East Ref Ref Ref Ref
South West 1.40 [1.00,1.94] 1.14 [0.92,1.43] 0.82 [0.54,1.05) 0.50 [0.42,0.61]
Key Worker HCWICHW=* 1.03[0.75.1.38] 1.16 [0.95,1.41] 1.66 [1.35,2.03] 1.48[1.251.76]
Status Other essentiallkey 4 o315 g5 1 25) 1.16 [1.01,1.32] 1.17 [1.00,1.38] 1.35[1.21,1 51]
Workers
Other worker Ref Ref Ref Ref
Not FT, PT, SE** 1.03[0.85,1.24] 0.93 [0.82,1.06] 0.91[0.78,1.06) 0.93 [0.83,1.04]
Unknawn 0.97 [0.63,1.50] 1.10 [0.81,1.48] 1.38[1.04,1.82] 0.76 [0.56,1.02]
Ethnicity White Ref Ref Ref Ref
Asian 1.89 [1.45 2 45] 1.19 [0.85,1.50] 153[1.23.1.91] 1.36 [1.15,1.61]
Black 158 [0.95,2 63] 1.24 [0.81,1.89] 1.02 [0.63,1.65] 1.61[1.23,2.10]
Mixed 0.79[0.43 1.44] 0.98 [0.67,1.43] 0.84 [0.55,1.28] 0.95 [0.74,1.34]
Other 1.08 [0.51,2.30] 1.45 [0.89,2.36] 1.66 [1.00,2.74] 1.35[0.93,1.97]
Unknown 1.11[0.63,1.97] 1.24 [0.86,1.79] 1.44[0.95,2.15] 1.10 [0.82,1.48]
Household Size 1-2 People Ref Ref Ref Ref
3-5 People 1.30 [1.10,1.55] 1.18 [1.05,1.32] 1.26[1.09,1.46] 1.40 [1.26,1.55]
6+ People 1.84 [1.32,2 56] 1.47 [1.13,1.90] 1.91[1.47,2.47] 1.95 [1.58,2.41]
Deprivation 1 - Most Deprivad 1.11[0.89,1.39] 1.25 [1.07,1.47] 1.69 [1.40,2.04] 1.44 [1.24,1.68]
Index Quintile 3 0.86[0.59,1.08] 1.08 [0.93,1.26] 1.35[1.13,1.60] 1.41[1.24,1.81]
3 0.31[0.65,0.99] 1.04 [0.50,1.20] 117 [0.99.1.39] 115 [1.02,1.31]
4 0.91[0.75,1.11] 1.02 [0.89,1.17] 1.09[0.93,1.28] 114 [1.01,1.29]
5 - Least Deprived Ref Ref Ref Ref

* HCW/CHW: health care worker/care home worker; Not FT, PT SE: not self-employed, full-time, part-

time, self-employed.

134



B. Rounds 9 to 10 and across rounds 5 to 10.

Variable Category Round 9 Round 10 Rounds 510 10
Mutually adjusted Mutually adjusted Mutually adjusted
Sex Male Ref Ref Raf
Female 0.97[0.83,1.13] 0.85[0.68,1.15] 0.95[0.91, 1.00]
Age Group 5-12 1.24[0.91,1.68] 1.38[0.85,2.25] 1.07 [0.87. 1.33]
1317 1.01[0.68,1.49) 0.74[0.37.1.48] 1.31[0.96, 1.77]
18-24 1.35[0.93,1.96] 1.06 [0.56,2.02] 1.74[1.55, 1.94]
25-34 1.08[0.79,1.48) 0.86[0.50,1.48] 1.22[1.10, 1.34]
35-44 Ref Ref Ref
45-54 1.16 [0.89,1.52] 0.85 [0.54.,1.36] 1.11[1.02, 1.21]
55-64 1.24[0.94,1.63] 0.584[0521.35] 1.03[0.89,1.2]
65+ 0.85[0.61,1.19] 0.55[0.31,0.96] 0.86[0.77, 0.97]
Region Morth East 1.92[1.34 2.76] 5.32[2.6810.53] 1.97[1.13, 3.44]
North West 1.62[1.242.11] 420[2.35,7.37] 203117, 35]
:‘mh"e and The 1.11 [0.78.1.58] 5.03 [2.77.9.14] 1.72[0.95, 313]
umber
East Midlands 1.46[1.12,1.90] 3.29[1.85,5.54] 1.51[1.03, 2.21]
West Midlands 1.12[0.821.53] 3.41[1.86,6.24] 1.49[1.06, 2.1]
East of England 1.10 [0.83,1.45] 2.31[1.27,4.19] 1.05[0.86, 1.3]
London 154 [1.16,2.05] 2.18[1.15.4.13] 1.35[1.18, 1.54]
South East Ref Ref Raf
South West 0.65 [0.44,0.95] 1.90[0.95,3.77] 0.93[0.64, 1.34]
Key Waorker HCW/CHW™* 1.36[1.01,1.83] 1.09[0.66,1.51] 1.32[1.13, 1.54]
Status Other essentialkey 4 4319 97 1 44) 0.89 [0.62,1.29] 1.17 [1.07, 1.29]
workers
Other worker Ref Ref Reaf
Mot FT, PT, SE** 0.96[0.78,1.18] 0.89[0.621.27] 0.94[0.88, 1.00]
Unknown 1.03[0.66,1.62) 1.61[0.79,3.27] 1.07 [0.86, 1.32]
Ethnicity White Ref Ref Reaf
Asian 153[1.14,2.07] 1.29[0.73,2.27] 1.45[1.27. 1.66]
Black 1.10 [0.64,1.90] 1.03[0.37,2.83] 1.34 1.1, 1.63]
Mixed 0.561[0.281.13] 1.57[0.73,3.38] 0.93[0.77, 1.11]
Other 0.83[0.342.01] 1.53[0.48 4 57] 1.36[1.08,1.72
Unknown 1.26 [0.74,2.15] 1.43[0.59,3.48] 1.22[1.03, 1.45]
Household Size  1-2 People Ref Ref Raf
3-5 People 1.58[1.31,1.92] 1.22[0.88.1.70] 1.32[1.21, 1.44]
G+ People 1.93[1.31,2.84] 1.65[0.87,3.24] 1.80[1.60, 2.03]

Deprivation
Index Quintile

1 - Most Deprived

1.72[1.33.2.21]

1.44[0.93,2.24]

1.42[1.23. 1.63]

2 152[1.21,1.92] 1.37[0.91,2.04] 1.24[1.04, 1.47]
3 1.00 [0.79,1.27] 1.01[0.68,1.51] 1.04[0.93, 1.17]
4 1.11[0.89,1.38] 0.97 [0.65,1.43] 1.06[0.99, 1.14]

& - Least Deprived

Ref

Ref

Reaf

* HCW/CHW: health care worker/care home worker; Not FT, PT SE: not self-employed, full-time, part-
time, self-employed.
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5.3.2. Ethnicity

Self-identified broad classes of ethnicity were a substantial risk factor for testing positive
during this period of the epidemic in England and remained important even after adjustment
for household size and level of local neighbourhood deprivation. Broad classes of ethnicity
were defined by participants self-identifying as one of the white, Asian, black, mixed and
other ethnic groups. The Asian ethnic group showed the highest weighted prevalence
consistently during the second wave, while the white ethnic group was at the lowest level
(Figure 5.2A, Table 5.1). Similar patterns of higher infection prevalence in black and Asian
ethnic groups were seen in England in subsequent REACT-1 rounds.(Riley et al., 2021b,
2021c; Elliott et al., 2021; Chadeau-Hyam et al., 2022c, 2022a; Elliott et al., 2022a, 2022b;
Chadeau-Hyam et al., 2022b; Elliott et al., 2022c) Across rounds 5 to 10, the odds of being
swab-positive were 1.45 (1.27, 1.66) and 1.34 (1.11, 1.63) times greater for people of Asian
and black ethnicity respectively, compared to white ethnicity, whereas the odds were 0.93
(0.77, 1.11) times lower for people of mixed ethnic group than white ethnic group (Figure

5.2A, Table 5.2).
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Figure 5.2 Forest plot of ethnicity categories and detailed subgroups of ethnicity.
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A. Forest plot of ethnicity categories for rounds 5 to 10 and an average across rounds weighted
inverse to variance (rounds 5 to 10), where the reference group is white ethnicity. B. Forest plot of
detailed subgroups of ethnicity for rounds 5 to 10 and an average across rounds weighted inverse to
variance (rounds 5 to 10), the reference group is those identifying as English, Welsh, Scottish,
Northern Irish or British. Individual round odds ratios are mutually adjusted for sex, age group, region,
key worker status, and deprivation index.

* For detailed subgroups of ethnicity, they are included in one model where the reference group is
those identifying as English, Welsh, Scottish, Northern Irish or British.

** The odds ratio for Bangladeshi ethnicity in round 5 was 5.75 (3.29,10.07)

Participants were also asked to self-identify as a member of an ethnic subgroup. Some self-
identified ethnic subgroups had a higher prevalence of SARS-CoV-2 infection in some
rounds and lower in others (Table 5.3). These temporal differences were substantial and
likely reflected underlying epidemic dynamics,(Padellini et al., 2022) rather than chance
variation. For example, from rounds 5 to 8, the prevalence of swab-positivity in Bangladeshi
participants was very high, reaching 6.12% (3.78%, 9.29%) in round 8. By comparison, the
prevalence among white ethnic subgroups was less than 2%, with the highest value found in

white Irish participants at 1.93% (1.30%, 2.74%). During the same period, black ethnic

subgroups also showed a higher prevalence than white ethnic subgroups.

Excess risk of infection was also seen in these ethnic subgroups compared with the British
white populations, even after accounting for the differences in age, sex, region, employment
status, household size and level of local neighbourhood deprivation. Among subgroups,
across rounds 5 to 10, the highest and the second-highest odds were found in Bangladeshi
and Pakistani ethnic subgroups at 3.28 (2.24, 4.8) and 2.12 (1.7, 2.64), respectively,
compared with British white participants, which contributed to the high odds in Asians

(Figure 5.2B, Table 5.4).

138


https://paperpile.com/c/xvG1TR/eOMOY

Table 5.3 The unweighted and weighted prevalence of swab-positivity for detailed ethnicity subgroups for rounds 5 to 10.

A.Rounds 5to 7.

Varabie Cotoror Hound 5 Hound & Found 7
sgory Positive  Total Unweighted P I ighted P I * Posifive Total Unweighted P I Weighted Prevalence® Positive  Total Unweighted Prevalence Weighted Prevalence*

Ethnic group White 702 157,370 045% (041% . 048% ) 054% (048%, 050% ) 1550 145336 107% ( 1.02% . 112% ) 124% (1.16% , 1233% ) 1122 153,463 073% (0.69% . 078% ) 084% ( 0.76%  0.00% )
Asian 72 7891 001% (073% . 115% ) 1.19% (0.89%  1.80% ) 84 BTI2Z  125% (1.01% . 155% ) 2.05% (1.45%  238% ) 95 G577 144% (1.18% . 178% ) 207% [ 1.57% , 271% )
Black 16 2187 073% (045% . 119% ) 1.17% { 0.65% , 2.11% ) 23 1760  131% (0.87% , 185% ) 123% (0.76%, 108% ) 18 1754 1.03% (065% , 182% ) 107% (0.65% , 178% )
Mixed 11 3071 036% (020% . 0.64% ) 0.44% { 0.23%  0.87% ) 28 2697 104% (072% . 150% ) 101% (0.66%  153% ) 23 2721 0.85% (056% . 127% ) 0.84% (0.53%  133% )
Other 6 1435  042% (019% . 081% ) 041% (0.17%  098% ) 17 1184 144% (090% . 229% ) 181% (1.00%  324% ) 16 1157 1.38% (0.85% , 223% ) 197% ( 1.09% , 351% )
NA 11 2676  041% (023% . 073% ) 062% { 0.25% . 153%) 30 2488 121% (0.85% . 172% ) 138% (0.87% . 218% ) 25 2508 1.00% (0.68% . 1.47% ) 115% [ 0.74% . 178% )

White ethnic group E'Sﬁ'f:ﬂﬁi'}ﬁﬁfl"f” 663 147483 045% (042% , 043% ) 053% (046%  0.59% ) 1445 136000 106% ( 1.01% . 112% ) 124% (1.15%  133% ) 1052 1441486 073% (069% . 0.78% ) 083% (0.77%  0.90% )
Irish 7 1672 042% (017% . 0.86% ) MA{ NA ., NA ) 16 1458  110% (0.63% . 178% ) 123% (0.71% . 213% ) 5 1600 0.31% (010% . 073%) NA ( NA . NA )
Gypsy or Irish Traveller 0 s 0.00% (0.00% , 7.40% ) MA{ NA , NA ) 0 5 0.00% (0.00% , 7.87% ) MA( NA , NA ) 1 49 3.04% (0.05% , 10.85% ) NA ( NA . NA )
Other white background 32 8167  039% (027% ., 0.55% ) 059% (0.38%, 094% ) 88 7.831  112% (0.80% . 138% ) 137% (1.07% , 175% ) 64 7BBB  0.83% (064% . 1.06% ) 0.96% (0.72% , 128% )

Asian ethnic group  Indian 26 3849  068% (044% . 089% ) 075% (049%  113% ) 34 3304  103% (0.71% , 144% ) 134% (0.88% , 203% ) 42 3250 129% (0.93% . 174% ) 135% (0.95% , 191% )
Pakistani 16 1013 158% (091% . 255% ) 194% { 1.07%  351% ) 0 792 253% (155% . 387% ) 3.42% (1.81%  6.34% ) 17 708 2.41% (141% . 3.83% ) 252% ( 1.47% , 428% )
Bangladeshi 14 499 281% (154% , 466% ) 2.26% { 1.24% , 406% ) & 330 182% (0.67% . 3.92% ) MA( NA , NA ) 16 355 451% (260% . 722% ) 4.56% (2.67% , 7.69% )
Chinese 3 867 035% (0.07% . 1.01% ) MA{ NA ., HNA ) B84 057% (0.18% . 132% ) MA( NA , NA ) 3 807 037% (0.08% . 1.08% ) NA ( MNA . NA )
E’;z;;::'sg 13 1663  078% (042% . 133% ) 0.89% ( 0.49%  161% ) 19 1402 136% (0.82% . 211% ) 136% (0.76%  244% ) 17 1459 1.17% (068% . 1.86% ) 234% ( 1.06% . 5.07% )

Black ethnic group  African 13 1417 092% (048% . 156% ) 154% ( 0.80%  294% ) 17 1145 148% (087% . 237% ) 113% (0.65% . 196% ) 16 1082  148% (085% . 2.39% ) 145% (0.83%  246% )
Caribbean 3 585 051% (011% | 149% ) MA{ NA , NA ) 6 4685 129% (0.48% . 279% ) MA( NA , NA ) 2 508 0.39% (0.05% , 1.41% ) NA ( NA . NA )
Other
BlackiAfrican/Caribbean 0 185 0.00% (0.00% , 1.97% ) MA{ NA ., NA ) 0 150 0.00% ( 0.00% . 2.43% ) MA( NA , NA ) 0 163 0.00% [ 0.00% . 2.24% ) MA ( NA . NA )
background

Mixed ethinic group '(":“':['Eb‘;';‘:lﬂ'“k 2 639 031% (0.04% . 1.13% ) MA{ NA , NA ) s 532 169% (0.78% . 219% ) MA( NA , NA ) 5 541 0.92% (0.30% , 2.14% ) NA ( NA . NA )
White and Black African 0 316 0.00% (0.00% . 1.16% ) MA{ NA ., NA ) 2 278 0.72% (0.09% . 257% ) MA( NA . NA ) 1 303 033% (0.01%  1.83% ) MA ( NA . NA )
White and Asian 3 1095  027% (0.06% , 0.80% ) MA{ NA ., NA ) 3 951 0.95% (0.43% . 179% ) MA( NA , NA ) 1 973 113% (057% . 2.01% ) 136% ( 0.71%  2.56% )
Other Mixec/Mulfiple 6 1021 059% (022% . 127% ) MA{ NA ., NA ) s 938 0.85% ( 037% . 168% ) MA( NA , NA ) & 904 0.66% [ 024% . 144% ) MA ( NA . NA )
ethnic background

Other Arab 2 319 115% (031% , 291% ) MA{ NA ., NA ) 3 299 100% ( 021% . 2.90% ) NA( NA , NA ) 2 278 1.44% ( 0.39% , 3.64% ) NA ( NA ., NA )
Other ethnic group 2 1086 018% (002% . 0.66% ) MA{ NA ., NA ) 14 937 149% (0.82% . 249% ) 184% | 0.94%  358% ) 12 940 128% (0.66% . 222% ) 1687% | 0.94%  366% )
Prefer nat to say 4 1314 030% (008% . 0.78% ) MA{ NA , NA ) 17 1184  146% (0.85% . 233% ) 166% (091%  301% ) 15 1075 1.40% (0.78% , 229% ) 136% (0.75% , 243% )
NA 7 1362 051% (021% . 1.06% ) MA{ NA , NA ) 13 1270 102% (0.55% . 174% ) 115% (0.55% . 2.36% ) 10 1373 0.73% (035% . 1.34% )  102% (0.52% . 199% )

* We present weighted prevalence if the number of positives in a category is 10 or more.
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B. Rounds 8 to 10.

Variable Category B Round 3 ) n ) Round 9 ) B Round 10
Fositive Total Unweighted Prevalence ‘Weighted Prevalence® Posiive Tofal Unweighted Prevalence ‘Weighted Prevalence® Fositive Total Unweighted Pravalence Weighted Prevalence*
Ethnic group White 1038 152,111 127% ( 1.22%, 133% ) 141% ( 1.33%, 149% ) _ 506 140,850 040% ( 037%, 043% ) 0.45% ( 0.40%, 050% ) 104 126066 O0.15% ( 0.13%, 0.18% ) 0.10% ( 0.16%, 0.23% )
Asian 163 6537  2.40% ( 214%, 280% ) 2.80%  2.32%, 337% ) 52 6516 0.80% ( 0.61%, 104%) 0981% ( 0.61%. 136% ) 14 5892  0.24% ( 0.14%, 040% ) 0.27% ( 0.15% , 0.47% )
Black 60 1832 328% ( 255%, 419% ) 3.07% ( 229%, 409% ) 14 2,151 065% ( 0.30%, 109% ) 0.83% ( 0.41%. 168%) 4 1965 0.20% ( 0.03%, 052%)  NA( NA , NA )
Mived 46 2751  167% ( 126%, 222% ) 178% ( 1.28%, 246% ) 8 2026 027% ( 0.14%, 054% )  NA( MA , NA ) 7 2460 0.28% ( 0.14%, 050% )  NA( NA , NA )
Other 20 1190 2.44% ( 170%, 3.48% ) 242% ( 159%,365% ) 5 1,185 042% (0.18%, 098% )  NA( NA , NA ) 3 1,143 026% ( 0.09%, 077%)  NA( NA , NA )
NA 46 3221 1.43% ( 1.07%, 1.90% ) 176% ( 1.23%,250% ) 14 2,819  050% ( 0.30%, 0.83% ) 0.51% ( 0.28%.082% ) 5 2418 0.21% ( 0.00%, 048% )  NA( NA , NA )
White ethnic group Egﬂ'f:mﬁfh’}gsr;?;gs” 1752 142570 1.23% ( 1.17%, 1.20% ) 1.35% ( 1.27%, 1.44% ) 524 140,193 037% ( 0.34%, 0.41% ) 0.41% ( 0.37%, 0.46% ) 179 118326 0.15% ( 0.13%, 0.18% ) 0.19% ( 0.16%, 0.23% )
lish 30 1558 1.03% ( 130%, 274% ) 2.15% ( 1.40%,320% ) 6 1428 042% (0.15%, 091%)  NA( NA , NA ) 1 1376 0.07% ( 0.00%, 040%)  NA( NA , NA )
Gypsy o Irish Traveller 0 42 000% (000% 841%)  NA( NA , NA ) 0 37  000% (000% 049%) NA( NA ., NA ) 0 24  000%(000% 1425%) NA( NA , NA )
Other white background 156 7,941  1.06% ( 1.67%, 2.20% ) 2.14% ( 1.78%, 256% ) 66 8201 0.80% ( 0.62%, 102% ) 095% ( 0.71%. 127% ) 14 7240  0.19% ( 0.11%, D32% ) 0.27% ( 0.14% , 0.51% )
Asian ethnic group _Indian 60 3183  2.17% ( 169%, 2.74% ) 242% ( 182%, 321% ) _ 26 3119 083% ( 055%, 122% ) 072% ( 047%, 110% ) 5 2788 0.18% ( 0.06%, 042%)  NA( NA , NA )
Pakistani 19 728 261% ( 158%, 4.05% ) 220% { 1.40%, 372% ) 1 818  134% ( 067%, 230% ) 2.08% ( 1.02%.420% ) 3 740  0.40% ( 0.08%, 1.17% )  NA( NA , NA )
Bangladeshi 20 327 6.12% ( 378%, 9.20% ) 503% ( 377%,952% ) 3 351  085% (018%, 248%)  NA( NA . NA ) 2 337  059% (007% 213%) NA( NA , NA )
Chinese 9 81 111% (051%, 210%)  NA( NA , NA ) 1 748  013% (0.00% 074%)  NA( NA , NA ) 1 718  014% ( 000%, 077%) NA( NA . NA )
Other Asian
oo 45 1483 300% (227%, 410%) 302% (216% 420%) T 1480 O7T4% (037%, 133%) O55% (029%.104%) 3 1300 023% (005, 067%) i na o na )
Black ethnic group _ African 42 1123 374% ( 271%, 5.02% ) 343% ( 241%, 486% ) 11 1417 078% ( 030%, 138% ) 1.02% ( 0.47%.221% ) 4 1282 0.31% ( 0.00%, 080%)  NA( NA , NA )
Caribbean 12 553 217% ( 113%, 376% ) 100% ( 1.02%, 352% ) 1 588  0.17% (0.00%, 094%)  NA( NA . MNA ) 0 547  0.00% ( 0.00%, 067%)  NA({ NA , NA )
Other
Black/African/Cariobean 6 156  3.85% ( 142%, 818%)  NA( NA , NA ) 2 146  137% (017% 486%)  NA( NA ., NA ) 0 136  000% ( 0.00%, 268%) NA( NA . NA )
hackground
Mixed ethinic group 1 1ie and Black 7 430 143% ( 058%, 283% ) NA( NA ., NA ) 1 540 010% ( 0.00%, 103% ) NA{ NA , NA ) 2 479 0.42% ( 0.05%, 150% )
Caribbean NA { NA NA )
White and Black African 5 202 171% (056%, 3.95%)  NA( NA , NA ) 0 323 000% (000% 114%)  NA({ NA ., NA ) 1 204  034% ( 0.01%, 188%)  NA( NA , NA )
White and Asian 18 1,000 180% ( 107%, 2.83% ) 190% (1.11% ,323% ) 5 1072 047% (015%, 108%) NA( NA ., NA ) 2 906  022%(003% 080%) NA( NA , NA )
gﬁ;;ﬂ;":&fﬂ;‘m"e 16 970  1.65% (0.95%, 2.66% ) 1.08% ( 1.15%,339% ) 2 991  020% (0.02%, 0.73% ) NA( NA , NA ) 2 781  026%(0.03%,092%)  NA( NA , NA )
Other Arab 6 296 203% (075%, 436% )  NA( NA . NA ) 4 314  127% (0.35%, 323% )  NA( NA . NA ) 1 285 035% (0.01%, 194% )  NA( NA . NA )
Other ethnic group 23 930 247% ( 157%, 3.69% ) 3.02% ( 216%, 420% ) 2 916  022% ( 0.03%, 0.79% )  NA( MA , NA ) 2 899  0.22% ( 0.03%, 0.80%)  NA( NA , NA )
Prefer not to say 28 1430  1.06% ( 131%, 2.82% ) 255% ( 164%,396% ) 7 1,125 062% (025%, 128%)  NA( NA ., NA ) 1 899  0.11% ( 0.00%, 0.62%) NA( NA , NA )
NA 18 1755 1.03% ( 0.61%, 162% ) 0.00% { 0.57%, 170% ) 6 1640 036% ( 0.13%, 079%)  NA( NA , NA ) 4 1478 027% ( 0.07%, 069%)  NA( NA , NA )

* We present weighted prevalence if the number of positives in a category is 10 or more.
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Table 5.4 Odds ratios for rounds 5 to 10, and an average weighted inversely to variance for
detailed subgroups of ethnicity.

A. Rounds 5 to 8.

L Round 5§ Round 6 Round 7 Round 8
Warisble Category ) ' ) )
Mutually adjusted Mutuzlly adjusied Mutually adjusted Mutually adjustad
Gandar Mzle Ref Ref Ref Ref
Female 0.60 [0.78,1.03] 1.0 [0.81,1.11] 0,83 [0.33,1.04] 093 [0.86,1.01]
Age Group 512 0.81[0.59,1.10] 1.00 [0.78,1.25] 1.62 [1.20,2.03] 1.01 [0.84,1.22]
1317 1.04 [0.74,1.48] 1.44[1.13,1.85] 248 [1.833.18) 1.71[1.38,2.11]
18-24 2.25([1.70,2.08] 1.81 [1.52,2.40] 1.81[1.28.2.38] 1.73[1.42.2.11]
35-24 1.05 [0.79,1.38] 1.23[1.08,1.61] 1.13 [0.20,1.42] 1.18[1.01,1.41]
25-44 Ref Ref Ref Ref
45-54 1.03 [0.81,1.31] 1.13 [0.95,1.35] 1.07 [0.87.1.31] 1.08 [0.93,1.25]
55-54 0.68 [0.54,0.00] 1.08 [0.81,1.28] 0.83 [0L67,1.03] 1.02 [0.88,1.18]
g5+ 0.683 [0.48.0.52] 0.83 [0.68.1.00] 0.67 [0.54.0.85] 0.80 [0.57.0.94]
Region Morth East 3.44 [2.40,4.75] 217 [1.68,2.78] 1.28 [0.95,1.73] 0.68 [0.52,0.89]
Morth West 3.62 [2.07,5.00] 3.01 [2.55,3.55] 1.20 [0.85,1.47] 0.78 [0.66,0.81]
‘Yorkshira 2,48 [1.85,3.37] 2.80 [2.14,3.15] 1.38[1.10,1.74] 0.57 [0.45,0.71]
East Midlands 1.78 [1.25,2.35] 1.67 [1.40,2.00] 1.48 [1.23.1.77] 0.58 [0.58.0.79]
West Midlands. 1.62 [1.19,2.20] 1.82 [1.50,2.32] 1.42 [1.16,1.74] 0,85 [0.73,1.01]
East of England 1.22 [0.81,1.83] 0.84 [0.77.1.18] 0.75 [0.60,0.82] 1.03 [0.90,1.17]
Landan 1.45 [1.08,1.08] 1.12 [0.86,1.47] 1.07 [0.26,1.34] 1.43[1.24.1.64]
South East Ref Ref Ref Ref
South West 1.28[1.00,1.83] 114 [0.81,1.42] 0.82 [0.64,1.04] 0,50 [0.41,0.61]
ey Worker HCWICHW 1.02 [0.76,1.38] 1.16 [0.85,1.42] 1.66 [1.25.2.04] 1.48 [1.25.1.77]
Statuz Other essentialkey workers 1.04 [0.25,1.26] 116 [1.02,1.33] 118 [1.01,1.37] 1.35[1.22.1.52]
Other worker Ref Ref Ref Ref
Mot FT, FT, SE* 1.04 [0.25,1.25] .63 [0.82,1.06] 0.81 [0.78,1.07] 0,93 [0.82,1.04]
Unknown D.88 [0.63,1.51] 1.10 [0.82,1.48] 1.28 [1.05,1.84] 0.78 [0.57,1.02]
Dieprivation 1 - Most Deprived 1.10 [0.35,1.38] 1.25 [1.06,1.47] 1.70[1.41,2.08] 1.41[1.21.1.65]
Indesx Quintiie 5 0,88 [0.69.1.07] 1.08 [0.62.1.25] 1.34 [1.13.1.50] 1.30 [1.22.1.5]
2 0.80 [0.65,0.08] 1.04 [0.80,1.20] 1.17 [0.99,1.38] 1.14 [1.00,1.29]
4 0.81 [0.75,1.10] 1.02 [0.88,1.17] 1.08 [0.83,1.28] 1.13 [1.00,1.28]
5 - Least Deprived Ref Ref Ref Ref
Ethmicity EnglishiVelshScottish/Morthem Irish/British Ref Ref Ref Ref
rish 0.85[0.42.2.13] 1.25 [0.75,2.05) 0.49 [0.20,1.18] 1.41 083 2.04]
Gypsy or Insh Traveller LS A 256 [0.3618.71] MA
Cither white background 0.67 [0.67,1.38] 1.23 [0.88,1.53] 1.08 [0.32,1.38] 1.25 [1.05,1.49]
White and Black Carlbbesn 0.84 [0.16,2.58] 1.45 [0.75,2.82] 0.85 [0.35,2.07] 082 [0.38.1.74]
White and Black African MA 0.68 [0.17.2.76] 0.28 [0.04,2.07] 1.05 [0.43,2.55]
White and Asian 0.28 [0.10,1.58] 0.63 [0.458,1.81] 1.15 [0.63.2.11] 1.15 [0.72,1.84]
Other Mixed/Multiple ethnic background 1.60 [0.75,3.40] 0.85 [0.42.1.72] 0.72 [0.32,1.81] 1.01 [0.61,1.67]
ndian 1.63 [1.00,2.44] 1.07 [0.76,1.52] 1.52 [1.11,2.08] 1.35[1.06,1.74]
Pakistani 2.57 [1.52.4.35] 2.05[1.30,2.22] ZI20[1.40374] 1.58 [0.99.2.50]
Bangladeshi 5.59 [2.20.8.78] 1.77 [0.78,4.00] 432 [257.7.27T] 2.03 [1.80.4.82]
Chinese 0.78 [0.25,2.45] 0.58 [0.24.1.40] 0.49 [0.16,1.52] 0.70 [0.38.1.38]
Other Asian background 1.83 [1.10,3.38] 1.48 [0.83,2.34] 1.23[0.21,2.18] 1.81[1.34,2.45]
African 1.88 [1.13.3.48] 1.47 [0.80,2.40] 1.40 [0.84.2.33] 1.82 [1.28.2.65]
Caribbean 1.5 [0.43,4.28] 1.24 [0.80,3.02] 0,48 [0.12,1.94] 1.24 [0.70,2.22]
Cther Black/African/Caribbean background A A A 225 [0e8.5.12)]
Arab 2.30 [0.85,5.22] 0.83 [0.30,2.82] 1.60 [0.50,4.33] 1.18 [0.52,2.65]
Other ethnic group 0.88 [0.22.2.14] 1.67 [0.98,2.85) 1.67 [0.94.2.87] 1.51 (098 228
Frefer not to say 0.1 [0.37,2.18] 1.53 [0.94,2 48] 1.80 [1.07,3.01] 1.35[0.93.1.09)
Unknown 1.25 [0.54,2.87] 1.07 [0.61,1.85] 1.18 [0.63,2.20] 0,93 [0.58,1.48]

* HCW/CHW: health care worker/care home worker; Not FT, PT SE: not self-employed, full-time, part-
time, self-employed.
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B. Round 9 to 10 and across rounds 5 to 10.

Variable Category Round 2 Round 10 Rounds 5 to 10
Mutueally adjusted Mutually adjusted Mutually adjusted
Gendar Male Ref Ref Ref
Femala 0.85 [0.82,1.12] 0.88 [0.57,1.15] 0.25 (080, 0.88]
Age Group 5-12 1.38 [1.02,1.85] 1.48 [0.81,2.28] 1.18 [0.84, 1.45]
1217 1.12 [0.78,1.65] 0.78 [n40,1.57] 1.41 [1.04, 1.82]
18-24 1.40 [0.95,2.04] 1.08 [0.57,2.08] 1.8 [1.81. 2.01]
25-24 1.0 [0.74,1.38] 0.83 [n48,1.42] 1.18[1.06, 1.28]
35-44 Ref Ref Ref
45-54 1.11 [D.85,1.45) 0.83 [00.52,1.23] 1.08 [0.89, 1.17]
55-04 1.04 [0.78,1.25] 0.77 [0n48,1.22] 0.82 [0.8, 1.08]
G5+ 0.64 [0.45,0.87] 0.48 [n22,0.81] 0.71 [0.83, 0.81]
Region Morth East 1.88[1.232,272] 5.28 [2.67,10.48] 1.85[1.11, 2.41)
Morth West 1.80[1.23,2.09] 418 [2.38,7.24] 2.01 [1.18, 3.48]
Yorkshire 1.08 [0.78,1.55] 5.00 [2.75,0.08] 1.7 (084, 3.1]
East Midlands 1.44 [1.10,1.88] 3.27 [1.85,5.81] 1.5[1.02. 2.18]
West Midlands 1.11 [0.81,1.52) 3.41[1.86,6.23] 1.48[1.06, 2.08]
East of England 1.08 [0.33,1.45] 2.31[1.27.4.18] 1.05 [0.86, 1.3]
London 1.52 [1.14,2.02) 216 [1.14,4.10] 1.24[1.17, 1.52]
South East Ref Ref Ref
South West 0.85 [0.44,0.84) 1.88 [0.85,3.77] 0.92 (054, 1.34]
Kay Warker HCWICHW= 1.37 [1.02,1.84] 1.08 [0.66,1.81] 1.32[1.13, 1.54]
Status Other essentalkey workers 1.20 [0.28,1.47) 0.20 [0.62,1.28] 1.18 [1.07, 1.3]
Other worker Ref Ref Ref
Mot FT. PT, SE* 0.85 [0.77.1.18] 0.28 [0.52,1.28] 0.24 [0.88, 1]
Unknown 1.05 [0.67.1.64] 1.61 [0.78,3.28] 1.08 087, 1.33]
Dieprivation 1 - Most Deprived 1.87 [1.28,2.15] 1.44 [0.83,2.23] 1.41[1.22, 1.82]

Index Quintile

2 1.48 [1.17,1.85] 1.25 [0.91,2.02] 1.22[1.04, 1.44]

3 0.88 [0.77,1.24] 1.01 [0.67,1.50] 1.03 [0.82, 1.18]

4 1.08 [0.28,1.27] 0.96 [0155,1.43] 1.08 [0.88, 1.13]

5 - Least Deprived Ref Ref Ref
Ethnicity EnglishiWelshfSeottish/Northem Irish/British Ref Ref Ref

Irish 1.16 [0.52,2.81] 0.57 [0.08,4.12] 1.14 [0n86, 1.51]

Gypsy or Irish Traveller A 0.00 [0.00.Inf] 2.54 [0.35, 18.57]

Cither white background

White and Black Caribbean

White and Black African

White and Asian

Gther Mized/Multiple ethnic background
Indian

Pakistan

Bangladeshi

Chinese

Other Asian background

African

Caribbean

Other BlackiAfrican/Caribbean background
Arab

Other ethnic group

Prefer not to say

Unkrniown

2.01[1.54,2.64]
0.28 [0.08,2.81]
N,
1.08 [0.44,2 62]
0.48 [0.11.1.88]
2.02 [1.25,3.02]
2 85 [1.45.4 83
1.57 [0.50,4.96]
0.23 [0.05.2.34]
1.72 [0.94.3.16]
1.45 [0.79.2.70]
0.20 [0.05,2.78]
2.93[0.72.11.94]
2,80 [0.90.7.28]
0.52 [0.12,2.09]
1.54 [0.72,3.25]
1.08 [0.43,2.42]

1.20 [0.72,2.27]
2.08 [0.51,5.53]
1.76 [0.24,12.75]
1.30 [0.32,5.29]
1.51 [0.37,5.18]
1.13 [0.48,2.75]
1.21 [0.57 5.77]
2.57 [0.68,11.89]
0.34 [0.12,6.03]
1.44 [0.45.4 58]
1.54 [0.56.4.28]

NA

NA
1.58 [0.26.13.84]
1.46 [0.36,5.94]
068 [0.08,4.87]
2.10[0.77,5.68]

1.27 [1.02, 1.57]
1.02 [0.70, 1.52]
0.7 [0.45, 1.80]
1.05 [0.78, 1.41]
0.88 [0.72, 1.24]
1.44[1.22, 1.71]
212 [1.70, 2.64]
3.28 [2.24, 4.20]
0.63 [0.41, 0.85]
1.68 [1.36. 2.01]
1.68[1.38, 2.07]
112 [0.75. 1.66]
240 [1.18, 4.80]
1.62 [1.08, 2.47]
1.45[1.11, 1.9]
1.44[1.14, 1.82]
1.12 [0.57, 1.48]

* HCW/CHW: health care worker/care home worker; Not FT, PT SE: not self-employed,

time, self-employed.
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5.3.3 Household Size and Neighbourhood Deprivation

Participants in larger households consistently had higher rates of infection than in smaller
households. Prevalence increased monotonically with household size, and households with
six or more people consistently had the highest prevalence in rounds 5 through 10 (Table
5.1). These results were maintained when estimating odds ratios adjusted for age and sex,
where participants in households of 3 to 5 people and 6 or more people had overall
increased odds of 1.30 (1.18, 1.43) and 1.32 (1.21, 1.44), respectively, compared with
participants in households of size 1 or 2. This trend was accentuated by a model adjusted for
region, key worker status, ethnicity and deprivation in addition to age and sex, with odds

ratios of 1.92 (1.64, 2.24) and 1.80 (1.60, 2.03) respectively. (Figure 5.1B, Table 5.2).

In rounds 5 to 10, participants in the most deprived neighbourhoods consistently had a
higher risk of infection than those in the least deprived areas, with an overall increased odds
of 1.69 (1.51, 1.89) adjusted for age and sex. The deprivation difference remained after
adjusting for age, sex, region, broad categories of employment type, broad categories of
ethnicity, and household size, with people in the most deprived quintile having an increased

odds of 1.42 (1.23, 1.63) compared to the least deprived (Figure 5.3, Table 5.2).
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Figure 5.3 Forest plot of deprivation.

Odds ratios were calculated for rounds 5 to 10 and an average across rounds weighted inverse to
variance (rounds 5 to 10). The reference group is those living in the least deprived areas (Least
Deprived 5). Individual round odds ratios are mutually adjusted for sex, key worker status, broad
categories of ethnicity, household size and deprivation index.
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5.3.4 Occupation

Occupation was also a risk factor for swab-positivity. Across rounds 5 to 10, compared to
non-key workers, the odds of infections in health care and care home workers were 1.32
(1.13, 1.54) (Table 5.2). Among key workers, health care workers with direct patient contact
had increased odds of 1.18 (1.04, 1.33), while the odds for health care workers with no
patient contact was 0.77 (0.6, 0.99), compared with other essential/key workers (Table 5.5).
The odds of swab-positivity were increased among care home workers, both those with
direct contact with clients at 1.35 (1.01, 1.81) and those without contact with clients at 2.44

(1.57, 3.79) compared to other essential/key workers (Figure 5.4A, Table 5.5).

We also asked non-key workers about specific activities that they may or may not have had
to undertake related to their work. For example, compared to those not occupationally
exposed to the activity, participants whose work activity included: food retail or other shop
work had increased odds of 1.24 (1.11, 1.38); hospitality had odds of 1.27 (1.09, 1.47);
public transport had odds of 1.53 (1.08, 2.17); and participants working in education, school,
nursery or childcare had odds of 1.21 (1.11, 1.31) (Figure 5.4B, Table 5.5). The odds of
infections for participants who were not required to work outside their homes were lower at

0.73 (0.68, 0.79) compared with those who were required to work outside their homes.
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Work type

Other essential/key |
workers

Health care workers with |
direct patient contact

Health care workers with |
no patient contact

Care home workers with
direct contact with 5
clients

Care home workers without |

contact with clients

None of these 4

Don't know -

Reference

Round

® Round5

® Round 6
Round 7
Round 8
Round 9
Round 10
Rounds 5-10

* &

Delivering to homes - Yes

Food retail, other shop |
work - Yes

Hospitality - Yes 4

Personal care - Yes -

Policing, prisens, fire & |
rescue, coastguard - Yes

Public transport - Yes A

Education, school, nursery |
or childcare - Yes

Armed forces - Yes -

Another public facing role |
- Yes

Waork outside but not in
public facing role - Yes

Not currently required to |
work outside my home - Yes

T

il

\

Odds ratio
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Figure 5.4 Forest plot of occupations for rounds 5 to 10 and an average across rounds weighted
inverse to variance (rounds 5 to 10).

A. Reference group is other essential/key workers. Note that the bottom four categories are combined
in Figure 4B as HCW/CHW, and combined with full-time and part-time status in the variable named
‘key worker status’. B. Only people who did not work in health or social care (top four boxes, Figure
5.4A) were asked whether their work involved these activities or settings. Each work activity or setting
has a different reference group - those who answered that they did not work with that activity or in that
setting. For example, the reference group for those that answered that they delivered to homes was
the group who answered that they did not deliver to homes. Individual round odds ratios are mutually
adjusted for sex, age group, region, broad category of ethnicity, deprivation index and the specific
work activity or setting represented.
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Table 5.5 Odds ratios for rounds 5 to 10, and an average weighted inversely to variance for
detailed subgroups of occupations.

A. Rounds 5 to 8.

. Rouwnd & Round & Round 7 Rouwnd &
Yariable Categary . i .
Mutually adjusted My tually adusied Mulually adjusted Mutually adjusted
Gender Mitle Reeef Ref Ref Rief
Female 090 [0.74,1.03] 1.01 [0.891,1.11] .53 [0.62.1.04) 0.93 [0.86,1.01]
Age Graup 512 0UA1 [0.59,1.10] 1.00 [0.79,1.:285] 1.62 [1.28.2.03) 1.01 [0.B4,1.22)
13-17 1.04 [0.74,1.48] 1.44 [1.13,1.88] 248 [1.82.3.18] 1.71 [1.38,2.11]
1a-24 226 [1.70,2.59] 1.81 [1.52,2.40] 1.81 [1.3%.2.36] 173 [1.43,2.11]
25-14 1.08 [0.79,1.38] 1.33[1.08,1.81] 1.13 [0.69.1.43) 1.18[1.01,1.41]
35-44 Rl Ref Ref Ref
45-54 103 [0.E1,1.31] 1.13 [0.95,1.385] 1.07 [0.B7.1.317) 1.06 [0.83,1.25]
B5-64 0UED [0.54,0.00] 1.09 [0.91,1.:29] 0.B3 [0.67.1.03) 1.02 [0.84,1.18]
G5+ DUED [0.44,0.62] 0.63 [0.66,1.00] 0LET [0.54.0.88) 0.80 [0LET,0.54]
Regian North East 3.44 [2.49.4.75] 217 [1.69,2.76] 1.28 [0.85.1.73] 0.66 [0.52,0.849]
North West 192 [3.07,5.00] 3.01 [2.55,3.585] 1.20 [0.88.1.47) 0.76 [0.66,0.91]
Yarkshire 249 [1.85,3.37) 260 [2.14,3.18] 1.38 [1.10.1.74) 0.57 [0.45,0.71]
East Midlands 1.76 [1.35,2.35] 1.67 [1.40,2.00] 1.48 [1.22.1.77] 0.66 [0.54,0.79]
West Midkands 182 [1.19,2.20] 1.02 [1.58,2.32] 1.42 [1.16.1.74) 0.85 [0.73,1.01]
East af England 122 [0.81,1.63] 0.84 [0.77,1.16] 0.75 [0.60.0.92] 1.03 [0.80,1.17]
Landon 1.46 [1.04,1.08] 1.19 [0.96,1.47] 1.07 [0.B6.1.34) 1.43 [1.24,1.64]
South Easi Reeef Ref Ref Rief
South West 1.39 [1.00,1.53] 1.14 [0.91,1.42] 0.2 [0.64.1.04) 0.50 [0.41,0.61]
Ethinic group While Rl Ref Ref Rif
Asian 202 [1.57,2.62) 1.24 [0.98,1.585] 1.83 [1.31.2.03) 1.45 [1.23,1.72)
Black 165 [0.89,2.75] 1.27 [0.83,1.94] 1.05 [0.65.1.68) 167 [1.28,2.19]
M 0.7E [0.43,1.43] 0.57 [0.66,1.42] 0.84 [0.85.1.27] 0.99 [0.73,1.33]
Other 113 [0.53,2.40] 1.48 [0.91,2.40] 1.71 [1.04.2.83) 1.40 [0.86,2.04)
Unknoam 112 [0.63,1.59] 1.25 [0.87,1.80] 1.45 [0.87.2.16) 1.71 [0U82,1.48]
Deprivalion 1 - Mast Deprived 1.10 [0.84, 1.38] 1.25[1.06,1.47] 1.70[1.41.2.08) 1.41 [1.21,1.65]
Incdeex Quingle 5 0.8E [0.83,1.07] 1.08 [0.92,1.25] 1.34 [1.13,1.60] 1.30 [1.22,1.58]
3 0UA0 [0.65,0.59] 1.04 [0.90,7.:20] 1.17 [0.9%9.1.38] 1.14 [1.00,1.29]
1 0191 [0.75,1.10] 1.02 [0.89,1.17] 1.09 [0.82.1.28] 1.13 [1.00,1.28]
5 - Least Deprived Rl Red Ref Ref
Woark type 1 1. Health care workers with direct patient contact 126 [0.81,1.75] 0.88 [0.77,1.:24] 1.49 [1.17.1.88] 1.16 [0.85,1.41]
2. Health care workers with no palient canfact 074 [0.346,1.51] 0.6% [0.43,1.11) 1.03 [0.64.1.68) 0.42 [0.24,0.71]
3. Care hamie workers with direct congact with
clients 076 [0.29,2.10] 1.53 [0.93,2.50] 1.51 [0.B4.2.71) 2.02 [1.37,2.548]
4. Care home workers withoul contact with dients 1231 [0L18,9.47) 1.55 [0.49,4.90] 1.25 [0.31.5.06] 3.52 [1.74,6.95]
5. Other essentialkey workers Raf Ref Ref Raf
E. None of thase 037 [0.E1,1.17) 0.84 [0.74,0096] O.81 [0.70,0.94) 0.71 [0u84,0.748]
7. Don't knaw 097 [0.56,1.68] 1.16 [0.83,1.64] 1.25 [0.64.1.85] 0.6% [0.44,0.59]
Wark bype 2 1. Delivering i homes - No Raf Ref Red Raf
Durlivering ta homes - Yes 079 [0.37,1.66] 0.86 [0.52,1.41] 1.13 [0.68.1.55) 1.15 [0.810, 1.65]
2. Food retail, other shop wark - No Feef Red R Ref
Foad relail, other shap wark - Yes 115 [0.B4, 1.58] 1.28 [1.03,1.57) 1.20 [0.92.1.56) 1.30[1.04,1.58)
10, Haspitality - Ma Rl Ref Reef Ref
Hospilality - Yex 126 [0.84,1.65] 1.20 [0.90,1.60] 1.64 [1.18.2.24) 1.20 [0.82,1.58]
11. Parsanal care - No Raf Ref Red Raf
Parsanal cane - Yes 075 [0.34,1.69] 1.56 [1.01,2.38] 1.06 [0.58.1.94) 0.81 [0.50,1.30]
1. Palidng, prisons, fire & rescue, coastguard - No Ref Ref Ref Ref
Palicng, prisons, fire & resoue, coasigueard - Yes 0U84 [0.34,1.69] 0.24 [0.60,1.82] 202 [1.28.3.16) 1.86 [1.17,2.41]
4. Public ransport - Na Rl Ref Ref Ref
Public ransport - Yex 1.36 [0.74,2.60] 0.75[0.40,7.40] 1.33 [0.7TR.2.46] 2.17 [1.58,2.97)
5. Education, school, nursery ar childeare - No Reef Ref Red Ref
Education, school. nursery or childcare - Yes 117 [0.81,1.50] 1.22 [1.04,1.44] 1.714 [0.84.1.40] 1.20[1.04,1.29]
12. Childcare - No Rl Ref Ref Rif
Childcare - Yes MNA HA WA MA
B. Armed farces - Ho Rl Ref Ref Ref
Armed farces - Yes A HA 06T [0.09.4.580] 1.84 [0.76,4.448]
7. Another public facing role - No Ref Red Ref Raf
Another public facing role - Yes 097 [0.796,1.25] 1.18 [1.00,1.38] 1.16 [0.85.1.42) 1.21 [1.05,1.29]
B. Wark culside but net in public facing rale - Na Raf Ref Red Raf
Wark oulside but nat in public Tecing rale - Yes 112 [0.82,1.36] 1.04 [0.91,1.20] 1.01 [0.85.1.21] 1.12 [0.89,1.27]
8. hot currently required to wark oulside my home Ref Ref Ref Ref
Not currently required to wark oulside my home- ¥ 0083 [0.71,0.58] 0.7& [0.66,0088] 0.74 [0.65.0.84) 067 [0LE1,0.74]
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B. Rounds 9 to 10 and across rounds 5 to 10.

. Round & Round 10 Rounds 5io 10
Vanable Categary ) ) .
Mutualy adjusted Mutualy adjusted Mutually adjusted
Gender Male Ref Ref Ref
Female 0.86 [0.82,1.12] 0.BB [087,1.15] 0.95 [0.80, 0.69]
Age Graup 512 1.38 [1.02,1.88] 1.48 [0.91,2.349] 1.16 084, 1.45]
1317 1.12 J0.76,1.63] 0.79 [0.40,1.57] 1.41[1.04, 1.82]
18-24 1.40 [0.96,2.04] 1.0 [0.57,2.08] 1.80 [1.61, 2.01]
35-34 1.01 [0.74,1.38] 0.62 [0.48,1.42] 1.16 [1.06, 1.28]
1544 Rl Rel Ref
45-54 1.11 [0.85.1.45] 0.63 J0.52,1.33] 1.08 084, 1.17]
55-64 1.04 [J0.79,1.36] 0.77 [0.48,1.22) 0.92 080, 1.08]
g5+ 0.64 046, 0.87] 0.48 [0.29,0.81] 0.71 063, 0.81]
Regian Marih East 169 [1.32,2.72] 5.28 [2.67,10.48) 1495 [1.11, 3.41]
Marih West 1.60[1.23,2.09] 418 [2.38,7.04] 2.01 [1.16, 3.48]
Warkshire 1.0% J0.76,1.55] 5.00 [2.75,8.04] 1.70 j0u8d, 3.10)
Easl Midlands 1.44 [1.10,1.88] 3.27[1.85,6.81] 1.50[1.02, 2.19]
Wesl Midands 111 [0.81.1.53] 3.41 [1.86,6.23] 1.45 [1.06, 2.0%)
Easl ol England 1.0 J0U83,1.45] 231 127.4.19] 1.05 J0BE, 1.30]
London 1.62 [1.14,2.02] 246 [1.14,4.10] 1.34 [1.17, 1.53]
South Easi Rel Rel Rl
South West 0.65 [0.44,0.84] 1,66 [0.95,3.77] 0.92 064, 1.34]
Elhnic graup While Refl Refl Rl
Amizn 1.65[122,2.H)] 1.36 [0.77,2.37] 1.55[1.34, 1.78]
Bl 1.15 J067,1.84] 1.06 [0.39,2.53] 1,38 [1.14, 1.69]
Mixed 0.65[0.27,1.12) 1.56 [0.72,3.36] 092 [0.77, 1.11]
Other 0.B6 [0.36,2.10] 1.58 [0.50,5.02] 1.41[1.12,1.77]
Unkriown 1.27 [0.75,2.17] 1.43 [0.59,3.49] 1.23 [1.03, 1.48]
Dieprivatian 1 - Most Deprived 1.67[129,2.15) 1.44 [0.93,2.23] 1.41[1.22, 1.63]
Index Quintile 3 1.4B[1.17,1.86] 1.35[0.81,2.02] 122 [1.04, 1.44)
3 0.88 [0.77,1.24] 1.01 [067,1.50] 1.03 082, 1.18]
4 1.0% [0.88,1.37] 0.86 [0.65,1.43] 1.06 054, 1.13]
5 - Leaast Deprived Rl Rl Ref
‘Work type 1 1. Health care workers with direct patient conlscl 1.23 [0A7,1.73] 1.30 0.7 2,2.359] 118 [1.04, 1.33]
2. Health care workers with no patient contact 0.Bo[0.45,1.74] 0.62 [0.15,2.58] Q.77 [0uB0, 0.9
3. Care hame warkers with direct conlsct with
chents 0.81 [0.30,2.18] 1.24 [0.30,5.15] 1.35 [1.01, 1.81]
4. Care home workers withoul conlacl with clienls 3.04 096, 864] M, 244 [1.57, 3.74]
5. Other essantalkey workers Refl Refl Rl
. None af these 0.63 J0u89,1.00] 1.07 [0.76E,1.51] 0.84 077, 0.82]
7. Dion't knaw 0.6 [0.48,1.64] 1.73 [0.73,4.06] 1.15 084, 1.61]
Work fypa 2 1. Delivering o homes - Na Ral Ral Raf
Derlivering fa homes - Yes 0.72 [0.32,1.61] 1.64 J0.75,4.50] 1.04 083, 1.30]
2. Feod retail, other shap work - Ha Ral Ral Raf
Food relai, other shop work - Yes 1.13 J077,1.65] 1.08 J0_57,2.05] 1.24 [1.11, 1.38]
10. Haspitality - Mo Ref Ref Ref
Haospitalily - Yes 0.8 [0.47,1.78] 0.24 [003,1.71] 1.27 [1.09, 1.47]
11. Persanal care - Nao Ref Ref Ref
Persanal care - Yes 0.47 [0.12,1.87] 0.57 [0u08,4.09] 0.95 J0L64, 1.40]
3. Palidng, prisons, fire & rescue, corsigusrd - No Ral Ral Raf
Paolicing. prisons. fire & resoue, coasiguand - Yes 1.4 J0L77,2.80] 1.66 J0.53,6.22] 1.44 [1.09, 1.83]
4. Public tran=poet - No Rl Rl Rl
Public transport - Yes 214 [1.20,3.83] 1.54 [0.49.4.85] 1.53 [1.08, 2.17]
5. Education. school, nursery ar childcare - No Ref Ref Ref
Educalion, school, nursery or childcare - Yes 1.43[1.07,1.81] 1.10[0UEE, 1.83] 121 [1.11, 1.31]
12. Childcare - No Rl Rel Ref
Childcare - Yes 0.57 J0.14,2.29) 1.6 J0.42 6.8:3] 0.98 J0.34, 2.63]
. Armed farces - Na Refl Refl Rl
Armed forces - Yes 2.24 [0.55,8.07] M, 1.70 084, 3.43]
T. Anpther public facing malke - Mo Refl Refl Rl
Another public facing role - Yes 1.22 [0.93,1.54] 0.85 J0.57,1.57] 116 [1.07, 1.28]
B. Wark oulside bul not in public facing role - No Refl Refl Rl
Whark culside bul not in public facing role - Yes 1.48 [1.19,1.83] 1.30 [0.89,1.80] 1.13 [1.02, 1.28]
8. Mot currently required Io work outside my home - Ne Ral Ral Raf
Mat currently required to work outside my home- Yes 0.64 [0.54,0.76] 0.B& [DuE4,1.16] Q.73 [0uBa, 0.74]
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5.3.5 Sensitivity Analysis for Vaccination Status

As the rollout of the vaccination programme in England began on 8 December 2020
(England, 2020), we included vaccination-related questions in the questionnaire from round
8 (January 2021) and asked participants for consent to longer-term follow-up through linkage
to their NHS records. Due to the low number of people vaccinated in round 8, we only linked
to NHS vaccination records during rounds 9 and 10 with a match to 114, 747 (69%)

participants in round 9 and 98,983 (70%) participants in round 10.

We compared the results from two regression models fitted on linked participants: 1)
adjusted for sex, age, region, key worker status, ethnicity, household size and
neighbourhood deprivation, 2) adjusted for sex, age, region, key worker status, ethnicity,
household size, neighbourhood deprivation, and vaccination status. There were no marked
differences between these two sets of models (Table 5.6). For example, the odds of SARS-
CoV-2 infection remained higher among health care and care home workers at 1.87 (1.03,
3.38) after adjustment for vaccination status. As expected, we also found participants who
received one or two doses of vaccination had lower odds of infection than unvaccinated
participants, with odds ratios (ORs) of 0.63 (0.45, 0.86) and 0.61 (0.23, 1.59) respectively

(Elliott et al., 2021).
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Table 5.6 Odds ratios for rounds 9 and 10, and an average weighted inversely to variance for linked vaccination data.

Variable Category Round § Round 10 Rounds 910 10
Mutually adjusted Mutually adjusted Mutually adjusted Mutually adjusted Mutually adjusted Mutually adjusted
{linked data)™ (including vaccination status) {linked data)** (including vaccination status) (linked data) {including vaccination sfatus)
Sex Male Ref Ref Ref Ref Ref Ref
Female 1.09[0.91,1.32] 1.12[0.93,1.35] 0.86 [0.62,1.19] 0.86[0.62,1.19] 1.01 [0.8, 1.26] 1.02[0.78, 1.31]
Age Group 512 1.19[0.82,1.71] 0.94[0.64,1.37] 1.08 [0.60,1.98] 1.07 [0.58,1.96] 1.16[0.85, 1.58] 0.97[0.71, 1.34]
1317 1.04 [0.64,1.69] 0.87 [0.53,1.41] 0.78[0.34,1.79] 0.76 [0.33,1.77] 0.97 [0.64, 1.47] 0.84[0.55, 1.28]
13-24 117 [0.73,1.88] 1.08[0.67,1.73] 0.87[0.30,1.93] 0.86 [0.38,1.91] 1.08[0.72, 1.63] 1.02 [0.68, 1.53]
2534 1.07 [0.74,1.55] 1.03[0.71,1.49] 0.67[0.34,1.34] 0.67 [0.24,1.33] 0.93[0.61, 1.42] 0.92[0.63, 1.33]
35-44 Ref Refl Ref Ref Ref Ref
45-54 1.10[0.80,1.50] 1.24[0.91,1.70] 0.73[0.42,1.25] 0.74[0.43,1.28] 0.95[0.65, 1.4] 1.01[0.62, 1.66]
55-64 1.14[0.82,1.57] 1.50[1.06,2.12] 0.74[0.431.29] 0.79[0.43,1.46] 0.92 [0.65, 1.46] 1.15[0.62, 2.13]
65+ 0.59 [0.46,1.08] 1.27[0.79.2.05] 0.39[0.19,0.79] 0.38[0.17,0.86] 0.56[0.33, 0.96] 0.73[0.23, 2.37]
Region North East 1.91[1.22,2.98] 1.88[1.20,2.94] 4.49[1.90,10.60] 4.45[1.89,10.58] 269[1.18,6.13] 2,67 [1.16, 6.18]
North West 1.80[1.31,2.48] 1.82[132.251] 4.45[2 28 8.66] 443[227,862] 2.68[1.12, 6.5] 2.7[1.14, 6.41]
mmge and The 117 [0.75,1.81] 1.17 [0.76.1.80] 5.27 [2.61,10.66) 5.26 [2.60,10.64] 2.42[0.56, 10.54] 2.41[0.55, 10.53]
East Midlands 168([1.23,2.31] 1569[1.232.32) 3.07[1.54,6.11] 3.08[1.55,6.12] 2.1[1.19, 3.71] 2.1[1.19, 3.71]
West Midlands 1.20[0.82,1.75] 1.22[0.84,1.79] 2.851[1.37,5.00] 2.88[1.37,6.11] 1.75[0.75, 4.1] 1.77[0.77, 4.07]
East of England 1.19 [0.85,1.67] 1.20[0.86,1.68] 2.201[1.07,4.49] 2.19[1.07,4.48) 1.49[0.84, 2.64] 1.49[0.85, 2.62]
Londen 149[1.04,2.13] 152[1062.18) 277[1315.88] 2.76[130,5.85] 1.86[1.04, 3.33] 1.86[1.07, 3.25]
Soufih East Ref Ref Ref Ref Rei Ref
South West 0.82 [0.54,1.26] 0.82 [0.54.1.26] 2.10[0.85,4.62] 2.10[0.96.4.62] 1.24 [0.5, 3.07] 1.24 [0.5, 3.08]
Key Worker HCWICHW: 1.52[1.08,2.13] 2.39[1.62.3.53] 1.33[0.73,2.45] 1.28 [0.66,2.51] 1.47[1.08, 1.98] 1.87[1.03, 3.38]
S Other essentallkey 118 10.92,1.50] 1230.96.1.57) 1.0810.69,1.70] 1.08 [0.69,1.69] 115[0.93, 1.43) 1.1910.96, 1.48]
Other worker Ref Ref Ref Ref Ref Ref
Not FT, PT, SE* 084 [0.721.22] 1.01[0.77.1.32] 1.10[0.69,1.75] 1.11 [0.69,1.76] 0.98[0.78, 1.23] 1.03 [0.82, 1.3]
Unknown 1.30 [0.64,2.67] 1.33[0.65.2.73] 3.34[1.427.88] 3.34[1.42,7.88] 2.02[0.81, 5.08] 2.05[0.83, 5.02]
Ethnicity ‘White Ref Ref Ref Ref Ref Ref
Asian 18901.31,272] 1.91[1.32.2.76] 0.80[0.32,2.00] 0.80[0.32,2.00] 1.37[0.61, 3.08] 1.38 0.6, 3.13]
Black 0.62 [0.23,1.68] 0.60[0.22,1.62] 1.61[0.50,5.20] 1.62 [0.50,5.24] 0.95[0.38, 2.39] 0.93[0.35, 2.48]
Mixed 0.42[0.16,1.13] 0.42[0.15,1.12] 1.33[0.48,3.67] 1.33[0.49,3.67] 0.75[0.24, 2.31] 0.74[0.24, 2.32]
Other 0.91[0.29,2.85] 0.90[0.29.2.83] 0.87 [0.12,6.32] 0.87 [0.12,6.31) 0.810.23, 2.42] 0.89[0.33, 2.41]
Unknown 1.71[0.91,3.22] 1.71[0.91,3.21] 1.57 [0.50,4.96] 1.58 [0.50,4.97] 1,68 [0.95, 2.92] 1.68[0.96, 2.92]
Household Size 1-2 People Ref Ref Ref Ref Ref Ref
3-5 People 1.55(1.24,1.94] 1.52[1.22,1.91] 1.31(0.88,1.96] 1.31[0.88,1.95] 1.49[1.22, 1.81] 147[1.21,1.79]
6+ People 1.78[1.09,2.91] 1.76[1.07,2.88] 2.00[0.90,4.44] 2.01[0.90,4.45] 1.84[1.21,2.9] 1.82[1.2, 2.77]
Deprivation 1 - Most Deprived 1.95[1.45,2.63] 1.95[1.44.2.63] 0.9 [0.56,1.74] 0.98 [0.56,1.75] 1.45[0.75, 2.82] 1.45[0.75, 2.81]
Index Quintile 5 155 [1.17,2.04] 1.54[1.17,2.04] 1.00 [0.61,1.65] 1.00 [0.61,1.65] 1.31[0.87, 1.98] 1.31[0.87, 1.98]
3 0.85[0.63,1.15] 0.85[0.63,1.14] 0.93[0.59,1.48] 0.93[0.59,1.48] 0.87[0.68, 1.12] 0.87 [0.68, 1.12]
4 107 [0.82,1.39] 1.07[0.82,1.40] 0.89 [0.57,1.40] 0.89 [0.57,1.40] 1.02[0.81, 1.28] 1.02[0.81, 1.28]
5 - Least Deprived Ref Ref Ref Ref Ref Ref
Waccination
status Unvaccinated Ref Ref Ref Ref Ref Ref
Vaccinated - 1 dose MNA 0.57[0.44.0.73] MA 0.82[0.47,1.42] MNA 0.63[0.45, 0.88]
Vaccinated - 2 doses NA 0.38 [0.26.0.55] NA 1.01[0.59,1.74] NA 0.61[0.23, 1.59]

* HCW/CHW: health care worker/care home worker; Not FT, PT SE: not self-employed, full-time, part-time, self-employed.
**The sample size for linked vaccination data is smaller than REACT data used in previous regression analysis. The sample size for round 9 is 114,747, and
for round 10 is 98,983.
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5.4 Discussion

In this large community-based study of SARS-CoV-2 infection in England, we found during
the period September 2020 to March 2021 that minority ethnic subgroups, larger household
sizes, increasing neighbourhood deprivation, and key worker status were independently
associated with increased odds of testing positive for SARS-CoV-2. During that time, few
people were vaccinated, and the perceived risk of infection was high. Our results suggest
that substantial inequalities arose because of differential risk of infection rather than access

to testing and healthcare.

Ouir findings build on prior descriptions of antigenic exposure to SARS-CoV-2 in a similar
study in England during the period immediately prior to September 2020 (Ward et al., 2021).
which suggested that higher hospitalisation and deaths in ethnic minority subgroups were
because of their higher infection risk, not because they were intrinsically more vulnerable.
Therefore, the results presented here imply that health inequality driven by a higher risk of
infection persisted in England from September 2020 through to the following winter, during

which there was high excess mortality (Meslé et al., 2021).

Factors driving increased infection in ethnic minorities are not immediately obvious: for
example, one study of social mixing patterns during 2020 (Bridgen, Jewell & Read, 2022)
found reduced rates of mixing in some ethnic groups, rather than increased rates which
would provide a mechanism for increased rates of infection. However, this may have been
driven by response bias during a period when many people were at home with more time to
enrol in surveys compared with those going out to work (Koltai et al., 2022). In contrast, a
US study analysed mobility data as a proxy for mixing at the level of a county, using variation
in the ethnic diversity in each county to infer relative levels of mixing for different ethnic

groups (Hu et al., 2022). They found that African Americans had the lowest reduction in
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mobility and the highest rates of severe disease compared with white and Asian American

populations.

These results represent substantial evidence that variation in infection drives variation in
disease among ethnic groups. While, other studies have speculated that other factors
explain differences in patterns of disease, such as genetic susceptibility (Ishak et al., 2022;
D’Antonio et al., 2021; Beckman, Mougeot & Mougeot, 2021), treatment access, and
comorbidities (Wang et al., 2020a), such as obesity (Sattar, Mclnnes & McMurray, 2020),
diabetes (Apicella et al., 2020), and hypertension (Zhang et al., 2020), few studies are
representative or measure infection, making it difficult to identify the root causes of increased
disease accurately. Further studies are warranted to better characterise the contribution of
these different factors to health inequality during the current post-pandemic phase of SARS-

CoV-2 circulation.

Our study has limitations. First, we aimed to obtain representative samples for the population
of England. Although we were able to correct for variations in response and estimate
weighted prevalence for the population of England and specific subgroups, the number of
people taking part in some subgroups was relatively low; this resulted in higher uncertainty in
the estimates (with wider 95% confidence intervals). For example, we chose to present
weighted prevalence only if the number of positives in a category was 10 or more; among
people of ethnic minorities during some periods, the number of positives was too small to
obtain robust estimates for weighted prevalence using classic survey-weighting methods. As
a result, some important differences between subgroups were not fully captured. Although
other analytical approaches, such as Bayesian hierarchical regression, may be better able
to infer patterns where the sample size is small (Gelman & Carpenter, 2020), they would
also require additional assumptions about the relationship between hierarchies, which we felt

were not justified.
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Also, the effects of risk factors might vary over time, for example, due to changes in contact
or behavioural patterns among subgroups. Thus, students returning to universities from
home after the holiday will increase contacts while travelling and on arrival at university. In
addition, as the vaccine programme in England prioritised certain subgroups of the
population, they might have acquired sufficient immunity to reduce the risk of infections
(Sewell et al., 2020) in ways not captured by our sensitivity analyses. Although we
investigated odds ratios for risk factors by rounds, we did not investigate within-round

temporal trends in the relationship between risk factors and swab positivity.

Furthermore, response rates were lower for minority ethnic groups. In theory, this could have
biased these results. However, we would expect such bias to have decreased rates of
infection in these groups, rather than increased them, because people who take part in
surveys tend to have lower rates of exposure (National Institute for Health and Care
Excellence (NICE), 2020). Further, being present at home during lockdown periods made
participation in our study easier, and less likely to have been in contact with other people

(Geldsetzer, 2020; Kwok et al., 2020).

In conclusion, our findings show substantial differences in the risk of SARS-CoV-2 infections
among minority ethnic groups and other subgroups of the population in England during a
period when there was a substantial risk of disease and death from COVID-19. Planning for
future severe waves of respiratory pathogens should include policies to reduce inequalities
driven by ethnicity, household size, and occupational activity (Government Equalities Office,

Race Disparity Unit, 2021).
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Chapter 6 Forecasting Regional-level COVID-19
Hospitalisation in England as an Ordinal
Variable Using the Machine Learning Method

6.1 Introduction

The COVID-19 pandemic placed a considerable strain on hospitals at varying times and in
different locations between January 2020 and late 2021. By 31st December 2022, the World
Health Organization (WHO) has reported more than 600 million confirmed cases, including
6.6 million deaths (World Health Organization (WHQO), 2020). Given the significant variation
in disease incidence across both space and time, even within the same country, local public
health authorities often faced challenges in obtaining adequate insights to effectively
prioritise health services. This deficiency led to even greater disruption in healthcare delivery
than would have been otherwise anticipated. Having advanced and accurate knowledge of
higher disease incidence allowed for the postponement of elective care, whereas insight into
lower disease incidence facilitated a more expedited refocusing on the backlog of postponed
elective procedures. Heightened levels of uncertainty were especially pronounced during
the emergence of new COVID-19 variants, which were associated with increased

transmission rates and, at times, greater severity.

Specifically, in England and Wales, there were repeated rapid surges in SARS-CoV-2
infections, resulting in high demands for hospitalisations and medical resources for COVID-
19 patients. While vaccination efforts have significantly reduced the need for additional
interventions to prevent overwhelming hospitals, even as of December 2022, the persistently
high rates of infections and mortality have placed substantial pressure on the resources of
the National Health Service (NHS). Consequently, the need for frequently updated short-
term forecasting at the local level is evident, as it has the potential to markedly enhance the

efficiency with which limited healthcare capacity is employed (Sarker et al., 2021).
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Non-epidemiological time-varying factors may have collectively influenced the transmission
dynamics of SARS-CoV-2 (llin et al., 2021; Ganslmeier, Furceri & Ostry, 2021). Numerous
studies have detailed the association between COVID-19 cases and climate or
meteorological conditions (McClymont & Hu, 2021; Wu et al., 2020c). Multiple investigations
conducted in France have confirmed that the integration of weather factors into models can
enhance the model’s capability to reproduce observed patterns, encompassing the

progression of hospital admissions (d’Albis et al., 2021; Paireau et al., 2022).

Changes in human social behaviours swiftly impact the trajectory of an epidemic and the
influence of severe disease (Moran et al., 2016; Ainslie et al., 2020). Comprehensive
mobility data can be harnessed to illustrate shifts in customary commuting behaviours,
patterns of social interaction, and inter-regional transits. These changes in metrics have
shown correlations with infection rates and mortality (Klein et al., 2022). In this chapter, we
endeavour to expand upon these findings by incorporating weather conditions and mobility

patterns into a model designed to predict COVID-19 admissions at the regional level.

Our previous work (Chapter 3) involved the development of a machine learning short-term
forecasting technique which demonstrated success through retrospective evaluations in
predicting the incidence of influenza-like illness (ILI) as an ordinal variable (Wang, Kwok &
Riley, 2023). The method exhibited satisfactory performance in these retrospective
assessments. In this study, we expand upon our previous method by integrating local
weather conditions and mobility patterns to forecast short-term, weekly COVID-19
admissions for seven NHS regions of England. As such, we conduct a two-step evaluation of
this novel method: 1) We examine whether the inclusion of weather and mobility data
enhances the accuracy of 1-to-4-week forecast individually and collectively drawing from
previous admission patterns; 2) We explore whether the machine learning models can

consistently achieve high accuracy across various levels of application.
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6.2 Methods

6.2.1 Data
The dataset amalgamates information encompassing epidemiological aspects of COVID-19
(hospital admissions, cases, and deaths), human mobility patterns and weather data. All

data were sourced from publicly available outlets.

Epidemiological data were publicly available on the GOV.UK Coronavirus (COVID-19) in the
dashboard (UK Health Security Agency, 2020a). This source provided daily hospitalisation
data for NHS regions in England, capturing instances of positive COVID-19 tests within 14
days prior to hospitalisation, along with post-admission positive cases. However, for NHS
regions, daily cases and death statistics were unavailable. Instead, we extracted case and
death data for Lower Tier Local Authorities (LTLAs) and subsequently matched the data of
315 LTLAs in England with their respective NHS regions. This facilitated the aggregation of
NHS region-specific- case and death data. Daily death data recorded individuals who died
within 28 days of being confirmed COVID-19 cases, with the date reflecting the date of death
instead of the date of reporting. Hospital admission data became available on 19th March
2020 which postdates the availability of case and death data. To ensure temporal
consistency, the analysis encompassed epidemiological data spanning from 19th March

2020 to 31st December 2022.

Daily hospitalisation, cases and deaths were aggregated by ISO week. Subsequently, the
weekly numbers were adjusted relative to the regional population, scaled per 100000
people, thereby generating per capita hospitalisation, cases and death statistics. The
regional population were deduced from population estimates at the LTLA levels by the Office
for National Statistics (ONS) (Office for National Statistics, 2022). Per capita cases and
deaths remained as continuous variables while per capita hospitalisation was converted into

an ordinal variable using distinct methodologies described below.
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Per capita hospitalisation was converted into an ordinal variable with numerical levels
through two techniques: 1) n-tile, and 2) n-uniform interval, where n = 3, 5, and 10. The n-tile
method constitutes an unsupervised discretisation method that segments the value range
into a specified number of bins (i.e., 3, 5 and 10 in this context), aiming to maintain nearly
uniform instances within each bin This effectively translates numeric target values into
ordinal quantities by ensuring equivalent-frequency binning. On the other hand, the n-
uniform interval strategy divides the range of values into equidistant bins, each containing
varying observation quantities. For both methodologies, the higher the value of the level, the
higher the number of hospital admissions, with level 1 representing minimal hospitalisation

and level n indicating the highest level of hospitalisation.

Human mobility data was obtained from Google, which provides aggregated anonymised
information collected from its users of online platforms (Google, 2020). Google mobility data
reports the percentage of mobility changes in 7 different categories of location compared to
the baseline day to indicate the movement trends in response to the pandemic and lockdown
restrictions. The baseline day is defined as the median value from 3rd January to 6th
February 2020, and each category of location has its own baseline day. Google stopped

reporting new data on 15th October 2022.

Google provides mobility data in England at the sub-regional levels, which is not
straightforward for NHS regions. To analyse the data at NHS regions, we re-mapped the
sub-regions in Google mobility data to LTLA with the help of the lookup table posted on the
GitHub repository datasciencecampus / google-mobility-reports-data (Data Science Campus,
2020). By calculating the mean value of daily mobility data at the LTLA level belonging to
different NHS regions, we can derive the daily mobility data for NHS regions. Finally, we
obtained weekly mobility data at the NHS-regional level by taking the average of daily
mobility by ISO weeks.
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Weekly weather data including air temperature at 2 meters (m) and total precipitation were

obtained from the fifth-generation reanalysis (ERA5) provided by the European Centre for

Medium-Range Weather Forecasts (ECMWF) (Hersbach et al., 2020). Time-series data

were extracted by identifying the nearest grid point to the centre of each of the 315 LTLAs.

To obtain the weekly temperature and weekly total precipitation by NHS regions, the

average value across LTLAs in the corresponding NHS regions were calculated respectively.

The overall descriptions of data type and predictors were summarised in Table 6.1.

Table 6.1 Detailed descriptions of predictors.

Data type

Predictar

Description

Epidemiclogical data

Hospitalisation

COVID-19 Patients admitted to hospital

Cases New cases by specimen date
Deaths MNew deaths with COVID-19 on the death certificate by date registered
Weather data Temperature Temperature at 2 meters (*C)

Precipitation

Total precipitation (mm)

Wobility data

Grocery and pharmacy

Parks
Transit stations
Retail and recreation

Residential
Workplaces

Mobility trends for places such as grocery markets, food
warehouses, farmers markets, specialty food shops, drug stores,
and pharmacies, etc.

Ivobility trends for places such as local parks, national parks, public
beaches, marinas, dog parks, plazas, and public gardens etc.

Mobility trends for places such as public transport hubs such as
subway, bus, and train stations, etc.

IMobility trends for places such as restaurants, cafes, shopping
centers, theme parks, museums, libraries, and movie theaters, etc.

IMobility trends for residential places.
Ivlobility trends for places of work.

6.2.2 Primary Forecast Model

XGBoost is a standard classification algorithm for nominal classes, the ordinal information in

the class attributes may be discarded partly when applied to ordinal prediction problems,

while information can potentially enhance the predictability of the classifier. Therefore, we

used a simple method developed by (Frank & Hall, 2001) to enable the underlying learning

algorithm, standard XGBoost, in this work, to take advantage of the ordering information

contained in the hospital admission levels.
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To utilise the ordered class values, the essential step of this method is to transform a k-class
ordinal problem into a k-1 binary classification problem. This is achieved by converting an
ordinal attribute, denoted as A", with ordinal values V4, Vs, Vs, and so on up to Vi, into k-1
binary attributes. Specifically, for each of the first k-1 values of the original attribute, a binary
attribute is created. Each of these binary attributes represents the test A" > Vi, where i refers
to the corresponding value of the original attribute. By adopting this method, we can
effectively convert an ordinal regression problem into a binary classification problem, thereby
enabling the application of various binary classification algorithms to the original ordinal

problem.

The training process commences by generating novel datasets from the primary dataset,
where a distinct dataset is generated for each of the k-1 newly-formed binary class
attributes. We take k = 5 as an example here for illustration, i.e., hospital admissions are
divided into five levels, where the hospitalisation increases as the value of levels increases.
We then can convert it into 4 binary classification problems from the original dataset such
that

the binary target is 1 if levels > 1, so the classifier will predict Pr (Level > 1)

the binary target is 2 if levels > 2, so the classifier will predict Pr (Level > 2)

the binary target is 3 if levels > 3, so the classifier will predict Pr (Level > 3)

the binary target is 4 if levels > 4, so the classifier will predict Pr (Level > 4)

Subsequently, the XGBoost algorithm is applied to generate a model for each of the newly-
created binary datasets separately. In order to predict the class value of an unseen instance,
it is necessary to estimate the probabilities of the k original ordinal classes, utilising the (k -
1) models developed in the previous step. The estimation of probabilities for the first and last
ordinal class values is determined by a single classifier. The probability of the first ordinal
value (Level = 1) is computed as 1 - Pr (Level > 1). In the same manner, the probability of
the last ordinal value (Level = 5) is determined by calculating the probability of Pr (Level > 4).
For class values that fall within the range between 1 and 5, the probability is given by a pair
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of classifiers. For example, the probability of Pr (Level = 2) is given by Pr (Level > 1) - Pr

(Level > 2).

Generally, for any ordinal hospital admission level values Vi the probability can be estimated
as:
Pr (V1) = 1- Pr (Level > V1)
Pr (Vi) = Pr (Level > Vi.1) - Pr (Level > V), 1<i<k
Pr (W) = 1- Pr (Level > Vi.1)
During the prediction phase, the k-1 classifiers are involved to calculate probability of each of
the k ordinal class values for an unknown instance by employing the aforementioned

approach. The class value with the highest probability is assigned to the instance.

We applied the method described above to the standard XGBoost algorithm to construct a
new model that uses ordering information, referred to as the XGBoost ordered model in the
later section. The XGBoost ordered model is our primary forecast model and its performance
is evaluated in comparison with other baseline models. In addition, the standard XGBoost,
which treats each class attribute as a set of unordered values, was used and compared its
performance to the ordered XGBoost model. For clarity, in subsequent sections, we refer to

the standard XGBoost model as the XGBoost category model.

Comparison null model

Ordered logistic regression (OLR) was employed as a baseline model to serve as a
benchmark for evaluating the main model we explained above. The OLR model is an
extension of logistic regression, which assumes proportional odds where the effect of the
predictors is constant across all levels of the outcome variable (Parry, 2016). It provides a

simple but useful starting point for exploring the relationship between the predictors and the
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ordinal outcome. The predictors used in this model were limited to epidemiological predictors

only (prior one- and two-week hospitalisation levels and prior one-week cases and deaths).

In addition to the OLR model, the null model in which the prediction of the target week is the

same as the most recent available observation week, was used as a baseline model as well.

6.2.3 Combinations of Predictors

Hospital admission level is the ordinal outcome for each model. There are three types of
data incorporated as predictors in the models: 1) epidemiological data, including ordinal
hospitalisation levels, COVID-19 cases and deaths; 2) weather data, including temperature
and total precipitation; 3) community mobility trends data in different types of locations. We
only applied epidemiological data to the baseline models to provide baseline accuracy for
model evaluation. For the XGBoost ordered and category models, we adapted four different
combinations of predictors: 1) epidemiological data only; 2) epidemiological and weather
data; 3) epidemiological and mobility data and 4) epidemiological, weather and mobility data.
Detailed descriptions of data and predictors used for each model are summarised in Table

6.2.
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Table 6.2 Summary of predictors incorporated by each model.

Model Predictor

Baseline model 1 - Epidemiclogical data
MNull model

Baseline model 2 - Epidemiclogical data
OLR

XGBoost category Epidemiclogical data
model Epidemiological data + Weather conditon
Epidemiclogical data + Mobility data
Epidemiclogical data + Weather conditon + Mobility data
XGBoost ordered Epidemioclogical data
model Epidemiological data + Weather conditon

Epidemiological data + Mobility data
Epidemiological data + Weather conditon + Mobility data

6.2.4 Forecasting

The COVID-19 hospitalisation data can be well-described as a non-stationary time series,
with strong autocorrelation. Therefore, instead of randomly splitting data into training and
test set. We selected data from the period 9th March 2020 to 31st December 2021 as the
training set, and data from 1st January to 31st December 2022 as the test set. We also
adopted the extending window approach which has been described in the previous paper
(Wang, Kwok & Riley, 2023) to develop multiple-step-ahead forecasts. In brief, we added
one new observation to the fit period (training set) in each update of the forecasting. This

process of defining training and test sets was applied to all the models used in this work.

In terms of the hyperparameters for the standard XGBoost model and XGboost ordered

model, we applied the same values that have been tuned in Chapter 3 (Table 6.3) (Wang,

Kwok & Riley, 2023). The analysis was conducted in R version 4.1.3.

163


https://paperpile.com/c/xvG1TR/0Ox67
https://paperpile.com/c/xvG1TR/0Ox67
https://paperpile.com/c/xvG1TR/0Ox67

Table 6.3 Hyperparameter values used by the XGBoost models.

Hyperparameter

Value

maximum depth of a tree

(max_depth)

minimum sum of sample weight (hessian) needad in a lzaf node
(min_child_weight)

subsample ratio of the training set

(subsample)

subsample ratio of conlums used to construct each tree
(colsample_bytres)

minimum loss reduction

(gamma)

learning rate
(ata)

0.8

0.02

6.2.5 Evaluation

Models were evaluated according to macro-averaged mean absolute error (NMAE) and

accuracy. Macro-averaged mean absolute error (NMAE) refers to the average of the mean

absolute error (MAE) of each class. More detail is given in Chapters 2 and 3. Accuracy is

defined as the proportion of the number of weeks with correctly predicted hospitalisation

levels to the total number of weeks over the test period.
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6.3 Results

Key features of the COVID-19 pandemic in England such as the timing and height of peaks
in healthcare demand, can be seen in the raw hospitalisation data and in the n-tile ordinal
version of these data (Figure 6.1). During the period in which the Alpha variant was
dominant, hospitalisation reached a peak level across all the NHS regions in January 2021.
However, following the start of the third national lockdown and the rollout of vaccination
programs and public health measures, hospitalisation levels began to decrease in the spring
and summer. With the emergence of the Delta variants in the middle of 2021,
hospitalisations again began to rise during the autumn and early winter of 2021. Omicron
drove a further increase in late 2021 into the start of 2022 after which the hospitalisation

level exhibited a fluctuating downward trend.
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Figure 6.1 Epidemic curve of weekly hospitalisation by NHS regions in England from 19 March
2020 to 31 December 2022.

The left y-axis is the numerical number of weekly new hospital admissions (red line), while the right y-

axis is the ordinal weekly hospitalisation level defined by the n-tile method (blue line) and the uniform
method (yellow line), where the total number of level values is ten.
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Regional COVID-19 hospitalisation data from England provides additional statistical power
with which to illustrate how the n-tile ordinal version of these data differs from the uniform
ordinal version. The frequency distribution did not discriminate well for the ordinal levels
defined by the uniform method (Figure 6.2). For example, with three levels, 90.02% of levels
fall into level 1; with 5 levels, 94.81% of them fall into levels 1 and 2; with 10 levels, 88% of
the observations between 1 and 3 inclusive (Figure 6.2). Thus, the trend displayed by the
uniform ordinal levels appears to be smoother and exhibits less fluctuation compared to the
actual numerical trend (Figure 6.1, Figure 6.3). Therefore, we chose to use n-tile levels as
the primary outcome and concentrate on evaluating the predictive performance of models
using the ordinal outcome defined by the n-tile method. We return to the potential impact of

this choice in a later sensitivity analysis.
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Figure 6.2 Distribution of ordinal levels for weekly hospitalisations for NHS regions discretised
by the uniform method.

A. The distribution of hospital admission that discretised into three levels. B. The distribution of

hospital admission that discretised into five levels. C. The distribution of hospital admission that
discretised into ten levels.
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Figure 6.3 Epidemic curve of weekly hospitalisation by NHS regions in England from 19 March
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The left y-axis is the numerical number of weekly new hospital admissions (red line), while the right y-

axis is the ordinal weekly hospitalisation level defined by the n-tile method (blue line) and the uniform
method (yellow line). A. The number of levels equals three. B. The number of levels equals five.
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We initially assessed the performance of the model by only including epidemiological data,
which may be the only option for many populations for which similar data are available
during future similar periods. We can consistently generate more accurate forecasts by the
XGboost ordered model than baseline models for 1- to 4-week ahead predictions even
without incorporating additional potential features such as weather and mobility in the model

(Figure 6.4).
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We then added weather and mobility data into both the XGBoost ordered and category
models as predictors respectively, and evaluated model performance by macro-averaged
Mean Absolute Error (NMAE). The overall MMAE is the average value across seven NHS
regions. The use of XGBoost models with weather data and epidemiological data improved
the performance of forecasting models when compared to the baseline models (Null model
and OLR) (Figure 6.5). However, when XGBoost models with both weather and
epidemiological models were compared with XGBoost models with only epidemiological

data, there was no improvement in accuracy (Figure 6.6).
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In contrast, our findings suggest that the mobility data does improve forecast accuracy over
that which can be achieved with epidemiological data alone (Figure 6.5). Notably, the
XGBoost models that solely incorporates epidemiological data performed significantly worse
than those incorporating mobility data (Figure 6.7), indicating mobility data should be a key

consideration in forecasting models for COVID-19 hospitalisation levels.
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Figure 6.7 Performance of the XGBoost models incorporated with epidemiological and mobility
data, measured by macro-averaged Mean Absolute Error (nMAE) and accuracy.
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(1- to 4-week ahead). A. mMAEs of the XGBoost models trained with epidemiological and mobility
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We finally incorporated both mobility and weather data together in the models. Figure 6.8
illustrates the average mMAE for each of the four combinations of predictors of the XGBoost
models being compared over various prediction horizons (1- to 4-week ahead). For each
combination, mMMAE increases as the prediction horizon increases, highlighting the greater
challenge of making predictions further ahead in time. Nevertheless, within each prediction
horizon, the models that incorporate mobility data demonstrate better performance. We
observe even lower mMMAE for 3- and 4-week ahead prediction when we include both

weather and mobility as predictors.
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Figure 6.8 Performance of XGBoost models with different sets of features, measured by macro-
averaged Mean Absolute Error (nMAE) and accuracy.

The overall MMAE was averaged over 7 NHS regions for each prediction horizon (1- to 4-week
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We also investigated the relative merits of different numbers of ordinal levels and Table 6.3
summarises the results for the 3-, 5-, and 10-bin levels for n-tile bins. It is evident that the
XGBoost ordered model outperforms the baseline models in terms of accuracy for both 3
and 5 bins based on the n-tile method, although it is interesting to see that the XGBoost
ordered model does not always perform remarkably better. For 10 bins, we find greater
differences in accuracy (Table 6.4, Figure 6.8), in particular when compared to the XGBoost
category model under the n-tile method. The difference in performance between the
XGBoost ordered model and the baseline models becomes more significant, and the
XGBoost ordered model outperforms the XGBoost category model on all four combinations
of predictors over all prediction horizons. The performance of the XGBoost ordered model
across each NHS region also shows the same patterns of accuracy (Figure 6.9). This
marked improvement indicates that the contribution of ordering information becomes more

pronounced as the number of classes increases.

Table 6.4 Predictive performance of models when the ordinal level of hospital admissions is
defined by the n-tile method.

The predictive performance was evaluated for models incorporated with epidemiological, weather
conditions, and mobility predictors.

n-week ahead Bins =3 Bins=5 Bins = 10

) mMAE Accuracy (%) mMAE Accuracy (%) mMAE Accuracy (%)

Null model 0.294 76.92% 0.290 56.48% 0.604 39.29%

1-week ahead OLR 0.302 73.47% 0.317 60.88% 0.498 44.56%

XGBoost category 0.298 72.80% 0.305 64.56% 0.605 37.91%

XGBoost ordered 0.293 71.43% 0.279 67.03% 0.494 45.60%

Null model 0.536 56.59% 0.540 43.41% 1.088 23.35%

5 K ahead OLR 0.503 55.78% 0.424 47 28% 0.980 24.49%
-week ahea

XGBoost category 0.315 65.38% 0.376 58.79% 0.81 31.87%

XGBoost ordered 0.300 65.93% 0.340 61.26% 0.668 35.44%

Null model 0.717 42.03% 0.793 2857% 1593 13.46%

3-week ahead OLR 0.540 54.08% 0.624 38.78% 1.366 18.37%

) XGBoost category 0.349 61.81% 0473 55.77% 0.971 29.40%

XGBoost ordered 0.346 64.56% 0.388 60.44% 0.832 28.85%

Null model 0.888 35.44% 1.011 19.51% 1.974 9.62%

4 K ahead OLR 0.663 47.62% 0.891 28.23% 1874 10.88%
-week ahea

XGBoost category 0.483 57.97% 0.470 50.82% 1.024 25.27%

XGBoost ordered 0427 59.62% 0.475 50.55% 1002 26.37%
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Figure 6.9 Comparison of model performance by NHS regions for XGBoost models and baseline
models trained with different combinations of predictors when the prediction horizon is 4 week-
ahead for the test period 2022.

The levels are defined by the n-tile method. A. macro-averaged Mean Absolute Error (MMAE) of
forecasts for hospitalisation levels. B. Accuracy of forecasts for hospitalisation levels.
*Epidemiological
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To assess the contribution of predictors, “the Gain”, or the relative contribution of the
corresponding feature to the model, is used to assess the importance of predictors included
in the XGBoost ordered model. The five most important predictors are hospitalisation levels
from previous weeks, the number of COVID-19 cases, temperature, mobility changes in

retail and recreation places, and the number of deaths with COVID-19 (Figure 6.10). These
key predictors confirm the importance of epidemiological data and further improvement of
model accuracy with the help of weather and mobility data. Lower importance is observed for

total precipitation and other types of mobility trends.
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Figure 6.10 The relative importance (Gain) of predictors used by the XGBoost ordered model.

181



Our findings are confirmed when we compare results for individual regions (Figure 6.11).
The hospitalisation levels are defined by the n-quantile method, and they are predicted 1- to
4-week ahead for the entire test period. The prediction errors (mMMAEs) for models that add
mobility, and mobility and weather are less compared to those with epidemiological or
weather alone for all regions. As the class value increases, the magnitude of the difference
in prediction errors becomes more pronounced. For example, in the East of England, when
the class number is 10, the mMMAE of the 2-week ahead forecast only uses epidemiological
data is about two times that of the 4-week ahead forecast that includes both weather and
mobility data; when the prediction horizon increases to 4-week ahead, the difference of

MMAE increase to three times.
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Figure 6.11 Comparison of NHS-region-specific performance for the XGBoost ordered model.

The XGBoost ordered model was trained with 1) epidemiological features (beige line); 2)
epidemiological and weather features (pink line); 3) epidemiological and mobility features (brown line);
and 4) epidemiological, weather and mobility features (yellow line). The prediction horizon is from 1 to
4 week-ahead for the test period 2022. The number of total levels orders the rows from 3 (top) to 10

(bottom) levels, and levels are defined by the n-tile method. Each column represents one NHS region.
A. macro-averaged Mean Absolute Error (nMAE) of forecasts for hospitalisation levels. B. Accuracy

of forecasts for hospitalisation levels.
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*Epidemiological

In Figure 6.12, we compared the predicted values from the XGBoost ordered models with
the time series trace of the actual hospitalisation values. For all NHS regions, all four
combinations of predictors are successful in depicting the general trend of hospitalisation
and identifying the peak admission levels for 1- and 2-week forecasts, with the models that
include mobility data only and include both mobility and weather data being the most
accurate; however, the model with only epidemiological data shows obvious deviations from
the actual levels for 3- and 4-week ahead forecast, mainly reflected in the lag in the
predicted peaks. The models with mobility data and with both mobility and weather data do
not fully capture the fluctuations that happened at the beginning of 2020 for 3- and 4-week
ahead forecasts, but their predictions up to 4-week ahead are still the closest to the actual

observed peak.

184



A, 1-week ahead 2-week ahead 3-week ahead d-week ahead

pugbul jo jse3

10 10 10 ‘v 10
9 G-y LR ek
T 8 ER:S R JE 8
2 4 T Z 4 L -
5 ] g g
‘E 6 ﬁ G E G E L33
3 $0 £ £
2 2 24 = 4 = 4
:ga:“" gais- ?3:2‘;’“5' Ea £ae
ol 2 qu +\|a{eamar s o Epl +K‘vaalhar PR Epl \h"iueamar e Ep.:\ﬁdeameu
=~ Ep*r = Epiil = Epi*! = Epi*r
1 Ep* *Mobn\lhr'Weaha 1" Epi® *MObIIIW‘W&Bﬂ\H P Epi* MOde“Y“WeB‘hBI i Epi* *Mobtitv*Wethel
& & & o i

g & ¥ & &

9 g9
N 3 g ® 3
2 7 2 @ 7 L.
c <
26 £ E £
2 2 & &
S = S :
[ 3 a4 a
g g g4 2
. Agual T E = T
- Ep© +Weamcr - Epl +Wcamer
2| = Epreiabiity 2 = Epi+Mobility
- Epr fMabmmWeamgg - Epl chbllmrrWeahel
1 1
s & i 5 &

Hospitalisation level
Hospitalisafion level
Haospitalisation \.eve\
Hospitalisation level

= Actual
- Epi®
= Epim+\Weather

- Ep+Mobili
= EptiobilityrWeather
> o ® 5 5 : 5 y e 8 o > o
Bl b " &l bl " e i = ! = ~ & = b
¥ i g I id i i d &
B $ b & b @ & & F
10
9 S 9-
@ 8 s 8 s 8 @
E 7 i 7 - ; 7- ﬁ ¥
c c = =
26 2 & 2 6 £ &
2 g, g5 i
2 2 £ £
gz 2 < &4 & 4
g - N:tual E % :|:0 -
3 3 < Epr 3 3~ Ear
- E +\Waather = Epi+Weather « Epi* fWeathzl
21 = Ep< oty 2. = Epridatility 2- = Eptii 2 + Epitth
1 = Epi*+Mobilily=Weather i = Epi*+Mability-\Weather 1 = Epi® +Mub<l|tv"Weaihev 1 =~ Egi" +N|Utnitv*WEaih r
~ > & 2 ~ & % o~ o =Y 5 » & & o
B 2 & ﬂ i b o o N o o N o o 2 o > o
¥ L b P = 4 L L % i & & b P
Week Week Week Week

185

SpuE|pIY uopuo

SUIUSHIOA PUR JSE] YUON



B. 1-week ahead

2-week ahead

3-wesk ahead

4-wesk ahead

10 0 10
9 LS 9
8 8 3
L L2 HE g7
= = = =
26 2 6 2 6 2 6
o [ w i
'] o W 1]
35 5 5 5
g4 g4 z 4 g 4
x I T T
3 I gl 3 3 1 En 3 T Em
= Ep*+ifeatoe: - Ip = Cpr+imsther
21 = EpreMabiity 2 2o = Epi+Mobility 2. = Epi™+NMobility
=~ Epir+Mabilitysvveslner =~ Epi*+Mobrlity+Wealher ~ Epi*+lobility+Weather
1 1- 1- 1
& > © & P :
v v v v o g
B » 5 B o
Week
10
9
all
3 3 T
57 B B
= = =
2 6 2 p=4
2 Z g
z5 5 s
2 H £
3 = Adual
- EB:‘-leaaumr
2| = Epr+idability
= Epr+Mability svveater
1
N 1y =3 =3 s
o ~ @ = jal
e v
& Y Pild & Py qu:L q’gﬂ‘
Week
10
g |
3 1
T 3 T =
g7 g H £
- © c ©
2 6 2 2 o
2 . 2 2 &
Z Z £ &
[~ [~ (=9 o
34 2 ] o
I I I e
= Actual
3 el
= Ep"+Weather
2 - EE'-rMocDailily
= Eprridobility oWestier
1
Ry = i o e i
a¥ v i i¥ a¥ g i o
+ b o L P P &

1530 RIOR

1583 Wynos

1S3p Winos



Figure 6.12 Comparison of actual and predicted hospitalisation levels by NHS regions.

The predicted hospitalisation levels are predicted by the XGBoost ordered model with 10 levels
defined by the n-tile method, and the time ranges from week 1 to week 52 in 2022. Each row
represents one NHS region. Columns are prediction horizons ordered from 1- (left) to 4-week (right)
ahead. A. East of England, London, Midlands and North East and Yorkshire; B. North West, South
East and South West.

Finally, as a sensitivity analysis, we return to the possibility of using the uniform levels rather
than n-tile levels in these analyses. Because of the skewed frequency distribution with
uniform levels (Figure 6.2), absolute accuracy is not a useful way to compare the scales: we
would expect the mMAE to be lower or the accuracy to be higher for uniform than than the n-
tile method because far more observations are in the same level. Therefore, in order to gain
some insights into the merits of using the n-tile versus uniform method, we compared how
the accuracy changed with different model choices and different combinations of predictors
under the two scales: n-tile and uniform method. We observed that with the same number of
bins, compared to the baseline models, MMAE and accuracy of XGBoost models changed
little, even including additional predictors (Table 6.5, Figure 6.13). On the contrary, the n-tile
methods demonstrated improvement in both mMMAE and accuracy when using the XGBoost
ordered model and incorporating additional weather conditions and mobility predictors (Table

6.4, Figure 6.13).
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Table 6.5 Predictive performance of models when the ordinal level of hospital admissions is
defined by the uniform method.

The predictive performance was evaluated for models incorporated with epidemiological, weather
conditions, and mobility predictors.

K ahead Bins =3 Bins=5 Bins = 10

frweek anea miVAE Accuracy (%) miAE Accuracy (%) miAE Accuracy (%)

Null medel 0.068 95.05% 0.100 84.62% 0.187 65.93%

1 K ahead OLR 0.169 89.12% 0.167 75.85% 0.309 56.12%
-week ahea

XGBoost category 0.077 94.23% 0.146 T7.75% 0.224 63.74%

XGBoost ordered 0.078 93.96% 0.133 79.40% 0.206 65.38%

Null medel 0.147 89.84% 0.203 70.05% 0.373 38.74%

2-week ahead OLR 0.220 81.63% 0.261 65.65% 0.504 35.71%

) XGBoost category 0.170 89.84% 0.205 75.55% 0.270 51.92%

XGBoost ordered 0.239 88.19% 0.182 73.63% 0.283 53.85%

Null model 0.274 84.34% 0.289 57.69% 0.523 23.63%

3 x ahead OLR 0.308 74.83% 0.348 58.16% 0.738 32.65%
-week ahea

XGBoost category 0.172 87.36% 0.209 74.18% 0.460 50.55%

XGBoost ordered 0.186 85.71% 0.216 73.08% 0.367 52.47%

Null medel 0.303 74.15% 0.344 49.73% 0.630 17.86%

dweek ahead OLR 0.278 82.14% 0.405 54.08% 0.823 27.55%

) XGBoost category 0.211 88.19% 0.251 71.15% 0.452 47.53%

XGBoost ordered 0.211 88.19% 0239 70.33% 0.412 47.80%
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Figure 6.13 Comparison of changes in evaluation metrics when using the n-tile method versus
the uniform method.

The left panel is the uniform method while the right panel is the n-tile method. Each row represents
the number of bins from 3 to 10. A. The comparison of changes in macro-averaged Mean Absolute

Error (NMAE). B. The comparison of changes in accuracy.
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6.4 Discussion

In this chapter, we aim to incorporate different data sources to improve the forecasting
accuracy of the regional hospitalisation level in England as an ordinal outcome. The ability of
different bin partitioning methods to exploit ordering information is assessed and the n-tile
method shows better insights than the uniform method. Across seven NHS regions, we
evaluate the performance of short-term forecasts based on: 1) predictions that solely relied
on epidemiological data - previous hospitalisations, cases, and deaths; 2) predictions that
separately incorporated mobility data and weather as additional predictors; and 3)
predictions that involved both mobility and weather as additional predictors. The XGboost
ordered model based on epidemiological data achieves higher accuracy than baseline
models, which can benefit countries that only have constant access to epidemiological data
rather than other data sources. Additionally, we demonstrate that the inclusion of aggregated
mobility data in the predictions leads to a further enhancement in the overall prediction
accuracy even up to 4-weeks ahead compared to epidemiological data only, while weather

conditions show little improvements in accuracy.

A key insight from our study is that mobility data emerged as a stronger predictor of COVID-
19 transmission compared to weather conditions. Our results align with prior research that
has highlighted the critical role of mobility as a key predictor of COVID-19 transmission
dynamics (Badr et al., 2020; Kraemer et al., 2020; Klein et al., 2023). Several other studies
have also explored the association between mobility and COVID-19 transmission, but with
variable conclusions. For instance, a study conducted by (Xiong et al., 2020) found mobility
to be a significant predictor of COVID-19 cases in certain regions, while it had a limited
impact on others. (Salje et al., 2020) demonstrated a strong correlation between mobility and
COVID-19 transmission across various geographical areas. The disparity in findings among
studies could be attributed to variations in study design, geographical contexts, and specific

modelling approaches employed. Differences in data collection methods and time periods
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considered in each study may also contribute to the observed discrepancies. In our analysis,
we believe that the extensive and diverse dataset used, encompassing various mobility
patterns and weather conditions, allowed us to discern mobility as the primary predictor.
Additionally, the consideration of local factors and spatiotemporal variations in mobility

patterns might have contributed to our more accurate predictions.

Change in mobility data likely reflects more general changes in contact behaviour occurring
within a population in response to COVID-19, when weather factors may have an interactive
effect on these changes that may contribute to the spread of COVID-19 and lead to the
increase in hospitalisation. For example, during mild weather conditions, people are more
inclined to spend time outdoors in parks and engage in socialising activities that involve
close contact with others without adhering to appropriate safety measures such as wearing

masks and maintaining physical distancing.

Our study is subject to certain limitations. First, with respect to its generalisability, the
robustness of our model forecasts largely relies on the accessibility and representativeness
of mobility data. However, it is important to note that Google stopped updating their mobility
data from 15 October 2022 onwards, therefore our results may be less generalisable going
forwards because fewer mobility datasets are available. Moreover, in resource-constrained
settings with limited smartphone usage, the aggregated mobility data may not fully
characterise the movement patterns of the entire population. Our results provide additional
motivation for the collection and curation of mobility data, which likely has numerous other
health applications. For these reasons, we also described here the performance of the

XGBoost model of ordinal data using only intrinsic variables in the time series.

We were not able to obtain sufficiently accurate datasets with which to consider the

application of non-pharmaceutical interventions (NPIs) and vaccination at the regional level
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as additional features in our predictive model. Specifically, the lack of suitable weekly
vaccination data by NHS regions hindered our assessment of the potential impact of
vaccination coverage rate on the accuracy of our predictions. Furthermore, we did not
incorporate the effectiveness of NPIs and behavioural patterns, such as intentions of
wearing face masks and following social distancing, as predictors in our model. However, it
is well-established that vaccination and non-pharmaceutical interventions have played
crucial roles in mitigating the spread of COVID-19 and reducing infection and hospitalisation
rates in various regions (Davies et al., 2020; Walker et al., 2020). The rollout of vaccination
campaigns and the implementation of NPIs, including lockdowns, travel restrictions, and
mask mandates, have demonstrated their efficacy in curbing transmission and minimizing
the burden on healthcare systems (Wilder-Smith & Freedman, 2020; Lurie et al., 2020). We
suggest that the framework we have proposed here could be used with such data to assess

the likely value of those data for predicting key patterns of hospitalisation.

In conclusion, our findings demonstrate that incorporating weather and mobility data to
explore the ordering information of ordinal hospitalisation levels can improve the precision of
hospital admission level predictions with a 4-week ahead time horizon. This provides

policymakers with extra precious time to plan for hospital resource arrangements.
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Chapter 7 Discussion

The main motivation of my PhD was to investigate the transmission of influenza epidemics
and the COVID-19 pandemic and develop a forecasting framework based on a machine
learning algorithm that can be applied to epidemiological data and incorporated with external

information flexibly to predict epidemics accurately.

7.1 Summary of Findings

An overview of the general epidemiology of influenza and SARS-CoV-2 was given from
multiple perspectives in Chapter 1. Biological background including gene structures, viral
replication and immune responses were described and compared for the influenza virus and
the SARS-CoV-2 virus, and surveillance systems and diagnostics methods commonly used
for them were also discussed. Additionally, epidemiological characteristics such as mortality
and morbidity, and disease burdens were described. Chapter 2 mainly focused on infectious
disease forecasting. Key concepts involved in infectious disease forecasting and evaluation
metrics were introduced. This chapter also reviewed different categories of mathematical,
machine learning and deep learning models and their applications in predicting influenza

and COVID-19 related outcomes.

In Chapter 3, a machine learning forecasting framework was initiated based on the XGBoost
algorithm, to predict the forecast target ordinal influenza-like iliness (ILI) incidence level. This
framework was applied to surveillance data of 32 countries between 2010 and 2018, and the
predictive performance was compared to baseline models, measured by mean-zero error
(MZE) and macro-averaged mean absolute error (MMAE). The proposed forecasting
framework maintained higher accuracy than baseline models for all prediction horizons from

1 to 4-week ahead. Compared to the baseline model, the proposed XGBoost forecasting
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model reduced mMAE by 78% for 1-week ahead predictions and by 62% for 4-week ahead

predictions.

In Chapter 4, the investigation focused on the prevalence and transmission trends of SARS-
CoV-2 between September 2020 and March 2021, using data on swab-positivity from self-
administered throat and nose swabs tested by reverse transcriptase polymerase chain
reaction (rt- PCR) in the REal-time Assessment of Community Transmission-1 (REACT-1)
study. Prevalence by age group and geographical regions in England and the interaction
effects on prevalence patterns between regions and age groups were estimated. Swab-
positivity increased after the fall of 2020, reaching a peak in January at 1.57% (1.49%,
1.66%). School-age children (5 - 17 years) and young adults (18 - 24 years) were over-
represented among those testing positive, and regional prevalence showed substantial
heterogeneity. Interactions between regions and age groups were observed, where the
variations in regional prevalence were reflected in the prevalence distributions among age

groups within each region.

Chapter 5 extended the scope to assess risk factors influencing SARS-CoV-2 positivity
through multivariable logistic regression models. Health inequalities of risk of being positive
for SARS-CoV-2 were observed among subgroups of the population in England during the
second wave when the risk of hospitalisations and death from infection was substantial.
Clear health inequalities with higher risks of infection among Asian and Black ethnic groups
compared to white ethnicity were observed, underlining the disproportionate impact of the
pandemic on these communities. Furthermore, Bangladeshi and Pakistan participants
showed the highest and the second highest risk of swab positivity respectively when
compared to British white individuals. The analysis also identified occupational risks, with
healthcare and care home workers facing significantly higher odds of infection. In addition,
the elevated risk for individuals engaged in public-facing activities or settings highlights the
importance of mitigating strategies in public settings.
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In Chapter 6, the initial forecasting framework developed in Chapter 3 was further extended
to predict regional COVID-19 hospitalisation levels in England for the period from 1 January
to 31 December 2022, treating the number of hospital admissions in each region as an
ordinal variable. A simple approach (Frank & Hall, 2001) was applied to enable the
framework to exploit the ordering information contained in level attributes. In addition to the
epidemiological data including the weekly number of COVID-19 cases, hospital admissions
and COVID-19 related deaths, mobility data for multiple categories of locations and weather
conditions data were incorporated into the forecasting framework. As expected, the results
showed that the forecasting accuracy was improved when ordered information was used
compared to baseline models without that information. The inclusion of weather data
consistently increases the accuracy of our forecasts compared with models that rely only on
intrinsic epidemiological data, but only by a small amount. Mobility data brought about a

more substantial increase in the accuracy of our forecasts.

7.2 Limitations of the Research and Future Directions

The research presented in this thesis has limitations. First of all, data availability and quality
are major concerns, which will limit the predictivity and accuracy of the forecasting model.
For example, population mobility data used in Chapter 6 stopped updating on 15th October
2022, leading to partly missingness in training data which may reduce the predictivity of the
model. The flulD platform (World Health Organization, n.d.) allows countries or regions to
submit surveillance data on influenza by themselves, therefore the quality and coverage of
data vary across countries. Countries or regions located in tropical or sub-tropical regions
with less advanced economic status are less likely to provide sufficient data that is eligible to
be used by the forecasting framework, which impedes our understanding of transmission in
these countries, leading to poor predictions in the end. In Chapter 3, the data was reported

at the national level. Although the aggregated data offers the benefit of presenting a
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comprehensive overview of a country or a part, it may inadvertently overlook heterogeneities

across subregions and demographic subgroups of the population.

In the analyses presented in Chapters 4 and 5, the utilisation of a round-based approach,
while methodologically sound within the design constraints of the REACT-1 study, may have
constrained the robustness of evidence generated in response to specific scientific
questions. A notable example is assessing the extent of children's role in COVID-19
transmission. Currently, the study's methodology involves estimating all parameters
separately for each round, which, while providing round-specific insights, might limit the
capacity to draw more generalized conclusions across different stages of the pandemic. An
alternative approach could have involved the construction of a model that estimated a single,
cohesive parameter for key effects, utilising data from multiple rounds. This could be
achieved, for instance, through the implementation of a Bayesian hierarchical model
employing both fixed and random effects. Such a model would potentially allow for a more
integrated analysis, capturing the nuances of transmission dynamics over time, and offering
a more comprehensive understanding of the spread of the virus, particularly the role played

by different age groups, including children.

This approach was considered during the research process. However, after careful
deliberation, the decision was made to adhere to the round-based analysis. This choice was
influenced by the desire to maintain consistency in the methodological framework and to
judge the evidence based on its coherence and alignment with the overall design of the
REACT study, essentially following the design rationale for the method used to gather the

data.

However, due to the study design of the REACT-1 study, in which were collected rounds
with 2-week break between each round, the discontinuity prevented us from using those
data for forecasting in Chapter 6. Conversely, data from the Coronavirus (COVID-19)
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Infection Survey (Office for National Statistics, 2020b) collected by the Office for National
Statistics (ONS) were continuous in time. The Coronavirus (COVID-19) Infection Survey and
the REACT-1 studies represent two significant efforts in understanding the spread of
infectious diseases, particularly COVID-19, within the UK. Therefore, a possible extension to
the work in this would be to devise a study design that would allow us to test the utility of the
proposed forecasting framework on REACT-1 data (overcoming its epochal nature), or we
could use data from the Coronavirus (COVID-19) Infection Survey to if it could be used to

increase predictive accuracy.

Both studies offer valuable insights into estimating the prevalence of COVID-19 in the
community, and contribute significantly to public health policy, informing government
decisions on lockdowns, social distancing measures, and vaccination strategies. High-quality
information sources provided by the Coronavirus (COVID-19) Infection Survey and the
REACT-1 study offer the potential to analyse these two studies together for a
comprehensive, more nuanced understanding of the virus’s transmission and impact, but we
need to be careful about their differences in design, methodology, and conclusions. The
Coronavirus (COVID-19) Infection Survey is a household survey designed initially to
describe transmission dynamics in household and later extended to measure the prevalence
of the virus among the community population. It involves repeated cross-sectional and
longitudinal sampling, where participants provide swab tests and answer questionnaires
(Pouwels et al., 2021). This method allows for a continuous assessment of the infection's
prevalence over time and provides insights into the socio-demographic factors affecting
transmission (Office for National Statistics, 2023). The REACT-1 study, on the other hand,
primarily focuses on the rapid assessment of COVID-19 community transmission. It utilises a
large-scale, random sampling of the population, with participants providing self-administered
swab tests. The design of the REACT-1 study is more focused on immediate, real-time data
collection and analysis, which aids in quick decision-making and public health response.
Another main difference between the two studies lies in their sampling methods. The
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Coronavirus (COVID-19) Infection Survey uses a relatively stable cohort over time, allowing
for longitudinal data analysis and understanding of infection dynamics over a longer period.
However, the REACT-1 study employs a cross-sectional approach, focusing on capturing a
snapshot of the infection at a particular point in time, which is crucial for understanding
immediate transmission rates. In terms of scale, the REACT-1 study typically involved a
larger sample size, which enables a broader geographical coverage and thus, a more
generalised understanding of the virus’s spread across different regions. The Coronavirus
(COVID-19) Infection Survey, while often slightly smaller in scale, provides more in-depth
data per participant, including socio-economic variables, which are crucial for understanding

the impact of the virus on different demographic groups.

Another limitation that needs to be considered is the potential bias caused by imperfect
responses, particularly the underrepresentation of minority ethnic groups. Although in the
REACT-1 study, the swab samples were sent to individuals randomly across England, the
number of responses from minor ethnic backgrounds was much lower than white ethnicity,
indicating that minority ethnic groups may be under-represented, which might have led to
increased uncertainty of estimated prevalence with wider confidence intervals. Multiple
factors contribute to the lower participation of minorities. First, sociocultural backgrounds
including language barriers, cultural differences, and the extent of understanding of the
purpose of the study can lead to different levels of participation. Historical mistrust in medical
research within certain communities and lack of awareness about the study further

exacerbate this issue (Scharff et al., 2010; Miller & Miller, 2021).

Second, socioeconomic status may also be an influencing factor, including economic
conditions, accessibility of healthcare resources, etc. Moreover, study design and
recruitment strategies, such as whether the questionnaire was designed to be sufficiently
inclusive of culturally and linguistically diverse groups, can also have an impact. This
imbalance in participation across groups may have led to incomplete and skewed data,
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which in turn may affect our understanding of overall population characteristics and
epidemiological transmission patterns. To address these challenges, future studies should
employ targeted outreach strategies, such as using multilingual materials and involving

community leaders in the recruitment process.

Furthermore, ensuring ethical and cultural sensitivity in the study’s design and
implementation is also important. This involves respecting cultural norms and addressing
concerns about privacy and data usage, while clearly communicating the study's benefits.
Building long-term relationships with minority communities can foster trust and improve
participation in future research. Collaborating with multidisciplinary teams, including
sociologists and community outreach experts, can help design and conduct studies that are
more inclusive and representative of the diverse population. By adopting these strategies,
we can aim to achieve higher response rates and fully reflect the characteristics of different
races and communities when conducting similar studies, so as to obtain more accurate and

reliable findings.

Knowledge of changes in control measures during the COVID-19 pandemic was not
captured by the forecasting framework in this thesis, presenting a key area for improvement.
During the COVID-19 pandemic, interventions such as phased lockdowns and social
distancing rules, as well as vaccination rollout for different groups were implemented in
England, which significantly influenced case trends, hospitalisation rates and the pattern of
spread of the epidemic. Dynamically incorporating changes of interventions including
specific lockdown phases and vaccination coverage in the forecasting framework may have
markedly improved its accuracy. In order to more accurately predict and explain epidemic
trends, future research could focus on quantitatively assessing the impact of temporal
change in interventions and incorporating these factors into the prediction framework.
Utilising real-time data to reflect immediate policy changes and analysing the complex
interplay of simultaneous interventions could enhance the model's responsiveness and
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predictive capability. Creating scenarios based on different policy interventions can also
provide valuable foresight for policymakers. While integrating real-time policy changes
presents challenges, such as data immediacy and varying compliance levels, its potential
benefits in accurately forecasting epidemic trends are substantial, offering critical insights for

informed public health strategies.

Another interesting direction worth exploring in future work would be to further develop the
forecasting framework of this thesis into an ensemble prediction model based on multiple
machine learning (ML) and deep learning (DL) algorithms (Opitz & Maclin, 1999; Latha &
Jeeva, 2019). To our knowledge, ensemble modelling has not been applied to predict
influenza or COVID-19 related outcomes as an ordinal variable, but it shows significant
improvement in prediction accuracy when non-ordinal outcomes are used (Dean et al.,
2020; Mahajan et al., 2023; Panja et al., 2023). Merging multiple algorithms into a unified
framework that can leverage the strengths of different algorithms while mitigating their
weaknesses, can lead to more robust predictions (Opitz & Maclin, 1999) . Furthermore, the
ability of DL algorithms to process and interpret large volumes of unstructured data has
raised researchers’ attention. They have been employed in epidemiological forecasting and
have shown some promising results in predicting disease outbreaks and transmission
dynamics (Wu, 2018; Yang et al., 2023; Majeed et al., 2023). We would therefore potentially
expect improvements ensemble modelling with ML and DL to be applied to these forecast

targets.

It is useful to compare ML approaches and Bayesian methods in epidemiological
forecasting. The thesis primarily focused on applying ML algorithms to infectious disease
forecasting, which, while effective in certain aspects, present a different set of strengths and
weaknesses compared to Bayesian methods. ML algorithms are renowned for their
proficiency in processing extensive datasets efficiently and uncovering intricate, non-linear
patterns in data (LeCun, Bengio & Hinton, 2015). These algorithms are highly adaptable and
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can improve their performance iteratively as more data becomes available. Nevertheless,
they often require large amounts of training data and are prone to overfitting, which can
ultimately diminish their predictive accuracy. They might also lack transparency in their
assumptions and decision-making processes, making it challenging to interpret the results
(Lo Piano, 2020). On the other hand, Bayesian methods offer a probabilistic approach to
forecasting, formally integrating prior knowledge with observed data. This framework is
particularly advantageous in situations where data is sparse or uncertain, as it allows for the
incorporation of expert knowledge and previous research findings into the model (Gelman,
2021). Bayesian methods are inherently designed to handle uncertainty and provide
estimates of confidence, which is vital in epidemiological forecasting. However, these
methods can be computationally intensive and may require careful calibration of prior

distributions to avoid introducing biases (Gelman, 2021).

In this thesis, the absence of a detailed comparison between these two methodologies
signifies a missed opportunity to explore how Bayesian methods might complement or
enhance the ML approaches used. For instance, Bayesian methods could potentially be
integrated into ensemble models to improve the handling of uncertainty and provide a more
comprehensive understanding of epidemiological trends. Future research should aim to
incorporate and compare both ML and Bayesian methodologies in epidemiological
forecasting. Such an integrative approach could leverage the strengths of both methods,
utilising the predictive power and adaptability of ML models while incorporating the
probabilistic and uncertainty-handling capabilities of Bayesian methods. This combination
could provide a more robust and nuanced forecasting framework, especially valuable in the

rapidly evolving field of epidemiological research.

In addition, techniques in data pre-processing, feature selection and hyperparameter tuning
need to be considered to ensure that the ensemble model maintains good performance in
different scenarios. By introducing diversity and complexity, future predictive models may be
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better able to cope with the variability and uncertainty of outbreak data and provide more

reliable support and guidance for public health decision-making.

In the current phase of circulation of SARS-CoV-2 virus, far-referred resources are available
for community surveillance. Hence the REACT and the Coronavirus (COVID-19) Infection
Survey studies are no longer active. However, the precision of the epidemiological results
presented in this thesis suggests there could be high public health value in governments
considering similar but less expensive options. In particular, to tease out the degree to which
health inequality is driven by rates of infection rather than poor treatment of disease, data

such as those presented here are essential.

7.3 Implications of the Research

The analysis and results presented in this thesis focus on community surveillance of SARS-
CoV-2 transmission in England and the development of a high-precision forecasting
framework applicable to different infectious diseases, which provides a new direction and

paradigm for infectious disease surveillance, response, and forecasting.

The epidemiology of influenza and SARS-CoV-2, while both concerning respiratory viruses,
presents distinct challenges in terms of surveillance methods and data sources. Influenza
surveillance has traditionally relied on established syndromic surveillance systems and
laboratory confirmations, which focus on tracking seasonal patterns and identifying strains to
inform vaccine development (Torner et al., 2019; Dong et al., 2017). In contrast, the
emergence of the SARS-CoV-2 required the rapid development of new surveillance
strategies. The widespread use of PCR testing for the SARS-CoV-2 virus, more extensive
than is seen in influenza monitoring, provided an unprecedented level of detail about the
virus transmission, including the identification of asymptomatic cases (Aitken et al., 2020;

Barbian et al., 2024; Love et al., 2021).
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This thesis highlights the need for adaptable and responsive surveillance systems in certain
circumstances. The REACT-1 study provides a compelling example of community
surveillance during the COVID-19 pandemic. It demonstrates how real-time, widespread
data collection can significantly improve our understanding and management of a novel
virus, providing a strong reference for pandemic that will occur in the future. One of the key
lessons from the COVID-19 pandemic is the flexibility and scalability of surveillance systems.
The rapid global spread of SARS-CoV-2 underscored the need for surveillance strategies
that can be quickly adapted and scaled up in response to emerging threats. Digital tools for
contact tracing and data sharing, as well as innovative approaches such as wastewater
surveillance, have shown great potential in this regard (Budd et al., 2020; Burdinski,
Brockmann & Maier, 2022). Additionally, the rapid spread of the virus across continents
indicates global collaboration in data sharing and analysis is essential for enhancing future

surveillance of respiratory viruses.

Apart from the technical aspects of data collection and analysis, effective communication of
research findings to the public needs to be considered by those designing pandemic
response plans. Transparent and comprehensible dissemination of information significantly
enhances the public’s understanding and interpretation of the ongoing situation (Varghese et
al., 2021b). This clarity is essential not only for encouraging adherence to control measures
but also for fostering public trust and cooperation. An informed public, cognizant of the
rationale behind specific health directives and the critical role of their compliance, is more
likely to participate actively in research surveys (Berg et al., 2021). Such participation is
crucial in garnering comprehensive and representative epidemiological data, enabling us to
gain a more comprehensive understanding of the dynamics of epidemics at the community
level and more accurately predict and assess the spread of infectious diseases, which in turn

provided strong support for decision-making and resource allocation.
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Overall, the takeaway from this thesis in terms of the REACT-1 study is that significant
inequalities were found among infection in subgroups of the population such as ethnicity and
occupation providing valuable insights into the impact of socio-economic factors, population
density, and healthcare resources on the spread of epidemics, indicating that the continued
surveillance for the transmission of SARS-CoV-2 in population subgroups can help identify
suitable interventions to reduce these differences related to the risk of infections. With the
experience and knowledge gained in the REACT-1 study, we can more effectively address

public health challenges when epidemics happen in the future.

The forecasting framework developed in this thesis, specifically in Chapters 3 and 6, has
demonstrated its potential to be applied to other infectious disease outbreaks and epidemics.
The outcome was predicted as an ordinal variable, providing a more straightforward method
to capture epidemiological trends and to assess the insensitivity of epidemics. Furthermore,
this thesis highlights the importance of infectious disease surveillance and prediction in
public health strategies. Our findings suggest that active surveillance and accurate prediction
of infectious disease transmission trends can play a key role in early risk identification,
resource deployment, and the implementation of targeted interventions. We therefore call for
the integration of infectious disease surveillance and forecasting into broader public health
strategies to respond more efficiently to public health emergencies and to safeguard the
health and safety of society. This study provides a useful reference for further research in
the field of public health and forecasting to promote better epidemic prevention and health

management practices.
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