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Abstract

This thesis investigates the dynamics of SARS-CoV-2 transmission in England from October

2020 to March 2022, focusing on how mobility patterns, sociodemographic factors, and public

health interventions influenced the spread of the virus. The primary motivation for this research

is to provide insights that can inform more equitable and effective public health responses during

pandemics, particularly in the context of emerging infectious diseases.

Using Bayesian hierarchical models, I examined spatial differences in virus transmission, and

the impact of human mobility on the spread of the Alpha and Delta variants. I developed novel

methodologies for understanding testing behaviors and biases across different sociodemographic

groups. I also introduced Bayesian nonparametric methods, to assess the spatial and sociode-

mographic drivers of the dynamic clustering in transmission patterns throughout England.

Key findings include the important role of human mobility in the early spread of variants of

concern. Analysis of the national COVID-19 testing program identified disparities in testing use

among different sociodemographic groups and delays in reporting positive results among ethnic

minorities. Additionally, mobility between areas and spatial proximity influenced synchronous

transmission patterns throughout the study period.

In conclusion, this thesis contributes to the broader understanding of how infectious diseases

like SARS-CoV-2 spread within a population and underscores the importance of equitable public

health interventions. The methodologies developed here can be applied to future pandemics,

helping to ensure that public health responses are both effective and inclusive. The findings

emphasize the critical need for real-time data and interdisciplinary approaches in addressing

public health challenges.
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Chapter 1

Introduction

1.1 Inequity in the global variation of pathogens

The spread of an infectious pathogen is fundamentally shaped by interactions between susceptible

individuals and those carrying the infection. Over time∗, distinct patterns emerge—spatial pat-

terns indicating areas with higher or lower burdens of infectious cases, as well as spatiotemporal

patterns revealing regions where transmission accelerates or decelerates. Initially, spatial con-

nectivity may influence these patterns, with increasing global connectivity over the last century

facilitating the dispersal of the pathogen across distances ranging from households to continents

[1]. However, beyond contact patterns and mobility, these transmission patterns can often be

traced back to underlying inequities within the population, stemming from layers of social and

economic disparities [2].

Spanning over decades, this pattern has become evident in the three leading contributors

to the global infectious disease burden [3]. HIV, tuberculosis (TB), and malaria caused by the

human immunodeficiency virus, Mycobacterium tuberculosis bacteria, and Plasmodium parasites,

respectively demonstrated distinct yet interconnected patterns of origin, spread, and current bur-

den. HIV originated in Central Africa in the early-mid 20th century and spread internationally

during the late 20th century through global travel and trade, with approximately 65% cases now

concentrated in sub-Saharan Africa[4, 5]. TB, which has its origins dating back thousands of

years in Africa, spread globally through human migration, and today remains predominantly

concentrated in South Asia and sub-Saharan Africa accounting for two-thirds of the global cases
∗A relative term which could be days, weeks, months, or even years, depending on a pathogen’s characteristics

and interventions restricting its spread.
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[6, 7]. Similarly, malaria parasite discovered in the 1800s†, intensified its global spread during

the colonial era and remains a major health issue in the WHO African region, which accounts

for approximately 95% of the cases and deaths [9, 10]. Unsurprisingly, these diseases have seen a

much lower burden in wealthier nations, where advanced healthcare systems and improved living

conditions have drastically reduced their presence.

Soon after spatial connectivity initiates the spread of infectious pathogens, social and eco-

nomic inequalities become critical in shaping the networks where these pathogens entrench and

thrive. They have profoundly impacted the burden of HIV, TB, and malaria, often dispropor-

tionately affecting marginalized populations. Factors including poor living conditions, social

marginalisation, stigma, lack of care-seeking behaviour, weak health systems, poor nutrition are

some of the key pathways through which these pathogens have established themselves in the

socioeconomically vulnerable populations [11].

These global (and local) health challenges set the stage for the emergence of another critical

disease – COVID-19. Like HIV, TB, and malaria, COVID-19 quickly became a major global

health concern, highlighting the ongoing vulnerabilities in public health systems and further

exacerbating disparities between populations.

1.2 SARS-CoV-2

1.2.1 Dispersal

In December 2019, the novel coronavirus disease (COVID-19), caused by severe acute respiratory

syndrome coronavirus 2 (2019-nCoV, and subsequently referred to as SARS-CoV-2 in the litera-

ture and this thesis) was first identified in Wuhan, China [12]. A range of public health measures

including enhanced testing and isolation of cases were implemented, followed by strict restric-

tions on mobility on 23 January 2020 in China. During this first month of 2020, as the pathogen

spread to 6 countries worldwide, the WHO declared the outbreak as a Public Health Emergency

of International Concern [13], and by 11 March as the virus spread to 114 countries with more

than 118,000 cases and 4,291 deaths countries, the WHO characterised COVID-19 as a pandemic

[14, 15]. The UK saw its first rise in cases in March - April 2020 [16]. As the pandemic pro-
†The scientific discovery of malaria and its causative agent, the Plasmodium parasite (both deeply intertwined

with the history of colonialism), is credited to Alphonse Laveran, who first identified the parasite in 1880, and
Ronald Ross, who later demonstrated in 1897 that mosquitoes transmit the parasite [8]. However, descriptions of
malaria-like symptoms can be found in ancient texts dating back thousands of years, including in ancient Chinese,
Indian, and Egyptian writings [9].
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gressed, the spread of new variants further complicated the situation, driving additional public

health responses and highlighting the challenges in controlling the virus’s transmission. Variants

are versions of the virus that have undergone genetic mutations that can affect its transmissi-

bility, disease severity, or the effectiveness of vaccines, diagnostics, and treatments. A variant of

concern (VOC) is specifically identified when it leads to detrimental changes in clinical disease

severity, causes significant shifts in COVID-19 epidemiology that strain health systems or require

major public health interventions, or when there is a notable decrease in vaccine effectiveness,

particularly against severe disease [17]. In Chapter 2, I will describe the invasion process of two

VOCs: Alpha and Delta in England. Alpha, which likely originated in the UK, spread rapidly

before the population had access to vaccines [18]. In contrast, the Delta variant arrived in the UK

from other countries at a time when the population was getting vaccinated, and as the country

began emerging from tiered restrictions [19].

1.2.2 Clinical manifestation

The clinical outcomes of SARS-CoV-2 infection vary widely, ranging from asymptomatic cases to

severe, life-threatening conditions. Most individuals experience mild to moderate symptoms, in-

cluding fever, cough, and fatigue, but some develop severe respiratory illness, such as pneumonia

or acute respiratory distress syndrome, which can require hospitalization and mechanical venti-

lation [20]. High-risk groups, including the elderly and those with underlying health conditions

like cardiovascular disease, diabetes, and obesity, are more likely to experience severe outcomes

and higher mortality rates [20]. As new variants of the virus emerged, there were changes in

clinical presentation, transmissibility, severity, and vaccine effectiveness. Additionally, long-term

effects, often referred to as “long COVID” are known to occur in at least 10% of the cases, and

include persistent symptoms such as fatigue, cognitive impairment, and respiratory issues, which

can significantly impact quality of life [21].

1.2.3 Interventions

1.2.3.1 Vaccines

The development and global distribution of COVID-19 vaccines marked a pivotal moment in

public health, characterized by both unprecedented speed and stark inequities. Following the

identification of SARS-CoV-2 as the causative agent of COVID-19 disease in January 2020,
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vaccine development advanced rapidly, with Pfizer-BioNTech and Moderna announcing successful

Phase III trial results by November 2020. High-income countries swiftly secured large quantities

of these vaccines, with the first doses administered in December 2020 [22]. By mid-2021, these

nations, representing just 16% of the global population, had acquired over 70% of available

vaccine doses, enabling them to vaccinate more than 70% of their populations by the year’s

end [23]. In contrast, low- and middle-income countries (LMICs) faced severe delays, with

low-income countries, for instance, reaching only about 1% vaccine coverage by this time [24].

Despite efforts like the COVAX initiative, the vaccine rollout remained deeply unequal [25]. This

disparity not only prolonged the pandemic but also likely contributed to the emergence of new

variants, underscoring the urgent need for a more equitable approach to global health [26]. By

1 October 2022, 77% of individuals in high- and upper-middle-income countries had completed

their initial COVID-19 vaccination course, compared to only 50% coverage in LMICs [23].

1.2.3.2 Non-pharmaceutical interventions

In addition to vaccines, throughout the pandemic between 2020 and 2022, countries implemented

varied intensities of non-pharmaceutical interventions (NPI) (including physical distancing mea-

sures, mask-wearing, hand-hygiene, etc.) to control the spread of the pathogen [27]. And un-

surprisingly, adherence to NPIs like physical distancing, and lockdowns during the COVID-19

pandemic was closely tied to socioeconomic status. Individuals in lower socioeconomic groups

often faced greater challenges in adhering to these measures. Those classified as key workers

(employed in healthcare, retail, delivery services, etc.), were generally the ones living in crowded

housing conditions and with poor access to healthcare and were subject to worse health out-

comes [28]. Research showed that those with higher incomes were more likely to comply with

NPIs, as they had the means to work from home and maintain physical distancing [29, 30]. This

disparity in adherence contributed to higher infection rates and worse health outcomes among

disadvantaged populations, further widening the gap in health inequities during the pandemic.

1.2.3.3 Testing

In March 2020, the government initiated testing efforts [31], and by May 2020, NHS Test and

Trace (NHSTT) was officially established to manage a large-scale national testing and tracing

effort [32]. NHSTT was responsible for implementing mass testing and tracing systems to quickly

identify individuals infected with SARS-CoV-2 and their close contacts, reducing the spread of
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the virus. The NHSTT program had four main objectives:

• test – to increase the speed and availability of testing;

• trace – to identify recent close contacts of positive cases and notify those at risk who need

to self-isolate;

• contain – to control local outbreaks through coordinated local responses;

• enable – to gather information about the virus to help the government ease infection control

measures as scientific understanding evolved.

The program was initially rolled out to patients, healthcare workers, and essential key workers,

before expanding to the broader community. Through a project by the UK Health Security

Agency (UKHSA), I had access to data related to community-wide testing, and I will discuss

how the use of this intervention varied among different sociodemographic groups in Chapters 3

and 4.

1.3 Heterogeneity in risk of infection

Mortality can be as a key indicator for measuring the impact of an outbreak. In England,

even during the early phase of the pandemic (1 March 2020 to 31 May 2020), people who

were living in the most deprived areas of England were more likely to die from COVID-19 [33].

Ethnic minorities, particularly Black and South Asian communities, also faced higher mortality

rates [34]. Age was another critical factor, with older adults experiencing significantly higher

mortality, exacerbated in those from disadvantaged backgrounds [35]. Differences in mortality

highlight the cumulative impact of socioeconomic disparities on the entire chain of events, from

the increased risk of infection to the ultimate health outcomes. Understanding and quantifying

the heterogeneities in transmission has long been a fundamental concern in disease dynamics [36].

It has been discussed in light of implementing effective control strategies [37, 38] at multiple

scales, from individuals to species to geographies. In broad terms, variability in two primary

sources – susceptibility and exposure to the pathogen, can give rise to heterogeneity in disease

dynamics. These can further be divided into individual or population-level variabilities, which

often act together in complex ways. In general, mechanisms that lead to heterogeneity in the

early stages of transmission, ultimately leading to differences in health outcomes.
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Generally, mechanisms that create heterogeneity in the early stages of transmission, ulti-

mately leading to differences in health outcomes, can be categorized into heterogeneity in sus-

ceptibility and exposure to infection.

1.3.1 Susceptibility

Individual-level variation can arise from biological differences in susceptibility to diseases. Vari-

ous twin studies and genome-wide studies have shown that host genetic markers make individuals

less or more susceptible to infectious diseases [39]. A classic example of this is the protective and

amplifying relationship between sickle cell disease and the risk of contracting malaria [40]. An-

other example is the individual-level heterogeneity in vaccine-induced immune responses [41, 42].

At the population level, immunity plays a central role in answering questions about the level

of immunity required in a population to achieve disease elimination, control, or eradication and

governs the optimal immunization age [43]. However, the relationship between the level of the

immunised population and the burden of disease is not always straightforward. The classic ex-

ample of the rubella vaccine has shown that sub-optimal levels of vaccine coverage could lead

to worse outcomes [44, 45], by increasing the average age of infection. In Greece, consistently

low vaccination coverage in infant boys and girls, over 20 years, created a pool of susceptible

women of child-bearing age. This led to the largest outbreak of congenital rubella syndrome in

1993 since the introduction of measles, mumps, and rubella vaccines. These studies highlight

how asynchronous levels of immunity can impact disease persistence, also noted by Earn et al.

[46]. In Chapter 5, I will explore the drivers of the synchronous and asynchronous patterns in

the transmission of SARS-CoV-2 across England.

1.3.2 Exposure

Lloyd-Smith et al. characterised the role of individual variation in infectiousness on disease

emergence for eight directly transmitted diseases [47]. The study showed that a disease with

a high level of heterogeneity at this scale (i.e. at the individual level) could result in fewer

but more explosive outbreaks. At the population level, contact patterns have been known to

differ between individuals from different age groups [48], and studying its impact on disease

dynamics is a common feature of various infectious diseases modelling studies [49]. Opatowski

et al. showed that variation in H1N1 dynamics in eight countries could be explained primarily

by age structures and levels of immunity in the populations. Countries that had a younger
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population experienced higher transmission rates, perhaps due to pre-existing cross-immunity in

older people [50]. In addition to age structure, incorporating the characteristics of the physical

space in which individuals interact is important. In particular, House and Keeling showed that

household size and its age composition are both important in predicting the early growth of

cases, especially for influenza-like respiratory illnesses [48, 51]. Spatial heterogeneity is another

pathway through which infectious diseases invade and persist in a population. The importance

of spatial heterogeneity of host mixing in disease invasion and persistence process has been

explored from various angles [52, 53]. Spatial structure in addition to age has been used to

explain the well-documented persistence of measles in England [52]. More recently, the spatial

distribution and growth of new cases of COVID-19 and its variants were predicted using high-

resolution mobility data [54, 18, 19, 55]. I will be presenting some of the results from these

studies in Chapter 2. Implications of spatial heterogeneity are not limited to directly transmitted

pathogens. For an outbreak of chikungunya (a mosquito-borne virus) in Bangladesh, Salje et al.

showed that individual characteristics (females spending more time at home) and localised social

connections (how close individuals live to cases) were associated with a higher risk of infection

[56]. More generally, accounting for behavioural patterns of how individuals interact with their

contact network is of key importance in quantifying disease spread as well as for targeted control

strategies. Anderson et al. showed that accounting for heterogeneity in sexual patterns can

lead to estimating lower epidemic sizes [57]. Using detailed social network data of students from

an elementary school in Pennsylvania, Cauchemez et al. showed that school-aged children were

most important in introducing and spreading influenza in households [58]. During the 2002-03

outbreak of SARS in Hong Kong and Singapore, Li et al estimated that more than 70% of the

infections were due to “super-spreading” events [59]. This was also seen more recently during

the SARS-CoV-2 epidemic [60] and was attributed both to the social contact structures and

infectiousness of individuals. In addition, there is also heterogeneity in access to diagnosis, and

treatment, and in adherence to interventions [61, 62, 63].

1.4 Key epidemiological and statistical quantities

1.4.1 Growth Rate

The growth rate of a pathogen measures how quickly the number of cases is increasing or de-

creasing over time. The instantaneous growth rate is defined as the rate of change of the log-
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transformed cases [64]. This quantity can give us an indication of the speed at which an epidemic

is growing. When the growth rate is positive it indicates that the disease is spreading, and a

negative growth rate suggests a decline in cases. Understanding the growth rate is crucial for

assessing the potential spread of the disease and the effectiveness of interventions. I will estimate

two variations of this metric in Chapter 2: (i) excess growth rate and (ii) relative growth rate.

1.4.2 Incidence

Incidence measures the number of new infections that occur in a population over a defined period

(daily in this thesis). When I refer to incidence in this thesis, I mean the incidence of infection

rather than just the reported cases. Incidence encompasses the actual number of new infections

occurring in a population, including those that go undetected or unreported due to factors

such as asymptomatic cases, limited access to testing, or delays in diagnosis. This distinction

is crucial for accurately understanding the dynamics of disease transmission and assessing the

overall impact of an epidemic.

1.4.3 Prevalence

Prevalence represents the total number of infectious individuals detectable by Polymerase chain

reaction tests (PCR) in the population at a specific point in time (the number of individuals

with a positive PCR test within a week, in this thesis). Prevalence is directly related to how

long a person is detectable by the test, as a longer duration of detectable infection increases

the number of active infectious individuals in the population (see Figure 1.1 illustrating the

relationship between incidence and prevalence).

1.5 Methodological advancements in the thesis

Traditional prevalence estimation typically relies on gold-standard random community surveys,

which provide unbiased estimates of infection prevalence by randomly sampling individuals.

While accurate, these surveys are often limited by cost and logistical challenges, resulting in

coarse spatial and temporal resolution. Nicholson et al. [65] improved this by incorporating

mass testing data, which is more frequent and granular but biased. They used a causal debi-

asing framework to combine mass testing data with community survey results, producing more

accurate, unbiased local-level prevalence estimates. Building on this, I extended their method
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Figure 1.1: Illustrative relationship between incidence and prevalence. The numbers
indicate how many individuals are detected as positive for a hypothetical infection, while the
color gradient represents their pathogenic load indicating their current potential contribution to
the prevalence estimate and/or true prevalence.

by using ethnic, age, and location information from the mass testing dataset to estimate weekly

prevalence for different sociodemographic groups at a fine spatial scale.

The methods from EpiForecast and the ONS COVID-19 Infection Survey estimated incidence

by using changes in prevalence over time, assuming an average infectious period [66, 67, 68]. Both

approaches relied on PCR positivity data from ONS and therefore provide incidence estimates

only for broad subgroups, such as the nine administrative regions or age groups at the national

level. In contrast, the method I present in this thesis improves upon these by using unbiased

prevalence estimates stratified by sociodemographic factors like age, ethnicity, and deprivation. I

use these to estimate the incidence of different sociodemographic groups within local authorities

in England. This allows for more granular, weekly incidence estimates that capture infection

dynamics at a local-level across diverse communities.

We developed new methods to estimate the sensitivity and specificity of LFD tests using

data from repeated testing, specifically positive LFD results followed by confirmatory PCR tests

within three days. Additionally, I also presented a model that examines how the likelihood of a

positive confirmatory PCR result changes over time and varies across ethnic groups, providing

insights into different testing behaviors of groups of individuals.

In this thesis, I introduce a novel Bayesian nonparametric clustering method with two key

advantages. First, unlike traditional clustering methods, this does not require the number of
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clusters to be predefined. Second, our model is spatially agnostic and does not introduce any

smoothing. We can use such methods for post-hoc regression analysis with covariates, which

offers a more flexible approach to identifying drivers of clustering patterns.

1.6 Thesis outline

In this thesis, I investigated the dynamics of SARS-CoV-2 transmission in England from October

2020 to March 2022. I analysed spatial differences in transmission across the country, focussing

on how mobility patterns and sociodemographic factors influenced exposure to the virus. I also

explored variations in the uptake of public health interventions, particularly testing, which is

critical for epidemic control. Additionally, I examined the spatial and sociodemographic drivers

of transmission synchrony during this period. By quantifying these differences, my goal is to

provide insights that can inform more equitable public health responses. I briefly describe the

work done in the various chapters below:

1.6.1 Chapter 2

As discussed earlier, the global spread of various infectious diseases, including SARS-CoV-2, is

facilitated by international travelers. Once emerging infectious diseases are seeded across different

geographies, infections tend to occur within the community (for example, nursing homes, prisons,

schools, and households). These settings are highly connected through multiple hierarchical

layers (individuals nested in communities, cities, regions, countries, etc.) thereby sustaining

the epidemics nationally [69, 70]. Any pandemic could be thought of as many small epidemics

occurring in structured populations at the national and sub-national levels, all connected by the

movement and interactions of individuals [71]. It is therefore important to understand how the

accumulation and movement of individuals (immunologically naïve as well as infectious) within

and into different geographies can shape how an epidemic unfolds, persists, or re-emerges. To

this end, I explored the influence of mobility patterns in driving the initial invasion process of

the Alpha and Delta VOCs of SARS-CoV-2 in England.

1.6.2 Chapter 3

Surveillance for infectious diseases is crucial because it allows public health authorities to identify

outbreaks early, monitor the spread of the pathogens, and respond effectively to contain them.
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By tracking the incidence and prevalence over time, surveillance provides essential data to guide

public health interventions, allocate resources, and evaluate the effectiveness of control measures.

Focussing surveillance for vulnerable groups is especially important because these populations

might be at higher risk of not only severe outcomes but also at risk of risk, meaning they

face compounded vulnerabilities due to socioeconomic disparities and health inequities [72]. For

SARS-CoV-2, in Chile, people aged 0 to 40 years had an infection fatality rate around 3.1 times

higher in the municipalities with the lowest socioeconomic status compared with the highest

[28]. Studies also found a higher risk of infection associated with belonging to an ethnic minority

group [73]. In this chapter, I estimated weekly prevalence and daily incidence at fine spatial

scales and described how they varied by sociodemographic groups.

1.6.3 Chapter 4

The pandemic showed that the ability to adhere to non-pharmaceutical interventions such as

physical distancing was a privilege correlated with socio-economic status [28, 74, 75], leaving

those with lower incomes more vulnerable to infection and with worse health outcomes [76]. In

England, the national testing programme was a crucial public health intervention that played an

important role in controlling the spread of COVID-19 [77]. Under Pillar 2 of the testing strategy,

free tests were made available to the general public, allowing widespread access to COVID-19

testing outside of healthcare settings. In this chapter, I examined whether there were any biases

in testing across different sociodemographic groups and how testing behaviours varied among

these groups.

1.6.4 Chapter 5

The dynamics of pathogen spread involve a complex interplay between rapid transmission or

seeding of infection across different geographical areas and a moderated pace that prevents

the complete depletion of susceptible individuals. While this balance is well-documented in

the context of within-host dynamics and competition between pathogen strains, it also plays a

crucial role in the broader synchrony and asynchrony that underpin sustained epidemics [78, 79].

In this chapter, I explored which areas in England had similar transmission levels, and how that

changed over time. Additionally, I quantified how various spatial and sociodemographic factors

were associated with these patterns.
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Data is power, and telling a compelling story through insights generated from data is essential

for informed decision-making in public health. Florence Nightingale famously used data to

revolutionize healthcare, demonstrating how well-organized information could drive change and

save lives.

In this thesis, I will present crucial statistics that describe the transmission dynamics of SARS-

CoV-2 in England, offering an understanding of how the virus spreads across different regions

and sub-populations. Additionally, I will introduce novel methods designed for epidemiologists,

public health practitioners, and policymakers to enhance surveillance efforts and improve the

equitable use of public health interventions. These contributions aim to not only deepen our

understanding of the pandemic but also to equip those on the front lines with the tools necessary

to respond effectively and equitably to future public health challenges.

12



Chapter 2

Impact of human behaviour on the invasion of

SARS-CoV-2 variants of concern

During my first year of training in the NERC Doctoral Training Program (DTP), I became

involved in a significant collaborative project focused on understanding the spatial spread of

the SARS-CoV-2 Alpha variant of concern (VOC) in England. While my co-authors led the

phylogeographic analysis sections, my responsibility was to quantify the spatial heterogeneity of

the Alpha variant’s spread across England. This included developing the statistical methodology,

performing the analysis, interpreting the results, and contributing to the writing.

By summer 2021, I had completed the milestone for my transfer to department and began working

on the newly emerging Delta variant. Specifically, I led the statistical analysis to understand

the factors contributing to the growth of the variant. I contributed alongside other authors

(including Prof. Moritz Kraemer) to the conception and design of the study. Professors Erik Volz

and Samir Bhatt developed the initial model in [80], and I extended the statistical methodology,

coded the methods, interpreted the results, and contributed to the writing and reviewing of the

manuscript, in collaboration with Prof. Ben Lambert. My co-authors were responsible for the

phylogeographic analysis.

In this chapter, I will present my contributions to two papers from this collaborative working

group, both of which are included in the appendix.

Kraemer, Moritz U. G.*; Hill, Verity*; Ruis, Christopher*; Dellicour, Simon*; Bajaj, Sumali*;

et al. “Spatiotemporal Invasion Dynamics of SARS-CoV-2 Lineage B.1.1.7 Emergence.” Science

(2021). https://doi.org/10.1126/science.abj0113

McCrone, J.T*; Hill, Verity*; Bajaj, Sumali* et al. “Context-specific emergence and growth

of the SARS-CoV-2 Delta variant.” Nature (2022). https://doi.org/10.1038/s41586-022-05200-3
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2.1 Abstract

The emergence of SARS-CoV-2 variants of concern (VOCs) posed significant challenges to global

public health, with each variant exhibiting changes in transmissibility, disease severity, and

immune evasion. This chapter examines the spatial dynamics and growth rates of the Alpha

and Delta variants, emphasizing the importance of genomic surveillance and mobility data in

understanding their spread.

The Alpha variant (B.1.1.7), which emerged in the UK in late 2020, demonstrated higher

transmissibility and hospitalization risk [80]. The main motivation of this study was that early

in epidemics due to multiple seeding events, relative growth rates between the different variants

might be inflated. By using mobility data we were able to explain these patterns. Using the

S-gene target failure (SGTF) genomic signature as a proxy for Alpha, we estimated its growth

rate and compared it with the growth rate of non-SGTF cases. We then used mobility data

to highlight the role of human movement in the variant’s expansion. Our statistical analysis

confirmed the phylogeographic finding that Alpha likely originated in Kent and spread across

the UK, driven by mobility patterns from Kent and Greater London.

The Delta variant (B.1.617.2), first identified in India, became dominant in the UK by mid-

2021. Its emergence in the UK took place within a diverse landscape of pre-existing immunity,

both from previous infections and vaccinations, as well as various non-pharmaceutical interven-

tions (NPIs). Genomic and mobility data indicated that Delta’s growth was influenced by human

mobility, vaccination rates, and importation intensity. Using a Bayesian hierarchical model, we

assessed the relative growth of Delta, accounting for various covariates such as mobility and

vaccination coverage.

It is crucial to understand the drivers of the geographical spread of emerging VOCs to inform

public health strategies, and our findings highlight the critical role of human mobility and public

health measures in controlling the spread of SARS-CoV-2 variants. Effective response strategies

require timely genomic surveillance and consideration of spatial dynamics to mitigate the impact

of emerging VOCs.
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2.2 Introduction

SARS-CoV-2 variants of concern (VOCs) [81] have played a critical role in the trajectory of the

COVID-19 pandemic, presenting new challenges for public health responses worldwide. These

variants, have demonstrated changes in transmissibility, disease severity, and the ability to evade

immunity from prior infection or vaccination.

When a new variant emerges and starts to spread, it is crucial to understand where it origi-

nated and how it is spreading across geographies. Spatial heterogeneity can significantly impact

the local likelihood and intensity of transmission, especially if the new VOC has higher trans-

missibility and poses a greater risk of adverse outcomes. Understanding these patterns helps in

tailoring public health measures to effectively combat the spread of the virus, both locally and

nationally or internationally.

2.2.0.1 Alpha

By late 2020, SARS-CoV-2 B.1.1.7 as known as the Alpha VOC started spreading rapidly across

the UK. And while international travel restrictions were implemented to control the spread of

this variant across countries, genomic surveillance found the VOC to be spreading in many

countries [82]. It had also been shown that this variant had a higher transmissibility [80] and

risk of hospitalisation [83] compared to other lineages. Using genomic and mobility data, my

co-authors reconstructed the spatial dynamics of the emergence of the variant in the UK [18].

They found that the Alpha variant likely emerged in Kent in late September 2020. Between

the start and end of the second English lockdown (5 November 2020 to 20 December 2020 [84]),

the variant had spread across the country, driven by mobility patterns originating from Kent

and Greater London. This initial spread was followed by local transmission [18], and mobility

increased after the lockdown was lifted. The subsequent imposition of Tier 4 restrictions on

20 December 2020, which included a stay-at-home order and limitations on mixing, led to a

reduction in exported Alpha variant cases from London and decreased mobility [84].

Using Polymerase chain reaction (PCR) tests with S-gene target failure(SGTF) as a proxy for

B.1.1.7 infection, I estimated the growth rates of the Alpha VOC at the upper-tier local authority

(UTLA) level. I focused particularly on comparing these growth rates in Greater London regions

to those in the rest of the country. Additionally, I calculated the excess growth rate, defined

as the difference between the growth rate of SGTF cases and that of non-SGTF cases. I then
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analyzed how importation and human mobility influenced these excess growth rates across the

UK.

2.2.0.2 Delta

By early-to-mid 2021, the SARS-CoV-2 (B.1.617.2 Pango lineage) Delta variant was rapidly

spreading through India [85] and by May 2021 it had become the dominant lineage in the UK

[86] and categorised as a VOC by the World Health Organisation.

The importation of the Delta variant coincided with a relaxation of social distancing mea-

sures in England [87]. More specifically, on 12 April 2021, outdoor dining and non-essential retail

reopened. Using genomic and mobility data, my co-authors found that the majority of intro-

ductions of the Delta variant into England had originated from India [19]. Although mandatory

hotel quarantine for arrivals from India was implemented on 23 April 2021, the phylogeographic

analysis showed that the dominant transmission chains in England were already established be-

fore these international restrictions we enacted [19]. By 17 May 2021, restrictions on indoor

dining and international travel were eased and amid the loosening of NPIs and increased social

interactions, the virus spread rapidly throughout the country.

Building on results from the phylogeographic analysis, I then used a combination of epi-

demiological, aggregate human mobility and genomic data to test how the relaxation of non-

pharmaceutical interventions (NPIs), estimated virus importations, and vaccination rates con-

tributed to the growth rates of Delta in England. Prior to the work presented in this chapter,

models for estimating the increase in transmissibility of new variants were typically based on

increases in relative frequency [80] but rarely took into account other potential confounding fac-

tors, such as variation in population behaviour, vaccination rates or numbers of independent

virus introductions. I modified and extended the Bayesian hierarchical model developed by Volz

et. al [80], to estimate the effects of the above mentioned variables on the weekly relative growth

of the Delta VOC.
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2.3 Methods

2.3.1 Estimating the growth rate of Alpha

2.3.1.1 Data

Cases

Daily new cases by specimen date were downloaded from https://coronavirus.data.gov.uk/

details/download. Data was last accessed on 29 January 2021. We also used the line-list

data provided and collected by Public Health England (now UK Health Security Agency), which

included information about the SGTF test result status. The details of how my collaborators

merged the two datasets are provided in the supplementary methods section of the paper [18].

Estimated importation intensity (EII)

We used data from the COVID-19 Infection Survey by the Office for National Statistics (ONS)

[88] as of January 29, 2021, to estimate the percentage of individuals testing positive for SARS-

CoV-2 across UK. To calculate the importation intensity (EII) of the B.1.1.7 variant from Greater

London, we multiplied the modelled daily positivity rates in Greater London by the estimated

weekly movements to other UK locations. We then separated the EII into components for

B.1.1.7 and non-B.1.1.7 variants using the weekly proportion of B.1.1.7 genomes found in Greater

London.

Human mobility

The mobility data representing the number of trips between pairs of Local authority districts

(LADs) were constructed using data from the mobile service provider O2, and the Google

COVID-19 aggregated mobility research dataset. Details of this is the supplementary meth-

ods of the paper [18].

2.3.1.2 Model

To estimate the daily epidemic growth rates in each lower/upper-tier local authority

(LTLA/UTLA), we fit a mixed effects generalised linear model (GLM), accounting for varia-

tions across different areas by including both fixed and random effects. This was done using the
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R package lme4 v.1.1-21 [89].

For each 6-day sliding window, we analysed the log-transformed number of new cases, log(Yi+

1) (where the "+1" adjustment accounts for zero cases), for LTLAs/UTLAs i using the regression

model:

log(Yi) = intercepti + ri ∗ day, (2.1)

where:

• log(Yi) represented the log-transformed number of new cases for LTLA/UTLA i.

• intercepti was the baseline log-transformed number of new cases for LTLA/UTLA i, cap-

turing the starting level of new cases.

• ri was the growth rate for LTLA/UTLA i, indicating how the log of the number of new

cases changes per day.

• day represented the time variable (in days).

The model included fixed effects: the average growth rate r representing the typical rate

at which the log of the number of new cases increased per day across all LTLAs/UTLAs; and

random effects, which accounted for the variability among LTLAs/UTLAs. Each LTLA/UTLA

could have its own intercept (intercepti) and its own growth rate (ri), reflecting differences in

baseline levels and growth rates of new cases.

In summary, this model estimated how the number of new cases evolved over time, allowing

for variability in initial levels and growth rates across different LTLAs.

Excess growth rate

To calculate the instantaneous growth rates for both SGTF and non-SGTF cases, we fit a mixed

effects log-linear GLM of new daily case counts as described above - stratified by SGTF test

results. We estimate the total SGTF and non-SGTF in each LTLA/UTLA i and day d by

adjusting counts upwards in proportion to total cases reported daily in each LTLA/UTLA.

Estimated SGTF casesi(t) =
Observed SGTFi(t)

Total observed casesi(t)
× Total reported casesi(t),
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Estimated non-SGTF casesi(t) =
Observed non-SGTFi(t)

Total observed casesi(t)
× Total reported casesi(t), (2.2)

where, Total observed casesi(t) = Observed SGTFi(t) + Observed non-SGTFi(t).

See Appendix Figure A.1 to see the proportion of total reported cases that were samples and

classified into either STGF or non-SGTF cases.

We then calculated the excess growth rate; egr by subtracting the estimated growth rate for

non-SGTF cases from SGTF cases at each day between 15 November and 20 December 2020 (for

sensitivity we extended that period to 5 January 2021- see Appendix Figure A.2). We then used

estimates from the phylogeographic reconstruction on the number of estimated imports of B.1.1.7

from Greater London, phlyo_imp, and estimated importation intensity as described in Section

2.3.1.1, EII, as predictors of the excess growth rate. We log transformed the mobility data to

compresses the wide range of these values, making the model more stable and less sensitive to

extreme values. The regression is described below:

egrti = β0i + β1 log(EII)ti + β2phylo_impti + ϵti, (2.3)

where,

β0i = β0 + u0i,

are the random intercepts for LTLA i, and

ϵti ∼ N (0, σ2
e),

u0i ∼ N (0, σ2
u).

These estimated growth rates were used in subsequent models in the paper (see section Human

mobility and prior outbreaks as predictors of B.1.1.7 growth in [18]) to estimate the effects of

mobility, and previous attack rates.
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2.3.2 Modelling the relative growth of Delta

2.3.2.1 Data

UK population data

Population size data were used to calculate the proportion of the population

that was partially or fully vaccinated in a location. UTLA-level 2020-mid-

year population siz estimates were downloaded from https://www.ons.gov.uk/

peoplepopulationandcommunity/populationandmigration/populationestimates/

datasets/populationestimatesforukenglandandwalesscotlandandnorthernireland.

Incidence data from England

COVID-19 case count data for each LTLA were downloaded via https://coronavirus.data.

gov.uk/details/download.

COVID-19 case count and vaccination data for the UK

COVID-19 cases and the cumulative vaccination data were downloaded for each UTLA from

30 January 2020 to 28 July 2021 by specimen and dosage date, respectively, via https://

coronavirus.data.gov.uk/details/download. These data included positive laboratory-based

polymerase chain reaction (PCR) tests and positive lateral flow tests, but did not include tests

where the lateral flow test was positive and PCR follow-up tests were negative (further details at

https://coronavirus.data.gov.uk/details/about-data). The COVID-19 case count at the

UK country level was calculated by aggregating case data on the UTLA level. Additionally, to

match the genomic data, the COVID-19 case count and vaccination data for some UTLAs were

aggregated under an area code made up of these multiple UTLAs (Table 2.1). All entries with

the recently discontinued area code E10000002 were assigned the new area code E06000060.
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Area and area code Constituents
Greater London, E13000001,
E13000002

E09000007, E09000011, E09000012, E09000013,
E09000019, E09000020, E09000022, E09000023,
E09000028, E09000030, E09000032, E09000033,
E09000001, E09000002, E09000003, E09000004,
E09000005, E09000006, E09000008, E09000009,
E09000010, E09000014, E09000015, E09000016,
E09000017, E09000018, E09000021, E09000027,
E09000024, E09000025, E09000026, E09000029,

E09000031
West Midlands, E11000005 E08000026, E08000029, E08000025, E08000028,

E08000030, E08000027, E08000031
South Yorkshire, E11000003 E08000019, E08000018, E08000017, E08000016
Tyne and Wear, E11000007 E08000037, E08000021, E08000022, E08000023,

E08000024
Merseyside, E11000002 E08000012, E08000014, E08000011, E08000013,

E08000015
Greater Manchester, E11000001 E08000003, E08000007, E08000008, E08000004,

E08000005, E08000002, E08000001, E08000010,
E08000006, E08000009

West Yorkshire, E11000006 E08000035, E08000036, E08000034, E08000033,
E08000032

Table 2.1: Grouping of UTLA area codes under higher level area codes as used in the
analyses.

Mobility data

Relative self-mobility, which measures the intensity of movements within a specific location, is

calculated as the percentage of weekly movement during the period from 22 March 2020 to 6

June 2021 relative to the highest recorded movement in that location during the same timeframe.

Details of the Google COVID-19 aggregated mobility research dataset used to produce estimates

of the intensity of mobility within a location (as defined above) is given in our paper [19].

New Delta lineage introductions

Weekly new lineage introductions into the UK by UTLA were obtained from the continuous

phylogenetic analysis and by aggregating daily estimates. This is described in our paper [19].

2.3.2.2 Data pre-processing

We kept data starting from the 13th epidemiological week, which corresponded to the week

commencing 28 March 2021. These dates will be referred to as baseline elsewhere in this chapter.
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We excluded weeks after the first time 95% of samples were observed to be Delta in each UTLA

because, after this point, we could no longer estimate the relative growth rates reliably since

Delta was effectively fixed in the population. We kept only those UTLAs which had data on

Delta for at least 9 weeks. In the final dataset, we had 683 observations (across 64 UTLAs with

approximately 11 weeks of non-missing data on average for each UTLA (Table 2.4).

2.3.2.3 Model

In this section, I describe how we modelled the dynamics of Delta penetration within a UTLA.

In particular, we model how the number of Delta samples per UTLA (i), varied over time (t)

(measured in weeks).

The underlying transmission conditions driving the observed number of Delta samples in a

given UTLA may be similar to other UTLAs within the same region. We modelled this variation

hierarchically and indexed variables at the UTLA level by i[j] to indicate that UTLA i was

nested within (the overarching) one of the nine administrative regions j. We used a binomial

sampling distribution to model the number of Delta samples Z
i[j]
t :

Z
i[j]
t ∼ binomial(Y i[j]

t , p
i[j]
t ), (2.4)

where Y
i[j]
t was the total number of sequenced samples, and 0 ≤ p

i[j]
t ≤ 1 was the corresponding

proportion of Delta samples in UTLA i in week t. We then transform this probability so that it

is on the unconstrained logit scale:

ϕ
i[j]
t = logit(pi[j]t ). (2.5)

A key quantity of interest was the relative growth in the proportion of Delta on the logit (i.e.

log odds) scale, which we estimates weekly and we denote by ρ
i[j]
t , where

ϕ
i[j]
t = ϕ

i[j]
t−1 + ρ

i[j]
t−1. (2.6)

Relative growth for each UTLA was then modelled spatially depending hierarchically on the

region, j, containing it. Relative growth was also assumed to depend on UTLA-specific covariates

by the following relation:
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ρ
i[j]
t = ρjt + β′x

i[j]
t + δ

i[j]
t , (2.7)

where ρjt was a region-level growth trend, xi[j]t was a vector of covariates, and δ
i[j]
t was a UTLA-

and week-specific term representing the deviation from the region-level growth. To account

for temporal auto-correlation in the relative growth rate, a given region’s relative growth was

assumed to follow a random walk centred around its relative growth in the previous week:

ρjt ∼ normal(ρjt−1, σ2). (2.8)

We estimated the model in a Bayesian framework with priors described in Table 2.2, and

performed prior predictive checks to see how reasonable our choices were.

The computations were done in R and Stan [90] using four parallel chains with 50,000 to

60,000 iterations (depending on the model), half of which were discarded as warm-up iterations;

the chains were subsequently thinned by a factor of 10. In all cases, MCMC sampling was

diagnosed as converged with R̂ < 1.01, and bulk and tail effective sample sizes > 400 for all

parameters. For 6 of 15 models used for model comparison (which included neither the no

covariate model nor the best fit model), there remained 2 out of 4,410 parameters which had

R̂ > 1.01 or had a tail effective sample size below 400; in all cases, the bulk effective sample sizes

exceeded 400. In these models, the last two weeks were held-out from each UTLA to perform

out of sample predictions, resulting in a smaller dataset, which likely explains the difficulty in

obtaining convergence with 50,000 iterations.

Parameter Prior distribution
ρj1 normal(0,1)
δ
i[j]
t normal(0, σ1)
ϕ
i[j]
1 normal(aj , bj)

aj half-normal(-3,1)
bj half-normal(1.5,1)
σ1 half-normal(0,5)
σ2 half-normal(0,5)
β half-normal(0,5)

Table 2.2: Prior distributions for model parameters.
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2.3.2.4 Model checks

Counterfactuals

Our model outputted two sets of key quantities; (1) the weekly relative growth rate of Delta over

time ρ
i[j]
t , and (2) the estimated ‘effect’ of a variable on the growth of Delta (β). To determine

the implications of the effect sizes, we computed the estimated proportion of Delta samples when

the covariates took factual versus counterfactual values.

Model comparison

To assess the importance of covariates, we compared the predictive performance of models which

included different sets of covariates. All covariates were standardized by subtracting the mean and

dividing by the standard deviation. Since the cumulative proportions vaccinated (considering

either the cumulative proportion vaccinated with a 1st or 2nd dose) increased monotonically

throughout the time period of observation, we included the UTLA-level mean of these variables

in our regressions: i.e., we used time-invariant regressors. We did so to avoid the risk of spurious

association due to both Delta and proportions vaccinated growing coincidently. Covariates were

chosen as important predictors if including them in the model improved the model fit on a

hold-out set comprising the last two weeks of data for each UTLA.

Simulation and model robustness

The primary objective of the simulation process was to determine if the parameters within the

model could be reliably recovered from hypothetical data generated under known conditions,

providing validation for the model’s structure and robustness. The simulation was designed to

mimic the hierarchical structure of the actual data. The following steps were implemented:

• Fixing parameter values: The parameters σ1 and σ2 were assigned values of 0.6 and 0.2,

respectively. The parameters βs corresponding to the two covariates described below were

fixed at 0.1 and 2.

• Data Structure: We simulated data for:

– Five regions, j, each containing six UTLAs, totaling 30 UTLAs i.

– 15 weekly time points, t.

24



• UTLA-Level covariates: For each of the 30 UTLAs we created x
i[j]
t . We first created a

covariate for week and a corresponding covariate with values ranging from 0.2 to 0.5 as

weeks progressed. This covariate mimics the trends of proportion of individuals immune

over time.

• Relative Growth Simulation:

– For each region, the initial regional growth ρ1j rate was drawn randomly from a

normal(0, 1), and the subsequent weekly regional growths ρtj were normally distributed

around the previous week’s growth, and with standard deviation σ2, according to

equation 2.8.

– We then added UTLA specific deviations δ
i[j]
t and covariate information using fixed

values of βs and x
i[j]
t according to equation 2.7. This generated weekly UTLA-specific

relative growth ρ
i[j]
t .

– Then, to generate probability values on the logit scale for each UTLA, ϕ
i[j]
t , we

used equation 2.6, where initial values ϕ
i[j]
1 for the five regions were fixed at

−1,−3,−4,−3,−2.

– Next, we used the inverse logit transformation on these unconstrained ϕ
i[j]
t to convert

them to the probability scale, pi[j]t (equation 2.5).

– Like in our real data, we excluded the weeks after which the Delta proportion, pi[j]t

exceeded 95%.

– Then, by fixing the number of samples Y
i[j]
t at 200 for each UTLA, we drew the

number of Delta samples Z
i[j]
t following the binomial relation from equation 2.4.

• Model Implementation and parameter recovery: The simulated dataset was analyzed using

the same modeling framework as the real data, estimating Delta samples, transforming

probabilities to the logit scale, and modeling relative growth rates hierarchically while

accounting for temporal autocorrelation.

• Evaluation: We compared the estimated parameters from the simulation to the original

fixed values. We were able to recover our parameter values, and the model converged with

R̂ < 1.01, bulk and tail effective sample sizes > 400 after 20,000 iterations, discarding

10,000 warm-up iterations and thinning by a factor of 10 (Figure 2.1 and Table 2.3).
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This simulation process provided a structured framework for testing parameter identifiability,

ensuring that the results obtained from real-world data analysis were reliable.

Parameter (example covariate) Known value Posterior mean (95%
Bayesian credible interval)

Covariate 1 (baseline immunity) 2.0 1.67 (-0.43, 3.62)
Covariate 2 (week) 0.1 0.18 (0.13, 0.23)
σ1 0.6 0.49 (0.43, 0.55)
σ2 0.2 0.17 (0.09, 0.27)

Table 2.3: Simulation: known vs estimated parameters.

Figure 2.1: Simulation comparing known vs estimated relative growth rates for hypo-
thetical locations. The solid yellow and dashed green line represent the estimated (posterior
median) and observed relative growth rate of Delta simulated in thirty hypothetical areas. The
yellow ribbons represent the 95% credible intervals.

Prior and posterior predictive checks

To validate the appropriateness of the priors used in our Bayesian model, we conducted prior

predictive checks. These were performed by generating data from the model using only the

prior distributions of the parameters, in the absence of any actual data. As described in Section

2.3.2.4, we chose priors (Table 2.2) so that a wide range of Delta proportions were possible yet

were centred on low values in the absence of further information: our prior predictive distributions

in Figure 2.2 illustrate these characteristics.
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Figure 2.2: Prior predictive simulations for the Delta frequency. Orange point-ranges
display the observed data (points indicate posterior medians and whiskers indicate 2.5%–97.5%
posterior quantiles assuming a uniform prior for each independent data point). The blue shaded
region represents the prior simulated 2.5%–97.5% quantiles; lines indicate median simulation
values.

After the fitting the Bayesian model, we conducted posterior predictive checks. For this, we

generated data from the model using the estimated posterior distributions (including the priors

and observed data or likelihood) of the parameters.

2.3.2.5 Code availability

Code to reproduce the statistical analyses on Delta growth can be found at https://github.

com/sumalibajaj/Delta-Statistical-analysis-share.

2.4 Results

2.4.1 Spatial heterogeneity in the expansion of Alpha

Using SGTF PCR-positive tests as an indicator for B.1.1.7 infection [86], we examined the daily

growth rates of SARS-CoV-2 cases at the LTLA level for both SGTF and non-SGTF cases. Due

to testing changes and the implementation of Tier 4 restrictions in the Southeast, we excluded

case data from 25 to 31 January (See Appendix Figure A.2 to see the R2 becoming noisy during

this period). Following the lockdown in November 2020, case growth rates were highest in regions
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of southeast England connected to Greater London and/or Kent. The acceleration in SGTF case

growth rates in Greater London started in mid-November, preceding similar trends in other

regions (Figure 2.4B). At the UTLA level, SGTF case growth rates were higher than those of

non-SGTF cases (Figure 2.3A), supporting the increased transmissibility of B.1.1.7 [80, 91].

We extended these findings by quantifying the importation of B.1.1.7 cases from London and

examining the relationship between importation trends and lineage-specific case growth rates.

The phylogeographic analysis [18] showed that the increase in B.1.1.7 importation rates into

lower-tier local authorities (LTLAs) closely matched the early growth rates of SGTF cases in

those areas, such as Birmingham, Liverpool, and Manchester (Figure 2.4). We also calculated

the regional difference between SGTF and non-SGTF case growth rates, and found an additive

increase in SGTF growth rate of 0.0715, which corresponded to median multiplicative advantage

of 1.576, assuming a generation time of 6.5 days. This was qualitatively similar to those reported

previously [80, 91] with the caveat that generation times may differ between B.1.1.7 and other

lineages [92, 93] (Figure 2.3B).

The positive correlation between the difference in case growth rates and the B.1.1.7 im-

portation rate grew during the latter half of the November lockdown and remained very high

(R2 > 0.75) until mid-December, before declining. This trend persisted even when we accounted

for uncertainties in the estimated number of infections across Greater London, and by restricting

the LTLAs in the analysis once they reached different levels of SGTF sample proportions (Figure

A.4). Our results remained robust across different data and methods used to estimate B.1.1.7

importation rates. The continued export of B.1.1.7 from Greater London and Kent partially ex-

plained the decline in growth advantage estimates for B.1.1.7 during the second half of December

2020, before the implementation of stricter control measures on December 20 (Tier 4).
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Figure 2.3: Weekly growth rates per LTLA for SGTF and non-SGTF cases. (A)
Rolling 7-day average growth rates of SGTF and non-SGTF cases at the LTLA level. Each line
represents an LTLA and shows a smoothed trend to illustrate the growth rates. (B) Symbols
represent weeks between November 15 (week 1) and December 20 (week 6) and colors represent
LTLAs.
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Figure 2.4: Case growth rates of B.1.1.7 were correlated with human mobility and
attack rates across the UK. (A) Seven-day rolling average number of cases reported with
SGTF (blue) and non-SGTF (red) for Birmingham, Liverpool, and Manchester. The black line
represents the weekly number of independent introductions estimated from the phylogeographic
analysis, and the gray shaded area indicates the timing of the second (5 November to 1 December)
and start of the third (5 January) English lockdown. (B) Seven-day rolling average growth rates
of SGTF cases in Greater London (red line) and outside of Greater London (dark blue line),
and the grey areas represent the 95% confidence intervals. (C) Association between per-LTLA
difference between SGTF and non-SGTF case growth rates (adjusted for variations in sampling
intensity of SGTF cases over time) and number of B.1.1.7 importations into that region, as
estimated from prevalence surveys and human mobility (gray dots) (See Appendix Figure A.3
for the R2 when cases were not scaled up). The gray area shows the time of the second England
lockdown. Conditional R2 is the proportion of variance explained by both fixed and random
effects in the model.

2.4.2 Factors contributing to the growth of Delta

Table 2.4 summarizes the UTLA-level data used in the analyses over roughly 10 weeks. On

average, there were 139 estimated introductions of the Delta variant across UTLAs (range: 0-

4777) during this period, according to the phylogeographic analysis. Average vaccine coverage of

1st and 2nd doses across UTLAs was 50.1% (range: 1.3%-65.3%), and 23.6% (range: 0.6%-34.8%),

respectively.

Overall, growth rates of the Delta variant varied substantially across different locations and
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weeks in England (Figure 2.5A, Figure 2.6). Our model indicated that the most important

predictor of Delta’s growth (relative to Alpha) across UTLAs in England was the within-UTLA

human mobility (Table A.1 shows the out-of-sample predictive performance of variables). This

refers to the relative changes in weekly mobility within-UTLAs compared to the pre-pandemic

period (Figure 2.5A, B). The critical role of within-UTLA mobility during the emergence of a

new variant was unsurprising, as pre-emptive restrictions on movement and social interactions

tend to slow the spread of new pathogens or variants (see counterfactual scenarios in Figure 2.6.

The relaxation of NPIs therefore, increased both within- and among-region transmission (Figure

3C in [19]).

Figure 2.5: Variation in Delta growth rates across UTLAs in England. (A) The increase
in Delta frequency compared with Alpha at the UTLA level. UTLAs are coloured according
to the level of average within-UTLA mobility: high, the five UTLAs with the highest within-
location mobility; low, the five UTLAs with the lowest within-location mobility; medium, the
remaining UTLAs. Solid lines show data for given UTLAs; dashed lines show LOESS curves fit
to the data for each mobility category. (B) Examples of weekly growth (the solid line corresponds
to posterior medians) of UTLAs with high (left) and low (right) within-UTLA mobility. The
shaded regions represent the corresponding 95% Bayesian credible intervals (2.5th and 97.5th

quantiles of the posterior distribution). In (A), data are shown only for UTLAs with 500 or
more sequenced samples.

To assess the impact of mobility as a covariate, we computed the estimated proportion of Delta

samples under different scenarios of within-UTLA mobility, while holding all other covariates took
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their observed values. Specifically, we considered counterfactual scenarios where within-UTLA

mobility was set to its minimum value (0) and maximum value (1). The minimum value of 0

represents no movement within the location, while the maximum value of 1 corresponds to the

highest recorded movement within the location during the period from 22 March 2020 to 6 June

2021 (as described in Methods section 2.3.2.1). The results of these counterfactual simulations are

shown in Figure 2.6. In Cornwall, East Sussex, North Yorkshire, the Isle of Wight, and Rutland,

observed mobility levels were notably lower than maximum potential mobility, likely because

residents could afford to reduce their movements. The average Index of Multiple Deprivation

score across these areas was approximately 16, indicating lower levels of deprivation compared

to a score of 20 for other LTLAs, highlighting their relatively favorable conditions to reduce

mobility.
Variable Mean (minimum, maximum)
Number of weeks with data 10 (9, 11)
Number of introductions of Delta 139 (0, 4777)
Cumulative 1st dose of vaccination (%) 50.1 (1.3, 65.3)
Cumulative 2nd dose of vaccination (%) 23.6 (0.6, 34.8)
Within-UTLA mobility 0.8 (0.6, 0.9)

Table 2.4: Summary of the data used in the excess growth analysis of Alpha VOC
The mean (minimum, maximum) of the UTLA-level data over the course of the study.
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Figure 2.6: Counterfactual scenarios for the impact of within-UTLA mobility. (A)
Estimated and observed proportions of Delta variant samples across UTLAs, for various coun-
terfactual scenarios: minimum (purple) and maximum relative within-UTLA mobility (yellow),
observed within-UTLA mobility (light blue). All lines represent median posterior estimates us-
ing the model with epiweek and within-UTLA mobility as covariates which was fit to data from
2021: epiweeks 13–21.

2.4.2.1 Model checks for Delta

Model comparison

Our best model included within-UTLA mobility and time since baseline, which outperformed the

model where we included no covariates (Appendix Table A.1). A model including the cumulative

proportion vaccinated with a second dose, time since baseline and within-UTLA mobility also

outperformed the model with no covariates. However, the improvement in prediction accuracy

was minimal, and this was the only model outperforming the no covariate model which included

vaccinations, so we do not take this as strong evidence of the importance of vaccination in
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slowing Delta growth. Our model’s fit did not improve when incorporating weekly numbers of

independent viral introductions estimated from genomic data or vaccination rates (Appendix

Table A.1).

Prior and posterior predictive checks

The posterior predictive check (in Figure 2.7B) for delta frequency (proportion or penetration

within a UTLA) demonstrated that majority of the observed values were within the 95% credible

intervals of the model predictions, indicating that our model provided a good fit to the data.

As another measure of model appropriateness, we compared the raw estimates to the modelled

growth rate (on the log odds scale) in Appendix Figure A.5. The goal was for the generated

data to closely resemble the observed data, indicating that the model accurately captures the

underlying processes. We observed substantial overlap between the observed growth rates and

the posterior median of the modeled relative growth (falling within its 95% credible intervals).

Figure 2.7: Posterior predictive simulations for the Delta frequency. The orange
point-ranges display the observed data (points indicate posterior medians and whiskers indi-
cate 2.5%–97.5% posterior quantiles assuming a uniform prior for each independent data point).
The blue shaded region represents the posterior simulated 2.5%–97.5% quantiles and lines indi-
cate median simulation values.
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2.5 Discussion

Throughout the COVID-19 pandemic, genomic surveillance has played a crucial role in identifying

and tracking the emergence of SARS-CoV-2 variants. Combining genomic data with statistical

methods, as described in this paper, helps reveal the drivers of transmission and inform public

health responses. This interdisciplinary approach is especially vital in time-sensitive situations,

allowing for a more holistic understanding of the problem.

This chapter presents work done during the critical time of the rapid rise and spread of

Alpha and Delta VOCs in the UK. It specifically foccusses on using importation patterns from

phylogeographic analysis done by my collaborators to be used as inputs into the statistical

models which aim to describe drivers of growth rates. Additionally, it builds on previous work

in the literature [80] by incorporating covariates to investigate the factors influencing the spatial

variability in the growth of new VOCs.

For Alpha, we observed that its emergence in the UK was associated with high levels of its

exportation from a source location within England. The early growth rates likely reflected the

increased transmissibility of the variant, and connectivity of areas to the source location (Greater

London and Kent).

In contrast to the Alpha variant, which spread from a single location in the south east of

England due to its connectivity, we found that Greater London was played a lesser role in the

expansion of Delta across the country. The phylogeographic analysis revealed that imports from

India, and later other countries, found a fertile ground to expand as social restriction were easing.

Soon after its introduction, local transmission patterns became more important in establishing

this VOC.

Our analyses rely on the use of aggregated mobility data which have a number of limitations.

This data is limited to smartphone users who have opted-in (the default is for these data not

to be collected for a user) to sharing their location through the Google location history feature.

And it may not be representative of the wider population.

We have conducted statistical analyses that revealed associations between a set of predictors

and the outcome, specifically the growth of a VOC. While these insights are valuable in identifying

relationships, it is crucial to recognize that these estimates of association do not imply causation.

Causal inference is important because it allows us to understand the underlying mechanisms

driving these relationships and assess the true impact of various drivers on VOC growth. An
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essential extension of this work would involve developing causal models to derive insights into

how different factors influence the growth of VOCs, thereby enabling more effective interventions

and public health strategies. Given that mobility is a key predictor of transmission dynamics,

another extension of this could be to develop intricate models that explore the dynamic feedback

loop between individual behaviors in response to an epidemic and how these behaviors, in turn,

influence the spread of the disease.

Our findings underscore that while genetic changes in emerging variants are crucial in deter-

mining if a variant will replace an existing lineage, mobility patterns governed by connectivity

to high transmission areas, and changes in contact patterns due to the implementation of non-

pharmaceutical interventions are critical in governing the spatial transmission dynamics of VOCs.
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Chapter A

Appendix - Impact of human behaviour on the

invasion of SARS-CoV-2 variants of concern

Covariates log-likelihood
epiweek, within-UTLA mobility -11,321
epiweek -11,475
epiweek, within-UTLA mobility, cumulative proportion of 2nd

dose of vaccination
-11,487

no covariates -11,546
epiweek, cumulative proportion of 2nd dose of vaccination -11,693
epiweek, cumulative proportion of 1st dose of vaccination -11,708
within-UTLA mobility -11,865
cumulative proportion of 2nd dose of vaccination -12,090
cumulative proportion of 1st dose of vaccination -12,464
epiweek, introductions (2 week lag) -35,702
introductions (2 week lag) -36,210
introductions (1 week lag) -122,778
epiweek, introductions (1 week lag) -136,796
introductions -150,302
epiweek, introductions -166,290

Table A.1: Out of sample prediction (leaving out the last two weeks of data). Com-
paring models across a suite of covariate combinations.
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Figure A.1: Ratio of number of samples that have information about SGTF status
compared to all reported cases. The box plots included ratios for each LTLA. Each box
plot displays the median (middle horizontal line), interquartile range (top and bottom horizontal
line), and potential outliers (dots).

Figure A.2: Association between LTLA specific excess growth rates and mobility and
imports beyond 20 December 2020. Association between per-LTLA difference between
SGTF and non-SGTF case growth rates (adjusted for variations in sampling intensity of SGTF
cases over time in grey) and number of B.1.1.7 importations into that region, as estimated from
prevalence surveys and human mobility.
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Figure A.3: Association between LTLA specific excess growth rates and mobility
and imports for observed and scaled up cases. Association between per-LTLA difference
between SGTF and non-SGTF case growth rates (adjusted for variations in sampling intensity
of SGTF cases over time in grey and not adjusted in blue) and number of B.1.1.7 importations
into that region, as estimated from prevalence surveys and human mobility.

Figure A.4: Sensitivity results of only including data once Alpha crosses thresholds of
0.2 and 0.6 in an LTLA. (A) Association (conditional R2) between LTLA specific difference
between SGTF and non-SGTF case growth rates and number of importations as measured by
estimated number of importations from prevalence surveys and human mobility (blue dots) and
as measured by the genomic data (red dots). Grey area shows the time of the second English
lockdown. (B) Same as (A) but only keeping subsequent rows for a given LTLA once 0.2 threshold
of daily SGTF count/(SGTF count + non-SGTF count) is crossed. (C) Same as (A) but only
keeping subsequent rows for a given LTLA once 0.6 threshold of daily SGTF count/(SGTF count
+ non-SGTF count) is crossed.

39



Figure A.5: Observed (raw) vs posterior predicted growth rates. Time-varying rela-
tive growth of Delta (on the log odds scale). The shaded regions represent the corresponding
2.5%–97.5% Bayesian credible intervals. The orange points indicate the raw growth rates calcu-
lated directed from the data (note, there are missing values in these data due to the presence of
dates when no samples were taken or when the frequency of Delta remained at 0% or 100%).
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Chapter 3

SARS-CoV-2 transmission dynamics between

sociodemographic groups

In October 2022, I joined the EY-Oxford Health Analytics Consortium, appointed by the UK

Health Security Agency to conduct a retrospective review of England’s COVID-19 testing pro-

gramme. As part of the statistics team, I initially focused on evaluating three testing services:

those for schools, healthcare workers, and adult social care. By January 2023, after gaining a

clearer understanding of the extensive data, testing policies, and protocols, I shifted my focus to

examining how test usage varied across different vulnerable groups in society. Chapters 3 and

4 detail the specific research questions and methods developed to address this issue. This work

in press with The Lancet Digital Health and is available as a preprint [94]. The manuscript

is divided into two chapters presented here to highlight the range and depth of the methods

and analyses used to understand biases in SARS-CoV-2 testing among various sociodemographic

groups over the 18-month study period. I led this project, including conceiving the research plan

and developing methods in collaboration with Prof. Ben Lambert (BL), Dr. Siyu Chen, and Dr.

Richard Creswell. I performed all the analyses, interpretation, writing, and revisions, along with

BL and Dr. Reshania Naidoo.

Bajaj, Sumali*; Chen, Siyu*; Creswell, Richard*; Naidoo, Reshania*, Tsui, Joseph L.-H*; et

al. “Understanding COVID-19 testing behaviour in England through a sociodemographic lens.”

medRxiv (2023). https://doi.org/10.1101/2023.10.26.23297608

In the previous chapter I quantified the spatial heterogeneity in the rise of Alpha and Delta vari-

ants of concern (VOCs). Building on these insights, in this chapter I quantify how transmission

patterns varied not only spatially, but also across sociodemographic groups.
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3.1 Abstract

Understanding patterns of transmission at fine scales is crucial for determining targeted and

effective intervention strategies, particularly because transmission is thought to respond to local

conditions.

We used mass testing data for lateral flow device (LFD; data for 290 million tests performed

and reported) and polymerase chain reaction (PCR; data for 107 million tests performed and

returned from the laboratory) tests made available for the general public, provided by date,

self-reported age and ethnicity at lower tier local authority (LTLA) level. Using a mechanistic

causal model to debias the PCR testing data, we obtained estimates of weekly SARS-CoV-2

prevalence by self-reported ethnic groups and age groups for LTLAs in England. This approach

to debiasing the PCR (or LFD) testing data also estimated a testing bias parameter defined as

the odds of testing in infected versus not infected individuals, which would be close to zero if the

likelihood of test seeking (or seeking and reporting) was the same regardless of infection status.

We also estimated the daily incidence allowing us to determine the fraction of cases captured by

the testing programme.

From March 2021 onwards, individuals in the most deprived regions reported approximately

half as many LFD tests per-capita than those in the least deprived areas (Median ratio [Inter

quartile range, IQR]: 0·50 [0·44, 0·54]). During October 2020 – June 2021, PCR testing patterns

were in the opposite direction (Median ratio [IQR]: 1·8 [1·7, 1·9]). Infection prevalences in Asian

or Asian British communities were considerably higher than those of other ethnic groups during

the Alpha and Omicron BA.1 waves. Our estimates indicate that the England COVID-19 mass

testing program detected 26% - 40% of all cases (including asymptomatic cases) over the study

period with no consistent differences by deprivation levels or ethnic groups.

Our work shows how mass testing data can be used in conjunction with surveillance surveys

to identify gaps in the uptake of public health interventions at fine scale levels and by sociodemo-

graphic groups. It provides a framework for monitoring local interventions and yields valuable

lessons for policymakers in ensuring an equitable response to future pandemics.
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3.2 Introduction

The English national COVID-19 testing programme was rapidly implemented and significantly

expanded, distributing a total of 2 billion lateral flow devices (LFDs) and registering 158 million

polymerase chain reaction (PCR) tests, between October 2020 and March 2022 [77].

Although the testing programme was rolled out as a public health intervention with the

primary aim of reducing onward transmission and a means to reopening society, it can also give

us insights into the the underlying transmission in the population. However, relying solely on

testing data would yield biased estimates of the infection prevalence. This is because: (i) PCR

tests were primarily used for symptomatic testing or as part of test-to-release protocols [95] and

do not capture all the asymptomatic infections, and (ii) although LFD tests were recommended

for asymptomatic testing, they likely suffer from reporting bias, unlike PCR tests.

On the other hand, community surveillance random sampling survey testing programmes

such as REACT-1 [96] and ONS CIS [88] provided a gold-standard measure of infection preva-

lence; they had large sample sizes nationally and could produce precise estimates of prevalence

at this level. However, at combinations of fine geographic or other scales (LTLA level and so-

ciodemographic groups), the effective sample size in such surveys is much reduced, particularly

because SARS-CoV-2 prevalence was generally low (< 10%).

To integrate insights from both mass testing and community surveillance random sampling

surveys, we implemented and extended the debiasing methodology of Nicholson et al. [65],

leveraging the extensive mass testing dataset from the UK Health Security Agency (UKHSA).

Our analysis focussed only on the Pillar 2 testing data, which includes PCR and LFD tests made

available to the general public (not including tests made available to individuals with clinical

need, and health and care workers through Pillar 1).

The debiasing method uses swab results from the REACT-1 study to correct for biases in

the PCR mass testing data and so produces fine-scale PCR swab positivity rate estimates at a

higher precision than possible through the community surveillance survey alone.

An uptick in cases may signal future increases in hospitalisations and deaths. However,

case data are imperfect, being influenced by changes in both the true incidence of infection and

changes in testing / test reporting behaviour. To address this, we developed a novel methodol-

ogy to estimate the time-varying SARS-CoV-2 infection incidence for sociodemographic groups.

Additionally, this allowed us to estimate the reach of the national testing programme.
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This chapter provides a framework for estimating key epidemiological quantities: prevalence

and incidence, at a fine spatial and sociodemographic scale, which can be used by local decision-

makers to design and adapt equitable interventions. In this chapter and the next, when I refer

to incidence and prevalence, I specifically mean infection incidence and infection prevalence.

3.3 Methods

3.3.1 Data pre-processing

3.3.1.1 LTLA codes

Due to LTLA boundary reassignments, some historical LTLA codes are now inactive, so we

updated them and assigned regions (as given by the Office of National Statistics) where necessary

according to Table 3.1 below.

Inactive LTLA codes New LTLA codes
E07000004, E07000005, E07000006,
E07000007

E06000060

E06000029 E06000058
E07000049 E06000059
E07000150, E07000152, E07000153,
E07000156

E06000061

E07000151, E07000154, E07000155 E06000062
E07000205, E07000206 E07000244
E07000201, E07000204 E07000245
E07000190, E07000191 E07000246

Table 3.1: LTLA code reassignment for inactive codes.

LTLA code Region
E07000004, E07000005, E07000006,
E07000007

South-East

E07000009 East
E07000150, E07000151, E07000152,
E07000153, E07000154, E07000155,
E07000156

East Midlands

Table 3.2: Regions assigned to LTLAs where this information was missing.

The Isles of Scilly and City of London had no data on ethnicity (LTLA codes = E06000053

and E09000001 respectively) and were removed from the ethnicity analysis.
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3.3.1.2 Deprivation

ONS published the Indices of Deprivation (IoD2019) based on 39 separate indicators, organised

across seven distinct domains of deprivation (Income Deprivation (22.5%), Employment Depri-

vation (22.5%), Education, Skills and Training Deprivation (13.5%), Health Deprivation and

Disability (13.5%), Crime (9.3%), Barriers to Housing and Services (9.3%), Living Environment

Deprivation (9.3%)) which are combined and weighted to calculate the Index of Multiple Depri-

vation 2019 (which we abbreviate as ‘IMD’). This is an overall measure of multiple deprivation

experienced by people living in an area and is calculated for every Lower-layer Super Output Area

(LSOA) and was aggregated to other administrative levels by the ONS. The calculate the LTLA

level measure by taking the population weighted average of all the LSOA scores in each LTLA.

In this chapter, each LTLA was assigned to one of nine groups according to this aggregated

‘IMD- Rank of average score’ [97], with one and nine corresponding to most and least deprived,

respectively. E06000060, E06000061, E06000062, do not have an IMD assigned to them in the

latest dataset and were dropped from the analysis.

3.3.1.3 Ethnicity

The ethnic population data were available only to the nearest thousand [98]. These estimates

(published by the Office of National Statistics on 04 December 2019) were based on the Annual

Population Survey (which is the Labour Force Survey plus various sample boosts), the mid-year

population estimates and the 2011 Census, using the method described in [99]. A little over

half (53%) of the LTLAs had zero as inputs for certain ethnic group populations, which meant

that the true number could be a fraction between zero and one (in thousands). In this case,

we assumed 0.5 (in thousands) or 500 individuals belonged to such a group in a given LTLA.

We now describe the process of assigning ethnic population sizes by LTLAs to match the 2020

population estimates [100]. Let Y 0
ij be the population (in thousands) of the ith ethnic group in

LTLA j, and
∑

i Y
0
ij = Y 0

j was the population of LTLA j from the ethnic population data from

2019 [98]. According to the assumption mentioned above, we updated Y 0
ij as follows:

Yij =


Y 0
ij , if Y 0

ij > 0,

0.5, otherwise,
(3.1)

and
∑

i Yij = Yj was the updated population size of LTLA j. We then calculated the proportion

45



pij of ethnic group i in LTLA j as:

pij =
Yij
Yj

. (3.2)

These proportions were then multiplied by the mid-2020 population size estimates [100] for

the LTLAs, Y new
j , to obtain scaled up new ethnic group population sizes in LTLAs, Y new

ij :

Y new
ij = pijY

new
j . (3.3)

Reclassifying Prefer not to say/Unknown ethnicities

In the Pillar 2 mass PCR and LFD testing data, individuals self-reported their ethnicities and had

the choice to select the option of “Prefer not to say/Unknown”. We reclassified these responses

in the ethnicity column according to the proportion of other ethnicities for each day (or week)

in a given LTLA.

For instance, let us consider reclassifying Xun,i,t, which represents the number of LFD-positive

cases with unknown ethnicity reported in the ith LTLA during week t. The number (and pro-

portion) of LFD-positive cases in this LTLA with self-reported ethnicities for each of the eth

ethnic groups – “Asian or Asian British”, “Black; African; Black British or Caribbean”, “White”,

“Mixed or Multiple ethnic groups”, and “Other ethnic group” is defined as Xeth,i,t (with propor-

tion peth,i,t =
Xeth,i,t

Xi,t
), where Xi,t =

∑
ethXeth,i,t is the total number of LFD-positive cases with

self-reported ethnicities in LTLA i during week t. Then Xun,i,t was reclassified and the updated

numbers for the known ethnic groups was given by:

Xnew
eth,i,t = Xeth,i,t + (peth,i,tXun,i,t). (3.4)

For example, say there were 10 LFD positive cases (Xun,i,t) reported during a given week

in an LTLA that were classified as “Prefer not to say/Unknown” ethnicity, and Xeth,i,t was

disaggregated as the following: say there were Xa,i,t = 20 LFD positives classified as “Asian

or Asian British”; Xb,i,t = 30 as “Black; African; Black British or Caribbean”; Xw,i,t = 30 as

“White”; Xm,i,t = 10 as “Mixed or Multiple ethnic groups”; and Xo,i,t = 10 as “Other ethnic

group”. Then after the redistribution the number would be Xnew
a,i,t = 20+(0.2*10) = 22, Xnew

b,i,t =

30+(0.3*10) = 33, Xnew
w,i,t = 30+(0.3*10) = 33, Xnew

m,i,t = 10+(0.1*10) = 11, Xnew
o,i,t = 10+(0.1*10)

= 11, respectively.
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3.3.1.4 Age

Age group bounds were not always consistent between REACT-1, mass testing datasets, and

population estimates, and we assumed equivalence between age groups as described in Table 3.3

below:

REACT-1 Testing and population size
data

5-11 4-11
12-17 12-17
18-24 18-23
25-34 24-33
35-44 34-43
45-54 44-53
55-64 54-63
65-74 64-73
75+ 74+

Table 3.3: Age groups bins in REACT-1, mass testing, and population data. Ages (in
years) included in age-group bins in REACT-1 and in either the Pillar 2 testing data obtained
from UKSHSA or the population size data.

3.3.2 Variant time periods

3.3.2.1 Data

To calculate the weekly frequencies of Variants of Concern (VOCs) in England, i.e., the weekly

proportion of SARS-CoV-2 infections that were of a particular VOC, we used weekly lineage

counts from genomes sequenced at the Wellcome Sanger Institute, downloaded from https:

//covid19.sanger.ac.uk/downloads (last accessed on 28 July 2023). Lineages were assigned

according to the PANGOLIN nomenclature [101], and the number of each lineage is enumerated

by week (according to sample dates) and LTLA.

3.3.2.2 Method

To obtain estimates of the weekly lineage frequencies at the national level, lineage counts were

aggregated over all LTLAs in England. We considered only the major waves of VOCs that

occurred during the study period, so weekly genome counts were further aggregated according to

whether the lineage belongs to Alpha (all sub-lineages of B.1.1.7 and Q), Delta (all sub-lineages

of B.1.617.2 and AY), and Omicron (all sub-lineages of B.1.1.529 and BA). Lineages that did

not fall under these three VOCs were considered as “wild-types”. The weekly frequencies of these
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three VOCs and the wild-type of SARS-CoV-2 were calculated at weekly intervals throughout

the study period. To estimate the time periods during which these three VOCs were dominant,

we used the first and last date when the frequencies of each VOC exceeded 90%. The time

periods where each variant was dominant are as follows (Figure 3.4, 3.1):

• Alpha: 30 January 2021 to 24 April 2021

• Delta: 5 June 2021 to 4 December 2021

• Omicron: 1 January 2022 to 14 May 2022 (although our analysis period ended on 31 March

2022)

Figure 3.1: Variant time periods. Time periods during which the Alpha, Delta and Omicron
(left-to-right in figure) variants of concern (VOC) were dominant (≥ 90% relative prevalence) in
England. The solid curves are the VOC-specific weekly proportions using lineage counts from
the Wellcome Sanger Institute [102], and the dashed coloured lines delineate the time periods
when the relative proportion of each of the VOCs equalled or exceeded 90%.

3.3.3 Causal debiasing approach for obtaining time-varying estimates of

SARS-CoV-2 prevalence at fine scale resolution

3.3.3.1 Method

This method compares REACT-1 and the Pillar 2 mass testing data at a “coarse” level (e.g.,

administrative regions, IMD regions, or age-group) and outputs a testing bias, which is given by:

Ω = log
[

odds(tested | infected)
odds(tested | not infected)

]
. (3.5)
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Ω at this coarse level was then used to correct Pillar 2 testing data at a lower level (e.g.

LTLA or ethnicity within LTLA or age-group within LTLA) to produce estimates of SARS-

CoV-2 prevalence at this scale. The coarse and fine scale levels for obtaining the different sets

prevalence estimates are described in Table 3.4

In essence, the method estimates testing bias at a coarse scale where there are high numbers

of both community surveillance survey tests and mass tests. These biases are then propagated to

the nested finer spatial scales to estimate prevalence, making use of the sufficiently large volume

but biased mass testing data at fine scales. Implicitly, this means that we assumed that biases at

coarse scales were representative of those at finer scales, and violations in this assumption would

result in biased estimates of infection prevalence.

The REACT-1 data consisted of numbers of tests conducted by week within each LTLA,

along with the results of these tests. In LTLA-weeks with fewer than five observations, the data

were censored if there were any positives to ensure the data were not identifiable.

For plotting purposes, we obtained national (or regional) ethnic-group prevalences by a

weighted mean of our fine scale ethnic-group SARS-CoV-2 prevalence estimates and the re-

spective population sizes of these groups in LTLAs (Figure 3.5A). For national-level plots of

prevalences by age, we used a weighted mean of the fine scale SARS-CoV-2 prevalence estimates

and the respective population size of each age-group within an LTLA (Figure 3.5B).

While it is not a key output of this chapter, we also estimated LTLA-specific prevalences when

these fine levels were nested in their nine administrative regions of England (as done previously

[65]). This was used for model comparison as described in the Model comparison section 3.3.5

below, to plot the spatial prevalence maps (Appendix Figure B.3), and to calculate national

incidence and case detection ratios as well as to determine its association with IMD (see section

3.3.6 of Incidence and case detection ratio estimation and Figure 3.6A and B).

Sociodemographic group Fine scale levels Coarse levels
Deprivation (IMD) LTLAs National IMD levels
Ethnicity Ethnic groups within LTLAs Administrative regions of

England
Age Age groups within LTLAs National age groups
NA LTLAs Administrative regions of

England

Table 3.4: Summary of fine scale and coarse level groupings for the different debiasing
and incidence analyses.
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3.3.4 Association between LTLA prevalence and PCR testing behaviour

To test if PCR testing quantities were associated with prevalence, we performed weekly (t) linear

regressions between LTLA (i) specific prevalences, pt,i, and PCR tests performed per capita,

npcr,t,i, as follows:

E(npcr,t,i) = β0,t + β1,tpt,i. (3.6)

Then using the observed pt,i and estimated β0,t and β1,t, we predicted the weekly LTLA-

specific number of PCR tests performed per capita n̂pcr,t,i. We then used the weekly medians

and interquartile ranges of these predicted values by IMD to plot Appendix Figure B.4C.

3.3.5 Model comparison

We compared three different groupings to determine if IMD levels were appropriate as coarse

levels. This was done to compare the robustness of the prevalence estimates from our novel

coarse level grouping to the published methodology and results [65].

For this comparison, we had access to weekly LTLA-specific data from the REACT-1 study,

including the number of PCR tests performed and how many of those were positive. While we

had access to this data, we did not use it to calculate LTLA-specific prevalences due to the small

sample sizes in each LTLA. Instead, we used the data to compare the estimated prevalences

generated by different grouping methods and to determine which method produced estimates

most similar to the observed data.

We assessed the model’s fit by summing the log-likelihoods for the weekly fine-scale LTLA

prevalences. The likelihood was modeled using the Binomial distribution as follows:

Xpos,i,t ∼ binomial(Xtotal,i,t, previ,t), (3.7)

where Xtotal,i,t is the observed count of PCR tests, Xpos,i,t is the count of PCR positives from

the REACT-1 survey in LTLA i during week t, and previ,t is the posterior mean of the fine-scale

prevalence estimates.

The model with the higher likelihood (or log-likelihood) is considered a better fit to the data,

meaning its prevalence estimates for the LTLAs over the study period best explain the observed

REACT-1 PCR positive data.
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3.3.6 Incidence and case detection ratio estimation

3.3.6.1 Model

SARS-CoV-2 infection prevalence is dependent on recent histories of infection occurrence, which

we modeled using the following equation (with both SARS-CoV-2 prevalence and infection oc-

currence measured on the same scale). We defined an individual to be infection-positive if their

infection was detectable by PCR with a cycle threshold (Ct) value < 37.

θd =
∞∑
τ=1

wτ id−τ , (3.8)

where θd denotes prevalence on day d and id is the incidence on the same day; 0 ≤ wτ ≤ 1 is

the probability of being PCR positive given an infection which began τ days ago. If the set of

probabilities denoting PCR positivity {wτ}∞τ=1 were precisely known, the above equation provides

a linear system which can be inverted to determine an incidence time series {id}T1 . But these

probabilities are typically determined from regular testing data on individuals whose date of

exposure is known or can be determined with a degree of certainty [103], and these probabilities

likely changed throughout the course of the pandemic with the introduction of novel SARS-CoV-

2 variants [104]. To account for these imperfections in our knowledge of {wτ}∞τ=1, we assumed a

probabilistic relationship between incidence and prevalence of the form:

θd ∼ normal(
∞∑
τ=1

wτ id−τ , σinc), (3.9)

where normal(µ, σ) represents a normal distribution with mean µ and standard deviation σ;

we assumed that the θd were independent random variables, which would likely be violated in

presence of substantial autocorrelation in the misspecification of {wτ}∞τ=1; σinc is estimated and

characterises the degree of imperfections in our model.

We used a Bayesian framework to estimate infection incidence over time, {id}T1 , and assumed

a prior that the true infections were a constant to-be-estimated multiple of the reported cases

given by reported PCR and LFD positive counts as follows:

id =
reported casesd

case detection ratiod
, (3.10)

with case detection ratiod corresponding to the 15-day block that time d corresponds to. Within
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the 15-day intervals, we assumed the case detection ratio to be piecewise constant.

Since the reported cases are the dates the cases appear in the testing data, the date of

infections likely precedes these, and our assumption is that this lag is minimal relative to longer-

term changes in case reporting behaviours.

Our approach to estimate the true case incidence as described above required daily estimates

of prevalence and how the PCR detectability varied over the course of a typical infection through-

out the study period. We also chose to use positive test results reported via UKHSA’s Pillar

2 PCR and LFD data to improve the precision of our incidence estimates (Equation 3.10). We

elaborate on these three inputs below.

3.3.6.2 Daily SARS-CoV-2 prevalence estimates

For case detection ratios in Figure 3.6A and B we used LTLA-specific debiased prevalence esti-

mates obtained using the methodology explained in the section 3.3.3 Causal debiasing approach

for obtaining time-varying estimates of SARS-CoV-2 prevalence at fine scale resolution, where

the LTLAs were nested within the nine administrative regions of England (Table 3.4). These

were used to produce LTLA-specific incidences and then aggregated to produce national inci-

dence estimates. We also used publicly available national prevalence estimates published by ONS

[88] to obtain another set of national incidence estimates. For the ethnicity analysis, we used

the mean prevalence estimates for each ethnic group within LTLAs of England.

The debiased SARS-CoV-2 prevalence was itself estimated with a margin of uncertainty,

and we included this uncertainty in our analysis via a prior probability distribution which

links the true prevalence with that estimated by our incidence model (https://github.com/

sumalibajaj/equitytesting). The debiasing approach [65] estimated mean prevalence and

with uncertainty bounds, and the prevalence estimates from ONS had upper and lower uncer-

tainty bounds. We assumed that this uncertainty was captured by a normal distribution,

θt ∼ normal(θt,central, σt,central), (3.11)

where θt was the true prevalence for week t and θt,central was the mean prevalence estimate

from the debiasing methodology or as published by ONS, and σθ,t was the uncertainty in these

estimates. Standard errors were back-calculated from each of the lower (θt,lower) and upper

(θt,upper) bounds for weekly prevalences of each fine scale level and national ONS estimates as
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follows:

σθ,t,upper =
θt,upper − θt,central

1.96
,

σθ,t,lower =
θt,central − θt,lower

1.96
. (3.12)

We then took the average of these two standard errors and used it as the standard deviation

of the specified normal priors for prevalence in our model:

σθ,t =
σθ,t,upper + σθ,t,lower

2
. (3.13)

Since the models we used were formulated at the daily level, we approximated daily prevalence

(and its standard error) by linearly interpolating the weekly estimates. This likely understates

the uncertainty in daily prevalence but this source of uncertainty was unlikely to have affected

the qualitative trends we found across longer timescales.

3.3.6.3 The probability of detectable infection by PCR as a function of time after

infection

For the pre-Omicron period (defined as the period before 31 Dec 2021 in our analysis, see

section 3.3.2), we extracted the posterior median probability of PCR detectability for each day

subsequent to infection up to a maximum of 30 days (after which the probability of testing

positive via PCR was estimated as approximately zero) from Hellewell et al.[103] (Figure 3.2).

We assumed that the PCR detectability time curve was the same for all time periods before

Omicron; but since there was evidence that this changed for Omicron, we used updated estimates

[104] starting from 1 Jan 2022 to end of our study period. For the Omicron period, we used the

frequent testing data provided by Hay et al. [104] and estimated the proportion of individuals

with detectable infection by SARS-CoV-2 Omicron VOC (PCR Ct value < 37) for 30 days

since detection (Figure 3.2). Since these Omicron estimates represented the time since detection

opposed to infection, we crudely shifted the Omicron estimates by one day forward and used

Hellewell et al.’s [103] day one estimate of PCR detectability. Figure 3.2 provides a comparison

between the two profiles of PCR detectability up until 30 days since infection. The method

required at least 30 days of prevalence data to estimate incidence because we assumed that the

probability of detecting infection via PCR after 30 days since infection was zero.

53



Figure 3.2: The temporal profile of PCR detectability as a function of time since
infection. The dark blue and orange points represent probabilities before and after 15 December
2021, respectively. PCR positivity is defined as Ct value of less than 37.

3.3.6.4 Positive SARS-CoV-2 mass testing data

Since the Pillar 2 mass testing PCR and LFD positive data had weekly fluctuations, likely due

to reporting biases on certain days of the week, we smoothed the daily reported cases data using

a 7-day moving average centred on the day under consideration (Figure 3.3B).

REACT-1 and ONS incidence

The availability of two prevalence datasets (the REACT-1 surveys and the UK ONS CIS at the

national level only) made it possible for us to infer the true incidence of infection in England and

to compare this with the reported cases derived from the national mass testing programme. We

used the LTLA-specific prevalences estimated using Pillar 2 PCR data and REACT-1 data as

described above to estimate true incidence at the LTLA level and then aggregated it to get true

national incidence estimates. Using the ONS prevalence estimates for England, we estimated

another set of national incidences. We report time series of the average national case detection

ratios derived from REACT-1 and ONS-CIS datasets defined as the fraction of PCR and LFD

positive tests in the Pillar 2 dataset compared to the estimated true incidence, by LTLA-specific

sociodemographic groups.
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3.3.6.5 Model fitting

Because of the computational expense of full uncertainty quantification via Markov chain Monte

Carlo (MCMC), we used optimisation to fit our model to data, resulting in a single set of

parameters characterising the maximum a posteriori (MAP) estimates. The model was specified

using the Stan language and fitted via their default optimisation algorithm [90] with the highest

log-probability estimates amongst 5 separate optimisations constituting our parameter estimates.

3.4 Results

3.4.1 Trends in testing uptake and reporting

Over our study period, a total of 290 million LFD tests were reported with 2% of these results

positive; and 107 million PCR tests were registered with 13% of tests positive (Figure 3.3,

Appendix Table B.1). Distribution of PCR and LFD tests in the study data by ethnic and

age-groups is given in Table 3.5.

Figure 3.3: Number of total (and positive) PCR tests performed and LFD tests
reported in England. The light-coloured curves are the raw numbers, and the darker curves
display data that has been smoothed using a 7-day moving average (centred on the current day).

From October 2020 – June 2021, individuals in the most deprived areas (IMD=1) (Figure

3.4B) performed almost double (Median ratio [Inter quartile range, IQR]: 1·8 [1·7, 1·9]) the

number of PCR tests per capita compared to those in the least deprived (IMD=9) (Figure
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3.4E), and we speculated that this was due to the higher prevalence in deprived areas (Appendix

Figure B.4) during this period. Linear regression models for the PCR tests per capita suggested

that differences in prevalence explained some of the variation in testing across deprivation levels

(Appendix Figure B.4) [105]. On the other hand, LFD test reporting displayed the opposite

and a more pronounced trend, where those in the most deprived areas reported the fewest LFD

tests per capita, which held even after the roll-out of free asymptomatic testing on 9 April 2021

(Figure 3.4A). From March 2021, the median number of LFD tests reported per capita in the

most deprived areas was roughly half that in the least deprived (Median ratio [IQR]: 0·50 [0·44,

0·54]) despite more deprived areas having the highest prevalence (Appendix Figure B.4) [106].

Those in the Black ethnic groups had generally higher PCR testing coverages throughout the

analysis period (Figure 3.4G) [107, 108].

Sociodemographic group PCR tests (%) LFD tests (%)
Asian or Asian British 9,255,814 (8.7) 17,101,937 (5.9)
Black; African; Black British or Carribean 4,971,930 (4.7) 8,612,138 (3.0)
Mixed or multiple ethnic groups 2,839,243 (2.7) 6,683,269 (2.3)
Other ethnic group 663,134 (0.6) 979,015 (0.3)
White 89,101,561 (83.4) 256,850,878 (88.5)
Total 106,831,682 (100) 290,227,237 (100)

0-5 years 7,035,817 (6.7) 9,982,533 (3.5)
12-17 years 5,027,175 (4.8) 45,235,975 (15.8)
18-24 years 8,406,948 (8.1) 19,057,785 (6.7)
25-34 years 18,207,635 (17.6) 33,996,218 (11.9)
35-44 years 17,817,989 (17.2) 41,322,993 (14.4)
45-54 years 17,660,539 (17.0) 52,744,974 (18.4)
55-64 years 15,697,028 (15.1) 52,018,760 (18.2)
65-74 years 5,872,716 (5.7) 23,081,627 (8.1)
75+ years 7,956,088 (7.7) 9,084,901 (3.2)
Total 103,681,935 (100) 286,525,766 (100)

Table 3.5: Summary of testing data by sociodemographic groups. Number (and per-
centage) of PCR tests performed, LFD tests performed and reported by ethnic and age groups
between October 2020 and March 2022.

The roll-out of the universal testing offer sought to expand access to LFDs, but it corresponds

with a separation in LFD testing patterns across ethnic groups (Figure 3.4H), and, subsequently,

per capita LFD tests reported by White people were consistently higher than in other ethnic

groups (from April 2021 per capita LFD tests were 34% (IQR: 22%, 44%) higher in White people

versus Black people and 47% (IQR: 42%, 55%) higher in White people versus Asian people). Our
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Figure 3.4: Timelines, sociodemographic distribution, and testing data summary (A)
Timeline of the Alpha, Delta, and Omicron variants of concern and other important dates men-
tioned in our study (B) Spatial distribution of deprivation across England according to the rank
of population weighted average of scores for the LSOAs in a given LTLA. (C) Proportion of
White people across LTLAs. (D) Median age across LTLAs of England. (E, F) Weekly number
of PCR, LFD tests per person by deprivation levels. All LTLAs were assigned deprivation lev-
els from 1 to 9. (G, H) Weekly number of PCR, LFD tests per person by three ethnic groups
(Appendix Figure B.7 for the other two ethnic groups). (I, J) Weekly number of PCR, LFD
tests per person by four age groups ( Appendix Figure B.6 for the other age groups). The solid
vertical line corresponds to the date (11 January 2022) after which confirmatory PCR tests were
no longer required following a positive LFD test, and the vertical dashed line corresponds to
the date (9 April 2021) when free asymptomatic testing was made available to all individuals in
England. See Appendix Figure B.8 for variation in tests per person by LTLAs and sociodemo-
graphic groups.
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estimates of prevalence in White people were similar to or lower than for other ethnic groups

(Figure 3.5A) and similarly so for LFD positivity (Appendix Figure B.5) suggesting that they

performed and reported LFDs more frequently with asymptomatic or mild disease.

Working age populations had consistently the highest PCR testing coverages throughout the

evaluation period (Figure 3.4I, Appendix Figure B.6) followed by that in the oldest group (those

aged 75+). PCR testing coverages in secondary school-aged children (12-17) were more volatile,

likely driven by school terms and the high variability in prevalence in these groups (Figure 3.4B).

LFD test reporting trends were similar to those of PCR test seeking (Figure 3.4J), albeit with a

large spike in LFD testing in school-aged children after the roll-out of asymptomatic testing in

schools in March 2021 [109] (Figure 3.4A).

From 11 January 2022 onwards, confirmatory PCR tests were no longer required following a

positive LFD test result due to the high rates of COVID-19 across the UK [110], which explains

the sharp decline in PCR tests in (Figure 3.4E, G and I).

While the results described above are aggregated at the national level, there was variability

between the sociodemographic groups at the LTLA level (appendix Figure B.8). This variation

may be attributed to limited sample sizes, especially when we disaggregated the tests by self-

reported ethnic groups in LTLAs.

3.4.2 Prevalence

Using the debiasing method described in Methods section 3.3.3, we generated two novel sets

of prevalence estimates for each LTLA: one set, stratified by ethnic groups (Appendix Figure

B.1); another, by age group (Appendix Figure B.2). We also used the method to estimate the

LTLA-specific prevalence (Appendix Figure B.3) for deprivation levels.

During the Alpha wave, the SARS-CoV-2 prevalence in Asian people was considerably higher

than for Black people which, in turn, was higher than for White people (Figure 3.4A) [111].

During the Omicron BA.1 and BA.2 variant waves, the prevalence in Asian groups remained

highest and the lowest was observed in the Black ethnic group. This pattern was particularly

striking in the North-West, West Midlands, and Yorkshire and the Humber regions (Appendix

Figure 3.10) [18, 55, 19].

SARS-CoV-2 prevalence in secondary school-aged children surged much higher than in other

age groups during the VOC waves (Figure 3.4B) [112, 113]. Prevalence in the oldest age group

(75+) was generally lower than for others, although in early-mid 2022, it sharply increased and
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coalesced with the others [55, 113].

Figure 3.5: Estimated prevalence for ethnic groups at the national level. (A) Aggregated
weekly national prevalence estimates for ethnic groups. This was the population-weighted average
of posterior median estimates (solid lines) and 95% central credible intervals (shaded region) of
ethnic group-specific debiased prevalences in LTLAs. (B) Aggregated weekly national prevalence
estimates for age groups and 95% central credible intervals (solid and shaded areas respectively).
National prevalence and 95% confidence intervals for age groups estimated and obtained directly
from REACT-1 are shown as points and whiskers.

3.4.3 Incidence and case detection ratio trends

By comparing the estimated true underlying incidence (using REACT-1 and ONS estimates) to

reported cases (defined as PCR and LFD positive tests), we found that the Pillar 2 national

testing programme detected between 26%-40% of all infections across the entire evaluation pe-
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riod, although this was likely an overestimate because of potential double counting of LFD and

confirmatory PCR tests in the Pillar 2 data as well as multiple tests by the same person. This

ratio varied substantially over time and increased until January 2022 after which PCR tests

were no longer mandatory following a positive LFD test [110]. While the differences in the

REACT-1 and ONS derived ratios (Figure 3.6A) are likely explained by the differences in their

sampling strategies (and prevalence estimates), there were no notable persistent differences in

case detection ratios according to the deprivation levels of LTLAs (Figure 3.6B) [107, 108].

3.4.4 Prevalence model checks

3.4.4.1 Model fit check

In Figure 3.7 we plot the prevalence estimates for a selection of LTLAs along with their corre-

sponding REACT-1 and PCR estimates, highlighting how our debiasing method achieves a mid-

dle ground between the wide uncertainty intervals of the unbiased REACT-1 data and the precise

but biased estimates from mass testing PCR data. The LTLA-specific data from REACT-1 were

used solely for these plots (without being used in the debiasing method itself) to demonstrate

how the debiasing method can estimate fine-scale prevalences by utilizing REACT-1 and mass

testing data at the coarse scale and only the biased mass testing data at the fine scale.

3.4.4.2 Model comparison for deprivation analysis

We compared three different groupings to determine if IMD levels were appropriate as coarse

levels. (This was done to compare the robustness of the prevalence estimates from our novel

coarse level grouping to the published methodology and results [65].) The IMD-grouped model

was a moderately better fit to the data compared to using administrative regions as the coarse

level (Table 3.6). We also used a coarse grouping based on both IMD and administrative regions

because both groupings in isolation gave similar model fits (Table 3.6) and we hypothesised that

together they might be an even better fit to the data; in doing so we used only five deprivation

levels (instead of nine like above) to ensure there were enough LTLAs in each category, resulting

in 41 coarse groups overall. The models were fit at the coarse level (administrative region, IMD

or administrative region and IMD) meaning that the predictions made at the LTLA level were

largely independent of LTLA-specific characteristics (apart from the fact they belong to the

larger group). However, as the size of coarse groups gets smaller, there is greater correspondence

60



0%

25%

50%

75%

100%

C
as

e 
de

te
ct

io
n 

ra
tio

A

0%

25%

50%

75%

100%

C
as

e 
de

te
ct

io
n 

ra
tio

B

0%

25%

50%

75%

100%

Nov 2020 Jan 2021 Mar 2021 May 2021 Jul 2021 Sep 2021 Nov 2021 Jan 2022 Mar 2022

Date

C
as

e 
de

te
ct

io
n 

ra
tio

C

Estimated incidence using ONS prevalence Estimated incidence using REACT-1 prevalence

IMD 1 5 9

Ethnicity Asian or Asian British Black; African; Black British or Caribbean White

Alpha Delta Omicron

Figure 3.6: Estimated case detection ratios by sociodemographic groups. (A) Bi-
monthly national estimated case detection ratio over time, using PCR and LFD positive and
estimated incidence. The dark dashed and light brown curves represent ratios using REACT-1
and ONS prevalence data, respectively. (B) Case detection ratio over time by deprivation levels
(IMD). The dots (and error bars) represent the coefficient estimates (and standard error) of a
linear regression with LTLA specific case detection ratio as the dependent variable and IMD lev-
els as predictors for each month. Here IMD level 1 (black) and 9 (yellow) refer to the most- and
least-deprived areas, respectively. (C) Bi-monthly national case detection ratio tests by ethnic
groups. Shaded areas from left to right, correspond to the time periods of Alpha, Delta, and
Omicron VOCs respectively (defined in Methods section 3.3.2).
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Figure 3.7: Comparing LTLA level prevalence estimates from REACT-1, mass testing,
and from the debiasing methodology. Weekly prevalence estimates for the six LTLAs with
highest (first row) and lowest (second row) average weekly prevalence. The colours correspond
to different prevalences estimated using data from REACT-1 (blue), Pillar 2 mass testing PCR
tests (yellow) and the debiasing method (red). The REACT-1 and Pillar 2 PCR prevalences
are plotted with 95% central credible intervals, assuming uniform priors over the probability of
testing positive. The shaded area around the debiased prevalence is the 95% central credible
interval estimated by the model.
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between the LTLA level characteristics and those of the coarse groups to which they belong.

Because of this, our estimate of predictive accuracy between the model fit to 9 administrative

regions and 9 IMD regions is likely to be more comparable than the model fit to 41 regions. This

model had the highest predictive accuracy (Table 3.6) (see Methods section 3.3.5).

Coarse level Log-likelihood
5 IMD regions and 9 regions -106,594
9 IMD regions -107,138
9 Regions -107,330

Table 3.6: Model comparison results across different coarse groupings.

We were unable to do similar model comparisons for ethnicity and age-group prevalence

analysis because we did not have access to fine scale data on the number of tests and positives

by ethnic group or age group within LTLAs from REACT-1.

3.4.4.3 Sensitivity analysis for ethnic prevalence estimation

For LTLAs with zero (in thousands) population for a given ethnic group, we performed sensitivity

analyses by considering 0.2 as well as 0.8 thousand as population sizes in the two LTLAs with

highest and lower proportion of Whites each and saw similar prevalence estimates (Figure 3.8).

Points were close to the 45-degree line, indicating comparable prevalence estimates when using

0.2 and 0.8 compared to 0.5, as population sizes for LTLAs with zero population in a given ethnic

group.

3.4.5 Incidence model checks

3.4.5.1 MCMC vs MAP estimates

For computational efficiency, we used maximum a posteriori estimates of incidence instead of full

uncertainty quantification using MCMC (Methods 3.3.6.5). Figure 3.9 compares the MAP and

MCMC estimates for a subset of LTLAs with the highest and lowest proportion of individuals

in the White ethnic groups, and shows that for these, the estimated uncertainty obtained using

MCMC was minimal.

3.4.5.2 Model fit check

As discussed in the Methods section 3.3.6.4, we produced two sets of incidence estimates, one for

each source of prevalence data: the prevalence estimates outputted from our debiasing method-
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Figure 3.8: Sensitivity analysis of ethnic group prevalences in LTLAs. Comparison
between ethnic group prevalences for four LTLAs (with first two LTLAs having the maximum
proportion of individuals belonging to the White ethnic group; the last two having the minimum)
when we replaced the zero proportion of ethnic groups in the data by 0.5 (red and is used in the
main ethnic group analysis) by 0.2 (A: blue) and 0.8 (B: yellow). The horizontal and vertical
bars are the 95% central credible intervals from the debiasing methodology. The solid 45-degree
line is the line to compare how similar the estimates are.

64



Figure 3.9: Comparing MCMC and MAP estimates of incidence per capita. Com-
parison between the estimated incidence using MCMC and MAP for two LTLAs each with (A)
maximum and (B) proportion of individuals in the White ethnic group. The yellow solid curves
are the posterior median estimates and the shaded yellow region is the 95% credible interval from
the MCMC. The green dots are the parameter estimates with the highest log-probability across
five optimisations using Stan’s default optimisation algorithm.
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ology and another set from ONS. We were able to check the fit of our model to the data by

comparing the prevalence estimates determined by our model with those prevalences used to

fit it. For the ONS prevalence model, this was straightforward to visualise, and the fit to the

data was reasonable (Figure B.9). For the LTLA-level prevalence model fits, we computed the

root-mean-square error (RMSE) in predictions (using the central prevalence estimates from the

debiased Pillar 2 prevalences). In Appendix Figure B.10, we overlay our model-estimated preva-

lences with the LTLA-level estimates used to fit our model for the four worst- and four best-fitting

LTLAs. This showed that, generally, our modelled estimates were a reasonable fit to the data,

although there was a general reduction in model performance during the Omicron period – ei-

ther due to issues with the prevalence estimates used to fit the model or due to inappropriate

estimates of the probability of detecting infection by PCR throughout the course of infection.

Figure 3.10: Weekly regional prevalence estimates by ethnic group. These were
population-weighted average of posterior median estimates (solid curves) and 95% central cred-
ible intervals (shaded regions).

3.5 Discussion

Our work reveals the intricate and dynamic nature of COVID-19 testing patterns in England

throughout our study period (October 2020 – March 2022), illustrating strident differences in

test use and reporting between sociodemographic groups. These differences complicate and

obfuscate the real-time assessment of transmission across non-traditionally reported groups, and
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our prevalence estimates point towards an unequal burden of infection across them.

The PCR and LFD data from Pillar 2 which we explore offer complementary viewpoints of

testing uptake and behaviour since PCR test results reflect test uptake whereas LFD test data

were available only if individuals self-reported their results. However, only 15% of LFD tests

distributed were reported [77], and data on subnational test distribution were unavailable, which

prevented granular analysis of LFD uptake and reporting.

We found that prevalence levels explained variation in PCR tests per capita, but myriad other

factors likely also influenced PCR testing, including individuals’ age, their occupation, their risk

perception and their vaccination status, and a more comprehensive approach would be necessary

to probe further the observed differences in testing levels [105]. For LFD tests, we found that

in the least deprived areas there were about twice as many tests reported compared to the most

deprived areas – qualitatively similar to the results of the Liverpool COVID-19 study [106]. This

may be partly explained by the disproportionately low digital access and resources to report

LFDs, as well as lack of adequate support to isolate if testing positive. Black people had higher

PCR testing coverage over the entire duration of the analysis. Since our prevalence estimates do

not indicate a consistently higher prevalence in Black ethnic groups (Figure 3.5), it is possible

that this reflects a greater risk of symptomatic disease, access to tests through workplace, and

could also be partly explained by the ramping up of targeted community testing [107, 108]. The

CORSAIR study, conducted between March 2020 and January 2021, also found that financial

hardship, IMD, lower socioeconomic status and having a dependent child in the household were

associated with poorer recognition of symptoms and a lower likelihood of booking a test [114].

Prevalence was highest in ethnic minority groups (Asian and Black) during the Alpha wave,

as was found previously [111]. Additionally, during the Omicron wave, the prevalence in White

ethnic groups was higher than in Black ethnic groups. It is unclear what drove these complex

prevalence patterns which remained generally consistent across regions of England, but natural

and vaccine-induced immunity along with differences in mixing behaviour are possible explana-

tions [18, 55, 19]. The debiasing method implicitly assumed that all the LTLAs and their ethnic

groups within a specific administrative region had the same PCR testing bias and behaviour

since we did not have access to coarser ethnic group REACT-1 data. We also found that the

prevalence of infection was highest in school-aged children during the waves of VOCs, as has

been reported previously [112, 113], likely driven by the higher contact rates of this age group.

Prevalence among older age groups was typically lower, but notably increased during the Omi-
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cron period. This may have been partly due to the perceived lower risk of severe disease from

the Omicron variant, increased social mixing, and the generally high levels of vaccine coverage

in this group(27,30).

During the pandemic, a number of countries implemented mass testing as a control measure

[115] and established population-based prevalence surveys [116]. The world-leading REACT-1

and ONS-CIS community prevalence surveys rolled-out in England and the UK, respectively, used

representative samples of individuals to produce estimates of SARS-CoV-2 infection prevalence,

while adjusting for selection bias due to non-response [117, 88]. Ours and previous work has

shown how these high-quality, low-volume surveys can be combined with mass testing data to

determine fine spatial scale estimates of disease prevalence for specific sociodemographic groups.

These data could then be used to determine granular estimates of disease transmission, such

as the time-varying reproduction number. Such nowcasting approaches could be deployed in

real-time in future pandemics to improve disease surveillance, particularly to probe transmission

in minority risk groups and spatial areas for which community surveillance random sampling

surveys in isolation are insufficiently powered to estimate accurately. We also developed new

methodologies to estimate incidence, which revealed the extent of the national testing program’s

reach.

As part of the evaluation of the testing programme, we also had access to repeated testing

data from individuals, which can be useful in understanding behavioural aspects of testing. In

the next chapter, I will delve into the development and application of various metrics designed

to identify and quantify biases in testing behaviors. I will shed light on the factors that influence

how individuals use testing as a public health intervention and how these methods can reveal

differences in transmission and barriers to uptake.
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Chapter B

Appendix - SARS-CoV-2 transmission dynam-

ics between sociodemographic groups

Number of
tests

Number of
positives (%)

PCR tests performed with LTLA 106,986,026 14,021,052 (13.1)
PCR tests performed with ethnicity 106,831,682 13,933,106 (13.0)
PCR tests performed with age 103,681,935 13,554,671 (13.1)
LFD tests performed and reported with LTLA 290,462,387 7,007,391 (2.4)
LFD tests performed and reported with ethnicity 290,227,237 6,991,160 (2.4)
LFD tests performed and reported with age 286,525,766 6,441,966 (2.2)

Table B.1: Summary of Pillar 2 mass testing data. These include tests where there were
data with information on LTLAs or ethnicity or age.
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Figure B.1: Prevalence of SARS-CoV-2 in ethnic groups. (A) Asian ethnic group (B)
Black ethnic group, and (C) White ethnic group over time calculated using a weighted mean of
our fine scale prevalences and 95% central credible intervals of ethnic groups within LTLAs and
their respective population sizes. The maps show the ethnic group specific prevalences between
LTLAs during the mid-periods of Alpha, Delta, and Omicron VOCs as defined in section “Variant
time periods” 3.3.2. The map shading is given by the ratio between the prevalence of an ethnic
group in an LTLA and the national ethnic group specific prevalence during that week, indicating
deviations from the average country-wide prevalence.
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Figure B.2: Prevalence of SARS-CoV-2 in individuals by (self-reported) age groups.
(A) 12-17 years (B) 25-34 years, and (C) 75+ years over time calculated using a weighted mean
of our fine scale prevalences and 95% central credible intervals of age groups within LTLAs
and their respective population sizes. The maps show the age group specific prevalences between
LTLAs during the mid-periods of Alpha, Delta, and Omicron VOCs as defined in Supplementary
methods section “Variant time periods”. The map shading is given by the ratio between the
prevalence of an age-group in an LTLA and the national age-group specific prevalence during
that week, indicating deviations from the average country-wide prevalence.
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Figure B.3: Prevalence of SARS-CoV-2 in England over time and by LTLA. Using a
weighted mean of our fine scale LTLA prevalences and 95% central credible intervals and their
respective population sizes. The maps show the LTLA-specific prevalences during the mid-points
of Alpha, Delta, and Omicron VOCs as defined in Supplementary methods section “Variant time
periods”. The legend for the maps indicates a scale for the ratio between the prevalence of an
LTLA and the national prevalence during that week, indicating which areas were higher or lower
than the average country-wide prevalence.
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Figure B.4: Relationship between deprivation, SARS-CoV-2 prevalence and PCR
tests performed. (A) Aggregated weekly national prevalence estimates for IMD levels (1=most
deprived, 9 = least deprived). This was calculated by weighing the LTLA-specific debiased
prevalences and 95% central credible intervals by their population sizes into IMD levels. The
solid curves are the posterior medians and the shaded areas are the 95% central credible intervals.
(B) Observed weekly median volume of PCR tests per capita per LTLA by three levels of IMD and
shaded regions indicate the interquartile range across the LTLAs. (C) Predicted PCR volumes
from weekly regressions between LTLA specific prevalences and PCR volume. See Methods
section 3.3.4 “Association between LTLA prevalence and PCR tests” within the section 3.3.3
“Causal debiasing approach for obtaining time-varying estimates of SARS-CoV-2 prevalence at
fine scale resolution” for details about the analysis. The solid curves show the median volume of
predicted PCR tests and shaded areas indicate the interquartile range across all LTLAs according
to their IMD level.
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Figure B.5: PCR and LFD positive test performed/reported per capita by ethnic
groups. The vertical dashed line corresponds to the date (9 April 2021) when free asymptomatic
testing was made available to all of England.
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Figure B.6: Weekly number of PCR and LFD tests performed/reported per capita
by age groups in England. The vertical dashed line corresponds to the date (9 April 2021)
when free asymptomatic testing was made available to all of England.
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Figure B.7: Weekly number of PCR and LFD tests performed/reported per capita
by five ethnic groups in England. The vertical dashed line corresponds to the date (9 April
2021) when free asymptomatic testing was made available to all of England.
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Figure B.8: Aggregated LTLA- and sociodemographic group-specific PCR tests per-
formed and LFD tests reported per person. For each LTLA the number of PCR tests
performed per person and LFD tests reported per person are calculated by (A, B) deprivation
level, (C, D) ethnicity, and (E, F) age group. The solid lines and dots represent the median
tests per person by each subgroup and shaded regions indicate the interquartile range across all
LTLAs.
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Figure B.9: Model fit for the ONS national prevalence model. Comparing country
wide estimated (red curve) and observed (solid orange curve and shaded region for 95% central
confidence intervals) prevalence from ONS data. The blue and brown curves are the Pillar 2
PCR and LFD positive tests and estimated incidence, respectively, both as a proportion of the
population.

Figure B.10: Model fits for the REACT-1 based prevalence model at LTLA level.
Comparing countrywide estimated (red curve) and observed (solid orange curve and shaded
region for 95% central confidence intervals) prevalence for the (A) four worst and (B) best
performing LTLAs, with the highest and lowest RMSEs respectively. The blue and brown curves
are the Pillar 2 PCR and LFD positive tests and estimated incidence, respectively, both as a
proportion of the population.
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Chapter 4

Differences in SARS-CoV-2 testing behaviours

by sociodemographic groups

Using the mass testing data from the collaboration with UKHSA, we estimated the weekly

prevalence and daily incidence of SARS-CoV-2 for ethnic groups, ages and local authorities

in England for 18 months as described in Chapter 3. Since PCR and LFD tests were freely

available and reportable, our goal was to then determine if usage was consistent across different

sociodemographic groups across the 18 months of our study, throughout this extensive and critical

phase of the pandemic. This chapter details the metrics we developed from the extensive testing

dataset, which gave us insight into the testing behaviours and biases. These measures can be

utilized in real-time by local public health practitioners and policymakers to monitor and ensure

the equitable use of public health interventions.
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4.1 Abstract

Recognizing how access to and uptake of public health interventions such as testing in England

led to disparities in health outcomes between sociodemographic groups is essential for designing

and implementing equitable interventions in the future.

This chapter integrates utilises data on repeated testing from the Pillar 2 mass testing dataset

to identify and analyze disparities in public health intervention uptake among various sociode-

mographic groups.

Building on the debiasing analysis in the previous chapter, I present the biases in test uptake

and reporting patterns among different age groups, ethnicities, and deprivation levels. Using

confirmatory PCR data, we estimate false positivity rates, sensitivity, and specificity of the LFD

tests. Additionally, we model how the likelihood of a positive confirmatory PCR test decreases

with the time elapsed between an LFD positive result and the subsequent PCR test, highlighting

differences among ethnic groups. While we would not expect considerable differences between

ethnic groups, identifying any could reveal varying testing patterns.

These novel methods provide a framework to understand testing behaviors and biases, un-

covering significant disparities. For instance, the analysis shows that PCR testing biases 3.3.3

were higher compared to LFD testing, meaning that people were more likely to perform LFD

tests regardless of their infection status. During the invasion phases of the Delta and Omicron

variants of concern, the PCR testing bias in the most deprived populations was roughly double

(ratio: 2·2 and 2·7 respectively) of that in the least. These biases offer insight into how closely

the naïve estimates of prevalence from PCR and LFD tests across different sociodemographic

groups aligned with the actual infection rates, with lower testing bias suggesting that the naïve

estimates were more reflective of the true situation. We also determined that ethnic minorities

and older individuals were less likely to use confirmatory PCR tests through most of the study

period and that there was possibly a longer delay in reporting a positive LFD test in the Black

populations.

Differences in testing behaviours across sociodemographic groups may be reflective of the

relatively higher costs of self-isolation to vulnerable populations, differences in test accessibility,

digital literacy, and differing perception about the utility of tests and risks posed by infection.

The findings highlight the need for equitable public health strategies and demonstrate how

real-time data can guide more targeted and effective interventions. These methodologies could
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enhance disease surveillance and improve public health responses in future pandemics, especially

for minority risk groups and regions where traditional surveillance is less effective. The results

emphasize the importance of interdisciplinary collaboration in tackling public health challenges

and ensuring fair access to health interventions.

81



4.2 Introduction

Throughout the COVID-19 pandemic, numerous studies identified sociodemographic factors in-

cluding belonging to an ethnic minority group, older age, and social deprivation as being asso-

ciated with an increased risk of SARS-CoV-2 infection and worse health outcomes in England

[118, 119] and internationally [120]. It is crucial to understand how access to and/or uptake of

public health interventions may contribute to these inequalities.

In England, testing for SARS-CoV-2 played a crucial role as a public health intervention

during the COVID-19 pandemic, enabling the government to monitor disease transmission and

forming the cornerstone of self-isolation policies. However, it remained unclear whether testing

was delivered and taken up equitably across society [35, 121, 122, 123, 124]. The UK government

initiated mass testing in response to the pandemic, with the initial testing efforts starting in

March 2020 [31]. The testing programme, a key component of NHS Test and Trace (NHSTT),

played an integral role through its various services.

From May 2020 onwards, PCR tests were available for suspected COVID-19 cases, while LFD

tests for COVID-19 were rapidly developed and evaluated between December 2020 and April 2021

[125, 77]. Initially, LFD testing was rolled out to key populations, such as healthcare workers,

and later to the wider population through a universal testing offer. This universal testing offer

was a major component of the national programme, aimed at expanding asymptomatic LFD

testing, and was delivered through various channels, with rollout to the general public beginning

on 9 April 2021 [126].

As described in Chapter 3, we had unprecedented access to COVID-19 testing data for Eng-

land as part of a UK Health Security Agency (UKHSA)-commissioned retrospective evaluation

of England’s testing programme over the period from October 2020 to March 2022 [77].

In this chapter, I combine mass testing data with prevalence surveillance surveys to identify

gaps in the uptake of public health interventions among sociodemographic groups at fine geo-

graphical scales. I present analyses that quantify biases in test uptake and reporting patterns

across different sociodemographic groups, including age, self-reported ethnic group, and a mea-

sure of deprivation. Using confirmatory PCR data, I also present methods to estimated false

positivity rates, sensitivity and specificity. We also modelled how the probability of a positive

confirmatory PCR test declined with time elapsing between when the LFD positive was reported

and the PCR test subsequently taken, by ethnic groups. This is important because, first, the
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timing of positive LFD tests and the delay between confirmatory tests can impact the chances

of a positive PCR result, potentially leading to false negatives. Second, although we wouldn’t

expect substantial differences between ethnic groups, identifying any could provide insight into

varying testing patterns, such as earlier or later reporting of LFD results. And understanding

the policies in place at the time may further explain these behavioural differences.

The framework and outputs from these novel methods could be used to inform public health

policymaking, contributing towards more equitable responses to future outbreaks or pandemics.

4.3 Methods

4.3.1 Testing bias

The causal debiasing methods developed by Nicholson et al. [65] and our extension, as described

in Methods section 3.3.3 of the previous chapter 3, compares the PCR (or LFD) swab positivity

of the Pillar 2 mass testing data and PCR swab positivity from REACT-1 at a “coarse” level

(e.g., administrative regions, IMD regions, or age-group) and outputs a testing bias, given by

Equation 3.5 as follows:

Ω = log[
odds(tested | infected)

odds(tested | not infected)
].

The estimated testing biases Ω represent the log odds-ratio of testing (and of reporting

for LFD tests) in infected versus not infected individuals. For example, if the probability of

performing a PCR test was the same regardless of whether people were infected, then the biases

would equal zero (= log (1)). So, a large bias corresponds to a higher chance of an infected

individual performing a PCR test compared with an uninfected individual, which would result in

overestimated prevalence using the biased testing data. We also estimated the LFD test reporting

bias using data on reported LFD tests at the coarse and fine scales. We term this as bias in context

of using these data naively for surveillance purposes; however, we recognise that the testing

programme was primarily a public health intervention rather than a surveillance programme and

did not aim to use PCR or LFD testing data to determine SARS-CoV-2 prevalence. For PCR

tests, this bias is the outcome of processes relating to test taking, whereas for LFD tests, it is

due to those relating to both taking the test and reporting the test results.

We estimated the PCR and LFD testing biases for deprivation levels, ethnic groups and age

groups, as described below using the coarse and fine levels described in Table 3.4:

83



4.3.1.1 Deprivation

We first estimated PCR and LFD testing biases (Figure 4.4A and C) for deprivation levels in

England. We used the nine IMD levels in England as the coarse level. All LTLAs were assigned an

IMD level (1 and 9 corresponding to most deprived and least deprived respectively) as described

in the data pre-processing section. Testing data from these LTLAs were aggregated to form nine

coarse IMD levels with corresponding REACT-1 and PCR Pillar 2 testing data on the number

of tests performed and number of positives. The testing bias (Figure 4.4A) was estimated for

each IMD level and propagated to the LTLAs nested within the coarse levels to produce fine-

scale prevalence estimates. This assumes that the bias which is influenced by PCR test seeking

behaviour, testing capacity and PCR sensitivity and specificity along with other confounding

factors, is homogeneous within a given coarse level. Similarly, LFD test reporting bias was also

estimated at the coarse IMD levels (Figure 4.4C).

4.3.1.2 Ethnicity

For ethnicity-related analysis, the coarse level comprised the nine administrative regions in Eng-

land, and the five ethnic groups (as described in the previous chapter Section 3.3.1) in each

LTLA made up the finer level of analysis. For example, the ethnic group of Whites in Oxford

(LTLA code = E07000178) was nested in the South-East administrative region of England in

this analysis.

4.3.1.3 Age

For the age-specific analysis, nine age-groups (as described in Table 3.3) at the national level were

used as the coarse level; for the fine scale, we used the LTLA-specific age-groups. We estimated

testing biases between age-groups in England (Figure 4.4B and D).

4.3.2 Estimating false positivity, test sensitivity and specificity

4.3.2.1 False positivity

We collated a subset of our Pillar 2 testing data comprising all reported LFD positive results

which were followed up with a PCR test taken within three days of the reported positive. These

data allowed us to estimate the false positive rate for LFD tests, assuming PCR tests were a

gold standard. Using the total number of people reporting LFD positives, we could additionally
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determine the probability that individuals reporting an LFD positive result subsequently took

a PCR test, as was generally mandated throughout the period under observation, with two

exceptions: from January to March 2021 and after January 2022 [110] when confirmatory PCR

testing was temporarily suspended given the high COVID-19 prevalence meaning LFD tests

likely had low false discovery rates. Using our estimates of prevalence and false positivity rates,

we then estimated LFD test specificity and sensitivity across different age and ethnic groups

throughout the pandemic, as described below.

4.3.2.2 Test sensitivity and specificity

I now detail our approach for estimating group-specific test sensitivities and specificities. First,

we computed the probability of a positive confirmatory PCR test within 3 days of reporting a

positive LFD test as follows:

For ease of notation, let δ indicate “reporting a positive LFD test” and γ indicate “seeking a

PCR test within 3 days of reporting an LFD positive test”. Then using Bayes’ rule,

Pr(PCR+ |LFD+, δ, γ) =
Pr(LFD + |PCR+, δ, γ)Pr(PCR+ |δ, γ)

Pr(LFD + |δ, γ)
. (4.1)

By making the simplifying assumptions that δ and γ do not influence the computed proba-

bilities, we can then write the denominator as

[Pr(LFD + |PCR+)Pr(PCR+)] + [Pr(LFD + |PCR−)Pr(PCR−)].

Assuming that PCR tests are perfect, we denote:

Pr(PCR+ |LFD+) = Y ,

Pr(PCR+) = prevalence = X,

Pr(LFD + |PCR+) = sensitivity = a,

Pr(LFD + |PCR−) = 1− specificity = b.

We can then rewrite Equation 4.1 as:

Y =
aX

aX + b(1−X)
=

aX

b+ (a− b)X
. (4.2)

To fit this model to our data, we let the number of positive PCR confirmatory tests during

week t, given by nPCR+,t follow a binomial distribution:
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nPCR+,t ∼ binomial(nLFD+,t, Yt), (4.3)

where nLFD+,t is the number of positive LFD tests performed and reported during week t that

were followed up with a confirmatory PCR test within 3 days, with Yt modelled according to the

relationship defined in 4.2, as follows:

Yt =
aXt

b+ (a− b)Xt
. (4.4)

We fit this model to national prevalence data at the group level. Where Xt is the SARS-CoV-

2 prevalence for week t, with priors centred around national mean estimates µt and standard

deviation σt . µt was obtained as a weighted mean of our fine scales LTLA prevalences and

respective population sizes and σt were back-calculated from the corresponding weighted national

95% central credible intervals according to Equations 3.12, 3.13:

Xt ∼ normal(µt, σt). (4.5)

The sensitivity and specificity parameters were estimated by fitting the model. These pa-

rameters were assigned the following priors:

a ∼ uniform(0, 1),

b ∼ uniform(0, 1). (4.6)

We let the sensitivity and specificity vary by ethnic group and age-group. Table 4.2 describes

the estimates of sensitivity (a) and 1-specificity (b) in models with and without ethnicity or

age-group.

4.3.3 Modelling the decline in PCR detection rate subsequent to reporting

an LFD positive

We modelled how the probability of detecting SARS-CoV-2 infection via PCR after reporting a

positive LFD result changed (by assumption, decayed) as a function of time and tested if this

rate of decay was different between ethnic groups. Since viral loads are likely modal from the

time of infection onwards, it is possible that an individual’s probability of testing positive by
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PCR could actually increase subsequent to reporting of the LFD positive. The overwhelming

trends in our data, however, show that, on average, PCR detectability declined subsequent to

the date of reporting of an LFD positive.

To calculate the decay rates, we aggregated two quantities by month m, ethnic group eth, and

by number of days d (where d = 0, 1, 2, 3) between reporting a positive LFD test and subsequently

seeking a PCR test:

• nLFD+,d,m,eth = number of reported LFD positives that were followed up with a PCR tests

within d days for ethnic groups group eth during month m

• nPCR+,d,m,eth = corresponding PCR positive test count.

These were modelled as samples from a binomial distribution:

nPCR+,d,m,eth ∼ binomial(nLFD+,d,m,eth, pd,m,eth), (4.7)

where 0 ≤ pd,m,eth ≤ 1 was the to-be-estimated probability of detection by a PCR test, d days

since reporting a positive LFD test, during month m and for a given ethnic group eth. This

probability was assumed to decay over time according to the following relationship:

pd,m,eth = Pr(PCR+ |LFD+, δ, γ, d,m, eth) = Φm,ethe
−λm,etht. (4.8)

Φm,eth represents the differences in false positivity rates due to monthly changes in prevalences

by ethnic groups.

We plot the monthly decay rates by ethnic groups λm,etht in Figure 4.3A.

4.4 Results

4.4.1 Confirmatory PCR, false positivity

Of the 7 million positive LFD tests reported, 2.4 million were confirmed by a PCR test with 68%

of these on the same day (Table B.1 and Table Table 4.1, and Figure 4.2), and 89% returning

a positive result. The proportion of PCR tests which were confirmatory varied substantially

throughout the evaluation period and according to self-reported ethnicity and age group (Figure

4.2A and B). Generally, this proportion increased over time, and White people (Figure 4.2A)
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and secondary school-aged children (Figure 4.2B) typically had considerably higher proportions

of PCRs which were confirmatory than other groups [127].

Between October 2020 – December 2021, 60% reported LFD positives were followed up with

confirmatory PCRs (Figure 4.1). From December 2020 – December 2021, White populations

were 1·45 times (IQR: 1·34, 1·51) more likely than Black populations to take PCR tests following

a reported LFD positive and 1·33 times (IQR: 1·29, 1·47) more likely than Asian people (Figure

4.2C). Adherence to confirmatory testing policy was generally similar across age groups apart

from those aged 75+ during the period between the end of the Alpha wave and the start of the

Delta wave (Figure 4.2D). (Figure 4.2E) shows that from March – May 2021, the false positive

rate (proportion of negative confirmatory PCRs) for Black populations was roughly 1·3 times

(IQR: 1·07, 1·61) that in White people and roughly 1·85 times (IQR: 1·66, 2·00) that in Asian

populations. From May – June 2021, the false positive rate was substantially elevated in those

aged 75+ (Figure 4.2F). At least transiently then, there were times when there were substantial

differences across ethnic groups in the risk of isolating unnecessarily if following the governmental

policy to self-isolate.

Confirmatory PCR tests Number of LFD tests Number of PCR positive
results (%)

LFD positives followed by a
PCR

2,328,414 2,069,391 (88.9)

Within same day 1,598,213 1,416,229 (88.6)
After one day 513,567 461,159 (89.8)
After two days 209,143 185,511 (88.7)
After three days 7,491 6,492 (86.7)

Table 4.1: Summary of confirmatory PCR data. Pillar 2 mass testing data for England
between 1 October 2020 and 31 March 2022.
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Figure 4.1: Confirmatory PCR tests over time. (A) Proportion of PCR tests performed as
confirmatory tests within given number of days since reporting an LFD positive result. (B) Pro-
portion of reported LFD positive tests followed by PCR confirmatory tests within given number
of days. Both A and B are stacked charts, which show how the proportions and probabilities,
respectively, increase as the window between the LFD test being reported and the PCR test
occurring increases. (C) Posterior median probability of testing negative with a confirmatory
PCR test after reporting a positive LFD across the study period and dependent on the time from
when the LFD positive test was reported and the PCR test taken. The uncertainty intervals
represent 95% central credible intervals, calculated assuming a uniform prior on the probability
of a false positive.
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Figure 4.2: Confirmatory PCR tests done overall and followed by an LFD positive,
and false positive LFD tests by sociodemographic groups. (A, B) Proportion of PCR
tests performed as confirmatory tests by ethnic and age groups. (C, D) Proportion of reported
LFD positive tests followed by PCR confirmatory tests within 72 hours among different ethnic
and age groups. (E, F) The probability of testing negative with a confirmatory PCR test after
reporting a positive LFD test, among different ethnic and age groups, conditional on testing
positive with an LFD, reporting the positive LFD test and seeking a confirmatory PCR test. The
solid vertical line corresponds to the date (11 January 2022) after which confirmatory PCR tests
were no longer required following a positive LFD test, and the vertical dotted line corresponds
to the date (8 March 2021) when onsite asymptomatic testing was made available in schools.
Restrictions on face-to-face education and school holidays are indicated by the dark and light
purple rectangles, respectively. The blue rectangles represent the time periods of Alpha, Delta,
and Omicron VOCs as defined in Methods 3.3.2. The date axis starts in December 2020, when
LFD tests started being reported.

4.4.2 Test sensitivity and specificity, PCR detectability

False positive rates are inversely related to disease prevalence, with the sensitivity and specificity

of the test determining the exact relationship (Methods section 4.3.2.2). This allowed us to
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estimate the sensitivity (range of central estimates: 66-72%) and specificity (99.5-99.9%) of

LFDs by ethnicity and age group which we report in Table 4.2. While our posterior estimates

had wide uncertainty intervals, the medians of these test characteristics were similar between

age groups and differed across ethnic groups [128, 129].

Using the data on reported positive LFD tests followed by a PCR test within three days,

we modelled how the probability of detecting SARS-CoV-2 infection by PCR after reporting

a positive LFD result declined according to the time elapsing between reporting the LFD test

and subsequent testing by PCR. We determined this decay rate for the different ethnic groups

for monthly time windows throughout the study period, and found that this rate of decay was

considerably higher in Black people during the Alpha wave and generally remained above the

other groups throughout the study period (Figure 4.3A).

Figure 4.3: Decline in PCR detectability of PCR tests by ethnic groups. (A) Rate
of decline in the probability of detecting a SARS-CoV-2 infection by PCR within 3 days from
reporting a positive LFD test over the study period by ethnic groups. Solid dots (and shaded
areas) in the main figures are the posterior median estimates (and 50% central credible intervals)
of ethnic group specific decay rates. The inset plots translate what the rate estimates in A
correspond to in terms of the rate of decline in probability of testing positive by PCR subsequent
to reporting of an LFD positive (with 50% credible intervals) for the first (1: December 2020)
and last month in our study (2: March 2022).
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Model Sensitivity False positivity rate
(1- Specificity)

No age 0.68 (0.19, 0.99) 0.0011 (0.0003, 0.0017)
With age (in years)
5-11 0.67 (0.16, 0.99) 0.0017 (0.0004, 0.0025)
12-17 0.67 (0.16, 0.99) 0.0019 (0.0005, 0.0028)
18-24 0.67 (0.16, 0.99) 0.0013 (0.0003, 0.0019)
25-34 0.67 (0.16, 0.99) 0.0015 (0.0004, 0.0022)
35-44 0.67 (0.16, 0.99) 0.0012 (0.0003, 0.0018)
45-54 0.67 (0.16, 0.98) 0.0011 (0.0003, 0.0016)
55-64 0.67 (0.18, 0.99) 0.0008 (0.0002, 0.0012)
65-74 0.67 (0.15, 0.99) 0.0005 (0.0001, 0.0008)
75+ 0.67 (0.20, 0.98) 0.0009 (0.0003, 0.0014)
No ethnicity 0.67 (0.20, 0.98) 0.0009 (0.0003, 0.0014)
With ethnicity
Asian or Asian British 0.67 (0.18, 0.99) 0.0011 (0.0003, 0.0016)
Black; African; Black British
or Caribbean

0.68 (0.18, 0.99) 0.0010 (0.0003, 0.0015)

Mixed or multiple ethnic
groups

0.66 (0.16, 0.99) 0.0016 (0.0004, 0.0024)

Other ethnic groups 0.66 (0.16, 0.99) 0.0007 (0.0002, 0.0011)
White 0.72 (0.32, 0.99) 0.0009 (0.0004, 0.0013)

Table 4.2: Estimated LFD test sensitivity and false positivity rate. Posterior median
(95% central credible interval) estimates of sensitivity and false positivity rate (= 1-specificity) in
models without socio-demographic groups and with ethnic groups and age-groups. The possible
values for the two quantities can range between 0 and 1. Since the number of data points in the
age-group analysis and ethnicity analysis is not the same, as described in Table B.1, we produce
two estimates for the model without sociodemographic variables (No age, no ethnicity).

4.4.3 Trends in testing biases

Our analysis indicated that infected individuals were much more likely to be tested by PCR than

those uninfected. The testing biases for LFDs were considerably lower than for PCRs, meaning

symptoms played a lesser role in shaping testing behaviours for LFDs. These results for both PCR

and LFD tests are reflective of national testing policy throughout the study period. Throughout

the analysis period, the relationship between testing biases (Figure 4.4C and D) and prevalence

(Figure 3.5A and B) was not strong, but during the Delta wave and Omicron waves, there were

visible increases in PCR testing biases (Figure 4.4C). In February 2022, the government removed

the legal requirement for those in England to self-isolate following a positive test result and for

close contacts who were fully vaccinated to conduct daily tests [130]. It is possible that this

policy change prompted a shift towards increased usage of LFDs for symptomatic testing, which

could explain the increasing bias in the use of LFDs in infected individuals (Figure 4.4C and D).
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We found that deprivation and age were associated with testing biases on average, however

the uncertainty intervals overlapped across deprivation levels (Appendix Figure C.1), although

the age specific patterns were more distinct (Appendix Figure C.2). During the invasion phases of

the Delta and Omicron VOCs, the most deprived populations were disproportionately more likely

to test themselves via PCR only when infected versus when uninfected, and the same pattern

held for LFD test-then-reporting. For example, in June 2021, at the start of the Delta wave (the

second shaded box in (Figure 4.4A), the average odds of PCR testing in the most-deprived areas

were e3.21 ≈ 25 times higher in individuals with infection compared with individuals without

infection; at the same time, the corresponding figure was only ≈ 11 in the least-deprived areas.

From mid-February 2022, individuals in areas with different levels of deprivation had more similar

PCR test-seeking behaviour. This was likely due in part to the lifting of the legal requirement

to self-isolate [130].

Starting with the Alpha wave, the infection status for those aged 75+ played a lesser role in

determining whether individuals tested themselves via PCR than for younger age groups (Figure

4.4B) [105]. We also found that the PCR testing bias was particularly high in school aged children

(12-17 years) groups during March – June 2021 (Figure 4.4B) when LFD was extensively being

used (corresponding to a low bias in LFD in (Figure 4.4D) [109]. LFD test reporting biases were

more similar across age groups, although the oldest age group had a higher bias early on during

the analysis period (Figure 4.4D).

4.4.4 Model fit

The model fit checks for the debiasing method are explained in the previous chapter’s results

section 3.4.4. For deprivation analysis, we compared the various coarse groupings and found that

the model with deprivation level and administrative regions had the highest predictive accuracy

(Results section 3.4.4.2 and Table 3.6). In this grouping, the trends in PCR testing bias were

more idiosyncratic, although there were regions and time periods where the bias was higher

in more deprived areas. For example, during week of 1 June 2021 (Appendix Figure C.3) the

estimated odds of testing were e3.17 ≈ 24 and e1.89 ≈ 7 times higher in individuals with infection

compared to individuals without infection in most deprived (IMD = 1) and least deprived areas

(IMD = 5) in North West England.

To check if our model for the decline in PCR detection subsequent to reporting an LFD

positive test was a good fit to the data, we plotted the observed and predicted number of
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Figure 4.4: Estimated testing bias by deprivation levels and age groups. (A, B) Es-
timated mean PCR testing bias (log odds of taking a PCR test in infected versus uninfected
subpopulations) by deprivation levels and age groups in England over time. (C, D) Estimated
mean LFD test reporting bias in deprivation levels and age groups. 1 and 9 corresponding to
most deprived and least deprived levels respectively. Shaded areas from left to right, correspond
to the time periods of Alpha, Delta, and Omicron VOCs respectively (defined in Methods 3.3.2).
Testing biases with uncertainty intervals and other age groups are provided in (Appendix Figure
C.1, C.2).

nPCR+,d,m or “true positives”. For predicted estimates, we extracted the posterior median of

pd,m,eth and multiplied it by nLFD+,d,m,eth. Figure 4.5 shows that there was agreement between

observed and predicted number of confirmatory PCRs, meaning that our model was appropriate.

4.5 Discussion

In this chapter, using data on reported positive LFD results which were followed by PCR tests,

I presented and applied a method to estimate the sensitivity and specificity of LFD tests using

mass testing data, which were in line with previous literature estimates [128, 129]. It is important

to note that in addition to LFD tests being reported by individuals themselves, there was likely

variation in how individuals performed tests, and there may be differences in laboratories and
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Figure 4.5: Posterior predictive check for modelling decay rate of PCR detectability
after reporting a positive LFD test, by different ethnic groups. The lighter circles are
the observed number of “true positives” i.e. positive PCR result within three days of reporting
a positive LFD. Darker smaller circles are the estimates, for which we extracted the posterior
median of probability of PCR positivity and multiplied it by the number of positive LFD reported.

test manufacturers. Our primary aim in this analysis was to illustrate how the sensitivity and

specificity could be estimated using the data alone, without the use of pre-existing information,

as might be the case during a future pandemic of a novel pathogen. However, using informative

or weakly informative priors could provide us with more accurate and precise estimates.

Using the same confirmatory dataset, we modelled the decline in PCR detection rate after

reporting a positive LFD test. The results hinted that individuals in the Black ethnic group

may have tested and reported their positive LFD test later in their infection; however, these

differences compared to other ethnic groups became smaller by the end of 2021. Lower values

of this parameter later in the study period may indicate that infections were caught earlier by

LFD tests or may reflect a longer period of PCR detectability for later VOCs. Other studies

have found that the major barriers to testing for people in deprived areas were the financial

and practical implications of having to self-isolate following a positive COVID-19 test [106], and

those from ethnic minority backgrounds were disproportionately affected by this [131].

From the debiasing method described in detail in the previous chapter 3.3.3, we described

the differences in testing biases by sociodemographic groups over time. In general, the PCR

testing biases were higher compared to those of LFD, indicating that people were more likely

to perform an LFD test regardless of infection status. This was in line with the general policy

of symptomatic and asymptomatic use of PCR and LFD tests respectively (PCR tests were
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also used as part of test-to-release policy and as confirmatory tests following a positive LFD

result). During the invasion phases of Delta and Omicron, we found that the PCR testing bias

was particularly marked in deprived areas. Many hypotheses could explain these behavioural

differences, such as differential costs of self-isolation, differences in test accessibility and different

views about the risks posed by infection, but our data cannot probe these. The PCR testing

bias was consistently much lower in those aged 75+. This could be because older individuals

were more at risk of severe disease, and they tested themselves more frequently by PCR due to

caution [105]. It could also be because older people generally have more comorbidities, some of

which may produce symptoms similar to COVID-19 causing them to seek PCR tests.

We considered three categories of sociodemographics in this chapter and the previous: self-

reported ethnicities of individuals testing or reporting test results; their self-reported age; and

a grouping of individuals according to the index of multiple deprivation of the LTLA where

each test was taken (PCR) or taken and reported (LFD). These were chosen opportunistically

according to criteria recorded in the testing data. These are suboptimal because they pool

people according to somewhat arbitrary characteristics meaning they lack operational use; if it is

known that self-reported Black individuals have a higher burden of infection, how should public

health authorities actually respond? This group encompasses a huge diversity of different groups

who live and interact in different communities. Existing categorisations also miss undocumented

and presumably vulnerable individuals, such as undocumented migrants. Furthermore, there is

compelling evidence suggesting a connection between belonging to an ethnic minority group and

residing in economically disadvantaged areas, leading to an unequal burden of COVID-19 [132].

While our current study examines these factors in isolation, a potential future expansion could

explore their combined impact [111]. Social scientists and local community leaders are better

placed to understand these nuances, and interdisciplinary collaborations between these and those

working in public health should be prioritised [133, 134].

The methods presented in this chapter collectively offer a toolkit for policymakers to monitor

real-time equitable uptake of interventions and can help to design future surveillance studies.
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Chapter C

Appendix - Differences in SARS-CoV-2 testing

behaviours by sociodemographic groups

Figure C.1: Testing bias with uncertainty intervals by IMD. Estimated testing bias defined
as the log odds of performing (or reporting) a PCR (or LFD) test in the infected versus uninfected
subpopulations by deprivation levels. The solid curves are the posterior means, and the shaded
areas are the 95% central credible intervals.
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Figure C.2: Testing bias with uncertainty intervals by age-groups. Estimated testing
bias defined as the log odds of performing (or reporting) a PCR (or LFD) test in the infected
versus uninfected subpopulations by age groups. The solid curves are the posterior means, and
the shaded areas are the 95% central credible intervals.

Figure C.3: Estimated mean PCR testing bias by deprivation level and administrative
regions. The log-odds of performing a PCR test in the infected versus uninfected sub population
by deprivation level (IMD 1 = most deprived, 5 = least deprived) and administrative regions of
England over time and their 95% central credible intervals.
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Chapter 5

Evolution of the spatial scales of transmission

of SARS-CoV-2 in England between 2020 and

2022

After completing the previous project, I began studying Bayesian nonparametric methods as part

of a reading group with researchers from the Departments of Computer Science and Statistics. As

we read through the material, we started working on a tutorial paper to explain the mathematics

and details of this rarely used methodology in epidemiology or infectious disease modeling. This

inspired me to apply these methods to the fine spatial scale prevalence estimates from my earlier

work. This chapter outlines the mathematics, code implementation, and inference process for

using these flexible models to understand the drivers of spatial heterogeneity in SARS-CoV-2

transmission, applied to lower-tier local authority level prevalence estimates in England covering

the months between October 2020 and March 2022.
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5.1 Abstract

The COVID-19 pandemic revealed considerable variability in SARS-CoV-2 prevalence across

England, influenced by demographic, socioeconomic, and mobility factors, alongside public health

policies (Chapters 2, 3). In fact, the transmission of SARS-CoV-2 occurred at different levels of

spatial scales - international, national, sub-national, throughout different phases of the pandemic

in England, as discussed in 2. Understanding the distribution of SARS-CoV-2 prevalence is cru-

cial for gaining insights into the underlying dynamics of virus transmission, which is essential for

developing effective public health strategies and interventions. As the spatial scale of transmis-

sion can shift over time, particularly with the emergence of new variants, it becomes increasingly

important to analyze these changes. Clustering techniques can provide valuable insights into

these evolving patterns.

Traditional clustering methods, like K-Means and hierarchical clustering, have limitations

in accurately capturing the dynamic nature of epidemiological data. This chapter introduces

Bayesian nonparametric (BNP) methods, specifically Dirichlet process mixture models, to create

flexible, data-driven clusters of SARS-CoV-2 prevalence without pre-specifying the number of

clusters, which can scale with increasing data.

Our analysis of SARS-CoV-2 prevalence data from October 2020 to March 2022 highlights

the effectiveness of BNP methods in identifying distinct transmission patterns and their drivers,

such as mobility and spatial proximity. We found that periods of high prevalence were associated

with more clusters, and factors like increased mobility between regions and spatial proximity

significantly influenced synchronous transmission behaviors.

This approach offers nuanced insights into disease dynamics. The chapter also addresses the

computational challenges of implementing BNP methods and provides code applicable to other

epidemiological studies, demonstrating their broad utility in understanding and responding to

infectious disease outbreaks. By enabling better estimation of epidemiological parameters at

appropriate scales of aggregation, this approach will be particularly useful for tailoring optimal

public health responses.
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5.2 Introduction

The COVID-19 pandemic, caused by the novel coronavirus SARS-CoV-2, has profoundly im-

pacted public health worldwide. In England, the trajectory of SARS-CoV-2 prevalence has

shown considerable variability, with periods of rapid increase and decline influenced by a mul-

titude of factors [94]. Demographic characteristics, socio-economic conditions, healthcare acces-

sibility, mobility patterns, and public health policies have all likely played roles in shaping the

geographic and temporal patterns of the spread of SARS-CoV-2 [119, 86].

Previous studies on understanding the role of synchrony in driving the spread of influenza

[135] and measles [136] have highlighted the importance of spatial and temporal clustering in

understanding disease spread and informing public health responses. Clustering analysis offers

a valuable approach to examine the synchrony and asynchrony of SARS-CoV-2 transmission

across different areas. By identifying clusters of high and low transmission over time, we can

gain insights into the transmission dynamics and potential drivers of viral spread. In this chapter

I was particularly interested in identifying groups of lower-tier local authorities (LTLAs) that

had similar levels of transmission, defined as transmission clusters.

Traditional methods, such as K-Means [137, 138], and hierarchical clustering [139, 140], typ-

ically require the number of clusters to be specified in advance (or tuned in some approximate

way, such as the elbow method), which can be a significant limitation when the true number of

transmission clusters is unknown, uncertain, or varies over time. In contrast, Bayesian nonpara-

metric (BNP) methods, such as Dirichlet Process Mixture Models (DPMMs) [141], allow for a

flexible, data-driven determination of the number of clusters, adapting to the underlying distri-

bution of the data. Additionally, using a spatially agnostic model, we can identify clusters based

solely on the characteristics and similarities of the data, rather than based on their geographic

proximity.

In this chapter, we first employ a DPMM to create clusters of SARS-CoV-2 prevalence using

fine spatial scale data across England from October 2020 to February 2022, estimated in Chapter

3. After establishing these time-varying clusters, we investigate the factors driving synchronous

transmission behaviours (or co-clustering) of LTLAs and how these factors evolved over time.

A key challenge in implementing BNP methods lies in the inference and computation process,

and here in addition to introducing and utilising this flexible class of models for public health

questions, we also provide code which can be applied to other diseases and epidemiological
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studies.

5.3 Methods

5.3.1 Data pre-processing

5.3.1.1 Prevalence estimates

I used the weekly, LTLA-specific SARS-CoV-2 prevalence between October 2020 and March

2022, estimated from the causal debiasing method introduced by [65], and was an output of

chapter 3. In particular, I used the prevalence estimated in the scenario where the LTLAs were

nested within the nine administrative regions of England (Table 3.4). In the prevalence data set,

weeks run from Sunday to Saturday. We created a mapping between each date and which week it

belongs to. For example, the dates 04/10/2020 (Sunday), 05/10/2020 (Monday) to 09/10/2020

(Friday), and 10/10/2020 (Saturday) belong to the same week. These prevalences were used in

the clustering method described below.

We also use the national-level weekly estimates of prevalence reported by the Office of Na-

tional Statistics (ONS) [88] to visualise the national prevalence trends in Figure 5.1.

5.3.1.2 Population density

Population density per square kilometer by LTLAs was accessed from ONS [100].

5.3.1.3 Mobility

The aggregated mobility data, provided by the O2 mobile phone carrier, includes weekday and

weekend matrices detailing the volume of trips between all pairs of LTLAs as well as within

individual LTLAs. Information on how to request access to this dataset can be obtained by

contacting o2@businesso2.co.uk. The weekday data is provided for each week as the average

daily number of trips over the five weekdays. For the weekend dataset, the data represents the

average daily number of trips over two consecutive weekends.

By combining weekday and weekend trips, I calculated the number of trips within an LTLA i

for a given week w (Sunday to Saturday), denoted as Mii,w. Additionally, I calculated the weekly

number of trips between pairs of LTLAs i and j. I now describe the process of calculating these

weekly numbers of trips.
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I assumed that the average number of weekday trips was constant across all five days, and

the average number of weekend trips was consistent across all four days. Then, to ensure compa-

rability between the prevalence and mobility datasets regarding the start and end days of a week,

I mapped all dates in our mobility dataset to specific weeks, as described in the Prevalence esti-

mates section above (section 5.3.1.1). For instance, the number of trips during the five weekdays

starting on 5/10/2020 (Monday) was assigned to the week ending on 10/10/2020 (Saturday).

We then added the estimated trips from 4/10/2020 (Sunday) and 10/10/2020 (Saturday) to

determine the total number of trips for the week ending on 10/10/2020.

The number of trips between a pair of LTLAs say i and j, was calculated as the average

number of weekly trips between LTLA i to j, and LTLA j to i:

Mīj,w =
Mij,w +Mji,w

2
. (5.1)

I then computed the number of weekly trips per capita (or mobility per capita) within an

LTLA i and between pairs of LTLAs i and j as:

MPCii,w =
Mii,w

Pii
, (5.2)

and

MPCīj,w =
Mīj,w

Pīj

, (5.3)

where Pii was the population of LTLA i, and Pīj was the mean of populations of LTLAs i and j.

5.3.1.4 Index of Multiple Deprivation (IMD)

ONS published the Indices of Deprivation (IoD2019) which are derived from 39 separate

indicators, and are grouped into seven distinct domains of deprivation, then weighted and

combined to create the IMD score, and rank. The IMD is an overall measure of multiple

deprivation experienced by individuals in an area. They calculated this for each Lower-

layer Super Output Area (LSOA) and then aggregated it to the LTLA level by taking the

population-weighted average of all the LSOA scores within each LTLA. In this chapter, we use

the aggregated "IMD-Rank of average score" for each LTLA in our analysis. Note: LTLAs

with codes E06000060, E06000061, and E06000062 did not have an IMD assigned in the latest
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dataset and were excluded from the analysis. The shapefile for the map in Figure 5.1C was

downloaded from https://communitiesopendata-communities.hub.arcgis.com/datasets/

29c47e93a802477eaca3d8b4d3a0c4b3_0/explore?location=52.723956%2C-2.489522%2C6.

58.

5.3.1.5 Age and population density

We used publicly available data on the population of LTLAs by one-year age groups published

by ONS (for mid-2020 of this edition version), and calculated the proportion of the population

older than 64 years for each LTLA [100].

5.3.1.6 Spatial proximity

The shapefile for LTLAs in England, which is publicly available by ONS, was used to cal-

culate the distance (in km) between the centroids of all LTLAs and to identify neighbour-

ing LTLAs. This is available at: https://geoportal.statistics.gov.uk/datasets/ons::

local-authority-districts-december-2022-boundaries-uk-bfc-2/explore

5.3.2 Clustering

Overview

Here we describe a Bayesian nonparametric approach to clustering using Dirichlet processes

mixture models. Let pi,w be the prevalence estimate of LTLA i (where i ∈ 1, 2, ..., N and N =

total number of LTLAs) during week w. We then create a multivariate vector consisting of all

the prevalences in a given month m: pi,m. We want to examine which LTLAs have similar

multivariate prevalences or trends in a given month, i.e. which LTLAs belong to the same

cluster. Unlike in the classical frequentist approach where nonparametric refers to not having

a parametric form, Bayesian nonparametric models allow us to estimate a potentially infinite

number of parameters: the finite number of parameters actually used to fit a particular dataset

could potentially grow as the model sees more data. Now, instead of a priori specifying the

number of clusters, this class of models lets the data inform how many clusters exist. Below,

we describe the likelihood for our data, the Dirichlet process prior, and the inference algorithm

which produces the clusters.

For notational ease, we will describe the model and process for a given month m, and refer
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to LTLA i’s multivariate prevalence as pi, without the time subscript. The components of the

model are as follows.

5.3.2.1 Likelihood

We assume that our prevalences for LTLA i in a given month follow a multivariate normal

distribution around their cluster mean θzi and known (or fixed in our case) covariance matrix Σ:

pi ∼ N (θzi ,Σ), (5.4)

where zi is the cluster to which LTLA i′s prevalence belongs. It can take values 1, 2, ...,K

corresponding to the K distinct clusters. As discussed earlier, K is not fixed and is inferred

by our clustering inference algorithm. We fix the covariance matrix of the likelihood to have

diagonal elements equal to 1×10−5, and off-diagonals equal to zero. The intuition is that as you

increase this variance, you are likely to see fewer clusters. In Appendix Figure D.1 we show the

choice of variance can impact the clustering.

Equation 5.4 is the likelihood for a given LTLA-specific prevalence. For the combined likeli-

hood of a specific configuration of the clusters, we will require the the overall marginal likelihood

dependent on cluster assignments. In what follows, I derive the marginal likelihood from first

principles.

By laws of conditional probability and marginalisation, we have:

P (A|B) =

∫
γ
P (A|B, γ)P (γ) dγ.

So, we can write our data generating process or (marginal) likelihood as:
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L(p1, ..., pN |z1, ..., zN )) =

∫
θ
P (p1, . . . , pN |θ, z1, . . . , zN )P (θ)dθ (5.5)

=

∫
θ1

∫
θ2

...

∫
θK

P (p1|θc1)P (p2|θc2)...P (pN |θcN )︸ ︷︷ ︸
N data-point specific likelihoods

P (θ1)P (θ2)...P (θK)︸ ︷︷ ︸
K cluster-specific parameter priors

dθ1...dθK

(5.6)

=

∫
θ1

∫
θ2

...

∫
θk

N∏
i=1

P (pi|θzi).
K∏
j=1

P (θj)dθ1dθ2...dθK (5.7)

=
K∏
j=1

∫
θj

P (θj)(
∏

LTLA i in cluster j

P (pi|θj))dθj (5.8)

=
K∏
j=1

∫
θj

N (θj |µ0,Σ0)︸ ︷︷ ︸
Base measure

(
∏

prevalence i in cluster j

N (pi|θj ,Σ)︸ ︷︷ ︸
likelihood from eq above

)dθj ,

(5.9)

where θ is a vector of all cluster-specific means θzis, and z1, z2, ..., zN is a vector of N clusters

assignments, each of which can take values 1, 2, ...,K, describing which cluster each data point

belongs to.

The base measure N (µ0,Σ0) which acts as a prior for the cluster specific means is described

below.

5.3.2.2 Prior

Concentration Parameter (α)

The concentration parameter α influences prior beliefs about the distribution of the cluster sizes.

A higher α results in more, smaller clusters, while a lower α leads to fewer, larger clusters. In our

case, we set α to 2. The rationale behind this choice is that, under the Dirichlet process prior,

the expected number of clusters is given by equation 161 in [142] as
∑number of LTLAs

i=1
α

i−1+α . A

priori, we make the assumption of expecting approximately 10 clusters, representing about one

clusters per each of the nine administrative regions of England. This corresponds to an α value

of approximately 2. We note that this choice merely specifies the location of the prior, and if the

data suggests that significantly more or significantly fewer than 10 clusters are necessary, this

will be reflected in our posterior results. We compared how the posterior number of clusters is

affected by the choice of the concentration parameter.
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The portion of the prior on that evaluates clustering is a partition function. The partition

function tells us the probability of a particular arrangement (or partition) of LTLA specific

prevalences into clusters. It is a way to represent all possible ways the data can be divided into

clusters and the associated probabilities of these divisions. Let nj indicate the number of LTLA

prevalences assigned to cluster j. Then the partition function [143] can be written as:

p(n1, . . . , nK) =
αK−1

∏K
j=1(nj − 1)!∏N−1

i=1 (α+ i)
. (5.10)

Base Measure

We already derived the implicit role of a base measure in the likelihood (section 5.3.2.1). This

is used to describe the prior on our cluster-specific means. In our work, the base measure is a

multivariate normal distribution. Specifically, if θzi is the mean of the cluster zi to which the ith

prevalence belongs, then θzi ∼ N (µ0,Σ0). Here, µ0 is a vector of zeroes, and Σ0 is the covariance

matrix, defined as an identity matrix with diagonal elements equal to 1 and off-diagonal entries

equal to zero.

5.3.2.3 Inference algorithm

Our model has a conjugate relationship between the multivariate normal likelihood and mul-

tivariate normal base measure from the prior on prevalence vectors. We thus marginalise out

parameter values θzi and employ the Gibbs sampler Neal’s Algorithm 3 [144] for inference. We

want to use MCMC, specifically Gibbs sampling here to estimate the posterior cluster assign-

ments zi of each LTLA’s prevalences, every month. The algorithm presented here has been

modified from [145].

To reiterate, each data point pi is associated with an indicator variable zi that specifies its

cluster assignment. The Gibbs sampler updates the cluster assignment for each data point,

conditional on all other cluster assignments. When updating zi, we consider both, the posterior

probability of assigning it to an existing cluster, say k, as well as the posterior probability of

assigning it to a new cluster. In general, the Gibbs sampler can also update the cluster-specific

parameter values (θzi) conditional on the clustering configuration. But since we are not interested

in estimating the cluster-specific means, we can ignore this, by marginalising out θzi . So, the

conditional posterior for zi, conditional on the assignments of all other data points (z−i) is given
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by:

p(zi = k|pi, z−i) ∝


# LTLAs in cluster k

n− 1 + α
N (pi|

ȳknkτ + µ0τ0
nkτ + τ0

,
1

nkτ + τ0
+Σ) k has other LTLAs besides i

α

n− 1 + α
N (pi|µ0,Σ

2
0 +Σ2) k indicates a new cluster

(5.11)

where ȳknk is equivalent to the sum of all the prevalences belonging to cluster k, τ is the precision

matrix of the multivariate normal likelihood (corresponding to the covariance matrix Σ), and

similarly τ0 is the precision matrix of the multivariate normal base distribution.

This has been implemented in R and can be accessed at: https://github.com/ben18785/

dirichlet_process_tutorial/tree/main/inference_R.
Algorithm 1: Gibbs Sampling for Dirichlet Process Clustering

Input: Data matrix data, concentration parameter α, mean vector µ0, covariance
matrix Σ0, covariance matrix for likelihood Σ, initial cluster assignments c_init,
maximum number of iterations maxIters

Output: Matrix of cluster assignments for each data point across all iterations
1 Initialize parameters and variables;
2 Compute number of data points data_n;
3 Compute τ0 = inverse of Σ0;
4 Compute τ = inverse of Σ; Set initial cluster assignments y_c;
5 Determine count of points in each cluster n_k;
6 Count total number of clusters c_n;
7 Create matrix (result) to store cluster assignments for each iteration ;
8 for iter ← 1 to maxIters do
9 for each data point i do

// Remove the data point from its current cluster
10 Identify the current cluster of data point i (c_i);
11 Decrement the count of points in the current cluster by one;
12 if the cluster becomes empty then
13 Replace the empty cluster with the last cluster;
14 Update the cluster count and assignments;
15 Temporarily set the cluster assignment of the current point to -1;

// Calculate log-probabilities for assigning the data point to each
cluster

16 Initialize a vector to store log-probabilities c_join_lp;
17 for each existing cluster do
18 Compute the sum of data points (prevalences) in the cluster;
19 Calculate the posterior mean and covariance for the cluster;
20 Compute the log-probability of the current data point joining the cluster;
21 Calculate the log-probability of the current data point starting a new cluster;

// Assign the data point to a cluster
22 Normalize the log-probabilities to obtain actual probabilities;
23 Sample a cluster for the current data point based on these probabilities;
24 if a new cluster is chosen then
25 Update the cluster count and assignments;
26 Assign the data point to the chosen cluster;
27 Update the count of points in the chosen cluster;
28 Store the current cluster assignments in the result matrix for the current iteration;
29 return result
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If we were to multiply the likelihood and prior for a given cluster configuration, we can arrive at

the unnormalised posterior which can be used in a Metropolis-Hastings (MH) implementation

of an MCMC algorithm to infer cluster configurations. But in this work, we used a Gibbs

sampler, because an MH algorithm would require consideration of proposal distributions, and

we do not need that step in a Gibbs sampler, which only relies on conditional distributions for

the parameters of interest. The conditional posterior for cluster assignments (not cluster-specific

parameters in our case) can be derived by conditioning on all but one cluster assignment, but

the derivation is based on results from Neal et al. in [144]. We plug in our base distribution

and marginal likelihoods in the conditional posteriors. This is then used in the Gibbs sampler

to infer cluster configurations.

In summary, we are interested in learning the clusters zis to which each LTLA’s monthly

prevalence vector pi belongs. Often in mixture models we are interested in knowing the pa-

rameters associated with the clusters, say the mean θzi or shape of the clusters. But here in

our model, we marginalise this out and only extract the indicator variable governing the cluster

assignment of each LTLA, zi.

5.3.3 Model setup

5.3.3.1 Initialisation

For a given month, we run the MCMC algorithm with four different chains, with each chain

having a distinct initial setting consisting of a cluster assignment for LTLAs. The four initial

configurations are as follows: the first chain assigns each LTLA to its own cluster (i.e. the

number of initial clusters is equal to the number of LTLAs), the second chain assigns all LTLAs

to a single cluster, and the third and fourth chains start with random assignments of LTLAs to a

random number of clusters. Although it’s possible to extend this random assignment to multiple

chains, our study generates two such chains or initial cluster assignments.

5.3.3.2 Final cluster assignment

After running all four chains for a specified number of iterations (2000 in our case), we record

the number of clusters generated by each chain in the final iteration and select a chain that has

reached the modal number of clusters. For instance, if chain 1 results in 2 clusters, while chains

109



2, 3, and 4 result in 10 clusters each, our method will choose one of the latter three chains as the

final chain whose cluster assignments are used for further analysis. We then use the last iteration

to create the cluster maps and cluster trends, and all the iterations to calculate the probability

of co-clustering for pairs of LTLAs (section 5.3.3.4, below).

MCMC chains can be slow to converge, so we made this pragmatic choice of selecting a final

chain with cluster assignments which yield reproducible results.

5.3.3.3 Entropy

We calculated the entropy for each month to quantify the uncertainty and diversity within the

clusters of LTLAs over time. This provided insight into how distinctly or uniformly LTLAs (or

populations of LTLAs) are grouped each month. The entropy H for a given month was calculated

as:

H = −
K∑
j=1

propj log(propj), (5.12)

where propj is the proportion of LTLAs (or population) in the jth cluster and K is the total

number of clusters. An entropy value of 0 indicates that all LTLAs (or population) are concen-

trated in a single, perfectly homogeneous cluster. The maximum possible entropy value Hmax

given by:

Hmax = log(K), (5.13)

occurs when LTLAs (or population) are evenly distributed across all clusters, reflecting maximum

diversity in the cluster assignments.

5.3.3.4 Probability of cluster membership

Using the samples of cluster assignments from the selected chain, we calculate the co-clustering

matrix for each month, which quantifies how frequently each pair of LTLAs cluster together. For

this, we only use the second half of the samples, and discard the first half as part of the warm-up

of the MCMC sampler.

After computing the raw counts in a matrix MS, we normalize each element by dividing by

half the total number of iterations. This transformation produces a similarity matrix which can
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be converted to a vector S (to be used in the regression) between all combinations of LTLAs,

where Sij represents the probability ∈ [0, 1] that LTLAs i and j are assigned to the same cluster.

Note that the matrix MS is a symmetric matrix, such that MSij = MSji. We therefore only

include one probability value in S per pair of LTLAs i and j.

5.3.3.5 Posterior predictive checks

To evaluate model fit, we compare the empirical cumulative distribution function (eCDF) of

observed and posterior predicted prevalence estimates for each cluster in a given month.

Ideally for this we would have the estimated cluster-specific means θzis, (where zi =

1, 2, ...,K) which is the same as θks, (where k = 1, 2, ...,K). But since these cluster parameters

are marginalised out in our model (section 5.3.2.3), we do not have posterior estimates for them

from our inference algorithm. Instead, we employ an approximate solution. We begin by cal-

culating the posterior distribution of the mean prevalence of cluster k, (where k ∈ {1, 2, ...,K});

θk, which is given by:

θk ∼ N

(nkΣ
−1 +Σ−1

0 )−1(Σ−1
0 µ0 +Σ−1

∑
zj∈k

pj), (nkΣ
−1 +Σ−1

0 )−1

 (5.14)

where nk represents the number of LTLAs in cluster k, and
∑

zj∈k pj is the sum of all observed

prevalences in cluster k [146].

Next, we draw ten samples from the distribution described in equation 5.14. For each week

within a given month, we compare the eCDF of these posterior samples with the observed

prevalences. Ideally, these comparisons should align along the 45-degree line when plotted against

each other.

5.3.4 Epidemiological analysis

Here, we describe the details of the statistical analysis used to understand the factors associated

with the probability Sij of two LTLAs i and j co-clustering, i.e. being in the same cluster, in a

given month m. We only consider months with three or more clusters, otherwise the outcome

variable lacks variability to explain. In our linear regression model, we examine the probability

Si,j that LTLAs i and j belong to the same cluster, based on various predictors. Our model

takes the form:
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Sij = Xij ∗ β + ϵ, where ϵ ∼ N (0, 1), (5.15)

where Xij is the matrix of the covariates described below, and β is the vector of parameters

describing the relationship between the predictors and outcome, which we aim to estimate. We

can expand equation 5.15 as:

Sij = β0 + β1|MPCii,w −MPCjj,w|+ β2MPCīj,w + β3|
IMDi

10
− IMDj

10
|

+β4|PDi − PDj |+ β5 log |prop64i − prop64j |+ β6Dij + β7I(Bij) + ϵ

(5.16)

Each coefficient in the model provides insight into how differences or similarities in these

covariates between the two LTLAs influence the co-clustering probability. Here we describe the

covariates and how to interpret their respective coefficients:

• Absolute difference in monthly within-LTLA mobility per capita (monthly trips

per capita) (|MPCii,w −MPCjj,w|): For one additional pairwise difference in monthly

trips per capita within LTLA, the probability of co-clustering increases by the coefficient.

i.e. a negative coefficient suggests that LTLAs with similar levels of local mobility have an

increased probability of being in the same cluster.

• Average mobility per capita between the LTLAs (monthly trips per capita)

(MPCīj,w): For one additional (average number of) monthly trip per capita between a pair

of LTLA, the probability of clustering increases by the coefficient. A positive coefficient

implies that LTLAs with higher connectivity have an increased likelihood of being in the

same cluster.

• Absolute difference in IMD levels (divided by 10) (| IMDi
10 −

IMDj

10 |): If the difference

in IMD scores between a pair of LTLAs is 10 more than the difference between another

pair, then the probability of the former pair being co-clustered increases by the value of the

coefficient. i.e a negative coefficient means that LTLAs with similar levels of deprivation

(corresponding to a lower difference) have a higher probability of being co-clustered.

• Absolute difference in population density (1000 people per square kilometer)

(|PDi − PDj |): The coefficient here indicates if an LTLA pair’s difference in population
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density is 1000 people per square km more than another pair, then the former’s probability

of co-clustering is higher than the latter by the value of the coefficient, i.e. a negative coeffi-

cient means that LTLAs with similar levels of population density have a higher probability

of being co-clustered.

• Logged absolute difference in the proportion of people over 64 years

(log |prop64i − prop64j |): This coefficient shows how a 1% (or 10%) pairwise increase

in the absolute difference in the proportion of the elderly population increases the proba-

bility of co-clustering by Coefficient
100 (or Coefficient

10 ). A negative coefficient means that LTLAs

with similar levels of people older than 64 years of age have a higher probability of being

co-clustered.

• Distance between the centroids of the LTLAs (100 km) (Dij): The coefficient

for this variable represents the impact of a 100 km increase in the distance between the

centroids on the clustering probability. A negative coefficient indicates that as distance

decreases i.e. if LTLAs are closer in geographical distance, they are more likely to be in

the same cluster.

• Shared boundary indicator (I(Bij)): The coefficient for this binary variable indicates

the change in clustering probability when the two LTLAs share a boundary (1) versus

when they do not (0). A positive coefficient suggests that sharing a boundary increases

the likelihood of being in the same cluster.

In summary, each coefficient tells us how a one-unit change in the respective covariate (or a

specified change, such as 100 km for distance between pairs LTLAs or ten points for IMD pairwise

difference of LTLAs) affects the probability that two LTLAs are in the same cluster, holding all

other variables constant. Positive coefficients indicate an increase in clustering probability with

increasing values of the predictor, while negative coefficients indicate a decrease. This interpre-

tation requires careful consideration, as some of our predictors represent differences between the

characteristics of LTLAs. Therefore, an increase in the value of these predictors corresponds to

more dissimilar LTLAs (see section 5.3.4).
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5.4 Results

Figure 5.1A presents national-level prevalence from ONS, and LTLA specific prevalence trends

using data from chapter 3, alongside aggregated mobility data 5.1B, which describes within- and

between-LTLA movements from October 2020 to February 2022. A notable drop in movement

was observed following the implementation of the second lockdown on 5 November 2020. Be-

tween the second lockdown and the third lockdown, which began on 6 January 2021, a tiered

system of restrictions was in place across the country, during which we observed a continued

decline in movements. Post-January 2021, a gradual increase in mobility was seen, with within-

LTLA movements recovering more quickly. However, the introduction of “Plan B” measures on 8

December 2021 [55], which included mandatory face masks in most indoor public places, COVID

passes for large events, and work-from-home guidance during the spread of the Omicron variant,

corresponded with a significant drop in mobility. Additionally, Figures 5.1C, D, E highlight the

geographic heterogeneity in deprivation levels, the proportion of individuals aged over 65 years,

and population density across local authorities in England.

5.4.1 Clustering and trends

Using the LTLA specific weekly prevalence estimates, we created transmission clusters for each

month using the DPMM described in the Methods section 5.3.2.

Our MCMC chains converged for all the months (see Appendix Figure D.4), except for the

chains which started with all LTLAs assigned to a single cluster in certain months. However,

due to the design of our inference process, this chain would not be selected for the final clusters

unless all other chains also converge to a single cluster (as described in the Methods section

5.3.3.2, we select a chain having reached the modal number of clusters).

As detailed in the Methods section 5.3.2, the concentration parameter α reflects our prior

belief about the expected number of clusters. Generally, a higher value of α favors configurations

with a larger number of clusters. For our analyses, we used a default value of 2, which resulted

in approximately 10 clusters, aligning with the nine administrative regions of England. To assess

the robustness of our clustering results to changes in α, we conducted a sensitivity analysis using

values of 1 and 5, which correspond to expected cluster numbers of approximately 6 and 21,

respectively. The results of this analysis indicated that varying α had minimal impact on the

final number of clusters (Figure D.5). This suggests that the choice of α does not significantly

114



Figure 5.1: SARS-CoV-2 prevalence estimates, alongside mobility and socio-
demographic data. (A) The grey lines show weekly LTLA-specific estimated prevalence from
REACT-1 and mass testing data, while the blue line represents national prevalence from ONS
data. (B) The green and pink lines indicate total weekly trips within and between LTLAs in
England. See Appendix Figure D.2 for monthly trips per capita variation between LTLAs. Ver-
tical bars indicate the timing of the second and third English lockdowns and the implementation
of “Plan B.” Spatial distribution of (C) deprivation, (D) proportion of residents over 64 years,
and (E) population density (per square kilometer) across LTLAs in England.

alter the clustering outcomes under the conditions tested.

In addition to the concentration parameter, the choice of likelihood function, particularly

the noise parameter Σ, can also influence clustering. Specifically, Σ determines the sensitivity of

the model to differences in the data, which refers to prevalences in a given month. In general,

a smaller Σ value would result in the model assigning data points with smaller differences to

separate clusters, thereby increasing the total number of clusters. In contrast, a larger Σ value

would lead to fewer clusters, reflecting a model assumption that only substantially different

prevalences should be grouped into distinct clusters. We evaluated the impact of varying Σ on

the number of clusters formed, using data from January 2021 as an example (Appendix Figure
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D.1). Our findings indicated that with the default parameter value of 1 × 10−5, the data were

divided into 5 clusters. Reducing Σ to 1× 10−6 increased the number of clusters to 22, whereas

increasing Σ to 1 × 10−4 resulted in only 2 clusters. These results demonstrate that while the

choice of Σ may initially appear arbitrary, it aligns with our understanding of what constitutes

a meaningful difference in prevalence.

We observed that the number of clusters varied between one and twelve (Figure 5.2A). Periods

of low prevalence and lower variability between LTLAs, such as February 2021 to June 2021,

were associated with fewer clusters. Conversely, periods with higher prevalence and greater

variability between LTLAs, such as late 2020 and late 2021, were associated with a higher

number of clusters, as seen in Figure 5.2A, 5.3, and 5.4. Our analysis showed that smaller

clusters, defined as those with fewer LTLAs, generally consisted of LTLAs located closer to

each other geographically (Figure 5.2B). This observation aligns with our regression analysis

results, which identified spatial proximity as a important factor in explaining co-clustering. The

entropy values, whether calculated using the population or the number of LTLAs in clusters,

consistently indicate that clustering varies over time, with some months showing highly distinct

and homogeneous clusters (low entropy), while others exhibit more dispersed and diverse clusters

(higher entropy) (Figure 5.2C).

The clustering algorithm was able to identify distinct geographical patterns and trends within

a given month. Our spatially agnostic method is able to pick out geographical trends and capture

the spread of various variants of concern (VOC). For example, in December 2020, we observed

a notable distinct trend in the Kent and Greater London regions during the invasion phase of

the Alpha VOC, which were known to be the origin locations of this VOC [18]. Additionally, we

detected the initial rise in infections of the Delta VOC from returning travelers in the northwest

region in July 2021, followed by Greater London. This pattern was also evident in the number

of independent introductions earlier in March 2021, aligned with mobility patterns [19]. In

December 2021, we observed five distinct clusters with varying increasing prevalence trends.

The cluster which exhibited the fastest growth, corresponded to the Greater London area, also

noted by Elliott et al. [113].

To evaluate if our model was appropriate, we compared the observed prevalences with draws

from the posterior distributions of cluster-specific means (section 5.3.3.5). The simulated preva-

lence values show a strong overlap with the observed prevalence data (see Appendix Figure D.6).

We also compared the empirical cumulative distribution function (eCDF) of the observed and
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Figure 5.2: Number of LTLAs in each cluster, average distance between cluster-
specific LTLAs, and entropy. (A) The bars show the distribution of LTLAs across distinct
clusters for each month, with the numbers indicating the total number of clusters per month.
(B) Average distance (in km) between LTLAs assigned to the same cluster. See Appendix Figure
D.3 for the data points used to compute the average distance here. The size of the dots refers to
the number of LTLAs assigned that particular LTLA. (C) Monthly entropy values for number
of LTLAs (and population) in clusters in blue (orange). Entropy of zero corresponds to the
configuration where all LTLAs are assigned to one cluster.

simulated prevalences (see Appendix Figure D.7). The eCDF is a function that represents the

proportion of observations less than or equal to a particular value. It provides a non-parametric

way to visualize the distribution of the data. The eCDF of the simulated data closely matches

the eCDF of the observed data, i.e. it results in points lying near the 45-degree line. Both these

checks indicate that our model effectively captured the underlying trends and variability in the

observed data.
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Figure 5.3: Spatial clustering of prevalence trends from October 2020 to June 2021.
Each cluster is denoted by a distinct color. The points represent the observed weekly prevalences.
The colors of the trends correspond to the cluster they belong to. The lines represent the mean
of the observed prevalences for each cluster. The colors assigned to clusters have no meaning
from one month to the next, i.e the cluster number assignments (and colors) can be interchanged
in a given month, without affecting the interpretation.
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Figure 5.4: Spatial clustering of prevalence trends from July 2021 to March 2022. Each
cluster is denoted by a distinct color. The points represent the observed weekly prevalences. The
colors of the trends correspond to the cluster they belong to. The lines represent the mean of
the observed prevalences for each cluster. The colors assigned to clusters have no meaning from
one month to the next, i.e. the cluster number assignments (and colors) can be interchanged in
a given month, without affecting the interpretation.
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5.4.2 Factors driving synchrony in transmission

After creating time-varying clusters of prevalence trends, we wanted to assess the contribution of

mobility, spatial, and demographic characteristics in determining transmission clusters. For this,

we used a generalized linear model for the eight months between October 2020 and February

2022, during which we had at least three clusters. Increased movement between LTLAs, spatial

proximity, and similar levels of population density were significant (i.e. 95% confidence intervals

did not include the null parameter value of zero) predictors for the co-clustering of LTLAs. This

is indicated by positive coefficients for monthly trips per capita between LTLAs and for the

indicator variable for LTLAs being neighbors, negative coefficients for the distance between the

centroids of the LTLAs and differences in population density between LTLAs (Figure 5.5).

Our analysis revealed evidence for the changing contributions of these factors over time. In

particular, the coefficients of mobility between LTLAs which had the biggest effect size, initially

increased over time (Figure 5.5), indicating that as time progressed, LTLAs with higher levels

of connectivity were increasingly likely to be grouped together within the same transmission

cluster. Although the effect size of the coefficients decreased in the later months of the study,

they remained considerably larger compared to other factors. This may be explained by the im-

plementation of “Plan B” restrictions and the acceleration of the nationwide booster vaccination

program by December 2021 [55]. We also found that LTLAs with similar levels of deprivation

were more likely to cluster together during most months, except in December 2020, and January

2021, corresponding to the invasion phase of Alpha VOC, and October 2021 and February 2022.

The adjusted R-squared values ranged between 5% and 10%, indicating a relatively low level of

explanatory power in the model. By January 2022, there was a notable drop in the variation

in the probability of co-clustering explained by the covariates (Appendix Figure D.8). This was

likely due to the high prevalence levels (Figure 5.4) and the corresponding increase in the number

of clusters (Figure 5.2), making it challenging for the model to differentiate between signal and

noise.

For model comparison, we fitted seven distinct models each month, with each model including

an additional variable. We then performed ANOVA to evaluate the explanatory power of these

models. The results indicated that the model with all seven variables explained the most variation

in the outcome. This was supported by a high F-statistic and a significant p-value at 5% level

of significance (see Appendix Tables D.1, D.2, D.3, D.4).
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Figure 5.5: Regression coefficient estimates of covariates explaining the probability
of co-clustering of two LTLAs. The dots represent the mean of the regression coefficient
for a given covariate and the bars represent the 95% confidence intervals, for the months which
estimated at least 3 clusters. The two slanted lines on the x-axis show a break in the months.
Note - for logged absolute difference in the proportion of people over 64 years, we have divided
the y-axis by 10, so that the coefficient corresponds an increase in the probability of co-clustering
when the variable increases 10% instead of 1%.

5.5 Discussion

Identifying changes in clustering patterns of diseases and the drivers of such synchronous be-

haviours is crucial for understanding the transmission dynamics of pathogens across space and

time. This is essential for implementing appropriate targeted public health responses, enhancing

preparedness, and efficient resource allocation.

Our method leverages the flexibility of Bayesian nonparametrics, allowing the data to deter-

mine the number of clusters without pre-specifying it or incorporating geographical information

about the areas. We demonstrate that our method effectively captures the spatial spread of
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SARS-CoV-2 across LTLAs in England, even identifying areas that experienced a faster increase

in various VOCs at different times, as highlighted by previous studies [18, 19, 55]. Additionally,

we find that mobility, spatial proximity, and population density are important drivers of similar

transmission dynamics between LTLAs.

These findings provide insights into how clustering patterns emerge and change during dif-

ferent phases of outbreaks, which may help inform future control strategies. Even when epi-

demiological data are subject to biases, routinely collected census and mobility data could still

serve as reliable indicators for understanding transmission dynamics. Our results underscore

that the scales of transmission are not static properties of geographical areas but are shaped by

the dynamic responses of individuals to the spread of pathogens.

The clusters we identified did not align with the administrative boundaries of the nine regions

in England. While the tiered system was implemented at the LTLA level, most publicly reported

estimates of transmission levels, such as prevalence and incidence, were aggregated by admin-

istrative regions, which we have shown to be heterogeneous in terms of transmission dynamics

[96, 88, 67, 147]. Studies, including our work in chapter 2, which used estimates at the LTLA

level, often incorporated regions as a hierarchical structure under which LTLAs were assumed to

be homogeneous [18, 19]. Our findings indicate that this assumption may obscure more localised

variations in transmission, also noted by other studies which provided subnational estimates

[147]. Future efforts should focus on refining the appropriate scale for hierarchical models and

identifying the most suitable level for reporting epidemiological estimates to better capture the

true transmission dynamics. This will be particularly valuable when case numbers are low, as

hierarchical models typically borrow information from neighbouring areas.

BNP methods have found applicability in various subfields within epidemiology. Creswell

et al. [148], introduced a Pitman-Yor process which is a generalisation of the DP to identify

change points in the time-varying reproduction number (EpiCluster). The more commonly used

BNP method, Gaussian processes have also been used to model the reporting-time delay for

nowcasting of COVID-19 related mortality [149]. In spatial epidemiology, Gaussian processes

have been used for disease risk prediction and mapping of malaria and dengue [150, 151], using

spatial and environmental information. DPs have been used for creating antigenic clusters of

different Influenza virus strains [152].

In this chapter, we used BNP for clustering and there are two broad advantages of the method

we presented here. First, unlike traditional clustering methods like K-Means and Hierarchical
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clustering, DPMMs have an advantage because the number of clusters does not have to be prede-

fined. Second, during the SARS-CoV-2 pandemic, various studies also used Moran’s I to identify

clustering patterns of transmission [153] and testing [154]. This is a measure of spatial auto-

correlation, which gives an overall indication about the clustering pattern in a spatially explicit

model but does not identify specific clusters. In comparison to this and Gaussian processes,

our method relies on a spatially agnostic model, and we perform regression analysis with the

covariates post-hoc after the clustering algorithm. This formulation can provide deeper insights

into the underlying causes of disease clusters without making assumptions about the likelihood

of areas being in the same transmission clusters, a priori.

The weekly LTLA-specific prevalence estimates used in the clustering is derived from the

debiasing approach developed by Nicholson et al. [65] and implemented in Bajaj et al. [94]. The

method assumes that biases (between true underlying prevalence estimate and naive prevalence

estimate using Polymerase Chain Reaction testing data) at the regional level are reflective of

those present within LTLAs nested within them, and violations in this assumption would result

in biased estimates of infection prevalence. In regression analysis, we used IMD, which was

an aggregated, time-invariant, and simplified measure of deprivation. Deprivation is a complex

phenomenon with nuanced qualitative aspects that may not be fully captured by our quantitative

measure. Covariates on population density and age structures were also assumed to be time-

invariant.

Our clustering algorithm relies on setting the concentration parameter and defining the like-

lihood. We have observed that the number of clusters is more sensitive to the specification of

the likelihood than to the concentration parameter. Intuitively, the standard deviation of the

likelihood is related to what the user considers a significant difference in prevalence that jus-

tifies assigning data points to different clusters. Alternative approaches might include learning

the standard deviation, although this may require an informative prior. While we employed a

multivariate normal distribution for the likelihood (as the base measure of the Dirichlet prior) to

allow efficient inference by analytically integrating out cluster-specific parameters, it is feasible

to extend the method to non-conjugate prior-likelihood combinations for increased flexibility at

the cost of more challenging inference. We used multivariable linear regression to quantify the

association between various covariates and the probability of co-clustering of pairs of LTLAs.

While Beta regression might seem appropriate, our outcome has values of 0 or 1, making it

unsuitable. Even logistic regression is not suitable in our case, as the number of trials in the
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binomial distribution would correspond to the number of iterations in the MCMC. Hence we

continue with an interpretable multivariable linear regression. The variables used in our work

could explain up to 10% of the variation in the probability of co-clustering.

Future research could focus on several key statistical advancements to enhance this work. One

critical area is the development of formal convergence measures for the Markov Chain Monte

Carlo (MCMC) algorithm, which could significantly improve the robustness and reliability of our

statistical analyses. Additionally, incorporating temporal information directly into the clustering

process rather than treating the model formulation as a multivariate distribution over a month

could facilitate the identification of change points in the spatial evolution of the clustering process.

From an epidemiological perspective, a promising direction is to extend the current work

by applying Hierarchical Dirichlet Processes. This approach would allow for the integration

of data across multiple spatial scales, including sub-national, national, and international levels

when answering questions spanning a range of geographies [155]. BNP methods could further

our understanding of how transmission patterns shift with changing spatial scales throughout

an outbreak. This would be particularly valuable in the early stages of an outbreak, where

data are often limited, as it would allow us to borrow information from areas within the same

transmission cluster, thereby improving the precision of estimates for critical parameters such

as the reproduction number and growth rates. This approach could also be useful in identifying

hotspots that might be facilitating the persistence of endemic transmission and in examining

which areas might be acting as sources and sinks [156].

Future work could expand upon our statistical analysis of transmission synchrony by incor-

porating these dynamic spatial insights into complex agent-based models [157]. This integration

would enable us to quantify additional factors influencing transmission similarity between ar-

eas, beyond the variables previously considered. Additionally, investigating how patterns of

synchrony can be explained by typical data available versus the intrinsic randomness of out-

breaks [158] would offer insights into the spatial dynamics of disease transmission, especially

for pathogens that are associated with a shorter generation time and immunity duration. Such

models would allow for a deeper exploration of the mechanistic drivers behind how a pathogen

spreads in a given area, and how well can we predict its spread.

By bridging statistical analyses, epidemiological insights, and advanced modeling approaches,

we can develop a more comprehensive understanding of disease dynamics and enhance our ability

to inform public health strategies in real time. This interdisciplinary approach is vital for tackling
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the complexities of infectious disease transmission and improving our preparedness for future

outbreaks.

Overall, the flexible Bayesian nonparametric models presented in this work could serve as a

valuable tool for health systems surveillance, offering insights into spatial patterns of transmission

intensity and burden for various pathogens across different geographical contexts. However,

further research and validation will be necessary to fully realize their applicability in real-world

settings.
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Chapter D

Appendix - Evolution of the spatial scales of

transmission of SARS-CoV-2 in England be-

tween 2020 and 2022
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Figure D.1: Spatial clustering of prevalence trends in Jan 2021 for different values of Σ.
Each cluster is denoted by a distinct color. The points represent the observed weekly prevalences.
The colors of the trends correspond to the cluster they belong to. The lines represent the cluster
specific mean of the prevalences. The panels from top to bottom represent scenarios when
diagonal elements of covariance matrix from the likelihood equal to 1×10−4, 1×10−5(default), 1×
10−6.
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Figure D.2: Monthly number of trips per capita across LTLAs. The points represent the
observed LTLA specific monthly number of trips per capita. The pink dots refer to average trips
between pairs of LTLAs, and green dots refer to trips within an LTLA. The width of each violin
represents the density of data points.
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Figure D.3: Distance between cluster-specific LTLAs. Distance (in km) between LTLAs
assigned to the same cluster for each month. The violins represent the median and the inter-
quartile range.
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Figure D.4: Convergence of MCMC chains for clustering. Monthly number of clusters
estimated for each iteration (represented on the x-axis) of the MCMC algorithm. The colors
represent the four different chains with different initial values of number of clusters.
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Figure D.5: Effect of concentration parameter choice on clustering. The bars represent
the monthly number of clusters for different values of the concentration parameter α.

131



Figure D.6: Posterior predictive checks of prevalence estimates. The x-axis corresponds
to the week, y-axis corresponds to prevalence, and facets are the cluster number to which LTLAs
are assigned in a given month. The yellow points represent LTLA specific observed weekly
prevalences, and the green points represent a draw from the posterior distribution of the cluster
specific means, to which each LTLA belongs to.
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Figure D.7: Posterior predictive checks, comparing eCDFS. The x-axis corresponds to
the empirical cumulative distribution function (eCDF) of observed prevalences, and y-axis cor-
responds to the same from simulated prevalences.
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Figure D.8: Adjusted R2 from linear regressions. Adjusted R2 values for each month where
the outcome was probability of co-clustering for pairs of LTLAs and the covariates are described
in Methods section 5.3.4.
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Variables Model
number

log|prop64i − prop64j | 1
log|prop64i − prop64j |,
|MPCii,w −MPCjj,w|

2

log|prop64i − prop64j |,
|MPCii,w −MPCjj,w|,
| IMDi

10 − IMDj

10 |

3

log|prop64i − prop64j |,
|MPCii,w −MPCjj,w|,
| IMDi

10 − IMDj

10 |,
|PDi − PDj |

4

log|prop64i − prop64j |,
|MPCii,w −MPCjj,w|,
| IMDi

10 − IMDj

10 |,
|PDi − PDj |,
I(Bij)

5

log|prop64i − prop64j |,
|MPCii,w −MPCjj,w|,
| IMDi

10 − IMDj

10 |,
|PDi − PDj |,
I(Bij),
Dij

6

log|prop64i − prop64j |,
|MPCii,w −MPCjj,w|,
| IMDi

10 − IMDj

10 |,
|PDi − PDj |,
I(Bij),
Dij ,
MPCīj,w

7

Table D.1: Description of models compared The first column shows which variables were
included (as defined in the methods section 5.3.4) in the ANOVA test for model comparison, and
the second column represents the number they will be referred by in the subsequent tables.
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Month Model RSS SS F-statistic p-value
October 20 1 7415.4 - - -

2 7399.2 16.2 111.9 4.12e-26
3 7027.1 372.1 2567.2 0e+00
4 7023.7 3.4 23.7 1.1e-06
5 6984.3 39.3 271.2 9.1e-61
6 6663.4 320.9 2214.1 0e+00
7 6661.6 1.8 12.2 4.9e-04

November 20 1 5906.6 - - -
2 5898.6 8.0 65.2 7.0e-16
3 5736.1 162.4 1316.2 4.1e-284
4 5736.1 0.01 0.1 0.7
5 5697.9 38.3 310.0 3.7e-69
6 5606.8 91.0 737.8 3.5e-161
7 5601.9 4.9 39.8 2.9e-10

December 20 1 6182.1 - - -
2 6181.9 0.2 1.8 0.2
3 6181.4 0.4 3.6 0.06
4 5723.1 458.3 3682.2 0e+00
5 5689.2 33.9 272.4 5.1e-61
6 5671 18.2 146.1 1.4e-33
7 5660.3 10.6 85.4 2.6e-20

Table D.2: Model comparison for monthly regressions in 2020. Model number corre-
sponds to the variables included, as specified in Appendix Table D.1. RSS and SS refer to the
residual sums of squares and sums of squares for each model.
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Month Model RSS SS F-statistic p-value
January 21 1 5447.6 - - -

2 5446.7 0.8 7.3 7e-03
3 5446.6 0.1 1.2 0.2
4 5240.2 206.4 1808.1 0e+00
5 5210.3 29.9 261.7 1e-58
6 5169.2 41.0 359.5 7.6e-80
7 5156.9 12.6 108.2 2.6e-25

October 21 1 3975.6 - - -
2 3950.9 24.7 303.1 1.2e-67
3 3946.5 4.4 54.1 2e-13
4 3776.2 170.3 2093.5 0e+00
5 3766.6 9.5 117.2 2.7e-27
6 3764.9 1.8 21.6 3.4e-06
7 3758.4 6.5 79.8 4.4e-19

December 21 1 5976 - - -
2 5955.9 20.1 166.3 5.5e-38
3 5938.8 17 141 1.8e-32
4 5735.1 203.8 1685.2 0e+00
5 5675 60.1 496.9 1.7e-109
6 5565.1 109.8 908.2 1.3e-197
7 5558.8 6.3 52 5.7e-13

Table D.3: Model comparison for monthly regressions in 2021. Model number corre-
sponds to the variables included, as specified in Appendix Table D.1. RSS and SS refer to the
residual sums of squares and sums of squares for each model.

Month Model RSS SS F-statistic p-value
January 22 1 4065.5 - - -

2 4061.4 4.1 47.1 6.7e-12
3 4047.9 3.5 154.3 2.2e-35
4 4047.7 0.2 2.3 0.1
5 4034.8 12.9 147 8.8e-34
6 4034.3 0.5 5.5 0.001
7 4030 4.3 49 2.5e-12

February 22 1 4954 - - -
2 4943.5 10.4 99.3 2.2e-23
3 4943.5 0.002 0.002 0.08
4 4868.5 75 713.4 5.8e-156
5 4861 7.6 72.1 2.1e-17
6 4833.5 27.5 261.3 1.3e-58
7 4832.1 1.4 1.3 2.6e-04

Table D.4: Model comparison for monthly regressions in 2022. Model number corre-
sponds to the variables included, as specified in Appendix Table D.1. RSS and SS refer to the
residual sums of squares and sums of squares for each model.
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Chapter 6

Discussion

6.1 Summary

In this thesis, I presented four research chapters that described role of spatial and sociode-

mographic variation on SARS-CoV-2 transmission and public health interventions in England

between October 2020 and March 2022.

In chapter 2, I combined phylogeographic results from my collaborators with statistical meth-

ods to describe the drivers of transmission of the Alpha and Delta VOCs describing their initial

spread throughout the country. I extended methods for estimating growth rates and found that

Alpha spread across the UK, driven by mobility patterns from Kent and Greater London, whereas

Delta’s emergence occurred within a diverse landscape of easing restrictions, where local mobility

played an important role in its establishment.

In chapter 3, I presented the differences in the PCR tests performed and LFD tests performed

and reported over time across a range of sociodemographic groups. We found a higher prevalence

in deprived areas where the number of PCR tests performed was nearly double that of the least

deprived areas. However, LFD test reporting was lower in the most deprived areas, almost half

compared to least deprived areas, even after the rollout of free asymptomatic testing. We then

introduced a method which combined mass testing data with random community surveillance

surveys to estimate prevalence at fine spatial scales and by sociodemographic groups. This ap-

proach highlighted higher infection prevalence in Asian or Asian British communities during the

Alpha and Omicron BA.1 waves. We also found that secondary school-aged children experienced

the highest infection rates during these periods. Additionally, we developed a novel method to

estimate incidence and found that the national testing programme captured 26% – 40% of the
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infections.

In chapter 4, I presented the biases in testing from the method presented in the previous

chapter. During the invasion phases of the Delta and Omicron VOCs, the PCR testing bias in

the least deprived populations was roughly half of that in the least, suggesting that people in the

least deprived areas were more likely to perform PCR tests regardless of their infection status.

Using confirmatory PCR data (LFD positive results followed by a PCR test within three days),

we estimated false positivity rates, and developed novels methods to estimate the sensitivity, and

specificity of the LFD tests which aligned closely with the literature. Additionally, we modelled

the likelihood of a positive confirmatory PCR test relative to the time elapsed since the LFD

positive result, finding potential delays in reporting positive LFD tests among Black populations.

Lastly in chapter 5, using the finescale prevalence estimates from chapter 3, I introduced

Bayesian nonparametric methods to identify transmission clusters, i.e. groups of areas that had

similar levels of transmission, and examined how these clustering patterns evolved over time,

influenced by factors such as mobility and spatial proximity. I describe the inference process of

the Dirichlet process mixture model and highlight the computation challenges associated with

these flexible models.

This thesis introduces and extends novel methods from the literature to enhance our under-

standing of infectious disease transmission and improve the monitoring of public health inter-

ventions, such as testing uptake across different groups.

In the following sections, I outline potential areas for future research.

6.2 Future directions

6.2.1 Statistical, mechanistic and causal models

Mechanistic versus statistical methods

Mechanistic models and statistical methods serve different but complementary purposes in the

study of infectious diseases. Statistical methods are primarily concerned with identifying rela-

tionships between variables, or the predictive power of a collection of variables on outcomes. For

example, regression methods can help us identify correlations between prevalence and incidence

or other epidemiological factors. These models are data-driven and excel at forecasting and iden-

tifying patterns based on existing data, often without requiring an explicit formulation of the
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underlying processes. In chapters 2 and 5 we used statistical models to estimate growth rates,

identify clusters, and to examine the relationship between mobility patterns and the spread of

VOCs, as well as the spatial synchrony of transmission.

On the other hand, mechanistic models are grounded in the underlying biological, ecological,

or social mechanisms that drive disease dynamics. These models attempt to formally define

the processes governing the transmission dynamics of a pathogen within a population. They

are particularly valuable for testing hypotheses about the mechanisms through which variables

influence outcomes, such as how changes in human behavior or environmental conditions might

impact disease spread. In chapter 3, we explicitly modelled our beliefs about the bias structure

in mass testing data to estimate the prevalence of SARS-CoV-2 at fine spatial scales and across

sociodemographic groups. Similarly, in chapter 4, we mechanistically defined the relationship

between incidence and prevalence to estimate incidence at these fine scales. Additionally, we

utilized data from confirmatory PCR tests to clearly outline the underlying mechanisms, enabling

us to estimate the specificity and sensitivity of LFD tests, as well as to analyze how PCR

detectability varied among ethnic groups and changed over time.

By incorporating our beliefs about how a system works, mechanistic models provide a frame-

work to explore the “how” of disease transmission, complementing the “what” identified by sta-

tistical methods. Both statistical and mechanistic approaches are essential for a comprehensive

understanding of disease dynamics. When used together, these approaches can guide us toward

a deeper understanding of the drivers of disease spread.

COVID-19 and causal models

Causal inference is critical not only for understanding relationships between variables but also

for identifying the underlying causes of these relationships. Moving forward, a key area of devel-

opment should be the integration of statistical, mechanistic, and causal models to create a more

robust framework for understanding and controlling infectious diseases. Recent studies during

the COVID-19 pandemic effectively utilized causal inference methods to gain deeper insights into

transmission dynamics and the impact of interventions. For example, a study used the quasi-

experimental design of matched-neighbors to assess the NHS app’s role in reducing COVID-19

transmission [159]. Through mediation analysis, another study highlighted the Simpson’s Para-

dox in COVID-19 case fatality rates between China and Italy, illustrating how age-related factors

can distort data interpretations [160]. Additionally, these researchers emphasised the need to
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clearly articulate causal pathways before analysing observational data, which can help to iden-

tify selection biases and prevent misleading conclusions regarding vaccine effectiveness. Moving

forward, incorporating causal inference methods, from quasi-experimental designs including but

not limited to instrumental variables, propensity score matching, difference-in-differences, and

regression discontinuity designs can further enhance our understanding of infectious disease dy-

namics and improve the reliability of our findings.

Causal inference in infectious disease modelling

Despite these promising developments, there are significant challenges in applying existing causal

inference literature to the field of infectious disease modeling. In traditional epidemiology, study

designs like cohort, cross-sectional, case-control, and clinical trials are frequently used. How-

ever, infectious disease epidemiology requires a different approach, as multiple studies are often

needed to address the diverse questions surrounding the origin, spread, and control of pathogens.

Complicating this further is the fact that we lack a robust theoretical foundation to apply tra-

ditional causal inference methods, which are commonly used in other areas of epidemiology.

The challenge of establishing causality in infectious disease epidemiology is compounded by the

ethical constraints around conducting controlled experiments. While vaccine efficacy studies

offer a controlled setting through randomized trials, they are the exception rather than the

rule, and even these studies face limitations. For example, they often focus on direct protection

rather than exploring broader population-level effects like herd immunity. Beyond vaccines, other

non-pharmaceutical interventions such as social distancing for infected individuals are typically

evaluated through observational studies or natural experiments, making it difficult to isolate

causal relationships. These ethical and logistical constraints necessitate innovative approaches

to infer causality without relying on traditional epidemiological designs. This makes it necessary

to develop new methods that can accurately identify causal pathways and quantify the causal

effects of different transmission drivers.

Two key areas of future research stand out as essential for advancing causal inference in

infectious disease epidemiology. The first is addressing the assumption of independence, which

is often violated in the context of infectious diseases due to the interconnected nature of disease

transmission. In infectious diseases, an individual’s risk of infection is not independent of others

in their community or environment; instead, it is heavily influenced by interactions with infected

individuals, making the transmission process highly dependent on social networks, proximity, and
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behaviour. This interconnectedness means that changes in one individual’s infection status can

directly alter the risk for others. As a result of this interdependence, spillover effects where the

treatment or infection of one individual affects others are common in infectious disease systems.

A clear example of this is herd immunity, where the treatment or vaccination of a portion of the

population reduces the overall risk of infection for those who remain untreated, illustrating how

interconnectedness drives population-level impacts from individual interventions.

The second key area for future research lies in addressing the complexity introduced by

feedback loops in infectious disease dynamics. Observational data already pose difficulties for

causal inference, and this complexity increases when exposures change over time. Moreover,

the feedback loops inherent in infectious disease dynamics further complicate causal analysis,

especially given the requirement that the cause must precede its effect. Mobility, as discussed in

this thesis, plays a central role in pathogen spread, but its influence is bidirectional, highlighting

the need for future research to better understand the reciprocal effects in transmission dynamics.

I explore this in more detail in the section 6.2.3 below.

Together, these two areas—violations of independence and feedback loops—are likely to drive

significant advancements in causal inference within infectious disease epidemiology. Mechanistic

models provide a valuable approach to address these challenges, as they are inherently causal in

nature. Agent-based models (ABMs), for instance, simulate how individual behaviors contribute

to population-level trends, offering insights into the causal pathways of transmission. For exam-

ple, one of the earliest ABMs demonstrated how individual preferences for same-race neighbors

led to racial segregation, showing the power of these models in capturing complex social dynamics

[161]. Applied to infectious diseases, ABMs can empirically examine the feedback loops between

individual behaviors and pathogen spread, making them particularly useful for studying the dy-

namics of transmission in populations. By integrating individual actions with population-level

outcomes, these models provide a powerful tool for exploring the intricate relationships driving

infectious disease transmission.

Lastly, interdisciplinary collaboration with social scientists and other experts will be crucial in

addressing the “why” of disease dynamics, and integrating social, behavioral, and environmental

factors into our models. This interdisciplinary approach can ultimately lead to more effective,

evidence-based interventions and policies, tailored to the complex realities of disease transmission

in different populations and contexts.
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6.2.2 Sociodemographic factors in epidemiological models

Modelling

While the COVID-19 pandemic saw a boost in innovative modelling solutions, various authors

have also called attention to integrating social aspects into infectious disease modelling as a

necessary step in our field of research [133, 134, 72]. There have been some studies during the

pandemic that have incorporated socio-economic factors to calibrate the more commonly used

age- and spatially-structured mathematical models.

One study showed that an eviction crisis stemming from job losses in Philadelphia could lead

to a surge in COVID-19 cases, particularly affecting individuals in living in poorer neighborhoods

with higher proportions of racial/ethnic minorities [162]. This research underscores the interplay

between economic instability and health outcomes, suggesting that public health interventions

must consider socio-economic vulnerability of individuals.

Another study analysed fine-scale mobility data from various locations such as restaurants,

grocery stores, and religious establishments across ten metropolitan cities in the United States.

By combining this mobility data with census block groups, the authors found that areas fre-

quently visited by disadvantaged racial and socioeconomic groups experienced higher transmis-

sion rates of SARS-CoV-2 [163]. They also modelled different reopening strategies to minimize

the infection burden in these vulnerable populations, highlighting the importance of tailored

public health measures that account for disparities in the population.

Another study incorporated heterogeneity in susceptibility and exposure to SARS-CoV-2

infection among different racial and ethnic groups in New York [76]. By explicitly integrating

socioeconomic status into their mathematical framework, the researchers revealed that disparities

among these groups led to unequal distributions of infections. This finding emphasised that

a nuanced understanding of social determinants is essential for accurately modelling disease

dynamics, estimating epidemiological parameters by sub-groups, and informing effective public

health strategies.

Collectively, these studies illustrate that integrating socioeconomic factors into infectious

disease modeling framework can provide a more comprehensive understanding of transmission

dynamics and can inform targeted interventions that address health and economic disparities.
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Filling the data gap

Despite a few studies during the COVID-19 pandemic, incorporating sociodemographic factors

into the framework of mechanistic mathematical models remains largely under-explored and

presents a promising direction for future research. However, to make meaningful progress in

this area, we must also address the critical issue of data representation. Most of the work

in our field of research relies heavily on data, and accurately capturing and accounting for

biases within it is crucial. Ensuring that our data are representative is vital, particularly in

resource-limited settings where data gaps are most pronounced. As artificial intelligence and

computational methods continue to advance, particularly with the integration of multiple data

sources, it becomes increasingly important to be mindful of the underlying biases in the data

used to inform public health decisions [164].

In chapter 3 and 4, I presented methods to debias prevalence estimates by combining high-

quality, low-volume surveys with mass testing data. This approach allows us to leverage the

strengths of both data sources, providing more accurate epidemiological estimates even at fine

spatial and sociodemographic scales. Extending this work could involve designing cost-effective

surveys that maintain representativeness while being feasible to implement in settings with lim-

ited resources.

6.2.3 Modelling human behaviour

Building on the findings in Chapters 2 and 5, which highlight the role of human behavior (mea-

sured through mobility) in the spatial expansion of VOCs and spatial synchrony patterns of

transmission, future research should delve deeper into understanding the why behind these be-

haviors. Specifically, it is crucial to explore why some individuals can modify their behaviors,

how human behavior changes in response to perceived risk, and how these changes, in turn, affect

disease dynamics [165, 166].

Future work could focus on modeling the dynamic feedback loop between how individuals

react to an epidemic and how these reactions influence the spread of the disease. This would

involve accounting for differences in individuals’ ability to modify their behaviors, which is a

complex function of several factors, particularly in the context of COVID-19, as outlined below:

• Perception of risk – influenced by media, government announcements, policies, and the risk

perception within an individual’s contact network;
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• Ability to modify contact patterns – such as implementing stringent measures like working

from home and isolation;

• Willingness to comply with preventative measures – influenced by beliefs about the benefits

of mask-wearing, vaccine uptake hesitancy due to perceived adverse events, and rational

opposition as vaccine uptake in the community increases and perceived risk decreases [167];

• Adherence fatigue – over time, compliance with preventative measures may wane, affecting

the overall effectiveness of interventions.

By modeling these factors, we can gain insights into how heterogeneity in micro-level dy-

namics (individual behaviors) impacts macro-level disease dynamics. A key focus should be on

understanding how much of this impact is mediated through individuals’ perception of disease

risk versus their (in)ability to modify behavior. The former could be targeted by effective com-

munication [168] from authorities, while the latter points to deeper structural inequalities in

society [169]. This research could guide the design of more equitable and effective public health

interventions.
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Spatiotemporal invasion dynamics of SARS-CoV-2
lineage B.1.1.7 emergence
Moritz U. G. Kraemer1*†, Verity Hill2†, Christopher Ruis3†, Simon Dellicour4,5†, Sumali Bajaj1†,
John T. McCrone2, Guy Baele5, Kris V. Parag6, Anya Lindström Battle7, Bernardo Gutierrez1,
Ben Jackson2, Rachel Colquhoun2, Áine O’Toole2, Brennan Klein8, Alessandro Vespignani8,
COVID-19 Genomics UK (COG-UK) Consortium‡, Erik Volz6, Nuno R. Faria1,6,9, David M. Aanensen10,11,
Nicholas J. Loman12, Louis du Plessis1, Simon Cauchemez13, Andrew Rambaut2*,
Samuel V. Scarpino8,14,15*, Oliver G. Pybus1,16*

Understanding the causes and consequences of the emergence of severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2) variants of concern is crucial to pandemic control yet difficult to achieve because
they arise in the context of variable human behavior and immunity. We investigated the spatial invasion
dynamics of lineage B.1.1.7 by jointly analyzing UK human mobility, virus genomes, and community-based
polymerase chain reaction data. We identified a multistage spatial invasion process in which early B.1.1.7
growth rates were associated with mobility and asymmetric lineage export from a dominant source location,
enhancing the effects of B.1.1.7’s increased intrinsic transmissibility. We further explored how B.1.1.7 spread
was shaped by nonpharmaceutical interventions and spatial variation in previous attack rates. Our findings
show that careful accounting of the behavioral and epidemiological context within which variants of
concern emerge is necessary to interpret correctly their observed relative growth rates.

T
he severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2) lineage B.1.1.7
expanded rapidly across the United
Kingdom (1, 2) in late 2020 and sub-
sequently spread internationally (3, 4).

As of 19 January 2021 (date of the most re-
cent sample in our dataset), B.1.1.7 had reached
all but five counties of Wales, Scotland, North-
ern Ireland, and England, with onward trans-
mission in each. Restrictions on international
travel were enacted to contain B.1.1.7’s spread;
however, genomic surveillance has since de-
tected the presence and growth of the lineage
in many countries worldwide (4, 5). Analyses
of genomic, laboratory, secondary contact,
and aggregated epidemiological data estimate
higher transmissibility of B.1.1.7 compared with
previous SARS-CoV-2 lineages (1, 6–9) and
potentially a greater risk of hospitalization
(10–13). The spatial heterogeneity of SARS-
CoV-2 transmission—and of emerging infec-
tious diseases in general—can have profound
effects on the local likelihood and intensity of
transmission, final epidemic size, and immu-
nity (14–22). More specifically, estimates of
B.1.1.7’s increased relative transmissibility de-
clined during its emergence in the UK (7, 9);
understanding why this occurred is necessary
if we are to respond effectively to future SARS-

CoV-2 variants. We reconstructed and quanti-
fied the spatial dynamics of B.1.1.7’s emer-
gence and investigated how human mobility
and heterogeneity in previous exposure con-
tributed to B.1.1.7’s initial spread and evalua-
tion of higher transmissibility.

Spatial expansion and source sink dynamics of
B.1.1.7 in the UK

B.1.1.7 can be first detected in COVID-19 Geno-
mics UK Consortium (COG-UK) genome data
in Kent on 20 September 2020 and spread
quickly across the UK, with each week adding
detections in approximately seven new upper-
tier local authorities (UTLAs) (Fig. 1, A and B,
and table S2). B.1.1.7 was already reported in
several UTLAs before the start of the second
English lockdown (5 November 2020). By the
end of that lockdown (2 December 2020),
B.1.1.7 was widespread throughout the UK
(Fig. 1, A and B).
The spatial expansion of SARS-CoV-2 line-

ages [for example, (16, 23)] can be tracked by
using data from the UK’s national surveil-
lance of SARS-CoV-2 genomes (24). By com-
bining these data with aggregated mobile
phone data, we examined the dissemination
of B.1.1.7 through human mobility, from its
likely location of emergence (Kent andGreater

London) to other UK regions (Fig. 1, D and E,
and supplementary materials, materials and
methods). Humanmobility amongUK regions
increased at the end of the second English
lockdown, from 55 million to 75 million week-
ly movements (Fig. 1E). Because of its central-
ity, Greater London exhibits an important
connective role in the UK human move-
ment network (Fig. 1D; red lines indicate
the week the second lockdown was eased).
Compared with that of previous weeks, move-
ments out of Greater London were more fre-
quent and reachedmore destinations (fig. S1).
For each UTLA, we found that the date of first
detection of B.1.1.7 is predicted well by human
mobility from Kent and Greater London to
that UTLA [Pearson’s correlation coefficient
(r) = –0.73; 95% confidence interval (CI): –0.61,
–0.81; Akaike information criteria (AIC) = 734]
(Fig. 1C) and similarly well by using move-
ments from Kent and Greater London sepa-
rately (fig. S2). This correlation strengthens
through time as new locations of B.1.1.7 de-
tection are added (fig. S3) and is robust to
changes in human mobility through time in
among-region human movement (Pearson’s
r = –0.44; 95% CI: –0.16, –0.65; P < 0.01; mo-
bility data through 23 January 2021) (materials
and methods). Geographic distance from
Greater London correlates less strongly with
B.1.1.7 arrival times (Pearson’s r = 0.60; 95%
CI: 0.44 to 0.71; AIC = 763) (fig. S4).
To understand better the spatial dispersal of

B.1.1.7 during its emergence, we reconstructed
its spread across England using large-scale
phylogeographic analysis (25–27). We ana-
lyzed 17,716 B.1.1.7 genomes collected between
20 September 2020 and 19 January 2021 (Fig. 2
and fig. S5), collated from polymerase chain
reaction (PCR)–positive community samples
that represent a random selection of SARS-
CoV-2–positive samples (28). These genomes
represent ~4% of UK B.1.1.7 cases during the
study period [n = 460,510 estimated tests with
PCR S-gene target failure (SGTF) between
20 September 2020 and 19 January 2021].
Samples per location (UTLA) and per week
in the SGTF and whole-genome datasets are
strongly correlated (Pearson’s r = 0.69; 95%
CI: 0.63 – 0.73; P < 0.001) (fig. S6) (7), making
it feasible to reconstruct B.1.1.7 expansion his-
tory by using phylogeographic approaches (29).
We identified distinct phases to the emer-

gence of B.1.1.7. Initially, during the second
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English lockdown, most (71.2%) B.1.1.7 phylo-
genetic branch movements originated and
ended inGreater LondonorKent; long-distance
dispersal events were relatively infrequent
(Figs. 2 and 3). After the lockdown ended, and
new cases in London subsequently rose rapid-
ly, observed virus lineage movements from
southeast England to other regions increased,
and other large cities started to exhibit local
transmission (Figs. 2 and 3). This phase of a
growing number of exported B.1.1.7 cases
from London and environs stabilized in mid-
December and coincided with reduced mobil-
ity from Greater London (Tier 4 restrictions
were announced on 20 December 2020 and
entailed a “Stay at home” order, closure of

nonessential shops and hospitality, and strict
limitations on household mixing) (Figs. 1E
and 2C). However, the total number of B.1.1.7
lineage exports did not immediately decline
because the growing number of B.1.1.7 cases
in southeast England offset the decline in
outward travel (Fig. 2C) (30), indicating a
limited effect of delayed action on B.1.1.7
spread from Greater London. Our analysis
did not allow us to establish a causal link
between nonpharmaceutical interventions
(NPIs) and their impact on lineage exporta-
tions, so these results should be interpreted
with caution.
By combining mobility and SGTF data with

estimates of the proportion of the population

testing SARS-CoV-2–positive (materials and
methods), we can estimate the frequency of
B.1.1.7 export from Greater London to other
English regions (Fig. 2C and fig. S7) and ex-
plore its role in accelerating the lineage’s em-
ergence. Using these combined data sources,
we estimate that the number of B.1.1.7 case
exports from Greater London rose during
November (including during lockdown) from
<600 to >12,000 in early December (Fig. 2C,
gray curve), reflecting growth in B.1.1.7 infec-
tions in Greater London and an increase in
humanmobility among UK geographic regions
across in late November (Fig. 1E). The esti-
mated intensity of B.1.1.7 case exportation from
Greater London remained high in December,
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Fig. 1. Human mobility and spatial expansion of B.1.1.7 across the UK.
(A) Map at the UTLA level of arrival dates of lineage B.1.1.7. Darker colors indicate
earlier dates, and lighter colors indicate later dates. Arrival time is defined as the
earliest sampling date of a B.1.1.7 genomic sequence in each UTLA. (B) Cumulative
number of UTLAs in which B.1.1.7 has been detected, in 7-day intervals. The blue
shaded area indicates the period of the second lockdown in England. (C) Relationship
between the arrival time of B.1.1.7 and estimated number of movements from Kent
and London during February 2020 for each UTLA (Pearson’s r = –0.73; 95% CI: –0.61,
–0.81; P < 0.001) (materials and methods). (D) Human mobility at the UK local

authority district level (LAD) (table S2) during the epidemiological week 29 November
to 5 December 2020. Thicker lines (edges) indicate more movements between
regions. Nodes with larger absolute incoming movements are indicated with darker
colors. Red lines indicatemovements fromGreater London. (Insets I, II, and III) Mobility
within three UK metropolitan areas. (E) Trends in human mobility across the UK
(indicating movements between but not within LADs). The blue shaded areas
indicate the period of the first, second, and third lockdown in England. Dark red
indicates the timing (20 December 2020) of the Tier 4 restrictions imposed in
southeast England, including London (56).
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(A and B) Continuous phylogeographic reconstruction with phylogeny nodes colored
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analysis (red), and estimated from mobility and prevalence survey data (black).
(D) Estimated number of cumulative B.1.1.7 introductions inferred from phylogeo-
graphic analysis into each administrative area (UTLA) by 12 December 2020.
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peaking in mid-December at ~20,000 weekly
exports, before declining in early January af-
ter the third national lockdown started on
5 January 2021. These estimates (Fig. 2C, gray
curve) closely match the trends in lineage
B.1.1.7 movement inferred from phylogeo-
graphic analysis (Fig. 2C, red curve), cross-
validating both data sources (exports estimated
by using each method are strongly correlated;
Pearson’s r = 0.62; 95% CI: 0.61 to 0.64; P <
0.001) (fig. S8). Lineage exportation events es-
timated from genomic data are lower from
late December onward, possibly owing to re-
porting lags in genomic data generation and/or
delayed care-seeking because of the Christmas
holidays (31). Our simple model assumes that
nonsymptomatic infectious individuals are equal-
ly likely to travel (Fig. 2C, gray line), which may
bias our estimates of infectious travellers upward.
B.1.1.7 dispersal dynamics shifted in late

December to more bidirectional exchange of
phylogenetic lineages in and out of Greater
London (Fig. 3), coinciding with rapid growth
in B.1.1.7 cases across England (9). Through-
out, the weekly number of B.1.1.7 cases in a
UTLA was positively associated with the num-
ber of B.1.1.7 lineage introductions into that
UTLA during that week (Pearson’s r = 0.41,

0.76, 0.91, and 0.73, for October, November,
December, and January, respectively; P < 0.001
for all; further analysis is provided in the sup-
plementary materials) (fig. S6). We observed
spatial heterogeneity in B.1.1.7 lineage impor-
tations; in the phylogeographic analysis, some
locations received >500 inferred importations,
despite our genomic dataset representing <4%
of reported B.1.1.7 cases during the study period
(Fig. 2D).
Detailedmapping of the spatial dynamics of

SARS-CoV-2 lineages is difficult without com-
prehensive, well-sampled epidemiological and
genomic data (32, 33). However, the COG-UK
data enables us to study dissemination trends
by comparing inferredB.1.1.7 importationswith
within-location movements. Greater London
(and to some extent Kent) acted as the main
exporter of B.1.1.7 lineages to other UTLAs
until mid-December 2020 (Fig. 3A). The lon-
gest (>100 km) and shortest (<100 km) disper-
sal events consistently originated from Greater
London throughout the study period (Fig. 3B),
primarily because of its large epidemic.However,
the relative percentage of lineage movements
that originated from Greater London approx-
imately halved between September 2020 and
January 2021 (table S1).

Spatial heterogeneity in SARS-CoV-2 incidence
and B.1.1.7 expansion
Using SGTF PCR-positive tests as a proxy for
B.1.1.7 infection (34), we next examined daily
growth rates of SARS-CoV-2 cases at the UTLA
level for SGTF and non-SGTF cases (excluding
case data from 25 to 31 January to account for
reporting and testing delays) (materials and
methods) (35). Case growth rates immediately
after theNovember 2020 lockdownwere high-
est in regions of southeast England connected
to Greater London and/or Kent (fig. S9). Acce-
leration in SGTF case growth rates in Greater
London began inmid-November and preceded
acceleration in other regions (Fig. 4B). At the
UTLA level, growth rates of SGTF cases were
higher than non-SGTF cases (fig. S9), a key ob-
servation used to support an increased trans-
missibility for B.1.1.7 (7, 9).
We added to those findings by quantifying

the import of B.1.1.7 cases from London and
investigating the association of importation
trends with lineage-specific case growth rates
(materials and methods). Using our phylogeo-
graphic analysis results (Figs. 2 and 3), we
found that growth in the rate of B.1.1.7 impor-
tation into a lower-tier local authority (LTLA)
closely matches the early growth rate of SGTF
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cases in that LTLA (Birmingham, Liverpool,
and Manchester are shown in Fig. 4A). We
further calculated the per-region difference
between SGTF and non-SGTF case growth
rates [the estimated raw additive increase in
SGTF growth rate is 0.0715, and the median
multiplicative advantage is 1.576, assuming a
generation time of 6.5 days, which is qualita-
tively similar to those reported previously (7, 9),
with the caveat that generation times may dif-
fer between B.1.1.7 and other lineages (36, 37)]
(fig. S11). The degree towhich this difference is
positively correlated with B.1.1.7 importation
rate grewduring the latter half of theNovember
lockdownand remained very high [coefficient of
determination (R2) > 0.75] until mid-December,
before declining (the trend remains when
accounting for uncertainty in the estimated
number of infections across Greater London)
(Fig. 4C and fig. S12). This result is robust to
the data and methods used to estimate per-
location B.1.1.7 importation rates (figs. S9
and S10). Accounting for continued export
of B.1.1.7 from Greater London and Kent can
explain in part why estimates of the growth
advantage of B.1.1.7 declined during the sec-
ond half of December 2020, before the im-

plementation of tighter control measures
(Tier 4, 20 December) (7, 9).

Human mobility and prior outbreaks as
predictors of B.1.1.7 growth

The epicenter of SARS-CoV-2 transmission in
the UK shifted during the November 2020 lock-
down:between 1Septemberand1December2020,
~80% of reported cases were reported out-
side London and southeast England, whereas
those regions accounted for ~40% of all cases
during 1 to 7 December. We sought to under-
stand how, in each location, post-lockdown
growth rates related to previous attack rates
as well as travel inflow to that location. We
investigated predictors of the increase in the
relative frequency of B.1.1.7 genomes com-
pared with that of other SARS-CoV-2 lineages
(Fig. 5A) (7, 9). In a multivariate model, we
found that about half of the variation in the
increase in B.1.1.7 relative frequency between
2 and 16 December is associated with human
mobility from Greater London and attack rates
before the November lockdown (Fig. 5, B and
C). UTLAs with lower previous attack rates
tended to have faster-increasing B.1.1.7 frequen-
cies. We repeated this analysis using SGTF

case frequency data and obtained similar re-
sults (R2 = 0.57, P < 0.001) (fig. S13). However,
neither human mobility nor pre-lockdown at-
tack rate were significant predictors of later
changes. Instead, change in the relative fre-
quency of B.1.1.7 genomes after 17 December
was best predicted simply by its frequency on
that date (R2 = 0.13, P < 0.01) (fig. S14), al-
though a model identified through exhaustive
search by using Bayesian information criteria
(BIC) includes the “frequency of B.1.1.7 on
17 December,” an interaction between arrival
time and “frequency of B.1.1.7 on 17 December,”
and an interaction between incidence before
the November lockdown and mobility from
London (BIC 178.467; R2 = 0.68; P < 0.001)
(fig. S14). Mobility from Greater London re-
mains a significant predictor of B.1.1.7 growth
after controlling for population size by means
of both a multivariate regression and model-
selection by using exhaustive search with both
BIC and AIC.

Conclusions, limitations, and future work

We found that the emergence of B.1.1.7 through-
out the UK was associated with a high export
frequency from a major source location that

Kraemer et al., Science 373, 889–895 (2021) 20 August 2021 5 of 7

B

G
ro

w
th

 ra
te

0

200

400

600

800

N
um

be
r 

of
 C

as
es

Birmingham

Oct Jan

Liverpool

0

20

40

60

80

Oct Jan

Independent Im
portations of B

.1.1.7
Manchester

A

S+ S- Intros

0.00

0.25

0.50

0.75

1.00

C
onditional

R
2

C

Oct Jan

Nov 15 Dec 1 Dec 15

0.10

0.05

0.00

-0.05

-0.10

Nov Dec Jan

Greater London (SGTF)
Outside Greater London (SGTF)

Fig. 4. Case growth rates of B.1.1.7 are correlated with human mobility and
attack rates across the UK. (A) Seven-day rolling average number of cases reported
that had the SGTF (green) and cases reported with non-SGTF (red) for three
selected LTLAs, Birmingham, Liverpool, and Manchester (table S2). The black line
indicates the weekly number of independent introductions estimated from the
phylogeographic analysis. The gray shaded area indicates the timing of the second
(5 November to 1 December) and start of the third (5 January) English lockdown.
(B) Rolling 7-day average growth rates of SGTF cases in Greater London (red line)

and outside of Greater London (blue line). (C) Association between per-region
(LTLA) difference between SGTF and non-SGTF case growth rates (corrected to
account for differences through time in sampling intensity of SGTF cases) and number
of B.1.1.7 importations into that region, as estimated from prevalence surveys and
humanmobility (gray dots) (Fig. 2C and materials and methods). The gray area shows
the time of the second English lockdown. Modeling results for SGTF growth rates
are shown in fig. S9, and regression results under different assumptions about the
frequency of SGTF are shown in fig. S10.

RESEARCH | RESEARCH ARTICLE
D

ow
nloaded from

 https://w
w

w
.science.org on July 09, 2024



was identified only retrospectively. This pat-
tern recapitulates at a national scale the role
that international mobility played in the early
spread of the SARS-CoV-2 pandemic (38–40).
We conclude that the exceptionally rapid
spatial spread and early growth rates of line-
age B.1.1.7 likely reflect the combined effects of
its higher intrinsic transmissibility (1, 7, 9) and
the spatial structure of incidence and mobility
before, during, and after the second lockdown
in England (41).
Understanding what causes a new SARS-

CoV-2 lineage to grow and replace preexisting
lineages is a complex problem. In addition to
virus genetic changes to relevant phenotypes
(such as per-contact transmissibility, duration
of infectiousness, and immune evasion), line-
age replacement dynamics are likely affected
by spatiotemporal heterogeneity in incidence,
NPIs, prior infection, and among-region mo-
bility (42). The role of the latter may be en-
hanced in the context of low or declining
prevalence, as suggested by the frequency
growth of lineage B.1.177 in theUK andEurope
during summer 2020, which was associated
with international travel (43–45). Evidence for
the increased intrinsic transmissibility of B.1.1.7
is clear, but estimates have varied considerably
[38 to 130% increase (7, 9)]. The growth po-
tential of new SARS-CoV-2 variants will de-
pend also on the average durations of their
exposed and infectious phases, as well as their
per-contact transmissibility (36). Our results
indicate that exportations from a high-incidence
epidemic source region raised early location-
specific growth rate estimates across the UK
(Fig. 4B), and that this effect declined through
time. Similar trends have since been observed
for lineage B.1.617.2 into the UK, after its im-
portation from high-incidence regions onto

a background of low incidence and lockdown
easing. This conclusion is relevant for the in-
terpretation of the current and future estimates
of the increased transmissibility of B.1.1.7 (and
other variants of concern) in other countries
[such as the Untied States and Denmark (3)].
Further epidemiological and experimental work
is needed to discriminate transient demograph-
ic factors from the permanent contribution to
increased transmissibility conferred by the
mutations carried by B.1.1.7.
Although B.1.1.7 was first detected in Kent,

UK, and is speculated to have accumulated its
mutations during a chronic infection (2), be-
cause of the strong correlation between human
mobility from those areas and date of B.1.1.7
detection elsewhere our results support the
hypothesis that B.1.1.7 originated in Kent or
Greater London. Further, our phylogeographic
reconstruction shows early lineage dissemina-
tion from Kent and Greater London, indicat-
ing that B.1.1.7 spread through the UK from
one dominantUK source region, as opposed to
a large undetected epidemic elsewhere, which
would likely have resulted in multiple intro-
ductions through international travel (16).
We demonstrate that large-scale and well-

sampled genomic surveillance data can reveal
the detailed spatial transmission dynamics of
individual SARS-CoV-2 lineages and compen-
sate for their comparatively low genetic diver-
sity (46). To achieve a representative genomic
sample, we used only samples frompopulation-
level testing rather than those from specific
outbreak investigations. However, this ap-
proach does not fully mitigate reduced repre-
sentation from populations less likely to seek
testing (47), and there is some geographic var-
iation in the proportion of cases sequenced
(fig. S15). Greater London consistently has a

higher sampling proportion than other regions
throughout the study timeframe. Although
sampling biases cannot be wholly eliminated,
the selection procedure used here, and our
cross-validation between independent data
sources (human mobility and SGTF datasets),
help to ensure that our conclusions are robust.
As SARS-CoV-2 genome sequencing efforts are
accelerated worldwide, careful consideration
and communication of sampling frameworks
are needed to facilitate downstream epidemi-
ological analyses (48). Spatial heterogeneity at
the within-city scale was not accounted for in
our analysis, consideration of which may fur-
ther refine our understanding of the mecha-
nisms of lineage emergence and invasion.
Coordinated and unified systems of geno-

mic surveillance are neededworldwide to iden-
tify, track, and mitigate the transmission of
SARS-CoV-2 variants of concern, including
mechanisms to pair virus genomic and contact
tracing data. Continuing rises in global inci-
dence will increase the rate generation of viral
genetic variation, and the accrual of higher
levels of population immunity will create new
selective pressures (49), the effects of which on
virus evolution are difficult to predict (50–52).
It is therefore critical to rapidly and accurately
disentangle the contributions of genetic and
ecological factors to the emergence of new
SARS-CoV-2 variants. Geographic variation in
vaccine availability, uptake, and delivery is ex-
pected to further contribute to variability in
COVID-19 burden and the differential risk of
disease resurgence (17, 53, 54), which can be
mitigated through increased global access to
vaccination and continued transmission con-
trol measures (52). Importation of SARS-CoV-2
lineages and variants from areas of high in-
cidence will continue to pose a risk to those

Kraemer et al., Science 373, 889–895 (2021) 20 August 2021 6 of 7

A B

Medway

Kent
East Sussex

Swindon
Essex

C

Sampling point

Va
ria

nt
 fr

eq
ue

nc
y

In
cr

ea
se

 in
 B

.1
.1

.7
 

fr
eq

ue
nc

y 
(lo

g)

Mobility from Greater London (log)
Pre 

Lockdown
Lockdown Tier 4

Post 
Lockdown

3rd 
Lockdown

Attack rate pre-November 5, 2020

In
cr

ea
se

 in
 B

.1
.1

.7
 

fr
eq

ue
nc

y 
(lo

g)

0.02 0.030.01 0.04
-6

-4

-2

0

0.75

1

0.50

0.25

0.00

M. from London (log)

124
0

-2.5

-5

-7.5

4 8 12 16

Fig. 5. (A) Frequency of B.1.1.7 at the UTLA level at different sampling
times. Pre-lockdown, dates before 5 November; lockdown, 5 to 30 November;
post-lockdown, 1 to 15 December; Tier 4, 16 to 31 December; and the most
recent sampling point, 1 to 12 January(materials and methods). (B) Increase
in the frequency of B.1.1.7 sampled genomes between 2 and 16 December

2020 is associated with mobility from Greater London. (C) Increase in
the frequency of B.1.1.7 sampled genomes at the UTLA level is
associated with previous attack rates in each location. Results for
equivalent analyses of SGTF data are similar and are provided in the
supplementary materials.

RESEARCH | RESEARCH ARTICLE
D

ow
nloaded from

 https://w
w

w
.science.org on July 09, 2024



regions that are reducing NPIs after having
controlled infection.
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Context-specific emergence and growth of 
the SARS-CoV-2 Delta variant

John T. McCrone1,29, Verity Hill1,29, Sumali Bajaj2,29, Rosario Evans Pena2,29, Ben C. Lambert3, 
Rhys Inward2,4, Samir Bhatt4,5, Erik Volz4, Christopher Ruis6, Simon Dellicour7,8, Guy Baele8, 
Alexander E. Zarebski2, Adam Sadilek9, Neo Wu9, Aaron Schneider9, Xiang Ji10, 
Jayna Raghwani2, Ben Jackson1, Rachel Colquhoun1, Áine O’Toole1, Thomas P. Peacock11,12, 
Kate Twohig12, Simon Thelwall12, Gavin Dabrera12, Richard Myers12, The COVID-19 Genomics 
UK (COG-UK) Consortium*, Nuno R. Faria2,4,13, Carmen Huber14, Isaac I. Bogoch15,16, 
Kamran Khan14,16,17, Louis du Plessis2,18,19, Jeffrey C. Barrett20, David M. Aanensen21, 
Wendy S. Barclay11, Meera Chand12, Thomas Connor22,23,24, Nicholas J. Loman25, 
Marc A. Suchard26, Oliver G. Pybus2,27,28,30 ✉, Andrew Rambaut1,30 ✉ & Moritz U. G. Kraemer2,28,30 ✉

The SARS-CoV-2 Delta (Pango lineage B.1.617.2) variant of concern spread globally, 
causing resurgences of COVID-19 worldwide1,2. The emergence of the Delta variant in 
the UK occurred on the background of a heterogeneous landscape of immunity and 
relaxation of non-pharmaceutical interventions. Here we analyse 52,992 SARS-CoV-2 
genomes from England together with 93,649 genomes from the rest of the world to 
reconstruct the emergence of Delta and quantify its introduction to and regional 
dissemination across England in the context of changing travel and social restrictions. 
Using analysis of human movement, contact tracing and virus genomic data, we find 
that the geographic focus of the expansion of Delta shifted from India to a more  
global pattern in early May 2021. In England, Delta lineages were introduced more 
than 1,000 times and spread nationally as non-pharmaceutical interventions were 
relaxed. We find that hotel quarantine for travellers reduced onward transmission 
from importations; however, the transmission chains that later dominated the Delta 
wave in England were seeded before travel restrictions were introduced. Increasing 
inter-regional travel within England drove the nationwide dissemination of Delta,  
with some cities receiving more than 2,000 observable lineage introductions from 
elsewhere. Subsequently, increased levels of local population mixing—and not the 
number of importations—were associated with the faster relative spread of Delta.  
The invasion dynamics of Delta depended on spatial heterogeneity in contact 
patterns, and our findings will inform optimal spatial interventions to reduce the 
transmission of current and future variants of concern, such as Omicron (Pango 
lineage B.1.1.529).

The SARS-CoV-2 pandemic has been characterized by the appearance 
and spread of genetically distinct virus variants that are associated with 
faster spread than pre-existing lineages. In May 2021, the World Health 
Organization (WHO) announced a new variant of concern (VOC), desig-
nated Delta. Delta became the variant primarily responsible for a wave 
of transmission and mortality in India in early-to-mid 2021, replacing 
Alpha (Pango lineage B.1.1.7) and Kappa (Pango lineage B.1.617.1) in the 
process3,4. Studies indicate that Delta has increased transmissibility5, 
rates of hospitalization6 and immune evasion7 compared with Alpha8,9, 
the variant that was previously dominant in many countries. These 
phenotypes are attributed to a constellation of 30 mutations across the 
virus genome (Supplementary Table 2) compared to the Wuhan-Hu-1 
reference sequence, including: the spike mutation P681R in the furin 
cleavage site, which is thought to increase the speed and efficiency 

with which the virus fuses with host cells10,11; mutation L452R in the 
receptor-binding domain, which is thought to reduce neutralization by 
antibodies12; and the nucleocapsid mutation R203M, which is thought 
to increase virion infectivity13. Delta disseminated rapidly from India to 
locations worldwide and has been detected in 174 countries as of 12 April 
2022 (https://cov-lineages.org/global_report.html). Delta became the 
dominant lineage in the UK by mid-May 202114, and similar increases in 
frequency were observed worldwide (for example, ref. 15).

The emergence of Delta in the UK occurred in the context of a hetero-
geneous landscape of prior immunity (from infection and vaccination) 
and non-pharmaceutical interventions (NPIs). Here we examine virus 
genomes generated from a random sample of all COVID-19-positive 
tests with PCR with reverse transcription (RT–PCR) Ct values greater 
than 30, collected during community-based testing in England between 
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12 March 2021 and 15 June 2021. Our data include 52,992 Delta genomes 
from England with known dates and locations of sampling, represent-
ing more than 40% of all positive lateral flow and PCR tests in England 
during the study period (see Methods and details on case data at https://
coronavirus.data.gov.uk/details/about-data; an estimated 27% of 
COVID-19 infections were detected during the study period16). Using 
these data, we evaluate the effectiveness of policies in reducing inter-
national importations and how they contributed to the establishment 
and local transmission dynamics of Delta in England. We then investi-
gate, at a high spatial resolution, how human mobility contributed to 
context-specific growth of Delta in England.

International importations of Delta
To provide a global context for the emergence of Delta in the UK, we 
first conducted a phylodynamic analysis by uniformly subsampling 
SARS-CoV-2 Delta genome sequences by collection date between 4 
March 2021 and 15 June 2021 (n = 975). Details of the origin and spread 
of Delta within India are uncertain. A substantial increase in genomic 
surveillance across the country would probably facilitate the study of 
the emergence and expansion of Delta there, but is outside the scope 
of this work. To put the UK epidemic into context, we estimated the 
time of the most recent common ancestor (TMRCA) of Delta globally 
to be 19 October 2020 (95% highest posterior density (HPD) interval: 
6 September 2020 to 29 November 2020). The relative frequency of 
Delta in India does not appear to increase substantially until March 
2021 (Fig. 1), coinciding with a rapid expansion in case numbers there 
(Extended Data Fig. 1) and a decline in the relative frequency of genomes 
assigned to Kappa, a sibling lineage of Delta (https://www.gisaid.org/). 
Genomic surveillance in India revealed that several sub-lineages of 
Delta existed prior to its expansion in March17 (Fig. 1a,b). This standing 
diversity is consistent with undetected transmission of Delta in India 
between late 2020 and March 2021.

We evaluated the global dissemination of Delta from March 2021 
by multiplying, for each country, estimated numbers of SARS-CoV-2 
cases, relative frequencies of Delta, and relative numbers of outward 
international passengers (estimated exportation intensity (EEI);  Meth-
ods). The EEI of Delta increased rapidly during March 2021 and was 
highest around late April 2021, coinciding with its peak incidence in 
India (Extended Data Fig. 1). The subsequent rapid spread of Delta 
in the USA, Russia, UK, Mexico and elsewhere and its decline in India 
resulted in the former locations becoming main exporters of Delta by 
June 2021 (Extended Data Fig. 1), corroborating global trends in Delta 
phylogeography (Fig. 1a) and reported cases (Fig. 1b). Similar patterns 
of rapidly changing foci of international dissemination were observed 
for the initial wave of SARS-CoV-2 in 202018.

To evaluate the temporal dynamics of Delta importation into Eng-
land and to reconstruct its subsequent local spread, we conducted a 
travel history-aware Bayesian phylogeographic analysis19 of 93,649 
Delta sequences, from GISAID and COVID-19 Genomics UK Consortium 
(COG-UK), which accounts in part for the phylogenetic uncertainty 
inherent in SARS-CoV-2 phylogenies18. To render the analysis tractable, 
we split the full tree into three independent subtrees (Fig. 1a) prior to 
phylogeographic analysis. Virus genomes were generated from around 
40–60% of all positive cases in England during the emergence of Delta 
between March and May 202120 (Fig. 1c) and combined with metadata on 
the locations (at the upper tier local authority (UTLA) level), enabling 
us to trace the introduction of the virus and characterize its spread at 
a high spatio-temporal resolution20.

We estimated a minimum of 1,458 (95% HPD 1,398–1,513) separate 
international introductions of Delta into England, with approximately 
half inferred to have originated from India (posterior mean 56.5%; 95% 
HPD 53.7%–59.1%). We found that the majority of Delta genomes in 
England can be traced back to introductions that are inferred to have 
occurred prior to the implementation of a mandatory hotel quarantine 

for people arriving from India on 23 April 2021 (posterior mean 84.3%; 
95% HPD 77.8–90.4%). During this period, 90.0% of introductions are 
inferred to have originated from India (95% HPD 86.5–93.1%). These 
inferred importation dynamics closely match data on individual travel 
histories obtained from infected incoming international passengers 
(origin–destination travel histories are available for 1.4% of genomes; 
n = 770) (Fig. 2b and Extended Data Fig. 2).

The high variation in sampling intensity among countries (specifi-
cally, the higher sampling intensity in England than in other countries) 
means that the true number of importations into England is probably 
much larger than that inferred from phylogeographic analysis alone 
(Fig. 1b,c; see the related discussion in the context of the first wave 
in the UK18). For example, the AY.4 lineage (Fig. 1a) comprises 42,445 
sequences and was probably imported to England many times. We 
investigated AY.4 by pairing genomic data with contact tracing data 
collated by Public Health England (now the UK Health Security Agency). 
During the study period we found 61 sequenced cases with AY.4 had a 
travel history from India and 140 had a travel history from elsewhere, 
similar to the time-varying importation dynamics seen across the entire 
dataset (Fig. 2a and Extended Data Fig. 2). Thus, sampling heterogeneity 
means that the number of importations estimated from phylogenetic 
analysis represents a lower bound on the true number18.

To investigate the importation of Delta into England specifically, and 
to cross-validate the results above using independent data, we use the 
estimated importation intensity (EII) of Delta to England over time18,21. 
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The EII is a metric of Delta importation that represents trends in the 
number of Delta cases arriving in the country, irrespective of whether 
or not those cases result in local transmission. This is distinct from the 
phylogenetic analysis above, which better captures trends in the number 
of Delta introductions that did lead to forward transmission in England. 
The EII combines (1) weekly reported cases, (2) weekly prevalence of 
Delta genomes, and (3) weekly aggregate human mobility (inferred from 
mobile phone data) into England through direct connections (Fig. 2a; 
see refs. 18,21 for related approaches). The EII from India increased rapidly 
in April 2021 following the rise in cases in India, and remained high until 
the end of May 2021. EII correlates strongly with the inferred importa-
tions from genomic data but is weaker for imports from India after the 
implementation of hotel quarantine (Extended Data Fig. 3). We then 
estimate, from genomic data, the proportion of inferred importations 
that led to observed onward transmission in the community (defined as 
at least one ancestral node in England), stratified by location of origin in 
the three weeks pre- and post-implementation of hotel quarantine. We 
find that pre-quarantine, 37.7% (95% HPD 34.0%–41.7%) of importations 
from India led to observable onward transmission. After the implemen-
tation, the fraction of importations from India leading to observed 
onward transmission dropped to 26.9% (95% HPD 23.0%–30.2%) (Fig. 2c). 
For comparison, the proportion of introductions from other locations 
leading to onward transmission did not change during the two periods 
(around 50%) (Fig. 2c). The decrease in onward transmission is most 
apparent in importations associated with travel history, which suggest 
the trend is driven by the implementation of hotel quarantine and not 
temporal biases in lineage detection (Extended Data Fig. 3). Even though 
we observe that the implementation of hotel quarantine was effective 
in reducing onward transmission, substantial importation had already 
occurred before its implementation and additional introductions from 
other countries probably further accelerated the spread of Delta in 
England from May onwards (Fig. 2a).

There are several reasons why some importations led to onward 
transmission within England after the implementation of hotel quar-
antine for arriving travellers: (1) a separate terminal for arrivals from 
mandatory quarantine countries was not opened at the UK’s largest 
airport (London Heathrow) until 1 June 202122, so arriving passengers 
may have mixed with others before entering mandatory quarantine; 

(2) individuals may have become infectious and transmitted the virus 
only after leaving quarantine, either owing to an unusually long latent 
period or within-group transmission during the quarantine period; (3) 
individuals may have infected others on a connecting flight where the 
connecting airport did not require hotel quarantine; (4) there were 
exemptions to hotel quarantine that may have led to onward transmis-
sion in the community23.

Lineage dynamics of Delta in England
Importations of Delta occurred on a background of relaxation of 
social distancing in England: on 12 April 2021, outdoor dining and 
non-essential retail reopened, and on 17 May 2021, restrictions on 
indoor dining and international travel were relaxed24. The relative 
frequency of Delta genomes in England increased rapidly during May 
and the number of reported COVID-19 cases subsequently increased25 
(Fig. 1c). Initially, Delta transmission clusters were concentrated in the 
North West region of England and were commonly associated with 
returning travellers26. We sought to reconstruct the dispersal dynamics 
of independently imported Delta transmission lineages within England, 
in the context of changing NPIs.

We analysed all identified Delta transmission lineages in England 
and inferred their history of dissemination among subnational regions 
(UTLAs). Sequence sampling was highly representative of reported 
cases at the UTLA level (Extended Data Fig. 4), making possible the 
reconstruction of virus movements across England using continu-
ous phylogeography approaches27. We observe high heterogeneity 
among UTLAs in the numbers of Delta introductions from other Eng-
lish regions (Fig. 3a), with Lancashire and Greater Manchester each 
receiving more than 2,000 estimated independent introductions and 
Torbay receiving only 9. The majority (n = 11,960) of Delta sequences 
in England belong to a single transmission lineage (lineage I) (Fig. 3d), 
which was sampled mostly in Greater Manchester and Lancashire, and 
we observe many short-range lineage movements among UTLAs in 
these areas (Fig. 3a). Greater London also received many Delta cases 
from elsewhere in England (Fig. 3a), as expected, given its population 
size and connectedness to other metropolitan areas21. Transmission 
lineages II and III each comprised 3,000–4,000 genomes; lineage II is 
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distributed across multiple urban areas (especially in the North West), 
whereas the latter is focused in Greater London and the South East 
(Fig. 3d). We also highlight transmission lineage V (Fig. 3d), originally 
centred in Bedfordshire, the location of one of the first Delta outbreaks 
in England that was subject to surge testing28 (Extended Data Fig. 5).

In early May 2021, the number of virus lineage movements among 
locations accelerated (Fig. 3b and Extended Data Fig. 5), showing that 
increase in Delta frequency (Fig. 1c) was associated with regional dis-
semination. This spread occurred on the background of relaxing NPIs 
and increased mixing (between mid-January and June 2021, mobility 
in England increased from 20% to 70% of its pre-pandemic level, and 
estimated mean daily contacts increased29 from approximately 2 to 
5). By contrast, the initial wave of SARS-CoV-2 introductions to the 
UK in spring 2020 occurred during a period of increasing travel and 
social restrictions18. In general, we find that as NPIs were progressively 
relaxed over time, long-range viral lineage movements comprised an 
increasing proportion of all movements (Fig. 3c).

For the seven largest Delta transmission lineages in England (I–VII) 
we observed approximately three times more exports from Greater 
Manchester than from Greater London. Further, we observe that Bolton,  
Blackburn, Salford, Bury and Greater Manchester had on average 
higher than expected numbers of exportations for their population 
sizes (Extended Data Fig. 6). This difference matches early epidemio-
logical data: the largest and earliest Delta outbreaks were in North 
West England (on 21 May, Bolton had 452 cases per 100,000 population 
and Greater London had 21.6 cases per 100,000 population) (https://
coronavirus.data.gov.uk/; Methods). Introductions of Delta into other, 
smaller urban areas also spread rapidly (for example, transmission 

lineage V) (Fig. 3d) and were important for the propagation of the 
variant across England. We observe a spatial structure of the seven 
largest lineages; the frequency of viral movements declined with the 
distance away from the origin location but we also observe a second 
peak at around 260 km (similar to the distance between Greater London 
and Greater Manchester) (Extended Data Fig. 7). Although North West 
England was a focus of early Delta transmission, the Delta epidemic 
in England derived from many successful independent international 
importations. Each of the main Delta transmission lineages in England 
grew at a similar rate (Extended Data Fig. 8). By contrast, the Alpha vari-
ant expanded across the UK from a single origin in South East England21. 
The spatial expansion of Delta transmission lineages plateaued after 
early June, when most UTLAs had established Delta transmission and 
the relative frequency of Delta genomes in England had exceeded 90% 
(https://covid19.sanger.ac.uk/lineages/raw).

Although Scotland, Wales or Northern Ireland were not included 
here, case count data suggest that cities in England (https://coronavirus.
data.gov.uk/details/download) were the main source of the expanding 
Delta epidemic in the UK; owing to this source-sink structure we do 
not anticipate that omitting these countries substantially affects our 
reconstruction of epidemic dynamics in England (of the Delta genomes 
available before 15 June 2021, 57,592 were from England, 9,738 were from 
Scotland, 1,067 were from Wales and 325 were from Northern Ireland).

Factors contributing to the growth of Delta
Regional and international heterogeneity in incidence, vaccination 
and human mobility determine the dynamics of infectious diseases30, 
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including those of SARS-CoV-218,31,32. We used a combination of epidemi-
ological, aggregate human mobility and genomic data to test whether 
relaxation of NPIs, virus importations and vaccination rates correlate 
with local Delta growth rates. To do so, we developed a hierarchical 
Bayesian model to estimate the effect of these factors on the weekly 
relative growth of Delta (that is, the weekly change in the observed 
proportion of Delta genomes on a log odds scale33) at the UTLA level 
for England. Models for estimating the increase in transmissibility of 
new variants are typically based on increases in relative frequency1,33 
but rarely take into account other potential confounding factors, such 
as variation in population behaviour, vaccination rates or numbers of 
independent virus introductions.

In general, growth rates varied widely across locations and weeks in 
England (Fig. 4a and Extended Data Fig. 10). Our model estimates that 
the most important tested predictor of the variation in growth of Delta 
(relative to Alpha) across UTLAs in England was within-UTLA mixing 
(that is, relative changes in weekly within-UTLA human mobility, com-
pared with the pre-pandemic period) (Fig. 4a,b and Supplementary 
Tables 5 and 6). The importance of within-UTLA mobility as a factor 
during the emergence of a new variant (until Delta prevalence reached 
85% (25%–75% quantiles: 78%–96%)) is unsurprising, as pre-emptive 
restrictions on movement and social mixing slow the emergence of 
new pathogens or variants34 (see counterfactual scenarios in Extended 
Data Fig. 10); the cost/benefit ratio of such restrictions will of course 
depend on the specific context of variant emergence. The relaxation 
of NPIs therefore increased both within- and among-region transmis-
sion (see Fig. 3c). Other European countries did not observe such a 
rapid increase in Delta relative frequency during May 2021 (https://
www.gisaid.org/); possible reasons for this difference are (1) during 
this period, levels of mobility and mixing (both local and regional) 
were lower in those countries and/or (2) those countries potentially 
received fewer international importations of Delta (86,489 passengers 
flew from India to the UK between March and June, whereas 43,515 
flew to Germany, and 16,688 flew to France, during the same period).

Model fit did not improve when including weekly numbers of inde-
pendent viral introductions estimated from genomic data or vacci-
nation rates (Supplementary Table 6). We refrained from translating 
estimates of the growth rate of Delta relative frequency into differences 
in the reproduction number, as this is sensitive to assumptions about 
the generation time of the variant, which is also influenced by NPIs and 
immunity35. Further studies should consider estimating the generation 
times of VOCs in specific contexts of immunity, NPIs and household 
structure36 to accurately translate relative growth rates into Rt.

Discussion, limitations and future work
We find that growing epidemics of SARS-CoV-2 Delta worldwide led to a 
wave of importations of the VOC into England, initially from India, and 
later from other countries. These importations found fertile ground as 
they arrived in a context of easing social restrictions, and consequently 
expanded rapidly across England. Much transmission occurred in unvac-
cinated and younger populations (https://coronavirus.data.gov.uk/
details/download), and high levels of Delta transmission within the UK 
led to onward dissemination of the variant to other countries (see for 
example, ref. 37). By pairing the phylogenetic results with contact trac-
ing data we conclude that hotel quarantine measures were effective 
in reducing onward transmission of imported Delta cases in England. 
However, after 21 May 2021, we found that levels of local social mixing in 
England—and not numbers of importations—were associated with faster 
relative growth of Delta. At that point, the independently introduced 
transmission lineages grew at a similar pace; details of their geographic 
distribution and expansion will support future work defining the opti-
mal spatial interventions to reduce transmission of VOCs in England.

Compared with the Alpha variant, which arose and spread from 
a single location in South East England18, the expansion of the Delta 

variant was predominantly owing to exports from the North West 
(Fig. 3). Analysis of the Alpha variant and of the first wave of SARS-CoV-2 
in spring 2020 suggested that Greater London had a substantial role 
in spreading SARS-CoV-2 across England, as expected, given it is the 
largest city in England by far, and is highly connected by road, rail and 
air to other locations. However, Greater London was less important 
in the spread of Delta, even after Delta had become established there. 
This indicates the importance of founder effects; where a VOC first 
becomes established within a country may have a strong effect on 
subnational spatial dissemination, and this information is useful for 
planning localized interventions.

Furthermore, although there are intrinsic differences in transmissi-
bility between VOCs, the role of NPIs and levels of immunity from prior 
infection or vaccination also affect their dynamics. After the start of the 
first UK national lockdown during the first wave of infections in 2020, 
lineage movements were severely curtailed and most lineages went 
extinct18; by contrast, the viral movement of Delta lineages increased 
after the relaxation of NPIs, accompanied with a subsequent rise in 
positive cases (Fig. 3). For the most recent VOC, Omicron, NPIs have 
remained relatively stable throughout England, and the increase in 
cases of the Omicron subvariant BA.2 in more rural areas in the South 
West in February and March 2022 has been speculated to be a result of 
lower infection rates there during the previous Omicron BA.1 wave38 
(December 2021–January 2022). Therefore, the effect of seeding loca-
tion, immunity from previous waves or vaccination and NPI changes 
all contribute to the large and continued spatial heterogeneity in the 
spread of VOCs.

The undetected genetic diversity and uneven sampling of Delta in 
India make the precise estimation of the number of importations to 
England difficult to achieve from genetic data alone27 (Extended Data 
Fig. 9). However, our phylogenetic estimates correlate strongly with 
estimates derived from independent data on case incidence, Delta 
prevalence and arriving travellers (EII) (Methods and Fig. 2c) during 
the period before quarantine policies were announced. Fortunately, 
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additional contact tracing data from public health agencies enabled us 
to overcome the limitations inherent in the unevenly sampled global 
virus genomic dataset and provide additional confidence in our findings.

Our statistical analysis shows that higher Delta growth rates were 
positively associated with levels of local mixing in England. The exist-
ence and magnitude of future NPIs needed to reduce the healthcare 
burden of future VOCs to sustainable levels will depend on the local 
levels of population immunity (from vaccination and prior infection). 
Future work should focus on identifying the factors that are most con-
ducive to spread in particular contexts (for example, high versus low NPI 
regimes and across levels of population immunity39) so that responses 
can be planned accordingly. This will require a better characterization 
of the distribution and variation of infectiousness over time, and an 
understanding of the virus generation time in different behavioural con-
texts40—for example, among individuals who are vaccinated or unvac-
cinated and/or those who have had previous exposure to SARS-CoV-2 
(including knowledge of the lineage or variant). To do so effectively 
will require investments in large-scale and coordinated serological 
studies41, especially for VOCs with the ability to evade immunity.

Even though reporting of case numbers, virus genomic surveillance, 
sampling strategies and mobile phone penetration differ across the 
world, our estimates can still provide qualitative insights into the trends 
in the source locations and the rates of international importation. 
Including estimates of probable importations in disease surveillance 
programmes may help support public health decision making42, and 
further improvements in these estimates can be achieved when global 
health surveillance systems are more integrated, and investments in 
data generation and capacity are linked directly to paired genomic–
epidemiological analytical pipelines.

The detail with which we document the spatial invasion process of 
Delta in England provides an opportunity to re-examine how more 
spatially targeted interventions can support COVID-19 control in the 
future. Our work highlights the relative importance of local (within 
country) behavioural and mobility changes in determining the speed 
at which Delta spread in England; such changes will probably be more 
important than international travel restrictions during the emergence 
of future variants. Globally coordinated data and analytical pipelines 
that capture heterogeneity in virus circulation, immunity and policy 
responses will be necessary to produce the insights necessary to curb 
the spread of emerging infectious diseases and new variants. How-
ever, they can only be successful when integrated into a public health 
framework that can respond and adapt rapidly to public health threats 
during their emergence.
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Methods

Genomic data
International (non-UK) sequences were downloaded from GISAID on 
15 September 2021 and combined with sequences from England taken 
as part of community surveillance (pillar 2) available from COG-UK as 
of September 2021. Each week, each of the pillar 2 testing laboratories 
selected a number of 96-well plates proportional to the fraction of 
all testing done at the laboratory, for sequencing. Even though the 
instruction was that these should be selected randomly, we cannot 
exclude the possibility of some level of error. However, at the scale at 
which the COG-UK consortium is operating, we do not anticipate that 
this affects the results of the study. Sequences were processed and 
aligned as part of the daily datapipe analysis managed by CLIMB on 
behalf of COG-UK. Duplicate and environmental sequences, as well as 
those with impossible or incomplete collection dates, were removed. 
All sequences were aligned to the reference Wuhan-Hu-1 (GenBank 
accession MN908947.3) with minimap2 and samples with less than 93% 
coverage were discarded. Scorpio (https://github.com/cov-lineages/
scorpio) was run as part of Pangolin43, and sequences containing the 
Delta VOC constellation of mutations were kept for further analysis.

Problematic sites in the resulting alignment were masked prior to 
phylogenetic inference and isolates with known sequence artefacts 
were removed (see https://github.com/COG-UK/Delta-analysis for 
details). Additionally, mutations in the Delta VOC have caused wide-
spread amplicon dropout of amplicon 72 in the commonly used 
ARTIC primer scheme (https://www.protocols.io/view/ncov-20
19-sequencing-protocol-v3-locost-bh42j8ye) before the introduc-
tion of version 4 of the primer scheme. To avoid spurious phylogenetic 
associations based on differential treatment of amplicon dropout with 
COG-UK and across the globe, we masked sites 2142–21990, which rep-
resent the region solely covered by amplicon 72 and are not overlapped 
by neighbouring amplicons. Delta sequences from India were highly 
heterogeneous in space (Extended Data Fig. 9).

Phylogenetic analyses
To provide an overview of the global expansion of Delta (Fig. 1a), we 
analysed a subset of 1,000 Delta genomes sampled evenly through 
time. To minimize the effect of incorrectly reported collection dates, 
we restricted our analysis to samples where the lag between sample 
collection date and GISAID submission date is less than four weeks. 
To further ensure only the highest quality samples were included, 
we built an maximum likelihood tree using iqtree244, rooted with 
Wuhan-Hu-1 (GenBank accession MN908947.3) as an outgroup, and 
used Treetime45 to remove tips lying beyond two interquartile ranges 
from the regression of time against root-to-tip distance. This analy-
sis resulted in a final dataset of 975 samples. The temporal tree esti-
mated by treetime was used as a starting tree in the following Bayesian 
analysis with slight modifications to randomly resolve polytomies. 
Two chains of 100 million states were run using BEAST v1.10.446 with 
sampling every 20,000 states. Both chains were combined with the 
first 10 million states removed for burnin. We used a HKY + 𝚪 substi-
tution model47, a flexible Skygrid coalescent prior48 with grid points 
every two weeks45, and an asymmetric, discrete phylogeographic 
model with samples assigned to Indian, English and global locales. 
Preliminary analysis showed very little temporal signal in the data, 
which is unsurprising given the relatively slow evolutionary rate of 
SARS-CoV-2 and the short study period. Therefore, in all analyses 
the evolutionary rate was fixed to 7.5 × 10−4 substitutions per site, 
as estimated in ref. 18. Convergence was assessed using Tracer v1.749.

The goal of our phylogenetic analysis was to accurately and effi-
ciently describe importation dynamics into England, without sacri-
ficing the dense sampling needed to reconstruct internal spread at 
a high resolution. Owing to the large size of the required dataset, we 
followed a similar phylogenetic approach to that used in ref. 18. First, an 

approximately maximum likelihood phylogeny was built using a JC69 
substitution model in FastTree50, and rooted on Wuhan-Hu-1 (GenBank 
accession MN908947.3), a high quality Pango lineage B sample from 
2019-12-26, as an outgroup. Internal branches representing less than 
one substitution were collapsed to polytomies. This tree was then split 
into three subtrees of roughly equal size (Fig. 1a) (28,783, 28,715 and 
36,151 tips). As above, Treetime45 was then used to remove temporal 
outliers, generate a starting time tree, and estimate the number of 
mutations along each branch. For subtree an empirical distribution of 
time trees was estimated independently using a recently implemented 
model in BEAST v1.1046 (commit:d1a45) which replaces the substitution 
model in classical analyses. In brief, in this approach the likelihood of 
the number of mutations along each branch was calculated from a Pois-
son distribution with mean equal to the evolutionary rate multiplied 
by the length of the branch in time51. In this approach, the standard 
topological tree search is constrained to operators that sample node 
heights and resolutions of polytomies present in the substitution tree.

For each subtree, 50 MCMC chains of 40 million iterations were run, 
sampling trees every 2 million states with the first 20 million states 
removed as burnin, resulting in datasets of 514–520 empirical trees. 
The analyses were run using a flexible Skygrid coalescent prior48 with 
grid points every two weeks45. Model convergence and proper statisti-
cal mixing were verified in Tracer v1.749.

The empirical trees sets estimated above were used to reconstruct 
importations into England under an asymmetric discrete phylogeo-
graphic model. Taxa were split into three locations: England, India 
and global, with the global state representing all countries other than 
England and India. We used the recently developed travel-aware phylo-
genetic model available in BEAST v1.1019 to better inform the transition 
rates in the reconstructed phylogeography. ‘Travel history’ nodes were 
placed 1 week before isolates from England with known travel history. 
Where such travel included both India and other countries, ambigu-
ous non-UK states were used. We ran eight chains of 625,000 states, 
sampling every 2,250 states and with the first 62,500 states removed 
as burnin, resulting in a total of 1,998 trees sampled from the posterior 
distribution. Introductions were defined as nodes inferred to be in 
England with parents in either India or the catch-all global location. 
The date of importation was assumed to be half-way between such a 
node and its parent.

Following the importation analysis, the seven largest importations 
(those with >1,500 sequences, n = 25,983) were selected, as well as all 
importations with five or more sequences, from a representative tree 
from the posterior set with the same number of total importations as 
the posterior median. Within this analysis, only sequences with unam-
biguous postcode districts were used, resulting in a dataset of 25,139 
sequences for the seven largest transmission lineages and 24,411 across 
280 smaller lineages, which were extracted from the master COG-UK 
alignment, described in ‘Genomic data’ above. Within those postcode 
districts, we assigned random coordinates to each sequence, as the con-
tinuous phylogeographic analysis does not permit identical values. This 
was achieved using geographical data from52. We then reconstructed 
the geographic movement of nodes on a fixed tree (pruned from the 
overall maximum clade credibility (MCC) tree) in BEAST v.1.1046, using 
a relaxed random walk model53, and a Cauchy distribution to account 
for among-branch heterogeneity in dispersal velocity. Large lineages 
were inferred independently, and all small lineages were inferred in a 
single run, with the shared parameters for likelihood, precision, and 
covariance of coordinates, but independent estimates of diffusion rate 
and trait likelihood. Following this run, 22 small introductions were 
removed due to their chains not converging to the same posterior. An 
MCC tree was then generated using TreeAnnotator46 to summarize the 
posterior tree distribution for all lineages. Visualizations were made 
using a custom Python script. XML files were generated using beastgen.py  
(https://github.com/ViralVerity/beastgenpy) and can be found along 
with data processing and visualization scripts on GitHub.
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For the export analyses we compare Greater London to Greater 

Manchester which consists of the UTLAs Salford, Trafford, Stockport, 
Oldham, Bolton, Tameside, Bury, Rochdale, Wigan and Manchester.

State-level incidence data from India. State-level COVID-19 case 
count data were extracted from https://api.covid19india.org/csv/lat-
est/states.csv.

Incidence data from England. COVID-19 case count data for each 
Local Tier Local Authority were downloaded via https://coronavirus.
data.gov.uk/details/download.

Travel history data
Four sources of data were compiled to provide the travel history for 
laboratory-confirmed cases, depending on availability for each indi-
vidual case: (1) public health passenger locator forms are required for 
entry into the UK; (2) routine public health contact tracing data includ-
ing UK Health Security Agency Second Generation Surveillance System 
(SGSS)54, (3) COVID-19 test requests with reported travel associations 
and (4) responses to additional telephone interviews for cases.

Covariate processing for statistical analyses
COVID-19 case count and vaccination data for the UK. COVID-19 case 
count data and cumulative vaccination data were downloaded by UTLA 
from 30 January 2020 to 28 July 2021 by specimen and dosage date, 
respectively, via https://coronavirus.data.gov.uk/details/download. 
These data include positive laboratory-based PCR tests and positive 
lateral flow tests, but do not include tests where the lateral flow test 
was positive and PCR follow-up tests were negative (further details at 
https://coronavirus.data.gov.uk/details/about-data). The COVID-19 
case count at the UK country level was calculated by aggregating case 
data on the UTLA level. Additionally, to match the genomic data, the 
COVID-19 case count and vaccination data for some UTLAs were ag-
gregated under an area code made up of these multiple UTLAs (see 
Supplementary Table 3). All entries with the recently discontinued 
area code E10000002 were assigned the new area code E06000060.

UK population data. UTLA-level 2020-mid-year population size 
estimates were downloaded from https://www.ons.gov.uk/people-
populationandcommunity/populationandmigration/populationesti 
mates/datasets/populationestimatesforukenglandandwalesscotland 
andnorthernireland. Population size data were used to calculate the 
proportion of the population that was partially or fully vaccinated in 
a location.

Global population data. Country-level population size estimates for 
the year 2021 were downloaded from https://data.worldbank.org/in-
dicator/SP.POP.TOTL?name_desc=false.

Aggregated and anonymised human mobility data. We used the 
Google COVID-19 Aggregated Mobility Research Dataset31,55, which 
contains anonymized relative mobility flows aggregated over users 
who have turned on the ‘location history’ setting, which is turned 
off by default. This is similar to the data used to show how busy 
certain types of places are in Google Maps, helping identify when 
a local business tends to be the most crowded. The mobility flux is 
aggregated per week, between pairs of approximately 5 km2 cells 
worldwide, and for the purpose of this study further aggregated 
for LTLAs in the UK (https://geoportal.statistics.gov.uk/datasets/
lower-tier-local-authority-to-upper-tier-local-authority-december-2
016-lookup-in-england-and-wales/explore) and to the country level 
(https://gadm.org/) for all other countries for the time period of 29 
October 2020 to 6 June 2021.

To produce this dataset, machine learning is applied to log data to 
automatically segment it into semantic trips. To provide strong privacy 

guarantees56, all trips were anonymized and aggregated using a differ-
entially private mechanism to aggregate flows over time (see https://
policies.google.com/technologies/anonymization). This research is 
done on the resulting heavily aggregated and differentially private 
data. No individual user data was ever manually inspected; only heavily  
aggregated flows of large populations were handled. All anonymized 
trips are processed in aggregate to extract their origin and destination 
location and time. For example, if users travelled from location a to loca-
tion b within time interval t, the corresponding cell (a,b,t) in the tensor 
would be n ± err, where err is Laplacian noise. The automated Laplace 
mechanism adds random noise drawn from a zero-mean Laplacian dis-
tribution and yields (𝜖,δ)-differential privacy guarantee of 𝜖 = 0.66 and 
δ = 2.1 × 10−29 per metric. Specifically, for each week W and each location 
pair (A,B), we compute the number of unique users who took a trip from 
location A to location B during week W. To each of these metrics, we add 
Laplace noise from a zero-mean distribution of scale 1/0.66. We then 
remove all metrics for which the noisy number of users is lower than 
100, following the process described56, and publish the rest. This yields 
that each metric we publish satisfies (ε,δ)-differential privacy with values 
defined above. The parameter 𝜖 controls the noise intensity in terms of 
its variance, while δ represents the deviation from pure 𝜖-privacy. The 
closer they are to zero, the stronger the privacy guarantees.

These results should be interpreted in light of several important 
limitations. First, the Google mobility data is limited to smartphone 
users who have opted into Google’s location history feature, which is 
off by default. These data may not be representative of the popula-
tion as whole, and furthermore their representativeness may vary by 
location. Importantly, these limited data are only viewed through the 
lens of differential privacy algorithms, specifically designed to protect 
user anonymity and obscure fine detail. Moreover, comparisons across 
rather than within locations are only descriptive since these regions 
can differ in substantial ways.

Flight data. We used data from the International Air Transport Associa-
tion (https://bluedot.global/) on the monthly number of confirmed pas-
sengers on flights (direct and indirect) from India to all other countries 
from January 2021 to June 2021.

Estimated importation intensity. We estimated the weekly importation 
intensity of the Delta variant for each destination location at the weekly 
level using the human mobility, GISAID and COG-UK genomic data and 
COVID-19 case data. An importation intensity value was calculated 
for each international movement by multiplying the proportion of 
Delta in the location of origin, the total number of new weekly reported 
COVID-19 cases and the movement intensity between each origin loca-
tion and the destination location. We then aggregated all importation 
intensity values by week and destination location to obtain the EII.

Estimated exportation intensity. We estimated the exportation inten-
sity of the Delta variant for each location of origin at the weekly level 
using aggregated human mobility, genomic and case count data. An 
exportation intensity value was calculated for each international move-
ment by multiplying the proportion of Delta in the country of origin, 
the total number of new weekly reported cases and the movement 
intensity between the country of origin and the destination country. 
We then aggregated all importation intensity values by week and origin 
location to obtain the EEI.

Estimated local human mobility intensity. To obtain an estimate 
of the intensity of human mobility within a location, we calculated a 
‘relative self-mobility’ value indicating the intensity of mobility within 
a location (where the origin and destination of the trips are the same) 
as a percent of the highest recorded of movement within this location 
in our mobility data during the time period from 22 March 2020 to  
6 June 2021 using the human mobility data described above.



New Delta lineage introductions. Daily new lineage introductions 
into the UK by UTLA were obtained from the continuous phylogenetic 
analysis described above. The data were aggregated by week and UTLA.

Statistical modelling of Delta growth
Data pre-processing: we kept data starting from the 13th (week com-
mencing 28th March 2021) epidemiological week. These dates are 
referred to as baseline elsewhere in the main text. We excluded weeks 
after the first time 95% of samples were observed to be Delta in each 
UTLA because, after this point, we can no longer estimate the relative 
growth rates reliably since Delta is effectively fixed in the population. 
Finally, we kept only those UTLAs which had data on Delta for at least  
9 weeks (which are not required to be consecutive). In the final data-
set, we had 683 observations (across 64 UTLAs with approximately 
11 weeks of non-missing data on average for each) (Supplementary 
Table 8).

Model. In what follows, we model the dynamics of Delta penetration 
within a UTLA. Here, we model how the number of Delta samples per 
UTLA (i), varies over time (t) (here measured in weeks). The background 
transmission conditions driving the observed number of Delta samples 
in a given UTLA may be similar to other UTLAs within the same region. 
We model this variation hierarchically and index variables at the UTLA 
level by i[ j ] to indicate that UTLA i is nested within (the overarching) 
NUTS1 unit j. We use a binomial sampling distribution to model the 
number of Delta samples Z t

i j[ ],

Z Y pbinomial( , ),t
i j

t
i j

t
i j[ ] [ ] [ ]∼

where Y t
i j[ ] is the total number of sequenced samples, and p0 ≤ ≤ 1t

i j[ ]  is 
the corresponding proportion of Delta samples in subregion i in week t.  
We then transform this probability, so that it is on the (unconstrained) 
logit scale:

ϕϕ p= logit( ).t
i j

t
i j[ ] [ ]

A key quantity of interest is the relative growth in the proportion of 
Delta on the logit (that is, log odds) scale, which we estimate weekly 
and is denoted by ρt

i j[ ], where

ρϕϕ ϕϕ= + .t
i j

t
i j

t
i j[ ]

−1
[ ]

−1
[ ]

Relative growth for each UTLA is modelled spatially as depending 
hierarchically on its containing region, j. It is also assumed to depend 
on UTLA-specific covariates:

ρ ρ β x δ= + ′ + ,t
i j

t
j

t
i j

t
i j[ ] [ ] [ ]

where t
jρ  is a NUTS1-region-level growth trend, xt

i j[ ] is a vector of covar-
iates, and δt

i j[ ] is a UTLA- and week-specific term representing the 
deviation from the region-level growth. To account for temporal auto-
correlation in the relative growth rate, a given region’s relative growth 
is assumed to follow a random walk centred around its relative growth 
in the previous week:

normal( , ).t
j

t
j
−1 2∼ρ ρ σ

To assess the importance of covariates, we compared the predictive 
performance of models which included different sets of covariates. All 
covariates were standardized by subtracting the mean and dividing by 
the standard deviation. Since the cumulative proportions vaccinated 
(considering either the cumulative proportion vaccinated with a 1st 
or 2nd dose) increased monotonically throughout the time period 
of observation, we included the UTLA-level mean of these variables 

in our regressions: that is, we used time-invariant regressors. We did 
so to avoid the risk of spurious association due to both Delta and pro-
portions vaccinated growing coincidently. Covariates were chosen 
as important predictors if including them in the model improved the 
model fit on a hold-out set comprising the last two weeks of data for 
each UTLA. Our best model included within-UTLA mobility and time 
since baseline, which outperformed the model where we included no 
covariates (Supplementary Table 6). A model including the cumula-
tive proportion vaccinated with a second dose, time since baseline 
and within-UTLA mobility also outperformed the no covariate model. 
However, the improvement in prediction accuracy was minimal, and 
this was the only model outperforming the no covariate model which 
included vaccinations, so we do not take this as strong evidence of the 
importance of vaccination in slowing Delta growth.

We estimated our model in a Bayesian framework and chose priors 
(Supplementary Table 9) so that a wide range of possible Delta propor-
tions were possible yet were centred on low values in the absence of 
further information: our prior predictive distributions in Extended 
Data Fig. 11 illustrate these characteristics.

The computations were done using R and Stan using four parallel 
chains with 50,000 to 60,000 iterations (depending on the model), 
half of which were discarded as warm-up iterations; the chains were 
subsequently thinned by a factor of 10. In all cases, MCMC sampling 
was diagnosed as converged with R̂ < 1.01, and bulk and tail effective 
sample sizes >400 for all parameters. For 6 of 15 models used for model 
comparison (which included neither the no covariate model nor the 
best fit model), there remained 2 out of 4,410 parameters which had 
R̂ > 1.01 or had a tail effective sample size below 400; in all cases, the 
bulk effective sample sizes exceeded 400. In these models, the last two 
weeks were held-out from each UTLA to perform out of sample predic-
tions, resulting in a smaller dataset, which likely explains the difficulty 
in obtaining convergence with 50,000 iterations.

Our model outputted two sets of key quantities: the weekly relative 
growth rate of Delta over time ( t

i j[ ]ρ ) and the estimated ‘effect’ of a 
variable on Delta growth (β). To determine the implications of the effect 
sizes, we computed the estimated proportion of Delta samples when 
the covariates took factual versus counterfactual values. We considered 
counterfactual scenarios for within-UTLA mobility, holding all other 
covariates at their factual values. The counterfactual scenario we  
considered was:
•	Minimum mobility (within-UTLA mobility = 0)
•	Maximum mobility (within-UTLA mobility = 1)

The results of these counterfactual simulations are shown in 
Extended Data Fig. 10.

Simulation and model robustness: to test model parameter identifi-
ability, we performed inference on simulated data. We fixed the param-
eters and simulated from the model to create hypothetical data (with 
5 regions, each with 6 sub-regions (that is, UTLAs) and 15 time points). 
We then used these data to estimate the known parameters. We were 
reasonably able to recover our parameters, and the model converged 
with R̂ < 1.01, bulk and tail effective sample sizes >400 after 20,000 
iterations, discarding 10,000 warm-up iterations and thinning by a 
factor of 10 (Extended Data Fig. 12 and Supplementary Table 7).

Reporting summary
Further information on research design is available in the Nature 
Research Reporting Summary linked to this article.

Data availability
UK genome sequences used were generated by the COVID-19 Genom-
ics UK consortium (COG-UK, https://www.cogconsortium.uk/). Data 
linking COG-IDs to location have been removed to protect privacy, 
however if you require this data please visit https://www.cogconsor-
tium.uk/contact/ for information on accessing consortium-only data. 



Article
The Google COVID-19 Aggregated Mobility Research Dataset used for 
this study is available with permission from Google LLC. Shapefiles for 
county-level analyses in the UK are openly accessible via the Global 
Administrative Database (https://gadm.org/).

Code availability
Code to reproduce the statistical analyses on Delta growth can be found 
at https://github.com/sumalibajaj/Delta-Statistical-analysis-share. The 
code and accession ids of sequences used to run the phylogenetic analy-
sis as well as a GISAID acknowledgment table are available at https://
github.com/COG-UK/Delta-analysis.
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Extended Data Fig. 1 | SARS-CoV-2 movement dynamics. A) Daily number of 
reported SARS-CoV-2 cases (yellow bars, right hand axis) in India. Weekly 
human movements in England, relative to the maximum in England (dark blue 
line, left hand axis, Methods), and in India, relative to the maximum in India (red 
line, left hand axis, Methods). Proportion of genomes in India that are assigned 
to lineages B.1.617.2 (black line, no points) and B.1.617.1 (light blue line, no points)  

(left hand axis). First vertical line represents the announcement of the 
quarantine policy for arrivals of travellers from India to England (17 March 2021) 
and the second vertical line represents the date of implementation (23 March 2021). 
B) Proportion of weekly Estimated Exportation Intensity (EEI) of Delta by 
country. See Methods for details of calculation (left y-axis). The black line 
represents the total EEI by week (right y-axis).
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Extended Data Fig. 2 | Travel history of Delta importations. Temporal distribution of genomic isolates from the AY.4 sublineage with travel history, by the likely 
location of exposure.



Extended Data Fig. 3 | Changing importation dynamics. A) R2 (coefficient of 
determination) between estimated number of importations from the 
phylogenetic analysis and the Estimated Importation Intensity (EII) (Fig. 2a). 
The R2 is calculated separately for India (blue) before and after hotel quarantine 
was introduced, and for other countries (yellow), whilst also accounting for 
phylogenetic uncertainty. B) Proportion of singletons vs non-singletons 
stratified by non-travel associated clusters and travel associated clusters and 

origin locations for the 3 weeks before and after the implementation of the 
hotel quarantine. The box plot displays the median with lower and upper 
hinges representing the 25th and 75th percentiles of each group. Whiskers 
extend to the most extreme data points no more than 1.5 times the interquartile 
range beyond each hinge. Figure 3a includes each of the trees in the posterior 
sample (n = 1998 for each box). The number of observations in each group in B 
is annotated above each box.
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Extended Data Fig. 4 | Representativeness of SARS-CoV-2 Delta genomes. Correlation between the number of weekly Delta sequences and the number of 
weekly Delta cases each UTLA (Pearson’s r = 0.68, 95% CI: 0.65–0.71). Shaded region represents 95% CI.



Extended Data Fig. 5 | Internal dissemination of Delta. A) Maps showing 
virus movements inferred using continuous phylogeographic analysis for the 
fourth, sixth and seventh largest transmission lineages. Direction of movement 

is anti-clockwise, and dots are coloured by date. Cumulative number of UTLAs 
that the five largest Delta transmission lineages are sampled in absolute (B) and 
relative (C) time.
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Extended Data Fig. 6 | Drivers of exportations. Number of estimated 
exportations from phylogeographic analysis and population size at the  
UTLA level (Pearson’s r = 0.54, 95% CI: 0.38–0.68, p-value < 0.005).  
Grey shaded region represents 95% CI.



Extended Data Fig. 7 | Distance of viral movements. Histograms of the distance of viral movements over 50km for each of the largest seven Delta transmission 
lineages in England.
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Extended Data Fig. 8 | Weekly lineage growth rates. Growth of transmission 
lineages in England for lineages observed for at least 3 weeks and with >100 
genomes sampled in total. A) The log number of weekly sampled genomes per 
transmission lineage plotted over time. Lines represent a linear fit (assuming 

exponential growth). B) Distribution of growth rates (slopes in A). C) Quantile 
plot comparing the observed quantiles in the growth rate distribution to 
theoretical quantiles from a normal distribution.



Extended Data Fig. 9 | Representativeness of SARS-CoV-2 Delta genomes in 
India. Scatter plot showing the number of confirmed cases per state in India vs. 
the number of cases sequenced in that state in India between 28th of November 

2020 to the 16th of May 2021. In states above the line more than the mean 
number of cases were sequenced.
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Extended Data Fig. 10 | Counterfactual scenarios. A) Estimated and 
observed proportions of Delta variant samples across UTLAs, for various 
counterfactual scenarios: minimum (purple) and maximum relative within 
UTLA mobility (yellow), observed within UTLA mobility (light blue). All lines 
represent median posterior estimates using the model with epiweek and within 
UTLA mobility as covariates which was fit to data from 2021 epiweeks 13–21.  

B) Time-varying relative growth of Delta (on the log odds scale). The shaded 
regions represent the corresponding 95% Bayesian credible intervals. The 
orange points indicate the raw growth rates calculated directed from the data 
(note, there are missing values in these data due to the presence of dates when 
no samples were taken or when the frequency of Delta remained at 0% or 100%).



Extended Data Fig. 11 | Model evaluation. A) Posterior and B) prior predictive 
simulations for the Delta frequency. In both cases, the orange point-ranges 
display the observed data (points indicate posterior medians and whiskers 
indicate 2.5%–97.5% posterior quantiles assuming a uniform prior for each 

independent data point). The blue shaded region represents in (A) the 
posterior simulated 2.5%–97.5% quantiles and in (B) the equivalent prior 
simulated quantiles; lines indicate median simulation values.
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Extended Data Fig. 12 | Simulation model. Simulation comparing known vs estimated relative growth rates (see Methods) for hypothetical locations.
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Abstract: 
Background: 
Understanding underlying mechanisms of heterogeneity in test-seeking and reporting behaviour can 
help to protect the vulnerable and guide equity-driven interventions. Using COVID-19 testing data for 
England and data from community prevalence surveillance surveys (REACT-1 and ONS-CIS) from 
October 2020 to March 2022, we investigated the relationship between sociodemographic factors and 
testing behaviours in England. 
 
Methods 
We used mass testing data for lateral flow device (LFD; data for 290 million tests performed and 
reported) and polymerase chain reaction (PCR) (data for 107 million tests performed and returned 
from the laboratory) tests made available for the general public, provided by date, self-reported age 
and ethnicity at lower tier local authority (LTLA) level. Using a mechanistic causal model to debias 
the PCR testing data, we obtained estimates of weekly SARS-CoV-2 prevalence by self-reported 
ethnic groups and age groups for LTLAs in England. This approach to debiasing the PCR (or LFD) 
testing data also estimated a testing bias parameter defined as the odds of testing in infected versus not 
infected individuals, which would be close to zero if the likelihood of test seeking (or seeking and 
reporting) was the same regardless of infection status. Using confirmatory PCR data, we estimated 
false positivity rates, sensitivity, specificity, and the rate of decline in detection probability by PCR by 
sociodemographic groups. We also estimated the daily incidence allowing us to determine the fraction 
of cases captured by the testing programme. 
 
Findings 
From March 2021 onwards, individuals in the most deprived regions reported approximately half as 
many LFD tests per-capita than those in the least deprived areas (Median ratio [Inter quartile range, 
IQR]: 0·50 [0·44, 0·54]). During October 2020 – June 2021, PCR testing patterns were in the opposite 
direction (Median ratio [IQR]: 1·8 [1·7, 1·9]). Infection prevalences in Asian or Asian British 
communities were considerably higher than those of other ethnic groups during the Alpha and 
Omicron BA.1 waves. Our estimates indicate that the England COVID-19 testing program detected 
26% - 40% of all cases (including asymptomatic cases) over the study period with no consistent 
differences by deprivation levels or ethnic groups. 
PCR testing biases were generally higher than for LFDs, which was in line with the general policy of 
symptomatic and asymptomatic use of these tests. During the invasion phases of the Delta and 
Omicron variants of concern, the PCR testing bias in the most deprived populations was roughly 
double (ratio: 2·2 and 2·7 respectively) that in the least. We also determined that ethnic minorities and 
older individuals were less likely to use confirmatory PCR tests through most of the pandemic and 
that there was possibly a longer delay in reporting a positive LFD test in the Black populations.  
 
Interpretation 
Differences in testing behaviours across sociodemographic groups may be reflective of the relatively 
higher costs of self-isolation to vulnerable populations, differences in test accessibility, digital 
literacy, and differing perception about the utility of tests and risks posed by infection. Our work 
shows how mass testing data can be used in conjunction with surveillance surveys to identify gaps in 
the uptake of public health interventions at fine scale levels and by sociodemographic groups. It 
provides a framework for monitoring local interventions and yields valuable lessons for policy makers 
in ensuring an equitable response to future pandemics.  
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Introduction 
More unequal societies have poorer health outcomes1. The COVID-19 pandemic likely further 
exacerbated the impact of existing societal inequalities, yet our understanding of the impact of the 
pandemic across different parts of society remains poor. Understanding the underlying causes of 
heterogeneity in infection risk and disease burden is essential to protect the vulnerable and to guide 
equity-driven interventions in real-time.  
In England, testing for SARS-CoV-2 played an important role during the COVID-19 pandemic, 
allowing the government to monitor disease transmission and forming the cornerstone of self-isolation 
policies. However, it is unclear whether testing was delivered and taken up equitably across society2–6. 
The UK government rolled-out mass testing in response to the COVID-19 pandemic, with the initial 
testing response starting in March 20207. The testing programme component of NHS Test and Trace 
(NHSTT) played an integral role through its various testing services. Since May 2020, PCR tests were 
available for testing swabs from suspected COVID-19 cases; LFD tests for COVID-19 were rapidly 
developed and evaluated for use between Dec 2020 and April 2021.8,9. LFD testing was first rolled-
out to key populations, for example, those working in healthcare, and subsequently to the wider 
population through a universal testing offer. The universal testing offer was a major component of the 
national testing programme, with a key aim to expand asymptomatic LFD testing and was delivered 
via various channels, with rollout to the general public from 9 April 202110.  
We had unprecedented access to COVID-19 testing data for England as part of a UK Health Security 
Agency (UKHSA) commissioned retrospective evaluation of England’s testing programme over an 
evaluation period of October 2020 – March 20229. Here, we present analyses of these data which 
quantify biases in test uptake and reporting patterns across different sociodemographic groups, 
including those based on age, self-reported ethnic group and a measure of deprivation. We also 
estimate SARS-CoV-2 infection prevalence over time and space for sociodemographic groups, which 
additionally allows us to estimate the reach of the national testing programme. Our analysis focusses 
only on the Pillar 2 testing data, which includes PCR and LFD tests made available to the general 
public (not including tests made available to individuals with clinical need, and health and care 
workers through Pillar 1). 
 

Methods 
Data 
The testing data were provided by UKHSA in the context of a retrospective evaluation of the delivery 
of England's COVID-19 testing programme and its impact on public health outcomes11. Our analysis 
period covered 1st October 2020 - 30th March 2022. LFD data relied on self-reporting, meaning that 
our analysis focused on self-reported results. In contrast, the PCR data are results from registered and 
submitted samples of individuals. These Pillar 2 data were provided by date by a range of categories 
(including self-reported age and ethnicity) and at lower tier local authority (LTLA) level. Individuals 
self-reported their ethnicities according to five groupings: “Asian or Asian British” (abbreviated 
throughout as “Asian ethnic groups” or “Asian people”), “Black; African; Black British or Caribbean” 
(abbreviated as “Black ethnic groups” or “Black people”), “White”, “Mixed or Multiple ethnic 
groups”, and “Other ethnic group”; the Office for National Statistics (ONS) also publishes population 
estimates for these groups, which we used. We present results for the first three ethnic groups in the 
main section since the population sizes for these were considerably higher; in the supplementary 
materials, we report results for the remaining categories. We used publicly available data on 
population size estimates by LTLAs, LTLA and ethnic groups, and age groups, as well as deprivation 
indices/levels.  
We used weekly LTLA-level and weekly age group specific community surveillance random 
sampling survey data from the REal-time Assessment of Community Transmission (REACT-1) study 
which performed PCR tests of cross-sectional random samples of individuals approximately every 
month from 1st May 2020 to 31st March 202212. We also used publicly available national weekly 
prevalence estimates from the ONS COVID-19 Infection Survey (CIS) which repeatedly tested a 
sample of people13. ONS prevalence estimates were used only to estimate national incidence (see 
Methods below). 
Variant periods 
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The following were the time periods during which the Alpha, Delta and Omicron variants of concern 
(VOCs) were dominant in England i.e. when the relative frequency of each VOC exceeded 90% 
nationally (see Figure 1A, Figure S1): 
 

• Alpha: 30th January 2021 to 24th April 2021 
• Delta: 5th June 2021 to 4th December 2021 
• Omicron: 1st January 2022 to 14th May 2022 (but we ended our Omicron period in March 

2022 since this was the end of our study period) 
Prevalence estimates and testing bias 
Community surveillance random sampling survey testing programmes such as REACT-1 and ONS 
CIS provide a gold-standard measure of infection prevalence; they have large sample sizes nationally 
and can produce precise estimates of prevalence at this level. At combinations of fine geographic or 
other scales (LTLA level and sociodemographic groups), the effective sample size is much reduced, 
particularly because prevalence was generally low (<10%). Conversely, at finer scales, there is a 
wealth of Pillar 2 PCR and LFD tests conducted, but the naïve prevalence estimates derived from 
these tests may be biased. This is because PCR tests were used for symptomatic testing or as part of 
test-to-release protocols14, and even though LFD tests were recommended for asymptomatic testing, 
they likely suffer from reporting bias (unlike PCR). We implement and extend the debiasing 
methodology of Nicholson et al.15 which in addition makes use of large volumes of Pillar 2 PCR and 
LFD tests. This method uses swab results from the REACT-1 study to correct for biases in mass PCR 
testing data and thus produces fine scale PCR swab positivity rate estimates at a higher precision than 
is possible just from the community surveillance survey. For ease of readability, we use we refer to 
PCR swab positivity rate as prevalence. The method estimates testing bias at a coarse scale where 
there are high numbers of both community surveillance survey tests and mass tests. These biases are 
then propagated to the nested finer spatial scales to estimate prevalence, making use of the sufficiently 
large volume but biased mass testing data at fine scales. The testing biases estimated represent the log 
odds of testing in infected versus not infected individuals. For example, if the probability of 
performing a PCR test was the same regardless of whether people were infected, then the biases 
would equal zero (= log (1)). So, a large bias corresponds to a higher chance of an infected individual 
performing a PCR test compared with an uninfected individual, which would result in overestimated 
prevalence using the biased testing data. We also estimate the LFD test reporting bias using data on 
reported LFD tests at the coarse and fine scales. We term this as bias in context of using these data 
naively for surveillance purposes; however, we recognise that the testing programme was primarily a 
public health intervention rather than a surveillance programme and did not aim to use PCR or LFD 
testing data to determine SARS-CoV-2 prevalence.  
Using the debiasing method described above, we generate two novel sets of prevalence estimates for 
each LTLA: one set, stratified by ethnic groups (Figure S2); another, by age group (Figure S3). We 
also use the method to estimate the LTLA specific prevalence (Figure S4) and testing bias for 
deprivation levels (Index of Multiple Deprivation IMD).  
False positivity and test specificity and sensitivity 
We collated a subset of our Pillar 2 testing data comprising all reported LFD positive results which 
were followed up with a PCR test taken within three days of the reported positive. These data allowed 
us to estimate the false positive rate for LFD tests, assuming PCR tests were a gold standard. Using 
the total number of people reporting LFD positives, we can additionally determine the probability that 
individuals reporting an LFD positive result subsequently took a PCR test, as was generally mandated 
throughout the period under observation, with two exceptions: from January to March 2021 and after 
January 202216 when confirmatory PCR testing was temporarily suspended given the high COVID-19 
prevalence meaning LFD tests likely had low false discovery rates.  Using our estimates of prevalence 
and false positivity rates, we estimated LFD test specificity and sensitivity across different age and 
ethnic groups throughout the pandemic. 
Modelling the decay in PCR detection rate after reporting an LFD positive 
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Using the data described above, we modelled how the probability of detecting SARS-CoV-2 infection 
by PCR after reporting a positive LFD result declined according to the time elapsing between 
reporting the LFD test and subsequent testing by PCR. We determined this decay rate for the different 
ethnic groups for monthly time windows throughout the study period. 
Estimating SARS-CoV-2 incidence and the case detection ratio from prevalence time series 
An uptick in cases may signal future increases in hospitalisations and deaths. However, case data are 
imperfect, being influenced by changes in both the true incidence of infection and changes in testing / 
test reporting behaviour. We estimated daily incidence in a Bayesian paradigm, assuming the 
following probabilistic relationship between infections and prevalence: 

�� � ��∑ ��

�

��� ����, 	
, 

where ��  denotes prevalence on day � and ��  is the incidence on the same day; 0 ≤��� ≤ 1 is the 
probability of being PCR positive given an infection which began � days ago and ���, 	
  represents 
a normal distribution with mean � and standard deviation 	. 
We assume that within 15-day rolling blocks, the reported PCR and LFD positive counts for the Pillar 
2 mass testing data at time � were a to-be-estimated constant fraction of the true infection incidence, 
given by the following relationship: 

�� �
reported cases�

case detection ratio�
, 

with case detection ratio� corresponding to the 15-day block that time � corresponds to. We describe 
our priors in supplementary materials. 
The availability of two prevalence datasets (the REACT-1 surveys and the UK ONS at the national 
level only) made it possible for us to infer the true incidence of infection in England and to compare 
this with the reported cases derived from the national mass testing programme. We used the LTLA-
specific prevalences estimated using Pillar 2 PCR data and REACT-1 data as described above to 
estimate true incidence at the LTLA level and then aggregated it to get true national incidence 
estimates. Using the ONS prevalence estimates for England, we estimated another set of national 
incidences. We report time series of the average national case detection ratios derived from REACT-1 
and ONS-CIS datasets defined as the fraction of PCR and LFD positive tests in the Pillar 2 dataset 
compared to the estimated true incidence, by LTLA-specific sociodemographic groups.  
Details of all methods are in the Supplementary Materials. 
 

Results 
Trends in testing uptake and reporting 
Over our study period, a total of 290 million LFD tests were reported with 2% of these results 
positive; and 107 million PCR tests were registered with 13% of tests positive (Figure S5). Of the 7 
million positive LFD tests reported, 2.4 million were confirmed by a PCR test with 68% of these on 
the same day (Table 1 and Figure S6), and 89% returning a positive result.  
From October 2020 – June 2021, individuals in the most deprived areas (IMD=1) (Figure 1B) 
performed almost double (Median ratio [Inter quartile range, IQR]: 1·8 [1·7, 1·9]) the number of PCR 
tests per capita compared to those in the least deprived (IMD=9) (Figure 1E), and we speculate that 
this is due to the higher prevalence in deprived areas (Figure S7A) during this period. Linear 
regression models for the PCR tests per capita suggest that differences in prevalence may explain 
some of the variation in testing across deprivation levels (Figure S7B, C). But myriad other factors 
likely also influenced testing, including individuals' age, their occupation, their risk perception and 
their vaccination status, and a more comprehensive approach would be necessary to probe further the 
observed differences in testing levels17. LFD test reporting displayed the opposite and more 
pronounced trend, where those in the most deprived areas reported the fewest LFD tests per capita, 
which held even after the roll-out of free asymptomatic testing on 9th April 2021 (Figure 1A). From 
March 2021, the median number of LFD tests reported per capita in the most deprived areas was 
roughly half that in the least deprived (Median ratio [IQR]: 0·50 [0·44, 0·54]) despite more deprived 
areas having the highest prevalence [Figure S7A] – a finding qualitatively similar to the results of the 
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Liverpool COVID-19 study18. This may be partly explained by the disproportionately low digital 
access and resources to report LFDs, as well as lack of adequate support to isolate if testing positive.  
Those in Black ethnic groups had generally higher PCR testing coverages throughout the analysis 
period (Figure 1G). Since our prevalence estimates do not indicate a consistently higher prevalence in 
Black ethnic groups (Figure 2A), it is possible that this reflects a greater risk of symptomatic disease, 
access to tests through workplace, and could also be partly explained by the ramping up of targeted 
community testing19,20.  
The roll-out of the universal testing offer sought to expand access to LFDs, but it corresponds with a 
separation in LFD testing patterns across ethnic groups (Figure 1H), and, subsequently, per capita 
LFD tests reported by White people were consistently higher than in other ethnic groups (from April 
2021 per capita LFD tests were 34% (IQR: 22%, 44%) higher in White people versus Black people 
and 47% (IQR: 42%, 55%) higher in White people versus Asian people). Our estimates of prevalence 
in White people were similar to or lower than for other ethnic groups (Figure 2A) and similarly so for 
LFD positivity (Figure S8) suggesting that they performed and reported LFDs more frequently with 
asymptomatic or mild disease.  
Working age populations had consistently the highest PCR testing coverages throughout the 
evaluation period (Figure 1I and Figure S9B) followed by that in the oldest group (those aged 75+). 
PCR testing coverages in secondary school-aged children (12-17) were more volatile, likely driven by 
school terms and the high variability in prevalence in these groups (Figure 2B). LFD test reporting 
trends were similar to those of PCR test seeking (Figure 1J), albeit with a large spike in LFD testing 
in school-aged children after the roll-out of asymptomatic testing in schools in March 202121 (Figure 
1A).  
While the results described above are aggregated at the national level, there was variability between 
the sociodemographic groups at the LTLA level (Figure S11). This variation may be attributed to 
limited sample sizes, especially when we disaggregated the tests by self-reported ethnic groups in 
LTLAs.  
From 11th January 2022 onwards, confirmatory PCR tests were no longer required following a 
positive LFD test result due to the high rates of COVID-19 across the UK16, which explains the sharp 
decline in PCR tests in Figures 1E, G & I. 
Prevalence, false positivity and PCR positivity rate 
During the Alpha wave, the SARS-CoV-2 prevalence in Asian people was considerably higher than 
for Black people which, in turn, was higher than for White people (Figure 2A), as was found 
previously22. During the Omicron BA.1 and BA.2 variant waves, the prevalence in Asian groups 
remained higher than for others, and this pattern was particularly striking in the North-West, West 
Midlands, and Yorkshire and the Humber regions (Figure S12). During the Omicron wave, the 
prevalence in White ethnic groups was higher than in Black ethnic groups. It is unclear what drove 
these complex prevalence patterns which remained generally consistent across regions of England, but 
natural and vaccine-induced immunity along with differences in mixing behaviour are possible 
explanations23–25.  
SARS-CoV-2 prevalence in secondary school-aged children surged much higher than in other age 
groups during the VOC waves (Figure 2B), as has been reported previously26,27, likely driven by the 
higher contact rates of this age group. Prevalence in the oldest age group (75+) was generally lower 
than for others, although in early-mid 2022, it sharply increased and coalesced with the others, which 
may have been partly due to the perceived lower risk of severe disease from the Omicron variant, 
increased social mixing, and the generally high levels of vaccine coverage in this group25,27.  
The proportion of PCR tests which were confirmatory varied substantially throughout the evaluation 
period and according to self-reported ethnicity and age group (Figure 2C&D). Generally, this 
proportion increased over time, and White people and secondary school-aged children typically had 
considerably higher proportions of PCRs which were confirmatory than other groups. In addition to 
asymptomatic testing in schools from March 2021 (Figure 1A), the lower risk of symptomatic 
disease28 and higher prevalence (Figure 2B) in this age group may partly explain their higher rates of 
confirmatory PCRs (Figure 2D).  
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Between October 2020 – December 2021, 60% reported LFD positives were followed up with 
confirmatory PCRs (Figure S6B). From December 2020 – December 2021, White populations were 
1·45 times (IQR: 1·34, 1·51) more likely than Black populations to take PCR tests following a 
reported LFD positive and 1·33 times (IQR: 1·29, 1·47) more likely than Asian people (Figure 2E). 
Adherence to confirmatory testing policy was generally similar across age groups apart from those 
aged 75+ during the period between the end of the Alpha wave and the start of the Delta wave (Figure 
2F). Figure 2G shows that from March – May 2021, the false positive rate (proportion of negative 
confirmatory PCRs) for Black populations was roughly 1·3 times (IQR: 1·07, 1·61) that in White 
people and roughly 1·85 times (IQR: 1·66, 2·00) that in Asian populations. From May – June 2021, 
the false positive rate was substantially elevated in those aged 75+ (Figure 2H). At least transiently 
then, there were times when there were substantial differences across ethnic groups in the risk of 
isolating unnecessarily if following the governmental policy to self-isolate. False positive rates are 
inversely related to disease prevalence, with the sensitivity and specificity of the test determining the 
exact relationship (see Supplementary Materials). This allowed us to estimate the sensitivity (range of 
central estimates: 66-72%) and specificity (99.5-99.9%) of LFDs by ethnicity and age group which 
we report in Table S5. While our posterior estimates had wide uncertainty intervals, the medians of 
these test characteristics were similar between age groups and differed across ethnic groups. These 
were in line with previous literature estimates29,30.  
We also considered how the probability of a positive confirmatory PCR test declined with time 
elapsing between when the LFD positive was reported and the PCR test subsequently taken. We 
found that this rate of decay was considerably higher in Black people during the Alpha wave and 
generally remained above the other groups throughout the study period (Figure 3A), which could 
indicate that individuals in this ethnic group tended to test and report their positive LFD test later in 
their infection. Lower values of this parameter later in the study period may indicate that infections 
were caught earlier by LFD tests or may reflect a longer period of PCR detectability for later VOCs. 
Trends in testing biases 
Our analysis indicates that infected individuals were much more likely to be tested by PCR than those 
uninfected. The testing biases for LFDs were considerably lower than for PCRs, meaning symptoms 
played a lesser role in shaping testing behaviours for LFDs. These results for both PCR and LFD tests 
are reflective of national testing policy throughout the study period. Throughout the analysis period, 
the relationship between testing biases (Figure 4C&D) and prevalence (Figure 2A&B) was not strong, 
but during the Delta wave and Omicron waves, there were visible increases in PCR testing biases 
(Figure 4C). In February 2022, the government removed the legal requirement for those in England to 
self-isolate following a positive test result and for close contacts who were fully vaccinated to conduct 
daily tests31. It is possible that this policy change prompted a shift towards increased usage of LFDs 
for symptomatic testing, which could explain the increasing bias in the use of LFDs in infected 
individuals (Figure 4C, D).  
We found that deprivation and age were associated with testing biases on average, however the 
uncertainty intervals overlapped across deprivation levels (Figure S13), although the age specific 
patterns were more distinct (Figure S14). During the invasion phases of the Delta and Omicron VOCs, 
the most deprived populations were disproportionately more likely to test themselves via PCR only 
when infected versus when uninfected, and the same pattern held for LFD test-then-reporting. For 
example, in June 2021, at the start of the Delta wave (the second shaded box in Figure 4A), the 
average odds of PCR testing in the most-deprived areas were exp(3·21) ≈ 24 times higher in 
individuals with infection compared with individuals without infection; at the same time, the 
corresponding figure was only ≈ 11 in the least-deprived areas. A range of hypotheses could explain 
these behavioural differences, such as differential costs of self-isolation, differences in test 
accessibility and different views about the risks posed by infection, but our data cannot probe these. 
From mid-February 2022, individuals in areas with different levels of deprivation had more similar 
PCR test-seeking behaviour. This was likely due in part to the lifting of the legal requirement to self-
isolate31.  
Starting with the Alpha wave, the infection status for those aged 75+ played a lesser role in 
determining whether individuals tested themselves via PCR than for younger age groups (Figure 4B). 
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This could be because older individuals were more at risk of severe disease, and they tested 
themselves more frequently by PCR due to caution17. It could also be because older people generally 
have more comorbidities, some of which may produce symptoms similar to COVID-19 causing them 
to seek PCR tests. We also found that the PCR testing bias was particularly high in school aged 
children (12-17 years) groups during March –June 2021 (Figure 4B) when LFD was extensively being 
used (corresponding to a low bias in LFD in Figure 4D)21. LFD test reporting biases were more 
similar across age groups, although the oldest age group had a higher bias early on during the analysis 
period (Figure 4D). 
Incidence and case detection ratio trends 
By comparing the estimated true underlying incidence (using REACT-1 and ONS estimates) to 
reported cases (defined as PCR and LFD positive tests), we found that the national testing programme 
detected between 26%-40% of all cases across the entire evaluation period (see Methods), although 
this was likely an overestimate because of potential double counting of LFD and confirmatory PCR 
tests in the Pillar 2 data as well as multiple tests by the same person. This ratio varied substantially 
over time and increased until January 2022 after which PCR tests were no longer mandatory 
following a positive LFD test16. While the differences in the REACT-1 and ONS derived ratios 
(Figure 5A) are likely explained by the differences in their sampling strategies (and prevalence 
estimates), there were no notable persistent differences in case detection ratios according to the 
deprivation levels of LTLAs (Figure 5B). Throughout much of 2021, Black ethnic groups had higher 
rates of case detection (Figure 5C), and it is unclear what underpins this relationship, but targeted 
community testing could have played a role19,20. 
 

Discussion 
Our work reveals the intricate and dynamic nature of COVID-19 testing patterns in England 
throughout our study period (October 2020 - March 2022), illustrating strident differences in test use 
and reporting between sociodemographic groups. These differences complicate and obfuscate the 
real-time assessment of transmission across non-traditionally reported groups, and our prevalence 
estimates point towards an unequal burden of infection across them.  
Importantly, these insights were based on the PCR testing programme available to the population and 
the universal testing offer for LFD tests. However, the LFD tests were also accessible to individuals 
through a variety of other routes such as school, university, workplace or adult social care settings and 
we do not distinguish between these.  In addition to these two, the targeted community testing service, 
established in July 2021, aimed to reach disproportionately impacted people and those underserved by 
the national universal testing offer19,20. These target populations included those in areas of social 
economic deprivation; ethnic minority groups; those in high-risk occupations; individuals 
experiencing homelessness or who were sleeping rough; migrants; asylum seekers; refugees; and 
Gypsy, Roma and Traveller communities. This service was designed and delivered by local 
authorities and their partners which aimed to more directly reach disproportionately impacted groups. 
Unfortunately, while tests from this service were included in the data we analysed, targeted testing 
data were not separately labelled, and we could therefore not summarise this service’s data in 
isolation.  
We considered three categories of sociodemographics in this work: self-reported ethnicities of 
individuals testing or reporting test results; their self-reported age; and a grouping of individuals 
according to the index of multiple deprivation of the LTLA where each test was taken (PCR) or taken 
and reported (LFD). We chose these categories of analysis opportunistically according to criteria 
recorded in the testing data. These are suboptimal because they pool people according to somewhat 
arbitrary characteristics meaning they lack operational use; if it is known that self-reported Black 
individuals have a higher burden of infection, how should public health authorities actually respond? 
This group encompasses a huge diversity of different groups who live and interact in different 
communities. Existing categorisations also miss undocumented and presumably vulnerable 
individuals, such as undocumented migrants. Furthermore, there is compelling evidence suggesting a 
connection between belonging to an ethnic minority group and residing in economically 
disadvantaged areas, leading to an unequal burden of COVID-1932. While our current study examines 
these factors in isolation, a potential future expansion could explore their combined impact22. Social 
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scientists and local community leaders are better placed to understand these nuances, and 
interdisciplinary collaborations between these and those working in public health should be 
prioritised33,34.  
The CORSAIR study, conducted between March 2020 and January 2021, found that financial 
hardship, IMD, lower socioeconomic status and having a dependent child in the household were 
associated with poorer recognition of symptoms and a lower likelihood of booking a test35. Major 
barriers to testing for people in deprived areas were the financial and practical implications of having 
to self-isolate following a positive COVID-19 test18, and those from ethnic minority backgrounds 
were disproportionately affected by this36. These barriers were also acute for those working in sectors 
which effectively closed during the pandemic, and women and young people were more likely to fall 
into this group37,38.  The Test and Trace Support Payment scheme39 aimed to provide a financial safety 
net for those required to self-isolate, but many in need had difficulties accessing the scheme40.  
The PCR and LFD data from Pillar 2 which we explore offer complementary viewpoints of testing 
uptake and behaviour since PCR test results reflect test uptake (as the taking of a test resulted in the 
data being logged failing any mistakes in data recording) whereas LFD test data were available only if 
individuals self-reported their results. We find that the use (and for LFD, reporting of) these two tests 
were different throughout the study period, with PCR test use heavily concentrating in those infected 
and reported LFD positivity giving a more representative view of underlying prevalence; both of these 
are supportive of the general testing policy in England throughout the period. However, only 15% of 
LFD tests distributed were reported9, and, unfortunately, data on subnational test distribution were 
unavailable, which prevented granular analysis of LFD uptake and reporting.  
During infectious disease epidemics, testing can guide individual- and community-level interventions, 
for example by allowing self-isolation following exposure, and a return to work following a negative 
test result. Community surveillance surveys such as the world-leading REACT-1 and ONS-CIS 
surveys rolled-out in England and the UK, respectively, used representative samples of individuals to 
produce estimates of SARS-CoV-2 infection prevalence, while adjusting for selection bias due to non-
response41,42. Ours and previous work15 has shown how these high-quality, low-volume surveys can 
be combined with mass testing data to determine fine scale estimates of disease prevalence for various 
spatial scales or sociodemographic groups. These data could then be used to determine granular 
estimates of disease transmission, such as the time-varying reproduction number, Rt. Such nowcasting 
approaches could be deployed in real-time in future pandemics to improve disease surveillance, 
particularly to probe transmission in minority risk groups and spatial areas for which community 
surveillance random sampling surveys in isolation are insufficiently powered to estimate accurately. 
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Tables 
 Number of tests Number of positive results (%) 
PCR tests performed*   

With LTLA 106,986,026 14,021,052 (13·1) 
With ethnicity 106,831,682 13,933,106 (13·0) 
With age 103,681,935 13,554,671 (13·1) 

LFD tests reported*   
With LTLA 290,462,387 7,007,391 (2·4) 
With ethnicity 290,227,237 6,991,160 (2·4) 
With age 286,525,766 6,441,966 (2·2) 
   

Confirmatory PCR tests Number of LFD tests Number of PCR positive results (%) 
LFD positives followed by 
PCR 

2,328,414 2,069,391 (88·9) 

Within same day 1,598,213 1,416,229 (88·6) 
After one day 513,567 461,159 (89·8) 
After two days 209,143 185,511 (88·7) 
After three days 7491 6492 (86·7) 

Table 1: Summary of Pillar 2 mass testing data for England between 1st October 2020 and 31st March 
2022. * includes tests where there were data with information on LTLAs or ethnicity or age.  
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Figure 1: (A) Timeline of the Alpha, Delta, and Omicron variants of concern and other important 
dates mentioned in our study (B) Spatial distribution of deprivation across England according to the 
rank of population weighted average of scores for the LSOAs in a given LTLA. (C) Proportion of 
White people across LTLAs. (D) Median age across LTLAs of England. (E, F) Weekly number of 
PCR, LFD tests per person by deprivation levels. All LTLAs were assigned deprivation levels from 1 
to 9. (G, H) Weekly number of PCR, LFD tests per person by three ethnic groups (see Figure S10 for 
the other two ethnic groups). (I, J) Weekly number of PCR, LFD tests per person by four age groups 
(see Figure S9 for the other age groups). The solid vertical line corresponds to the date (11th January 
2022) after which confirmatory PCR tests were no longer required following a positive LFD test, and 
the vertical dashed line corresponds to the date (9th April 2021) when free asymptomatic testing was 
made available to all individuals in England. See Figure S11 for variation in tests per person by 
LTLAs and sociodemographic groups. 
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Figure 2: (A) Aggregated weekly national prevalence estimates for ethnic groups. This was the 
population-weighted average of posterior median estimates (solid lines) and 95% central credible 
intervals (shaded region) of ethnic group-specific debiased prevalences in LTLAs. (B) Aggregated 
weekly national prevalence estimates for age groups and 95% central credible intervals (solid and 
shaded areas respectively). National prevalence and 95% confidence intervals for age groups 
estimated by REACT-1 are shown as points and whiskers. (C, D) Proportion of PCR tests performed 
as confirmatory tests by ethnic and age groups. (E, F) Proportion of reported LFD positive tests 
followed by PCR confirmatory tests within 72 hours among different ethnic and age groups. (G, H) 
The probability of testing negative with a confirmatory PCR test after reporting a positive LFD test, 
among different ethnic and age groups, conditional on testing positive with an LFD, reporting the 
positive LFD test and seeking a confirmatory PCR test. The solid vertical line corresponds to the date 
(11th January 2022) after which confirmatory PCR tests were no longer required following a positive 
LFD test, and the vertical dotted line corresponds to the date (8th March 2021) when onsite 
asymptomatic testing was made available in schools. Restrictions on face-to-face education and 
school holidays are indicated by the dark and light purple rectangles, respectively. The blue rectangles 
represent the time periods of Alpha, Delta, and Omicron VOCs as defined in Methods. The date axis 
starts in December 2020, when LFD tests started being reported. 
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Figure 3: (A) Rate of decline in the probability of detecting a SARS-CoV-2 infection by PCR within 
3 days from reporting a positive LFD test over the study period by ethnic groups. Solid dots (and 
shaded areas) in the main figures are the posterior median estimates (and 50% central credible 
intervals) of ethnic group specific decay rates. The inset plots translates what the rate estimates in A 
correspond to in terms of the rate of decline in probability of testing positive by PCR subsequent to 
reporting of an LFD positive (with 50% credible intervals) for the first (1: December 2020) and last 
month in our study (2: March 2022). 
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Figure 4: (A, B) Estimated mean PCR testing bias (log odds of taking a PCR test in infected versus 
uninfected subpopulations) by deprivation levels and age groups in England over time. (C, D) 
Estimated mean LFD test reporting bias in deprivation levels and age groups. 1 and 9 corresponding 
to most deprived and least deprived levels respectively. Shaded areas from left to right, correspond to 
the time periods of Alpha, Delta, and Omicron VOCs respectively (defined in Methods). Testing 
biases with uncertainty intervals and other age groups are provided in Figure S13, S14. 
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Figure 5: (A) Bi-monthly national estimated case detection ratio over time, using PCR and LFD 
positive and estimated incidence. The dark and light brown curves represent ratios using REACT-1 
and ONS prevalence data, respectively. (B) Case detection ratio over time by deprivation levels 
(IMD). The dots (and error bars) represent the coefficient estimates (and standard error) of a linear 
regression with LTLA specific case detection ratio as the dependent variable and IMD levels as 
predictors for each month. Here IMD level 1 (black) and 9 (yellow) refer to the most- and least-
deprived areas, respectively. (C) Bi-monthly national case detection ratio tests by ethnic groups. 
Shaded areas from left to right, correspond to the time periods of Alpha, Delta, and Omicron VOCs 
respectively (defined in Methods). 
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