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Abstract

The COVID-19 pandemic has represented an unprecedented global health challenge. The Im-
perial REACT-1 and REACT-2 programmes formed a part of the research response in England,
analysing community prevalence of the SARS-CoV-2 virus and antibodies through a series of

large cross-sectional samples.

The introductory chapter of this thesis presents a detailed overview of the epidemiological
aspects of the COVID-19 pandemic, summarising key research papers and milestones as well
as describing the public health response and the development of treatments. The literature
on the symptomatology of COVID-19, and of post-COVID syndrome, is reviewed in depth,
and the REACT-1 and REACT-2 studies are introduced. Chapter two presents an algorithmic
interrogation of the full corpus of COVID-19 literature published between 2020 and 2022, with
description of research trends and analysis of different metrics of impact contextualised within

all non-COVID-19 literature that has been published since 2019.

Chapters three and four use data from the REACT-1 and REACT-2 programmes to investigate
(i) the symptomatology of COVID-19 in the acute phase of this disease and how this has
changed over time with different variants and varying levels of population immunity, and (ii) the
characteristics, risk factors and sub-types of post-COVID syndrome, where symptoms persist

beyond 12 weeks after initial infection.

The thesis concludes with general remarks contextualising the findings and discussing potential

and actual extensions of the research.
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Chapter 1

Introduction

1.1 The COVID-19 pandemic

The coronavirus disease of 2019 (COVID-19) — the disease caused by the SARS-CoV-2 virus
— was first detected in Wuhan, China, in late 2019. The World Health Organization (WHO)
made a statement about the novel coronavirus on 10 January 2020 [1], and declared COVID-19
a global pandemic on 11 March 2020 [2]. As of April 2023, more than 765 million cases and
6.9 million deaths have been reported worldwide [3], and 24.5 million cases and 224,000 deaths
in the UK. Analysis of excess deaths has suggested that the true worldwide death toll may be
nearly three times as high [4]. On top of the immediate human costs, the second-order effects of
the pandemic — in terms of reduced economic output and huge governmental borrowing [5, 6],
over-stretched health services [7], and the burden of people suffering from ongoing poor health

as a result of COVID-19 [8] — will continue to be felt for many years.

This chapter introduces some of the key topics relating to the COVID-19 pandemic and to the
disease itself, with a focus on the areas that are investigated in following chapters: the response
of the research community, symptomatology in the acute phase of COVID-19, and persistent
COVID-19 symptoms.



1.1.1 Public health response

The COVID-19 pandemic has elicited an unparalleled coordinated effort in international public

health, informed by a similarly unprecedented response from the research community.

Early work on small numbers of patients infected with COVID-19 in Wuhan characterised the
genome of the virus, identifying similarities with bat-derived coronaviruses and suggesting that
the virus binds to the ACE-2 receptor in humans [9-14]. Subsequent early epidemiological
research — largely single-centre studies from China and Italy, which were the first countries
to be severely affected by the epidemic — identified clinical characteristics of the disease and
putative risk factors [15-17]. Fever, persistent coughing and fatigue were identified as common
symptoms [17]. While anosmia and ageusia were mentioned as putative symptoms as early
as February 2020 [18], it was several months before they were established as key charceristic
manifestations of the disease [18, 19] and subsequently added to official symptom lists in the

UK [20] and elsewhere [21].

Research into the contained epidemic on the Princess Louise cruise ship showed that some (esti-
mated proportion of 17.9%) of those infected with SARS-CoV-2 did not present any symptoms
at all [22]. Subsequent research revised the estimated asymptomatic proportion upwards to
40-45% [23], and established that transmission from asymptomatic or presymptomatic carriers

was likely to be a large contributor to epidemic spread [24, 25].

Measures to combat the pandemic fell into two categories: non-pharmaceutical interventions
(NPIs) — including social distancing, restriction of group activities and mixing, masking and
hand-washing — aimed to control the spread of the virus; and pharmaceutical interventions —
including vaccination and therapeutic treatments such as antivirals and monoclonal antibodies

—aimed to reduce the likelihood of transmission and mitigate the effects of the disease.

In the early phase of the pandemic, between the onset of the first wave in early 2020 to the start
of vaccine roll-outs at the end of 2020, non-pharmaceutical interventions were the only public
health tools available to control the spread of SARS-CoV-2. These were informed by research
into transmission mechanisms [26] and dynamics [27]. Covid-19 can be spread through droplets,
short and long-range aerosols, and contaminated surfaces,[24, 26, 28, 29|, although public health
policy was sometimes slow to acknowledge the role of airborne transmission and focused initially

on fomite transmission [30]. Most countries implemented some form of lockdown [31], imposing



restrictions on citizens’ movements and mandating the closure of shops, restaurants and public
gathering places. In England, the first lockdown began on 23 March 2020 [32] and remained
in place until a partial relaxation was announced on 13 May, followed by a full relaxation
and replacement with social distancing and masking guidance on 23 June 2020. Lockdowns
continued in many countries, with varying degrees of restriction, in late 2020 and early 2021;
only a small number of countries continued with significant restrictions beyond 2021: China
maintained a zero-COVID policy, deploying targeted lockdowns, mandatory mass testing, and
quarantines, until abruptly revoking all restrictions in January 2023 [33]. Some countries, as
of April 2023, retain some public policy measures such as requirements for masking in public

places (eg India), or travel and immigration restrictions on unvaccinated people (eg Niger) [34].

1.1.2 COVID-19 pathogenenic mechanisms

Viral entry

Viral entry generally occurs through the nose, mouth or eyes [35], with subsequent viral repli-
cation occurring initially in the upper respiratory tract [14, 36], then subsequently descending
into the lower respiratory tract (as evidenced by findings that viral load is highest the upper
respiratory tract in the early phase of the disease, and then increases in the lower respiratory
tract [37, 38]). The SARS-CoV-2 virus has various mechanisms of spreading into other host
systems, after initially infiltrating the respiratory system. It can pass through the epithelial
barrier and enter the bloodstream by infecting endothelial cells in the blood-brain barrier or
blood-CSF (Cerebrospinal Fluid) barrier [39]. It can infect white blood cells, which then spread
to other tissues in the host body and cross the barrier to the central nervous system (CNS) (a
process known as a “Trojan horse mechanism” [40]). It is also hypothesised that the SARS-
COV-2 virus can spread locally through the epithelial lining, via direct extension (Xia et al
found SARS-CoV-2 virus in the tears and conjunctival secretions of COVID-19 patients and

suggested that the virus had passed through the nasolacrimal duct [41]).



Pathogenesis

COVID-19 causes inflammation and damage across multiple systems including the respiratory
[42], cardiovascular [43], nervous [44], musculoskeletal [45], gastrointestinal [46] renal [47] and
hematopoietic systems [48]. The multi-systemic nature of the disease has been hypothesised to
be related to the fact that the SARS-CoV-2 virus binds to the angiotensin-converting enzyme
2 (ACE2) receptors, which are located on many different human cells [36, 46].

If the virus spreads beyond the respiratory system to other cells and tissues, a systemic immune
response can be induced. This does not always indicate severe disease: even in mild cases,
manifestations of COVID-19 can be the product of disturbance of multiple biological systems
[49].

COVID-19 can also induce a cytokine storm, where the body over-produces pro-inflammatory
cytokines, causing systemic inflammation, acute respiratory distress syndrome (ARDS), and,
potentially, multi-organ damage or failure and death [50]. The cytokine storm is also implicated
in coagulation dysfunction [51], and thrombotic complications, which are commonly experienced
by COVID-19 patients and are associated with increased disease severity and poorer clinical

outcomes [52-55].

1.1.3 Risk factors for COVID-19

The term ‘risk factor’ is used to describe two separate types of risk: risk of becoming infected
(or susceptibility), and risk of progression to severe disease or death, conditional on infection.
The latter could also be subdivided into a second subtype: the risk of progression to intensive

care or mortality, conditional on hospitalisation.

The earliest investigations into risk factors were primarily descriptive studies of hospitalised
patients in Wuhan, which identified increasing age as a risk factor for mortality among those
hospitalised [15]. An over-representation of men, and patients with comorbidities including
diabetes, among those hospitalised was also reported [17], although the extent to which this
reflected intrinsic predisposition to infection or severe disease (as opposed to behavioural or en-
vironmental factors influencing the likelihood of exposure to the virus) could not be determined.

Subsequent multi-centre studies in Italy and in New York supported the findings of elevated



risk for older patients and males, and further identified: chronic kidney disease, heart failure
and increased body mass index (BMI) [56]; and smoking, diabetes, hypertension, cardiovascular

disease and respiratory disease [57] as risk factors for severe disease and mortality.

Population-based studies in England, including the REACT-1 study [58], investigated risk
factors for infection and for severe disease and mortality at a population level in the early
phase of the pandemic, demonstrating a demographic component to the infection risk with some
communities (in England: healthcare and care home workers people of black or Asian ethnicity,
as well as those of older age, and men), at greater risk of infection in 2020 [59]. Higher rates
of infection naturally lead to higher rates of hospitalisation and death, so disambiguating the
infection risk (influenced by environment and behaviour) from risk of severe disease conditional

on infection became an increasingly important public health question.

As data began to be merged across populations in sufficient volume to disentangle these effects,
age emerged as the most consistent and significant risk factor for severe disease and death,
conditional on infection. Two large systemic analyses of seroprevalence data and mortality
rates from multiple countries estimated the relationship between age and risk of mortality
conditional on infection (the age-specific Infection Fatality Rate (IFR)) [60, 61], and found a
strikingly log-linear relationship, with the risk of mortality increasing approximately tenfold
for every additional 15 years of age [61]. This finding informed the vaccine rollout in the
UK, with age group being the primary variable used to prioritise vaccine recipients, alongside

comorbidities.

Genetic predisposition to COVID-19

In the case of genetic predisposition there is likely to be an overlap between susceptibility to
infection and susceptibility to severe disease, as the mechanisms for infection (cell entry via
the binding of the spike protein to the ACE-2 receptor) and disease progression (subsequent
transfer to ACE-2 receptors in different cell tissues in other host systems) are affected by
levels of expression of ACE-2. A meta-analysis (SeyedAlinaghi et al [62]) analysed multiple
reports supporting the existence of a genetic predisposition to both COVID-19 infection and to
progression to severe COVID-19, that was related to ACE2 polymorphisms and to expression

levels of of type 2 transmembrane serine proteases (TMPRSS2) in the host. Jackson et al also



note in a 2022 review [63] that many of the risk factors for severe COVID-19 — age, sex, smoking
status, diabetes, hypertension — have been associated with expression levels of ACE-2, although
the directions of effect are not always consistent and the evidence for this mechanism of risk is

far from conclusive.

1.1.4 Treatments for COVID-19

A wide range of treatments for COVID-19 have been investigated. Early in the pandemic,
treatments were limited to in-hospital mechanical ventilation and supplemental oxygen. Mul-
tiple drugs and treatments were proposed and entered accelerated trials. One of the earliest
breakthroughs came from the RECOVERY Collaborative Group, who demonstrated that ad-
ministration of oral or intravenous dexamethasone reduced 28-day mortality in hospitalised
patients (with an age-adjusted mortality rate ratio vs placebo of 0.83; 95% confidence interval
0.75-0.93) [64]. Monoclonal antibodies — laboratory made proteins that mimic the body’s im-
mune response and bind to SARS-CoV-2 spike protein — were also demonstrated to reduce risk

of infection and of severe outcomes [65, 66].

In 2021, antivrial treatments Molnupiravir and Paxlovid were shown to reduce the risk of hos-
pitalisation and death [67, 68|, and are now widely used across the world. Remdesivir was one
of the earliest antivirals to begin trials [69], and early results indicated that it reduced recovery
time in patients hospitalised with COVID-19 [70]; however, the WHO Solidarity Trial, a large
multi-centre study involving more than 11,000 patients in 30 countries, found no significant
reduction in mortality risk versus a placebo control group [71]. Hydroxychloroquine was also
initially proposed as a treatment and was granted emergency use authorisation in the United
States [72], but repeated studies found no evidence for its effectiveness either as a prophylaxis
[73] or to reduce risk of hospitalisation or mortality [71] and the emergency use authorisation
was revoked in June 2020. Despite this, Hydroxychloroquine and other drugs such as Ivermectin
continue to be promoted as effective treatment for COVID-19 by some, largely through social

media [74].

The quantity of low-quality information on the internet about treatments for COVID-19, in-
formed in some cases by small studies that have failed to replicate but are still cited as robust

evidence of effectiveness, has presented a public health challenge. It has also motivated and



informed the second chapter of this thesis, in which the relationship between the impact of a

report on social media and the academic merit of that report is investigated.

1.1.5 Vaccines

Eight days after the first reported cluster of COVID-19 cases in Wuhan, researchers shared the
genetic code for the SARS-CoV-2 virus [75] (later published by Wu et al [13]) and multiple
research groups began pre-clinical work on developing a vaccine. In order to maximise the
chances of finding a successful candidate, research into multiple different vaccine technologies
was initiated, with funding agencies often deliberately funding a spread of different approaches

and technologies [76].

Viral Vector Vaccines

Viral vector vaccines use a modified virus as a vehicle to deliver genetic information into host
cells, eliciting an immune response against a specific pathogen. The virus is engineered to
be non-pathogenic while retaining its capacity to enter cells and deliver genetic instructions,
[77] which prompt cells to synthesise a protein associated with the target pathogen, such as
SARS-CoV-2’s spike protein. The immune system identifies this protein as foreign, generating
an immune response that confers protection against future infections by the pathogen. Viral
vectors have demonstrated the ability to provoke both innate and adaptive immune responses
in mammalian hosts. These are currently being researched as potential vaccine candidates for

multiple other conditions including malaria and human immunodeficiency virus (HIV) [77].

On 30 April 2020 AstraZeneca announced a collaboration with Oxford University in the UK to
produce a vaccine [78] using viral-vector technology, and in July 2020, interim results from the
Phase 1/2 trial of the Oxford-AstraZeneca vaccine showed promising immune responses and
safety, with neutralising antibody responses detected in 91% of recipients [79]. Johnson and

Johnson also developed an adenovirus-based vaccine [80], which was authorised for use in the

USA in April 2021 [81] but was never used in the UK.



Recombinant protein vaccines

Recombinant protein vaccines contain fragments, such as proteins, from the virus, which are
chosen to elicit an immune response in the host. The fragments are reproduced at scale in a
heterologous expression system (where a gene that codes for the critical protein is inserted into
cells from another organism, often bacteria or yeast, which acts as a factory to produce the
protein) [82]. After purification, the proteins are used as the principal ingredient in the vaccine
and introduced into the host to induce an immune response by producing antibodies. Around
a third of the vacines what went into development in the first year of the pandemic used a
recombinant protein platform [83], although none were widely authorised for use in the first
18 months of the pandemic. The Novovax vaccine, which used residues of the receptor-binding
domain of the SARS-CoV-2 spike protein, produced promising early results in animals [84] and

later passed phase 2 and 3 trials and was approved in 40 countries worldwide [85].

mRNA vaccines

mRNA vaccines are created by identifying a protein from the virus that produces an immune
response in the host, and designing an mRNA sequence that will be translated into the target
protein by host cells [86, 87]. The mRNA sequence is then synthesised in a laboratory through
a process of in vitro transcription, and encapsulated within lipid nanoparticles, which protect

the mRNA and aid its delivery into host cells.

The two most widely used vaccines in the world have both been based on mRNA technology
[88]: the Pfizer-BioNTech vaccine (BNT162b2) and the Moderna vaccine (mRNA-1273). Both
are lipid nanoparticle-encapsulated mRNA-based vaccines that encode the spike protein of the
SARS-CoV-2 virus, and both showed more than 90% efficacy in preventing COVID-19 illness in
phase 2/3 trials [89, 90]. The Pfizer-BioNTech vaccine became the first vaccine to be approved
and administered anywhere in the world when the UK approved its use on 2 December 2020

[91] and began the vaccine rollout on 8 December [92]



The vaccine rollout in England

The vaccine rollout in England was informed by advice from the Joint Committee on Vac-
cination and Immunisation (JCVI) [93]. The population was stratified into 12 risk groups
according to age, healthcare/social care worker status and pre-existing health conditions and
vaccines were offered to each group sequentially, beginning with care home residents and med-
ical staff in December 2020. The Pfizer-BioNTech vaccine was offered first, with AstraZeneca’s
vaccine receiving approval on 30 December 2020 [94] and being offered shortly after, and the
Spikevax (Moderna) vaccine receiving approval on 8 January 2021 [95]. Despite the fact that
the dosing interval between first and second dose was 3-4 weeks in both the Pfizer-BioNTech
and Astrazeneca trials, the UK Chief Medical Officers made the decision to extend the dosing
interval to 12 weeks, given the limited supply of vaccine doses and some early evidence that
a single dose provided substantial protection against severe infection and death [96]. A tar-
get to offer first vaccines to all those aged 50 and over, or aged 16+ and with an underlying
health condition, by 15 April 2021 was met, as was a target to offer all adults (aged 16+) a
first vaccine by 19 July 2021 [96]. After evidence emerged of the risk of blood clots associated
with the AstraZeneca vaccine [53], the government accepted the JCVI's recommendation that
an alternative vaccine be offered to all under-30s (later extended to all under-40s on 7 May
2021) [96]. By 19 July 2021, a vaccine had been offered to all adults aged 16 and over. As
risks from COVID-19 are low for younger people, the cost-benefit calculations for vaccinating
children were less clear cut than for adults, and initially vaccinations were only offered to those
under 16 who had specific underlying conditions [97]. In February 2022, the offer of vaccines
was extended to all children aged 5 and over [98]. From September 2022, only children (aged
5-16) who were in a high-risk group were eligible for a vaccine, and the offer of first and second

vaccines for adults ends in June 2023.

Booster programmes offering third, fourth and fifth vaccines, initially to high-risk groups and
then to lower risk groups, have been run in autumn 2021, spring 2022, and spring 2023 in
England. These have included vaccines tailored to later variants of SARS-CoV-2 [99], and
bivalent vaccines, which target both the Omicron spike proteins and the ancestral wild-type
SARS-CoV-2 spike proteins in a single vaccine. Early findings from the US have suggested
that bivalent vaccines provide increased protection against hospitalisation when compared with

monovalent vaccines [100]; however, Wang et al found no difference in virus-neutralizing peak
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antibody response when boosting with a bivalent vs a monovalent vaccine [101].

1.1.6 Variants

After the initial wave of the "Wild-type’ variant of SARS-CoV-2, the pandemic was characterised
by the emergence of successive new variants which competed with and in some cases totally
replaced preceding strains. The first variant to achieve near-complete international replacement
was the Alpha (B.1.1.7) variant, which was first detected in England in November 2020 [102]
and spread rapidly internationally owing to a 90% increased transmissibility over the wild-type
variant. Subsequently, the Delta variant, first detected in India in 2021 [103], achieved near-
complete replacement of the Alpha variant in the UK by July 2021 [104] and in most of the
rest of the world in the following months [105]. Finally, the Omicron variant, which was first
detected in South Africa and Botswana in late 2021 [106], achieved near complete worldwide
replacements of previous variants in early 2022. As of April 2023, Omicron subvariants continue

to be the dominant strains of COVID-19 worldwide [105].
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1.2 The COVID-19 Research Landscape

The COVID-19 pandemic has induced an unprecedented response from the scientific research
community. It has been the first global pandemic of the internet era, and the first of the
‘modern’ era of scientific publishing: the influenza pandemic of 1918 happened before the era
of formalised peer review [107], when medical journals were circulated by post to a select
few libraries and members of the publishing organisation. A PubMed search for articles with
“Influenza” in the title between 1918 and 1920 returns 17 results. By contrast the World Health
Organization (WHO) COVID-19 literature database lists more than 440,000 papers published
since the start of the COVID-19 pandemic [108].

The severity and speed of onset of the pandemic, the novelty of the disease, and the concomi-
tant demand for rapid execution and dissemination of research has represented a stress test for
the institutions and incentive structures of scientific publishing and communication. The most
immediate pressure point has been the peer review process. Peer review can be a lengthy pro-
cedure [109], especially when reviewers are themselves dealing with additional work demands.
Some higher impact journals introduced COVID-19 peer review ‘fast streams’ and were able
to accelerate peer review times by 49% [110]. Nonetheless, the sheer volume of COVID-19
submissions — Elsevier estimated an increase of 63% in submissions to their medical journals
in February-May 2020 compared with February-May 2019 [111] — caused concerns about the
burden on editors and peer reviewers leading to a reduction in the rigorousness of the review
process [112] and a degradation of overall research quality [113]. Schonhaut et al [114], for
example, found that while submission—acceptance turnaround times were 11 times faster for
COVID-19 papers than for generic influenza papers, withdrawal rates were an order of mag-
nitude higher for COVID-19 papers than for influenza papers from the same period (0.26% vs
0.023%).

While research journals were racing to adapt to the increased volume of submissions, the
demand for rapid sharing of results (and authors’ desire to be first to publish a particular
finding) meant that the volume of preprints — papers published immediately without peer
review on domain-specific, non-paywalled servers — grew even more dramatically during the
pandemic: monthly submissions to medRxiv increased by a factor of ten between January and

May 2020 [115], and more than two-thirds of all the papers published on medRxiv in 2020 were
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related to COVID-19 [116]. Researchers noted the scale of COVID-19 research output and asked
whether the scientific publishing industry might be permanently altered by the rapid adoption
of preprints [117]. However, the initial exponential trajectory of COVID-19 preprint publication

was not maintained much beyond mid-2020, and preprint publication rates plateaued [118].

1.2.1 Sharing and communicating research

The second key pressure point in the research trajectory comes after publication: communi-
cating the latest research findings to the scientific community, policy-makers, and the public.
Here, preprints have occupied a conflicted position. Despite the disclaimers that they are not
peer reviewed and should not be reported, the huge public demand for information on COVID-
19 meant that many preprints received a lot of attention in the media and on social media:
medRxiv was receiving more than 10 million page views per month at the peak of the pan-
demic, compared with 64,000 in late 2019 [115]. This circumvention of the normal quality
control mechanism has undoubtedly led to some spurious findings entering the bloodstream
of scientific discourse [119-121], and influencing attitudes, behaviour and public policy. The
World Health Organization has called this phenomenon, when the demand for information on
a new disease exceeds supply and normal quality control mechanisms become disrupted, an
‘infodemic’ [122]. It has significant implications for public health policy and messaging [123],

and is therefore an important field of research.

1.2.2 Infodemics and bibliometrics

Analysing the impact of research has become an academic field in itself owing to the increasingly
rich and varied data streams that are now available for tracking how academic papers are
consumed and shared online, and by whom. Altmetrics [124] — measures of article impact and
attention in news outlets, blogs and on social media — can be used to track how papers are
shared on social media [125-127] and can be combined with other data to better understand the
mechanisms by which information enters the discourse. The analysis of this article usage and
impact data, in conjunction with other article metadata and, sometimes, rich textual analysis

of the paper itself, is generally known as bibliometrics or scientometrics.
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The next chapter of this thesis uses bibliometrics to describe and analyse how the scientific
information ecosystem functioned under the acute stress of a pandemic. The first goal is to
provide a descriptive overview of all published COVID-19 research literature, using the tools
and language of epidemiology. Specifically, this involves: reconstruction of ‘epidemic curves’ of
(i) COVID-19 papers (both preprints and journal articles), and (ii) the media and social media
attention generated by those papers; summarising the most-cited most-shared papers; and using
textual analysis to show how research topics evolved throughout the pandemic, and which ones
were driving attention at which times. The second goal is to investigate questions relating to
the functioning of the scientific information ecosystem. Specifically: were the ‘best’ papers (as
measured by traditional citation and journal quality metrics) getting the most attention (as
measured by Altmetrics)? Was the huge wave of COVID-19 preprints in 2020 of lower average
quality than other preprints (using time-to-event analysis to describe publication trends)? And
did COVID-19 research ‘cannibalise’ other research? The chapter uses a large corpus of all
research literature (more than 17 million papers) published between the start of 2019 and the
end of 2022. Analysis of COVID-19 literature is therefore contextualised within this larger

corpus, which provides a benchmark against which to compare trends.
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1.3 Symptomatology in the acute phase of COVID-19

Clinical manifestations of COVID-19 are highly heterogenous, reflecting the pathogenic breadth
of the disease and the various host systems that it can affect. The majority of infections involve
mild (or no) symptoms, most commonly coughing, fatigue, Anosmia/dysnosmia (loss/disturbance
of sense of smell) and ageusia/dysgeusia (loss/disturbance of sense of taste) and fever, but stud-
ies have identified at least 30 symptoms that are associated with infection [128]. Early research
focused on symptomatology in patients admitted to hospital in the countries earliest affected
(China [17, 129] and Italy [130]). These studies necessarily focused on hospitalised patients,
and therefore the prevalence estimates are weighted towards symptoms that are associated with
severe disease, and the later stages of the disease course. A meta-analysis of these early papers
by Grant et al found that fever, cough, fatigue and hyposmia were the most common symptoms
[128]. In a 2020 meta-analysis of patients who tested PCR positive in hospital and experienced
only mild-to-moderate COVID-19, Lechien et al found the most common symptoms, in order,
were headache (Lechien et al found a pooled prevalence of 70.3% for headache, compared to
only 13% in Grant et al), anosmia, nasal obstruction, asthenia, myalgia, rhinorrhea, gustatory

dysfunction, sore throat, and fever [131].

Among the first representative studies of symptom prevalence among non-hospitalised indi-
viduals was the UK Office for National Statistics’ (ONS’s) Coronavirus (COVID-19) Infection
Survey [132], which tested and surveyed a cohort of 150,000 individuals from a representative
sample of households in the UK approximately fortnightly between August 2020 and March
2023 [133]. Regular bulletins were published summarising the results; the first of these to
contain symptom data was published in May 2021 [134] and summarised symptom prevalence
among 'strong’ SARS-CoV-2 positive individuals (with a Ct value of 30 and under) at monthly
intervals between December 2020 and April 2021 in the UK — therefore capturing the end of

the Wild-Type variant wave and the emergence of the Alpha variant.

In December 2020, 54.69% (95% CI: 52.92,56.44) of SARS-CoV-2-positive participants reported
experiencing one or more of the 12 surveyed symptoms within 35 days of their first positive
PCR test. The ONS reports did not report test-negative symptom prevalence, but owing to
lockdowns and reduced social interactions the prevalence of other circulating respiratory viruses,

and therefore background symptom prevalence, was low [135]. The most common symptoms
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among SARS-CoV-2 positive participants were cough (34.50% [32.83,36.20]), headache (32.96%
[31.31,34.64]) and fatigue/weakness (33.73% [32.07,35.42]).

Fever

Fever is a common immune response to infection and illness, and was generally found to be
the most prevalent COVID-19 symptom in hospital-based studies: Islam et al found a pooled
prevalence of 79.43% [95% CI: 77.05-81.80] [136] in a meta-analysis of studies of hospitalised
COVID-19 patients published in the first four months after the start of the COVID-19 outbreak
(1 December 2019 — 3 April 2020). The ONS study found a prevalence of 21.73% (20.29,23.22)
among SARS-COV-2-positive individuals in December 2020.

Fatigue

As with fever, fatigue is a common consequence of viral infections and is a highly prevalent but
low-specificity symptom of COVID-19. It is thought to be caused by neuroinflammation of the
brain tissue [137], and functions to conserve energy expenditure to allow the immune system to
fight pathogens. In a meta-analysis of hospitalised patients with mild to moderate COVID-19,
Lechien et al found a pooled prevalence of 63.2% [131]; by contrast, the symptom prevalence
in the representative ONS sample of non-hospitalised SARS-CoV-2 positive individuals was
33.73% (32.07,35.42) in December 2020.

Anosmia and ageusia

Anosmia/dysnosmia and ageusia/dysgeusia are highly specific symptoms of COVID-19, and
are likely caused by viral entry into cells in the olfactory epithelium (potentially non-neuronal
cells such as support cells, stem cells, and perivascular cells [138]), and subsequent inflammation
[139]. In hospitalised patients, two 2020 meta-analyses found very similar prevalences: Agyeman
et al found that anosmia and ageusia are common in up to 41% of COVID-19 cases [140]; Favas
et al found a prevalence of 35.8%; 95% CI 21.4-50.2) for anosmia/dysnosmia, and 38.5%; 95%CI
24.0-53.0) for ageusia/dysgeusia [141]. In the ONS study, prevalence of anosmia was 17.01%
(15.71,18.38) and ageusia was 17.75% (16.42,19.13) in December 2020.
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Respiratory symptoms

COVID-19 presents most commonly as an upper respiratory disease, with viral replication in
the upper and lower respiratory tract inducing a localised inflammatory response. The most
common respiratory symptom of COVID-19 is a cough: Lechien et al found a pooled prevalence
of 63.2% [131] in hospitalised patients with ‘mild to moderate’, ie not requiring intensive care,
COVID-19, while the ONS study found a prevalence of 34.50% (32.83,36.20) in December 2020.
Sore throat is also a common symptom (pooled prevalence in hospitalised patients in Lechien
et al [131]: 52.9%, ONS representative prevalence 22.40% (20.95,23.91)). Less commonly,
patients may report dyspnoea (breathlessness) (ONS prevalence 14.60% [13.38,15.89]), chest

pain or tightness, haemoptysis (coughing up blood) or wheezing [128].

Neurological symptoms

While anosmia/dysnosmia and ageusia/dysgeusia are the most COVID-19-specific neurological
symptoms, other common neurological symptoms have been identified. A meta-analysis of
neurological COVID-19 symptoms, which included non-hospitalised patients, identified several
symptoms that were described in multiple papers [141]. The most common were myalgia (muscle
aches and pains; pooled prevalence et al 19.3%; 95% CI 15.1-23.6), headache (pooled prevalence
14.7%; 95% CI 10.4-18.9), dizziness (pooled prevalence 6.1%; 95% CI 3.1-9.2) and syncope
(fainting or passing out; pooled prevalence 1.8%; 95% CI 0.9-4.6). Headache (ONS prevalence
32.96% [31.31,34.64]) has been shown to co-occur frequently with anosmia and ageusia, and to

be indicative of a shorter disease course [142].

Gastrointestinal symptoms

Gastrointestinal symptoms that have been reported in association with COVID-19 include
nausea, vomiting, abdominal pain, diarrhea and anorexia/appetite loss [143]. A meta-analysis
of hospitalised patients in 2020 found that one in every eight (13%) people with COVID-19
reported had at least one gastrointestinal symptom [144]. This included 5.6% with nausea
and/or vomiting, 2.7% with abdominal pain, 7.8% with diarrhoea, and as many as 27.1%
patients with anorexia/appetite loss. The ONS study found a prevalence of nausea/vomiting

of 10.65% (9.59,11.79) in December 2020.
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Changing prevalence of symptoms over time

The symptomatology of COVID-19 has been shown to have changed since the wild-type variant:
the most significant trends being an increase in the prevalence of ‘cold-like’ symptoms associated
with the Omicron variant [145]. The symptom profile of COVID-19 has also been shown to vary
in people with some existing immunity, either from a previous infection or from vaccination
(See supplementary material in Antonelli et al, which shows changing symptom prevalence in

people with one or two vaccinations, versus unvaccinated controls [146]).

1.3.1 Using symptoms to identify cases

Variation in methodology between early studies and meta-analyses resulted in divergent esti-
mates of symptom prevalence, with most study populations involving all or mostly hospitalised
patients. Identifying a subset of symptoms with sufficient sensitivity and specificity for accurate
diagnosis of COVID-19 in the community has therefore been a significant ongoing challenge,
particularly against a backdrop of changing background prevalence of COVID-19 and of symp-

toms.

Before mass testing began in England in April 2020 [147], symptoms were the only way to
diagnose probable infection and to recommend that people self-isolate. After testing became
widely available, symptoms were used as a screening device to allocate tests [148], based on
early research into COVID-19 manifestations [17]. In early 2020, only a high temperature and
a new continuous cough were listed by the NHS as potential COVID-19 symptoms. In May
2020, anosmia and ageusia were added to the symptom list [20], shortly after findings from the
Zoe COVID-19 app were published [149] which suggested that loss of sense of smell or taste
were highly specific symptoms of COVID-19: 59% of participants who reported a positive PCR

test also reported loss of sense of smell or taste (against 18% who tested negative).

Subsequent community-based studies assessed the capacity of symptom data to predict PCR
positivity for SARS-CoV-2, in some cases using variable selection and ranking methods to
identify the ‘best’ (set of) symptoms to identify cases [150-152]. These studies included an
early analysis based on REACT-1 data from June 2020 to January 2021, when the Wild-type

variant was dominant [151]. The primary research goal of the paper was driven by domestic
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public health priorities: how could community cases be better detected using symptom data
to trigger PCR testing, and what would be the impact of expanding the symptom ’trigger’
list beyond loss of smell and taste, fever and new continuous cough. The paper identified
7 symptoms that were jointly positively predictive of PCR positivity and demonstrated that
expanding the trigger list to these seven symptoms would increase community detection rates
without exceeding testing capacity. The paper also used early cases of B.1.1.7 (Alpha variant)
that were detected in the final round of fieldwork from that period to demonstrate differences in
symptom profile from the Wild Type variant, which subsequent studies confirmed in different
data sets [153, 154]. The NHS has, as of April 2023, widened symptom criteria to include
shortness of breath, feeling tired or exhausted, an aching body, headache, sore throat, blocked

or runny nose, loss of appetite, diarrhoea and feeling sick or being sick [155].

The third chapter of this thesis builds on the above paper [151], with less emphasis on commu-
nity detection and a greater emphasis on describing the changing patterns of symptomatology

over time, and identifying the underlying factors that influence COVID-19 symptoms.
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1.4 Post-COVID syndrome (“Long COVID”)

COVID-19 has been associated with symptoms and sequelae that persist for many months
after initial infection [156, 157]. Colloquially, this phenomenon is usually referred to as ‘long
COVID’, but the National Institute for Health and Care Excellence (NICE) has settled on the
umbrella term ‘Post-COVID-19 syndrome’; defining it as

“[...] signs and symptoms that develop during or after COVID-19 and continue for

more than 12 weeks and are not explained by an alternative diagnosis” [158].

This broad definition is useful chiefly in that it defines a threshold duration. Studies have
variously used four weeks [159, 160] or eight weeks [161] or 12 weeks [162] as the duration
threshold to define long COVID, and the international public health community has yet fully
to agree on a duration: the Department of Health and Human Services in the US, for instance,
still uses four weeks [163]. ‘Signs and symptoms’ also encompasses a broad range of phenotypes,
because such a wide and diverse range of symptoms have been associated with COVID-19.
Reported persistent symptoms include tiredness and severe fatigue, shortness of breath, chest
pains, palpitations, fever, anosmia, ageusia, cognitive impairment (memory loss, ‘brain fog’),
skin rashes and joint pain or swelling [157, 160, 164, 165]. Similarly, estimates of symptom
prevalence and duration have varied substantially. This may be attributable to heterogeneity

in study design, or ongoing lack of agreement about syndrome definition(s) [157, 166-168].

1.4.1 Causes of Post-COVID syndrome

While the biological mechanisms and determinants of long COVID are yet to be fully described,
multiple theories have been proposed, some explaining specific symptoms or aspects of long

COVID and some more holistic.

Systemic inflammation is one potentially biologically plausible explanation. The PHOSP-
COVID Collaborative Group discovered that individuals with more severe physical and mental
health impairments one year after being discharged from the hospital exhibited elevated lev-
els of multiple biomarkers associated with systemic inflammation and lung damage [169], and

proposed therapeutic treatments to reduce inflammation. These findings were supported by
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proteomic and metabolomic analysis in an exploratory study of patients with and without long
COVID symptoms, which found stable patterns of anti-inflammatory molecules in the blood

plasma of those with long COVID [170].

Bastard et al found that approximately 10% of patients with severe COVID-19 pneumonia
had high levels of neutralizing autoantibodies against type I interferon-alpha2 (IFN-o2) and
interferon-omega (IFN-w) [171], suggesting that some long COVID may be a manifestation of

an autoimmune mechanism [172].

There are clear parallels between many people’s experience of long COVID and Chronic Fatigue
Syndrome (CFS) [173], a multi-system condition characterised by chronic fatigue and post-
exertional malaise that commonly occurs after a bacterial or viral infection, and it has been
estimated that approximately half of people with long COVID meet the diagnostic criteria
for CFS [174]. CFS is also poorly understood [175] so any commonalities with long COVID

unfortunately confer few additional clues as to potential biological mechanisms.

It has also been proposed that long COVID may be a manifestation of a latent chronic COVID-
19 infection [176]: O’Donnell et al cite studies that detected SARS-CoV-2 N protein and viral
RNA in the intestinal epithelia of patients some months after infection [177] and suggests that
this failure to fully clear the infection may lead to disturbance of the gut microbiome and
facilitate the establishment of a chronic infection. There is some support for this theory in the
more recent findings that vaccinations are associated with a reduction in symptoms in people
with long COVID: Ayoubkhani et al found that a first vaccine dose was associated with a 12.8%

decrease in the odds of reporting long COVID, and a second dose with an 8.8% decrease [178].

Yong [179] proposed a hypothesis that persistent brainstem dysfunction could play a role in
long COVID, noting that that the brainstem, which regulates essential bodily functions, has a
higher expression of ACE2 receptors than other brain regions and has been previously shown to
be vulnerable to damage from pathological immune or vascular activation. Yong cites multiple
autopsy studies reporting evidence of brainstem involvement in COVID-19, and notes that the
symptoms of long COVID, which centre around the respiratory, cardiovascular, gastrointestinal,
and neurological systems, overlap substantially with the processes controlled by the brainstem.
Finally he notes brainstem abnormalities have been previously implicated in CFS [180, 181],
and that neurons are known not to regenerate easily, meaning that brainstem dysfunction might

be persistent and long-lasting in a way that matches with patient experiences of long COVID
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and CFS.

Finally, it has been acknowledged that there are inherent challenges in studying long COVID
while the pandemic has been ongoing [8]. Lockdown measures and other societal disruptions
have been shown to have measurable detrimental impacts on psychological health and wellbeing
[182], manifesting as elevated levels of fatigue [183], depression and anxiety [184]. Disambiguat-
ing these effects from the effects of long COVID, especially the neurological and psychological
effects, is complex, particularly in the absence of a pre-existing literature on the psychological

impacts of pandemics on this scale.

1.4.2 Sub-types of Post-COVID syndrome

Some research has hypothesised that long COVID encompasses an overlapping set of disparate
conditions including post-viral syndromes, ongoing inflammation and long-term organ or tissue
damage, and investigated this hypothesis by applying unsupervised learning methods to identify
subgroups of individuals with different persistent symptom profiles [185, 186], including some

recent studies using electronic health records (EHRs) from large cohorts.

Reese et al [187] used an algorithm to characterise and quantify different phenotypes from the
EHRs of more than 6,000 patients experiencing persistent COVID-19 symptoms, and applied a
k-means [188] clustering algorithm to the quantitative data to identify sub-groups with common
phenotypic profiles. Six clusters were identified, which were characterised as a multi-system
cluster (with high co-occurrence of symptoms across multiples systems), a pulmonary cluster,
a neuropsychiatric cluster, a cardiovascular cluster, a pain/fatigue cluster and a multi-system
pain cluster. The multi-system cluster was associated with severe acute COVID-19 and with
various comorbidities. It was also associated with higher mortality rates in the period after

assessment.

Zhang et al [189] used topic modelling to distil textual data from ICD10 (International Clas-
sification of Diseases 10th Revision) codes and CCSR (Clinical Classifications Software Re-
fined) categories into continuous variables capturing post-acute COVID conditions in a large
(N=20,881) cohort of test-confirmed SARS-COV-2 positives in the INSIGHT cohort [190], with
validation in the OneFlorida cohort [191]. Hierarchical agglomerative clustering [192] was then

applied to the topic data to identify clusters of subphenotypes. They identified four clusters,
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which they characterised as 1: cardiac and renal, 2: respiratory, sleep and anxiety, 3: muscu-
loskeletal and nervous, 4: digestive and respiratory. As with Reese et al’s clusters, the severity

of the acute COVID-19 phase was related to cluster membership, as were several comorbidities.

1.4.3 Risk factors for Post-COVID syndrome

The literature suggests that the occurrence of post-COVID syndrome is correlated with the
severity of COVID-19, with high rates of persistent symptoms observed among individuals who
were hospitalised with COVID-19 [193-195]. Additionally, pre-existing poor health, including
mental health conditions, obesity and a number of comorbidities, have been identified in multi-
ple studies as risk factors for post-COVID syndrome [157, 164, 196, 197]. A large meta-analysis
of EHR-based studies from the UK identified psychological stress, obesity, diabetes and asthma
as specific conditions associated with higher risk of symptoms lasting 12 weeks or more [196].
Additionally, a self-rated metric of ‘poor overall health’ was associated with greater risk of
long COVID (Odds ratio: 1.66 [1.16,1.82]).The same meta-analysis found a highly linear rela-
tionship between age and the risk of long COVID, conditional on symptomatic infection [196].
When comparing population incidence at different ages using GP records, however, there was
an inverted ‘U’ trend, peaking at age 50. This may partly reflect differential incidence rates
by age group. Finally, black and South Asian ethnicity, deprivation and female sex were also

identified as risk factors [196], and have been further identified elsewhere [157, 164].

Latterly, as noted above, much research effort has been directed towards investigating the im-
pact of vaccination on risk of persistent symptoms, with a majority of studies finding that
vaccination has a protective effect against experiencing persistent symptoms after infection
[198], and potentially a therapeutic effect when administered post-infection [199]. The role of
the COVID-19 variant in influencing likelihood of persistent symptoms has also been of consid-
erable public health interest, and a meta-analysis of studies into the topic found that infection
with wild-type variant was associated with higher risk of persistent symptoms [200]; however,
the effect of variant is extremely difficult to disambiguate from factors such as vaccination and

prior infection, and the heterogeneity of the studies and the data limit any strong conclusions.

While significant research efforts have been directed at post-COVID syndrome, it remains a

poorly understood condition, almost certainly encompassing multiple disparate and overlapping

23



disorders with distinct biological pathways and risk factors. This deficit in understanding
motivated the research presented in chapter four of this thesis, which was conducted in late
2020 and early 2021, when still less was known about post-COVID syndrome. This chapter uses
data from four rounds of field work in the REACT-2 programme conducted between September
2020 and February 2021 to estimate population prevalence of post-COVID syndrome in England
in 2020/2021, to identify risk factors for persistent symptoms, and to identify sub-types of post-

COVID syndrome using unsupervised learning.
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1.5 About the REACT studies

The Imperial REACT programme comprised two large community surveillance studies designed
to track the prevalence of SARS-CoV-2 virus (REACT-1) and antibodies (REACT-2) using
large representative samples from the population of England [58, 201]. In each study, between
100,000 and 160,000 people were recruited each round, approximately monthly for REACT-1
(in 19 rounds of fieldwork between May 2020 and March 2022) and for six rounds of fieldwork
in REACT-2 (between June 2020 and May 2021). Participants were asked to complete an
extensive survey on health, lifestyle, behaviour and suspected COVID-19 history or symptoms,
in addition to taking self-administered swab test for PCR analysis (in REACT-1), or a self-
administered lateral flow antibody test (in REACT-2).

1.5.1 REACT-1

REACT-1 ran for 19 rounds between 1 May 2020 and 31 March 2022 [202]. Participants
were recruited from the National Health Service patient register to form random, nationally
representative samples of individuals aged 5 years and above, with the aim of achieving approx-
imately equal numbers of participants in each of the 315 lower-tier local authorities (LTLAs) in
England. In later rounds, the sampling methodology was changed to recruit random samples
proportional to the population, thus increasing the density of sampling in urban areas and
reducing it in rural areas. The sampling methodology employed was stratified by LTLA, with
larger numbers selected in some LTLAs to account for variable response rates at the LTLA
level. A total of up to 160,000 valid responses and viable swabs were obtained at each round.
Participation in the study involved a self-administered throat and nasal swab (parent/guardian
administered for children aged 5 to 12 years), as well as the completion of a short online or
telephone questionnaire that included information on demographic variables, household com-
position, behaviours (such as mask-wearing), and recent symptoms. The questionnaires used in
the study are available on the study website (https://www.imperial.ac.uk/medicine/research-
and-impact/groups/react-study/react-1-study-materials/). At the time of survey completion,
participants were blind to the results of their swab test. The survey also asked participants

about new symptoms that occurred in the week preceding the swab.
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1.5.2 REACT-2

The REACT-2 programme ran in six rounds between June 2020 and May 2021. The community
prevalence of SARS-CoV-2 anti-spike protein antibody positivity in England was evaluated by
taking randomly selected samples of adults every 2-4 months using the National Health Service
(NHS) patient list in order to achieve a similar number of participants in each of the 315
lower-tier local authority areas. Participants were invited to register via an online portal or
by telephone and were subsequently sent a test kit by post, which included a self-administered
point-of-care lateral flow immunoassay (LFIA) test accompanied by instructions and a link to
an online video. Upon completion of their self-test, participants completed a survey via either
online or telephone means, providing information on demographics, household composition,

comorbidities, and whether or not they believed they had had COVID-19.

1.5.3 Real-time reporting from the REACT studies

Throughout two years of the pandemic, the REACT studies produced regular reports on the
prevalence of SARS-CoV-2 virus and antibodies [203]. The research presented in this thesis was
conducted as part of the REACT research programme, in response to real-time public health
questions about the changing symptomatology of COVID-19 in light of evolving strains of the
virus and changing levels of population immunity, and the nature of long COVID and the likely

burden of disease on society.
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1.6 Analytical tools

In this thesis the tools of classical statistics and epidemiology are used alongside more advanced
computational approaches designed for high dimensional data, and, where appropriate, machine

learning approaches to mine large data sets for patterns.

1.6.1 Classical statistical methods

All of the analyses in this thesis make use of ‘classical’ biostatistics: descriptive and inferential
statistics, parametric and non-parametric tests, univariable and multivariable analysis using eg

linear and logistic regression, survival analysis.

Partly as a byproduct of working on the REACT studies and the requirement to produce re-
peated analyses of large data sets in near real-time the author created an R package, ‘OverReact’

[205], to automate some of the more common tasks, including:

e Creation of cross-tabs and table-one in consistent format, with integrated confidence
intervals, row-wise or column-wise percentages, and statistical tests to compare group

differences

e Creation of Odds Ratio tables based on a binary outcome modelled using logistic regres-

sion
e Creation of prevalence tables
e Formatting of figures in consistent style using Imperial College colour palette [206]
e Utility functions for saving and exporting figures and tables

e Data-cleaning functions

1.6.2 Stability-based approaches

Where variable selection is required, stability-based approaches have been shown to be effective

in identifying sparse sets of variables that contribute the maximum orthogonal information to
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predicting a given outcome. Briefly, the principle is to run multiple iterations of a predictive
model on subsamples of a dataset, extracting a metric of variable importance each time, then
averaging the variable importance across all subsamples and selecting all variables whose av-
erage importance exceeds a given threshold, which may be calibrated or chosen arbitrarily.
Bodinier et al have implemented an extension of stability selection as applied to the LASSO
(Least Absolute Shrinkage and Selection Operator), which uses an internally calibrated thresh-
old to select variables based on the proportion of subsampled iterations in which a variable is
selected by a LASSO model [207]. This model is used as the main variable selection engine
in chapter three to identify sparse sets of symptoms that are maximally predictive of specific

COVID-19 variants.

1.6.3 Supervised machine learning approaches

For supervised machine learning, the algorithm most commonly used in this thesis is boosted
tree modelling as implemented in Catboost [208]. Boosted tree models work on the principle
of weak learners (ie decision trees) built sequentially, where each subsequent tree is being fitted
on the errors of the previous tree [209]. They have been shown to perform extremely well on
prediction tasks [210, 211]. Catboost is similar to other popular Gradient Boosting Machines
(GBMs) such as XGBoost [212] and LightGBM [213], but with some advantageous features: it
can handle missing data without exclusion or imputation; it has been shown to give excellent
performance with default parameters and requires less hyperparameter tuning [214]; it can
be trained across multiple CPU cores or on an GPU; it handles categorical features natively,
without the need for one-hot encoding (expanding individual categorical features into multiple
binary features); and it has been shown to train more quickly than other GBMs [211]. Finally,
it features some integrated explanatory tools for feature importance and attribution, including

integrated calculation of SHAP (SHapley Additive exPlanation) values [215].

The author has compiled an R package, stabilityshap [216], which uses Catboost as an under-
lying algorithm to automate the application of some more complex supervised learning tasks,
and some black-box model explanation methods. Some of these are novel implementations of

experimental methods; some are implementations of more established ML tasks. These include:

e Cross-validation: Automated K-fold cross validation to estimate model generalisability,
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and to gain more stable estimates of feature importance based on multiple model trains.

e Boruta feature selection: An implementation of the Boruta [217] feature ranking and
selection method, previously only applied to random forest models. Briefly, the principle
is to create a permuted ‘shadow’ feature for every feature, train a model on the full matrix
of features and shadow features, deriving feature importance scores for each feature and
shadow feature. The feature importance scores for the shadow features are taken as a null
score. Features whose importance exceeds the maximum shadow importance score are
‘hits’. This process is repeated N times with new permutations each time. The proportion
of hits per feature across all runs is taken as a more robust feature importance measure;

a selection threshold can be set at 95% hits.

e SHAP analysis with stability extension: An experimental implementation of an idea
discussed by Scott Lundberg, who developed SHAP values, here:
(https://github.com/slundberg/shap/issues/13), to apply a stability analysis to SHAP
values derived from a predictive model. This is designed to overcome an innate problem
with SHAP values, which is the possibility of spurious attributions arising from poor

predictive models.

e Permutation feature importance: An implementation of a permutation-based method
for computing feature importance in a model [218]. Briefly, a model is trained on all data
in a training set, and performance evaluated on a holdout data set using an appropri-
ate loss measure. Next, each feature in turn is permuted, and performance re-evaluated
on the holdout data. The degradation in performance when each feature is permuted
can be interpreted as a measure of the marginal contribution of that feature to the pre-
dictive accuracy of the model. To obtain a distribution and smooth out the effects of
randomness, the permutation process is repeated 100 or 1,000 times (depending on data
size and computational feasibility), and the average loss function change calculated. If
required, feature selection can be performed by setting a threshold for the proportion of
permuted runs that have a lower performance than the unpermuted run: eg a feature
could be selected with p<0.05 if 950 or more of the 1,000 permuted runs have degraded

performance.

All methods use the principle of a ‘watchlist’ to calibrate the complexity of the underlying
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model and avoid overfitting. A watchlist is a subset of the training data (15% is a suitable size)
that is withheld from the model. After each additional tree is added to the model in training,
model performance is evaluated on the watchlist. When performance on the watchlist stops

improving, the model ceases training.

1.6.4 Unsupervised approaches

Elsewhere in this thesis, unsupervised machine learning algorithms are used to mine for clus-
ters in post-COVID-19 symptomatology data, and to identify latent topics in the abstracts
of COVID-19 research papers. The specific methods are described in detail in the relevant
chapters.
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Chapter 2

The COVID-19 Research Landscape:
publication Patterns, Media Coverage,

and Evolving Topics

This chapter uses data on more than 17 million research papers to describe and analyse the
scientific information ecosystem throughout the COVID-19 pandemic, using the tools of big

data, statistics and bibliometrics.

There are two research goals. The first is primarily descriptive, and amounts to an algorithmic
literature review of the full corpus of COVID-19 research output: quantifying the volume of
research output over time, identifying highly cited papers and papers that generated the most
media and social media attention, using textual analysis to identify key research topics and how
they evolve over time, and comparing the characteristics of COVID-19 papers and preprints to
non-COVID-19 papers. The second goal is to investigate questions relating to the functioning
of the scientific information ecosystem, with a particular eye on the role of preprints in that
ecosystem. Did COVID-19 research ‘cannibalise’ other research? Were the ‘best’ papers (as
measured by traditional citation and journal quality metrics) getting the most attention (as
measured by Altmetrics)? Was the huge wave of COVID-19 preprints in 2020 of lower average
quality than other preprints (using time-to-event analysis to describe publication trends)? And
what were the characteristics of the preprints that were most likely to be published in high-

impact journals?
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2.1 Motivation

The COVID-19 pandemic has induced an unprecedented volume of research output, far more
than any researcher can keep abreast of. Therefore fully describing and characterising the
corpus of COVID-19 research helps create a means to navigate the huge volume of information

and identify important themes, papers and trends.

Secondarily, a functioning research economy is an essential for the scientific community and for
society as a whole. Therefore an investigation of how the publishing ecosystem (encompassing
the researchers, publishers, communicators, general public, and policymakers) functioned under
the acute stress of a pandemic may yield actionable insights that could help improve the research

response to future public health crises.
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2.2 Web app for data exploration

A web dashboard has been built by the author, to search and interrogate the data used in this

chapter:

https://lookerstudio.google.com /reporting/f1f0a990-1591-4975-acfe-81bcfeac9e36

COVID-19 literature dashboard

Data filters in abst Search in title

vithin article title

below to filter the publications
d. Multiple filt

vithin article title

Contains

arch author name rch author affili
author name author affiliation

Filters are case-sensitive. M

Most cited papers
The table below shows all COVID-19 related papers that meet the filter criteria, ordered by number of citations. Click on a column header to order by another metric
Title dimensions link Date Journal url Cites /day Citations *  Altmetrics sc...
1. Clinical features of patients infected with 2019 novel inWuhar, 24 Jan The Lancet ht,tgs: ‘dol.org/10.1016/s0140- 298 35,654 N 14433
China 2020 Erai20 3@1325
2 Global Cancer Statistica 2020: GLOBOCAM Estimates of Incidence and 4 Feb 2021 CA A Canear hittps:tidoiorg 10,3322/ caac. 21660 427 35464 N ikl |
Mortality Worldwige for 36 Cancers in 185 Countries Joumnal far
Clinicians
3 Clinical Ch of & irus Disease 2019 in Ching 28 Feb Mew England ’sh,tztps:g{doi.orgn{).'l 056/nejmoeZ00zn  19.1 22,333 9,587
2020 Journal of Medicine 3T
d. A Movel from Patients with B in China, 2019 24 Jan Mew England axtfdoi.org10.1056/nejmoa00id - 175 21,103 EARRY |
2020 Journal of Medicine 17
5. Clinical course and risk factors for mortality of adult inpatients with COVID- 11 Mar The Lancet s/fdol.org/10.1016/s0140- 178 20,620 I 12671
19 in Wuhan, Chine: a retrosgective cohort study . 2020 %‘gﬁw -
. Clinical Characteristics of 138 Hospitalized Patients With 2019 Novel 17 Mar JAMA _Ig_tsg)s:g{doi.orgn{).'ll:lm(jama.zam.ls 152 18,074 63350
Coronavirus-Infected Preumonia in Wuhan, China 2020 ES
7 A pneurmonia outbreak iated with & new inus of probable bat 3 Feb 2020 Mature %thms:,¥doi.orgn{).'l 038/s415686-020- 134 16,056 Taea
ongin T2

B. Epidemiological and clinical charactenistics of 99 cases of 2019 nowel 30 Jan The Lancet ht,tgs: doi.org10.1016/&0140- 13 15,608 N 43070
COFONAVINUS peurnonia in Wohan, China: & descriptive study 2020 B736(20130211-7

1-100/ 1830416 4 >

Citations vs altmetrics

Most cited journals
Click on a column header to order by another metric ® CinicalM. ® PubicHe. @ Afmatics
©  Basic Science ® Health Services Research
T00K
Journal R t citati Total citati A ge citati ~ @ 4
1. Mew England Journal of Medic.. 227,931 I 305452 202Q 10K
2. null 209,967 [N 219,125 N 4 a 1K
3. The Lancet 196,366 N 279559 I 134] E
4. Nature 162,975 I 192,014 98] < 100
5 medRxiv 140,490 I 204,976 I 13| 10
6. JAMA 1205978 N 174,626 N 104
7. International Joumal of Enviro... 115,803 N 123431 12 10 .IK SK 10K S0K
1-100/ 57711 4 > Citations

Figure 2.1: Dashboard for exploring COVID-19 publications.
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2.3 Methods

2.3.1 Data set

The Dimensions research database is a ‘real-time’ bibliographic data set that collates multiple
different types of research object — referenced journal articles, preprints, patents, clinical trials,
grants and policy documents [219] — from across all fields of science, arts and humanities *.
Rich metadata is available for each article, including article title and abstract text, author

details, publication dates, DOI and Altmetrics ID (which permits linking with more extensive

Altmetric data through their API).

A slice of data from 1 January 2019 to 31 December 2022 was extracted from the Dimensions
research database. Non-English language papers were filtered using Google’s Compact Lan-
guage Detector [220]. Book chapters, monographs, conference proceedings, and edited book
types were excluded, leaving only research articles and preprints (See Figure 2.2 for data flow

chart and exclusions).

Criteria for designation as a COVID-19 article

Articles were classified as COVID-19-related if the title text returned a positive result for the
following Boolean search: “2019-nCoV” OR “COVID-19” OR “SARS-CoV-2” OR “HCoV-
2019” OR “hcov” OR “NCOVID-19” OR “severe acute respiratory syndrome coronavirus 2”

OR “severe acute respiratory syndrome corona virus 2” OR ((“coronavirus” OR “corona virus”)

AND (Wuhan OR China OR novel))

Dimensions curate an open access COVID-19-specific publications database [221], which has
been used for some already published research into the COVID-19 literature [222]. The inclusion
criteria are broader than those applied in this analysis: they include any paper that returns
a positive in a Boolean search for the same set of COVID-19 keywords above in the title or
abstract or full text [223]. This results in the inclusion of a large number of papers that are

not primarily about COVID-19 but merely reference it obliquely. Therefore, for the purposes

L Articles from the sciences are more heavily represented owing to the greater volume of research output in
scientific fields. Figure A.2 and Figure A.1 in Appendix A show the distribution of COVID-19 and non-COVID-
19 articles by field
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Chapter two COVID-19 data set | Dimensions COVID-19 data set
Not included | Included Not included | Included
Manual evaluation Not included | TN= 96 FP=10 93 3
Included FN=10 TP=4 0 4
Accuracy: 1 Accuracy: 0.97
Precision: 1 Precision: 0.57
Recall: 1 Recall: 1
F1 score: 1 F1 score: 0.73

Table 2.1: Confusion matrix showing the results of algorithmic detection of COVID-19 papers
vs Dimensions COVID-19 inclusion criteria vs manual assessment of paper topic (COVID-19 /
not COVID-19)

of this analysis, it is desirable to apply a stricter filter.

To compare the papers included in this database with the filtered data set used here and justify
a stricter filter, a random sample of 100 papers was taken from the Dimensions COVID-19 data
set, and read to manually judge whether COVID-19 was a central element of the paper. The
human judgements were then compared with the Boolean search results for inclusion in the

data set used here, and a confusion matrix and associated statistics were created.

The Boolean search criteria applied in this chapter performed better at identifying papers with
COVID-19 as a central element. As expected, the Dimensions COVID-19 data set included some
papers (three of 100) which are on unrelated topics but mention COVID-19: On neighborhood
Zagreb index of product graphs by Mondal et al [224], Undergraduates’ Sense of Belonging,
Community, and Support at a Title V Center by Lucas and Roberts [225], and Indoor air
quality analysis in naturally ventilated university training laboratories: a health risk assessment

by Sesena et al [226].

Additional data harvesting

Additional data on citations was gathered using the CrossRef API as implemented in the R
package rcrossref [17]. Data on non-citation-related impact metrics was gathered through
the Altmetrics API as implemented in the R package rAltmetric [18]. Altmetrics include a
range of metrics measuring article shares and mentions on different social media platforms, on
Wikipedia and Youtube, in the news media, on blogs, on reference managers and in policy
documents. They also generate an aggregated Altmetrics Score, which represents a weighted

sum of attention across all tracked digital platforms. The exact algorithm is not in the public
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domain but a summary of weightings is available online?. Journal-level impact and citation
data were gathered from the Thompson Reuters journal citation reports service [19]. See Table

A.1 in Appendix A for a list of all data points and sources.

Linking preprints to subsequent publications

Where preprints have later been published in a journal, the preprint is linked to this subse-
quent publication in the Dimensions data set. Several mechanisms exist to detect subsequent
publications. First, Crossref monitors preprints and journal articles and, when it detects and
article that was previously preprinted, the preprint server is notified [227]. Second, some of the
larger preprint servers (eg MedRxiv and BioRxiv) monitor their own preprints for subsequent
publication and link to the journal article when the preprint authors confirm a link [227]. Fi-
nally, authors may notify the preprint server when a preprint has been published in a journal

and ask for it to be linked [227].

2.3.2 Statistical analyses

Descriptive analyses

Primary descriptive analyses were conducted to characterise the full data set, including sum-
mary tables and plots of the ‘epidemic curve’ of published literature on COVID-19. Correlation
analysis was conducted to examine relationships between metrics of academic article impact
(citation metrics and publishing journal impact metrics) and non-academic article impact (Alt-
metrics), and to see how these relationships vary between COVID-19 and non-COVID-19 pa-

pers, and between journal articles and preprints.

To investigate changing rates of publishing output, linear regression models were fit to the

monthly publication data, with the specification:

y[PapersPer Month| ~ « + S[Months] (2.1)

Zhttps://tinyurl.com/4jhvzvs3
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To test whether the pandemic era was associated with a change in the rate of publication of
non-COVID-19 research, a further regression model was fit to the monthly publication data
including a binary independent variable denoting pre-pandemic (2019) or pandemic era (2020-

2022), including an interaction between the independent variables:

y[PapersPer Month| ~ « + [Months] + f[PandemicEra] + B[Months| * f[PandemicEral
(2.2)

Topic Modelling

Topic modelling is a method for making large corpuses of text computationally tractable by
revealing underlying structure, and it has been shown to be effective for conducting exploratory
literature reviews at scale [228]. In this analysis, topic modelling was applied to the abstracts®
of the COVID-19 papers using Latent Dirichlet Allocation (LDA), as implemented in the R
package topicmodels [20]. LDA is a generative probabilistic model that aims to infer the un-
derlying topic structure that best explains the observed document-word co-occurrence patterns
in a corpus of text, by assuming that each document is a mixture of topics, and each topic is

a mixture of words.

To prepare the data set, the abstract text corpus was cleaned: papers without abstracts or with
incomplete abstracts were excluded altogether; html and xml artefacts, ‘stop words’ (words that
do not add significant meaning to a sentence) and common conjunctions (eg the, and, with, etc
etc) were removed. Text data were summarised into a bag of words [21] matrix containing any
word or bigram (combination of two words) that occurred 1,000 times or more in the corpus
(the threshold of 1,000 was set as a tradeoff between fidelity and computational feasibility).

The final matrix dimensions were 348,934 (papers/rows) * 5,497 (ngrams/columns).

After initialising the LDA model with random topic assignments for each word in each docu-
ment, variational Gibbs sampling was used to iteratively update the topic assignments for each
word in each document based on the probabilities of each word belonging to each topic, and

the probabilities of each topic occurring in each document. To choose k, the number of topics

3In an ideal world, topic modelling would be applied to the full text of the papers. However, given the size
of this data set, this was not computationally feasible
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in the final model, a number of models were fit with values of k ranging between between 5
and 500. The final model was selected with the value of k that maximised the average pair-
wise Jensen—Shannon divergence (a metric that measures the distance between two probability

distributions) (D) between probability distributions of topics [22].

The final output from the fitted model with optimal k is two matrices: one matrix of g values,
with topics as rows and words as columns, where [ represents the probability of a word ap-
pearing in a topic; and one matrix of vy values with documents as rows and topics as columns,

where v represents the distribution of topics within each document.

Within each topic:

>t

=1

And within each document:

t
Syt
=1

The mix of topics in a given document is therefore zero sum — if a document is enriched in one
topic, that topic must necessarily be ‘taking up space’ that other topics could have occupied.

This intuition has implications for the association analysis presented in this chapter.

Investigating drivers of attention and citation

To investigate the relationship between article topics and (i) media attention and (ii) citation

rates, univariable linear regression models were constructed as:

y[citationrate/altmetricscore] ~ [T opicgammascore (2.3)

Where the Gamma score represents the ‘quantity’ of a given topic in a given paper. All
topics were modelled in this way for each outcome, and the results visualised as volcano plots.

Regression coefficients were compared across outcomes to see whether the same associations
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existed for citations as for Altmetrics, and to identify topics that had different effects for the
two outcomes. To examine how drivers of attention evolved over the course of the pandemic
period, this association analysis was repeated in rolling time windows of 8 weeks between 1

January 2020 and 31 December 2022.

Rates of subsequent publication in preprints

Rates of publication within one year and two years were calculated for all preprints. Ad-
ditionally, time-to-event analysis was conducted (i) on all preprints (COVID-19 related and
non-COVID-19 related) from 2019 to 2022, and (ii) on preprints (COVID-19 related and non-
COVID-19 related) published between 1 January 2020 and 1 August 2020. The ‘event’ was

publication, and results were visualised as Kaplan-Meier plots.

Predictors of subsequent high-impact publication in preprints

To investigate predictors of high-impact publication, a subset of articles that were preprinted
in 2020 was selected. Later articles were excluded to ensure that all articles under analysis
would have enough time to be peer reviewed for publication. The binary outcome variable of
subsequent publication y/n was modelled against the citation and Altmetrics variables of the
preprint, in addition to the topic 8 data. Logistic regression models were constructed to test
univariable associations, then multivariable boosted tree models, as implemented in Catboost
[229], were constructed, and the predictive performance of different families of predictor vari-
ables (citation metrics, Altmetrics, abstract topics) was evaluated using the Area Under the
Received Operating Characteristic (AUC). Variable importance within multivariable models
was calculated using a combination of SHAP feature attribution [230] and computation of the

change in loss (measured in AUC) incurred when each variable was removed from the model.
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2.4 Results

After excluding (N=4,612,729) non-English language papers and (N=3,796,841) document
types other than journal articles and preprints, the final 2019-2022 data set comprised 17,736,043
documents. 3,901,322 of these were published in 2019 (the pre-pandemic period) and 13,834,721
in the pandemic period of 1 January 2020 — 31 December 2022. Throughout the pandemic pe-
riod, 486,030 papers were classified as COVID-19 papers (420,860 journal articles and 65,170
preprints). This constitutes 3.4% of English-language journal articles, and 5.0% of preprints
published during that time (Figure 1, Table 2.2).

Unfiltered Dimensions data set, 2019-2022 @ N Non-English language papers excluded
All publications recorded in the Dimensions publishing database between N=4,612,729
1 Jan 2019 and 31 Dec 2022. Includes metadata and abstract text.
Exported 20-03-20223 Document types filtered: chapters, books,
_ —} monographs and proceedings excluded
N= 26,145,613 N= 3,796 841
English language articles & preprints 2019-2022
N= 17,736,043
Analyses
Descriptive analysis
2019 2020-2022 (COVID'1 9 era) comparing publication statistics
(pre-COVID-1 9) N= 13,834,721 — and citation altmetric rates
N= 3,901,322 === pre- and post-pandemic, and
Rhaa for COVID- and non-COVID
l l papers in 2020-2022.
Non-COVID-19-specific COVID-19-specific
papers papers Topic modelling of abstract
: . text data
N= 13,348,691 All English-language journal
articles or preprints that reference — Association analysis of topics
COVID-19 or SARS-CoV-2 (or === vs Altmetrics/citations
similar variations) in the title Detailed analysis of cohort-
N= 486.030 specific Altmetrics
Preprints
N= 65,170
Identifying predictors of

3 3 * - publication in COVID-19

=3 preprints from 2020.

Journal articles | Published Unpublished
N= 420,860 N= 15,553 N= 49,617

Figure 2.2: Flowchart showing study population and exclusions.
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2.4.1 Changing publication volumes

The monthly number of COVID-19 journal articles being published rose from zero at the end
of 2019 to more than 10,000 a month by May 2020 and remained stable throughout the rest of
the pandemic period, with no obvious sign of decline (Figure 2). COVID-19 preprints spiked
to a high of more than 4,000/month in May 2020 but have been on a steadily declining trend
since then, to fewer than 1,000/month in the last quarter of 2022.

Non-COVID-19 journal article publication rates have remained in a range between 250,000
and 400,000 per month throughout 2019-2022. Regression modelling showed a small average
increase of 1,400 papers per month (p=0.000008). The rate of pre-printing of non-COVID-
19 papers increased steadily from around 20,000/month at the start of 2020 to more than
40,000/month by the end of 2021, although they seem to have plateaued throughout 2022.
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400000 - - 40000
>
g' 300000 - L3000
8 g
3 v
T; ©
3 &
% 200000 - 20000 £
[0} - |
S D
E 3
5 100000 - -10000 ©
3
Y i T T T i 1 0
FE I F38 0338335353573 hsbrarrashoreshogrss
O O O O H O O O O O O O O O O O O O O O O O N~ N~ N~ =~ ™~ ~ =~ =~ = =~ =~ »~
~~~~~~~~~~~~ S §§ 5 5SS ST FTFFIT TS558 FFFFeysysss s
LIV IIT I I P PRI IIII I IR IIIIIIT I III IS SN
Preprints published per month
January 2019 - December 2022
40000~ - 4000
>
g 8
g 30000 - 3000 =
9 v
T; ©
8 T
e @
2 g
£ 20000 2000 3
=3 @
o
10000 - - 1000
IR EEEEEEE SRR RN R R R R R RN
o 0o O 9 0o O O O S O O O 8 8 8 8 8 O & &= m o om o owm o on om om om oa o & v v oy v v v vy oy Gy
NNNNNNNNNNNN § & & 9 9 9 9 9 g 9 O Ny Yy vy Yy Yy Y Y Y Y Yy
LI I I I I TP PRI I IR II I IS TSI LN

Figure 2.3: Comparison of monthly publication numbers of journal articles and preprints
between 2019 and 2022. Grey line (left axis) shows all non-COVID-19 related papers; red
line (right axis) shows all COVID-19 related papers. COVID-19 journal articles rise to
12000/month in March 2020 and plateau, while non-COVID-19 articles remain consistent at
around 300,000-400,000/month throughout 2019-2022. COVID-19 preprints spike in March
2020, to a high of 4,000/month, and then steadily decline over the remainder of the study
period, while numbers of non-COVID-19 preprints are on a steady upward trajectory from
20,000/month the start of 2019 to 400,000/month at the end of 2021, then plateau for the
remainder of the study period. NOTE: left and right axes are on different (1:10) scales.
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2.4.2 Evidence of diversion of research output from other areas into

COVID-19

Monthly non-COVID-19 publication rates are higher in the COVID-19 era (2020-2022) than
the pre-COVID-19 era (2019): an average of 336,576 non-COVID-19 journal articles and 34,201
preprints were published each month in 2020-2022, compared with 303,082 and 21,941 respec-
tively in 2019. However, the rate of scientific output increases each year (approximately 5%
annually, according to Larsen et al [231]), so an increase is to be expected. The data presented
here offer some mixed evidence of a decline in the rate of growth of non-COVID-19-related
research output during the pandemic period, compared with 2019. As shown in Figure 2.4,
in journal articles, the slope of the regression line is shallower in the pandemic era compared
with the pre-pandemic era (p=0.03), suggesting a decline in growth rate during the pandemic
period. In preprints, there is no change in the slope (p=0.44), but the overall level of output is
increased in the pandemic era relative to the pre-pandemic era. The patterns were consistent

within medical journal articles and bioRxiv/medRxiv preprints (Appendix A, Figure A.4).
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Figure 2.4: Publication rates of COVID-19 papers in the pre-pandemic period (2019) and the
pandemic period (2020-2022). Regression lines and 95% Cls are shown with articles/month
regressed onto time (in months since January 2019) and a binary pre-pandemic/post pandemic
variable, plus an interaction effect between these two independent variables. In journal articles,
this interaction effect is significant (p=0.03), suggesting a decline in growth rate during the
pandemic period. In preprints, the interaction effect is not significant (p=0.44), while the main
effect for the pre/post-pandemic binary variable is significant (p=0.003), with a positive effect,
suggesting a boost in preprint publishing and no decline in growth rate.

2.4.3 Citation rates

As of March 2023 (latest data export date), the average COVID-19 journal article had received
16.2 citations and the average COVID-19 preprint 5.32 citations, as compared with 4.06 and
0.31 respectively for non-COVID-19 journal articles and preprints from the same period, and
9.87 and 0.58 for journal articles and preprints from 2019 (Table 2.2). Using the relative citation
ratio (which is normalised to the time of publication and the co-citation network of the paper

[232]), COVID-19 journal articles scored 3 times as highly as either non-COVID-19 papers or
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pre-COVID-19 papers.

The most highly cited COVID-19 papers are, as might be expected, the early research into
hospitalised patients in Wuhan from the first three months of 2020 [9, 15-17, 129, 233] (Huang
et al having received 33,357 citations at the time of export [17]) (Table S3). Also highly cited
are the Polack et al, reporting the results of the phase II/III trials of the Pfizer vaccine [89]
(which had received 8,574 citations at the time of data export) and the RECOVERY group’s

paper reporting the results of a Dexamethasone trial [64] (7,172 citations at the time of export).

2.4.4 Altmetrics

COVID-19 research generated nearly 10 times the media and social media attention as non-
COVID-19-related research either from 2019 or from 2020-2022: the average Altmetrics score
for a COVID-19 journal article was 36.99, compared to 3.98 for a non-COVID-19 article (Table
2.2). Preprints also generated more attention than journal articles, on average (the average
Altmetrics score was 44.72 vs 36.99 for COVID-19 preprints vs journal articles). This pattern
was consistent across COVID-19 papers and non-COVID-19 papers (the average Altmetrics

score was 4.23 vs 3.98 for non-COVID-19 preprints vs journal articles).

Over the course of 2020-2022, the total media and social media attention paid to COVID-19
journal articles peaked in the first wave of COVID-19 (March—May 2020) and gradually declined
from there to around one third of the peak level by the end of 2022. For preprints, there were
secondary ‘waves’ in July/August 2021 and December 2021, coinciding with the emergence of

the Delta and Omicron waves in the US (Figure 2.5).

The per-paper average media attention shows the disparity between journal article trends and
preprint trends more starkly. Per-paper attention for journal articles has declined to one-tenth
of the first-wave peak, with no significant peaks in between. Per-paper attention for preprints

has seen two significant peaks of equal size to the first wave peak.

These results show that preprints are, on average, greater drivers of public attention than
journal articles, and they also point to one of the likely reasons: preprints are by their nature
topical in a way that journal articles, by consequence of peer review and production times,

cannot be. Therefore when an acute event such as the emergence of a new variant occurs,
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preprints naturally fill the information vacuum and become sources and drivers of attention.
While this effect can be detected in the COVID-19 papers because it is simple to correlate
infection rates with publication rates, the fact that average Altmetrics scores are higher in
preprints than journal articles in non-COVID-19 papers, as well as COVID-19 papers (Table
2.2), suggests that this is not a pandemic-specific effect.

Accumulation velocity of Altmetrics scores

Previous research has found that the half-life (ie the length of time it takes for Altmetrics to
reach half their total value) of Altmetrics scores ranges from 7 and 13 days for Reddit and
Twitter respectively, to 22 days for news media and 30 days for Facebook [234]. Analysis here
of the accumulation velocity of Altmetrics news and social media scores for the 20 highest-
scoring COVID-19 papers showed similar results: the half-life of social media Altmetrics scores
was 14 days, with 59.7% of all social media mentions occurring within 30 days of publication
(Appendix A, Figure A.3). The half life for news coverage was longer (73 days, with 38.2% of

news coverage occurring within the first 30 days)
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Figure 2.5: Publication rates, total media attention and average media attention for COVID-
19 papers, 2019-2022. Top panel: lines show the number of COVID-19 papers published per
month for journal articles (dark blue line) and preprints (light blue line). Middle panel: lines
show the monthly sum of media attention for journal articles (dark blue line) and preprints
(light blue line); bottom: lines show the monthly average of media attention per paper (sum of
media attention divided by number of papers) for journal articles (dark blue line) and preprints
(light blue line).
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2.4.5 Correlations between Altmetrics and citation metrics

Do Altmetrics scores correlate with citation-based metrics?

The correlation coefficient between Altmetrics score and field citation ratio indicates the strength
of the relationship between which papers are getting recognised and valued by the scientific com-
munity (in the form of citations and publication in indexed journals), and what is being paid

attention by the news media and by people on social media.

For COVID-19 journal articles, there is a correlation coefficient of 0.34 between the aggregated
Altmetrics score and the citation count of the paper (Figure 2.6). This is stronger than the
equivalent correlation in either pre-COVID-19 journal articles (from 2019) or non-COVID-
19 journal articles from 2020-2022. The same holds true for the normalised citation metrics
(citation count, relative citation ratio, field citation ratio), and for journal impact metrics
(Journal Impact Factor and Journal Citation Indicator), in both journal articles (Figure 2.6,

top row) and preprints (Figure 2.6, bottom row).

These results indicate that the scientific import of an article and the degree of public attention it
receives are more closely aligned in COVID-19 papers than in non-COVID-19 papers, although

the direction of effect cannot be discerned.
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(b) Preprints

Figure 2.6: Heatmaps showing correlation between media attention, as measured by article
Altmetrics score, with article citation metrics and journal impact metrics. (a) shows the corre-
lations within journal articles, stratified by pre-pandemic/Non-COVID-19/COVID-19 status.
(b) shows correlations within preprints, stratified by pre-pandemic/ Non-COVID-19/ COVID-
19 status. Correlations are calculated with Pearson’s R, using complete cases only.

Analysis of platform- and cohort-specific Altmetrics in COVID-19 papers

Figure 2.7 explores the correlations between granular Altmetrics (media coverage, mentions
on specific social media sites, Wikipedia, Policy document citations, and social media cohorts
— general public / scientists / medics / science communications) and measures of article and
journal quality (citation rate, total citations, Journal Impact Factor, and Journal Citation

Indicator), in COVID-19 journal articles and preprints.
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The weakest correlation between article quality metrics (as measured by article citations and
journal impact) and Altmetrics is with the social media platform Twitter. Facebook and
YouTube mentions correlate more strongly with citation metrics than either Twitter or mentions
in the mainstream media. Readers on reference managers, and specifically on Mendeley, have

the highest correlations with citation rate (0.86 for both).

These results show that of all the Altmetrics data points available, Twitter mentions are the
least closely aligned with conventional, citation-based metrics of article quality. This may be
indicative of a lower standard of scientific discourse on Twitter which results in lower-quality
papers getting attention, and/or the effect may go in the other direction: Twitter discussion

may be less of a driver of subsequent citation than other media platforms.
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Figure 2.7: Correlation plots showing correlation between media attention, as measured by
article Altmetrics, with article citation metrics and journal impact metrics. Left: journal

articles; right: preprints. Correlations are calculated with Pearson’s R, using complete cases
only.
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2.4.6 Topic modelling

The calibration process of the LDA topic model showed that 140 topics maximised the Jenson-

Shannon divergence. Figure 2.8 shows the optimisation for Jenson-Shannon divergence.

Topic modelling optimisation for k

.00 = st

0.75 -

0.50 -

0.25-

Jenson-Shannon divergence (normalised to 1-max)

0.00 -

0 100 ' 200 300 400
Number of topics (k)

Figure 2.8: Optimisation plot showing average pairwise Jensen-Shannon divergence scores
across all topics for a range of values of k. Scores are normalised to a range from zero to
one.

The Gamma scores (measuring how much a document is enriched in a particular topic) can
be averaged across all papers over time to show evolving areas of research interest and output:
Figure 2.9 picks out four COVID-19 specific topics and shows the how the average enrichment
of the research literature evolves by month across the study period: topic 13 (epidemic control)
descends from an initial peak in January 2020; topic 26 (variants) is close to zero for most of
2020, then increases steadily from December 2020 when the Alpha variant was first detected;
topic 7 (post-COVID recovery) increases steadily across the whole study period; and topic 98:
(vaccines) gradually increases throughout 2020 then spikes in January 2021 and becomes the

dominant research topic for the remainder of the study period.
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Topic
—e— Topic 13: control, prevention, epidemic, measures, covid, outbreak, disease, spread
—o— Topic 26: b, variants, variant, omicron, delta, concern, ba, alpha

Topic 7: post, covid, recovery, post covid, function, body, rehabilitation, mass

—e— Topic 98: vaccine, vaccination, vaccines, dose, vaccinated, mrna, doses, hesitancy
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Figure 2.9: Line plot showing changes in the relative enrichment of paper abstracts in four
key topics, over time. Enrichment is quantified as the mean ~ value for each topic across the
abstracts published in a given month. Topic 13, which captures words and word-pairs relating
to the acute phase of an epidemic (eg control, prevention, epidemic), declines sharply after a
peak in early 2020. Topics 98 and 26, which relate to vaccines and variants respectively, are
almost absent from the literature in 2020 and then climb steadily throughout 2021 and 2022.
Topic 7, which relates to post-COVID conditions and recovery, increases steadily throughout
the three year period.

2.4.7 Topics as drivers of attention and citation

In linear regression models associating topics with Altmetrics scores and citation rates, the
strongest positive associations with Altmetrics score were topic 98 (vaccines), topic 65 (clinical
trials) and topic 26 (variants) (Figure 2.10). The strongest associations with citations were
topic 110 (which captures the initial outbreak in China) and topic 137 (a generic ‘coronavirus’
topic) (Figure 2.10). These are clearly influenced by being the topics that dominated the early
period of the pandemic and therefore appear in the most highly cited papers.

There was a high degree of consistency between the drivers of attention and the drivers of

citation: the effect direction of the Altmetrics—topic and citations—topic associations were con-
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sistent in 76 of 83 (91.6%) of the significant associations (Figure 2.10). Notably topic 15, which
captures face masking, was a significant positive driver of Altmetrics but a negative driver of
citations: the effectiveness of masking in reducing transmission was a topic that generated (and
continues to generate) a huge amount of online debate, as evidenced by the fact that two of the
20 COVID-related papers with the highest Altmetrics scores were on the topic of masking (one
of these was the DANMASK-19 study [235], which found no statistically significant association
between mask-wearing and infection rates and continues to be a topic of debate [236]) (Table

2.4).
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Figure 2.10: Panel plot showing volcano plots of the results of univariable regression
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Time-varying drivers of attention in preprints and journal articles

In the time-varying association analysis among preprints, some topics are positively associated
with media attention throughout the whole pandemic period (for example topic 112 [infection]
and topic 48 [a generic SARS-CoV-2/infection topic|), some are strongly associated for a single
short period, potentially driven by a small number of papers that generated a lot of attention
(for example topic 89 [older adults]), and some have recurring periods of high attention: Topic
112 [infection|, Topic 130 [a methods topic that relates to cases and controls], and Topic 26
[variants], for instance, can be seen to be most strongly positively associated with Altmetrics
scores during spikes of media attention in August 2021 and December 2021 (Figure 2.11). The
same effect is less apparent in journal articles (Appendix A, Figure A.5), where the stronger
associations are predominantly concentrated in the first wave (pre August 2020) . This finding
reinforces the earlier analysis suggesting that the topicality of preprints means that they are

stronger drivers of public attention than journal articles.

4The journal article heatmap (Appendix A, Figure A.5) is notably symmetrical, with a similar number of
topics negatively associated with media attention as positively, particularly in early 2020. This is partly a
by-product of the zero-sum nature of the topic mixture in each document.
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Topics that drive media attention in preprints
B coefficients over time in models associating topics with Altmetrics score. Rolling 8-week window. Bs shown where p<0.05
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Figure 2.11: Heatmap showing results of univariable regression of Altmetrics scores onto ab-
stract topics on a rolling 8-week time window throughout the pandemic period 2020-2022,
among preprints only. Colour represents beta values: blue = positive betas, red = negative
betas and colour darkness represents beta value magnitude (darker hue = larger beta). Topics
are ordered by average beta value across the three years, and only topics with at least one
period of significant association with Altmetrics scores are shown

2.4.8 Subsequent publication of preprints

Fewer COVID-19 preprints had been published in a referenced journal within one year of
preprinting than either non-COVID-19 preprints or pre-COVID-19 preprints (22.2% vs 22.5%
and 32.2% respectively, Table 2.2). Time-to-event analysis shows that COVID-19 preprints
have a lower probability of publication at all time points after preprinting than non-COVID-19
preprints, from either 2019 or 2020-2022: in Cox proportional hazards models, preprints from
2019 had a 60.6% greater ‘hazard’ of publication than COVID-19 preprints (HR: 1.606, 95%
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CI: 1.579, 1.634), and non-COVID-19 preprints from 2020-2022 had a 17.9% higher hazard of
publication (HR: 1.179 [1.16,1.198]). Among bioRxiv and medRxiv preprints only, preprints
from 2019 had a 94.2% greater "hazard’ of publication than COVID-19 preprints (HR: 1.942
[1.890, 1.995]), and non-COVID-19 preprints from 2020-2022 had a 42.6% higher hazard of
publication (HR: 1.426 [1.391,1.461]). Kaplan Meier plots suggest that COVID-19 preprints
may actually have a higher probability of publication for the first 150 days after preprinting,

and thereafter a lower probability (Figure 2.12).

Constraining the analysis to only preprints from 1 January to 1 August 2020, when the
large spike of COVID-19 preprints appeared, shows a similar pattern (Figure 2.13), with non-
COVID-19 preprints having a 73.9% higher hazard of publication (HR 1.739 [1.692,1.788]) and
non-COVID-19 medRxiv/bioRxiv preprints having a 88.4% higher hazard of publication (HR
1.884 [1.806,1.965]) . Interestingly, the publication rate among non-COVID-19 preprints from
the ‘first wave’ (January—August 2020) was slightly higher than the rate for non-COVID-19

preprints across the whole pandemic period.

Kaplan—Meier plot
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Figure 2.12: Kaplan-Meier plots showing time-to-event curves for publication in preprints.
Left plot shows time to publication in all preprints; right plot shows time to publication in
medRxiv and bioRxiv preprints only. Compared to all other preprints (left plot), COVID-19
preprints had a lower probability of publication at all time points; among bioRxiv and medRxiv
preprints only (right plot), COVID-19 preprints had a higher probability of publication in the
first ~200 days after being preprinted, then a substantially lower probability of publication at

all subsequent time points.
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Kaplan—-Meier plot
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Figure 2.13: Kaplan-Meier plots showing time-to-event curves for publication in preprints from
the first wave of COVID-19 (to 1 August 2020). Left plot shows time to publication in all
preprints; right plot shows time to publication in medRxiv and bioRxiv preprints only. Com-
pared to all other preprints (left plot), COVID-19 preprints had a lower probability of publi-
cation at all time points; among bioRxiv and medRxiv preprints only (right plot), COVID-19
preprints had a higher probability of publication in the first ~200 days after being preprinted,
then a substantially lower probability of publication at all subsequent time points.
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2.4.9 Predictors of subsequent high-impact publication of preprints

In multivariable boosted tree models predicting subsequent high-impact publication, Altmetrics
were shown to be more powerful predictors of subsequent publication than either the preprint’s
citation metrics, or the article topics (Figure 2.14). In feature importance analysis, which
quantifies the degradation in model performance (as measured by in AUC) that results when
a variable is excluded, of a model including all Altmetrics data points as predictors alongside
preprint citation data and abstract topic data, mentions from the scientific social media cohort,
counts of readers on reference managers (and Mendeley specifically), and Altmetric scores
(normalised by journal and article age) were the strongest predictors of subsequent publication.
This model, with all preidctors included, achieved an AUC of 0.764 (0.748-0.781). A model
trained only on Altmetrics data achieved an AUC of 0.747 (0.731-0.763), compared with 0.708
(0.689-0.726) for a model trained on abstract topic data only and 0.68 (0.661-0.699) for a

model trained on preprint citation data only (Figure 2.14).
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Figure 2.14: Panel plot showing multivariable feature importance and model evaluation per-
formance when predicting subsequent publication in a high impact (IF > 10) journal, in a
sample of N=15,336 preprints from 2020. Left panel: feature importances from 10 folds of
cross-validation, (average score and individual fold scores shown), measured as the change in
loss function resulting when each feature is removed from the model. Right panel: Receiver
Operating Characteristic (ROC) curve showing the predictive performance of different families
of information about preprints. Area Under the ROC Curve (AUC) metrics are shown. Among
the variable families, Altmetrics have the highest AUC (0.747 [0.731,0.763]), followed by article
abstract topics (0.708 [0.689,0.726]) and citation data (0.680 [0.661, 0.699]). The model with
all variables as predictors achieves an AUC of 0.764 [0.748,0.781].
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2.5 Discussion

This analysis describes an ongoing surge of COVID-19 research output consisting of more than
420,000 research papers, constituting 3.4% of the English language research output in the world
between 2020 and 2022. It also describes a spike of COVID-19 related preprints during the
first wave of the pandemic, which has largely subsided. Analysis of article topics revealed
evolving areas of research interest over the course of the pandemic, with vaccines, variants,
and discussion of mental health issues growing from low baselines in 2020 to become dominant

themes by the end of 2020.

Previous research has described the rapid redirection of research efforts into COVID-19 [237]
and suggesting that the pandemic may adversely impact scientific output in non-COVID-19
fields [238, 239], this analysis finds little evidence of an overall reduction in the volume of
non-COVID-19 related scientific output. Given the lag time for the initiation, execution and

publication of new research projects, however, it may be that these effects are yet to be observed.

The results presented here offer mixed support for the hypothesis that the volume of COVID-
19 articles and the demand for rapid turnaround caused lower-quality preprints and journal
articles to be published [240]. In the time-to-event analysis, COVID-19 preprints were found
to be less likely to get published than preprints on other subjects, from either before or during
the pandemic, and this effect was more pronounced in preprints from the ‘first wave’ (up to 1
August 2020). This does suggest a possible quality dip in COVID-19 preprints, and especially

so in the first wave.

However, the Altmetrics:citation metrics correlations were higher in COVID-19 articles and
preprints than in non-COVID-19 articles and preprints. Previous work has established corre-
lations between Altmetrics and conventional (citation-based) measures of article impact [241,
242], and found a correlation of 0.19 (95% C.I 0.12 to 0.25) in pre-COVID-19 papers in the field
of health sciences, which is in line with the analyses presented here of pre-COVID-19 papers and
non-COVID-19 papers from 2020-2022. For COVID-19 papers and preprints, the correlation
between Altmetrics score and article citations was substantially higher, at 0.34. As discussed
previously, this suggests a higher degree of alignment, for COVID-19 articles, between the sci-
entific import of an article and the degree of public attention it receives. There are two ways

of interpreting this elevated correlation. Firstly, it may be that papers with intrinsic scientific
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merit were gaining more attention and also going on to be more highly cited, and more likely
to be published in a higher impact factor journal. Conversely, it could be that the attention
a paper received in the media and social media increased its chances of being cited or being
published in a higher impact journal, and that this effect was heightened for COVID-19 papers.
Previous research has framed Altmetrics impact as being ‘predictive’ of higher citations [243]

but causality has not been investigated and cannot be inferred from this analysis.

The analysis of the citation-attention association on specific platforms found a weak corre-
lation between Twitter attention and metrics of article quality (article citations and jour-
nal impact factor), and stronger correlations between Facebook and YouTube mentions and
citation-manager readership counts and metrics of article quality. This supports previous re-
search indicating that the Twitter attention an article receives is not strongly related to the

quality of that article, but that citation-manager readership is [244].

Preprints are shown to have generated more media and social media attention per paper than
journal articles, to have spikes in public attention that tracked spikes in COVID-19 preva-
lence, and to be more closely aligned to waxing and waning public attention paid to COVID-19
research. This alignment is likely to be bidirectional: research both drives the public discus-
sion and is driven by it, and again these results cannot disambiguate the direction of effect.
Whichever the effect direction, the fact that preprints are more responsive to and instigative of
public interest around research topics is a natural byproduct of the speed with which research
can be made available via preprints, when the peer review process is deferred. This effect is
naturally heightened during a pandemic when novel information is at a premium, and concern
that non-peer-reviewed work may be driving public opinion and discussion (as, for example, in
the case of two studies from early in the pandemic that claimed a protective effect of tobacco
and caused panic buying of nicotine in France and cigarettes in Iran [245]) has led some to call

for a more robust set of guidelines for discussion of preprint research by the media [119-121].

The analysis of predictors of high-impact publication of preprints suggests that attention from
the scientific community on social media, as measured by the Altmetrics scientist cohort metric,
is the best predictor of subsequent publication, alongside numbers of readers on Mendeley and
other reference managers. This finding builds on previous findings that higher Altmetrics scores

are associated with subsequent publication in preprints [246].
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2.5.1 Limitations

Analysis of subsequent publication rates of preprints was contingent on the accurate linking of
the preprint to a subsequent publication, which is an ongoing problem in scholarly publishing
[227]: linkage is dependent either on algorithmic detection or on authors manually updating
their preprint records, both of which are liable to omission. This may result in an underestimate
of preprint publication rates, and there is the possibility of bias in the analysis of predictors
of subsequent publication if, for example, certain types of paper are more likely to be detected
by linking algorithms or logged by their authors. Owing to the limit on calls to the Altmetrics
API, it was not possible to pull granular Altmetrics data for for the full data set of 17 million
papers. A continuation of this research could use a distributed computing set-up to extend the

analysis of granular Altmetrics scores to non-COVID-19 papers.

2.6 Conclusion

In conclusion, this chapter describes a large and ongoing response from the scientific community
to the COVID-19 pandemic, with evolving research topics that have aligned with evolving areas
of public interest, and may partly be driven by them. While COVID-19 journal articles are
being published at the same rate as in 2020, a wave of preprints, potentially including some
lower-quality research, peaked in June 2020 and subsequently declined. The findings contribute
to an understanding of how scientific discourse functions during a pandemic, particularly on
the relationship between the media and the scientific discourse and on the role of preprints in

the research ecosystem.
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Chapter 3

Symptomatology in the acute phase of
COVID-19

This chapter uses data from 15 rounds of the REACT-1 study to investigate the symptoma-
tology of COVID-19, how symptoms vary by age, sex and other biological variables, and how
symptom profiles have changed with different variants and in response to natural or vaccine-
acquired immunity. Classical statistical methods are used to identify associations between
symptoms and PCR positivity for SARS-CoV-2 virus, complemented with machine-learning
methods i) to identify sparse subsets of symptoms that most accurately diagnose COVID-19
and different COVID-19 variants, ii) to construct and evaluate multivariable models to predict
PCR positivity using symptom data, and iii) to explain the predictions of these models using

feature attribution methods.

Note: Findings from this chapter have been published in Whitaker et al, Variant-specific
symptoms of COVID-19 in a study of 1,542,510 adults in England, Nature Communications
2022 [247].

3.1 Motivation

Identifying potential cases on the basis of symptomatology has been an important component of
the public health response to COVID-19. Understanding variations in symptoms and identifying
sets of symptoms with the highest sensitivity and specificity to COVID-19 has therefore been
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an important research question throughout the pandemic. Further, manifestations of a disease
provide information about its pathogenesis and potentially to its mechanisms of entry and
transmission. This information may inform public health policy to control disease spread, as
well as contributing to the overall understanding of a disease and to the development of new

treatments.

3.2 Background

Community-based studies have assessed the capacity of symptom data to predict PCR positivity
for SARS-CoV-2, in some cases using variable selection and ranking methods to identify the
‘best” (set of) symptoms to identify cases [150-152]. These studies included an early analysis
based on REACT-1 data from rounds 2 to 8, when the Wild Type variant was dominant [151].
The primary research goal of the paper was driven by domestic public health priorities: how
could community cases be better detected using symptom data to trigger PCR testing, and what
would be the impact of expanding the symptom ‘trigger’ list beyond loss of smell and taste,
fever and new continuous cough. The paper identified 7 symptoms that were jointly positively
predictive of PCR positivity and demonstrated that expanding the trigger list to these seven
symptoms would increase community detection rates without exceeding testing capacity. The
paper also used early cases of B.1.1.7 (Alpha variant) from round 8 to demonstrate differences
in symptom profile from the Wild Type variant, which subsequent studies confirmed in different

data sets[153, 154].

This chapter builds on the analysis published in that paper, with less emphasis on community
detection and a greater emphasis on describing the changing patterns of symptomatology over

time, and identifying the underlying factors that influence COVID-19 symptoms.

3.3 Methods

3.3.1 Study population

The study design and recruitment methods are covered in the Introduction.
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Data from 15 rounds of REACT-1 between 19 June 2020 and 31 March 2022 were split into
distinct phases that corresponded with the dominance of different SARS-CoV-2 variants in
England: rounds 2-7 (between 19 June and 3 December 2020), when the wild-type variant
was dominant; rounds 8-10 (between 6 January and 29 March 2021), when Alpha (B.1.1.7)
was dominant; rounds 13-15 (between 24 June and 5 November 2021), when Delta (B.1.617.2)
was dominant; and rounds 17-19 (between 5 January and 31 March 2022), when Omicron
(B.1.1.529) was dominant. In rounds 17-19, sequencing data were used to identify those par-
ticipants who were infected with BA.1 or BA.2. Round 1 was excluded because the questions
asked relating to symptoms were not consistent with subsequent rounds. Rounds 11, 12 and
16 were excluded from analysis because two variants were competing for dominance in the
population while the fieldwork was being conducted. Figure 3.1 shows the study population
grouped by these phases and how it aligns with the changing dominance of different variants

in the UK, based on GISAID sequencing data [248].

REACT-1 participants reported whether they had experienced any of a list of 26 potential
COVID-19 symptoms in the week prior to taking the swab test. In later rounds, the symptom
list was expanded to 30 and then again to 32 symptoms. Here, only the 26 symptoms that are
surveyed in all rounds are used. These included respiratory and cardiac symptoms (shortness of
breath, new persistent cough, chest pain, tight chest), loss or change of sense of taste or smell,
influenza-like symptoms (fever, muscle aches, chills, headache), cold-like symptoms (blocked
nose, runny nose, sneezing, hoarse voice, sore throat, sore eyes), gastrointestinal symptoms
(abdominal pain/belly ache, nausea/vomiting, diarrhoea, appetite loss), fatigue-related symp-
toms (severe fatigue, tiredness, difficulty sleeping), and others (heavy arms or legs, dizziness,

numbness/tingling).

3.3.2 Statistical analyses

Logistic regression

As a primary analysis to look for associations between individual symptoms and risk of PCR
positivity, logistic regression models were constructed with PCR positvity (y/n) as the binary
outcome variable, and each of the 26 symptoms as predictors. These models adjusted for age

group (18-25, then ten-year brackets up to 75+), sex, and vaccination status (quantified as the
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number of vaccines received). Equation 3.1 shows the model specification.

y(PC Rpositive — y/n) ~ a + Blage) + B(sex) + B(vaccines) + B(sex) + B(symptom) (3.1)

Odds ratios and 95% confidence intervals for each of the symptoms, after adjustment, are
reported. Separate regressions are conducted within each variant phase so that an odds ratio
is generated for each symptom for each variant, showing the risk of PCR positivity for that

variant conditional on each of the 26 symptoms.

This analysis shows the changing strength of association between individual symptoms and
different SARS-CoV-2 variants. However, the odds of PCR positivity are conditional on ex-
periencing a symptom are also contingent on symptom prevalence and COVID-19 prevalence
at the time of data collection. As a complement to this analysis, therefore, to account for
some of the effect of changing background prevalence of symptoms and COVID-19, a pooled
analysis using data from all 15 rounds, including adjustments for calendar time, tested for the
interaction effect between the variant and the symptom in relation to risk of positivity. The

specification is show in 3.2.

y(PC Rpositive — y/n) ~ a + [(age) + B(sex) + f(vaccines) + [(time)+ (32)

B(symptom) + [(variant) + B(symptom x variant)

In this analysis, the interaction effect captures the change in odds of PCR positivity over time
that is attributable to the change in variant (as opposed to changing background symptom/COVID-
19 prevalence). Therefore, the odds ratio for a given symptom and a given variant is calculated
as the product of the odds ratio for the symptom and the odds ratio for the symptom:variant

interaction effect.

Penalised logistic regression with stability selection

The application of stability selection to penalised models for improved variable selection was
proposed by Meinshausen and Bithlmann in 2010 [249]. The principle is to run a large number
(K) of penalised models on subsamples of data, and to count the number of models in which

each variable was selected. This count, taken as a proportion of K, functions as a stability score
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indicating the relative importance of a given variable to the final model. To perform variable
selection, two parameters must be estimated: first, the penalty parameter lambda (which must
be calibrated for a single model), and a threshold proportion (pi), above which a variable is

considered to be stably included in the model.

To avoid the use of an arbitrary selection threshold, Bodinier et al [250] proposed an internal
stability score to derive the optimal selection threshold and lambda simultaneously. Briefly: the
variables are assumed to have equal probability of inclusion in a hypothetical, maximally un-
stable model. Under this model, the distribution of selection counts across all variables follows
a binomial distribution, with known parameters n (the number of subsampled models), and p
(the probability of inclusion of any single variable in a given model with penalty lambda). The
stability score is defined as the negative log likelihood under these assumptions, and increases
with stability. A grid search of lambda and pi is conducted and the values that maximise the
negative log likelihood are used to give the final selection proportions and the threshold for

variable selection.

In this analysis, stability selection was used to identify a parsimonious set of symptoms that
were most highly predictive of each variant. The data set was split into 70% training data and
30% model evaluation data. Stability selection was applied to the least absolute shrinkage and
selection operator (LASSO) penalised logistic regression, with swab positivity as the binary
outcome variable, and the 26 symptoms as predictors. Age, sex and vaccination status (as a

count variable showing 0/1/2/3 vaccines) were forced into the model as unpenalised predictors.

y(PC Rpositive — y/n) ~ a + g[covariates(agegroup, sex, vaccination)] + g[symptoms]
(3.3)

In an early analysis after the first wave of the pandemic, the REACT team conducted vari-
able selection using LASSO stability selection and identified seven symptoms that were jointly
positively predictive of PCR positivity (loss or change of sense of smell, loss or change of
sense of taste, cough, fever, chills, appetite loss, muscle aches) and additionally one symptom
(numbness/tingling) that was negatively predictive of PCR positively when included in a final
model with the 7 positive predictors [151]. The selection of a negative predictor presented an

interpretability problem as the over-arching public health goal was to identify a sparse set of
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symptoms that could be used as triggers for testing, and which were therefore jointly positively
predictive of PCR positivity. In light of this, in this analysis, the regression coefficients in the

LASSO models were constrained to be non-negative.

LASSO models were fit on 1,000 random 50% subsamples of the training data, and a symptom-
specific stability score was calculated as the proportion of those 1,000 models in which each
symptom was selected. The internal stability score was used to calculate a selection threshold

[250], calibrated in conjunction with the LASSO penalty parameter.

Omicron BA.1 vs BA.2

Early findings that Omicron BA.1 was likely to lead to less severe disease than Delta [251] led to
some suggestions that this was part of a natural trajectory that would lead to successively milder
variants, and eventually to a steady state of COVID-19 endemicity with people getting only
mild disease [252, 253]. To investigate the relative severity of Omicron BA.1 vs its immediate
successor, BA.2, a series of analyses were conducted specifically comparing symptom profile,

burden and severity in individuals with BA.1 vs BA.2.

Viral genome sequencing was conducted on positive swabs from rounds 17-19 to determine Omi-
cron BA.1 and BA.2 lineages. Logistic regression was used to directly compare the symptoms

of BA.1 or BA.2 swab-positive individuals. Equation 3.4 shows the specification.

y(BA.2 —y/n) ~ a+ B(age) + B(sex) + f(vaccines) + [(sex) + B(symptom,) (3.4)

This regression analysis was compared with a conditional logistic regression analysis which was
conducted on 1:1 matched swab-positive individuals with BA.1 or BA.2. Matching was done

on age (+/- 5 years), sex, vaccination status and round in rounds 17-19.

To compare symptom burden in BA.2 and BA.1 in terms of number of symptoms experienced
by double- and triple-vaccinated individuals, a log-linear regression model with Poisson error
was was constructed, with symptom count as the outcome variable and BA.1/BA.2 as the

independent variable of interest. Equation 3.5 shows the specification.
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y[symptomcount] ~ o + 3 [covariates(age, sex, vaccination, (35)
3.5
PriorCOVID — 19, weeks—since—symptom—onset, calendartime)] + Slvariant]

Finally, to assess any differences in symptom severity between Omicron BA.1 and BA.2, in-
dependent of vaccination history, an analysis of the question relating to symptom severity
(“How much, if at all, do the symptoms your/your child have/has had in the last 7 days reduce
your /their ability to carry out day-to-day activities?”) was conducted. A logistic regression
model was constructed with a binary outcome variable where 1 represented a response of “a
lot” or “a little” vs “not at all” and the binary independent variable BA.2/BA.1. To isolate
the effects of variant vs vaccination or other variables as much as possible, the population was
restricted to those who had had two ore more vaccinations, with their second vaccination at
least 14 days before their swab test. The models were adjusted for age, sex, vaccine booster
(y/n), days since most recent vaccination, prior COVID-19 (at least 28 days before swab test
date), calendar time and time since onset of symptoms. Covariates were added to models se-
quentially, building from a crude model to a fully adjusted model, and odds ratio reported for
each model. Additionally, the same subset of individuals was used to model symptom count in

log-linear regression models with Poisson error, using a similar specification to 3.5.

3.3.3 Symptom trajectory

The symptoms of COVID-19 are known to change over the disease course [254]. The question
of which symptoms manifest at which point in the disease course is an important component
of understanding the COVID-19 phenotype, providing clues as to potential underlying patho-

physiological mechanisms, as well as being useful in early case detection.

In an initial descriptive analysis, the relationship between days since symptom onset and symp-
tom burden (in terms of number of symptoms reported) was described, stratified by variant.
Second, the probability of experiencing each of the 26 symptoms was modelled as a function of

days since symptom onset, and variant.

The change in symptom profile over the disease course also has a potential impact on the symp-
tom profiling analysis: sampling for REACT-1 was non-continuous (ie conducted in discrete

rounds with some weeks in between each round of fieldwork). As a result, the samples might

73



have captured different variants at different stages of symptom onset, on average. For instance,
the first couple of rounds captured the downslope of the first wave of the Wild Type variant
(Figure 3.1), while round 18 captured the transition phase where BA.2 was rapidly replacing
BA.1. Those participants captured in round 18 may therefore be more likely to be in the early
stages of infection, on average, than those captured in round 2 or 3, and this may influence the

symptom profiles detected at different stages of the pandemic.

To investigate the impact that this effect might have on the main symptom profiling findings,

the main analysis was repeated, with further adjustment for time since symptom onset.

Ct values

Cycle threshold (Ct) values — ie the number of PCR assay cycles that are required for the
fluorescent signal to exceed background levels — are an established proxy for viral load [255,
256], which in turn is a correlate of infectiousness [257, 258]. Identifying symptoms that are
associated with particularly high (or low) Ct values is therefore a question of clinical interest, as
it would help to assess the likely infectiousness of an individual on the basis of their symptoms.
This kind of risk assessment has become more valuable in the latter stages of the pandemic, as
governments have stopped mass testing for COVID-19 and largely moved away from mandatory

isolation measures.

To this end, an analysis was conducted modelling the relationship between symptoms and Ct
values in PCR positive individuals, using a standard linear regression framework with Ct value

as the outcome variable (equation 3.6).

y(Ct—value) ~ a + g[covariates(age, sex, vaccination)| + [[symptoms] (3.6)
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3.4 Results

3.4.1 Descriptive analysis

The study population is summarised in Figure 3.1 and in Table B.1 in Appendix A. There were
a total of 1,542,510 adults aged 18 and over, of whom 17,448 tested positive on their PCR test:
2,971 for Wild Type (0.4%, 95% CI:[0.4,0.4]), 2,275 (0.6% [0.6,0.7]) for Alpha, 1,493 (0.6%
[0.6,0.7]) for Delta, and 10,709 (4.4% [4.3,4.5]) for Omicron variants (Appendix A, Table B.2).

The proportion of PCR-positive individuals with one or more of the 26 surveyed symptoms
increased with each successive variant. Only 45.0% [43.3,46.8] of those with Wild Type reported
experiencing any of the surveyed symptoms. This increased to 54.7%, [52.7,56.8] in those with
Alpha, 63.8% [61.3,66.2] in those with Delta, 70.0% [68.3,71.6] in those with BA.1 and 75.9%
[74.4,77.2] in those with BA.2 (Appendix A, Table B.2).

Symptom burden (in terms of the number of symptoms experienced, and the reported severity
of symptoms) also increased with each successive variant. PCR-positive individuals reported an
average of 2.70 (95% CI 2.6,2.8) symptoms for Wild Type, 3.4 (3.2,3.6) for Alpha, 4.6 (4.4,4.9)
for Delta, 4.6 (4.5,4.8) for BA.1 and 6.0 (5.8,6.2) for BA.2. The proportion of respondents
reporting that their symptoms affected their day-to-day activities “a lot” increased from 10.5%
in Delta to 17.6% in BA.2 (the question on symptom severity was only included in the post-
Alpha rounds).
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Figure 3.1: Flowchart showing study population for symptom profiling, plus exclusions and
variant transitions in the UK, based on UK sequencing data from GISAID [248]. Reproduced
from Whitaker et al, Variant-specific symptoms of COVID-19 in a study of 1,542,510 adults in
England, Nature Communications 2022 [247]

3.4.2 Logistic regression

All symptoms were positively associated with PCR positivity for all variants (Figure 3.2, Table
3.1). The odds of experiencing any of the 26 symptoms, after adjustment for age group, sex
and vaccination status, increased in each successive variant, from an odds ratio of 5.7 [4.8,5.6]
for Wild Type to 12.9 [11.9,14.0] for Omicron BA.2. The odds of experiencing coryzal (cold-
like) symptoms increased the most significantly across variants: the odds ratio for sore throat,
for instance, increased from 3.76 [3.38,4.19] in Wild Type, to 6.56 (5.24,8.20) in Alpha, 7.22
(6.38,8.18) in Delta, 11.6 (10.7,12.6) in BA.1 and finally 18.0 (16.8,19.4) in BA.2 (Figure 3.2,
Table 3.1).

By contrast, the odds ratios for loss or change of sense of smell and loss or change of sense
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of taste peaked in Delta, with ORs of 73.4 (64.2,83.9) and 68.1 (59.4,78.0) respectively, before
dropping to 12.9 (11.1,15.1) and 16.0 (13.9,18.5) in BA.1 and then 17.2 (15.1,19.5) and 21.3
(18.9,24.0) in BA.2. In a sensitivity analysis in which models were further adjusted for days

since symptom onset, the results were largely consistent (Appendix A, Figure B.1).

In a pooled analysis designed to account for changing background prevalence of SARS-CoV-2
and non-COVID-related symptoms, the results were broadly consistent with the primary uni-
variable analysis: the Alpha and Delta variants were associated with elevated symptom-specific
odds-ratios across most symptoms; the Omicron BA.1 and BA.2 variants were associated with
lower odds rations for loss or change of sense of smell and loss or change of sense of taste;
omicron BA.1 and BA.2 were associated with increased odds ratios for coryzal symptoms, most
notably sore throat and hoarse voice; and BA.2 was associated with higher odds ratios than

BA.1, most notably for coryzal symptoms (Appendix A, Figure B.2)
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Figure 3.2: Comparison of ORs for swab positivity based on presence or absence of any of 26
symptoms surveyed in N=1,542,510 participants across five variant-phases of REACT-1. Re-
produced from Whitaker et al, Variant-specific symptoms of COVID-19 in a study of 1,542,510
adults in England, Nature Communications 2022 [247]
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Category Wildtype Alpha Delta BA1 BA2

Any of 26 symptoms 430 (4.01,4.62) 4.89 (4.16,5.75) 7.98 (7.16,8.90) 8.10 (7.44,8.83) 10.8 (9.98,11.8)
Loss or change of sense of smell 34.3 (30.5,38.7) 16.1 (12.0, 21 5) 34.6 (30.0,39.9) 7.35 (6.27,8.61) 9.66 (8.48,11.0)
Loss or change of sense of taste 25.2 (22.3,28.4) 17.9 (13.6,23.5) 33.2 (28.7,38.3) 9.36 (8.07,10.9) 12.2 (10.8,13.8)
New persistent cough 11.1 (9.76,12.7) 21.9 (17.0,28.3) 22.0 (19.3,25.0) 12.6 (11.4,13.9) 19.8 (18.2,21.4)
Fever 10.6 (9.33,12.0) 12.4 (9.36,16.6) 21.3 (18.6,24.5) 14.6 (13.0,16.3) 23.3 (21.2,25.5)
Appetite loss 9.77 (8.65,11.0) 10.9 (8.39,14.1) 13.0 (11.2,15.1) 6.60 (5.77,7.56) 10.3 (9.31,11.5)
Chills 9.67 (8.56,10.9) 7.32 (5.68,9.44) 15.5 (13.4,18.0) 9.31 (8.35,10.4) 14.1 (12.9,15.4)
Muscle aches 6. 09 (5.54,6.60) 5.53 (4.49,6.82) 7.75 (6.85,8.77) 7.16 (6.53,7.84) 9.82 (9.09,10.6)
Severe fatigue 84 (4.93,6.92) 5.44 (3.90,7.60) 6.52 (5.36,7.92) 3.88 (3.28.4.59) 5.90 (5.20,6.71)
Hoarse voice 402 (4.24,5.70) 6.12 (4.44,8.46) 7.94 (6.83,9.24) 10.2 (9.24,11.3) 14.9 (13.7,16.2)
Blocked nose 4.88 (4.38,5.44) 6.84 (5.49,8.54) 9.94 (8.81,11.2) 7.49 (6.85,8.19) 11.6 (10.7,12.5)
Headache 474 (4.36,5.16) 4.90 (4.07,5.80) 8.26 (7.39,9.24) 7.10 (6.54,7. 72) 9.54 (8.87,10.3)
Heavy arms/legs 468 (4.04,5.42) 459 (3.33,6.33) 4.07 (3.30,5.02) 4.46 (3.85,5.17) 6.83 (6.09,7.67)
Tiredness 4.46 (4.10,4.86) 5.00 (4.17.6.00) 6.20 (5.62.7.02) 5.20 (4.78.5.65) 7.41 (6.90.7.96)
Tight chest 437 (3.78,5.05) 3.92 (2.83,5.42) 5.24 (4.35,6.32) 4.62 (4.03,5.20) 5.67 (5.06,6.35)
Dizziness 3.89 (3.40,4.45) 4.04 (3.02,5.40) 5.70 (4.85,6.60) 4.20 (3.77,4.87) 6.06 (5.47,6.71)
Sneezing 3.82 (3.44,4.25) 5.82 (4.60,7.23) 9.04 (3.04,10.2) 9.65 (8.87,10.5) 13.1 (12.2,14.1)
Nausea/vomiting 3.80 (3.22,4.48) 4.85 (3.47,6.79) 5.47 (4.46,6.72) 4.45 (3.80,5.22) 5.21 (4.56,5.95)
Runny nose 3.67 (3.30,4.00) 4.46 (3.55,5.58) 10.1 (9.00,11.3) 8.72 (8.04,9.46) 13.1 (12.2,14.1)
Sore eyes 3.52 (3.08,4.02) 3.95 (2.98,5.22) 6.18 (5.20,7.21) 4.49 (3.98,5.07) 5.94 (5.38,6.56)
Chest pain 3.48 (2.79.4.31) 240 (143,4.03) 3.17 (2.35,4.28) 3.66 (3.00,4.47) 4.76 (4.06,5.57)
Shortness of breath 3.44 (2.99,3.95) 3.78 (2.89,4.96) 4.66 (3.96,5.48) 3.54 (3.14,3.99) 4.75 (4.30,5.24)
Sore throat 3.38 (3.04,3.76) 5.59 (4.46,7.00) 6.76 (5.96,7.66) 10.5 (9.68,11.5) 16.2 (15.1,17.5)
Diarrhoea 3.24 (2.78,3.78) 3.8 (2.74,5.30) 4.49 (3.70,5.46) 3.75 (3.22,4.36) 3.83 (3.35,4.38)
Difficulty sleeping 2.82 (2.52,3.16) 2.49 (1.94,3.21) 4.13 (3.50,4.74) 3.69 (3.33,4.00) 4.47 (4.10,4.87)
Abdominal pain / belly ache 2.52 (2.17,2.94) 1.87 (1.28,2.75) 3.13 (2.56,3.84) 2.78 (2.38,3.24) 3.70 (3.27,4.18)
Numbness/tingling 2.31 (1.90,2.80) 1.91 (1.23,2.96) 2.06 (1.58,2.68) 2.23 (1.84,2.69) 3.16 (2.73,3.67)

Table 3.1: Odds ratios for swab positivity in N=1,542,510 participants across selected rounds
of REACT-1 based on the presence or absence of any of 26 symptoms surveyed. Odds ratios
are derived from logistic regression models with swab positive (1/0) as the binary outcome
variable, adjusted for age group, sex and vaccination status. 95% confidence intervals are
shown. Reproduced from Whitaker et al, Variant-specific symptoms of COVID-19 in a study
of 1,542,510 adults in England, Nature Communications 2022 [247]
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3.4.3 Multivariable analysis for variable selection

In LASSO penalised logistic regression with stability analysis, loss or change of sense of taste,
new persistent cough, and fever were selected as jointly and positively predictive of all variants
(Figure 3.3). Notably, coryzal symptoms (sore throat, sneezing and hoarse voice) were only
selected for the Omicron BA.1 and BA.2 variants. Chills and muscle aches were selected in all

variants except Alpha, where they were marginally selected.

. Wild-type || Alpha || Delta || BA.1 || BA.2 \

New persistent cough -

Loss or change of sense of taste -
Fever -

Chills - —————9

Muscle aches - —————0

Appetite loss -

Loss or change of sense of smell - =———————————————0 —_—

Headache -
Runny nose -
Sneezing -
Blocked nose - —_—

Hoarse voice -
Sore throat -

Tiredness -
Dizziness -
Sore eyes -
Severe fatigue -
Heavy arms/legs -
Nausea/vomiting -
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Shortness of breath -
Diarrhoea -
Numbness/tingling -
Difficulty sleeping -
Chest pain -
Abdominal pain / belly ache -
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Figure 3.3: Results of LASSO stability selection proportions with each of 26 symptoms as
predictors and swab positive/negative as the binary outcome variable, for five SARS-CoV-2
variants in England. Reproduced from Whitaker et al, Variant-specific symptoms of COVID-
19 in a study of 1,542,510 adults in England, Nature Communications 2022 [247]

3.4.4 Omicron BA.1 vs BA.2

Figure 3.4 shows the ORs for BA.2 (vs BA.1) in SARS-COV-2 positive individuals from rounds
17-19, in two different analyses: one matched conditional logistic regression and one unmatched
logistic regression. In both model types, infection with BA.2 (vs BA.1) is positively associated
with severe fatigue, chest pain, sneezing, fever, runny nose, muscle aches, chills, tiredness,
blocked nose and headache; in the unmatched logistic regression, infection with BA.2 is further

associated with sore eyes, appetite loss and new persistent cough.
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Figure 3.4: ORs for infection with BA.2 vs BA.1 among swab-positive respondents. Left panel
shows ORs from logistic regression models among N=5,598 swab-positive individuals with either
BA.2 or BA.1 in rounds 17-19 (5 January to 31 March 2022), with each of 26 symptoms as
explanatory variables and BA.2 vs BA.1 as the binary outcome variable, adjusted for age
group, sex, round and vaccination status. Bars show 95% confidence intervals. Symptoms are
ordered by mean OR across BA.1 and BA.2. Right panel shows ORs from conditional logistic
regression models among 1,510 swab-positive individuals with either the BA.2 or BA.1 variant
in rounds 17-19, with BA.2 vs BA.1 as the outcome variable, matched 1:1 on age (£5 years),
sex, vaccination status and round. Bars show 95% confidence intervals and the top 4 symptoms
by mean OR across BA.2 and BA.1 are highlighted (named). Right panel directly plots the odds
ratios from the two models for comparison. In both model types, infection with BA.2 (vs BA.1)
is positively associated with severe fatigue, chest pain, sneezing, fever, runny nose, muscle aches,
chills, tiredness, blocked nose and headache; in the unmatched logistic regression, infection with
BA.2 is further associated with appetite loss, sore eyes and new persistent cough. Reproduced
from Whitaker et al, Variant-specific symptoms of COVID-19 in a study of 1,542,510 adults in
England, Nature Communications 2022 [247]

In a subgroup of 5,598 individuals who were double- or triple-vaccinated and tested positive
for SARS-CoV-2 via swab, a statistically significant association was observed between infec-
tion with the BA.2 variant and increased likelihood of reporting symptoms that significantly
impacted daily activities, after adjusting for various demographic and disease-related factors.

Specifically, individuals infected with BA.2 were found to be 54% more likely to report severe

80



symptoms than those infected with BA.1 (OR 1.54 [1.16, 2.06]). Additionally, male individu-
als were found to be 38% less likely than female individuals to report severe symptoms (0.62
[0.52,0.73]). No association was observed between vaccine booster status or time since vacci-
nation and ability to carry out daily activities. Furthermore, a log-linear regression analysis
revealed that individuals infected with BA.2 reported 14% more symptoms, on average, than
those infected with BA.1 (OR=1.14 [1.10,1.19]), after controlling for the same covariates as
above. (Table 3.2 and Table 3.3)
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3.4.5 Symptom trajectory

Modelling the probability of experiencing each of the symptoms at N days post-symptom-onset
revealed that headache and sore throat were consistently the most likely symptoms to manifest
early in the disease course (0-10 days after first symptoms) across all variants, with sore throat
being particularly common early in the disease course (Figure 3.5). These symptoms generally
resolved within the first 14 days. By contrast, prevalence of loss or change of sense of smell and
loss or change of sense of taste was low early in the disease course and gradually increased until
around day 10. This pattern was common to all variants, with particularly high prevalence for
the Delta variant, and considerably lower overall prevalence for the BA.1 and BA.2 variants.
Relative to other symptoms, headache was more prevalent in the first few five days of the

disease course in Omicron BA.1 and BA.2 variants than in preceding variants.

It should be noted that this is cross sectional data and that the question about symptom
onset was retrospective (ie "How many days ago did these symptoms/ this symptom start?).
Therefore, as the analysis is conducted among PCR-positive individuals only, the results are
biased by the necessity for the individual to still be PCR positive at N days’ remove from

symptom onset.
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Figure 3.5: Modelled probability of each of eight common symptoms at N days’ remove from
first symptom onset.

3.4.6 Ct values

Cycle threshold (Ct) values were lower for the BA.2 variant than BA.1 (Figure 3.6a). This may
be due to the timing of the sampling in relation to the growth of the variant as more recent
infections tend to have lower Ct values, as shown in figure B.3 in Appendix B, which demon-
strates a positive correlation between time-since-symptom-onset and Ct values and that the
mean time since symptom onset was lower for BA.2 than for BA.1. Additionally, symptomatic
individuals had lower Ct values (indicating higher viral loads) than asymptomatic individuals.
Linear regression models of swab-positive individuals in rounds 17-19 (from 5 January to 31
March 2022) revealed that symptom reporting was associated with a lower Ct value for each of
the 26 surveyed symptoms. The lowest adjusted Ct values were for influenza-like or cold-like
symptoms such as fever, chills, sore throat, muscle aches, runny nose, sneezing, and headache

(Figure 3.6b), which frequently co-occurred (Appendix B, figure B.4). With the exception of
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fever, these symptoms were also commonly reported as the first symptom among symptomatic

swab-positive individuals (Appendix B, figure B.5).
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3.5 Discussion

In this chapter, analysis of more than 1.5 million adults in the REACT-1 programme in England
reveals differences in symptom reporting associated with each variant of COVID-19 that has
been dominant in England. This could indicate alterations in the pathophysiology underlying
the different variants, such as changes in receptor binding, cell entry, or host response, and/or
in the presence of varying levels of population immunity resulting from both natural infection

and vaccination [259-261].

The results show that symptoms of loss or change of sense of smell or taste were less predictive of
a positive swab result for Omicron than for other variants. Conversely, cold-like symptoms were
more indicative of Omicron infections than previous variants. These findings align with previous
studies[262-264]. In particular, Omicron infections do not exhibit as strong an association with
anosmia as earlier variants. The loss or change of the sense of smell or taste following infection
with previous variants of SARS-CoV-2 is attributed to the decreased expression of olfactory
receptors[265]. Changes in the viral genes responsible for regulating host responses in Omicron
may reduce this effect. Further research through transcriptomic studies in both animal and

human subjects may assist in uncovering the underlying mechanisms.

It is difficult to compare the intrinsic severity of SARS-CoV-2 variants, owing to changing
levels of population immunity from vaccination and prior infection, and potentiating factors
such as seasonality. In these data, however, the rapid replacement of BA.1 by BA.2, and the
large number of PCR positive individuals with these variants, presented an opportunity to
compare the symptom burden and severity of two variants within a narrow time frame, in a
population with similar characteristics (in terms of vaccination rates and prior infection rates),
against a similar background of non-COVID related illness and symptoms. This comparison
revealed that those with BA.2 were more likely to be symptomatic, more likely to report a
range of influenza-like and cold-like symptoms, and, in adjusted models, likely to report more
symptoms, and to report that these symptoms affected their day-to-day activities “a lot”.
The transition from BA.1 to BA.2 was happening during a vaccine booster campaign in the
UK [99]; nonetheless, the findings relating to severity and symptom burden were robust to
adjustment for both vaccine booster status and for time since most recent vaccine dose and

are therefore unlikely to be explained by vaccination status or waning vaccine immunity. The
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effects were however attenuated by the addition of calendar time to the model. This implies
that the elevated symptom burden and symptom severity of BA.2 relative to BA.1 may partly
reflect the detection of swab positivity earlier in the disease course for BA.2 than BA.1. This
is a plausible hypothesis given the timing of the REACT-1 fieldwork in rounds 17-19 relative
to the variant transitions: round 17 took place at a point where BA.1 had already achieved
dominance, while round 18 was conducted just as BA.1 was yielding to BA.2, and round 19
just at the tail end of the transition. It is also likely that the inclusion of calendar time in
the models does not fully account for this transition effect; nonetheless, after adjustment for
calendar time, BA.2 was associated with 54% higher odds of symptoms that affect day-to-day
life “a lot” than BA.1, and also with the reporting of one additional symptom, on average, than

BA.1.

To date, five other studies have explicitly set out to compare the severity of Omicron BA.2 vs
BA.1, in different geographical populations. An early analysis of hospitalisation data in South
Africa, where BA.2 was first reported, found similar rates of hospitalisation in BA.1 and BA.2,
and similar rates of progression to severe illness, conditional on hospitalisation [266]. Sievers
et al analysed hospital admission data in Germany and found similar rates for Omicron BA.1
and BA.2 [267]. Fonager et al found similar results in Denmark [268], with no increased risk of
hospitalisation or mortality. Strasser et al analysed data on COVID-19 cases in New England
between March 2020 and June 2022, and found that BA.2 was intrinsically less severe than
previous variants (BA.1 and Delta), taking into account vaccination status, prior infection and
therapeutic treatment. Lewnard et al [269] also compared the severity of BA.2 vs BA.1 in terms
of hospitalisations and death in Southern California, and found no difference. These findings are
not necessarily incompatible with the results presented here: all these studies quantify severity
in terms of hospitalisation or death rates, while severity here is measured in terms of symptom
burden and severity. While mortality and hospitalisation rates are clearly the greatest public
health concern for an infectious disease, particularly in the acute phase of a pandemic, the
impact on quality of life and ability to work is still an important consideration, and the greater
symptom burden and severity of BA.2 may still be associated with greater disruption to daily

life, and have broader societal and economic impact.

As of early 2023, few countries worldwide have any remaining stay-at-home restrictions and

most have moved away from mandatory or voluntary mass testing programmes [34]. In this
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post-acute phase of the pandemic, the spread of SARS-CoV-2 may be limited by using symp-
toms to identify individuals who are particularly likely to be infectious. The analysis of symp-
tom trajectory and Ct values therefore complements the broader symptom profiling by helping
determine whether a person is at an early point in their disease course (as infectiousness is
shown to be higher in the presymptomatic and early symptomatic phase[27]), and by inferring
their likely level of infectiousness on the basis of symptoms. In the Omicron period, sore throat
and headache were shown to be the most common symptoms in the early symptomatic phase,
and reporting fever, chills, sore throat, muscle aches, runny nose, sneezing and headache was
associated with the lowest adjusted Ct values, and therefore likely to be indicative of higher

viral load and increased infectiousness.

3.6 Conclusion

Data from REACT-1 show differences in symptom reporting during two years of the COVID-19
epidemic in England. This reflects the emergence and subsequent dominance of different vari-
ants over that period, against a background of changing levels of immunity from vaccination
and prior infection. Omicron variants BA.1 and BA.2 were associated with lower overall report-
ing of loss or change of sense of smell and taste, higher reporting of cold-like and influenza-like
symptoms, and relatively higher reporting of headache at symptom onset. BA.2 was associated
with a greater symptom burden and severity than BA.1, running counter to the prevailing

conception that successive variants are intrinsically milder.
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Chapter 4

Persistent symptoms of COVID-19

This chapter uses data from four rounds of the REACT-2 study to investigate persistence
of symptoms in people who self-report prior COVID-19. Classical statistical approaches are
used to (i) estimate the prevalence of persistent COVID-19 symptoms in the community, (ii)
estimate the likelihood of experiencing persistent symptoms conditional on infection, and (iii)
identify putative risk factors for persistent COVID-19 symptoms. Machine learning methods
are deployed to rank predictors of persistent symptoms in a multivariable context, and to
cluster individuals by their COVID-19 symptom profile at 12 weeks after symptom onset, with
a view to identifying and characterising ‘sub-types’ of the condition known as long COVID or

post-COVID syndrome.

Note: Some findings from this chapter have been published in Whitaker et al, Persistent
COVID-19 symptoms in a community study of 606,434 people in England, Nature Communi-
cations 2021 [270].

4.1 Motivation

COVID-19 poses not only an acute risk of hospitalisation and mortality, but also a significant
burden of prolonged and debilitating illness for some individuals. The frequency, nature, and
duration of persistent symptoms associated with COVID-19 remain inadequately understood,
constituting a significant gap in knowledge that must be addressed in order to develop effective

treatments and management strategies.
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In this chapter, self-reported data from more than 600,000 participants in four rounds of
REACT-2 are used to describe, characterise, and estimate the prevalence of post-COVID syn-
drome, using the broad definition of ‘experiencing one or more [from a list of 30] symptoms,
12 weeks or more after the date of onset of the first symptom’. A range of phenotypic and
socio-demographic variables are investigated as putative risk factors, and unsupervised learn-

ing methods are used to identify potential sub-types of post-COVID syndromes.

4.2 Methods

4.2.1 Study participants

The study design and recruitment methods are covered in the Introduction.

The primary study population in this chapter is rounds 3-5 from REACT-2, carried out from
15 to 28 September2020 (round 3), 27 October to 10 November 2020 (round 4) and 25 January
to 8 February 2021 (round 5). Round 6 (conducted in May 2021) is used as a replication
population, with separate estimates of prevalence calculated, and predictive modelling and
clustering analysis repeated. This split of the study population arose as a consequence of this
analysis being conducted predominantly in real-time, as the data were gathered, and there
being a larger gap between rounds 5 and 6 than in other rounds. Nonetheless the separation is

useful as a framework for replication and validation of the results.

While the primary research goal of the REACT-2 study was to track population seroprevalence
using LFIA antibody tests, LFIA results were not used in this analysis. All analyses were
conducted using survey response data, principally questions around confirmed or suspected
prior COVID-19 and the symptoms associated with it. Participants were asked to state if
they thought they had previously had COVID-19, and to state the date of symptom onset.
As most of the infections occurred before mass testing was available, a confirmatory test was
not a requirement. Participants were then asked to select which, if any, symptoms they had
experienced as part of their suspected COVID-19, from a list of 29 symptoms, and how long
they had experienced the symptom for .

!The symptom-specific durations were provided either as a count of days or of weeks: a start and end date
were not requested for each symptom. This necessitated an assumption — that each symptom had begun on
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In addition to the 29 symptoms that were included on the questionnaire in rounds 3-5, 8,370
respondents gave free-text descriptions of other symptoms. Free-text analysis of word occur-
rence and co-occurrence identified further common symptoms that were not in the round 3-5
survey, including raised blood-pressure, hair-loss, brain-fog, heart-palpitations and severe joint
pain. These free text responses informed updates to the questionnaire in round 6 to include
additional symptoms: 35 symptoms were included in the survey in round 6, of which 27 were

in common with those asked in rounds 3-5.

In order to study risk factors for persistent symptoms conditional on infection, a sub-group
was selected of 76,155 participants from rounds 3-5 who self-reported having had COVID-
19—either PCR confirmed or suspected—with one or more of the 29 symptoms 12 weeks or
more before the survey date. The main analyses were repeated in an independent data set of
13,170 participants from round 6 who reported one or more of an expanded list of 35 symptoms
12 weeks or more before the survey date. To maintain comparability with symptom reporting

in rounds 3-5, some analyses in round 6 were restricted to the 27 symptoms in common.

In order to determine the background prevalence of symptoms in the population, data from the
REACT-1 study was used. Unlike REACT-2, the REACT-1 study includes children aged 5-17
years: these were excluded from the estimation of the background symptom reporting rate.
The way symptoms were surveyed in REACT-1 was slightly different to REACT-2: the study
collected information on the presence of any of 26 symptoms that persisted for a duration of
11 or more days. Nonetheless, estimating the prevalence of 11-day persistent symptoms using
this data provides an upper bound for the background prevalence of persistent symptoms in

the population.

4.2.2 Data analysis

Estimating prevalence

Community prevalence of persistent symptoms, defined as one or more symptoms still present

12 or more weeks after symptom onset, was estimated separately in rounds 3-5 and in round

the same date — in order to conduct the analysis. As has been demonstrated in Chapter 1, symptoms tend to
manifest at different points in the disease course; however, the majority of symptoms manifest within the first
2-3 weeks.
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6. Random Iterative Weighting [271] was applied to the data set to allow prevalence to be re-
weighted to be more representative of the population of England in terms of age, sex, ethnicity,
deprivation and LTLA population. Within-group prevalence estimates were calculated across

a range of characteristics (eg age, sex, ethnic group).

Logistic regression

Logistic regression was used to investigate the associations between a range of demographic
and lifestyle factors with persistence of symptoms beyond 12 weeks. Two model specifications
were tested: age and sex adjusted, and fully adjusted (age, sex, ethnicity, adiposity, smoking,
vaping, household income, deprivation, healthcare worker status, and prior hospitalisation with

COVID-19 [y/n]).

Variable ranking and selection

To investigate the predictive capacity of each factor in a multivariable context, gradient boosted
models (as implemented in CatBoost [229]) were constructed, with predictive performance with

and without each variable compared and quantified as a measure of variable importance.

First, a model was trained on 80% of the data. Overfitting was controlled by further splitting
these data into a training pool and a validation pool. The model was fitted on the training
pool, and after each round (each additional tree) performance was evaluated on the validation
pool. Model training ceased once performance stopped improving on the validation pool. The
objective function was logloss. Default settings were used for all other model hyperparameters.
Next, the model was used to predict the outcome variable in the 20% holdout data, and the
AUC recorded. Next, each variable was permuted in turn in the holdout data, and predictions
and AUC calculated each time. This process was repeated 1000x to obtain a distribution of
AUCs for the model with each of the variables permuted. The proportion of permuted runs
where the AUC was greater than the unpermuted prediction run was taken as a p-value that
the variable was contributing to predictive accuracy. Variables whose proportion was below 5%

(p<0.05) were selected.
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Generalised additive models

To investigate how risk of experiencing persistent symptoms changes over the life course, gen-
eralised additive models (GAMs) were constructed with symptom persistence (12+ weeks) as
the binary outcome variable and age and sex as predictors. A default thin plate spline was
appied with an interaction between age and sex, and the smoothed functions were plotted to
show the relationship between persistent symptom risk and age. Three versions of the model

were constructed:

1. First, to show the risk of experiencing symptoms in the population at any time, a model
was constructed with ‘any symptom for any duration y/n’ as the outcome variable, and age
and sex as predictors. This model shows the likelihood of self-reported prior symptomatic

COVID-19, and how it varies by age, in the full study cohort (N=508,707).

2. Next, to show the risk of experiencing persistent symptoms in the population at any time,
a model was constructed with ‘any symptom for 12 weeks or more y/n’ as the outcome
variable, and age and sex as predictors. This model shows the likelihood of self-reported
persistent symptoms associated with COVID-19, and how it varies by age, in the full
study cohort (N=>508,707).

3. Finally, to show the risk of experiencing persistent symptoms conditional on having symp-
tomatic COVID-19, a model was constructed with ‘any symptom for 12 weeks or more
y/n’ as the outcome variable, and age and sex as predictors, among only individuals who
reported having experienced symptomatic COVID-19 at least 150 days before the RE-
ACT survey date (thus giving 150 days of ‘observation time’, including the minimum 12
weeks to meet the definition of ‘persistent symptoms’, and additional time, within the
constrictions of the data, to register recovery). This model shows the likelihood of going
on to report persistent symptoms associated with COVID-19, and how this varies by age,
if you have symptomatic COVID-19.

Identifying persistent symptom clusters

In order to segment participants in rounds 3-5 based on symptom clusters, a binary matrix

was generated to represent the presence or absence of each of the 29 surveyed symptoms at 12
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weeks post-symptom onset for each individual participant. The Clustering LARge Applications
(CLARA) extension of the Partitioning Around Medoids (PAM) algorithm, as implemented
in the R package fpc [272], was used for this clustering process. PAM aims to identify the
most representative data points as cluster centroids by minimising the sum of dissimilarities
between data points and their assigned centroids, while CLARA employs a sampling approach
to alleviate computational demands for large data sets. The Hamming distance was employed
as a measure of dissimilarity between participants; as a sensitivity analysis, clustering was re-
run with Dice [273] and Jaccard distance. The optimal number of clusters was determined using
the average silhouette width. Two methods were employed to evaluate cluster stability. The
first involved bootstrapping and re-clustering 100 times, and quantifying the difference between
bootstrapped and non-bootstrapped clusters using the Jaccard coefficient, with a range of 0
indicating no overlap and 1 indicating perfect overlap. The second method involved removing
each symptom in turn, re-clustering, and calculating the average proportion of non-overlap
(APN) between these clusters and the whole-dataset clusters as a proxy for individual variable
importance and contribution to population segmentation. Clusters were characterised and

visualised with heatmaps showing within-cluster symptom prevalence.

Latent class analysis

To interrogate the validity of any structure identified in clustering by using a different approach
to partitioning, Latent Class Analysis was applied to the symptom data at 12 weeks. Obser-
vations were assigned to the class with the highest posterior probability, and the classes were

characterised in the same way as the clusters (heatmaps showing symptom prevalence by class).

Estimating background symptom prevalence

The REACT-1 study asked participants what symptoms they had experienced in the past 7
days, and how long before that each symptom had started, up to a maximum of 114 days.
Taking the proportion of PCR-negative people who said they were experiencing one or more
symptoms that had started 11 or more days previously gives an upper bound estimate of the

prevalence of non-COVID-related persistent symptoms in the community during this period.
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4.3 Results

Figure 4.1 shows the study design and population. A total of 508,707 people took part in
REACT-2 rounds 3-5, and a further 97,727 in REACT-2 round 6 (excluding a ‘booster’ sample
of additional people recruited at ages 55 years and over), with response rates of 29.4% and
29.9% respectively. Non-responders were disproportionately male, younger (18-24 years) or

older (>75 years) adults and from more deprived areas.

In total, 92,116 respondents reported having had COVID-19, either test-confirmed or suspected,
in rounds 3-5 (weighted prevalence 19.2% [19.1,19.3]), and 14,562 in round 6 (weighted preva-
lence 17.9% [17.7,18.0]).2

2The (somewhat surprising) decrease in prevalence between rounds 3-5 and round 6 is potentially attributable
to a (i) the increased availability of testing during round 6, meaning that individuals with suspected COVID-19
were able to test, and some portion of those would be negative, whereas before testing they would simply have
been recorded as ’suspected or confirmed’; or (ii) greater level of awareness of the symptoms of COVID-19 and
a lower likelihood of retrospectively attributing any cold-like illness from early 2020 as COVID-19
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Figure 4.1: A flowchart of the primary and replication study populations, showing exclusions and proportion of participants experiencing
persistent symptoms at least 12 weeks after symptom onset, and study population for estimation of background symptom rates. Repro-

duced from Whitaker et al, Persistent COVID-19 symptoms in a community study of 606,434 people in England, Nature Communications
2021 [270).
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4.3.1 Community prevalence of persistent symptoms

Community prevalence of current persistent symptoms

Table C.1 (Appendix C) presents the data on still-active persistent symptoms in the study
population. A total of 26,943 out of the full population of 508,707 in rounds 3-5 reported
they were currently experiencing one or more COVID-19 symptoms that had begun at least
12 weeks previously, giving a weighted point prevalence of 5.41% (5.35,5.47). For two or more
symptoms, the numbers were 16,368 (3.27% [3.22,3.31]), and for three or more symptoms 10,156
(2.03% [1.99,2.07]). Prevalence of one or more symptoms was higher in the 45-54 age group
(6.38% [6.22,6.55]), in women (6.19% [6.09,6.28]), in obese individuals (6.94% [6.78,7.11]) and
in those of mixed ethnicity (7.23% [6.59,7.93]). In round 6, the corresponding figures were
3.06% (2.98-3.14) and 1.61 (1.56-1.67) for the 27 symptoms in common with rounds 3-5, and
3.26% (3.18-3.34) and 1.86% (1.80-1.92) for one and three symptoms respectively when all 35

symptoms surveyed in round 6 are taken into consideration.

Community prevalence of current or historical persistent symptoms

Table C.2 (Appendix C) presents the data on current or resolved persistent symptoms in the
study population. A total of 28,973 out of the full population of 508,707 in rounds 3-5 re-
ported they currently had, or had had, one or more COVID-19 symptoms that had lasted for
at least 12 weeks, giving a weighted prevalence of 5.80% (5.73,5.86). For two or more symp-
toms, the numbers were 17,966 (3.56% [3.51,3.61]), and for three or more symptoms 11,287
(2.23% (2.19,2.27)). The trends by population characteristic were similar to those with current
persistent symptoms: higher prevalence in those in the 45-54 age group, in women, in obese

individuals and in those of mixed ethnicity.

Prevalence of persistent symptoms in those with symptomatic infection

Table 4.1 shows the proportion of individuals who reported symptomatic COVID-19 who re-
ported the presence of one or more, or three or more, of the 29 symptoms surveyed at 12
weeks post symptom onset. In rounds 3-5, 37.7% (37.4-38.1) of participants reported one or

more persistent symptoms, and 17.5% (17.2-17.7) reported three or more persistent symptoms;
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in round 6, 21.6% (20.9-22.3) of participants reported one or more persistent symptoms, and

11.9% (11.4-12.5) reported three or more persistent symptoms.

n with prior symptomatic

n COVID-19 and 12 weeks’ % with one or more % with three or more
. . symptoms at 12 weeks symptoms at 12 weeks
observation time
Rounds 3-5 508,707 76,155 37.7 [37.4-38.1] 17.47 [17.2-17.7]
Round 6 97,727 13,170 21.6 [20.9-22.3] 11.94 [11.4-12.5]
Round 6 (extended symptom list) 22.8 [22.1-23.5] 13.82 [13.2-14.4]

Table 4.1: Proportions of respondents in (i) rounds 3-5 and (ii) round 6 who reported one or
more (or three or more) symptoms 12 weeks after initial symptom onset.
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4.3.2 Prevalence by symptom

Figure 4.2 compares the prevalence of each symptom across the main study period (rounds 3-5)
and separately in round 6, among the N=76,155 (in rounds 3-5) and N=13,170 participants
who reported symptomatic COVID-19 and for whom 12 weeks’ observation time was available
(ie their date of symptom onset was 12 weeks or more before the date of survey response in
REACT-2). Tiredness was the most prevalent symptom in both rounds 3-5 and in round 6;
however, the prevalence of persistent tiredness decreased substantially, from 16.8%, (16.5-17.1)
in rounds 3-5 to 8% (7.5-8.6) in round 6. The decrease in overall symptom prevalence between
rounds 3-5 and round 6 was driven primarily by this decrease in reported persistent tiredness,

although smaller declines in the prevalence of 16 of the 26 other symptoms were observed.
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Sore throat** -

Runny nose** 4
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Loss or change to sense of smell 4
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Severe fatigue -

New persistent cough 4

Hoarse voice*** 4

Loss or change to sense of taste -
Sudden swelling to face or lips 1
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Numbness/tingling 4
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Figure 4.2: Individual symptom prevalence in rounds 3-5 (September 2020 — February 2021)
and separately in round 6 (May 2021). Additional symptoms only surveyed in round 6 are shown
in the bottom left panel. Right panel shows the change in symptom prevalence between rounds
3-5 and round 6. Asterisks indicate symptoms that were grouped in round 6. Reproduced
from Whitaker et al, Persistent COVID-19 symptoms in a community study of 606,434 people
in England, Nature Communications 2021 [270]
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4.3.3 Risk factors for persistent symptoms
Logistic regression

In logistic regression models with the binary outcome variable of one-or-more symptoms at
12 weeks, after mutual adjustment, persistent symptoms were positively associated with fe-
male sex, increasing age, being overweight or obese, having been hospitalised with COVID-19,
smoking, vaping, low household income and being a care home or healthcare worker. Odds
ratios ranged from 1.38 (1.32,1.45) for female sex to 3.45 (2.57,4.64) for hospitalisation with
COVID-19. Asian ethnicity was associated with a lower risk of persistent symptoms, after

mutual adjustment (figure 4.3). Patterns of association were consistent in round 6.
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Figure 4.3: Logistic regression models with one or more symptoms at 12 weeks (y/n) as the binary outcome variable, both adjusted for
age-sex and mutually adjusted. Reproduced from Whitaker et al, Persistent COVID-19 symptoms in a community study of 606,434 people
in England, Nature Communications 2021 [270]
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Variable ranking and selection

In multivariable analysis for variable ranking and selection, the strongest predictors of persistent
symptoms, in order, were age, sex, body mass index (BMI), household income, healthcare/care
home worker, deprivation, smoking status, prior hospitalisation with COVID-19 and vaping
status (in that order) (figure 4.4). Applying a frequentist approach to the goal of variable
selection (ie classifying predictors as selected when permutation of the predictor results in a
reduced or unchanged AUC at least 95% of the time over 1,000 runs), all putative risk factors
were selected as predictors except for the ethnicities, suggesting that the associations with
ethnicity identified in the logistic regression analysis may be attributable to misspecification or
model assumptions in the linear model framework that do not hold in this data (eg non-linearity,

interactions).
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Figure 4.4: Mean contribution to area under the curve (AUC) that each variable made in a
multivariable boosted tree model, derived by permuting each variable in turn (1000 times to
obtain a distribution) and quantifying the change in model performance. Reproduced from
Whitaker et al, Persistent COVID-19 symptoms in a community study of 606,434 people in
England, Nature Communications 2021 [270]
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Generalised additive modelling to investigate the likelihood of persistent symptoms

in relation to age

In generalised additive models (figure 4.5), three trends were apparent. First, the probability of
experiencing COVID-19 symptoms in the population followed a declining trend after approxi-
mately the age of 40 (left panels in figure 4.5). This trend is partly a function of the variation
in prevalence of prior infection across ages in the population, with younger people more likely
to have been infected in the first wave, and partly a function of the changing likelihood of
experiencing asymptomatic COVID-19 across ages. Second, the probability of experiencing
persistent COVID-19 symptoms in the general population follows an inverted V shape, with
a peak at approximately aged 50 (central panels in figure 4.5). Finally, the probability of ex-
periencing persistent symptoms, conditional on having had symptomatic COVID-19, increased
linearly with age, with approximately an additional 3.5 percentage points of risk per decade
of life (right panels in figure 4.5). Across all ages, women had approximately 8 percentage
points higher risk of experiencing persistent symptoms, conditional on an initial symptomatic
infection, than men. All these trends were highly consistent across the main study population

(rounds 3-5) and the replication cohort (round 6).
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Figure 4.5: Plots showing modelled probability of persistent symptoms at 12 weeks as a function
of age and sex, using GAMs (generalised additive models) with splines on age and interactions
between age and sex. From left to right, plots show (i) probability of experiencing COVID-19
symptoms in the population (n=508,707 observations), (ii) probability of experiencing persis-
tent symptoms at 12 weeks in the population, and (iii) probability of experiencing persistent
symptoms at 12 weeks, conditional on symptomatic infection (n=71,642 observations for whom
we had 150 days’ observation time). Conditional on symptomatic infection (likelihood of which
decreases after age 50, as shown in the central panels), the risk of experiencing persistent symp-
toms increases linearly with age (right panels). Reproduced with modification from Whitaker
et al, Persistent COVID-19 symptoms in a community study of 606,434 people in England,
Nature Communications 2021 [270].
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4.3.4 Identifying subtypes of persistent symptoms

Cluster analysis

Cluster analysis was performed on 20,240 participants in rounds 3—5 who were still symptomatic

12 weeks after symptom onset, based on symptom profiles at 12 weeks.

Before performing the final clustering analysis, the number of clusters (k) needed to be chosen.
The optimal distance metric was also determined at this stage: a range of different values of k
were tested using three different distance metrics appropriate to binary data (Dice, Hamming
and Jaccard). Using the silhouette score to determine the optimal specifications, 2 clusters
was found to be optimal, using the Hamming distance 4.6. Bootstrapped stability analysis

recovered the same clusters in 100% of bootstrap runs.

Cluster L1 (n=15,799) was characterised primarily by a high prevalence of persistent tiredness.
Cluster L2 (n=4,441) was characterised by a high prevalence of respiratory symptoms including
shortness of breath and tight chest (figure 4.6). The cluster medoids — the representative
observations which form the nucleus of each cluster — were a participant with tiredness (only)
at 12 weeks (Cluster L1) and a participant with tight chest and shortness of breath at 12 weeks
(Cluster L2). A greater proportion of people in the respiratory cluster (Cluster L2) reported
severe symptoms at the time of their COVID-19 illness (43.5% [42.0,44.9]) than in Cluster L1
(27.4% [26.7,28.1]). Nearly three times as many participants in Cluster L2 reported having
been hospitalised with COVID-19 (2.9% [2.5-3.5]) as in Cluster L1 (1.1% [0.9,1.3]).

In replication in the round 6 data, the algorithm again identified a subset of respondents (Cluster
R61.2, n=1,582) who reported high prevalence of shortness of breath, with chest pain and tight
chest. In contrast to the main analysis, this cluster also had high prevalence of tiredness. The
second cluster (Cluster R6L1, n=1,263) had high prevalence of loss of sense of smell and taste
(Appendix C, figure C.1).
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Latent Class Analysis

As with the clustering analysis, Latent Class Analysis (LCA) requires the choice of an optimal
number of classes (k). This was done by testing a range of values of k between 2 and 10 and
calculating the mean posterior probability (the probability of an observation being assigned to
the correct class by the algorithm) across all observations. In this analysis a k of 2 was optimal,
with the average posterior probability exceeding 0.95 (with 0.9 being a generally accepted
cut-off for robust classes) (Figure 4.7).

As with the cluster analysis, LCA identified one smaller class characterised by respiratory symp-
toms and higher overall symptom prevalence, and one larger class characterised predominantly

by tiredness (Figure 4.7).
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Figure 4.7: Results of Latent Class Analysis (LCA) on symptom profile at 12 weeks in rounds
3-5, showing (a) average posterior probability across a range of models with different numbers
of classes, and (b) symptom prevalence across classes in the two-class model. The two-class
model is shown to be optimal. Similar to the main clustering analysis, LCA identifies one larger
group in which tiredness is the predominant symptom and one smaller group with multiple
symptoms including high prevalence of respiratory symptoms. Reproduced with modification
from Whitaker et al, Persistent COVID-19 symptoms in a community study of 606,434 people
in England, Nature Communications 2021 [270]
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Estimating background symptom prevalence

All COVID-19 cases and symptoms in this analysis are self-reported, introducing the possibil-
ity of false positives and overestimation of COVID-19 cases and COVID-19-related symptom
prevalence. To investigate the background prevalence of persistent symptoms during the study
period, REACT-1 data from the same study period was used. The REACT-1 study asked
participants what symptoms they had experienced in the past 7 days, and how long before that
each symptom had started, up to a maximum of 114+ days. Taking the proportion of PCR-
negative people who said they were experiencing one or more symptoms that had started 11 or
more days previously gives an upper bound estimate of the prevalence of non-COVID-related

persistent symptoms in the community during this period.

The data from rounds 2 to 14 of REACT-1, which were collected between June 2020 and
September 2021, showed that the average weighted prevalence of any of the 26 symptoms
lasting 11 or more days was 3.06% (95% CI 3.04-3.09) among 1,879,842 PCR-negative adults
(figure 4.8).

51 Wild type Alpha Delta

n w »
1 N f

Percentage experiencing symptoms for 11+ days
among PCR negatives in REACT-1

2020-07 2021-01 2021-07
Date

Figure 4.8: Prevalence of symptoms persisting for 11 or more days in 1,879,842 PCR-negative
respondents to REACT-1. Data collected between July 2020 and September 2021 (rounds
2-14). Average weighted prevalence of 114 days persistent symptoms was 3.06% (3.04,3.09)
across rounds 2-14 of REACT-1. Error bars indicate 95% binomial confidence intervals of the
prevalence. Reproduced from Whitaker et al, Persistent COVID-19 symptoms in a community
study of 606,434 people in England, Nature Communications 2021 [270]
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4.4 Discussion

In this chapter, representative samples of the population during autumn and winter 2020 and
spring 2021 revealed high prevalence of persistent symptoms lasting 12 weeks or more in the
English population. The prevalence estimates pointed to 5.8% of the adult population ex-
periencing, or having experienced, one or more persistent symptoms post-COVID-19 during
rounds 3-5 (this corresponds to more than 2 million adults in England), and 2.2% experiencing
or having experienced three or more persistent symptoms (just under a million adults). In
round 6, these figures were 3.1% and 1.6% respectively. This compares with 3.06% respondents
reporting symptoms lasting 11 or more days among people testing negative for SARS-CoV-2.

The best source for external validation of these estimates is the Office for National Statistics
data, which used repeated surveys and tests of a representative sample of households in the
UK to estimate COVID-19 prevalence and symptom prevalence throughout the pandemic. The
earliest period for which data on persistent symptoms is available is April 2021 [274], and they
estimated that 1.69% (95% CI: 1.64,1.74) of the population was living with self-reported long
COVID of any duration longer than 4 weeks at that time. Their estimates are lower than the
estimates derived here for the corresponding time period (round 6) and the differences may
arise from several factors: they survey children as well as adults, and prevalences were lower
in children (0.18% [0.13,0.23] in 2-11 year olds, for instance, compared to 2.49% [2.36,2.62]) in
35-49 year olds); their data include the whole of the UK, not just England, and prevalences were
lower in Scotland and Northern Ireland. There are also factors that should cause their estimates
to be inflated relative to the estimates in this chapter: they did not restrict participants to
reporting specific symptoms from a list, merely asked whether they were experiencing any
persistent symptoms related to suspected COVID-19. They also used a threshold of 4 weeks
rather than 12.

Ultimately the variation may be attributable to survey question framing. The REACT-2 sur-
veys used in this chapter did not introduce the topic of long COVID: they asked what symptoms
had been part of the respondent’s suspected COVID-19, and how long they had lasted. By
contrast, the ONS survey phrased the question “Would you describe yourself as having ’long
COVID’, that is, you are still experiencing symptoms more than 4 weeks after you first had

COVID-19, that are not explained by something else?”[274]. It is possible that a person may
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still be experiencing mild tiredness some weeks after COVID-19, for instance, but not classify

themselves as having long COVID.

As with the population prevalence estimates, the estimates presented here of the likelihood of
experiencing persistent symptoms conditional on a symptomatic infection are higher than in
some studies, although other estimates have varied widely. At the lowest end, Sudre et al found
that only 2.3% of people with COVID-19 still reported symptoms at 12 weeks [162]. Other
studies estimated that 13.7% of people were symptomatic at 84 days [274], 14.8% at 90 days
[167], 35% at 2 months [275], 34.7% at 7 months [276], 46% at 6 months [168], and as high as
51-52% at 6 months [195, 277]. A 2022 meta-analysis of 194 papers and 735,006 participants
suggested that that 45% of COVID-19 survivors, including hospitalised and non-hospitalised
individuals, were experiencing a range of unresolved symptoms at 4 months, and commented

on the variability of prevalence estimates in the studies [278].

The results presented here indicate that 37.7% of individuals who contracted COVID-19 ex-
hibited one or more symptoms at the 12-week mark during the autumn/winter of 2020-2021,
and 21.6% in spring 2021. These estimates may be partially influenced by the extensive list
of symptoms surveyed, many of which are common and not exclusive to COVID-19. However,
the analysis of over 1.8 million PCR-negative respondents from the REACT-1 study revealed
a background prevalence of persistent symptoms lasting 11 or more days to be approximately
3%. This serves as an upper bound for the prevalence of persistent symptoms not related to
COVID-19. Therefore, the estimate of the prevalence of persistent symptoms associated with
COVID-19 is roughly ten times greater than the background prevalence. This concurs with a
study conducted by the Office for National Statistics, which investigated 26,922 UK residents
between April and August 2021 and found the point prevalence of any of 12 symptoms to be
3.4% in non-COVID-19 positive individuals, with 0.5% reporting symptoms lasting 12 weeks

or more [279).

The decrease in persistent symptoms between rounds 3-5 and the sixth round was primarily due
to a substantial decline in persistent tiredness, falling from 16.8% to 8.0%. There are various
explanations for this trend. The majority (60%) of historical infections reported during the sixth
round occurred prior to July 2020, which may indicate that the decline in reported prevalence of
persistent symptoms could be attributed to recall bias: ie individuals who experienced persistent

symptoms in 2020 and then recovered were more likely to recall this when surveyed in late
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2020 than they would be in sprint 2021. Although seasonal effects may influence symptom
prevalence, the background symptom prevalence remained relatively constant throughout the
study period. Studies have identified associations between lockdown measures and increased
levels of tiredness[280] and stress[281, 282], and while the third to fifth rounds were conducted
primarily during lockdown restrictions in the UK, the sixth round was conducted during the
transition from the second step of reopening (when schools, retail, and outdoor hospitality
were open) to ‘step three’ (when indoor venues were allowed to reopen and the ‘rule of six’ 3
was implemented). Finally, the survey structure was altered in the sixth round and the list of
symptoms surveyed was modified. In the analysis of the round 6, prevalence estimates were
based on the 27 out of 29 symptoms that were common to the earlier rounds, which may have

slightly underestimated the symptom reporting prevalence in comparison to the earlier rounds.

The phenotypical characteristics identified as risk factors for persistent symptoms — increasing
age, female sex, high BMI and having been hospitalised with COVID-19 — have previously been
identified as risk factors in other research [162, 283, 284]. Other studies have also pointed to the
same socio-economic factors identified here (measures of deprivation and household income) as

risk factors for persistent symptoms[196, 197].

The finding of a smooth linear association between age and risk of persistent symptoms, con-
ditional on symptomatic infection, has been replicated in other studies, but also contrasts with
some other published research. A 2022 study by Subramanian et al [197], which used a similar
study design focusing on a large (N=486,149) cohort of non-hospitalised adults and defining
their outcome as one or more persistent symptom at 12 weeks, identified the same risk fac-
tors, including a protective effect of South Asian ethnicity in unadjusted models (although the
effect went away after mutual adjustment). However, the risk of persistent symptoms across
age groups followed a different trajectory, generally decreasing from age 30 to age 70, albeit
with lower risk in the 18-19 age group and higher risk in the oldest age group (70+). After
mutual adjustment, there was a clear declining trend in risk of persistent symptoms as age
increased. By contrast, a meta-analysis by Thompson et al [196], which aggregated Electronic
Health Care Records (ECHR) from ten UK-based studies, found a strikingly similar pattern to
that reported here, both in risk of long COVID in the population (which followed an inverted
U shape), and of risk of long COVID conditional on initial infection (which followed a smooth

3The ‘rule of six’ prohibited any social gathering of more than six people, except for in a set of limited
circumstances
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increasing linear trend) — see figure 1 in their paper.

Two distinct and stable symptom clusters were identified at 12 weeks post-symptom-onset in
rounds 3-5. The results of additional analyses performed using different clustering methods re-
vealed consistent patterns of symptoms in each cluster. This finding suggests that long COVID
may have subgroups with specific symptom profiles. One of these subgroups, Cluster L2, was
characterised by a high prevalence of respiratory symptoms including shortness of breath and
chest tightness/pain. The replication data from round 6 also showed a high prevalence of these
and related symptoms in Cluster L2R6. Other studies have used unsupervised approaches to
identify subtypes of long COVID, though the time points at which the subtypes were charac-
terised differed, as did symptom lists and clustering and partitioning approaches. For example,
Sudre et al identified two symptom clusters at 28 days post-symptom-onset, which were differ-
ent from the clusters identified in this chapter. Huanget al [186] characterised five symptom
clusters at 61 days post-symptom-onset, two of which showed a high prevalence of respiratory
symptoms similar to those seen in Cluster L2 (and Cluster L2R6) in this chapter. Subramanian
et al [197] used Latent Class Analysis to partition their data on the basis of symptom profile
at 12 weeks and found three clusters: one large cluster containing 80% of the participants and
characterised by a range of symptoms including pain, fatigue and rash, one smaller cluster
(14.2% of participants) characterised by neurological and psychological symptoms (depression,
anxiety, insomnia and brain fog), and one cluster (5.8% of participants) characterised by cough,
shortness of breath and phlegm. While the symptoms surveyed differ from those surveyed in
REACT-2, and include a range of psychological symptoms that were not covered in REACT
surveys in relation to COVID-19, the broad partitioning of a large group with low overall
prevalence of symptoms and a smaller group with high prevalence of respiratory symptoms is
consistent with the analysis presented here. Reese et al [187] found six clusters based on se-
mantic quantification of electronic health records (EHRs) in patients with persistent COVID-19
symptoms, which could broadly be characterised as two multi-system clusters with high preva-
lence of symptoms across multiple systems (comprising 30% of study participants), and four
single-system clusters characterised by symptoms from a specific biological system (neurolog-
ical, pulmonary, neuropsychiatric and pain/fatigue). While the methods are very different to
those presented here, the clustering results have some commonalities: the presence or absence
of respiratory symptoms is a common differentiating characteristic of the clusters found, as is a

higher proportion of people who had severe acute COVID (including having been hospitalised)
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in the clusters characterised by respiratory symptoms and multi-system symptoms.

4.5 Conclusion

The results presented in this chapter show that there was a high burden of persistent symptoms
in the population of England during winter 2020/2021, which had declined somewhat by spring
2021. The risk factors identified support findings from other research, and show that, as with
the burden of acute disease and risk of hospitalisation and death, the burden of persistent

COVID-19 symptoms disproportionately affected the economically disadvantaged.

The sub-types identified by clustering also support the emerging picture of long COVID /post-
COVID syndrome as a constellation of overlapping syndromes affecting different biological
systems. Further research is needed to fully characterise these sub-types and elucidate the

biological mechanisms underpinning them.
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Chapter 5

Conclusions

The research questions in this thesis were driven by real-time public health demands during
the COVID-19 pandemic. Chapter two arose from a personal need to keep on top of COVID-
19 literature and an impression, reinforced by some early published research, that the supply
chain of research output had been disrupted by COVID-19 and that this merited investigation
and reflection. The findings present a mixed picture: the response in terms of research output
has been remarkable, although there is some suggestion that this has come at the expense of
research into other areas (some analysis of author-specific output could test this conjecture
more convincingly). Broadly, there was a high degree of alignment between what was driving
the public conversations and what was driving research interest, although the direction of effect,
which cannot be detected with the data available, will determine whether the effect is a result
of the public being more interested in scientifically credible papers, or of academic effort being
more strongly directed towards what is generating public attention than is normal. There is
some evidence that the large spike of preprints that appeared in the first half of 2020 was of
lower average quality than non-COVID-19 preprints, and there is more convincing evidence
that preprints were generating huge public attention in a way that they were not intended to.
As we enter the ‘enquiry’ phase of the COVID-19 era, this algorithmic interrogation of the
research ecosystem provides some insight into the function of the research economy under the

stress of a pandemic which may be useful in planning for future health crises.

Chapters three and four were developments of analyses conducted as part of the REACT-1 and
REACT-2 programmes. Chapter three originated from the need to identify potential COVID-
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19 cases in the community, which turned into the research paper published in 2021 [151]. This
paper identified three symptoms (appetite loss, muscle aches and muscle aches) in addition to
the ‘classic’ four (loss or change of sense of smell, loss or change of sense of taste, cough and
fever) that were jointly positively predictive of SARS-CoV-2 positivity with the original Wild-
type strain of the virus, and demonstrated that the same symptoms were similarly predictive of
infection with the Alpha variant. This analysis formed the basis of the variant-stratified analysis
presented in chapter three, using a similar variable selection approaches to identify changing
patterns of symptomatology with different SARS-CoV-2 variants. These findings, and those
from many other research groups, fed into the eventual expansion of the NHS ‘trigger’ list
of symptoms [155] during the Omicron wave in 2022. The extent to which these changing
symptom profiles reflect changes in the SARS-CoV-2 virus versus changes in the host immune
response is still an open question and one that merits further investigation. Similarly, the direct
comparison of the symptomatology and severity of the BA.2 vs BA.1 Omicron variants and the
finding of increased symptom burden associated with the BA.2 variant remains salient, even
though these variants have been superseded almost everywhere by XBB.1.5, BQ.1, CH.1.1,
XBB and other Omicron sub-variants, as a counterweight to the perception that COVID-19 is

on an inevitable progression towards lower virulence [285].

Chapter four represented an early (on the timescale of the COVID-19 pandemic) investigation
of the epidemiology of post-COVID syndrome. The prevalence estimates were based on an
immune-naive population and partly influenced by the effects of lockdown and the psycho-
logical disturbances associated with living through a pandemic, and therefore — fortunately —
substantially higher than the current population estimates. However, the risk factors identified
have been broadly replicated in other studies since the research was conducted, and the picture
of post-COVID syndrome as an overlapping constellation of distinct conditions arising from dif-
ferent host systems is congruent with current thinking. Undoubtedly, significant work remains
to be done to broaden our understanding of the condition. The cross-sectional analysis pre-
sented in chapter four has fed into the ongoing REACT-GE / REACT-LC cohort study [286],
which aims to identify biological signatures of Post-COVID syndrome and of severe COVID-19
using untargeted OMICs analysis from a number of platforms. The goal is to identify biological
pathways and mechanisms of persistent symptoms and severe disease, and eventually to develop

treatments.

118



On a broader level the REACT-1 and REACT-2 programmes, of which the third and fourth
chapter of this thesis represent just two outputs, have demonstrated the capacity for, and
effectiveness of, large-scale data-gathering responses to a pandemic, even under lockdown con-
ditions, and for close to real-time processing and sharing of the outcomes of the data to inform
public policy and other research efforts. The REACT-1 programme was successful in its orig-
inal research goal of providing reliable, near-real-time estimates of SARS-CoV-2 prevalence
over time, and also generated multiple secondary insights into risk factors for transmission and
infection, effectiveness of NPIs, behavioural responses to lockdowns and activity restrictions,
vaccine effectiveness, and symptomatology and persistent symptoms of COVID-19. In the later
rounds, when viral sequencing was conducted, the study was able to identify early spread of
new variants and estimate transmission advantages and vaccine effectiveness against emergent
variants [287]. The REACT-2 study, in addition to providing reliable, representative estimates
of the prevalence of SARS-CoV-2 antibodies in 2020 and 2021, was able to demonstrate wan-
ing of antibodies, from both infection and vaccination, to make some early estimates of the
prevalence of persistent symptoms, and to investigate the feasibility of using self-administered

lateral flow tests for home testing for antibodies.

The REACT programmes ran in parallel to the ONS Coronavirus (COVID-19) Infection Survey,
which had the same overarching research goal (surveillance of population infection trends in the
UK), but different study design [288]. While the REACT programmes used non-overlapping
cross-sectional samples of the population, the ONS study recruited a representative sample of
households in the UK and repeatedly sampled the same members from these households at
approximately monthly intervals. The differences in study design meant that the studies had
different strengths. To take one specific example, the precision with which the REACT pro-
gramme could investigate reinfection was limited by having to rely on individual recollection of
prior infection, while the ONS study was able to accurately identify and investigate reinfections
[289]. Conversely, elements of the REACT study design — at-home test administration, courier
and postal collection of samples, and fully independent samples within each round — enabled
surveillance to be conducted at a larger scale and lower per-sample cost, with a greater effective
power than with a non-independent longitudinal study population using nurse visits to admin-
ister and collect test samples. Taken together, the two surveillance programmes represented
a mutually complementary public health effort that effectively informed the response to the

COVID-19 pandemic in England and the UK.
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The REACT programme ended in March 2022, and the ONS Infection Survey in March 2023,
as government policy moved towards conventional methods of monitoring disease spread and
impact [290]. The large majority of the population now has some natural or vaccine-induced
immunity to COVID-19, and successive waves of new Omicron sub-variants throughout late
2022 and early 2023 have not caused large spikes of hospitalisations and deaths. Nonetheless,
the absence of any population surveillance programme of any scale inevitably increases the
population’s vulnerability to a new variant with substantially increased immune evasion or vir-
ulence, as the likelihood of early detection, and hence mitigation, is lower. Hopefully, the rapid
planning and implementation of these surveillance projects in 2020 will function as templates

for future large-scale rapid research efforts in response to infectious disease outbreaks.
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Figure A.2: Treemap plot showing journal fields among COVID-19 papers (2020-2022). The size of the box indicates the number of
papers in this field; the colour scale indicate the average number of citations received by the articles in this field (as of March 2023).
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Figure A.3: Accumulation velocity of social media Altmetrics scores for the 20 COVID-19
papers with the highest Altmetrics scores. Average across all papers shown in black; individual
paper accumulation curves shown in grey. Scores over time are normalised to a proportion of
their ‘final” score (as of March 2023). The papers accumulated an average of 59.7% of their
‘final” scores within 30 days of publication.
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Non-COVID-19 medical articles published per month
Between January 2019 and December 2022
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Figure A.4: Publication rates of non-COVID-19 medical papers in the pre-pandemic period
(2019) and the pandemic period (2020-2022). Regression lines and 95% Cls are shown with arti-
cles/month regressed onto time (in months since January 2019) and a binary pre-pandemic/post
pandemic variable, plus an interaction effect between these two independent variables. In jour-
nal articles, this interaction effect is not significant (p=0.46), suggesting a decline in growth
rate during the pandemic period. In preprints, both the main effect for the pre/post-pandemic
binary variable, and the interaction effect, are significant (p;j0.00001 and p=0.017 respectively),
with a positive effect, suggesting a boost in preprint publishing and a subsequent lower growth
rate.

Variable Data type Data source
Article title Text Dimensions
Article abstract Text Dimensions
Date of publication Date Dimensions
DOI Text Dimensions
Authors Text Dimensions
Journal title Text Dimensions
Issue number, volume, pages, etc Text Dimensions
PubMed ID Text Dimensions
Altmetrics ID Text Dimensions
Journal category (field) Text Dimensions
ISSN/ISBN Text Dimensions
Preprint / article status Text Dimensions
DOI of subsequent publication (for preprints) Text Dimensions
Journal Impact Factor (JIF) Numeric Thompson Reuters
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Table A.1 continued from previous page

Variable Data type Data source
Journal Citation Ration (JCR) Numeric Thompson Reuters
Journal citations (count of all citations received by publishing journal) Numeric Thompson Reuters
Total citations Numeric CrossRef
Citations / day Numeric CrossRef
Relative citation ratio Numeric Dimensions
Field citation ratio Numeric Dimensions
Recent citations Numeric Dimensions
Total mentions online Numeric Altmetrics
Twitter mentions Numeric Altmetrics
Number of online accounts mentioning paper Numeric Altmetrics
Facebook mentions Numeric Altmetrics
Mainstream media mentions Numeric Altmetrics
Reddit user mentions Numeric Altmetrics
Wikipedia mentions Numeric Altmetrics
YouTube channel mentions Numeric Altmetrics
Blog mentions Numeric Altmetrics
Peer review site mentions Numeric Altmetrics
Policy document mentions Numeric Altmetrics
Cohort: science communicator mentions Numeric Altmetrics
Cohort: general public mentions Numeric Altmetrics
Cohort: scientist mentions Numeric Altmetrics
Cohort: doctors and medics mentions Numeric Altmetrics
Readers on Citeulike Numeric Altmetrics
Readers on Mendeley Numeric Altmetrics
Readers on Connotea Numeric Altmetrics
Readers on all reference managers Numeric Altmetrics
Rank: all journals Numeric Altmetrics
Rank: within journal Numeric Altmetrics
Rank: among similarly aged papers Numeric Altmetrics
Rank: among similarly aged papers within journal Numeric Altmetrics
Percentile: all journals Numeric Altmetrics
Percentile: within journal Numeric Altmetrics
Percentile: among similarly aged papers Numeric Altmetrics
Percentile: among similarly aged papers within journal Numeric Altmetrics
Altmetrics score Numeric Altmetrics

Table A.1: Data points available for each article, with sources
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Top 8 terms

Classification
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can, help, better, provide, understanding, understand, improve, lead

use, digital, technology, based, technologies, users, using, used

decision, making, recommendations, guidelines, decision making, based, decisions, guidance
patients, treatment, therapy, treated, received, receiving, patient, diagnosed
evidence, review, literature, current, based, provide, available, potential
qualitative, interviews, experiences, study, analysis, themes, conducted, using
post, covid, recovery, post covid, function, body, rehabilitation, mass

case, patient, report, year, old, year old, presented, developed

number, increase, decrease, per, reduction, compared, average, significant
community, challenges, response, pandemic, crisis, communities, lessons, future
many, new, one, world, way, place, take, people

food, economic, income, pandemic, socio, vulnerable, household, loss

control, prevention, epidemic, measures, covid, outbreak, disease, spread

italy, european, italian, different, spain, germany, countries, main

face, measures, preventive, mask, hand, masks, use, adherence

role, important, play, covid, key, crucial, importance, well

people, covid, residents, home, nursing, living, hiv, among

cohort, outcomes, mortality, outcome, death, cohort study, primary, associated
economic, financial, market, business, crisis, tourism, sector, economy
management, strategies, strategy, effective, based, approach, waste, mitigation
data, collected, using, available, collection, used, information, analysis

cases, confirmed, number, case, covid, reported, confirmed cases, daily

women, covid, pregnant, pregnant women, pregnancy, maternal, mothers, violence
system, systems, healthcare, health, resources, capacity, pandemic, health system
deaths, death, covid, million, per, number, population, excess

b, variants, variant, omicron, delta, concern, ba, alpha

global, pandemic, ongoing, global pandemic, caused, worldwide, global health, threat
care, health care, patient, health, telemedicine, visits, telehealth, primary

staff, protective, personal, equipment, safety, ppe, protective equipment, personal protective
areas, urban, mobility, travel, rural, area, local, city

days, median, time, day, onset, iqr, duration, range

model, learning, models, proposed, accuracy, using, based, performance

group, groups, significant, difference, differences, control, study, statistically
covid, critical, conditions, existing, illness, pre, pre existing, condition

medical, covid, medicine, records, electronic, physicians, center, doctors

one, two, three, four, five, least, six, seven

immune, response, cell, cells, responses, inflammatory, cytokine, t cell

countries, south, country, africa, covid, across, middle, world

work, working, pandemic, employees, burnout, job, home, professional

studies, covid, well, however, several, needed, previous, recent

long, term, covid, long term, short, short term, effects, well

changes, increased, use, change, increase, pandemic, decreased, significantly
states, united, united states, us, black, u.s, across, white

covid, infections, co, ii, infection, bacterial, h, v

study, findings, research, design, approach, paper, implications, purpose

cells, expression, host, cell, viral, angiotensin, entry, lung

virus, india, world, spread, corona, various, like, corona virus

cov, sars, sars cov, infection, confirmed sars, coronavirus sars, causes covid, compatible
months, time, weeks, follow, month, two, points, week

participants, reported, self, study, self reported, among, completed, report
analysis, network, based, patterns, identify, using, structure, temporal

research, scientific, article, researchers, published, science, et al, field

covid, disease, world, diseases, infectious, organization, health, world health
anxiety, depression, symptoms, stress, scale, psychological, disorder, depressive
study, research, used, data, indonesia, aims, pandemic, carried

activity, physical, physical activity, time, exercise, activities, weight, lifestyle
life, quality, covid, sleep, vitamin, satisfaction, vitamin d, threatening

research, study, support, funding, national, approval, authors, interest

antibody, antibodies, igg, anti, sars, cov, sars cov, response

training, program, virtual, programs, person, remote, based, implementation
time, based, cost, real, can, effective, approach, tool

regression, associated, analysis, logistic, logistic regression, variables, predictors, multivariate

covid, correlation, significant, r, relationship, study, found, correlated

coronavirus, disease, coronavirus disease, novel, novel coronavirus, disease covid, coronavirus covid, caused

subject - general
method
method
method
method
subject - general
subject
method
method
subject - general
subject - general
subject
subject
subject - general
subject
subject - general
subject
method
subject
subject
method
subject
subject
subject - general
subject
subject
subject - general
subject
subject
subject - general
method
method
method
subject
subject
method
subject
subject - general
subject
method
subject
method
subject - general
subject
method
subject
subject - general
subject - general
method
method
method
method
subject - general
subject
method
subject
subject
method
subject
subject
method
method
method

subject - general
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Table A.2 continued from previous page

Topic Top 8 terms Classification
65 clinical, trial, trials, day, randomized, treatment, controlled, days method

66 positive, testing, test, negative, tested, tests, tested positive, screening subject

67 different, large, types, scale, type, three, two, based method

68 pandemic, period, pre, compared, periods, pre pandemic, covid, time subject - general
69 even, however, still, due, though, although, many, might method

70 effect, interventions, intervention, effects, non, temperature, pharmaceutical, reduce subject

71 across, uk, within, range, wide, including, national, canada subject - general
72 covid, patients, cardiac, injury, liver, heart, cardiovascular, acute subject

73 diabetes, disease, patients, chronic, comorbidities, kidney, covid, hypertension subject

74 policy, government, measures, policies, state, pandemic, response, governments subject

75 suggest, findings, likely, whether, less, indicate, may, however method

76 population, prevalence, general, among, covid, general population, based, study subject

7T factors, risk, associated, covid, risk factors, factor, identify, factors associated subject

78 viral, virus, rna, respiratory, load, transmission, tract, viral load subject

79 information, media, social, social media, news, communication, content, sources subject

80 transmission, contact, quarantine, contacts, close, tracing, community, contact tracing subject

81 social, distancing, social distancing, isolation, home, measures, physical, pandemic subject

82 human, virus, influenza, viruses, respiratory, humans, coronaviruses, mers subject

83 workers, healthcare, health, nurses, care, professionals, hcws, healthcare workers subject

84 current, pandemic, need, covid, dental, future, attention, situation subject

85 article, pandemic, crisis, political, paper, legal, rights, society subject

86 symptoms, fever, pain, covid, cough, common, fatigue, symptom subject

87 clinical, characteristics, laboratory, features, covid, course, outcomes, clinical characteristics subject

88 model, models, number, epidemic, time, parameters, dynamics, data method

89 years, age, older, adults, aged, among, groups, elderly subject - general
90 perceived, behavior, behaviors, intention, trust, perception, self, influence subject

91 ct, lung, pneumonia, patients, chest, covid, imaging, findings subject

92 detection, sensitivity, samples, diagnostic, rapid, tests, testing, specificity subject

93 studies, review, systematic, search, included, articles, meta, analysis method

94 lockdown, air, period, reduction, pollution, quality, lockdowns, due subject

95 molecular, drug, compounds, potential, binding, docking, protease, drugs subject

96 study, showed, present, aimed, revealed, present study, analysis, study aimed method

97 cancer, patients, surgery, surgical, treatment, covid, procedures, cancer patients subject

98 vaccine, vaccination, vaccines, dose, vaccinated, mrna, doses, hesitancy subject

99 new, development, process, article, main, state, problem, new coronavirus subject - general
100 survey, respondents, online, questionnaire, questions, reported, responses, online survey subject - general
101 early, covid, phase, stage, initial, stages, late, phases subject - general
102 knowledge, covid, towards, practice, practices, regarding, attitudes, attitude subject - general
103 levels, level, high, higher, low, lower, significantly, associated method

104 ci, ratio, odds, confidence, interval, associated, aor, adjusted method

105 protein, spike, sars, cov, sars cov, binding, rbd, spike protein subject

106 icu, care, patients, intensive, intensive care, ventilation, unit, mechanical subject

107 march, april, period, january, june, february, december, july subject - general
108 patients, respiratory, ill, critically, ards, failure, acute, distress subject

109 neurological, manifestations, stroke, system, infection, associated, complications, covid subject

110 china, outbreak, wuhan, december, spread, chinese, coronavirus, novel subject - general
111 patients, blood, levels, dimer, d dimer, serum, count, crp subject

112 infection, infected, infections, infected patients, patients infected, viral infection, reinfection, however subject

113 treatment, drugs, drug, clinical, use, therapeutic, antiviral, therapy subject

114 p, vs, It, p lt, significantly, higher, compared, gt method

115 covid, non, without, non covid, compared, similar, including, without covid subject - general
116 severe, disease, severity, covid, severe covid, mild, moderate, patients subject

117 supply, development, production, demand, products, chain, sustainable, energy subject - general
118 rate, mortality, rates, incidence, covid, higher, mortality rate, high subject

119 learning, online, education, students, teaching, teachers, online learning, face subject

120 pandemic, impact, affected, covid, negative, impacts, significant, effects subject - general
121 age, mean, years, score, gender, male, female, study method

122 using, test, value, study, used, statistical, analysis, data method

123 may, covid, potential, help, lead, increase, affect, contribute subject - general
124 health, public, public health, emergency, health emergency, authorities, concern, response subject

125 health, mental, mental health, pandemic, problems, physical, well, impact subject

126 patients, hospital, hospitalized, admission, admitted, hospitalization, stay, discharge subject - general
127 children, family, parents, pediatric, adolescents, families, child, caregivers subject - general
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Table A.2 continued from previous page

Topic Top 8 terms Classification
128 sars, cov, sars cov, genome, viral, mutations, sequencing, genetic subject

129 emergency, covid, department, hospital, ed, new, march, emergency department subject - general
130 individuals, covid, subjects, compared, controls, healthy, asymptomatic, symptomatic method

131 stress, psychological, support, distress, coping, emotional, resilience, well subject

132 students, school, university, academic, schools, college, student, pandemic subject

133 effects, covid, events, adverse, safety, side, event, reported subject

134 cross, study, sectional, cross sectional, among, sectional study, conducted, questionnaire method

135 risk, high, covid, high risk, exposure, increased, risks, increased risk subject

136 services, service, access, pandemic, health, delivery, support, needs subject

137 coronavirus, respiratory, acute, syndrome, severe, acute respiratory, respiratory syndrome, severe acute subject - general
138 pcr, rt, rt pcr, positive, reaction, chain, polymerase, polymerase chain subject

139 covid, related, specific, pandemic related, including, health related, covid related, associated subject - general
140 first, second, wave, third, two, first wave, covid, waves subject - general

Table A.2: 140 topics identified by topic modelling of abstracts from 486,030 COVID-19 papers
published in 2020-2022. Topics are classified into three categories: subject - general (for generic
topics relating to the pandemic and healthcare), subject (for topics relating to specific aspects
of COVID-19), and method (for topics that relate to the methodology of the paper). The top 8
terms associated with the topic (as measured by Gamma value) are shown for each topic.
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Topics that drive media attention in journal articles
B coefficients over time in models associating topics with Altmetrics score. Rolling 8-week window. Bs shown where p<0.05

-

Topic 98: vaccine, ination, i dose, mrna 4

Topic 104: ci, ratio, odds, confidence, interval, associated 4

Topic 130: individuals, covid, subjects, compared, controls, healthy 4
Topic 133: effects, covid, events, adverse, safety, side 4

Topic 65: cal, trial, trials, day, randomized, treatment 4

Topic 25: deaths, death, covid, million, per, number 4

Topic 89: years, age, older, adults, aged, among

Topic 18: cohort, outcomes, mortality, outcome, death, cohort study 4
Topic 31: days, median, time, day, onset, iqr 4

Topic 75: suggest, findings, likely, whether, less, indicate -

Topic 80: transmission, contact, quarantine, contacts, close, tracing 4
Topic 112: infection, infected, infections, infected patients, patients infected, viral infection 4
Topic 26: b, variants, variant, omicron, delta, concern 4

Topic 58: research, study, support, funding, national, approval 4

Topic 43: states, united, united states, us, black, u.s

Topic 48: cov, sars, sars cov, infection, confirmed sars, coronavirus sars 4
Topic 78: viral, virus, rna, respiratory, load, transmission 4

Topic 50: participants, reported, self, study, self reported, among 4

Topic 59: antibody, antibodies, igg, anti, sars, cov 4

Topic 66: positive, testing, test, negative, tested, tests

Topic 70: effect, interventions, intervention, effects, non, temperature 4
Topic 15: face, measures, preventive, mask, hand, masks 4

Topic 76: population, prevalence, general, among, covid, general population -
Topic 49: months, time, weeks, follow, month, two 4

Topic 137: coronavirus, respiratory, acute, syndrome, severe, acute respiratory
Topic 126: patients, hospital, itali: admission, admitted, italization 4
Topic 105: protein, spike, sars, cov, sars cov, binding 4

Topic 107: march, april, period, january, june, february 4

Topic 135: risk, high, covid, high risk, exposure, increased |

Topic 71: across, uk, within, range, wide, including

Topic 37: immune, response, cell, cells, responses, inflammatory 4

Topic 36: one, two, three, four, five, least 4 1 B

Topic 118: rate, mortality, rates, incidence, covid, higher -

Topic 106: icu, care, patients, intensive, intensive care, ventilation -

Topic 128: sars, cov, sars cov, genome, viral, mutations 4

Topic 41: long, term, covid, long term, short, short term 4

Topic 72: covid, patients, cardiac, injury, liver, heart 4

Topic 127: children, family, parents, pediatric, adolescents, families 4

Topic 82: human, virus, influenza, viruses, respiratory, humans

Topic 23: women, covid, pregnant, pregnant women, pregnancy, maternal 4
Topic 109: neurological, manifestations, stroke, system, infection, associated 4
Topic 115: covid, non, without, non covid, compared, similar 4

Topic 93: studies, review, systematic, search, included, articles 4

Topic 81: social, distancing, social distancing, isolation, home, measures 4
Topic 123: may, covid, potential, help, lead, increase

Topic 90: perceived, behavior, behaviors, intention, trust, perception -

Topic 91: ct, lung, pneumonia, patients, chest, covid 4

Topic 83: workers, healthcare, health, nurses, care, professionals 4

Topic 64: coronavirus, disease, coronavirus disease, novel, novel coronavirus, disease covid -
Topic 74: policy, government, measures, policies, state, pandemic

Topic 5: evidence, review, literature, current, based, provide 4 [ |

Topic 3: decision, making, recommendations, guidelines, decision making, based 4
Topic 119: learning, online, education, students, teaching, teachers 4

Topic 110: china, outbreak, wuhan, december, spread, chinese 4

Topic 14: italy, european, italian, different, spain, germany

Topic 134: cross, study, sectional, cross sectional, among, sectional study -
Topic 29: staff, protective, personal, equipment, safety, ppe

Topic 63: covid, correlation, significant, r, relationship, study

Topic 6: qualitative, interviews, experiences, study, analysis, themes -

Topic 97: cancer, patients, surgery, surgical, treatment, covid 4

Topic 53: covid, disease, world, diseases, infectious, organization

Topic 69: even, however, still, due, though, although 4

Topic 19: economic, financial, market, business, crisis, tourism

Topic 55: study, research, used, data, indonesia, aims 4

Topic 39: work, working, pandemic, employees, burnout, job 4

Topic 117: supply, development, production, demand, products, chain 4
Topic 131: stress, psychological, support, distress, coping, emotional 4
Topic 85: article, pandemic, crisis, political, paper, legal 4

Topic 2: use, digital, technology, based, technologies, users 4

Topic 10: community, challenges, response, pandemic, crisis, communities 4
Topic 100: survey, respondents, online, questionnaire, questions, reported
Topic 60: training, program, virtual, programs, person, remote

Topic 24: system, systems, healthcare, health, resources, capacity

Topic 102: knowledge, covid, towards, practice, practices, regarding 4

Topic 52: research, scientific, article, researchers, published, science
Topic 35: medical, covid, medicine, records, electronic, physicians 4

Topic 45: study, findings, research, design, approach, paper

Topic 122: using, test, value, study, used, statistical 4

Topic 16: role, important, play, covid, key, crucial 4

Topic 136: services, service, access, pandemic, health, delivery
Topic 27: global, pandemic, ongoing, global pandemic, caused, worldwide 4
L .

Topic 1: can, help, better, provide, understanding, understand

Topic 99: new, development, process, article, main, state -

Topic 11: many, new, one, world, way, place

Topic 20: management, strategies, strategy, effective, based, approach
Topic 47: virus, india, world, spread, corona, various 4

Topic 96: study, showed, present, aimed, revealed, present study
Topic 84: current, pandemic, need, covid, dental, future 4

Topic 120: pandemic, impact, affected, covid, negative, impacts 4

2020 2021 2022

Total media attention

800000 1

600000 1

400000

200000 1

B
- 4000
2000

-2000
== _4000

Figure A.5: Heatmap showing results of univariable regression of Altmetrics scores onto abstract
topics on a rolling 8-week time window throughout the pandemic period 2020-2022, for journal
articles only (excluding preprints). Colour represents beta values: blue = positive betas, red
= negative betas and colour darkness represents beta value magnitude (darker hue = larger
beta). Topics are ordered by average beta value across the three years, and only topics with at
least one period of significant association witl ®ltmetrics scores are shown.




Appendix B

Appendix: Symptom profiling
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Figure B.1: Sensitivity analysis of the univariable symptom profiling among N=1,542.510 par-
ticipants, additionally adjusted for time since symptom onset (as a categorical variable, 04,
5-10,11+ days). Error bars show 95% confidence intervals. Odds ratios are attenuated but
the patterns are largely consistent with the main analysis. Reproduced with modification from
Whitaker et al, Variant-specific symptoms of COVID-19 in a study of 1,542,510 adults in Eng-

land, Nature Communications 2022 [247].
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Figure B.2: Pooled logistic regression analysis of N=1,542 510 participants across five variant-
phases. For each of the symptoms, a logistic model was fit with this specification: y[PCR
pos/neg|] covariates [age, sex, vaccination, calendar time| 4+ variant [binary| + symptom [y/n]
+ variant:symptom|[interaction]| For the reference category variant (Wild-type) we report the
odds ratio on the symptom. For subsequent variants, we report the product of the symptom
odds ratio and the interaction effect with the relevant variant. Error bars show 95% confidence
intervals. The patterns of changes in odds ratios between variants are consistent with the
patterns shown in the stratified logistic regression analysis in Figure 2.: ORs are higher for
BA.2 than BA.1 for nearly all symptoms. Fever and cough have the highest ORs for BA.2
and BA.1, while loss or change of smell or taste have the highest ORs in all previous variants.
Reproduced with modification from Whitaker et al, Variant-specific symptoms of COVID-19
in a study of 1,542,510 adults in England, Nature Communications 2022 [247].
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Figure B.3: Scatter plot showing (y-axis) N-gene Ct values among symptomatic swab-positive
individuals and (x-axis) time (in days) since symptom onset, for BA.1 and BA.2. For each
variant, a linear regression model is fitted with Ct value as the dependent variable and days since
symptom onset (between 1 and 11 or more) as the predictor variable. Pearson’s R value shown,
with a p-value derived from a two-sided test with HO: r=0. For both variants there is a positive
association between time since symptom onset and Ct value. Reproduced with modification
from Whitaker et al, Variant-specific symptoms of COVID-19 in a study of 1,542,510 adults in
England, Nature Communications 2022 [247].
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Figure B.4: Heatmaps showing co-occurrence of symptoms across variants among swab-positive

Loss or change of sense of taste

Denominators for percentages are the number of swab positive individuals with

each variant. Reproduced with modification from Whitaker et al, Variant-specific symptoms of
COVID-19 in a study of 1,542,510 adults in England, Nature Communications 2022 [247].
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Figure B.5: Heatmap showing co-occurrence of first symptoms among swab positive individuals
in rounds 17-19 (5 January to 31 March 2022), when Omicron was dominant. The denominator
for percentages is the number of swab positive individuals who reported experiencing one or
more of 26 symptoms in the week prior to testing in rounds 17-19 (n=7,176) of REACT-1.
Sore throat, headache, and tiredness are the most common first symptoms and are the most
commonly co-occurring pairs of first symptoms. Reproduced with modification from Whitaker
et al, Variant-specific symptoms of COVID-19 in a study of 1,542,510 adults in England, Nature
Communications 2022 [247].
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Predictor

Age group

Age group

Age group

Age group

Age group

Age group

Age group

Ethnicity

Ethnicity

Ethnicity

Ethnicity

Ethnicity

Adiposity

Adiposity

Adiposity

Adiposity

Healthcare or care home worker

Healthcare or care home worker

Index of multiple deprivation (IMD) quintile
Index of multiple deprivation (IMD) quintile
Index of multiple deprivation (IMD) quintile
Index of multiple deprivation (IMD) quintile
Index of multiple deprivation (IMD) quintile

Current smoker

Current smoker

Current smoker

Current vaper

Current vaper

Current vaper

Severity of COVID-19 symptoms
Severity of COVID-19 symptoms
Severity of COVID-19 symptoms

Treatment sought/ received for COVID-19
Treatment sought/ received for COVID-19
Treatment sought/ received for COVID-19

Treatment sought/ received for COVID-19
Gross household income

Gross household income

Gross household income

Gross household income

LFIA test result

LFIA test result

Hospitalised with COVID

Hospitalised with COVID

Level

Male [reference]

Female

55-64 [reference]|

18-24

25-34

35-44

45-54

65-74

744

White [reference]

Asian

Black

Mixed

Other

Normal weight [reference]
Obese

Overweight

Underweight

No [reference]|

Yes

3 [reference]

1 - most deprived

2

4

5 - least deprived

Not current cigarette smoker
[reference]

Current cigarette smoker
Prefer not to say

Not current vaper [reference]
Current vaper

Prefer not to say

Mild symptoms [reference]
Moderate symptoms
Severe symptoms

No medical attention sought
[reference]

Hospital admission

Sought medical attention from

pharmacist / by phone (NHS 111/GP)

Visited GP/walk-in centre/A&E
15,000-49,999 [reference]
>150,000

0-14,999

50,000-149,999

Negative

Positive

No [reference]|

Yes

Crude

NA [NA-NA]
1.46 [1.42-1.51]
NA [NA-NA]
0.58 [0.54-0.62]
0.6 [0.57-0.63]
0.65 [0.62-0.68]
0.86 [0.83-0.9]
1.16 [1.1-1.22]
1.51 [1.38-1.64]
NA [NA-NA]
0.71 [0.65-0.77]
0.99 [0.85-1.15]
1.05 [0.94-1.18]
0.99 [0.86-1.14]
NA [NA-NA]
1.52 [1.46-1.58]
1.14 [1.1-1.18]
1.15 [1.01-1.33]
NA [NA-NA]
1.48 [1.39-1.56]
NA [NA-NA]
1.19 [1.12-1.25]
1.05 [1-1.1]
0.94 [0.9-0.98]
0.85 [0.82-0.89]

NA [NA-NA]

1.23 [1.17-1.29]
0.92 [0.79-1.08]
NA [NA-NA]

1.12 [1.06-1.19]
0.84 [0.69-1.03]
NA [NA-NA]

1.82 [1.75-1.89]
3.25 [3.11-3.39]

NA [NA-NA]
3.98 [3.37-4.69]
2.07 [2-2.14]

1.81 [1.72-1.91]
NA [NA-NA]

0.59 [0.54-0.64]
1.51 [1.42-1.61]
0.7 [0.67-0.72]
1.28 [1.24-1.33]
NA [NA-NA]

3.08 [2.61-3.63]

Age, sex adjusted
NA [NA-NA]

1.51 [1.46-1.55]

NA [NA-NA]

0.56 [0.53-0.6]
0.58 [0.55-0.61]
0.64 [0.61-0.67]
0.86 [0.82-0.9]
1.16 [1.1-1.23]
1.47 [1.35-1.61]
NA [NA-NA]
0.8 [0.74-0.88]
1.06 [0.91-1.24]
1.19 [1.06-1.33]
1.05 [0.91-1.22]
NA [NA-NA]
1.53 [1.47-1.59]
1.16 [1.12-1.21]
1.17 [1.02-1.35]
NA [NA-NA]
1.33 [1.26-1.41]
NA [NA-NA]
1.24 [1.17-1.31]
1.08 [1.03-1.13]
0.92 [0.88-0.97]
0.84 [0.8-0.87]

NA [NA-NA]

1.35 [1.28-1.41]
1.03 [0.88-1.21]
NA [NA-NA]

1.26 [1.18-1.34]
0.94 [0.77-1.16]
NA [NA-NA]

1.74 [1.68-1.81]
3.02 [2.89-3.15]

NA [NA-NA]
3.46 [2.93-4.09)
2.05 [1.98-2.12]

1.67 [1.58-1.76]
NA [NA-NA]

0.64 [0.58-0.69]
1.39 [1.3-1.48]
0.76 [0.73-0.79]
1.28 [1.24-1.33]
NA [NA-NA]

2.72 [2.3-3.21]

Mutually adjusted
NA [NA-NA]
1.38 [1.32-1.45]
NA [NA-NA]
0.64 [0.57-0.72]
0.6 [0.56-0.65]
0.64 [0.59-0.68]
0.85 [0.8-0.91]
1.16 [1.01-1.33]
1.19 [0.71-1.98]
NA [NA-NA]
0.84 [0.74-0.96]
1.02 [0.81-1.28]
1.16 [0.98-1.38]
1.05 [0.83-1.32]
NA [NA-NA]
1.39 [1.32-1.48]
1.15 [1.09-1.21]
0.99 [0.79-1.25]
NA [NA-NA]
1.26 [1.17-1.36]
NA [NA-NA]
1.09 [1-1.19]
1.04 [0.97-1.12]
0.98 [0.92-1.05]
0.91 [0.85-0.97]

NA [NA-NA]

1.11 [1.03-1.2]
0.84 [0.63-1.14]
NA [NA-NA]

1.11 [1.01-1.21]
0.94 [0.59-1.51]
NA [NA-NA]

1.51 [1.43-1.6]
2.26 [2.1-2.42]

NA [NA-NA]
3.45 [2.57-4.64]
2.02 [1.92-2.13]

1.57 [1.44-1.71]
NA [NA-NA]
0.8 [0.73-0.88]
1.36 [1.22-1.51]
0.84 [0.8-0.88]
1.41 [1.33-1.49]
NA [NA-NA]
3.45 [2.57-4.64]

Table C.3: Odds ratios for logistic regression models with persistent symptoms y/n as the binary

outcome variable.
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B s 67.9
B so 29.3
Bl o0
Il 141 288

Il 170 288
B 114 214
B 129 216

| 52 11.3
B 22 13.1
B oo 17.1
i 61 9.7
B &7 9.3
mEEl -

A oo

|

|

|

|

|

|

|

I
_—

4.2 7.3
4.0 56
7.9 12.3
23 4.0
1.0 3.2
8.7 9.9
1.7 1.5

Cluster R6

Figure C.1: Results of clustering analysis in the replication cohort (round 6). Cluster R6LL1 had
high prevalence of loss or change of sense of smell and taste; Cluster R6L.2 had high prevalence
of shortness of breath, tight chest and tiredness. As with the clustering in the main study
with respiratory symptoms at 12 weeks were grouped

population (rounds 3-5), participants
together.

Shortness of breath
Tight/heavy chest/chest pain
Tiredness

Kk

Muscle aches

Difficulty sleeping

New persistent cough
Headache

Sore throat/hoarse voice***

Severe fatigue Symptom
P prevalence

Dizziness Round 6

Runny/blocked nose** 100

Abdominal issues* 50
Loss or change to sense of smell
Loss or change to sense of taste 0
ltchy/sore/red eyes

Appetite loss

Numbness/tingling

Sneezing

Fever

Red, itchy areas on the skin

Purple sores/blisters on feet

Sudden swelling to face or lips
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