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4. Abstract

4.1. Introduction

The emergence of SARS coronavirus 2 (SARS-CoV-2) in 2019 prompted unprecedented public health
responses globally. Concurrently, H5SN1 and H1N1 influenza viruses continue to pose significant
threats to public health: with H5N1 viruses posing a concerning pandemic risk. In this study, |
conducted a comprehensive serosurvey of human and avian anti-influenza virus immunity.
Bioinformatics-informed site-directed mutagenesis techniques (SDM) uncovered HA-head-directed
immunity likely present in this serosurvey. Additionally, | assessed the Scottish population immunity

towards SARS-CoV-2 through a serosurvey of blood donors during the first pandemic wave.

4.2, Methods

| employed a lentivirus-based pseudotyped virus system to test for neutralising antibodies against the
influenza Haemagglutinin (HA) and SARS-CoV-2 Spike (S) proteins in sera samples. | employed
structural bioinformatics and SDM to characterise putative antibody binding sites (ABSs) and epitopes
on H5N1 and HIN1 hemagglutinins (HAs). The seroprevalence of SARS-CoV-2 antibodies was modelled

using logistic regression.

4.3. Results

| found that 479/520 people neutralised the HA from A/bar-headed goose/Qinghai/3/2005/H5N1, a
Highly Pathogenic Avian Influenza (HPAI) virus that did not infect people in Scotland. | also found
varying levels of population immunity towards pandemic and seasonal H1N1 influenza HAs. Structural
bioinformatics approaches identified epitopes of limited variability (ELVs) shared between H5N1 and

H1N1 subtypes. Site-directed mutagenesis (SDM) showed that mutating HA head residues in A/bar-
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headed goose/Qinghai/3/2005/H5N1 and A/USSR/90/1977/H1N1 significantly modulates the human
neutralising response. The SARS-CoV-2 serosurvey revealed negligible population immunity amongst

the Scottish population towards the end of the first COVID-19 pandemic wave.

4.4, Discussion

This study reveals potential cross-reactive epitopes of limited variability (ELVs) shared between H5N1
and H1IN1 influenza subtypes, challenging conventional notions of subtype-specific immunity. These
findings suggest that the immune system recognises conserved regions within the HA head domain,
potentially impacting vaccine design and pandemic preparedness efforts. Further validation and
exploration are warranted to understand the implications fully. Moreover, my results support the
concept of limited drift/ antigenic thrift, wherein conserved immunologically relevant regions drive
influenza antigenic evolution. The identification of shared epitopes has profound implications for
universal influenza vaccine development. By targeting conserved head ELVs, vaccines may confer
broad cross-protection against multiple influenza strains, mitigating the need for frequent updates

and enhancing pandemic preparedness.

Moreover, the SARS-CoV-2 serosurvey revealed that another COVID-19 pandemic wave was likely and

provided impetus for the UK government to pursue further public health interventions.
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5. Abbreviations

Abbreviation

Definition

ABS

Antibody Binding Site

ACE2 Angiotensin-Converting Enzyme 2
ARDS Acute Respiratory Distress Syndrome
BH Benjamini-Hochberg

bnAB Broadly Neutralising Antibody

CDC Centres for Disease Control and Prevention
DMS Deep Mutational Scanning

ELV Epitope of Limited Variability

FDA Food and Drug Administration

GAM Generalised Additive Model

GC Germinal Centre

GP Glycoprotein

H/ LPAI Highly Pathogenic/ Low Pathogenic Avian Influenza
HAI Haemagglutination Inhibition Assay
HA Haemagglutinin

IC50 Half-Maximal Inhibitory Concentration
M2 Matrix Protein 2

NA Neuraminidase

oD Optical Density

OAS Original Antigenic Sin

PHE Public Health England

PMN Pseudotype Microneutralisation Assay
PSO Post Symptom Onset

RBD/ S Receptor Binding Domain/ Site

RLU Relative Light Unit

SA Sialic Acid

S Spike Protein

VE Vestigial Esterase

WHO World Health Organisation

WOAH World Organisation for Animal Health
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7. Introduction

Seasonal influenza causes an estimated three to five million cases of severe disease and between
290,000 to 650,000 deaths per year [1]. Influenza pandemics have also occurred four times since 1918,
causing over 50 million deaths [2]. Since 2019, SARS-CoV-2 spread around the world causing over 600
million cases and up to 6 million deaths [3]. In order to combat the threat of emergent viruses, we
need to determine which strains have pandemic potential and design vaccines that protect against

future pandemics and seasonal outbreaks.

7.1. Virion structure

Figure 1 shows a representation of an influenza virion. Influenza comprises up to seventeen proteins.
Three of these are found on the exterior of the virion, the surface glycoproteins Haemagglutinin (HA),
Neuraminidase (NA), and Matrix 2 (M2). The virion is enclosed in a host-derived lipid membrane. The
surface glycoproteins are anchored to the viral envelope. The most abundant of these glycoproteins
is HA, which mediates viral attachment and entry into host cells by binding to sialic acid receptors on
the cell surface [4]. HA is estimated to be the target of 60% of anti-influenza antibodies [5].
Consequently, HA is the primary antigen used for most influenza vaccines [5]—[7]. Therefore, this
project focuses on immune responses towards HA. NA cleaves sialic acid residues from host cell
receptors, thereby facilitating viral egress [8]. The M2 protein provides structural support to the viral
envelope and functions as a proton channel, enabling the acidification necessary for viral entry into
host cells [9]-[12]. Inside the viral envelope are viral Ribonucleoproteins (VRNPs). These VRNPs consist
of the viral genome bound to viral Nucleoproteins (NPs). This is how the negative sense, single-
stranded RNA gene segments are stored and protected. Also within the vRNP complexes are the three
sub-unit proteins that form the polymerase complex: Polymerase Basic Protein 1 (PB1), Polymerase

Basic Protein 2 (PB2), and Polymerase Acidic Protein (PA). TheRNA-dependent RNA polymerase
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complex catalysing transcription and replication of the viral genome. The morphology of influenza
virions is varied; laboratory virions tend to be spherical, whilst clinical isolates appear to form long

filaments [13]-[17].

_j,;_c? \_Envelope
'—NA

Figure 1. A representation of an influenza virion showing the distribution of the HA, NA and M2
proteins on the influenza virion’s surface, as well as the structure of vVRNPs. Created using
Biorender.com (accessed on 11 April 2024).

7.2. Influenza Subtypes & Lineages

Influenza A and B currently circulate in the human population. There are two influenza A subtypes
circulating; HIN1 influenza A and H3N2 influenza A. Before 2020, there were two lineages of Influenza
B; Victoria and Yamatagata. Since 2020, the Yamagata lineage has dropped out of circulation [18],
[19]. Influenza A subtypes are denoted by HA (1-18) and NA (NA, 1-11) [20]. The subtypes HIN1,
H2N2, H3N1, and H5N1 are all influenza A [20]. Multiple strains comprise each subtype showing

divergent evolutionary and antigenic properties.

In humans, multiple subtypes have circulated since the last century [5]. HIN1 influenza initially

circulated between 1918 and 1957. In 1957, HIN1 was replaced by H2N2 influenza A in the ‘Asian flu’.
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H2N2 then circulated between 1957 and 1968 when it was replaced by H3N2 influenza A in the ‘Hong
Kong flu’. In 1977, an H1N1 strain closely related to one previously circulating in 1947 [21] appeared
and began to co-circulate with H3N2, the ‘Russian flu’. In 2009, a novel strain of HIN1 replaced the

strain that appeared in 1977 in the ‘Swine flu’ pandemic. A timeline of this is given by Figure 2.

Circulation of Influenza Subtypes Over Time

Hong

Spanish flu Russian flu Swi

D o) o) Ne) > >
N o) ) 43 (®) N
9 9 S S 9

N

Year

Subtype HINA . H1N1 Post-2009 . H2N2 . H3N2

Figure 2. The circulation of human influenza subtypes over time. Notable pandemics that led to
subtype introductions are labelled.

In addition to circulating in humans, influenza also circulates in avian populations. H5N1 strains are
classified as Low Pathogenic Avian Influenza (LPAI) and Highly Pathogenic Avian Influenza (HPAI) HPAI
is associated with severe clinical manifestations and high mortality rates in poultry and occasionally in
humans [22]-[24]. LPAI strains cause mild or asymptomatic infections in birds [25]-[29]. LPAI H5N1

strains spread routinely in avian populations, with most genetic diversity situated in water birds [22]—
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[24]. HPAI evolves from LPAI[25]-[29]. In poultry, H5 influenza A strains cause large-scale outbreaks,

commonly resulting in 70-80% mortality [30].

H5N1 influenza viruses are grouped into 10 phylogenetic clades based on HA gene sequences (Group
0-9) [31], [32], [33]. Avian-to-human H5N1 spillover was first documented in Hong Kong in 1997, killing
6/18 patients [34]. This was defined as clade 0. Between 2004 and 2023, it is estimated that there
have been over 874 human HS5N1 cases in 23 countries, reviewed recently [35]. Of these,
approximately 458 people have died, causing a total case mortality rate of 52.4%. It is likely that this
is an overestimate due to a large number of undetected cases. H5N1 remains topical due to a large-
scale avian pandemic. In 2022, a strain from H5N1 subclade 2.3.4.4b originated in the Eurasian Steppe
spread across the world and has caused spillover into multiple mammals including mink, seals, and
dolphins. This has caused the worst avian death toll of any recorded H5N1 pandemic, with over 50
million birds succumbing or culled. Human spillover events have also occurred. To date, H5N1 strains

have not displayed efficient human-to-human transmission, however, this remains a possibility.

7.3. HA structure

The pre-fusion structure of HA is well-characterised [36]-[41]. After transcription and translation of
the HA gene segment, the naive HAO protein is produced (Figure 3 d). This consists of three identical
monomers forming a trimer. HAO contains a proteolytic cleavage site situated in the HA1 subunit, to
the 3’ side of the C-Terminal F” subdomain (Figure 3 d). After proteolytic cleavage in the Golgi
apparatus, the HA1 and HA2 subunits are held together by a disulfide bridge (Figure 3 b and 3). This

disulfide bridge connects the N-terminal F” subdomain to the F subdomain.

The structure of HA can be further divided into the head and stem domains. The head domain consists
of the receptor binding domain (RBD) and the vestigial esterase (VE). The stem domain contains the
HA1 subunit which consists of the signal peptide and cleavage site, N-terminal F” subdomain and C-

terminal F” subdomain.

18| Page



The stem domain contains the HA2 subunit, consisting of the fusion peptide and F subdomain (which
together form the HA2 subunit ectodomain), the transmembrane domain (TMD), and the cytoplasmic
tail (Figure 3 d). The head domain is held together by a disulfide bridge (Figure 3 b and d). This holds

both sections of the VE together.

d HAO

HA1 HAZ
Signal Vestigial Receptor Binding Domain C-Terminal F* g & (.\m?al:sm[:
Transmembrane Domain
{TMD}
Head site
Stem Stem

Figure 3. The structure of HA is shown on the ‘2fko’ crystal structure. Figures a-c show the left, middle
and right view of the HA trimer. Figure d shows a representation of the HA gene sequence, split into
the HAO, HA1, HA2, head, and stem domains. Colouring is consistent between the crystal structures
and HA sequence. Pink sticks on b denote two disulfide bridges, the locations of these are denoted in
Figure d. The top disulfide bridge in Figure b connects the head domain, denoted by the middle two
pink vertical lines on Figure d. The bottom pink stick on Figure b denotes the disulfide bridge joining
the N-Terminal F” subdomain of HA1 to the F” subdomain of HA2, denoted by the outer two vertical
lines on Figure d.
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7.4. Influenza lifecycle and the role of HA

The general lifecycle of influenza is well understood, reviewed in [4], [42], [43], (Figure 4). The
influenza lifecycle has six main constituent parts: (1) host cell entry, (2) entry into the host cell nucleus,

(3) genome replication, (4) nuclear export, (5) translation, and (6) viral assembly and budding.

The two main functions of HA are (i) enabling influenza virions entry to host cells, and (ii) release of
VRNPs into the host cell cytosol [4], [8], [42]-[46]. Sialic Acid (SA) receptors are cell receptors for
influenza. During cell entry, influenza virions contact the cell surface membrane of host. NA proteins
cleave glycosidic sialic acid-HA bonds that do not mediate cell entry. This occurs via hydrolysis of
glycosidic bonds [8]. HA binds to the cell surface receptors using the RBD of the head domain. Situated
within the RBD is the receptor binding site (RBS) of HA. The RBS is comprised of a-helices and a B-
barrel [4]. The RBS forms a depression towards the top left head domain. RBS secondary structures
involved in SA-HA binding include the 130 loop, 190 helix and 220 loop [47]. Virions are then
endocytosed through receptor-mediated endocytosis. Although situated in the head domain, adjacent

to the RBD, the VE subdomain’s function is so far unclear [36], [37].

During the endosomal pathway, the vesicles containing the virions become more acidic via the M2
protein acting as an ion channel. The M2 protein is activated by the acidifying environment. One of
M2’s functions is the transportation of protons into the virion’s core, further lowering the pH [9]-[12].
The lowering pH causes complex conformational changes in HA that allow for viral entry [4], [8], [42]-
[46]. HA2's fusion peptide is released due to the lowering pH [4], [8], [42], [43], [45], [46] (Figure 3 d).
The fusion peptide inserts into the host cell membrane. At this point, HA is inserted into the host cell
surface membrane and anchored to the viral envelope by HA2’s TMD. In the process of hemifusion,
the outer parts of the viral envelope and host cell membranes merge. Through further complex
processes, the inner sections of both membranes merge and form the fusion pore. This process
involves the substantial conformational change of HA. The fusion pore allows the VRNPs to enter the

host cell interior.
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In the cell interior, vVRNPs are trafficked to the host cell nucleus by host cell machinery. The influenza
genome is then transcribed in the nucleus by the three subunits that form the polymerase complex.
In the nucleus, the genome is transcribed to produce mRNA. mRNA encoding HA, NA and M2 are

trafficked towards endoplasmic reticulum (ER) associated ribosomes.

ER-associated ribosomes synthesise the nascent hemagglutinin (HA) polypeptides, which are initially
produced in their precursor form, HAO [43], [48] (Figure 3 d). The signal peptide (SP) of the newly
produced HA performs important functions [4], [48]. The SP signals target the nascent HA to the ER
and binds the signal recognition particle (SRP) which facilitates ER entry. This process happens co-
translationally, whilst the ribosome is still translating. The SP is then cleaved from the amino acid
sequence. After folding and trimerising in the ER, the nascent HAO proteins are transported to the

Golgi apparatus for post-translational modification (PTM).

In the Golgi apparatus [48], host proteases [4], [8], [43], [48], specifically type Il transmembrane serine
proteases (TTSPs) [49], cleave the HAO precursor into two parts: the HA1 and HA2 subunits, exposing
the fusion peptide. These are held together by a disulfide bridge (Figure 3 b and d) [36]-[41]. The HA
trimers are now in their active form and are transported to the host cell membrane for assembly into

virions and subsequent budding.

The rest of the gene segments are trafficked to cytosolic ribosomes, translated into proteins, and then
localised back into the nucleus. These proteins take part in replication and are assembled into VRNPs,
which are subsequently trafficked to the cell surface. At the cell surface, vRNPs and the cell surface
proteins assemble to form influenza virions. These bud out of the host cell by pinching the cell surface
membrane to form the virion’s envelope. Virion-SA bonds are cleaved by NA and the virions are

released from the host cell.
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Figure 4. A schematic of the influenza lifecycle. The influenza lifecycle consists of six main stages: (A)
host cell entry, (B) entry into the host cell nucleus, (C) genome replication, (D) nuclear export, (E)
translation, and (F) viral assembly and budding. The two blue boxes show the two stages of the
lifecycle targeted by neutralising antibodies, which is the focus of this thesis. Created using
Biorender.com (accessed on 5 November 2024).

7.5. HA’s cleavage site as a pathogenicity determinant

LPAI H5N1 HAs typically have a monobasic cleavage site [25]-[29]. These are cleaved by proteases
found predominantly in the respiratory and gastrointestinal tracts of birds. HPAI H5N1 HAs typically
possess a polybasic cleavage site [25]-[29]. H5’s polybasic cleavage site allows cleavage of HA with a
greater variety of host proteases, and in particular, furin [25]-[27], which is ubiquitously expressed.

This allows the systemic replication of the virus and contributes to increased virulence.
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7.6. Anti-HA antibodies

Anti-influenza antibodies attenuate the virus by interrupting parts of the lifecycle. The most common
anti-influenza antibodies target HA [5]-[7]. Broadly reactive anti-HA antibodies can be divided into
two groups: neutralising and non-neutralising antibodies. Neutralising antibodies stop influenza
virions from entering the host cell [50]-[55]. Non-neutralising antibodies have an inhibiting impact on

viral function but do not stop virions from entering host cells.

Most anti-HA neutralising antibodies block HA-SA binding and block virion entry [50], [54], [55] (Figure
4 A). These antibodies bind the head domain of HA [50], [54], [55] (Figure 4 A). Binding interference
can occur through direct RBS binding [50], [54] or steric hindrance of the interaction [50]. Neutralising
antibodies can also block HA-endosome fusion by stabilising HA’s structure [50], [54], [56] (Figure 4
B). This occurs by blocking the low-pH-initiated conformational change of HA and the subsequent
process of host cell membrane fusion. This primarily occurs for anti-stem antibodies but has also been
reported for anti-head antibodies [50], [56] (Figure 4 B). Neutralisation assays such as the pseudotype
microneutralisation assay measure the neutralising action of antibodies; the degree to which
antibodies stop viral entry. This technique quantifies the action of anti-HA neutralising antibodies [50],

[57], [58].

Non-neutralising antibodies have been shown to (i) block virion release by steric hindrance of NA [50],
[59] and, (ii) bind the stem domain of HAO and block proteolytic cleavage, rendering HA inactive [50],
[60]. Moreover, influenza antibodies can function in a cell-dependent manner. Antibodies can be split
[61]-[64] into the Fab, which binds antigens and the Fc region, which binds host immune cells. Some
anti-HA antibodies activate the immune system to attack infected cells when their Fc region binds
[50], [51], [65], [66]. This can occur by immune effector cells killing infected host cells through
antibody-dependent cellular cytotoxicity (ADCC), the phagogocytosis of infected host cells through
antibody-dependent cellular phagocytosis (ADCP), or activation of the complement system [50], [51],

[65], [66].
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The antigen-binding portion of antibodies, known as the ‘Fab’ region, is formed from the light chain
and part of the heavy chain [61]-[64]. Antibodies are divided into isotypes depending on the type of
heavy chain they comprise [61]—-[64]. There are five mammalian antibody classes: IgA, 1gD, IgE, IgG,
and IgM. IgA exists as Y-shaped monomers intracellularly and as dimers when secreted [50], [61]. IgA
comprises approximately 15% of serum antibodies and is divided into two subclasses, IgA1 and IgA2.
IgD and IgE both form Y-shaped monomers and are present at low levels in serum, 0.5% and 0.01%
respectively [50], [61]. 1gG is the most common human blood sera antibody, comprising around 75%
of antibodies [50], [61]. IgG forms Y-shaped monomers and is split into 4 subclasses, 1gG1, 1gG2, 1gG3,
and IgG4. 1gM forms pentamers of Y-shaped monomers and comprises approximately 10% of serum
antibody [50], [61]. Most human anti-influenza antibodies are of the IgG1 and a lower proportion of
IgG3 isotype. 1gG performs direct neutralisation and can bind to Fc receptors [63]. It is thought that
IgA plays a predominant role in the upper, whereas IgG plays a predominant role in the lower
respiratory tract [63]. IgM is the first antibody produced during an influenza infection. It interacts with

complement and can be secreted onto mucosal surfaces in a similar manner to IgA [63].

The Fab region of antibodies is split into four broad domains; the heavy and light chain constant
regions, and the heavy and light chain variable regions (Fv). The basic structures of these are well-
characterised [64]. At the top end of each Fv region is a hypervariable region. The complementarity-
determining region (CDR) of each hypervariable region is formed from 3 beta sheets [64]. The CDRs
are responsible for binding antigens. CDRs recognise and bind to groups of amino acids on the surface
of HA antigens. These regions are defined as ‘epitopes’ [67]. Inversely, the group of residues

comprising the CDRs that can bind an HA epitope is called the ‘paratope.’

7.7. The repertoire of anti-influenza immune responses
Antibodies are produced by B cells [68]-[71]. A single B cell clone produces one B cell receptor (BCR),

and if activated, releases a corresponding antibody. Multiple B cell genotypes give rise to a polyclonal
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immune response containing mAbs with targeting epitopes. For antibody production, B cells must first
be activated. The primary immune response is elicited first [68]-[71]. In secondary lymphoid tissue, B
cells are primed by BCR-viral antigen binding [68], [69]. These primed, naive B cells are then activated
by binding Tew CD4+ T cells displaying a viral antigen on Major Histocompatibility Complex 2 (MHC2).
In B cell follicles, activated B cells replicate by B cell proliferation [68], [69]. They then undergo
differentiation into different cell types. These can differentiate into (i) plasmablasts, which rapidly
produce IgM and then under 'class switching’ to produce IgA/IgG, (ii) germinal centre (GC)
independent memory B cells, or (iii) GC-B cells which migrate to the GC of the lymphoid tissue [68],

[69].

GC B cells undergo further differentiation and clonal expansion. Over the course of an immune
response, GC B cells produce antibodies with progressively higher affinity for viral epitopes [72] [73].
This process is known as ’affinity maturation.” This is thought to occur by a combination of two
mechanisms: somatic hypermutation and clonal selection. During the immune response, mutations
build up in BCR DNA [74], conferring mutation build-up in the structure of the antibodies produced.
This is the process of somatic hypermutation. Somatic hypermutation can lead to changes in the
affinity-enhancing CDRs of the antibodies which build up over time. Some of these mutations improve
the binding strength and stability of antibodies [72]. In a process known as ‘clonal expansion’,
proliferating GC B cells are continually exposed to antigens, and Ty CD4+ T cells displaying these
antigens on MHC2, and become activated [73]. B cells with favourable mutations can be selected for
with help from Tey CD4+ T cells. These T cells can favour the survival potential of superior B cells over

inferior B cells [73].

Activated GC cells then can differentiate into plasma cells or long-lived memory B cells [68], [69].
Plasma cells commonly take up residence in bone marrow [68], [69]. Plasma cells are long-lived and
produce antibodies for potentially a lifetime [50]. Early-activated plasmablasts can also differentiate

into plasma cells which are short-lived. Memory B cells do not produce antibody. Memory B cells take

25|Page



part in immune surveillance and patrol the periphery [68], [69]. In the secondary immune response,

when activated, memory B cells can differentiate into long-lived plasma cells or GC B cells [68], [69].

Antibody cross-reactivity refers to the ability of an antibody to bind multiple epitopes that share
structural similarities, rather than being specific to a single target [60], [75], [84]-[88], [76]—[83].
Broadly neutralising antibodies (bnAbs) antibodies can effectively neutralise a wide range of different
influenza strains. More conserved regions of HA have been typically shown to elicit bnAbs. Multiple
cross-reactive antibodies targeting the stem domain have been characterised [60], [77], [86]-[88].
Antibodies against conserved stem epitopes have been shown to cross-react with strains from
different subtypes such as H1, H2, and H5. Anti-stem bnAbs typically block conformational changes
involved in membrane fusion by binding HAO [86], [87] or HA1 [60], [88]. The head domain is also
targeted by bnAbs. Multiple bnAbs binding to the conserved RBS have been isolated. These antibodies
typically inhibit HA-SA binding [84], [85] but have also been reported to inhibit membrane fusion,
potentially by crosslinking HAs [75], [82], [83]. The VE subdomain of the head is more conserved than
the RBD. It is not clear what function the VE undertakes in influenza A [36], [37]. Recently, multiple
anti-VE bnABs have been isolated. They have been reported to interfere with HA-membrane fusion
[78], [79] or elicit cell-dependent mechanisms [80], [81]. Finally, bnABs have been characterised that

recognise an occluded HA1 epitope that is not external before membrane fusion [76].

7.8. Antigenic Imprinting or “Original Antigenic Sin” (OAS)

Since the 1960s, immune responses towards novel influenza strains have been known to be impacted
by previous exposure. It was noted in Francis’ 1950s work that exposure to novel influenza strains
tends to generate a stronger immune response to previously encountered, related strains, (Francis, T,
1960). The phenomenon was named “Original Antigenic Sin.” This often leads to a sub-optimal
antibody response to the novel strain, as antibodies produced when meeting the novel strain are

specific towards slightly different epitopes contained within the original strain [90], [91]. Another
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observed phenomenon is the process of ‘back boosting’ where exposure to a previously encountered
strain boosts the immune response to a subsequent, different (historical) strain as well as the original
[50], [92]. OAS and back boosting can collectively be referred to as ‘antigenic imprinting’ [91].

Antigenic imprinting is seen in Influenza [50], [92] and SARS-CoV-2 [91].

Multiple mechanisms have been proposed to explain antigenic imprinting. One theory is that the
response is based on the action of memory B cells, produced in prior infections. This suggests that
these B cells are able to outcompete the induction of naive B cells in the GC. This occurs by
preferentially interacting with Tey CD4+ T cells required for T-cell dependent activation of B cells,
reviewed in [90]. Thisimmune dominance results in a hierarchy of responses being mounted and often

leads to a better or worse protective immune response against the same or closely related viruses.

7.9. Population immunity

Population immunity, also known as herd immunity, is a critical concept in epidemiology and public
health that describes, in essence, the level of immunity within a population [93], [94]. Population
immunity is thought to provide some level of protection against the spread of viruses. Population
immunity arises from a combination of prior infections and vaccinations. Population immunity is
thought to reduce the susceptible pool of individuals and potentially impedes the transmission of the

virus through the population.

A.W. Hedrich proposed the term “herd immunity” to describe the observation that, when a sufficient
proportion of the population became infected with measles, the virus would stop spreading before
infecting the whole population [95]. The basic reproduction number denoted as Ro, was derived by
using this concept as groundwork by MacDonald [96]. Ro is a key parameter in epidemiology used to
estimate the average number of secondary infections produced by a single infectious individual in a
completely susceptible population. It serves as a mathematical indicator of a pathogen's potential for

spread. If Ro is greater than 1, each infected person is, on average, transmitting the virus to more than
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one other person, indicating the potential for an epidemic. Conversely, if Ro is less than 1, the virus

struggles to sustain transmission within the population.
The proportion of individuals in a population that needs to be immunised to achieve herd immunity is

classically calculated using the formula: P =1 — Ri [93], [94]. This formula represents the threshold
0

at which the virus is no longer able to sustain itself within the population. This has important use in
public health. P can be used to estimate the number of people in a population that should be targeted
in vaccination campaigns. It can also be used to determine how much risk a virus has of spreading in
a certain population. It is important to note that the concept of P was generated after studying

measles as a case study and may not apply to all respiratory pathogens.

7.10. Antigenic evolution of influenza — Antigenic Drift

Anti-HA antibodies that inhibit the influenza virus lifecycle reduce the virus’ evolutionary fitness. Due
to influenza’s error-prone polymerase, HA mutations are produced during viral replication [97]. To
increase evolutionary fitness, mutations allowing for immune escape are favoured [98]-[102]. In the
presence of anti-HA antibodies, HA generates escape mutants. These mutations often accumulate in
regions of the HA which are bound by antibodies, otherwise known as ‘epitopes’ [67]. The buildup of
escape mutations in influenza is called antigenic drift [98]-[102]. Antigenic drift reduces vaccine

efficacy and requires the seasonal vaccine to be updated [92], [103], [104].

There is a large amount of experimental evidence supporting antigenic drift. Strong evidence for drift
comes from (i) antibody escape mutants [56], [98], [109]-[117], [99]-[102], [105]—-[108], and (ii)
haemagglutinin inhibition (HAI) assays showing a progressive divergence in the antigenicity of

influenza strains over time [100], [103], [110], [111], [118], [119].

The experimental generation of escape mutants in the laboratory provides evidence that influenza
can antigenically drift. Epitope mapping is a technique that elucidates the presence of epitopes on

HA's surface [56], [105], [114]-[117], [106]—[113]. Epitope identification guides vaccine design by
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pinpointing specific areas where the responses are focussed. This typically involves intentionally
introducing mutations, usually by incubation with various mAbs, into HA to identify specific epitopes.
This is done by allowing these mutated viruses to replicate and observing the emergence of escape
mutations that evade the immune response mounted by the mAbs. Groups of escape mutants become
identified as specific epitopes when researchers observe recurring mutations in specific regions of HA
across isolates. In an analogous method, structural characterisation of multiple mAbs binding HAs can,
when grouped, identify surface epitopes [56], [105], [111], [112]. Epitope mapping can involve
computationally identifying sites under selection by grouping structural and genetic data together

[109], [114].

Epitope mapping has been applied to identify HIN1 HA epitopes multiple times. Two classically cited
studies that focus on HA’s head domain are [106], [107]. Epitopes identified in these papers are used
widely in the influenza field. These epitopes consist of Sa, Sb, Cal, Ca2, and Cb (Figure 5 a). These
cover the breadth of HA’s head domain. Much influenza evolution is thought to occur through escape
mutations in these antigenic sites. Since then, multiple stem antigenic sites have also been

characterised [60], [77], [86]-[88].

The H5N1 ten phylogenetic clades (Group 0-9) are further split into subclades [31], [32], [33]. Clades
have been shown to group together by serological studies. Cluster 1 comprises groups 0, 1, 3, 4,5, 6,
7.1, and 9; Cluster 2 comprises groups 2.2.1, 2.1.3.2, 2.3.4, 2.4, 2.5 and 8; and Cluster 3 comprises
groups 2.3.21 and 7.2 [120], [121]. Differences in antigenicity between H5N1 phylogenetic groups
make the task of epitope mapping more challenging than within HIN1 [121]. This is because escape
mutations commonly impact strains belonging to different antigenic clusters in diverging ways. For
example, certain RBS proximal mutations cause large antigenic impacts in subclade 2.1, but less for
other subclades [115]. The classical HSN1 HA head antigenic sites A, B, C, D, and E, were defined in
1989 using the clustering of escape mutations mapped onto the H3N2 HA crystal structure (Figure 5
b) [116], [117]. These sites span the HA head, comprising the RBD and VE domains. Since then, multiple

epitope mapping [108], [110]-[117] and bioinformatics [109], [114] studies have identified additional
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H5N1 escape mutant-containing sites. In addition to classical sites A-E, escape mutations have been
found across the stem-containing HA1 and HA2 domains [108], [109], [111], [121]. Common amongst
many studies are mutations proximal, or including, the RBS [108]—-[117]. It is thought that RBS-

containing/ proximal sites are likely cross-reactive between H5N1 antigenic clusters [121].

Sa Site a
Sb Site b
Cal Site c
Ca2 Site b
Cb Site e
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Figure 5. The five classical antigenic sites of the HIN1 [106], [107] and H5N1 [114] HAs.
Figure a denotes the HIN1 HA and b denotes the H5N1 HA, crystal structures 1ruz and Shuf
respectively.

HAI studies involving vaccinating naive ferrets or mice with historical influenza strains also provide
evidence for antigenic drift. Sera from vaccinated ferrets has been used in HA inhibition (HAI) assays
to determine if it could neutralise historical strains. These studies tended to show that sera raised
against a single virus only neutralised chronologically similar viruses [5]. Some studies have gone
further and analysed large sets of HAl assays using antigenic cartography, finding that the evolutionary
trajectory of influenza occurs in a linear manner, suggesting that antigenic distance increases over

time, a key feature of antigenic drift [102].

However, Smith’s seminal antigenic cartography study [103] was conducted using HAI data generated
by fourteen-day post-immunisation antisera. This antisera obtained from primary infected ferrets may
not reflect the natural condition because humans usually come into contact with many strains over
their lives. Therefore, the accepted experimental method may not capture the original antigenic sin

and affinity maturation characteristics (which occur after fourteen days) seen in the real world [122].

Indeed, Carter et al., (2013) found that Haemagglutinin Inhibition (HI) assays performed on ferret
antisera taken fourteen days after immunisation with a historical influenza strain does not cross-react
with modern strains [123]. However, antisera taken 81 days after immunisation, enough time for
affinity maturation, does show cross-reactivity with modern strains. Schmidt et al,, (2015) and
Raymond et al., (2018) show that human anti-HA antibodies can immunise against strains not
previously seen after sequential exposure to divergent influenza strains [124], [125]. Ferrets were
serially infected with different strains and immune responses were produced for novel strains [126].
Moreover, Linderman & Hensley, (2016) showed that mice infected with a certain influenza strain
(strain one) could produce antibodies specific to strain two, a strain that the mouse was previously

exposed to, with little specificity to strain one [127].

31|Page



HA is attached to the virion’s envelope by the stem domain’s TMD [36]—[41]. The head domain is
therefore more exposed to the host immune system [128]. Consequently, due to the greater selective
pressure, mutations build up in the head domain faster than the stem domain, and as a result, the
stem is less variable than the head domain [39]. Moreover, several studies used high-throughput PCR-
based methods known as deep mutational scanning (DMS) to mutate every residue in the HIN1 HA
to every other possible residue. They concluded that the stem domain of HIN1 also has an intrinsically

lower capacity to vary than the head domain [129].

Despite being perceived as highly variable due to its rapid mutation rate and ability to generate escape
mutants [98]-[102], influenza exhibits substantial genetic and antigenic diversity restrictions, with
seasons often dominated by a single or limited number of strains [101], [102], [130]. This is highlighted
by the ‘ladder-like’ morphology shown in Figure 6. Seasonal vaccines targeting specific strains offer
considerable protection, highlighting a paradox within the influenza field [131]-[133]. The discrepancy
lies in understanding why, despite its perceived variability, influenza seasons consistently witness

limited strain dominance and successful vaccination efforts [134].
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Figure 6. Maximum clade credibility trees of human-circulating H1IN1 influenza virus HAs.
H1IN1 strains were sampled between the years 1918 and 2020. Three human-circulating strains per
sampling date were, where possible, randomly sampled for each subtype.

Multiple studies have sought to account for the limited diversity of influenza within the context of
antigenic drift. Rambaut et al., (2008) proposed a concept of selective sweeps, where strains exported
from regions with weak seasonality—like the tropics—into those with strong seasonality face
heightened selective pressure, curtailing diversity [135]. Ferguson et al., (2003) and Tria et al., (2005)
introduced mathematical models suggesting the necessity of non-strain-specific immunity for
constraining strain diversity under antigenic drift [136], [137]. Koelle et al., (2006) and Bedford et al.,
(2012) explored the idea of clustered genotypes and genetic bottlenecks, respectively, as factors

shaping influenza's evolutionary trajectory [138], [139]. Yuan and Koelle et al., (2013) and Bush et al.,
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(1999) highlighted the role of receptor avidity and specific genetic codons in influencing strain
dominance and diversity [140], [141]. Morris et al., (2020) suggested that within-host selection can
substantially reduce influenza’s diversity [142]. Despite these insights, consensus on the precise
mechanisms governing influenza's antigenic evolution remains elusive, posing challenges for vaccine

design.

7.11. Antigenic evolution of influenza — Antigenic recycling

In Francis’ seminal work, he posited that influenza antigens were recycled over time [143]. Some
justification for this was the presence of antibodies specific to the 1957 H2N2 pandemic strain in older
people. The theory was that antigens present in the 1957 pandemic strain had spread before, and
immunised older people when they were younger, through the mechanism of OAS. Some researchers
have experimented with evolutionary theories of influenza that are similar to the recycling idea. The

reason for this is to address some phenomena potentially unexplained using antigenic drift theory.

The Antigenic Thrift theory was proposed to explain the prevalence of single or limited strain
dominance in influenza, reconciling this with phylogenetic data [144]-[146]. The theory posits that
population immunity targets epitopes of limited variability (ELVs) rather than highly variable epitopes,
constraining the diversity of influenza strains. As influenza strains spread and population immunity
wanes, strains containing similar ELVs reappear (Figure 7). Experimental evidence supporting this
theory has emerged, including studies isolating broadly neutralising antibodies from humans and

serological studies in ferrets and mice.
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Figure 7. Arepresentation of the antigenic thrift theory. The antigenic thrift theory attempts to explain
how influenza viruses change over time to evade population immunity, which is directed towards a
limited set of epitopes of limited variability (ELVs). This figure illustrates how one specific theoretical
ELV, evolves. Individual conformations this single ELV takes are given by shapes. Initially, the
population develops strong immunity against the triangle conformation. As a result, influenza strains
carrying the triangle conformation become less common because they are easily neutralised by the
immune system. However, over time, the ELV changes to other conformations than triangle to allow
escape from the immune response. As a result, strains with different ELV conformations become more
prevalent. As people die or move, immunity against the original triangle conformation decreases.
Eventually, there's less protection against the triangle shape, allowing strains with this shape to
reappear and become common again. This cycle continues as the virus and the population's immunity
interact and evolve over time. Created using Biorender.com (accessed on 11 April 2024).

Thompson et al., (2018) provided a significant contribution to this theory by presenting a bioinformatic
thrift-based approach to identify less variable epitopes in the H1 HA head domain [147]. They collected
sera from children aged 7-11 years old during 2006-2007, who had only been exposed to a limited
number of strains. The sera were then used to show that epitopes identified in silico mediated

immunity to historical strains. Finally, mice were vaccinated with chimeric HA constructs to elicit
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antibodies specifically targeting the many variants of this epitope of interest. The reactivity seen in
the sera from children was recapitulated in mice and demonstrated via pseudotyped virus
microneutralisation assays and influenza virus challenge. In addition, alternative versions of the
epitope were shown to react to a complementary subset of chronologically distinct influenza strains.
These findings highlight the presence of epitopes in the HA head domain that cycle through a limited
number of conformations, supporting the concept of antigenic thrift and its role in shaping influenza

antigenic diversity.

Other studies have shown increased antibody repertoires targeting conserved regions of the HA,
indicating the presence of antigenic thrift-consistent ELVs. Andrews et al., (2015) identified cross-
reactive antibodies targeting conserved regions of the HA, suggesting their potential for broad
reactivity against multiple strains [148]. These findings underscore the role of ELVs in shaping influenza

antigenic diversity and offer insights for vaccine design.

Some of the earlier discussed bnAbs exhibit characteristics potentially consistent with antigenic thrift
[141], [159], [160]. Whittle et al., (2011) identified a monoclonal antibody binding to the HA RBS,
situated in the variable head domain [149]. This effectively neutralised 30 out of 36 distinct H1 strains.
Similarly, Nogales et al., (2018) isolated an antibody capable of neutralising both historical and
contemporary H1 strains in various assays, including mouse challenge studies [163]. If broadly reactive
antibodies akin to those in Whittle et al., (2011) and Nogales et al., (2018) are prevalent in the human
population, they could target epitopes of limited variability proposed in the antigenic thrift theory.
Interestingly, the antibody described in Whittle et al., (2011) exhibits binding to a location similar to

that identified in Thompson et al., (2018) [147], [149].

7.12. Seasonal influenza vaccines

Understanding the antigenic evolution of influenza is pivotal to the design of effective vaccines.

Presently, seasonal influenza vaccines endorsed by the WHO's Global Influenza Programme, include
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one H1IN1, one H3N2 influenza A, and one influenza B (IBV) Victoria strain [150]-[152]. The vaccines

are available in multiple formats [150]-[152].

The Inactivated Influenza Vaccine (1IV) contains viruses that have been killed with chemicals. The virus
is then broken up into smaller pieces using detergents (split-virus vaccines) or purified to contain just
the hemagglutinin HA and NA proteins (subunit vaccines). The inactivated virus or its components
cannot replicate. Immune responses are then elicited by viral proteins. Live Attenuated Influenza
Vaccines (LAIV) are live viruses that contain mutations causing temperature sensitivity. These
mutations replicate poorly at the higher temperatures found in the lower respiratory tract but
replicate well in the cooler temperatures of the upper respiratory tract. Immune responses more

similar to natural influenza infection than 11Vs can be elicited with LAIVs.

The strains for the vaccine are selected by the World Health Organisation (WHO) approximately six
months before the onset of the Northern or Southern Hemisphere influenza seasons [153]. Despite
efforts, predicting the dominant strain for the upcoming season remains challenging, often leading to
mismatches between the vaccine and the circulating strain [6], [132], [154]. The efficacy of seasonal
influenza vaccines varies, influenced by factors such as the degree of mismatch and the choice of
vector [132]. For instance, during the 2008-2009 flu season, IIVs displayed an average efficacy (VE) of
70%, while the LAIV had a VE of 38%, with the efficacy of IV decreasing notably over time [155]. In
the 2015-2016 flu season, LAIV efficacy dropped to a historic low of 3% among children aged 2—-17
years in the United States, prompting the US Centres for Disease Control and Prevention (CDC) to
advise against LAIV administration the following season [156]. The variable vaccine efficacy provides

an impetus for the design of ‘universal’ influenza vaccines.

7.13. Attempts to develop “Universal” Influenza vaccines

Current seasonal influenza vaccines (1) necessitate the selection of vaccine strains approximately six

months ahead of the influenza season, (2) exhibit variable efficacy, and (3) require regular updates (3)
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[134] . In response, various strategies have been pursued to develop a universal influenza vaccine[6],
[7]. The Universal influenza vaccine is a mostly theoretical concept. Proposed Universal influenza
vaccines can be broadly categorised based on the target scope: pan-seasonal vaccines aim to provide
protection across multiple influenza seasons; pan-subtype vaccines target multiple strains within a
specific subtype (e.g., H1 or H3); pan-group vaccines cover all strains within a major group of influenza
A (e.g., Group 1 or Group 2); and pan-influenza vaccines are designed to protect against all influenza

A and B viruses.

One approach involves inducing stem-targeted antibodies through chimeric HA constructs or
nanoparticle vaccines, as seen in studies by Nachbagauer et al.,[157]-[159] and Amitai et al., (2020)
[160]. Another avenue involves targeting internal viral antigens, such as nucleoprotein (NP) and matrix
1 (M1), to induce CD8+ [161]-[163] and CD4+ [164] T cell responses. Additionally, the NA [165]-[170]
and M2 proteins have been targeted for vaccine development [171]-[179]. Despite promising results

in preclinical studies, further research is needed to develop broadly protective influenza vaccines.

The antigenic thrift theory postulates that anti-influenza population immunity is directed towards a
restricted set of epitopes of limited variability (ELVs). If accurate, this allows for the possibility of
designing vaccines that target limited variability epitopes shared between multiple strains, therefore
protecting against a large number of strains. Thompson et al., (2018) identified epitope variants using
bioinformatics and serology, targeting all possible variants of limited variability to protect against
entire subtypes [147]. Similarly, the Ross group developed computationally optimised antigens
(COBRA) for H1, H3, and H5 HAs, showing promising results in mice and ferrets [180]—[184]. DIOSynVax

utilises bioinformatics tools to identify conserved immunogenic regions within HA [185].

7.14. Pandemics
The WHO lays out a six-phase framework for the generation of influenza pandemics, using the 2009

“swine flu” pandemic as a case study [186]. In phase, one animal influenzas circulate routinely
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throughout their animal reservoirs. In phase two, zoonotic transmission of a virus into the human
population occurs, causing concern for potential further spillover events. Whilst in phase three,
multiple clusters of human cases with no sustained human-to-human transmission occur. Some
limited human-to-human transmission may occur due to close contact between patients and

I"

caregivers. Phase four consists of “community level” outbreaks demonstrating sustained human-to-
human transmission. At this stage, the pandemic risk is high. In phase five, two or more countries are
affected by the pathogen. Stage six: the pandemic is underway; community level spread in two

counties in different regions. The final stage, phase six, is commonly characterised by increasing

population immunity and declining case numbers.

The concept of waves in pandemics refers to distinct phases or periods of increased disease activity
followed by periods of reduced activity [187]. The “Spanish flu” pandemic occurred in three distinct
waves [187]. This was similar to the characteristics of the COVID-19 pandemic [187]. Waves of
infection may be influenced by ongoing viral evolution, stochastic effects, public health interventions,

and novel therapeutics.

The initial zoonosis usually occurs due to the generation of a novel subtype. New subtypes emerge via
‘antigenic shift’, where genetic reassortment of the eight genomic influenza fragments occurs [188].
When antigenic shift occurs, there may be little population immunity to the rearranged subtype [188].

The low population immunity allows the virus to evade the immune response and efficiently replicate.

In order to seed a pandemic, a virus must have the ability to spread efficiently between humans [189].
H1IN1 HAs bind human-type receptors characterised by 2,6-linked sialic acids prevalent in the human
respiratory tract [190]-[195]. This specificity facilitates efficient human-to-human transmission.
Possessing this phenotype is important for pandemic strains. HSN1 HAs exhibit a preferential binding
affinity to avian-type receptors, characterised by 2,3-linked sialic acids found in avian hosts [190]-

[195]. Concerningly, HPAI strains are capable of mutations allowing the specificity for both 2,3, and
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2,6-linked sialic acids [25]-[29], which could indicate adaptation congruent with pre-pandemic

changes.

Antigenic shift may occur in swine, which are susceptible to both avian and human influenza, as swine
express both 2’6 and 2'3 sialic acid [196], [197]. In this instance, if more than one subtype were to
infect a cell at the same time, it is possible VRNA gene segments may reassort, for example, an avian

H5N1 strain gaining a human SA-targeting HIN1 HA [196], [197].

Multiple other factors also play a part in the generation of pandemics, including: (i) global connectivity
and the ability for humans to travel long distances, (ii) population density, RO is known to increase in
densely populated areas, (iii) ecological changes such as urbanisation bringing humans closer to
animal reservoirs; a risk factor in spillover events, (iv) healthcare infrastructure and its ability to treat,
identify, and quarantine infected persons, (v) public health interventions such as the availability of
vaccines and the implementation of lockdowns, and (vi) virology: the ability of virions to persist in the

environment without degradation in more extreme climates [198]—-[200].

Pre-existing neutralising immunity may also decrease the potential of a shifted virus to cause a
pandemic in a certain population [52]. Therefore, determining the population immunity to a virusin a
certain population may allow us to infer whether that population is close to Hedrich’s concept of “Herd
Immunity;” and how likely that virus is to cause a pandemic. However, it should be noted that this is

just one factor determining how likely a virus is to become pandemic.

With the development of vaccines with greater efficacy for HIN1 and H3N2 comes a heightened risk
forimmune escape if fullimmunity to all possible influenza variants is not conferred. Increased vaccine
efficacy against entire subtypes could remove the H1N1 and H3N2 strains from circulation, potentially
creating the right conditions for a significant zoonotic transfer leading to a pandemic [202]. This threat
underscores the importance of working towards a universal vaccine, from which immune evasion
would be less likely and also highlights that caution needs to be applied when deploying such vaccines

[203].
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7.15. Demographic patterns in influenza pandemics

Seasonal influenza mostly impacts the very young and very elderly, presumably due to weakened
immune systems. In contrast, influenza pandemics have exhibited unusual age-based severity,
mortality, and incidence patterns. “Spanish influenza” was characterised by a “W” shaped mortality
curve: most mortality was distributed in the very young and early middle ages; less was seen in
teenagers and older adults [204]. During the “Swine flu” pandemic, younger people were more
affected than older people [205]. This resembled a “U-shaped” curve. Moreover, during the “Russian

flu,” most mortality was seen in those younger than 26 [206].

Francis’ theory of antigenic recycling and the evolutionary models of antigenic thrift/ limited drift
could partially explain this phenomenon. Potentially, a combination of childhood immune imprinting
and affinity maturation on cyclical epitopes could cause unusual age-based characteristics. The
serological studies from Carter et al., (2013), Schmidt et al., (2015), and Linderman & Hensley, (2016)
showing that previous exposure to certain strains modulated the response against novel, divergent
strains may support this hypothesis [123]-[125], [127]. Potentially, this could occur due to conserved
epitopes shared between these strains, such as HIN1 residue 147 identified and Thompson et al.,

(2018) [126] ,[147].

7.16. SARS-CoV-2 and the COVID-19 pandemic

COVID-19, is caused by the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2). The virus
primarily targets the respiratory system, akin to influenza, leading to a range of symptoms from mild
respiratory distress to severe pneumonia [207], [208]. SARS-CoV-2 was first identified in the Hubei
province of China in December 2019 [209], [210]. SARS-CoV-2 is an enveloped virus belonging to the
B-coronavirus family which comprises five currently known viruses, [211]. Three of these, MERS-CoV,

SARS-CoV-1 and SARS-CoV-2 are zoonotic pathogens which have ‘jumped’ species, passing from an
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animal host to humans [211]. The Spike (S) surface glycoprotein is the predominant surface protein

on the virion and the primary antibody target (Figure 8).

The life cycle and structure of SARS-CoV-2 has been well-studied [212]—-[215]. The structure of the
SARS-CoV-2 virion, given in Figure 8, is composed of a lipid envelope derived from the host cell
membrane, which encases the viral components. Within this envelope resides the nucleocapsid,
formed by the nucleocapsid (N) protein tightly binding to the positive-sense single-stranded RNA
genome, providing stability and protection to the viral RNA. The envelope is studded with spike (S)
proteins that protrude from its surface, facilitating attachment to the host cell's ACE2 receptor and
subsequent entry into the cell. Additionally, the envelope contains the membrane (M) protein,
which is essential for virion assembly and maintaining structural integrity, and the envelope (E)
protein, which facilitates the budding process by promoting the release of new virions and regulating

the envelope's curvature.

The lifecycle, shown in Figure 8, begins with the virus's entry into a host cell, a process that can occur
via two principal pathways: direct fusion and endocytosis (Figure 8 a and b). In the direct fusion
pathway, the spike (S) protein of the virus binds to the angiotensin-converting enzyme 2 (ACE2)
receptor on the host cell surface. This binding induces a conformational change in the S protein,
facilitating the fusion of the viral envelope with the host cell membrane, thereby allowing the viral
RNA to enter the cytoplasm. Conversely, in the endocytic pathway, the virus is internalised into the
host cell through endocytosis, resulting in the formation of an endosome. Within the endosome, the
acidic environment activates host proteases, such as cathepsin L, which cleaves the S protein,
inducing a conformational change that leads to the fusion of the viral and endosomal membranes

and the subsequent release of the viral RNA into the cytoplasm.

Following entry into the host cell, the viral RNA undergoes uncoating, which involves the separation
of the viral RNA from the nucleocapsid, allowing the RNA to be accessible for translation. The viral

RNA is then translated by host ribosomes to produce viral polyproteins. These polyproteins undergo
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co-translational cleavage, a process mediated by viral proteases such as the papain-like protease
(PLpro) and the main protease (Mpro), also known as 3CLpro. This cleavage results in the generation

of non-structural proteins (nsps).

The nsps subsequently assemble to form the replication-transcription complex (RTC). The RTC
operates in association with double-membrane vesicles (DMVs) derived from the endoplasmic
reticulum (ER). The RTC synthesises a complementary negative-sense RNA template from the
positive-sense viral RNA. This negative-sense RNA template is then utilised to produce new positive-
sense genomic RNA. Additionally, the RTC generates sub-genomic RNAs (sgRNAs) that serve as

templates for the synthesis of mRNAs encoding structural and accessory proteins.

The structural proteins, including spike (S), envelope (E), and membrane (M) proteins, are translated
by ribosomes bound to the rough ER. These proteins undergo post-translational modifications and
are transported through the ER-Golgi pathway to the ER-Golgi intermediate compartment (ERGIC).
The nucleocapsid (N) protein, translated by free ribosomes in the cytoplasm, binds to the newly
synthesised genomic RNA to form the nucleocapsid. The structural proteins and nucleocapsids then
form virions are formed by budding together into the ERGIC lumen. These virions are subsequently

transported to the cell surface in vesicles and released from the cell via exocytosis.

43 |Page



a .

% ]TMPRSSZ T

Cell surface entry @ SARS-CoV-2 Virion Structure

S T @

Lcl:*we'ri‘rr\'g o __— Spike (S)

Spike pH of the

w...u.P ional d | Envel_ope Exocytosis
change - pathway Endosomal entry / Protein (E)

TMPRSS2 action Matrix (M)

-
? Lipid
» envelope
Endosomal ‘e
release "J,fj&‘ .s CarhepsmL ‘Genome RNA (+)
¥ § / 'b Nucleocapsid (N) \
confosm';eugnm Nucleocapsid buds into ll

- ERGIC membrane, studded
l " chapgg " with S, E, and M proteins,

Viral RNA Cathepsin L action foirtil e .’
uncoating ‘orming virions ‘D“ o .4.’.6. Q
()

Genomic DNA is transported

to the ERGIC and is

encapsidated by cytosolic-
The RTC replicates SARS- translated N proteins -
CoV-2's genome and . forming the nucleocapsid
produces mRNA for protein
synthesis

Ne

Translauon of viral S, E, M travel

to ERGIC after
M s processing by
E ER

Autoproteolysls fo

and co- Nsps form the replication- L% .V' ¢
translational "aﬁsc,,pmn co"?p,e, (RTC) Translation of “w‘&"v.‘. ‘l E é
cleavage of associated with ER-derived subgenomic mRNA
polyproteins to double membrane vesicles into structural and
generate nsps (DMVs) accessory proteins 5 <
S { by ER associated o
N ribosomes 5 [o)

Figure 8. Schematic of the SARS-CoV-2 lifecycle, highlighting key stages of viral entry, replication,
translation, assembly, and release. The branching pathways labelled A and B denote two different
routes of viral entry: the cell surface (A) and endosomal (B) routes. The box in the centre represents
the structure of the SARS-CoV-2 virion, showing the viral components within the lipid envelope.
Created using Biorender.com (accessed on 5 November 2024).

Structurally, HA and the S protein share key features that underpin their roles in viral entry [216]. Both
are glycoproteins anchored to the viral envelope, containing domains responsible for binding to host
cell receptors and mediating membrane fusion. The S protein is trimeric, formed from three identical
monomers (Figure 9 a). The Spike protein functions in an analogous manner to HA. The S protein of
SARS-CoV-2 contains a cleavage site that is critical for viral entry (Figure 9 c). The S protein is cleaved
into two subunits, S1 and S2, during the infection process. The S1 subunit harbours the receptor-
binding domain (RBD), responsible for binding to the host cell receptor angiotensin-converting
enzyme 2 (ACE2), while the S2 subunit mediates the fusion of the viral and host cell membranes (Figure

9). The fusion peptide mediates the fusion of the viral envelope with the host cell membrane, a
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fundamental step in the initiation of infection (Figure 9). The activation of the S protein through
proteolytic cleavage is a key step in both the cell surface and endosomal viral entry pathways and is

essential for the successful initiation of infection [212]-[215].
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Figure 9. The structure of Spike is shown on the 6vsb_1 1 1 S309 model. Figures a-b show the left-

right view of the Spike trimer. Figure 9 c shows a representation of the Spike gene sequence, split
into the S1 and S2 subunits as well as the head and stem domains. Colouring is consistent between
the crystal structures and amino acid sequence. One monomer is coloured.

Similarly to influenza’s HA, neutralising anti-Spike antibodies interfere with the host-cell entry process
[217]-[219]. Antibodies have been shown to bind epitopes within the RBD to stop Spike-ACE2 binding.

Moreover, antibodies may bind epitopes in the S2 subunit, blocking conformational change or binding
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the fusion peptide, interfering with membrane fusion. SARS-CoV-2 is known to undergo antigenic drift,

with multiple mutations building up in the RBD.

Pseudotypes containing the Spike can also be produced and used in pseudotype neutralisation assays
[220], [221]. Large-scale serosurveys could be conducted using this method to determine population

immunity during the pandemic [220].

7.17. The pseudotype microneutralisation assay and other serological assays

The primary serological assay employed in this project is the Pseudotype Microneutralisation (pMN)
assay. Pseudotyped viruses allow the study of viral entry, neutralisation, and vaccine efficacy
without the need for handling pathogenic viruses. | used a three-plasmid system (Figure 10) to
produce replication-incompetent pseudotyped viruses. This system was reviewed comprehensively

in [222].

The p8.91 plasmid is a modified HIV-1 vector that lacks the packaging signal (W) and several
envelope genes (env, vif, nef, vpu, and vpr) (Figure 10). It utilises the cytomegalovirus (CMV)
promoter for high-level expression. The p8.91 plasmid provides the structural proteins (Gag) and
enzymes (Pol), including integrase and reverse transcriptase, necessary for forming the pseudoviral

core.

The pCSFLW plasmid contains the firefly luciferase gene, which acts as a reporter. Like the p8.91
plasmid, it is also under the control of the CMV promoter. The pCSFLW plasmid supplies the reporter
gene and packaging signals, including the long terminal repeats (LTRs), Rev response element (RRE),
and packaging signal (W) sequences, which were originally from HIV (Figure 10). These elements are
essential for packaging the luciferase gene into the pseudovirus, ensuring that the pseudoviruses

carry the luciferase gene for detection.
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The pCDNA3.1 plasmid contains the HA gene from influenza, which is incorporated into the viral
envelope (Figure 10). This plasmid provides the HA protein that allows the pseudovirus to bind and

enter host cells.

The design of this pseudotype virus system incorporates multiple safety features to ensure that the
produced viruses are replication-incompetent and safe for laboratory use. The p8.91 plasmid lacks
the packaging signal (W), preventing the encapsidation of the viral genome and rendering the
pseudoviruses unable to replicate. The removal of env, vif, nef, vpu, and vpr genes from the p8.91
plasmid further ensures that the pseudoviruses cannot produce the proteins necessary for new viral

particles.

The cytomegalovirus (CMV) promoter is used in both p8.91 and pCSFLW plasmids for high-level
expression. The CMV promoter replaces the original HIV LTR promoter, adding a layer of safety by
removing the HIV-specific promoter elements. The pCSFLW plasmid is designed as a self-inactivating
(SIN) vector, which includes a deletion in the 3’ LTR (U3 promoter region). This modification ensures
that the integrated reporter gene cannot be reactivated by cellular promoters, preventing

unintended expression.

The production of pseudotype viruses involves the co-transfection of HEK293T cells with the three
plasmids (p8.91, pCSFLW, and pCDNA3.1) using polyethyleneimine (PEI). This process initiates the
production of pseudoviruses as follows: The plasmids are introduced into HEK293T cells, where they
travel to the host cell nucleus and are expressed. The Gag and Pol proteins from p8.91 form the viral
core, while the luciferase mRNA from pCSFLW is packaged into the pseudovirions due to the W
sequence. The HA protein from pCDNA3.1 is incorporated into the viral envelope. The assembled
pseudoviruses bud off from the cell membrane, acquiring the HA protein in their envelope.
Exogenous NA is then added which cleaves HA bonds between the pseudotyped viruses and the host

cell membrane.
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When these pseudoviruses infect a target host cell during an assay, the HA protein on the
pseudovirus envelope binds to receptors on the host cell surface, facilitating viral entry. Inside the
host cell, the viral core releases the luciferase mRNA, which is reverse-transcribed and integrated
into the host genome by the packaged integrase enzyme. The CMV promoter drives the expression
of the luciferase gene, resulting in the synthesis of luciferase enzyme. The presence of luciferase is
detected using a luminometer after adding the Bright-Glo reagent, which produces a luminescent

signal proportional to the level of infection.

PCDNA3.1 PCSFLW

e HA
(Glycoprotein
of interest)
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e LTRs
e RRE
o Y

Co-transfection
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Psuedotyped
influenza virus
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with integrase and
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Figure 10. A schematic of the three plasmid pseudotyped virus production system. The top circles
detail the three plasmids used to produce pseudotyped viruses: P8.91, pCSFLW and PCDNA3.1.
Labels inside the plasmids denote features of note. Below is a representation of the structure of a
pseudotyped influenza virus displaying the HA glycoprotein. Created using Biorender.com (accessed
on 5 November 2024).

Multiple assays can be employed to measure the presence, concentration, and functional

capabilities of antibodies to influenza or SARS-CoV-2. These assays range from traditional techniques
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like Microneutralisation (MN) and Western Blotting to more advanced methods such as Surface
Plasmon Resonance (SPR). Each assay type offers distinct advantages and focuses on different
aspects of the immune response, utilising specific reagents, measurement units, and equipment.
Table 1 provides a comparison of these serological assays, highlighting their unique methodologies

and applications.
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Assay Type

Measurement
Focus

Reagents/Components

Measurement
Units

Equipment

Microneutralisation
(MN) [223]

Ability of serum
antibodies to
neutralise live
virus, assessing
viral replication

Virus strain, serum
samples, target cell
line (e.g., MDCK cells

IC50 (ug/ml or
dilution)

Luminometer, cell
culture plates

through for influenza, Vero E6
cytopathic effects | for SARS-CoV-2)
or viral RNA
quantification.
Assessment of
serum
neutralisation
Pseudotvpe against Pseudovirus, serum,
NeutraIiZ:tion pseudotyped target cells (e.g., ICso (ug/mlor | Luminometer, cell
viruses expressing | HEK293T), luciferase dilution) culture plates
(PMN) [222] . .
viral proteins (HA | reporter system
for influenza,
spike for SARS-
CoV-2).
. Viral proteins, serum,
Detection of 0 .
. . secondary antibodies Gel electrophoresis
Western Blotting specific ) )
- . conjugated to Visual system, membrane
[224] antibodies against : .
. . detection enzymes or transfer equipment
viral proteins.
fluorophores
Rapid detection
of V|ra.I ant.|gens Detection antibodies,
or antibodies, viral antigens or
Lateral Flow Assays | antigen- & . None (visual
.. serum, gold Visual
(LFAs) [225] recognising . readout)
Qo . nanoparticles or
antibodies bind to
. coloured latex beads
and hold antigen
in place.
Enhanced
sensitivity and
d .
ynamicrange Antigens, serum,
oo compared to .
Chemiluminescent . enzyme-conjugated . I
ELISAs, using o Arbitrary Chemiluminescence
Immunoassays chemiluminescent secondary antibodies, Units (AU) imager
(CLIAS) [226] chemiluminescent &
substrates to
. substrates
quantify target
antigens or
antibodies.
Quantitative Antigens (e.g.,
measurement of | recombinant HA
Enzyme-Linked the binding prf)teins for_ influenza, .
Immunosorbent strength and spike proteins for Optical Microplate reader
presence of SARS-CoV-2), serum, density (OD) P

Assay (ELISA) [227]

specific
antibodies against
viral proteins.

enzyme-conjugated
secondary antibodies,
substrates (e.g., TMB)
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Surface Plasmon
Resonance (SPR)
[228]

Real-time analysis
of biomolecular
binding
interactions
without labels.

HA proteins for
influenza, spike
proteins for SARS-CoV-
2, purified antibodies,
buffer solutions

Resonance
units (RU)

SPR instrument

Flow Cytometry
[229]

Multi-parameter
analysis of
individual cells,
assessing specific
antibodies on cell
surfaces and
characterising
cell-mediated
immune
responses.

Cells expressing HA
proteins for influenza
or spike proteins for
SARS-CoV-2,
fluorescently labelled
antibodies

Mean
fluorescence
intensity
(MFI)

Flow cytometer

Single Radial
Haemolysis (SRH)
[230]

Measurement of
haemolytic zone
area indicating
the presence and
concentration of
influenza-specific
antibodies.

Haemolysis buffer,
sheep red blood cells
(SRBCs), influenza
antigen, guinea pig
complement, antisera

mm? (square
millimetres)

SRH plates,
incubator, light box
or viewer, callipers
or image analysis
software
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HA2 stalk proteins for

Assessment of influenza, spike

Antibody Pulldown | specific antibody- | proteins for SARS-CoV- | Relative Magnetic

[165] antigen 2, specific antibodies, abundance separation system
interactions. magnetic beads or

agarose beads

Table 1. Comparison of Serological Assays for Influenza and SARS-CoV-2. This table summarises
various serological assays used to evaluate antibody responses against influenza and SARS-CoV-2.
Each assay type is detailed with its measurement focus, reagents/components, measurement units,
and required equipment.

When compared to the various serological assays available, Pseudotype Neutralisation (pMN) assays
provide a unique balance of safety, sensitivity, and specificity in assessing the neutralising antibody
response against viral infections. While Microneutralisation (MN) assays directly measure the ability
of serum antibodies to neutralise live viruses, they present significant biosafety concerns due to the
need for handling pathogenic strains. In contrast, pMN assays mitigate these risks by employing
pseudotyped viruses, allowing researchers to evaluate neutralisation without direct exposure to live
pathogens. Moreover, they allow the direct measurement of the function of a glycoprotein of
interest, without confounding effects deriving from other proteins in a live virus. Enzyme-Linked
Immunosorbent Assays (ELISA) and Chemiluminescent Immunoassays (CLIAs) provide valuable
quantitative data on the presence and concentration of antibodies but do not directly assess
neutralisation capabilities, limiting their utility in understanding functional immune responses.
Surface Plasmon Resonance (SPR) offers detailed kinetic and affinity information on antibody
interactions but requires specialised equipment and technical expertise, which may not be readily

accessible in all laboratories. Flow cytometry enables multi-parameter analysis of individual cells,
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providing insights into cellular immune responses, yet it is more complex and resource-intensive
compared to the pMN assay. Single Radial Haemolysis (SRH) is limited in its application, as it
specifically measures the presence of influenza-specific antibodies, relying on the haemolytic
properties of hemagglutinin (HA) that do not translate to the spike protein of SARS-CoV-2. Overall,
while each assay contributes to a comprehensive understanding of the immune response to viral
infections, pMN stands out for its balance of safety and specificity, enabling informed decisions

regarding public health and vaccination strategies.

To specifically assay the serological response towards the stem domain of HA, pMN assays are not
applicable, as viable pseudotypes do not form without including the head domain. Instead, antibody
pulldown assays can be employed to isolate antibodies specific to the HA stem domain by
immobilising the stem domain on magnetic beads. Following this, the bound antibodies can be
eluted and characterised using various downstream assays, including pMN. Western blotting can be
adapted to specifically identify antibodies against the HA stem domain by utilising the recombinant
stem domain as the antigen in the assay. Furthermore, Enzyme-Linked Immunosorbent Assays
(ELISAs) can be adapted to quantify antibodies specifically against the stem domain by coating
microplate wells with recombinant stem domain protein, enabling the measurement of antibody
levels in serum samples. Immunofluorescence assays (IFAs) can visualise the binding of antibodies to
the stem domain expressed on infected cells, offering qualitative insights into the antibody
response. Additionally, Lateral Flow Assays (LFAs) can be developed for rapid testing of stem
domain-specific antibodies; however, they may exhibit limited sensitivity compared to more
sophisticated assays. Surface Plasmon Resonance (SPR) can be utilised to measure the binding
kinetics and affinities of antibodies targeting the stem domain, providing detailed information on the

strength of these interactions.
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7.18. Conclusion

Determining the level of population immunity towards SARS-CoV-2 was essential after and during the
first pandemic wave. The level of population immunity was not known. If many undetected
asymptomatic cases had already occurred, the population of the UK may have been near herd
immunity. This would have profound implications, potentially rendering public health policies such as

lockdowns or vaccine roll-outs unnecessary.

Some H5N1 influenza viruses have been highlighted by the WHO as having pandemic potential [231]
[232]. It is therefore important to assess the population immunity to H5N1 strains in order to assess
their pandemic potential and prepare for future pandemics. Likewise, previous H1N1 strains have
caused pandemics and continue to circulate, so it is important to determine how the seasonal

circulation of HIN1 viruses impacts the population immunity to current and historical HIN1 strains.

The H5N1 and H1N1 HA are phylogenetically (Figure 11) and structurally (Figures 3 and 11) similar.
Because of this, | hypothesise that there could be structurally conserved epitopes shared between the
H5N1 and HIN1 subtypes. If this is possible, it may enable us to identify specific epitopes that induce
a cross-reactive immune response contained within the H5N1 and HIN1 HAs in order to design
vaccines theoretically capable of protecting against future pandemics and be used as a broadly

protective or ‘universal’ influenza vaccine.
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Figure 11. Adapted from [133]. A circular phylogenetic tree depicting the evolutionary relationships
between different HA subtypes. Group 1 and 2 HAs are denoted by purple and pink semicircles
respectively.

The purpose of this project is twofold: (i) to understand population immunity to SARS-CoV-2, highly
pathogenic avian H5N1, and historical HIN1 viruses; and (ii) to identify and characterise ELVs present

in avian H5N1 strains that may also be found in human H1IN1 strains.
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7.19.

Aims
Determine the extent of population immunity to the novel SARS-CoV-2 virus in Scotland

during and after the first COVID-19 wave of infection.

Perform serological studies to determine if population immunity exists towards potential

pandemic avian H5N1 and historical HIN1 strains using a representative cross-section of the

adult human as well as the wild avian population.

To identify potential shared epitopes of limited variability in the H5 and H1 HAs using

bioinformatics.

Mutate potential epitopes of limited variability to confirm their existence using serological

assays in H5N1/ H1N1-reactive cohorts of humans identified in 1.
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8. Methods

8.1. Immunological techniques

8.1.1 Pseudotyped virus production

Virus pseudotyping refers to the generation of replication-deficient viruses encoding a viral protein
of interest [147], [233], [234]. A lentivirus-based pseudotyped virus system was used to display the
HA protein on the pseudotyped virus surface. Pseudotyped viruses were generated by transfecting
HEK 293 T/17 cells (ATCC) with 1.0 pg of HA protein (in plasmid pcDNA3.1/ pi.18), 1.0 ug of gag/pol
(plasmid p8.91) and 1.5 ug of a luciferase reporter construct (plasmid pCSFLW) as part of a plasmid-
OptiMEM/PEI solution. Transfections were performed in 10 ml of media DMEM 10% FCS, 1%
penicillin—streptomycin, 20% L-glutamine and left for 24hrs at 37°C 5% CO2. Fresh media was added
to the cells before leaving them at 37°C 5% CO2 for 48hrs. Supernatant was then harvested and stored

at -80°C.

The same lentivirus-based system was used for generating SARS-CoV-2 pseudotypes. Two days before
transfection, HEK 293 T/17 cells (ATCC) were transfected with 0.5ug ACE2. This was done using a
synthetic codon optimised SARS-COV-2 Spike glycoprotein expression construct on its surface. The
methodology has previously been used to produce pseudotyped viruses for Ebola, SARS-CoV-1 and

MERS-CoV [235] [233]; [236].

8.1.2 Titration of pseudotyped virus
Titration is essential for calculating the optimal amount of pseudotyped viruses to add when
conducting neutralisation assays. This process ensures that the inoculum added is within a defined

range of 10° relative light units (RLU).
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Supernatant is extracted from transfected HEK293T cell flasks and passed through a 0.45-micron
cellulose acetate filter to remove cellular debris. An 8-fold serial dilution (1:2) is then prepared in

duplicate across a 96-well plate using DMEM media as the dilution reagent.

The pseudotype microneutralisation assay, as described in Methods 8.1.3, is then set up to assess the
RLU intensity. Pseudotyped viruses are diluted to a concentration that ensures the resulting

measurement is no less than 10° RLU.

8.1.3 Pseudotyped virus microneutralisation assay

Pseudotyped viruses that successfully enter target cells integrate their luciferase-encoding genetic
material into the host genome using the integrase and reverse transcriptase enzymes as outlined in
Introduction 7.17 and [222]. The host cell then produces the luciferase enzyme, and quantifying the
luciferase present in the host cells allows us to determine the amount of pseudotyped virus that has

entered.

Sul of sera was added to 45pul DMEM media (a 1:20 dilution) containing 1% penicillin-streptomycin,
1% L-glutamine and 10% foetal calf serum before being mixed with 50ul of 10° relative light units
(RLU) of pseudotyped virus. This was incubated at 37°C for two hours and then mixed with 10* HEK

293T ACE2-transfected cells per well. Plates were incubated for 72 hours at 37°C.

To measure luciferase activity, the supernatant from the 96-well plates is removed, and 50uL of
Bright-Glo reagent (Promega, UK) is added to each well. The reaction is incubated for 5 minutes at
room temperature and pressure (RTP). The Bright-Glo reagent lyses the cells, releasing the luciferase
enzyme. Bright-Glo contains luciferin, the substrate for luciferase, and ATP, which is necessary for
the subsequent enzymatic reaction. The luciferase enzyme catalyses the oxidation of luciferin,
resulting in the production of a quantifiable light signal. This light signal is measured in relative light

units (RLU) using a luminometer (Promega, UK).

59 |Page



8.1.4 Serial Dilution

To assess the neutralisation capacity of sera against pseudotyped virus, serial dilution assays were
conducted. Serial dilutions were prepared for each serum sample. The dilutions were labelled by their
logarithmic base 10 values to facilitate subsequent analysis. For each ID, this was done in two
replicates, split over 4 different 96 well plates in order to better control for plate-specific confounding

variation.

Serial dilutions were either performed using the Thompson Lab’s automated Robotic platform utilising
an Opentrons liquid handling robot or manually. When performed using the liquid handling robot, 6-
fold dilutions of each sample are spread over 4 plates, in duplicate. When performed manually, as in
the Site-Directed Mutagenesis work (Chapter 12), 8-fold serial dilutions were spread over 2 plates, in

duplicate.
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Figure 12. Ais a representation of manual two-fold serial dilution using a multi-channel pipette. Figure
12 b is the output of a manually-titrated pseudotyped virus displaying the HA of A/bar-headed
goose/Qinghai/3/2005/H5N1. This is a photograph of the luminometer GUI (Promega, UK), (RLU).
Columns 4 and 5 were seeded with 50ul pseudotyped virus and serially diluted 1:2 down the plate
with DMEM media. Figure 12 c is a schematic of the movement of the robotic platform when setting
up a pseudotyped virus microneutralisation assay. Donor samples are loaded, one per well, into a
Nunc-Immuno 96 well sample plate. The platform then adds media to each plate and distributes the
samples into test plates, denoted by the arrows emanating from the sample plate i.e. setting up the
serial dilutions. The robot is able to pipette fully, 34 plates, totalling 98 samples in approximately 1.5
hours. This schematic was provided by Dr Nicolas Grayson.

8.1.5 Standardisation

This method for determining the ICs, and subsequent error calculations has been peer-reviewed and
has been included in multiple publications [91], [220]. The raw data of each measurement is expressed
as Relative Light Units (RLU) which measures the level of fluorescence. The RLU values obtained from
the serial dilution assays were standardised to express the neutralisation responses as percentages.
Standardisation was done using two plate-wide controls: (i) virus and cell-only control, “Plate Mean
Technical Positive”, a plate-wide mean of eight virus-only control wells to assess the amount of
pseudotyped virus luminescence with the absence of sera neutralisation, (ii) cell only control, “Plate
Mean Technical Negative”, a plate-wide mean of eight virus only control wells to control for the
amount of cell only background present in the assay. This standardisation process was carried out

using the following equation:

Value — Plate Mean Technical Negative

Standardised = 1 — - — ; .
Plate Mean Technical Positive — Plate Mean Technical Negative

8.1.6 Determining neutralisation strength

Neutralisation strength is expressed as the Half-Maximal Inhibitory Concentration (ICso) value of sera
samples. ICso values are calculated by fitting a logarithmic curve to the standardised data. For each
sample 1D, ICsp measures the dilution factor at which the RLU is reduced by half. The logistic model

used to fit the RLU-dilution factor data is described by the following equation:
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1

xmid — log,, Dilution Factor
Scal )

Standardised =

1+e(

xmid denotes the logio Dilution Factor in which the logistic curve reaches its midpoint.

Scal describes how quickly or gradually the curve rises from its minimum to maximum values. The

smaller the Scal, the gentler the slope will be.

The logistic curves were fitted using the R package “nls.multstart”, calling the function “nls_multstart”.
The function applies the Levenberg-Marquardt nonlinear least-squares optimisation algorithm in
order to generate a curve that best fits the data. The function iteratively adjusts both xmid and Scal
for 100 replicates until convergence: when more iterations are not likely to further minimise the
model’s error. Curve selection consists of minimisation of the objective function, simply, the curve
selected is the one displaying the minimum sum of squared residuals between the observed and
predicted values. The specific objective function is referred to as the sum of squared residuals. This
process selects the model with the minimum distance between the observed and predicted values.

When expressed as an equation, the objective function can be defined as:

16 = ) 0= 9)?
i=1

6 refers to a model parameter, such as xmid

y; denotes Standardised, the response variable
y; denotes the predicted model value

n is the total number of datapoints

i denotes the vector index
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The ICs value is given as the logio dilution factor at which the RLU is reduced by half, denoted in the
equation by xmid. If no curve with an adequate error can be fit, then the sample does not receive and

ICso value; no ICso value is computed.

The standard error of the ICs value is calculated as the square root of the variance of the ICsg estimate.

Standard Error(ICsy) = /Var(ICsp)

The variance of the 1Cso estimate is obtained from the diagonal element of the variance-covariance

matrix, which is derived from the fitted logistic curve model.
Var(ICsp) = V[ICso,ICso]
Specifically, the variance-covariance matrix is calculated as the inverse of the Hessian matrix (H).
V=_H"M

The Hessian matrix is computed from the second-order partial derivatives of the objective function
with respect to the parameters of the curve. The Hessian matrix captures the curvature of the
objective function surface with respect to changes in the parameters of the curve. Essentially, this
allows us to determine how the rate of change of the objective function varies after simultaneously
varying parameters. In the following equation, xmid would be one of the parameters included when
calculating the variance of IC5:

Hy = 1
YT 00, 06;

8; and 8; denote a pair of parameters in the logistic regression model.

8.1.7 Robotic automation of pseudotype neutralisation assay
Population level pseudotype microneutralisation assays are carried out using a robotic platform,

Figure 12 c. The Opentrons robot pipettes out media and carries out 6-fold serial dilutions using a
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Python script obtained from Dr Nicolas Grayson. Samples are divided into two repeats and spread out

to four separate plates in order to minimise single-plate confounding effects.

8.1.8 Enzyme-Linked Immunosorbent Assay

ELISA was employed to detect antibodies against the trimeric spike protein. MAXISORP immunoplates
(442404; NUNC; Merck, Darmstadt, Germany) were initially coated with StrepMAB-Classic (2-1507—
001; IBA Life Sciences, Gottingen, Germany). Following this, the plates underwent blocking with 2%
skimmed milk in phosphate buffered saline (PBS) for 1 hour, then incubated with either 0.125 pg of
soluble SARS-CoV-2 trimeric spike protein or 2% skimmed milk in PBS. After another hour, plasma
samples were added at a 1:50 dilution, followed by alkaline phosphatase (AP)-conjugated anti-human
IgG (A9544; Merck, Darmstadt, Germany) at 1:10,000 dilution or AP-conjugated anti-human IgM
(A9794; Merck, Darmstadt, Germany) at 1:5,000 dilution. The reaction was initiated by the addition
of p-nitrophenyl phosphate (PNPP, Merck, Darmstadt, Germany) substrate and halted with NaOH.
Optical density (OD) units were measured at 405 nm after 1 hour. This method was developed using
[237] as a reference. Background OD (calculated using milk) was subtracted from the sample’s OD
readings. As this was performed before much characterisation on how OD relates to the concentration

of analytes, we did not relate the OD readings to a standard curve.
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8.2. Bioinformatics

8.2.1 Mutational entropy

The concept of Shannon entropy provides a quantitative measure of uncertainty [238], or variability,
in a sequence alignment. Higher Shannon entropy values indicate greater mutational diversity, with
many different amino acids observed at that position [239]. Lower entropy values suggest
conservation, denoting fewer amino acid mutations. Shannon entropy is calculated using the following

formula for every amino acid position:

n
H= - Z pi log, (pi)
i=1

p; denotes the probability of observing a specific amino acid
n denotes the total number of distinct amino acids observed at that position

i denotes a vector index

8.2.2 Structural Bioinformatics Pipeline

A pipeline written in R version 4.2.2 enables the variability of putative antibody binding sites (ABS) on
the surface of a given trimeric protein to be determined. The pipeline takes two data inputs: i) an
amino acid alignment and, ii) a crystal structure. This is based on the structural bioinformatic pipeline

used in [147].

Swiss-PdbViewer V 1.4 is used to remove all internal amino acids from the structure. Then, in an
automated pipeline utilising R version 4.2.2, Python version 3.10.1 and Pymol version 4.6.0, amino

acid crystal structure coordinates are matched with the positions of the amino acid alignment.

The programme iteratively takes each position in the alignment and uses it as the central position in

a putative ABS. It then produces a list of amino acids within a distance of an input area, measured
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in A2, Sites measuring 400 A2, 600 A2, 800 A2 and 1000 A2 are generated based on empirical antibody

binding sites identified from[240]. This can be described using the following equation:

abs = \/(xl- — x)%+ (Vi — yj))* + (z — z)* < input_area
i, ] refers to positions i and j, in which i is taken as a central residue, and i is every other amino acid
compared to i
x,y, z refer to x, y, and z coordinates derived from the crystal structure .pdb file

For each putative abs arrived at using the previous function, the script computes the amino acid
variability through the metric of mean Hamming distance. Mean Hamming distance is the total
number of differences between the number of sequences, divided by the total number of sequences.

The calculation is given by this equation:

Nj

1
MeanHam; = —z d(resmat;[k])
N;
k=1

resmat; defines a matrix containing sequences derived from the amino acid alignments at the
positions given by abs;
N; refers to the total number of sequences in resmat
k denotes the index of each sequence within resmat
d(resmat;[k]) denotes the Hamming distance between k and all other sequences in resmat
i denotes an index of abs

| also applied the structural bioinformatic pipeline to deep mutational scanning data from [241]. This
allows me to determine the mean mutational tolerance, expressed as Shannon diversity bits, for every

putative abs. The calculation is given by the following equation:

66 |Page



N
1
MeanPreference = NZ Bits;
i=1

N refers to the number of amino acid positions in abs;
Bits denotes mutational tolerance; Shannon entropy measured in bits

i denotes an index of abs

8.2.3 Protein structure modelling

Crystal structure pdb files were computed from HA amino acid sequences using the MultiFOLD server,

which provides results of comparable quality to AlphaFold2 [242], [243].

8.2.4 Structural alignments

PyMOL version 4.6.0 was utilised to generate structural alignments between HAs. Using PyMOL's
alignment tools, structural superposition was performed to align the HA based on their atomic

coordinates

8.2.5 Computing pairwise root-mean-squared deviation (RMSD)

A Python script was written to facilitate the structural analysis of protein mutations using PyMOL. The
script computes the pairwise root-mean-square deviation (RMSD) between corresponding residues of
two protein structures, enabling the comparison of their structural differences. This calculation is

expressed by the following equation:

1v ,
RMSD = NZ(xi -
i=
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N denotes the total number of atoms in a residue

x; and y; refer to the Cartesian coordinates of the atom i in the template and target respectively

8.2.6 Adding scale bars to differentially coloured crystal structures

| used the “spectrumbar.py” [244] script to add scale bars.

8.2.7 Generating HA sequence databases

| generated large, comprehensive, databases of HA amino acid sequences for the influenza subtypes
H5Nx and HIN1. These databases contain 16,145 and 9,340 HA amino acid sequences, and contain
16,222 and 18,503 nucleotide sequences, respectively. | obtained HA nucleotide sequences from
Gisaid, Genbank, NCBI, and fludb.org. | also obtained amino acid sequences in the same manner. |
employed a reference-based alignment strategy using the lightweight version of the MAFFT online
server to align the nucleotide sequences. | did this by utilising a high-confidence 50 HA sequence
aligned using MAFFT Version 7.0 [245] as a reference. These sequences were then translated using
the R package “Biostrings.” All amino acid sequences were then compiled. Duplicated sequences were
removed using “Biostrings.” | then employed the reference-based lightweight version of the MAFFT
online server to align the large amino acid datasets. Sequences were aligned to a reference generated
using a structural alignment of 50 divergent amino acid sequences. | then utilised Regex tools from R
version 4.2.2 to extract metadata including, for example, host, subtype, evolutionary clade, date of

isolation, country, and region.
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8.2.8 Specifying amino acid electrostatic properties
Amino acid alignments were converted to comma-separated variables (.csv) files. A script written in R
version 4.2.2 converted each amino acid into a classification of its physical property, according to

[246]. The properties of each amino acid are outlined in Table 2.

Amino Acid Symbol Amino acid Physical Property

AlLLM,V Alanine, Isoleucine, | Hydrophobic Side Chain -
Leucine, Methionine, | Aliphatic
Valine

F,W,Y Phenylalanine, Tryptophan, | Hydrophobic Side Chain -
Tyrosine Aromatic

N,C Q,S, T Asparagine, Cystine, | Polar Neutral Side Chain)

Glutamine, Glutamine, Serine,

Threonine
D, E Aspartic Acid, Glutamic Acid Acidic
R, H, K Arginine, Histidine, Lysine Basic
G Glycine Unique
P Proline Unique

Table 2. Details of the electrostatic properties of amino acids.

8.2.9 Phylogenetics

Random samples of sequences from the HA sequence databases, outlined in Methods 8.4.1 were
generated using R version 4.2.2. To ensure optimal alignment, nucleotide sequences were ungapped,

aligned using mafft version 7, and then codon aligned using translatorX [247]. Conserved blocks were

69| Page



recovered using trimAl v1.2 [248]. Nucleotide substitution models including specific conversion rates,
gamma category count, gamma shape, and the proportion invariant were all selected
using ModelTest-NG [249], [250]. Time-calibrated or non-time-calibrated phylogenetic trees were
constructed using the Bayesian Markov Chain Monte Carlo (MCMC) approach utilised in BEAST 2.5
[251] [252]. HIN1 and H5N1 subtype trees were generated using the Bayesian Skyline Coalescent
along with a relaxed molecular clock [253]-[255]. Trace files were examined, and appropriate burnin
percentages were selected using Tracer v1.7.1 [256]. Maximum Clade Credibility (MCC) trees were
compiled using TreeAnnotator [251] [252]. Trees were visualised and annotated using the R package

“ggtree” [257]-[259].
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8.3. Statistical analysis

8.3.1 Modelling the seroprevalence of SARS-CoV-2 antibodies in Scotland

A longitudinal analysis of antibody titres conducted in early 2020 suggested that sample seropositivity
would not wane during our study period [220]. Using this assumption, | was able to model population
seropositivity using binomial logistic regression. Statistical analysis of the Scottish data set was
undertaken using R version 4.2.2. | conducted this analysis using multiple combinations of variables
including health board, week, day, postcode, sex, county, and multiple. The final model chosen was
arrived at through model validation techniques such as the comparison of AIC scores, residual analysis

and Hosmer-Lemeshow goodness of fit tests.

Donors were defined as seropositive or seronegative using the threshold arrived at in Results 9.3.1. A
database was constructed consisting of every sample tested. Each sample was assigned a win/ loss
value of 1 if seropositive and 0 if seronegative, as defined by pseudotype microneutralisation assay.
These binary data were modelled in the logistic regression using the base R function “glm.” The week
was given by the week of sample collection following the 17th of March. Health Board (Scottish region)
describes the NHS health board that the sample was collected from. The model is given by the

following equation:
logit(p;) = Py + B1Week; + B,Health_Board
B, represents the intercept (in the unit of log odds)

B4 and B, denote regression coefficients estimating the effect of each predictor variable on the log

odds of the response variable

p; denotes the probability of success (a sample testing positive for neutralising antibodies) at index i.

The mathematical definition of p; is given by the formula:

1
Pi= 1 + e~ (Bot+Bi1Agei+B;Hea _Board;)
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The logit link function is given by the equation:

. pi
logit(p;) = log (7 _‘p,)

i

The objective function of the binomial logistic regression is called the negative-log likelihood function.
This is derived from the binomial distribution. Simply put, the objective function minimises the
discrepancy between the predicted probabilities and the actual outcomes given by the data. This can

be given by the equation:

n
Objective Function = — Z(yl- log(p;) + (1 — y)log (1 — py))
i=1

y; is the outcome given by the data

p; is the predicted probability

n denotes the number of observations
i is the vector index

Determining whether the predictor variable has a significant impact on the observed data is done
through the calculation of the p-value. The “gIm” function calculates the p-value using the Wald
statistic. The Wald statistic Under the null hypothesis, which states there is no significant relationship,
the Wald statistic follows a chi-squared distribution with 1 degree of freedom. The p-value determines
the likelihood of the observed Wald statistic arising through chance. It is calculated using the equation:

B
SE(B)

Wald Statistic =

[? here refers to the estimated gradient of the model

The logistic regression’s McFadden Pseudo-R? describes how well the model fits the data; it calculates
the proportion of deviance explained by the model relative to the deviance of the null model. The

statistic was computed using the formula:
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D
McFadden pseudoR? = 1 — o
0

D denotes the deviance of the fitted model

D, denotes the deviance of the null model, describing no significant impact of the predictor variable
on the gradient The final model’s McFadden Pseudo-R2 was 0.59; this can be roughly considered as

explaining 59% of the variation.

| used the base R function ‘predict.glm’ to generate a vector of predicted variables based on the input
data. The standard error of these predicted probabilities is calculated using the Delta method. The

calculation can be expressed using the following formula:

SEG) = (X0
X; denotes the vector of predictor variables
V; denotes the variance-covariance matrix of the estimated coefficients from the model
XT denotes the transposition of X;

i denotes the vector index

8.3.2 Analysing relationships between neutralisation and age

| determined whether neutralisation strength and percentage neutralisation significantly varied with
age. | tested for both linear and non-linear relationships. When modelling neutralisation strength, |
examined logio(ICso) instead of 1Csp for multiple reasons. ICso values commonly vary by multiple
magnitudes within the same experiment. This means that the distribution of ICso values can be
skewed, with extreme values exerting disproportionate influence when modelling. Taking the
logarithm means that the values are compressed, likely leading to a more symmetrical distribution.

This approach also allows for a more intuitive inference of model statistics.
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Relationships between neutralisation strength logio(ICso) can be modelled using Gaussian statistics.
However, relationships between the percentage of donors neutralising per age group cannot be
analysed through Gaussian statistics. Percentage neutralisation describes the number of successes
(e.g., positive outcomes), and failures (e.g., negative outcomes) for a given age. Gaussian methods
assume normality and constant variance in the data; these assumptions are violated by binomially

distributed data. Percentage seropositive was modelled as the chance of seropositivity.

8.3.3 Linear regression
| assessed whether any statistically significant linear relationships were present. | did this by fitting

linear models using R’s base function “Im.” The linear model can be expressed mathematically as:

Yi=PBot+ B -xi+ &

The “Im” function employs the ordinary least squares (OLS) method as its objective function. That is,
OLS minimises the difference between the observed and predicted values for the model. This can be

expressed mathematically as:

> i Bo+ Br %))
i=1

y; denotes the logio(ICso)

x; denotes the age

Bo denotes the intercept

[3; denotes the gradient

&; denotes the error term, calculated for every value using the OLS objective function

i denotes the vector index
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| repeated this process using weighted and unweighted models. | weighted the linear models using
the standard error logio(ICso) associated with each logio(ICso) value. This approach, whilst still assuming
a normal distribution, allows for the possibility of residuals displaying different variances. This can be

expressed mathematically as:

For weighting method one:

. ~N 0’_
£l ( SEyl)

For weighting method two:

1
& ~N(O0,—
i (SEyl.Z)

| then performed model validation including assessing residual plots and AIC criterion scores to

determine the most appropriate model to use.

In order to determine the statistical significance of the impact of age on the linear model, | computed
a p-value for the gradient coefficient ;. Here, the null hypothesis assumes that age has no statistically
significant impact on f3;. To do this, the Im function calculates the t statistic for ;. This can be

expressed mathematically as:

~

Bj
SE(B))

Where /§’j denotes the estimated coefficient for the jth predictor variable.

Using the cumulative distribution function of the t-distribution, the p-value associated with the t-

statistic is calculated. Simply, the p-value presents the probability of observing the t-value seen.

In order to assess how much variance is captured by the linear model, | computed the R? statistic.
Simply, this describes how well the model describes the data. The “Im” function calculates this using

the equation:
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SSresidual

R?=1-—
SStotal

SS denotes the sum of squared residuals, which quantifies the differences between the observed and

predicted values. This is calculated using the OLS objective function.

| used the base R function ‘predict’ to generate a vector of predicted variables based on the input data.
The estimated residual variance &7 is calculated as the residual sum of squares divided by the degrees
of freedom (df). The standard error of the output (the “fit”) is calculated by the square root of the

estimated residual variance. This can be expressed mathematically by:
SE(@) = VJ6?
¥ is the predicted value

62 denotes the variance of residuals

8.3.4 Logistic regression

Logistic regression was employed to model associations between age and neutralisation chance with
the assumption that the relationship may be approximately linear. | used base R’s “glm” function to
fit binomial logistic regressions to the data. We can express the regression mathematically using the

following formula:
logit(p;) = Bo+ B1 X Age;
Bo is the intercept

B, is the regression coefficient which estimates the effect of each predictor variable on the log odds

of the response variable

i is the vector index

76 |Page



p; denotes the probability of success (a sample testing positive for neutralising antibodies) at index i.

The mathematical definition of p; is given by the formula:

1
Pi = 1 o= (BotBrixAge)

The mathematical definitions of the: logit link function, unweighted objective function, calculation of
Mcfadden pseudo R?, “predict.glm” function, and regression coefficient p-value are the same as those

detailed in Methods 8.3.1. The model validation methods used are also detailed in Methods 8.3.1.

8.3.5 Generalised Additive Modelling

To assess the statistical significance of non-linear age-neutralisation strength relationships, | employed
generalised additive models (GAMs) from the R package “mgcv” [260], [261]. GAMs allow for the
modelling of flexible, non-linear relationships between neutralisation strength and age. | used model
evaluation techniques to assess the appropriateness of the models generated. These included: (i) the
examination of residuals-fitted value plots, Q-Q plots, and Partial Dependence Plots (PDPs), (ii)
comparisons of the Root Mean Squared Error (RMSE), adjusted R%, and AIC scores, (iii) sensitivity
analysis by varying model parameters, and (iv) only including ages with adequate numbers of donors
i.e. not including ages with only 1 donor, exhibiting extreme values. We can illustrate the GAM

structure using this equation:

log1o(ICs0) = f(Age) + €

f(Age) denotes the smooth function applied to the continuous Age variable. This is specified by the

REML algorithm, which selects appropriate smooth terms, as discussed below.

€ represents the error term, inferred from the differences between the observed values and values
fitted by the model. ¢ is used to estimate the parameters of the model including the selected smooth

term(s)
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Smooth terms capture potentially complex non-linear relationships between predictor variables and
the response variable. The ‘mgcv’ package utilises penalised splines to do this. Cubic splines are fitted

to the data and penalise the smoothness to prevent overfitting.

The objective function for GAMs aims to maximise the log-likelihood function while adjusting for the
estimation of fixed effects and removing bias associated with using the likelihood function alone. This
involves maximizing the logarithm of the likelihood of the model parameters given the data while
penalising overly complex models to prevent overfitting. Mathematically, the objective function can

be represented as:

1
Objective Function(0 | data) = logL(0 | data) — Elog | Var(y) |

6 denotes the model parameters
logL(6 | data) denotes the log-likelihood function
Var(y) denotes the variance-covariance matrix of the response variable

The mgcv package in R employs the restricted maximum likelihood estimation (REML) algorithm to fit
GAMs. REML selects appropriate smooth terms for the model. It optimises the objective function by
removing bias associated with estimating fixed effects, resulting in reliable model estimates. In
summary, REML ensures that the GAM captures the underlying patterns in the data while avoiding

overfitting.

As with linear modelling, | constructed unweighted as well as weighted GAMS. The weightings | used

can be expressed mathematically by:

1
Objective Function(0 | data) = logL(6 | data,w) — Elog | Var(y,w) |
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For weighting method one:

WZE

For weighting method two:

W= g2

GAMs can be used to analyse binomially distributed data, such as percentage neutralisation vs age, by
using a logit link function. | did this to assess non-linear neutralisation percentage-age relationships,
utilising the REML algorithm. The objective function of the binomial GAM model aims to maximise the
log-likelihood function while accounting for the binomial nature of the response variable. This model
allows us to analyse non-linear relationships in binomially distributed data. The objective function can
be captured by the same equation as seen above for the Gaussian GAM. However, the variance-

covariance matrix Var(y) reflects the binomial nature of the response variable.

The linear predictor of the GAM represents the linear combination of predictor variables and model
parameters in the model’s equation. It includes both linear terms (such as main effects) and smooth

terms (such as smooth functions). Mathematically, we can represent the linear predictor as:

n = f(Age) +¢

7 represents the linear predictor

However, when adding a logit link function, explained in Methods 8.3.1, the linear predictor is

transformed:

n = logit(p;)

p denotes the probability of success

logit(p) denotes the log odds of success
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For all GAM models, the adjusted R? values and p-values of the smooth term were calculated using
the summary.gam() function from the mgcv package. The adjusted R? captures the proportion of
variance explained by the model, where both the original variance and residual variance are estimated
using unbiased estimators. This method takes into account the number of parameters in the model
and can be negative. It can be expressed mathematically by:

Var(y — ) n—1

2:
R Var(y) ><n—k—1

Var(y) denotes the total variance of the response variable

Var(y — y) denotes the residual variance, estimated using unbiased estimators
n denotes the number of observations

k denotes the number of model parameters, excluding the intercept

The p-value represents the probability of observing a test statistic at least as extreme as the one
calculated from the data, under the null hypothesis that the coefficient is equal to zero (i.e., no effect
of the smooth term on the model). The p-value of the smooth term is calculated using a Wald-type
test, excluding uncertainty in smoothing parameter estimates. This can be expressed mathematically
as:

18]
SE(B)

p —value = P(|Z| >

Z is a standard normal random variable
[? denotes the estimated coefficient of the smooth term
SE(p) is the standard error of the estimated coefficient

In order to generate plots, | used the ‘predict.gam’ function from the mgcv package to generate a

vector of predicted variables based on the input data. The fit of the predicted values has an associated
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standard error, calculated from the square root of the estimated variance of the prediction. The
parameter variances are calculated from the variance-covariance matrix generated by the mgcv
package. Mathematically, the standard error of the predicted value for observation be expressed using

the equation:

SE(@) = Var(¥:)
¥; is the predicted value

Var(y;) denotes the estimated variance of the predicted value

8.3.6 General statistical inference

All statistical inference was computed at the 95% confidence, 0.05 significance level.

8.3.7 Differences between sample means

The statistical significance of differences in sample means was calculated using the “t_test” function
from the R package “rstatix” [262]. This can be expressed by the following equation:
X; — X

5,5

Vi Vng

t =

X denotes the sample mean

S denotes the standard deviation

n denotes the sample size

1,2 denotes group 1 and 2 respectively

P-values represent the probability of observing a t-value as extreme or more extreme than calculated,

assuming that the null hypothesis is true. This is determined by whether the t-statistic is greater than
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the t-critical value (t4/,). tq 2 is specified by the significance level (). This is done under examination

of the t-distribution. For a given degrees of freedom (df), calculated by n — 1, the t,,, value is the

value at which the probability density of obtaining that t value is < % .

If the p-value is less than or equal to 0.05, we can say that the difference in sample means is greater
than that expected by chance. When performing multiple comparisons, p-values were modulated
using the Benjamini-Hochberg (BH) multiple comparison correction in order to control for Type 1

error:
m
5 = min (1,25)
T
p denotes the adjusted p-value
p denotes the original p-value

m denotes the number of comparisons in comparison with all ps

r denotes the rank of p

8.3.8 Confidence intervals

For Gaussian distributed data, | constructed 95% confidence intervals to show the possible values
the sample mean could take at the 0.05 significance level. | calculated these using the following

equation using R version 4.2.2:

S
Cl= T+ tgp X (—=)
n

vn

ta/2 is the t-critical value specified above
X denotes the sample mean

s denotes the standard deviation
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n denotes the sample size

For binomially distributed wins/ losses data, | calculated Bayesian confidence intervals using the R
function “binom.confint” from the “binom” package [263]. This is done using the Markov chain Monte

Carlo (MCMC) sampling approach to calculate 95% confidence intervals.

8.3.9 Pearson’s correlation

The Pearson correlation test quantifies the strength and direction of the linear relationship between
two continuous variables. This was calculated using the base R function “cor.” The calculation is given
by the equation:

_ Yisa =00 —¥)
r =
\/Z?:1(xi - f)z ?:1(3’1‘ - 3_’)2

r denotes the Pearson’s correlation statistic, the closer the value is to 1, the more positive the

relationship between the two variables

x; and y; refer to the two variables

X and y refer to the means of the two variables
n denotes the sample size

As with t-tests, the p-value of r is calculated using the t,/, value, derived from the t-distribution with

the df of n — 2. The t-value is calculated using the equation using symbols defined above:
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8.4. Cohorts and datasets

8.4.1 Genetic data

All available nucleotide and amino acid HA sequences were obtained from fludb.org, gisaid, NCBI, and
GenBank for influenza subtypes H5SNx and H1N1. These databases contain 16,145 and 9,340 HA amino
acid and contain 16,222 and 18,503 nucleotide sequences respectively. H5 sequences of all N subtypes

were compiled and treated as pan-H5 in analysis unless specified.

8.4.2 Pseudotyped surface glycoproteins

Table 3 includes the names of all sequences used in this project.

Sequence name Accession Subtype Year Host
number collected

A/bar-headed goose/Qinghai/3/2005/H5N1 | HM172454 H5N1 2005 Avian
A/chicken/Scotland/1959/H5N1 (codon | CY015081 H5N1 1959 Avian
optimised)

A/South Carolina/1/1918/H1N1 AAC57065 H1N1 1918 Human
A/PR/8/1934/H1N1 CCH23213 HIN1 1934 Human
A/USSR/90/1977/HIN1 (codon optimised) AAA43240 H1N1 1977 Human
A/Solomon Islands/3/2006/H1N1 (codon | ABU99109 HIN1 2006 Human
optimised)

A/California/07/2009/H1IN1 AEE69009 H1N1 2009 Human
A/Viet-Nam/1203/2004/H5N1 AAWS80717 H5N1 2004 Human
A/goose/Guiyang/337/2006/H5N1 ABJ96698 H5N1 2006 Avian
A/Chicken/Deli_Derdang/BBPVI/2005/H5N1 | EU124091 H5N1 2005 Avian
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SARS-COV-2 Spike glycoprotein (codon | YP_009724390 | SARS-CoV-2 | 2019 Human

optimised)

Table 3. All sequences used to produce pseudotyped influenza viruses. HA sequences are not codon
optimised unless stated otherwise.

Crystal structures were obtained from rsc.org and charmm-gui.org. Structures used: 5YKC.pdb —
A/chicken/Taiwan/0502/2012, 5E2Y.pdb - A/duck/Egypt/1018555/2010, 6E7G.pdb — A/Viet
Nam/1203/2004, 4CQV. - Afturkey/Turkey/1/2005, 60ONA — A/Hickox/1940, 6N41 -—
A/Netherlands/002P1/1951, 4GXX — A/Brevig Mission/1/1918, 4M4Y - A/California/04/2009,
2FKO.pdb - A/Viet Nam/1203/2004, 1RUZ.pdb — A/South Carolina/1/1918, 6vsb_1 1 1 S309

computational structure linking 6vsb to S309 [264] — SARS-CoV-2.

8.4.3 Scottish Blood Donor Cohort

Serum samples were obtained from the Scottish National Blood and Transfusion Service (SNBTS) [265].
These were sampled from six consecutive timepoints: 17th March n=514, 21st-23rd March n=500, 4th-
6th April n=500, 18th-20th April n=558, 2nd-8th May n=1171, 16th -80th May n=512. Samples were
heat-inactivated prior to serological testing by incubation at 56°C for 30 minutes. Donor selection
criteria are described in Table 4. Ethical permission has been provided for the “virological analysis” of

the samples by the SNBTS Research and Sample Governance Committee (IRAS project number 18005).

Anonymous archive and blood samples. SNBTS blood samples are collected annually, with donor

consent, for anonymous epidemiological surveillance studies.

Six batches of samples, were collected with standard donor consent. These were collected with

the following donor deferral criteria:

Reactive in standard HCV, HIV-1, HBV, HEV, HTLV-I or syphilis screening
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They have felt unwell in the previous 14 days

Itis less than 28 (17th March, 2020) or 14 days (21st —23rd March 2020) since resolution of COVID-

19 symptoms

It is less than 28 (17th March, 2020) or 14 days (21st — 23rd March 2020) from first day of self-

isolation

During this period if they are over 70

For samples collected on 17th March travel deferrals to countries with high levels of COVID-19

applied

For samples collected on and after the 24th March 2020, travel deferral has been removed due to
the increased community spread within the UK and to ensure sufficiency of supply. Focus on the
health of donors on day of donation/no evidence for transfusion—transmission of SARS/MERS and
that blood viraemia is infrequent and seems to only occur in small proportion of individuals with

severe symptoms.

Table 4. Details of sample collection for the Scottish sera sample cohort.

8.4.4 Avian Sera cohort
200 vials of wild swan sera were obtained from the Abbotsbury Swannery. Each sample contains
metadata including swan age, date, health characteristics and location, GMRA risk assessment 426.

The population has been serologically and epidemiologically categorised [266].

Historical data indicate that the swan population at Abbotsbury Swannery has experienced multiple
exposures to HPAI H5, with at least two to three documented instances of infection prior to the
collection of the samples (the hatch-dates of the samples range from 2008 to 2017). Specifically, the

outbreaks experienced by this cohort were caused by: H5N1 in 2007, H5N8 in 2016 and H5N6 in 2017
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[266]. Swans are frequently found in densely packed groups which likely facilitates the transmission
of influenza. There is also a high infant mortality rate in this population which is likely due to HPAI
circulation [266]. Stable seroconversion towards H5 influenza viruses was found in 75% of birds

sampled twice at random between June and November 2017, using Hl assays [266].

This strongly suggests that most of these birds have been exposed to H5 influenza viruses. Given the
historical exposure to HPAIV H5 and the serological evidence, the swan sera samples can be

considered as positive controls for H5 influenza viruses in the pseudotype microneutralisation assay.

8.4.5 Stem-targeted Monoclonal Antibodies (mAbs)

When undertaking site-directed mutagenesis (SDM), | used two stem-targeted anti-HA monoclonal
antibodies (mAbs), Cr6261 and C179, to normalise for HA head-domain independent pseudovirus
changes. Both mAbs have been shown to recognise H5N1 and H1N1 influenza strains [267]-[269].
Concentrations were optimised during titration with pseudoviruses. The Cr6261 mAb was purchased
under the name Diridavumab from Life Technologies Ltd (MA542027). The C179 mAb was purchased

from Takara Bioscience (SD3145).

87 |Page



9. Detection of neutralising antibodies to SARS coronavirus
2 to determine population exposure in Scottish blood

donors between March and May 2020

9.1. Collaborative work statement

| ran neutralisation assays throughout the serosurvey as part of a team of 20 members to generate
the data contained within this chapter. | undertook the data analysis contained within this chapter
without assistance during the serosurvey and subsequently to that. A complete analysis of the

serosurvey was published in [220]. | have permission from the corresponding author to use this data.

9.2. Background

COVID-19 is the disease caused by the novel coronavirus, SARS coronavirus 2 (SARS-CoV-2) [270].
SARS-CoV-2 was first identified in the Hubei province of China in December 2019 [209]; [210]. Since
2019 SARS-CoV-2 spread around the world causing over 600 million cases and up to 6 million deaths
[3].

Symptomatic individuals exhibit fever, cough, and shortness of breath 2-14 days after infection [211].
Those who suffer more severe illness can experience pneumonia and acute respiratory distress
syndrome (ARDS) [207]. However, one study proposed that around 30%, of individuals experience no
symptoms [208]. This figure was arrived at after nucleic acid screenings were performed on close
contacts of COVID-19-confirmed patients, of which 24 asymptomatic individuals were characterised.
Antibody responses are mounted during the first few days of infection [271], [272] and can last up to

eight months after infection [273].
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SARS-CoV-2 is an enveloped virus belonging to the B-coronavirus family which comprises five currently
known viruses [211]. Three of these MERS-CoV, SARS-CoV-1 and SARS-CoV-2 are pathogens which
recently have ‘jumped’ species, passing from an animal host to humans [270]. By way of comparison,
other beta-coronaviruses such as HCoV-OC43 and HCoV-HKU are endemic viruses which often
circulate in human populations causing mild disease [274]. Newly emergent coronaviruses that cause

human diseases are typically more virulent than the endemic coronaviruses [275].

During 2020, it had been suggested that SARS-CoV-2 ‘jumped’ species via a seafood market in Wuhan,
Hubei, China. Evidence for this was epidemiological; the seafood market and surrounding areas
comprised the initial outbreak epicentre, with 2/3 of the first COVID-19 patients having had contact

with the market [276].

However, some of these cases did not have contact with the market [209]. Phylogenetic analyses
published in [277], [278] suggest importation to the Huanan market from elsewhere, and that more
than one strain was already in existence at the time of detection [278]. This has led researchers to
hypothesise that the Hubei market could have been an early ‘superspreader event’, where a large

number of transmissions took place [279].

Some suggested that the SARS-CoV-2 virus could have emerged as early as Summer 2019. Nsoesie et
al., (2020) cite uncharacteristic car park topology and search engine results to point to a cover-up by
authorities [280]. This was widely denounced by the scientific community. The timing of global spread
is also a subject of debate. There are studies showing the presence of the virus in France in 2019 [281].
The virus was, for example, thought to have caused the first UK index case on the 23" January 2020,

[282].

Genomic analysis suggests that is highly likely that an ancestral bat coronavirus jumped to an

intermediary species subsequent to humans [283]. There is also phylogenetic evidence that an
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intermediary host species was the pangolin [284]. Ultimately, there is no scientific consensus on how

and when SARS-CoV-2 emerged and spread to humans, reviewed in [279].

The COVID-19 pandemic prompted many governments to enact ‘lockdown’ policies — consisting of
banning social gatherings and closing workplaces to try to reduce transmission of the virus. On March
232020, the UK government implemented this policy [285]. Our study started before the pandemic
had established itself in the UK. The first samples we tested came from the 17* of March 2020, a week
before the first lockdown was implemented. At this time, the UK had experienced approximately 2,626
cases, with 99 recorded deaths [286], [287]. Although, COVID-19 testing was not widespread during

this time so this number may be an underestimate [287].

Our study concluded in the middle of May 2020. The Effective Reproduction number (RE), defined as
the number of hosts to which an infected host will transmit a pathogen, was at that time decreasing.
It remained likely that the first wave of the epidemic was on a downward trend [288]. The Office for
National Statistics (ONS) estimate that case numbers peaked around the start of April 2020 [289].
Lockdown restrictions were eased gradually, at different times by the devolved parliaments of the UK.
For example, in Scotland, lessening restrictions were announced on the 28™ of May, with greater

relaxations announced on the 18™ of June 2020 [285].

We theorised that whether further spread of SARS-CoV-2 would or would not occur was to be
influenced by the level of population immunity towards SARS-CoV-2. At the end-point of our study,
the population immunity of Scotland towards SARS-CoV-2 had not been ascertained. We, therefore,
conducted a time-course serosurvey of Scottish blood donors to detect neutralising antibodies
directed to the SARS-CoV-2 spike protein between the 17th of March and 18th of May to determine

the extent of population immunity to the novel SARS-CoV-2 virus in Scotland.
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9.3. Results

The aims of this study were three-fold: (i) to determine if blood donors can be used as a sentinel
population to ascertain the population immunity towards novel viruses, (ii) to describe how the SARS-
CoV-2 pandemic progressed in Scotland using neutralising antibodies as a marker for infected

individuals, and (iii) to determine if there was population immunity to SARS-CoV-2.

| attempted to quantify a time series of the seroprevalence of Scotland between the 17th of March

and the 18th of May by repeated sampling of blood donor samples and seroprevalence modelling.

9.3.1 Sensitivity and specificity analysis

We obtained 3,617 blood sera samples from the Scottish National Blood and Transfusion Service
(SNBTS) also known as ‘Blood Scotland’ [265]. In order to determine which of these samples were
positive for anti-SARS-CoV-2 neutralising antibodies using our pseudotype neutralisation assay
(Methods 8.1.3), we undertook a sensitivity and specificity analysis. We obtained an additional 100
pre-pandemic blood donor samples from the SNBTS anonymous archive to act as negative controls.
To serve as positive controls, we obtained 17 samples from asymptomatic contact-traced individuals
who were PCR-confirmed as SARS-CoV-2 infected. All the individuals from whom the positive control

sera samples were taken had asymptomatic SARS-CoV-2 infections.

| determined the logio(ICso) values for these 17 positive controls and 100 pre-pandemic negative
control sera samples using the approach outlined in Methods 8.1. | was able to fit ICso curves for
30/100 negative controls and 17/17 positive controls. There was a significant difference between the
means of the positive and negative controls as determined by t-test, p-value < 2.32e-14 (Figure 13 a).
16/17 positive controls yielded greater logio(ICso) values than negative control sera. This gives our
assay a 100% (100/100) specificity and 94% (16/17) sensitivity rate based on the sample cohorts

assessed.
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To bolster the neutralisation assay results, we ran Enzyme-Linked Immunoabsorbant Assays (ELISAs),
described in Methods 8.1.8, on selected sera samples that yielded apparent neutralisation. The
neutralisation logio(ICs0) and ELISA Optical Density measurements correlated positively: Pearson’s

correlation 0.864 p<0.001 and linear model R? 0.748 (Figure 13 b).

| selected neutralisation assay thresholds based on the results of the sensitivity and specificity analysis.
Logio(ICso) value and logio(o) cut-offs of 1.84 (the greatest logio(ICso) of any negative control) and -0.8
(the highest standard error of any positive control) were decided on after comparison of the level of
neutralisation with the primary and negative positive controls (Figure 13 c). These samples were
analysed with a SARS-CoV-2 S protein ELISA in tandem to bolster and confirm the results if the sample

contained SARS-CoV-2 antibodies.

Of the 3,617 post-February samples we tested, 112 contained anti-SARS-CoV-2 spike-neutralising
antibodies using the ICso and standard error-based thresholds described in the sensitivity and
specificity analysis (Figure 13 c). ICso curves were fit for 310/3,617 samples. 198 samples to which
curves were fit were not defined as positive due to them either not exhibiting log1o(ICso) values greater

than the negative threshold or standard errors greater than the positive threshold.
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Figure 13. Sensitivity and specificity analysis for our bespoke SARS-CoV-2 Spike pseudotype
microneutralisation assay. Figure a is a boxplot comparing the logio(ICso) values of the positive and
negative control sera, n=47. The x-axis denotes whether the sample is a positive or negative control
and the y-axis denotes neutralisation strength logio(ICso). The median logio(ICso) value is given by the
middle lines in each box plot. There is a significant difference between the logio(ICso) values of positive
control and pre-pandemic donor samples after the application of a student’s t-test: p-value = 2.32e-
14. Figure b shows the correlation between the logio(ICso) (y-axis) of our neutralisation assay and the
OD of our ELISA (x-axis) for the same sera samples. A linear model (grey line) was fitted with an
associated standard error (grey shaded area) to the data. The adjusted R? and Pearson’s Correlation
(P) are labelled. Red points show positive control sera and blue points show serosurvey samples that
were defined as positive. Figure c: Selection criteria for classifying a sample as SARS-CoV-2-
neutralising, Scotland, March-May 2020 (n = 3,617). Points show the logio(c) (x-axis) and logio(ICso)
measurement (y-axis) for all samples in which a positive logio(ICso) value with a standard error less
than 1 was found (n = 266). Colours show each sample’s neutralisation assay and ELISA results. All
samples situated within the grey rectangle were defined as positive.
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9.3.2 Modelling seroprevalence of neutralising anti-SARS-CoV-2 Spike antibodies

We tested 3,617 post-February sera samples with our novel pseudotype neutralisation assay as
described in Methods 8.1. These samples were sampled from six consecutive time points which were
used in this study: 17™ March n=514, 21%-23™ March n=500, 4"-6" April n=500, 18™-20*" April n=558,
2"d-8th May n=1171, 16" -80'" May n=512. These are expressed as the week of the year: 11, 12, 14, 16,
18, 19, and 20. Scotland is divided into Health Boards by NHS Scotland. Health Boards are responsible
for implementing health services for a geographic location. As | was able to obtain the Health Boards

of the samples as metadata, | used Health Boards to geolocate clusters of infections.

Longitudinal analysis of antibody titres suggested that sample seropositivity did not decrease during
the time analysed within our study period [220]. With this assumption, | was able to model the number
of seropositive donors in our sample set using logistic regression as described in Methods 8.1. This
allowed me to estimate the true number of seropositive donors within different Scottish regions over

time (Figure 14).

Time had a significant positive impact on the numbers of seroprevalence, with a gradient p-value p
<2e-16 based on the logistic regression model. This means that time had a statistically positive impact
significant on the model’s gradient, suggesting that the chance of seropositivity of donors increased
over time. The Health Board the samples were sourced from, added as a factor in the logistic
regression model, also had a significant impact on the modelled seroprevalence p <2e-16. This means
that the seroprevalence modelling suggests that different Health Boards experienced different levels

of seropositivity, with different growth rates.
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Figure 14. Seroprevalence of Scottish Health Boards per week following the 17th of March: estimated
using the binomial logistic regression model outlined in Methods 8.3.1. Light blue dots denote the
estimated seroprevalence per Health Board per week. Red triangles denote observed percentage
seroprevalence. Error bars denote 95% confidence intervals (Cls) of estimated seroprevalence. Text
labels denote the number of positive samples out of the total number of samples per Health Board
per week. Facets denote the Health Board.

Estimates of seroprevalence within different Scottish Health Boards were taken from the final
sampling point of the model (Figures 14 to 16). Lanarkshire was predicted to contain the highest
seroprevalence percentage of all regions, 9.7% (with a 95% Cl of 5.9%-13.5%). Greater Glasgow &
Clyde seropositivity was predicted with the highest confidence, 6.10% (95% Cl 3.9%-8.3%).
Lanarkshire, Lothian, Greater Glasgow & Clyde, Tayside, Ayrshire & Arran, and Grampian were all
predicted to have an end-point seropositivity percentage greater than zero. All end-point estimates
were characterised by a 95% Cl that, when subtracted from the estimate, did not cross zero. Highland,
Fife, Borders and Forth Valley were not predicted to have a seroprevalence percentage significantly
greater than zero despite all containing some seropositive donors. Forth Valley was characterised by

only one seropositive donor.
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Figure 15. End-point logistic regression seroprevalence estimates of Scottish Health Boards for the
final sampling point, week 10. The x-axis denotes the Health Board, the y-axis denotes the percentage
chance of a sample being positive. Points show the output of the logistic regression seroprevalence
model. Error bars denote the 95% Cl of the seroprevalence logistic regression estimates. Light blue
points denote samples with estimated Cl lower bounds not crossing zero. Sienna-coloured points
denote samples with estimated Cl lower bounds crossing zero.
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Figure 16. End-point seroprevalence estimates of Scottish Health Boards for the final sampling point,
week 10, displayed on a map of Scotland. The Health Boards not filled with colour were unsampled.
Figures a and b show the Health Boards of Scotland and their estimated logistic regression end-point
seroprevalence respectively.

| was able to obtain the postcodes of where serum donors resided at the time of blood donation for
those living in the Greater Glasgow Area. | found that 1/5, 7/191, 1/12, 15/197, and 14/85 donors
exhibited neutralising anti-Spike antibodies in the postcodes Falkirk (FK), Glasgow (G), Motherwell

(ML), Kilmarnock (KA), and Paisley (PA) respectively (Figure 17).
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Figure 17. Total number of positive donors found in individual Post Areas of the Greater Glasgow Area
between March and May 2020. The fill of the whole Scotland map denotes the number of positive
donors found in each postcode of the Greater Glasgow area. The fill of the magnified portion of
Greater Glasgow denotes the number of seropositive donors in each Greater Glasgow postcode.
Coloured regions denote the individual post areas in which samples were collected, along with the
respective numbers of seropositive donors.

9.3.3 Scottish blood donor demographics and representativeness

Figure 18 a shows the sex breakdown of seropositive donors. The mean logio(ICso) for males and
females were highly similar, with 2.637 and 2.636 respectively. Donors had an age range from 17 to
80, with no donors of age 72 or 79. The sample set consisted of more female (1869) than male (1631)
samples. There was no significant difference between the means when applying a t-test, p-value of
0.9982. No differences were found between the means of neutralisation titre logio(ICso) between male
and female Scottish blood donor samples, as analysed by t-test (Figure b). Multiple Benjamini-
Hochberg (BH) corrected T-tests found no differences between the means of logio(ICso) values sampled
from individual weeks (Figure c). Age did not have a significant impact on the neutralisation titre of

positive samples under analysis with linear models (Figure d).
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Figure 18. The demographics of seropositive Scottish blood sera samples. Figure a is a histogram
consisting of number of donors on the y and donor age on the x-axis. The columns are split up into
male and female. Male and female columns are stacked meaning to read female data, take the count
from the top of the male bar to the end of the female bar. Figure b compares the neutralisation
strength of females and males. The x-axis denotes sex and the y-axis denotes neutralisation strength.
The points show individual neutralisation values. The middle lines of the boxes denote the median
neutralisation strength. There is no significant difference between male and female log1o(ICso) values
when tested using a student’s t-test (P=0.9982). Figure ¢ comprises boxplots showing the
neutralisation strength, denoted by logio(ICso) per sampling week of all positive donors (n = 112). The
x-axis denotes the sampling week and y axis denotes the neutralisation strength. Black points show
individual neutralisation values. The middle lines of the boxes denote the median neutralisation
strength. The significance of multiple BH-corrected T-tests between the neutralisation titre of
sampling weeks is denoted by vertical lines. All were non-significant (ns). Figure d explores the
relationship between neutralisation strength and donor age of all positive donors (n = 112). The x-axis
denotes the age of the donor and the y-axis denotes the neutralisation strength. The vertical lines
denote the logio(ICso) standard error for each point. The grey line denotes the output of a linear
regression with the shaded area denoting the standard errors of the model’s prediction. The adjusted
R? and p-value of the linear model’s gradient are labelled.
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9.4. Discussion

9.4.1 Summary

Many studies have shown that anti-SARS-CoV-2 Spike protein antibodies are generated following
infection with SARS-CoV-2 [270], [271], [296]-[301], [272], [273], [290]-[295]. Neutralising antibodies,
antibodies which prevent viral entry, have also been demonstrated to be generated after SARS-CoV-2
[301]. Our study found anti-SARS-CoV-2 neutralising antibodies in 112 out of 3,653 Scottish blood
donor samples. My logistic regression seroprevalence model’s results did not find large standing

population immunity to SARS-CoV-2 (Figures 14 to 16).

Seroprevalence, determined by positive neutralisation values defined by the thresholds presented in
Results 9.3.1, increased in our blood donor cohort over our study period. By the end of our study
period, after ten weeks, six health boards: Lothian, Tayside, Greater Glasgow & Clyde, Ayrshire & Arran
and Grampian were predicted to have a non-zero seroprevalence using this methodology. Four Health
Boards: Highland, Fife, Borders and Forth Valley were not predicted to have a significantly non-zero
seroprevalence using this methodology. Lanarkshire was predicted to have the greatest
seroprevalence by the end of our study period of 9.7% (95% Cl of 5.9%-13.5%). The average
seroprevalence, calculated by generating a mean of the end-point seroprevalence estimates across
Health Boards, found in our study was 4.4%. Even the highest value from Lanarkshire is far lower than
what was predicted to be needed to confer population immunity, which has been estimated to be
80% or above [302]. Therefore, the study suggested that (i) SARS-CoV-2 was likely to infect most of
the population due to an absence of pre-existing immunity, and (ii) public health interventions such

as vaccinations were necessary.
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9.4.2 Antibody kinetics

The kinetics of the serum humoral immune response towards SARS-CoV-2 have been well-
characterised [270], [271], [296]-[300], [272], [273], [290]-[295]. Antibodies are produced promptly
after infection, with extrafollicular (EF) plasma cells producing antibody within a few days after
infection [271], [272]. Early-produced EF-plasma cell antibodies have not undergone much affinity
maturation [271], [295]. Seroconversion to the S protein happens within one to three weeks after
infection with the virus, these antibodies are primarily 1gG and IgM and many are neutralising [294],
[298]-[300]. Peak neutralising antibody titres are commonly seen after the first few weeks, ranging
from three to five weeks post-symptom onset (PSO) [296], [297], [303], [304]. The repertoire of anti-
spike antibodies increases over time in a similar manner to influenza antibodies undergoing affinity

maturation in the Germinal Centre (GC) of B-cell follicles [271], [305].

Neutralising antibodies towards SARS-CoV-2 have been shown to decay over time [296], [297], [303],
[304], however, the temporal characteristics of this are varied and likely to vary based on the assay,
the antigen used in the assay, and the viral load of infection. Anti-Spike IgG antibodies have been
reported up to eight months PSO [273]. However, other studies have estimated that titres are only
stable for three to four months PSO [292], [296], [297]. Titres of IgM and IgA have been shown to
decay faster than IgG [271], [273], [297], [303]. Our study period spanned three months. If antibody
titres, especially concerning IgM and IgA, decayed by a substantial amount during our study period,
then this could have led to our study underestimating seroprevalence levels. This remains unlikely

when considering the previously mentioned antibody kinetics.

9.4.3 Clinical severity and the influence on antibody responses

The antibody titre that patients produce after infection has been shown to be variable [103], [270],
[296]-[301], [271]-[273], [290]-[294]. There is a strong correlation between disease severity and titre,

with severe cases producing higher titres of IgM and IgG than less severe cases [273], [306], [307].
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Older people are more likely to experience more severe clinical manifestations, correlating with
increased antibody titres [308]. Using Gaussian statistics, | found no statistically significant effect of

age or sex on the neutralisation strength of the donor’s sera.

9.4.4 Seroprevalence data and its quality

Pre-existing immunity is known as a correlate of protection for infection with viruses [309], [310]. Pre-
existing neutralising immunity may decrease the potential of novel viruses to cause outbreaks in
certain populations [50]. Therefore, determining the seroprevalence of a population towards a virus
is essential for long-term communicable disease policy generation. During the time of our study,
multiple SARS-CoV-2 serosurveys had been conducted, with varying quality [288], [311]-[314]. We
conducted bespoke analyses to calibrate our assay thresholds with the equipment and reagents we
were using. Many SARS-COV-2 serosurveys have used commercially available assays to test for anti-
SARS-COV-2 antibodies and have relied on manufacturer’s sensitivity/ specificity data instead of

undertaking bespoke analysis.

Serosurveys were conducted by Stringhini et al., (2020) and PHE., (2020) focussing on Geneva,
Switzerland and England, UK respectively [288], [314]. Seropositivity in Geneva was found to change
due to age, with 8.5% seropositive in 20—49-year-olds and 3.7% in those aged 50+. Public Health
England (PHE) found that seroprevalence ranged from 17.5% to 4.2% in London and the North East
respectively in May 2020. This serosurvey did not sample every region at all time points. Both used
the Euroimmun ELISA to inform the studies. Although sensitivity analyses, [315]; [316] have concluded
high reliability of the assay for IgG detection, the FDA (US Food and Drug Administration) cast doubt

on its effectiveness, [317].

One of the first surveys undertaken estimated that the SARS-COV-2 seroprevalence of Santa Clara
County, California was around 2.8% in March 2019, [311]. This was widely criticised due to the subject

recruitment practises. Participant blood donors were reached using targeted Facebook
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advertisements. This bodes the question of how representative the sample set was of the wider

population.

Bendavid et al., (2020) used lateral flow assays (LFAs) from Premier Biotech sourced from China that
were not approved by the Chinese National Medical Products Administration (NMPA) [318]. Another
Californian study using Premier Biotech assays surveyed Los Angeles County and found a
seroprevalence of 2.5-7%, [313]. However, a more recent study found that Premier’s LFAs perform

adequately [319].

Doi et al., (2020) used an immunochromatographic assay from KURABO Industries Ltd. to suggest that
around 3.3% of the population of Kobe, Japan was seropositive in April 2019 [312]. The study was
done using specificity thresholds suggested by the manufacturers and was criticised as inaccurate due

to a high false positive rate [320].

In our study, specificity is the chance of identifying an antibody specific to a related coronavirus and

sensitivity is the chance of missing antibodies to SARS-CoV-2.

The sensitivity and specificity analysis allowed for sensible logio(ICso) and logio(c) cut-off thresholds,
of 1.84 and -0.8 to be generated. This gave our assay a 100% specificity and 94% sensitivity rate.
Moreover, corroboration by an anti-Spike ELISA showed a positive correlation with our neutralisation

assay’s results (Figure 13 b). Therefore, | contend that the assay produces accurate results.

Due to the: (i) large sample set, (ii) bespoke sensitivity and specificity analysis, and (iii) relatively
unbiased sample set, we contend that our study provided one of the most scientifically rigorous

COVID-19 seroprevalence datasets that were available at the time of conducting the study.

9.4.5 Sample representativeness
We assayed samples obtained from the SNBTS. Scotland has a low population density (67.2/km?) but

has several large cities including Glasgow, which has a population density of 3,400/km?[321]. The
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seropositive samples obtained were from 18/56 county areas in Scotland which suggests a wide
geographical area was covered by our study. The highest numbers of positives were obtained from
primarily urban areas in the Greater Glasgow area (Figures 16 and 17). However, the manner in which
the SNBTS obtained the samples may add confounding variation to our study. The methodology the
service uses is to obtain samples from one area at one time and collect from elsewhere subsequently,
not to randomly select from different areas at the same time point as would be beneficial for

representativeness.

Some features of blood donors differ relative to the general population. Those at risk for blood-borne
viruses (HIV-1, HCV, HBV) and syphilis are not represented. Children and those who have returned
from infection hotspots (i.e. China in March) <4 weeks before sampling are also not included in the
study set. Donors were deferred if they had a history of a laboratory-confirmed SARS-CoV-2 diagnosis,
or respiratory symptoms consistent with SARS-CoV-2 infection within the previous 28 or 14 days

(outlined in Table 4).

9.4.6 Extrapolation to whole populations

This study attempted to model an estimated seroprevalence of the entire population from our sample
set. The rationale is that whichever samples are studied, will not be entirely representative of the
whole population. Models are constructed so as to better embody the demographic structure of the
population at large. Different methods are used in different studies and the accuracy of such are
largely unquantified. | used a logistic regression approach to estimate the seroprevalence of our

sample set and found that 6/10 Scottish regions studied had a significantly positive seropositivity rate.
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9.4.7 Spectrum bias

Studies that include bespoke sensitivity/ specificity analysis may still be underestimating the
seroprevalence of SARS-CoV-2. As previously stated, antibody titres among COVID-19 patients are
highly variable. Some of this variance is explained by disease severity; higher antibody titres correlate
with more severe disease. Positives used in these sensitivity analyses commonly contain high antibody
titres after isolation from gRT-PCR-positive patients who have presented with obvious symptoms. This
is likely to skew the results of sensitivity analyses, setting the thresholds too high meaning some lower-
titre positives are missed, such as those that experienced asymptomatic infections [322]. This is the

phenomenon is known as ‘spectrum bias’ and could potentially influence our results.

9.4.8 Time-course analysis

Surveying the population at different times throughout a pandemic can provide valuable information
about pathogens and how policies such as enforced lockdowns have influenced such. Repeated
measurements theoretically could give a better idea of representative surveillance than single time
point studies. If done using bespoke assay thresholds and representative sample sets then this could
provide a gold-standard way of estimating how many individuals have contracted COVID-19 in a

population.

Our raw data (without modelling) show the same broad pattern as other time series studies Stringhini
et al., (2020) and (PHE, 2020) focussing on Geneva, Switzerland and England, UK respectively [288],
[314]. Seroprevalence initially increases, then plateaus, and then starts decreasing (Figure 14’sred
triangles). However, in order to extrapolate to whole-population seroprevalence, | employed a logistic
regression approach which found that seroprevalence did not, in fact, decrease during the sampling

period.
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9.4.9 Possible implications for public health and policy

Understanding how many people are immune to COVID-19 is vital for the design of public health policy
for the long term. Using experimentally influenced models calibrated with data from other
coronaviruses, Rosado et al., (2020) concluded that anti-SARS-CoV-2 Spike antibodies may have
circulated for over a year before the pandemic [323]. If this was the case, it was possible that, if the
seroprevalence was higher than known, this number of susceptible in the population could have been
lower than currently thought. Studies estimated the RO of SARS-CoV-2 to be from 2-3, [324]. This
would have given a herd immunity threshold of around 50-67%. If the seroprevalence was higher than
thought, population centres may have been closer to herd immunity than thought at that time. A
controversial study claimed that in populations comprising people with large variations in

susceptibility, the Pc could be as low as 20% [325].

Our study was vitally important because it gave strong evidence that there did not exist substantial
population immunity to SARS-CoV-2 conferred by cross-reactivity to seasonal coronaviruses. The
standing population immunity was, if at all present, close to 1%; not enough to protect against the
spread of SARS-CoV-2. However, the study was limited by the biases surrounding blood donor
sampling (age and health for example). The data generated by this serosurvey, as well as informing
policy, provided a valuable source for understanding the temporal dynamics of epidemics and the

effect of public health measures.
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10. A large-scale serosurvey to assess the population
immunity towards endemic and potential influenza viruses

in representative human and avian populations

10.1. Background

A pandemic occurs when a pathogen emerges that (i) spreads from human to human, and (ii) limited
or no protective immunity exists towards it in the general population [189]. Emergence typically
occurs via zoonoses: non-human animal pathogens “spill over” [326] by infecting and circulating in the
human population. SARS-CoV-2 fulfilled both these conditions. We showed that towards the end of
the first wave of the pandemic, neutralising population immunity towards SARS-CoV-2's spike protein
was low in Scottish blood donor sera [220]. The highest prevalence observed during the timeframe of
our study was 9.7%. Assessing the same donor population for potential pandemic influenza viruses
can help determine if protective immunity to this influenza exists and define current immunity to

seasonal influenza in the human population.

Pandemic influenza has killed 50 to 100 million people since the start of the 20" century [2]. Of the
five influenza pandemics that occurred during the last 106 years, two were caused by the HIN1

subtype. There is also a risk of novel strains of HIN1 causing pandemics in the future.

Highly Pathogenic Avian Influenza (HPAI) of the H5 subtype is regarded by the World Health
Organisation (WHO) to be at high risk of generating a high-mortality human pandemic [327]. Many
influenza strains currently circulating in non-human animal populations, specifically swine and birds,
present a pandemic risk not just to humans but also to agricultural and wild animal populations [328].
Avian influenza pandemics routinely lead to the culling of tens of millions of poultry and cause losses

of hundreds of millions of pounds [30], [329].
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To this end, | used the same Scottish blood donor samples tested during the SARS-CoV-2 pandemic to
test for neutralising population immunity to a panel of pandemic-risk and historical influenza strains.

| also tested a panel of pandemic-risk H5N1 viruses against a wild avian population.

10.2. Results

10.2.1 Calibration of the pseudotype microneutralisation assay

| chose the pseudotyped virus ebola to act as a negative control for the pseudotyped virus
microneutralisation (pMN) assay. This was in order to define a threshold at which | could determine if
a sample was positive for neutralisation detected in our pseudotyped influenza virus neutralisation

assays.

We obtained 3,617 blood sera samples from the Scottish National Blood and Transfusion Service
(SNBTS) also known as ‘Blood Scotland’ (Methods 8.4.4) [265]. We also received 200 vials of H5
influenza virus-exposed wild swan sera from the Abbotsbury Swannery (Methods 8.4.4). | was able to
use these sample sets to test a panel of pseudotyped viruses with our pMN assay. In total, | ran
pseudotyped influenza virus HAs on human blood donor samples for 2,357 runs and on wild swan
samples for 376 runs. The estimated ICso values and standard errors for the influenza serosurvey are

displayed in Figure 19.

Eliminating background signals from the pseudotyped virus neutralisation assay was key to enable me
to examine neutralising population immunity in the respective blood donor and avian cohorts
analysed in this study. Ebola is a Filovirus native to the African continent. There has been no
documented human or avian Filovirus outbreak in the United Kingdom [330]. The ebola surface
glycoprotein (GP) pseudotyped virus is also a commonly used and well-studied pseudotyped virus. The
pseudotype is used in biotechnological research producing robust neutralisation outputs [331].
Therefore, the ebola GP was selected to be expressed on a pseudotyped virus, to be used as an a priori

negative control pseudotyped virus.
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| generated pseudotyped viruses displaying the ebola GP and tested them on the Scottish blood donor
and wild avian sample sets. | generated an age-representative random sample of both sample sets.
Age representativeness was essential to eliminate confounding variation introduced by age-

neutralisation trends.

To define the lower limit of the assay, | ran 96 human samples on the ebola pseudotyped virus
microneutralisation assay. Logio(ICso) values with a non-zero lower bound were generated for 61 of
the samples tested. The 95th percentile of the logio(ICso) values generated was defined as the
threshold for the negative control which was 2.27. The 95 quartile was chosen to minimise the
chance of false negatives introduced by misidentified strong ebola GP pseudotype responders. Any
influenza logio(ICso) values that fall below this threshold are defined as being assay background and
not a positive neutralising immune response. | also ran 40 swan sera samples through the
microneutralisation assay. Curves were fit for 2 samples. The highest logio(ICso) of these was 1.18. This
was defined as the negative threshold for the avian samples. In Figure 19, the grey boxes show the

donors defined as positive by examination of the ebola GP pseudotypes.
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Figure 19. Selection criteria for defining positive neutralisation responses to pseudotyped influenza
viruses. To be counted as having neutralising activity, samples are required to elicit a logio(ICso)
neutralisation higher than the 95th percentile of Ebola GP pseudotyped virus responses in humans;
and higher than the highest Ebola GP pseudotyped virus response in birds. The grey boxes denote
these thresholds. Any logio(ICso) falling below the box is defined as negative. The y-axis denotes
logio(ICso) and the x-axis denotes the logi standard error of each sera sample. Text labels denote the
number of positives generated by the total number of donor samples run. If a logio(ICso) value was not
fitted then the donor is defined as not generating an immune response.

10.2.2 Sera from Scottish blood donors collected in 2020 neutralise some potential pandemic H5
pseudotyped viruses

A/bar-headed goose/Qinghai/3/2005/H5N1 was first identified in Qinghai, China in 2005 [332]. The
virus caused a large avian pandemic resulting in multiple lineages [333]. Strains derived from A/bar-
headed goose/Qinghai/3/2005/H5N1 are referred to as “Qinghai-like” [334]. Qinghai-like strains have
caused many human spillover infections ranging from Nigeria to Mongolia [333]. The strain was shown
to spread between mammals under laboratory conditions [335]. This led multiple research groups,
including scientists from the World Organisation for Animal Health (WOAH), to express concerns about

the strain’s pandemic potential [231].

Serum from a likely unexposed Scottish blood donor cohort of 520 individuals was tested for the ability
to neutralise a pseudotyped virus displaying the HA from A/bar-headed goose/Qinghai/3/2005. 479

of 520 (92%), donors elicited a positive human immune response (Figure 20 a).

The H5N1 strain A/chicken/Scotland/1959/H5N1 caused the first recorded outbreak in the world
[336]. The outbreak was confined to a Scottish chicken farm. This strain shares an 89.96% amino acid
identity with A/bar-headed goose/Qinghai/3/2005. Out of the 273 donors tested, two produced a
positive neutralisation response based on the aforementioned criteria (Figure 20 a). This gives a mean

response of 0.73% positive.
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10.2.3 Sera from Scottish blood donors collected in 2020 neutralises historical H1 pseudotyped
viruses

The oldest blood donor in the Scottish human blood donor cohort has a birth year of 1940. No donor
in the sample set has experienced infection with A/South Carolina/1/1918/HIN1 or
A/PR/8/1934/HIN1. A/South Carolina/1/1918/H1N1 is the influenza virus that caused the “Spanish
Influenza” pandemic of 1918 [337]. The Spanish influenza pandemic was the deadliest of modern
times, with a death toll of potentially 50 million people [2]. Of the Scottish donors, 246/362 (68%),
exhibited a positive neutralisation response (Figure 20 a). A/PR/8/1934/H1N1 was extracted from a
patient in Puerto Rico in 1934 [338]. This is one of the most well-studied influenza strains currently in

use. 109/273 (40%), exhibited a positive neutralisation response (Figure 20 a).

10.2.4 Individuals neutralise viruses with which they have potentially previously been infected

In 1977, HIN1 was reintroduced into human circulation after 20 years of extinction. This occurred with
the 1977 “Russian flu” epidemic. The epidemic started in Northern Asia and lasted until 1979.
Potentially 700,000 people died during this epidemic [2]. A/USSR/90/1977/H1N1 was isolated from
the USSR in 1977 and was the causative agent of this epidemic [339]. 93% of Scottish donors
(255/273), exhibited a neutralising immune response (Figure 20 a). This is the highest percentage of

positives of any pseudotyped influenza virus tested on the Scottish blood donor cohort.

A/Solomon Islands/3/2006/HIN1 (synthesised as a GeneArt String) was isolated from the Solomon
Islands in 2006 and was the recommended HIN1 WHO vaccine strain for the 2007 to 2008 vaccine
[131]. A/Solomon Islands/3/2006/H1N1 is a seasonal epidemic strain. 251/273 (92%) Scottish donors
exhibited a positive immune response. The Bayesian 95% confidence interval (lower bound of 91%)

crosses with that of A/USSR/90/1977/H1N1 (Figure 20 a).

The causative agent of the 2009 “Swine flu” influenza pandemic is thought to have emerged due to a

“triple reassortment” of avian, swine and human H1N1 influenza viruses [340]. Estimates of mortality
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range from ~150,000 to 500,000 people [341], [342]. However, due to many potential asymptomatic
cases, the mortality rate of some countries could have been 0.3/100,000 people [341]. | found that
119/277 (43%) donors exhibited a positive neutralisation response to pseudotypes made from
A/California/07/2009/H1N1 (Figure 20 a). This was the WHO-recommended HIN1 strain between

2009 and 2010 for the influenza vaccine [343].

10.2.5 The magnitude of immune responses in positive donors is not uniform across influenza
pseudotypes

Figure 20 b shows all logio(ICso) values for Scottish blood donor neutralising positive samples.
Seropositivity was defined by the negative threshold shown in Figure 19. Logio(ICso) values are not
uniform, with means varying from 3 (A/bar-headed goose/Qinghai/3/2005/H5N1) to 3.7 (A/Solomon

Islands/3/2006/H1N1).

| applied multiple t-tests to determine if there are significant differences between the neutralisation
magnitude of pseudotyped influenza viruses. | used the Benjamini-Hochberg multiple-comparison
correction to correct p-values. | excluded A/chicken/Scotland/1959/H5N1 due to the low number of
positive donors, two. The results of this analysis are displayed in Table 5. Significant differences exist
between all virus pairs apart from two. There was no significant difference in means between
A/PR/8/1934/HIN1 and A/bar-headed goose/Qinghai/3/2005/H5N1 as well as between A/South

Carolina/1/1918/H1N1 and A/California/07/2009/H1N1 (Table 5).
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Figure 20. Percentage of neutralising donors and neutralisation strength for each pseudotyped virus
run on the Scottish blood donor sample set. Figure a shows the percentage neutralisation. Error bars
denote the Bayesian 95% confidence interval of seropositivity chance. The number of positive donors
per cohort is labelled above columns. Figure b shows the magnitude of neutralisation. Error bars
denote the 95% confidence interval of neutralisation strength; the horizontal dashed lines denote the
mean. The y-axis denotes logio(ICso).
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Y. Virus 1 Virus 2 1] p.adj  p.adj.signif
log10_IC50 Asbar-headed goose/Qinghai/3/2005/H6N1 A/Califoria/07/2009/H1N1 56e07 12e06 =
log10_IC50 A/bar-headed goose/Qinghai/3/2005/H5N1 APR/B/1934/H1N1 093 0.93 ns
log10_IC50 A/bar-headed goose/Qinghai/3/2006/H5N1 A/Solomon Islands/3/2006/H1N1 3.4e-bd 51e-53 ****

log10_IC50 A/bar-headed goose/Qinghat/3/2005/H5N1 A/South Carolina/1/1918/HIN1 ~ 23e-08 3.8e06 ™

log10_IC50 Asbar-headed goose/Qinghai/3/2005/H5N1 AUSSR/S0/1977/HIN 37e-32 28e31 ™
log10_IC50 A/California/07/2009/H1N1 APR/BME34/HIN1 0.00091 00012 ™
log10_IC50 A/California/07/2009/H1N1 AiSolomon Islands/3/2006/HIN1  3.5e-10 88e-10 ™
log10_IC50 A/California/07/2009/H1N1 AlSouth Carolina/1/1918MH1INT 047 05 ns
log10_IC50 A/California/07/2009/H1N1 A/USSR/G0/19TTHINA 0.00015 0.00022 ™
log10_IC50 A/PR/B/1934/H1NA AfSolomon Islands/3/2006/H1IN1 2e-15  1e-14 =
log10_IC50 A/PR/B/1934/HIN1 AfSouth Carolina/1/1918/H1N1 0004 00046 ™
log10_IC50 A/PR/B/M1934/H1N1 AUSSRGI/19TTHINT 34e-10 88e-10
log10_IC50 A/Sclomon Islands/3/2006/H1N1 AfSouth Carolina/1/1918/HINT ~ Oe-16  3.4e-14 ™
log10_IC50 A/Solomon Islands/3/2006/H1N1 AUSSR/90/19TT/HINA 000093 00012 *
log10_IC50 A/South Carolina/1/1918/H1N1 AUSSR/S0MITTHINT 8.4e07 16e06 "

Table 5. A comparison between the neutralisation magnitude of pseudotypes run on the Scottish
sample set. P.ajd denotes the BH-corrected p-value arising from multiple t-tests. P.adj.signif denotes
the significance level of the difference between means at the 95% significance level.

10.2.6 A non-linear relationship between pseudotyped influenza virus neutralisation and age

The “Spanish flu,” “Russian flu” and “Swine flu” outbreaks exhibited unusual age-based severity,
mortality, and incidence patterns. This was discussed in Introduction 7.15. “Spanish influenza” was
characterised by a “W” shaped mortality curve: most mortality was distributed in the very young and
early middle ages; less was seen in teenagers and older adults [204]. A similar pattern was seen during
the “Swine flu” pandemic [205]. Moreover, during the “Russian flu,” most mortality was seen in those
younger than 26 [206]. Consequently, non-linear patterns of seropositivity chance and neutralisation

magnitude may be present in this influenza serosurvey.
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| conducted analyses to determine whether age impacts the probability of donors in our Scottish blood
donor sample set being seropositive. | modelled seropositivity (percentage of donors eliciting a
positive neutralisation response) as a function of age. | did this using multiple methods and selected

the most appropriate based on the outcomes.

| first constructed logistic regressions to test for linear, or near-linear, seropositivity-age relationships
for each virus (Supplementary Figure 1). Age was significant in models constructed for A/bar-headed
goose/Qinghai/3/2005/H5N1 and A/USSR/90/1977/H1IN1. Both showed a positive relationship
between seropositivity and age, with McFadden pseudo-R? values of 0.13 and 0.12, respectively.
McFadden pseudo-R? can be loosely thought of as describing how much variance is explained by the
model.

HIN1 influenza strains of differing antigenicities typically emerge every two to five years [344].
Consequently, | examined a 3-year rolling average of seropositivity. Figure 21 a displays the
relationship  between seropositivity and age using a 3-year rolling average.
Next, | constructed Generalised Additive Models (GAMs) for each virus (Figure 21 b). This approach
allowed me to examine non-linear seropositivity-age relationships. Age was a significant component
in GAMs constructed for A/Solomon Islands/3/2006/H1N1, A/PR/8/1934/H1N1 and A/bar-headed
goose/Qinghai/3/2005/H5N1.  Adjusted R? values were moderate for A/Solomon
Islands/3/2006/H1N1 and A/PR/8/1934/H1N1: 0.4 and 0.28 respectively. The GAM suggests that
blood donors responding to A/Solomon_lIslands/3/2006/HIN1 have a 100% probability of
seropositivity when young and old. This decreases to an 80% probability around the age of 40 (Figure
21 a). From ages 20 to 60, the maximum for A/PR/8/1934/H1N1 is situated around the age of 40. After
the age of 40, responses to A/PR/8/1934/H1N1 show another minimum around the age of 60; then

an increase until 70 (Figure 21 a).
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The seropositivity-age  relationships  displayed by  A/Solomon Islands/3/2006/H1N1,
A/PR/8/1934/H1N1, goose/Qinghai/3/2005/H5N1 and A/USSR/90/1977/H1N1 are similar as those
modelled by GAM, and by logistic regression for the latter two viruses. Rolling averages for A/South
Carolina/1/1918/H1N1 and A/California/07/2009/HIN1 display many peaks and troughs. These

relationships are seen in Figure 21.
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Figure 21. The relationship between age and the percentage of donors seropositive for pseudotypes
run on the Scottish sample set. Bars denote the percentage of seropositive donors per age. Colour
denotes individual pseudotypes with a 3-year rolling average and GAMs. Black lines in Figure b denote
a 3-year rolling average of seropositivity. The black lines on Figure b show the output of logit-linked
GAM models. Shaded areas around the line denote the standard error of the model. Adj. R2 denotes
the adjusted R? of the model. The smooth term p.val denotes the significance of age in the model.

In addition to examining seropositivity, | also attempted to determine whether naturalisation strength
changes as a function of age. Every ICso value has an associated standard error (Figure 19). Standard
errors can be used to weight parametric models, thus biasing any patterns towards higher confidence
values. When analysing neutralisation strength, | constructed unweighted and weighted models.
Through model validation (Methods 8.3.5), the best models were selected to present. All models

constructed are shown in Supplementary Figures 2 to 3.

| first constructed weighted and unweighted linear models (Supplementary Figure 2) to find linear
relationships between neutralisation strength and age. Age was significant for A/bar-headed
goose/Qinghai/3/2005/H5N1 and A/USSR/90/1977/H1N1 (Supplementary Figure 2). For both viruses,
the relationship between age and neutralisation strength is positive: the older the donor, the higher

the neutralisation strength.

| then examined non-linear relationships between age and neutralisation strength. | constructed both
weighted and unweighted GAMs (Supplementary Figure 3). The adjusted R? is greater for non-linear
models than linear models for both viruses (Figure 22 b and Supplementary Figure 3). Age is significant
for A/bar-headed goose/Qinghai/3/2005/H5N1 and A/USSR/90/1977/H1N1 (Figure 22 b). Both show
general positive relationships: the older the donor, the greater the neutralisation strength. However,
this increase is non-linear. Notably, the increase starts around age 38 for A/USSR/90/1977/H1N1 and
decreases after 50 years of age. In addition, there is a trough around age 43 for A/bar-headed

goose/Qinghai/3/2005/H5N1.
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In addition, | repeated the rolling average analysis with neutralisation strength (Figure 22 a). For both
A/bar-headed goose/Qinghai/3/2005/H5N1 and A/USSR/90/1977/H1N1, the relationship follows the

trend shown by non-linear modelling (Figure 22). Pronounced peaks and troughs can be seen for all

other viruses.
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Figure 22. The relationship between age and neutralisation strength for pseudotypes run on the
Scottish sample set. Points denote neutralisation strength per age. Colours denote individual
pseudotypes. Black lines in Figure a denote a 3-year rolling average of neutralisation strength. Black

lines on Figure b show the output of GAM models weighted by %. Shaded areas around the line denotes

the standard error of the model. Adj. R2 denotes the adjusted R? of the model. The smooth term p.val
denotes the significance of age in the model.

10.2.7 Sera from wild swans collected between 2008 and 2017 neutralises potential pandemic
H5 pseudotyped avian influenza viruses

Avian-to-human H5N1 spillover was first documented in Hong Kong in 1997, killing six of 18 individuals
identified as infected [34]. This was defined as clade 0. Clade 1 originated in Guangdong, China, in
2002. Derived strains spread throughout South East Asia [345]. In Vietnam, these strains spilled over
into humans [346], [33], including A/Viet-Nam/1203/2004/H5N1. This virus was the causative agent
behind an outbreak of 10 people in January 2004; eight of these died [347]. No patient had direct
contact with poultry before the outbreak. Strains in clade 1 routinely infected avian hosts. 71/96 (77%)

of swan samples neutralised A/Viet-Nam/1203/2004/H5N1, with a mean log1o(ICso) of 3.66 (Figure 23).

Pseudotyped viruses displaying the HA from A/bar-headed goose/Qinghai/3/2005/H5N1 have been
run in microneutralisation assays against the Scottish blood donor human sample set. Out of 520, 479
samples were found to contain neutralising antibodies. During the large avian pandemic it caused,
infection with the virus produced 80% mortality in water bird species, such as swans, and 100%
mortality in chickens [332]. A/bar-headed goose/Qinghai/3/2005/H5N1 is in phylogenetic clade 2.2
[345]. 73/96 (74%) of swan samples neutralised A/bar-headed goose/Qinghai/3/2005/H5N1, with a

mean logio(ICso) of 3.46 (Figure 23).

H5N1 clade 2.1.2 spread throughout Western Indonesia. It primarily affected birds but also infected a
cluster of humans [345]. A/Chicken/Deli_Derdang/BBPVI/2005/H5N1 was isolated from a chicken in
2005 and is a member of this clade [31]. 68/92 (74%) of swan samples neutralised

A/Chicken/Deli_Derdang/BBPVI/2005/H5N1, with a mean logio(ICso) of 3.54 (Figure 23).
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A/goose/Guiyang/337/2006/H5N1 was isolated in 2006 from a Southern Chinese market [334]. It
belongs to H5N1 clade 4 [32], a clade that exclusively infects birds [345]. 74/92 (72%) of swan samples

neutralised A/goose/Guiyang/337/2006/H5N1, with a mean logio(ICso) of 3.35 (Figure 23).

10.2.8 Neutralising immune responses towards avian influenza viruses in a wild swan cohort did
not differ between pseudotyped influenza viruses

There were no significant differences observed between the neutralisation response of any
pseudotype tested in the microneutralisation assay using the avian sample set. Bayesian 95%
confidence intervals for seropositivity chance crossed each other for all pseudotyped viruses (Figure
23 a). Moreover, | applied multiple Bonferroni-corrected t-tests to compare the neutralisation
strength of each pseudotyped virus. There were no significant differences between means of any

pseudotyped influenza virus (Figure 23 and Table 6).
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Figure 23. Percentage of neutralising donors and neutralisation strength for each pseudotyped
influenza virus run on the wild avian sample set. Figure a shows the percentage neutralisation. Error
bars denote the Bayesian 95% confidence interval of seropositivity. The number of positive donors
out of the number of samples run is labelled above columns. Figure b. shows the magnitude of
neutralisation. Error bars denote the 95% confidence interval of neutralisation strength; the horizontal
dashed lines denote the mean. The y-axis denotes logio(ICso).
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y. Virus 1 Virus 2 P p.adj p.adj.signif

log10_IC50 A/bar-headed goose/Qinghai/3/2006/H5N1  A/Chicken/Deli_Derdang/BBPVI/2005/H5N1 066 066 ns

log10_IC50 A/bar-headed goose/Qinghai/3/2005/H5N1  A/goose/Guiyang/337/2006/H5N 1 052 063 ns
log10_IC50 A/bar-headed goose/Qinghai/3/2005/H5N1  A/Viet-Nam/1203/2004/H5N1 017 052 ns
log10_IC50 A/Chicken/Deli_Derdang/BBPVI/2005/H5N1 A/goose/Guiyang/337/2006/H5N 1 033 063 ns
log10_IC50 A/Chicken/Deli_Derdang/BBPVI/2005/H5N1 A/Viet-Nam/1203/2004/H5N1 046 063 ns
log10_IC50 A/goose/Guiyang/337/2006/H5N1 AlViet-Nam/1203/2004/H5N 1 0.065 039 ns

Table 6. A comparison between the neutralisation magnitude of pseudotypes run on the wild avian
sample set. P.ajd denotes the BH corrected p-value arising from multiple t-tests. P.adj.signif denotes
the significance level of the difference between means at the 95% significance level.

10.2.9 Hatch date does not influence neutralisation of pseudotyped influenza viruses displaying
avian HAs

As with the previous serosurvey using sera from Scottish blood donors (Chapter 9), | tested to see
whether the neutralisation is impacted by the age of the birds. The birds whose samples were used in
this study had sera taken during their birth year. Each sample has an associated hatch date except for

13 samples. These were excluded from this analysis.

Most birds were hatched between 2012 and 2017. Five birds had samples taken in 2008. Excluding
the 2008 samples, which represent a small minority compared to the larger sample sizes from 2012
and 2017, enhances the robustness and generalisability of the analysis. By focusing on the majority
group of samples, potential biases or anomalies associated with the smaller subset from 2008 can be
mitigated, resulting in more reliable and representative modelling outcomes. Models were created
with both the 2008 samples included and excluded (see Supplementary Figures 4 to 6). For

presentation in the main text, | chose to exclude the 2008 samples from the models.

There were too few hatch years to enable us to test for non-linear relationships between age and
neutralisation with the GAM approach taken for the human serosurvey. Therefore, | did not test for

non-linear relationships between age and neutralisation responses in the avian serosurvey. Moreover,
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there were too few hatch years to make conclusions using the rolling average method. | therefore

tested for linear, or near-linear, relationships.

| first used linear models to test for linear relationships between hatch year and neutralisation
strength. | constructed weighted and unweighted models. Hatch year was significant for
A/goose/Guiyang/337/2006/H5N1 (Figure 24 a). The relationship is negative: the later the hatch year,

the smaller the neutralisation response. The adjusted R? of this model is small: 0.066.

| also used logistic regression to test for linear or near-linear relationships between hatch year and
seropositivity chance. Age was significant for A/Viet-Nam/1203/2004/H5N1 (Figure 24 b). The
relationship is negative as with A/goose/Guiyang/337/2006/H5N1 with a McFadden pseudo-R? of

0.69.
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Figure 24. The relationship between hatch year and neutralisation of pseudotypes run on the wild
avian sample set. Facets denote individual pseudotypes. Points in Figure a denote neutralisation. Black
lines show the output of unweighted linear models. Shaded areas around the line denote the standard
error of the model. Adj. R2 denotes the adjusted R? of the model. Gradient p.val denotes the
significance of age in the model. Bars in Figure b denote the percentage of seropositive donors by
hatch year. Black lines on b show the output of logistic regression models. Shaded areas around the
line denote the standard error of the model. McFadden pr2 denotes the McFadden pseudo-R2 of the
model. Age odds effect denotes the p-value of age’s significance in the model.
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10.2.10 Comparison between human and H5 virus-exposed avian neutralisation responses
towards A/bar-headed goose/Qinghai/3/2005/H5N1 pseudotypes

Pseudotypes expressing the HA of A/bar-headed goose/Qinghai/3/2005/H5N1 were tested with both
Scottish blood donors and likely H5-exposed (Methods 8.4.4), swan sera samples. The percentage of
donors neutralising pseudotypes expressing A/bar-headed goose/Qinghai/3/2005/H5N1 was greater
in humans than in swans. Bayesian 95% confidence intervals do not cross, Figure 25 a. However, the
mean magnitude of neutralising responses was greater in swans than in humans, t-test p-value <

0.0005 (Figure 25 b).
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Figure 25. A comparison between the human and avian neutralisation response to A/bar-headed
goose/Qinghai/3/2005/H5N1 virus. Figure a shows the percentage neutralisation. Error bars denote
the Bayesian 95% confidence interval of seropositivity. The number of donors run is labelled on top of
the bars. Figure b shows the magnitude of neutralisation. Error bars denote the 95% confidence
interval of neutralisation strength; the horizontal dashed lines denote the mean. The y-axis denotes
logi10(ICso). Differences between means of human and avian responses were determined by student’s
t-test. Significance stars: * p-value < 0.05, ** p-value < 0.005, *** p-value < 0.0005.

10.2.11 Scottish blood donor and swan sera sample set demographics

Age and sex-controlled random samples of the Scottish blood sera sample sets were produced using
the R package “dplyr.” A/bar-headed goose/Qinghai/3/2005/H5N1 pseudotypes were tested on
human sample one. A/South Carolina/1/1918/H1N1 pseudotypes were tested on human sample two.
All other pseudotypes were tested on human sample two. Human sample two consists of all samples
in human sample three but with 89 extra age and sex random samples. Human sample one consists
of all samples in human sample two but with 158 extra age and sex random samples. Figure 26 a

details histograms showing these distributions.

Age and hatch date controlled random samples of the swan sera sample set were produced using the
R package “dplyr.” A/Viet-Nam/1203/2004/H5N1 and A/bar-headed goose/Qinghai/3/2005/H5N1

were tested on avian sample one.

A/Chicken/Deli_Derdang/BBPVI/2005/H5N1 and A/goose/Guiyang/337/2006/H5N1 pseudotypes
were tested on avian sample two. Avian sample one consists of four more, age and hatch-date-
controlled random samples of swan sera than sample two. Figure 26 b details histograms showing

these distributions.
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Figure 26. A histogram detailing the demographics of the Scottish blood donor and avian sera samples
sets. Figure a details the Scottish blood sera sample set and Figure b details the avian sera sample set.
Columns are split up into male and female. Male and female columns are stacked meaning to read
female data, take the count from the top of the male bar to the end of the female bar. The y axis
denotes the number of samples and the x-axis denotes age in Figure a and hatch year in Figure b.

Facets denote the sample used.

131|Page



10.3. Discussion

10.3.1 Summary

| conducted two large serosurveys comprising 2,357 human blood donors and 376 wild swan sera runs.
We developed an in-house pseudotyped influenza microneutralisation assay run on an automated
robotic pipeline (Methods 8.1.7). Pseudotype viruses expressing ebola’s GP were used to set the limits

of detection, allowing me to determine which samples contain neutralising antibodies.

| found substantial population immunity towards the HA of an avian H5N1 virus of pandemic concern
in a likely unexposed Scottish blood donor cohort. | found population immunity of differing levels
towards historical H1 pseudotyped influenza viruses not previously seen by any members of the
cohort. In contrast, | found no population immunity to a historical avian H5N1 virus collected in 1959:
the first isolated H5N1 virus. | also found substantial population immunity to four HPAI H5N1 strains

in a British wild swan sample cohort.

Age has a significant, non-linear impact on seropositivity chance and neutralisation strength towards
certain influenza pseudotypes (Figures 21 and 22). Age significantly impacts the seropositivity
probability for A/PR/8/1934/H1N1 and A/Solomon Islands/3/2006/H1N1. The age-neutralisation
probability relationships between A/PR/8/1934/H1N1 and A/Solomon Islands/3/2006/H1N1 appear
to take opposite shapes between the ages of 20 and 60, (Figure 21 b). Age also significantly impacts
the neutralisation strength of A/bar-headed goose/Qinghai/3/2005/H5N1 and
A/USSR/90/1977/HIN1 in GAM models. Both show a positive relationship but with peaks and troughs.
No clear age relationships were found for: A/South  Carolina/1/1918/H1N1,

A/California/07/2009/H1N1 or within the avian serosurvey (Figures 21 and 22).

10.3.2 Antigenic imprinting and cross-reactivity between viruses
The high level of anti-H5N1 HA neutralising immunity in the Scottish blood donor sample set (Figure
20) is unlikely to be generated from natural infection with A/bar-headed goose/Qinghai/3/2005/H5N1
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or any other H5N1 strain as H5 HA strains do not circulate in the human population. There have been
no documented human H5N1 infections in Scotland. It is likely that this immunity is due to cross-
reactive antibodies generated by similar HAs. HIN1, H2N2 and H5N1 viruses are phylogenetic related
and collectively referred to as Group 1 HAs [348]. The similarities between H1 and H5 HAs are
discussed further in Results 8 and 9. HIN1 circulates annually in Scotland. It is possible that human H5

cross-reactivity may be derived from previous infections with HIN1 strains.

Gostic et al., (2016) suggested that incidence and mortality in South East Asian H5N1 cases showed
differing patterns depending on birth date [349]. People born before 1968 had a lower incidence/
mortality than those born after 1968. A potential partial explanation for this could be due to antigenic
imprinting (Introduction 7.8). HIN1 became extinct from circulation in 1957. HIN1 was replaced by
H2N2 (another group 1 HA) which circulated until 1968 when it was replaced by H3N2 [350] [5]. HIN1
started circulating again, succeeding the “Russian flu” epidemic [350]. Post-1977, HIN1 (group 1 HA)
has been co-circulating with H3N2 (group 2 HA [348]) (Figure 2), causing around half the cases that
H3N2 does [103]. Gostic et al., (2016) propose that children born before 1968 primarily imprinted on
group 1 HA viruses (HIN1 and H2N2) [349]. However, from 1968 to 1977, this would not have been
possible as HIN1 was not circulating, and therefore children born in this timeframe would be primarily
imprinting on H3N2 or H2N2. Moreover, from 1977 to the present day, children are less likely to
experience HIN1 than H3N2 annually. In summary, the hypothesis suggests that people born before
1968 developed preferential immune responses towards group 1 HAs (including H5N1) and people

born after 1968 developed preferential immune responses towards group 2 HAs.

In this study, donors with an age of 52 were born in 1968 whilst donors with an age of 43 were born
in 1977. Intriguingly, the pattern describing the relationship between neutralisation strength and age
for A/bar-headed goose/Qinghai/3/2005/H5N1 and A/USSR/90/1977/HIN1 both contain peaks/
troughs around the ages of 52 and 43, respectively (Figure 22). In addition to this, some of the post-

60-year-old decline in strength could be explained by immune-senescence.
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The highest neutralisation logio(ICso) values were found for the A/USSR/90/1977/HIN1 HA
pseudotyped virus from individuals around age 52 (Figure 22). From the late 50s, neutralisation begins
to decline until age 70. However, it only declines to half the level of the peak relative to the dip at age
20. Moreover, the A/bar-headed goose/Qinghai/3/2005/H5N1 neutralisation strength-age
relationship dips at age 43, lasting towards nearly 50 years old (Figure 22). Neutralisation strength

then increases with ages older than 50.

A potential explanation for the A/USSR/90/1977 H1N1 response trend could be that donors of age 52
and older imprinted predominantly on HIN1/ H2N2 epitopes shared with A/USSR/90/1977/H1N1
when young. This would hypothetically cause them to mount a stronger immune response to
A/USSR/90/1977/HIN1 than those born before 52. Whereas donors 43 years and older imprinted on
HIN1 epitopes shared with A/bar-headed goose/Qinghai/3/2005/H5N1. If no epitopes are shared
between H2N2 and A/bar-headed goose/Qinghai/3/2005/H5N1 (which circulated between 1958 and
1968), only between HIN1 and A/bar-headed goose/Qinghai/3/2005/H5N1, this could explain why
donors older than 50 mount a stronger immune response to A/bar-headed

goose/Qinghai/3/2005/H5N1.

Another explanation for these trends could be that immune responses increase in strength due to
sequential exposure to influenza viruses over the course of an individual’s life. Sequential exposure to
divergent influenza strains has been shown to increase broadly-neutralising antibody immunity
(Introduction 7.7). Furthermore, cross-reactivity could be directed towards the conserved stem region

or the immunodominant globular head.

In addition to neutralisation strength, the probability of neutralising antibodies also varied with age
for A/PR/8/1934/H1N1 and A/Solomon Islands/3/2006/H1N1. Strangely these patterns appear to be
inverse from the ages 20 to 60 (Figure 21): with the detected neutralising activity to the
A/PR/8/1934/HIN1 peaking between 20-60 and the detected neutralising activity to A/Solomon

Islands/3/2006/H1N1 declining. Interestingly, the maximum for A/PR/8/1934/HIN1 and minimum for
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A/Solomon Islands/3/2006/H1IN1 are situated around age 43, when HI1N1 was reintroduced into

circulation [350].

Neither A/South Carolina/1/1918/H1IN1 or A/California/07/2009/H1N1 exhibited a significant age
trend. The 3-year rolling average for seropositivity chance and neutralisation strength contains many

peaks and troughs (Figures 21 and 22). This is potentially due to natural variance around zero.

No clear trend between hatch year and neutralisation strength or seropositivity was elucidated in the
avian serosurvey. However, a significant negative trend between hatch date and neutralisation
strength was seen for A/goose/Guiyang/337/2006/H5N1 (Figure 24). However, this trend has a very
low R? of 0.066. Moreover, seropositivity chance and hatch date showed a significantly negative trend
in A/Viet-Nam/1203/2004/H5N1 (Figure 24). This trend has a high McFadden pseudo-R? of 0.69.
However, when 2008 is included in the analysis, age becomes insignificant (Supplementary Figure 4).
In addition, there were no significant differences between the immune responses between the four
H5N1 pseudotypes tested on the swan sera. This could be due to all these pseudotyped HA strains
being antigenically similar. The strains were only sampled between 2004 and 2006; all in Asia.

Therefore, being antigenically similar is likely.

10.3.3 Suitability of comparisons between the neutralisation of different pseudotyped influenza
viruses

Pseudotyped viruses are constructed by displaying a viral glycoprotein (HA in this study) of interest on
the membrane of a virus with a lentiviral core, containing an internal luciferase reporter. Differences
in glycoprotein structure impact how antisera bind to the pseudotype and thus, entry into HEK293T
cells [351]. Therefore, by using multiple pseudotypes, | can compare the neutralisation response
against different glycoproteins. However, other factors than fusion glycoprotein structure may impact

the neutralisation response. Differences in glycoproteins may change: (i) how much fusion

135|Page



glycoprotein is displayed on the pseudotype surface and, (ii) the distribution of glycoprotein on the

surface of the pseudotype [222]. Both these factors may impact how antisera bind to pseudotypes.

Normalising responses to a monoclonal antibody (mAb) can reduce some of this variation and allow
for better comparisons. However, any mAb used should bind the exact same epitope or binding site
for each virus. | could not find any mAb that would bind the same conserved site for all HAs | used in

our serosurvey.

10.3.4 Antigenic characterisation of A/South Carolina/1/1918/H1N1 and
A/California/07/2009/H1N1 have similar antigenicity profiles

Thompson et al., (2018) found that children’s sera exposed to A/South Carolina/1/1918/H1IN1 and
A/California/07/2009/H1N1 reacted similarly [147]. Moreover, both the “Spanish flu” and “Swine flu”
showed similar age patterns [352], [353]. | have also shown a similar trend in our serosurvey. There is
no significant difference between the neutralisation strengths of the two pseudotyped influenza

viruses (Figure 20 and Table 5). Neither virus showed any significant age trend (Figures 21 and 22).

10.3.5 Avian neutralising immunity did not differ between pseudotyped influenza virus strains
despite being from diverse phylogenetic clades

| tested four HPAI H5N1 pseudotyped influenza virus strains on a wild avian sera sample set in
microneutralisation assays. These strains were collected between 2004 and 2006. Despite being from
similar years, all were from different phylogenetic clades as defined by the WHQO'’s unified HPAI
nomenclature [31], [32], [33]. Wild avian neutralising immunity showed no differences between the
strains used (Figure 23 and Table 6). This occurred for both seropositivity chance and neutralisation
strength. This could suggest that avian neutralising immune responses are primarily targeted towards
conserved regions shared between strains occupying diverse phylogenetic clades. The detection of

conserved regions of neutralising cross-reactivity was investigated further in Chapters 10 and 11.
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However, this could also be because, from the years 2004 to 2006, HAs did not have sufficient time to

evolve diverging antigenicity profiles.

10.3.6 Definition of Positive Samples

Responses to pseudotyped viruses expressing ebola’s GP were used as a negative control. ICso values
were used to set thresholds for seropositivity, Figure 19. Ebola has never been documented to infect
humans or swans in the United Kingdom [330]. It is possible, if highly unlikely, that people and/or birds
in the United Kingdom have been in contact with pathogens that confer cross-reactivity to ebola.
Therefore, | hypothesise that any detectable neutralisation responses occurring for the ebola
pseudotyped virus may be due to non-specific factors. Non-specific factors may include activation of
the complement system, which could lead to the opsonisation and subsequent neutralisation of
pseudotypes independent of specific antibody-antigen interactions. Additionally, the presence of
natural antibodies or pre-existing anti-lentiviral factors, such as those targeting viral vectors or
conserved epitopes shared by unrelated viruses, could also contribute to the observed neutralisation.
These non-specific immune responses are important to consider, as they can lead to false-positive

results in serological assays, thereby complicating the interpretation of neutralisation data.

10.3.7 Assessing pandemic risk

A pandemic occurs when a pathogen emerges that (i) spreads from human to human, and (ii) limited
or no immunity exists towards it in the general population [189]. Neutralising antibodies towards
viruses is known to be a correlate of protection [309], [310]. Our serosurvey detecting neutralising
antibodies towards SARS-CoV-2’s Spike protein for the Scottish National Blood and Transfusion Service
(SNBTS) found that population immunity was low during the first COVID-19 pandemic wave. From this,

| predicted that further spread of the SARS-CoV-2 virus was likely (Chapter 9).
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| found that 479/520 Scottish blood donor samples neutralised A/bar-headed
goose/Qinghai/3/2005/H5N1. In  contrast, 2/273 Scottish sera samples neutralised
A/chicken/Scotland/1959/H5N1. Our sample set contains donors primarily between the ages of 18-65
years old. This result may indicate that there is some standing protection towards the A/bar-headed
goose/Qinghai/3/2005/H5N1 HA in the Scottish population. This could reduce the likelihood of this

strain spreading in this population.

However, other conditions may also play a part in pandemic production. For example: public health
measures taken during the initial outbreak; remoteness of the initial outbreak and opportunities for
people to travel; climate at the epicentre and preexisting cellular-based immunity all may play a part
in the production and maintenance of pandemics. This serosurvey does not provide data that

addresses these points.

Moreover, | cannot assess whether the neutralising immunity | measured will lead to changes in
clinical outcomes after an infection. For example, our group showed that a higher degree of cross-
reactive humoural immunity between beta coronaviruses and SARS-CoV-2 is associated with negative

clinical outcomes in ICU patients [91].

Finally, | have tested the neutralisation response to influenzas’ HA glycoprotein. This is justified
because this is influenza’s primary antigenic determinant [5]. However, | have not assessed immunity

towards other influenza proteins.
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11. Identification of epitopes of limited variability in the

HAs of H5 and H1 influenza viruses using bioinformatics

11.1. Background
HA is influenza’s most abundant surface protein and plays a key function in viral entry to target cells,
it is estimated to be the target of 60% of anti-influenza antibodies [5]. Consequently, HA is the primary

antigen used for most influenza vaccines [5]—[7].

HA can be divided into two domains: a head domain (52-277 in H3 numbering) and a stem domain
(AA <52, >277 in H3 numbering) [39] (Figure 3). The HA head domain binds to sialic acid, the cell
receptor on the surface of target cells. Endocytosis is initiated once bound to the target cell and the
virion is enclosed in a vesicle. The pH drops within the vesicle, which in turn causes the stem domain
via the fusion peptide to change conformation and initiate fusion of the viral and cell membranes to

release the genome into the target cell (discussed in Introduction 7.3 to 7.4).

Influenza evolves through the incremental accumulation of mutations in surface proteins, such as HA.
This allows viruses containing these mutations to avoid antibodies produced by the host immune
system [5], [99]-[103], [106], [107]. This process is known as ‘antigenic drift’ [19]—-[25]. Strains
containing advantageous mutations spread throughout the host population to become the most

prevalent seasonal strain (Introduction 7.10 to 7.11).

The stem domain anchors HA to the virion and contains the fusion components. In contrast, the
globular head domain is more exposed to the host immune system, and consequently, is under greater
selective pressure (Introduction 7.10). The stem is less variable than the head domain [241]. Deep
mutational scanning has been performed on the HAs of HIN1 and has shown that the stem domain is

intrinsically less variable than the head domain [241].
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Despite the intrinsic variability of the influenza virus proposed by the antigenic drift theory,
epidemiological and phylogenetic studies of influenza circulating in the human population have shown
that the genetic and antigenic diversity of HA must be restricted to some extent [16], [98], [144], [354]
as influenza seasons tend to be dominated by a single or limited number of strains [135], [145]. The
constrained nature of the antigenic evolution of influenza in humans remains a matter of debate.
However, several modelling-based hypotheses exist; each approach constrains the evolution of the

virus in some manner[126], [135], [355]-[362], [136]-[142], [146].

Some of these evolutionary mechanisms predict the existence of epitopes of limited variability (ELVs)
situated within the more variable head domain [144]-[146]. Studies involving monoclonal antibodies
have identified regions of HA that cross-react with multiple strains within a subtype. These antibodies
tend to bind to areas of HA which carry out a function and are consequently restricted in their
variability. These regions include the i) receptor binding site (RBS) [84], [149], [363], which binds to
sialic acid, ii) lateral patch [125], which enables monomers of the HA trimerise, and iii) the fusion
peptide of the stem domain [364], which initiates fusion of the virion membrane and the vesicle

membrane during infection

A second strand of evidence suggesting that ELVs exist is serological studies. These studies involve
running serological assays against a panel of chronologically distinct influenza viruses or antigens [5],
[123]. These studies often show that immunity to one strain may confer protection against a number
of chronologically distinct strains, this suggests that epitopes are ‘recycled’ over time as population
immunity changes [5], [123]. For example, Thompson et al., (2018), showed that specific conformation
of a restricted variability HA head epitope encompassing the RBS induces cross-reactive immunity to
H1N1 strains that last circulated in 1934, 1977 and 2006 [147]. The existence of low variability HA
head epitopes, which exist as a limited number of conformations, and are shared between multiple

strains.
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No studies have identified ELVs that are shared between strains from different subtypes, such as
between H5N1 and H1N1. | have shown that, within the same Scottish blood donor sera sample set,
population immunity exists towards the HS5N1 strain A/bar-headed goose/Qinghai/3/2005 and

multiple HIN1 influenza strains (Chapter 10).

The HAs of H5N1 and H1N1 are phylogenetically closely related [365]. Moreover, the HAs appear to
be structurally similar (Figure 27). Consequently, | hypothesise that the anti-H5N1 neutralising
immunity is partially elicited due to cross-reactive H5N1-H1N1 antibodies. | hypothesise that these

cross-reactive antibodies recognise ELVs shared between H5N1 and H1N1.

Therefore, | performed structural bioinformatic analyses to identify ELVs that are shared between
H5N1 and H1N1. The rationale for this analysis was to produce hypothesis-testing data. Putative ELVs
identified during this analysis were then to be tested in the laboratory setting to provide supporting

evidence of their existence.
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11.2. Results

11.2.1 The head domain of Haemagglutinin is more variable than the stem domain

Previous studies have shown that the HA head is more variable than the stem domain. I first attempted
to determine if this is true using the amino acid and crystal structure datasets described in Methods
8.4.1.

Shannon entropy is an information theory concept that describes uncertainty in a dataset. By applying
this to an amino acid alignment, | can determine the total amino acid existence uncertainty of a certain
residue position. This can be thought of as the likelihood of residues in that position to mutate. Thus,

this can be described as mutational entropy [241].

Figure 27 a shows the mutational entropy for every position in the H5N1 and HIN1 alignments. Figure
27 c and d displays this data on H5N1 and H1N1 crystal structures. Examination shows that the head
domains of both H5N1 and H1N1 have a greater mutational entropy than the stem domains. This is
confirmed by statistical analysis. For both subtypes, there is a significant difference between the mean

variability of head and stem when applying a student’s t-test (Figure 27 b).
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Figure 27. Variability of the head and stem domains of H5NX and H1N1. Mutational entropy is
displayed in the unit “bits”. Figure a shows the mutational entropy for every position in the H5Nx and
H1N1 alignments. Figure b is a boxplot showing the median, interquartile range and outliers for HSNx
and HIN1 amino acid alignments. This is split into head and stem domains. Differences between
means of head and stem were determined by student’s t-test. Significance stars: * p-value < 0.05, **
p-value < 0.005, *** p-value < 0.0005 and **** p-value <0.00005. Figures c and d show the mutational
entropy displayed on the crystal structures 5e2y (H5N1) and 6ona (H1N1). Scale bars denote the
mutational entropy extent.

11.2.2 There are regions of limited variability in the H5 HA head domain

| attempted to determine if there are immunogenic regions of limited variability within the H5 HAs. |
used the structural bioinformatics program described in Methods 8.2.2 to do this. In brief, the
programme divides HA up into theoretical antibody binding sites (ABSs). It does this by iteratively
taking every residue in a crystal structure and selecting nearby residues. Nearby residues are
determined by selecting an area, in A2, from which to look. With this data, | can map theoretical ABSs

onto an amino acid alignment.

ABS sizes of 400 A2, 600 A2, 800 A2, and 1000 A% were used as they correspond to a range of empirically
determined ABS sizes from antibody-HA crystal structures [240]. ABSs are comprised of solvent-
accessible residues. Therefore, to generate putative ABSs | used SwissModel to select different
thresholds of solvent accessibility to perform the analysis with. | selected the thresholds of 5%, 10%,

20%, and 30% solvent accessibility to perform analysis (Supplementary Figures 7 to 9).

Hamming distance as a concept is the measurement of the number of differences between strings.
Mean hamming distance describes the average dissimilarity between multiple strings. By applying this
concept to the bioinformatics pipeline, | can determine the average number of differences for ABSs
mapped onto an amino acid alignment. | can think of this as measuring the variability of theoretical

ABSs.
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| applied this concept to determine the variability of putative ABSs for pan H5Nx influenza subtypes. |
selected the crystal structure 5e2y (H5N1) for the analysis. | used the amino acid alignments described
in Methods 8.4.1 to compute mean Hamming distances. These comprised a pan-H5 amino acid
alignment (H5Nx) containing strains isolated from avian hosts. This describes the variability of putative

ABSs as found in nature.

Putative ABS variability is greater in the head than in the stem domain (Figure 28). This trend is
conserved across all putative ABS sizes. It is also conserved across all solvent accessibilities
(Supplementary Figure 7). Interestingly, despite being more variable than the stem domain, the head
domain contains dips in variability. Dips situated around alignment numbers 157 and 189 are notably

lower variability than many of the putative ABSs in the stem domain.
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Figure 28. Variability analysis of the H5 HA. Figure a shows the output from the bioinformatic structural
variability pipeline for avian H5 HA sequences mapped to the 5e2y (A/duck/Egypt/1018555/2010)
crystal structure. The x-axis is the numbering from a structural alignment between HIN1 and H5NXx.
The x-axis denotes the position in the alignment which occupies the central position of the predicted
ABS. The HA head and stem are labelled above. The y-axis denotes variability in the units of mean
Hamming distance. The four lines on each graph denote putative ABS of size 400 A2, 600 A2, 800 A2
and 1000 A2 by the line colours. Figures b and ¢ show the variability analysis displayed on the 5e2y
trimer crystal structure. Figure c shows the top view of the crystal structure. The scale bar denotes the
variability.

11.2.3 There are regions of limited variability in the H1 HA head domain

| then ran the same analysis using the H1 HA (crystal structure: 6ona A/Hickox/1940) and an alignment
of HIN1 HA amino acid sequences known to have circulated in humans. As with H5Nx, the variability
of putative ABSs is higher in the head than in the stem. The same pattern across the alignment is
conserved between all binding site sizes. Moreover, there are also notable dips in variability situated

in the head domain that are lower than some putative ABSs in the stem domain, Figures 29 a, c and e.

The above analysis was done to assess the variability of putative HIN1 ABSs seen in nature. In addition
to this, | performed analyses to assess the theoretical structural variability of these putative ABSs, i.e.
to see how plastic these ABSs could be without evolutionary selection pressure. To do this | ran data
from a comprehensive deep mutational scanning study performed by Bloom et al., (2016) through the

pipeline [241].

Deep mutational scanning involves mutating every residue in the HIN1 HA to all possible amino acids.
By determining the frequency of these mutations, the amino acid preferences can be worked out.
Amino acid preferences refer to the chance of a residue mutating to a certain amino acid. The Shannon
mutational entropy of each position describes the inherent mutational tolerance of that residue. A
higher mutational tolerance (measured in bits) describes how plastic each residue in the alignment

position is.

I ran the mutational tolerance data for each H1N1 residue through our putative structural

bioinformatics pipeline. | determined the mean mutational preference for each putative ABS at 400
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A2, 600 A%, 800 A2, and 1000 A% and 5%, 10%, 20%, and 30% solvent accessibility (Figure 29 b, d and
f).

Mutational tolerance is not uniform across the HIN1 HA crystal structure. As with the natural variation
analysis, there are peaks and troughs throughout the structure (Figure 29 b). There is higher

mutational tolerance within the head of HA than the stem (Figure 29 b, d, and f).

There are also multiple differences between the mutational tolerance (Figure 29 b) and natural
variation outputs (Figure 29 a). In particular, there is a difference between the variability and
mutational tolerance of putative stem ABSs. Some stem putative ABSs exhibit a mutational tolerance
that is relatively high when compared to the head domain, Figure 29 b. Whereas, predominantly, stem
ABSs exhibit Hamming distances that are relatively low when compared to the head domain, Figure

29 a.

Interestingly, the pattern of mutational tolerance in the head seems to be the inverse of the natural
variability analysis (Figure 29). Notably, troughs in variability at 157, 189, and 260 are all matched by
a peak in mutational tolerance (Figure 29 a and b). This is visible in the crystal structures shown in
Figures 29 d to f. For example, the middle head domain is shown to be of a high natural variability but
a low mutational tolerance, Figure 29. This is exemplified by the correlation between the two outputs.

The Pearson’s correlation between the head domain is 0.07 (0.14 to 0.015 95% confidence interval).
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Figure 29. Natural variability and mutational tolerance analysis for putative ABSs in the HIN1 HA.
Figure a shows the output from the bioinformatic structural variability pipeline for human HIN1 HA
sequences mapped to the 6ona crystal structure. Figure b shows the output from the structural
bioinformatic analysis using mutational tolerance data [241]. The x-axis is the numbering from a
structural alignment between HIN1 and H5Nx. The x-axis denotes the position in the alignment which
occupies the central position of the predicted ABS. The HA head and stem are labelled above. The y-
axis denotes variability in the units of mean Hamming distance and bits respectively. The four lines on
each graph denote epitopes of size 400 A2, 600 A2, 800 A% and 1000 A? by the line colours. Figures ¢
and d show the variability and mutational tolerance analysis displayed on the 6ona trimer crystal
structure. e and f show the top view of the crystal structure. The scale bar denotes the variability/
mutational tolerance.

11.2.4 | identified a putative low variability antibody binding site shared between H5N1 and
H1IN1

The output from the H5Nx and H1N1 natural variation structural variability analyses showed a high
degree of similarity (Figures 28 and 29). The Pearson’s correlation between the two outputs shown in
Figure 30 a is 0.65 (0.58 to 0.71 95% confidence interval). This indicates that the variability of

secondary and tertiary structural elements is consistent between HIN1 and H5NXx.

This method has previously been used by Thompson et al., (2018) to identify the “OREQ” ELV [147].
Due to structural similarities, | hypothesise that there may be a structural equivalent of this ELV in the
H5N1 HA. The HIN1 ELV ‘OREQ’ was identified by a structural variability dip around residues 157 to

159. Indeed, there is a remarkably similar dip at the same position in the HSNx analysis (Figure 30 a).

Figures 30 b and c show the putative ABS drawn centred around H5Nx-H1N1 structural alignment
position 159 at 600 A in area. Both are in the same places on the trimer and look strikingly similar. This

predicted ABS appears to potentially share sequence similarity between the H1 and H5 Hs.
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Figure 30. Variability analysis of the H5Nx and H1N1 HAs was used to identify a putative ELV potentially
shared between the two subtypes. Figure a shows the output from the bioinformatic structural
variability pipeline for avian H5 HA sequences mapped to the 5e2y crystal structure and human HIN1
HA sequences mapped to the 6ona crystal structure. The x-axis is the numbering from a structural
alignment between HIN1 and H5Nx. The x-axis denotes the position in the alignment which occupies
the central position of the predicted ABS. The HA head and stem are labelled above. The y-axis denotes
the mean variability between all epitope sizes in the units of mean Hamming distance. Figures b and
c show the putative ELV, of 600 A in size, centred on structural alignment position 159 for H5Nx and
H1N1 respectively.
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11.2.5 The putative shared H5Nx-H1N1 ELV is situated in an important location in the HA
receptor binding site and displays temporal and evolutionary characteristics of ELVs

During infection, the influenza virus uses the HA head domain to bind to sialic acid, allowing the virus
to enter the host cell and replicate itself.. The mechanism of binding is dependent on conserved
secondary structure elements: the 130 loop, the 220 loop and the 190 helix (Introduction 7.3). These,
along with certain conserved amino acids, make up the HA receptor binding site (RBS). The HIN1 OREO
ELV and the putative H5N1 equivalent (herein referred to as “the putative H5 ELV ABS”, hereby
referred to as HSPUTELV) both encompass part of the HA RBS (figure 31 a and b). Thompson et al,,
(2018) showed that conformations of the OREO ELV are substantially influenced by the HIN1 residue
147 [147]. By changing the residue at position 147, particularly to amino acids of differing electrostatic
properties, they were able to significantly impact the neutralisation of HIN1 viruses. The H5 structural
equivalent of HIN1 residue 147 is 145. This amino acid is positioned in HSPUTELV to the right-hand

side of the putative ABS, just as 147 is in OREO (Figures 31 a and b).

The electrostatic properties of amino acids can impact the secondary structure of proteins. Amino acid
mutations that change amino acid properties can therefore alter regions of proteins [366]. For OREO
and H5PUTELYV, positions 147 and 145 are commonly made up of amino acids consisting of three
distinct electrostatic properties. The majority of HIN1 residues at position 147 are either deleted,
basic or polar (Figure 31 c). The majority of H5N1 residues at position 145 are either deleted,

hydrophobic or polar (Figure 31 c).

Some evolutionary models predict that ELVs spread in a cyclical manner. This can be expressed by
time and/ or evolutionary clade [98], [144], [145]. Laboratory evidence was gathered for this
hypothesis by Thompson et al., (2018) [147]. They showed that the spread of OREO confirmations
stopped temporarily before resuming again. This pattern is shown by the time-calibrated HIN1
phylogeny of Figure 31 e detailing the electrostatic properties of residue 147. A phylogenetic clade of
H1N1 spread during the 1940s that contained strains with a deletion at 147. Subsequently, these were

replaced by basic residues of another clade in the 1950s. Deletions began spreading again in the early
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2000s by a further different clade, which were then replaced again by basic residues following the
2009 “swine flu” pandemic. From 2022, it appears that the predominant clade contains polar amino

acids.

The temporal and phylogenetic pattern of HSN1 residue 145 shows similarities with HIN1 residue 147
(Figure 31 d and e). From 1959 to the early 2000s, residue 145 predominantly expressed polar
residues. During this time, multiple clades were formed. One contained hydrophobic residues and one
contained polar residues which then changed to deletions around the 2010s. In the current year, most

strains are now expressing hydrophobic residues.
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Figure 31. The structural and phylogenetic characteristics of the putative H5 ELV and its structural
equivalent in HIN1. Figures a and b show the putative ABS, of 600 A in size, on the 5e2y (H5N1) and
6ona (H1N1) crystal structures, respectively. Cartoons coloured pink denote the HA receptor binding
site (RBS). Blue dots denote the putative ELV. Red dots denote H5N1 residue 145 and HIN1 147
respectively. Figure c denotes the most common residues at HSN1 position 145 and H1IN1 position
147. Count denotes the number of sequences in the amino acid database for H5N1 and H1IN1
(Methods 8.4.1) and the x-axis denotes the specific amino acid. Facets denote the influenza subtype.
Figures d and e show time-calibrated Maximum Clade Credibility (MCC) trees, with tip labels denoting
the electrostatic properties of H5SN1 residue 145 and HIN1 residue 147. Phylogenies were constructed
by randomly sampling 3 sequences per year (where possible) from the H5N1 and H1N1 databases. Bar
colours of ¢ and tip label colours of d and e denote electrostatic properties.

11.2.6 Homology modelling identified that mutations at position 145 have structural impacts on
an integral part of the HA receptor binding site

To test this in silico, | attempted to study the structural impacts of 145 mutations by homology
modelling (Methods 8.2.3). Homology modelling is a technique used to predict the 3D structure of a
theoretical protein by comparison to known, similar structures. The most common amino acids at
H5N1 position 145 are serine (polar) and leucine (hydrophobic). | therefore generated structures
based on H5N1 crystal structure 5e2y with 145 S and L mutations. | then structurally aligned these two
structures and examined the differences. Between 145S and 145L, there is a difference in the

orientation of the 130 binding loop (Figure 32 a).

| then calculated the Root Mean Square Deviation (RMSD) between every amino acid pair in the
structural alignment. RMSD quantifies the difference between the x, y, and z coordinates of two
objects. The greater the RMSD, the greater the difference in structure. Most amino acid pairs showed
a RMSD of 0. 14 amino acids showed a non-zero RMSD. 8/14 of these are situated in the RBS, 3 of

which are in the 130 loop, with the highest total RMSD in the 130 loop (Figure 32 b).
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Figure 32. Theoretical impact of mutations in H5N1 residue 145 on HA’s RBS. Figure a shows two
structurally aligned homology-modelled HA structures, based on crystal structure 5e2y (H5N1). These
structures contain 145S and 145L mutations. Cartoons coloured pink comprise HA’s RBS. Cartoons
coloured blue show a peptide chain that differs in orientation between the two aligned structures.
Figure b shows the pairwise Root Mean Square Deviation (RMSD) between every amino acid pair. Bars
denote the RMSD between pairs and alignment position denotes position in the structural alignment.
Figure b zooms in from residue 120 to 220 as all other positions show a pairwise RMSD of 0.
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11.3. Discussion
11.3.1 Summary
My analyses show that the globular head domain of the H5 and H1 subtype HA is more variable than

the stem (Figure 27).

| applied a structural bioinformatic pipeline to characterise the variability of putative ABSs on the HAs
of H5N1 and H1IN1. This was done using a range of ABS sizes and solvent-accessibility thresholds
(Figures 28 to 30 and Supplementary Figures 7 to 10). Using my amino acid alignment database, |
showed that variability is not uniform across the structure. There exist pronounced peaks and troughs
in variability throughout the head domain. Some putative ABSs in the head domain are, in fact, of

lower variability than those in the stem domain.

In addition to the natural variation, | applied mutational tolerance data to the structural bioinformatic
pipeline. Bloom et al., (2016) determined the capacity of HA to vary by generating every mutation
possible in the HIN1 HA [241]. | used this data to determine the theoretical mutational tolerance of
the putative ABSs generated earlier (Figure 29). These data were not highly concordant with the
natural variation analysis applied to HIN1. The distribution of mutational tolerance showed a near-

opposite pattern across the amino acid alignment in the head domain.

By examining the natural variation analysis output for HSN1 and H1N1, | identified a low variability
theoretical ABSs that could be shared between the H5 and H1 subtypes (Figure 30), hereby referred
to as ‘HS5PUTELV’. The putative H5 low variability ABS appears to be structurally similar to the HIN1
ELV OREO (Figure 31 a and b). Residue 145 in HSPUTELYV is the structural analogue of OREO residue
147. This residue was shown to have an interesting temporal pattern of spread. | showed that a similar
phylogenetic and temporal pattern is exhibited by residue 145 found within the low variability H5 HA

ABS (Figure 31 e and f).
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ELVs have been found in structurally important parts of the HA’s globular head domain [84], [149],
[363]. HSPUTELYV is situated on top of the HA’s sialic acid RBS. |, therefore, attempted to determine
whether mutations in HSPUTELV residue 145 would structurally impact the RBS. Through homology
modelling and structural alignment, | showed that mutations theoretically alter the orientation of the

RBS 130 loop (Figure 32).

Ill

11.3.2 Development of a theoretical “universal influenza vaccine”

The primary antigenic determinant of influenza is the globular head of HA. Therefore, it is the primary
target for vaccines [39]. To date, alternative methodologies, such as vaccines targeting the more
conserved HA stem or conserved internal proteins such as NP and M1 have failed to show efficacy in
clinical trials [355]. However, the disadvantage of targeting the head domain is that epitopes within it
can be more variable than those in the stem. The analysis in Figures 28 to 30 shows that some putative
head epitopes have lower variabilities than some stem epitopes in the HAs of HIN1 and H5N1. These

putative epitopes, such as H5PUTELV in H5N1 and OREO in H1N1 [147], if shared between subtypes,

could be ideal vaccine targets for an H1/H5 subtype influenza vaccine.

11.3.3 Hypothesis Generating data

The rationale for this bioinformatic analysis was to produce hypothesis-generating data. | wanted to
attempt to understand why a large proportion of a likely-unexposed Scottish blood donor sera cohort
neutralised the A/bar-headed goose/Qinghai/3/2005 H5N1 HA. | hypothesised that this occurs due to
cross-reactive immune responses generated by exposure to HIN1 HAs. If this is the case, |
hypothesised that HSN1 and H1IN1 HAs share conserved epitopes on the globular head. | planned to
test this by undertaking site-directed-mutagenesis (SDM) on the residues identified by bioinformatics.

These tests would be designed to explain whether the predicted residues: i) explain a significant
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portion of the neutralisation strength towards the A/bar-headed goose/Qinghai/3/2005 HA, ii) are
shared between HIN1 and H5 strains, and iii) the impact of mutating these residues in order to

characterise and isolate the predicted ELV.

11.3.4 The H5 residue 145 is antigenically important and has been associated with HPAI
epidemics as well as human spillover risk

| identified HSPUTELV as the structural analogue of HIN1’s OREO ELV (Figure 31). Thompson et al.,
(2018) identified HIN1 residue 147 as integral to the OREO epitope [147]. | identified the H5 structural

analogue of HIN1 residue 147 to be residue 145 (Figure 31 a and b).

H5 residue 145 is situated within the H5 antigenic site “Site A”, also known as “Group 1” (Figure 5)
[113], [114], [118]. Antigenic sites have been identified in epitope mapping studies. These studies test
a group of mAbs with different, unknown, binding sites against viruses with known mutations. By
determining which mutations impact the binding of which mAbs, and then grouping these together,
researchers can define antigenic sites. Rockman et al., (2013) conducted fine epitope mapping,
progressively introducing amino acid substitutions to A/Vietnam/1194/04 until it became A/Bar-
headed Goose/Qinghai/65/05 [367]. Mutating A/Vietnam/1194/04 to L145S caused significant
immune escape to the mAb 153b. L145S has been shown to cause immune escape against chicken
sera [114]. Moreover, viruses containing the mutations L145 S/Del were inferred to elicit immune
escape when assayed against ferret sera [118]. These studies suggest that mutations at residue 145

can elicit immune escape against a variety of antibodies. This makes 145 an ideal candidate for SDM.

Rockman et al., (2013) performed homology modelling and molecular dynamics simulations involving
residue 145 [367]. In this in silico analysis, they predict L145S changes the hydrogen bonding
characteristics and electrostatic interactions in adjacent areas. These in turn cause conformational
changes in secondary structures which may alter antigenicity by impacting antibody binding. My in-

silico analysis also predicts that S145L can impact the secondary structure of HSN1 HA. | predict that
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the transition from hydrophobic to polar residues causes the RBS 130 loop to change in orientation

(Figure 32).

In addition to immune escape, mutations at residue 145 have been linked with HPAI epidemics.
Residue 145 has been shown to be under directional selection during H5 outbreaks [368], and
associated with the generation of HPAI outbreaks [369]. This suggests that mutations at this site
improve viral fitness and increase the longevity of outbreaks. This could occur due to 145 mutations
allowing immune escape in populations becoming immune to the previous residue. Mutations at

residue 145 have also been shown to be associated with increased virulence in avian outbreaks [370].

In general, human influenza viruses HAs preferentially bind to a2,6-linked sialic acid situated in the
upper respiratory tract. Avian influenza viruses such as H5N1 bind preferentially to a2,3-linked sialic
acid and show poor avidity for a2,6-linked sialic acid [371][372]. This means avian influenza viruses
have difficulty infecting human hosts. Shifting in preference from a2,3 to a2,6-linked sialic acid causes

spillover concern [372].

The double mutation 129Del/1151T (residue 129 is residue 145 in H5 numbering) is associated with
increased HA avidity to a2,6-linked sialic acid [373] [374]. The double mutation also showed increased
murine virulence [374]. The 145Del mutation has occurred commonly in Egypt [375]. The triple
mutation 120, 129Del and 1151T (H5 numbering) has been found in many Egyptian cases, with 145S
also common [376]. Strains containing 145Del were shown to be statistically over-represented in fatal

Egyptian human H5N1 cases [377].

11.3.5 Temporal and phylogenetic signals of ELV existence

Mathematical models of influenza evolution containing low variability epitopes are becoming
increasingly common [355]. The model known as “antigenic thrift” stipulates immunity to epitopes of

limited variability drives the emergence of new strains as population immunity changes due to birth
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and death within the population [144]-[146]. Due to the length of the human lifespan, humans are
infected with multiple strains of influenza throughout their lives. A large part of the neutralising
immunity to influenza could be directed against a small number of structurally constrained epitopes.
If true, due to structural constraints, these epitopes could only have a small number of conformations

they could occupy.

For example, conformation A of an ELV may spread for a decade, and people then become increasingly
immune to conformation A until a level of population immunity is reached that makes conformation
A not evolutionarily favourable to spread, at which point strains with conformation B would spread,
Introduction 7.11 (Figure 7). This allows for the reappearance of historical epitopes (conformation A)
once immunity against them has decreased due to immune people dying or migrating. A scenario
similar to this occurs within HIN1, with immunity directed towards the OREO ELV [147]. This pattern
appears to be reflected by the time-calibrated phylogeny shown in Figure 31 f which describes the

H1N1 OREO residue 147.

Birds have shorter lifespans than humans [378]. This means that birds are infected with fewer strains
throughout their lives than humans. This is predicted to have an impact on the spread of limited-
conformation ELVs [145]. Birds may not live long enough to become immune to an ELV conformation
and in doing so, cause switching of this conformation. Instead, this pattern may be seen via
phylogenetic clades. Figure 31 e shows that electrostatic charges of H5 residue 145 appear to be
grouped phylogenetically and temporally. This could be evidence that H5 residue 145 may spread in

an analogous manner to the OREO-containing HIN1 residue 147.

11.3.6 Contrast between natural variability and mutational tolerance ABS analysis in HIN1

| captured putative ABS variability that occurs in nature through our structural bioinformatic pipeline.
| did this by using a large HIN1 amino acid alignment generated from laboratory-sampled influenza

viruses. | also captured the mutational tolerance of putative ABSs by feeding mutational preference
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data from [241] through the bioinformatics pipeline. | hypothesised that the two analyses would show
similar patterns. In fact, the patterns did not correlate well, with a Pearson’s correlation of just 0.07
in the head domain. This may suggest that, even though certain putative ABSs have a high mutational
tolerance, they do not vary much in nature. This could potentially happen due to structural constraints

imposed by surrounding residues.
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12. Identification of epitopes of limited variability in the
head domains of H5 and H1 influenza virus HAs using site-

directed mutagenesis

12.1. Background

Site-directed mutagenesis (SDM) is a precise genetic engineering technique used to selectively modify
DNA sequences to change one amino acid into another. Consequently, SDM enables precise
modification of amino acids within a protein [379]. In the context of this chapter, SDM allows us to
determine the impact of mutations on the antigenicity of HA. By observing how mutations modify the
neutralising immune responses observed in Chapter 10, | can determine whether certain residues

form parts of an epitope and responsible for an observed immune response.

In Chapter 10, | identified neutralising immune responses towards A/bar-headed
goose/Qinghai/3/2005/H5N1 and multiple historical HIN1 strains using a pseudotyped influenza virus

microneutralisation assay and sera from blood donors taken in 2020.

The epitopes recognised could be located in the more variable head domain of HA or the conserved
stem. Cross-reactive responses between different subtypes are typically thought to be mediated by
stem-targeted antibodies [60], [77], [86]—[88]. However, based on the bioinformatic analysis of the H1
and H5 haemagglutinins in Chapter 11, it appears that cross-reactive epitopes could also exist in the

head domain of the H1 and H5 HAs.

Furthermore, the observed antibody response could be (1) polyclonal, in which multiple epitopes are
recognised, (2) oligoclonal, in which several epitopes are recognised, or (3) monoclonal, in which a

single epitope is recognised by a single class of antibody [380].
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In this chapter, | therefore mutated residues 145 in the H5 HA of A/bar-headed
goose/Qinghai/3/2005/H5N1, and its H1 HA counterpart, 147 in A/USSR/90/1977/H1N1 to determine
if the observed cross-reactivity was due to a shared epitope containing this residue. | used two control

antibodies targeting the stem of the H5 and H1 HAs displayed by the pseudotyped viruses.

| show that mutating H5 residue 145 significantly impacts human and avian neutralising immune
responses towards A/bar-headed goose/Qinghai/3/2005/H5N1. | show that mutating H5 145’s
structural analogue, H1 residue 147, significantly impacts the human immune response towards
A/USSR/90/1977/H1IN1. These results are in contrast to control mutations in other H5 residues which

do not confer a significant change in immune response.
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12.2. Results

12.2.1 Mutating the head domain of A/bar-headed goose/Qinghai/3/2005 HA impacts
neutralisation with monoclonal antibodies

| performed site-directed mutagenesis on residue 145 in the HA of A/bar-headed
goose/Qinghai/3/2005. Residue 145 (Figures 33 a, d, and e) was selected as it is the structural
analogue of the H1 residue 147. Residue 147 in the H1 HA has been previously shown to be important
in the H1 ELV OREO, mediating cross-reactivity to historical strains [147]. Although the residue does
vary, it is situated within the putative low-variability H5 ELV (H5PUTELV Results 11.2.5). Mutating it
allows us to determine whether the previously observed reactivity to the A/bar-headed
goose/Qinghai/3/2005 HA pseudotyped influenza virus HA in (i) the Scottish blood donor sera
obtained in 2020, and (ii) the swan sera obtained from the Abbott Swannery between 2008 and 2017

is reduced.

Using this information, | also identified residue 215 (Figures 33 c, f and g) for SDM. Residue 215 is a
structural analogue of an H1 residue adjacent to, but not in, the HIN1 epitope Sb. | also selected other
H5 residues that do not have H1 analogues situated in defined HIN1 epitopes. The rationale for this
was twofold: (i) to test whether the SDM technique would cause statistically significant differences in
many residues, which is a-priori unlikely and may suggest the generation of false positives, and (ii) to
determine whether any anti-HA head cross-reactivity is widespread or confined to a limited number
of residues, as is predicted by mathematical models [144]-[146]. To this aim, | selected H5 residues:

70, 99, 123, 279 and 281 (Figure 33) to act as residues for negative control mutations.

Using PCR-based techniques, | introduced non-synonymous amino acid point mutations into the head
domain of the A/bar-headed goose/Qinghai/3/2005/H5N1 HA to test the predictions outlined above.
| then displayed these HAs on pseudotyped influenza viruses using the technique described in
Methods 8.1.3. Mutations that appear in the amino acid database (Methods 8.4.1) were selected; all
mutations have appeared in nature. | designed mutations to change the electrostatic properties of the

residue in question.
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When exposed to a polyclonal antibody sample, such as blood sera extracted from humans, antibodies
are likely to bind to multiple epitopes on the pseudotyped virus surface. | wanted to determine if
mutations in the head domain impact the binding of antibodies to these potential epitopes. Any
differences between WT and mutant would likely be due to structural changes caused by mutations
impacting the shape of epitopes in question. However, mutations may change more than the
conformation of head epitopes. Mutations could impact: (i) the amount of HA expressed in the
pseudotype, and/ or (ii) the distribution of HA in the pseudotype [222]. These changes could impact
how mutant pseudotyped influenza viruses are neutralised by mechanisms not related to changes in

surface epitope conformation.

Monoclonal antibodies (mAbs) are antibodies that recognise a single epitope. The mAbs Cr6261 and
C179 both recognise epitopes on the conserved stem domain of HA [267]-[269]. C179 neutralises the
same epitope in H1, H2, H5, and H6 HAs [267], [268]. Cr6261 neutralises the same epitope in and

protects mice from HIN1 and H5N1 viruses [269].

All the mutations | introduced target the head domain of HA. The stem domains are unchanged
between mutants. By testing these pseudotyped influenza viruses with stem-targeted mAbs, | can
determine if the mutations have impacted the pseudotype’s neutralisation characteristics irrespective
of head epitope structural changes. This is crucial for later work as this data can be used to normalise
differences in human and avian sera responses and allow for accurate comparison of mutants. |
therefore, tested the WT A/bar-headed goose/Qinghai/3/2005/H5N1 HA expressing pseudotyped
influenza virus against both mAbs. | then repeated this with every mutant HA expressing pseudotyped

virus (Figure 33).

All mutants were neutralised by both mAbs (Figure 33). No mutants apart from 145k showed
statistically different neutralisation characteristics than the WT as determined by 95% confidence

intervals. This occurred for Cr6261 mAb but not C179.
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Figure 33. mAb characterisation of pseudotyped influenza viruses displaying the HA of WT and mutant
A/bar-headed goose/Qinghai/3/2005/H5N1. Figures a to c show the zoomed-out view of the
monomeric modelled H5N1 HA crystal structure 5e2y. Figure c shows the top view of the structure.
Chain A is coloured white. The black rectangle highlights the zoomed-in view displayed in Figures d to
f. Figures d to f show the monomeric form of the crystal structure from Figures a to c. Residues
coloured and labelled are those that were mutated in mutant A/bar-headed
goose/Qinghai/3/2005/H5N1. Figure g shows the characterisation of pseudotypes displaying the WT
and mutant A/bar-headed goose/Qinghai/3/2005/H5N1 HAs. The y-axis denotes ICso on a logio scale.
The x-axis denotes the WT or mutant pseudotype. Facets denote the mAb. Error bars denote the 95%
confidence interval. Horizontal dashed lines show the mean ICso. Statistics were calculated using
logio(ICso) values and then back-transformed.

12.2.2 Mutating the head domain of A/USSR/90/1977/H1N1 HA impacts neutralisation with
monoclonal antibodies

To determine whether mutating residue 147 in HIN1 would significantly impact the neutralisation
response, Thompson et al., (2018) demonstrated that a deleted residue at position 147 was required
for cross-reactivity to historical strains [147]. As H5 does not circulate in the human population, the
observed reactivity to H5 is likely due to the circulation of H1 in the human population. Consequently,
if any reduction in neutralisation occurs when residue 145 is mutated, this is likely due to a pan-
subtype ELV. The bioinformatic analysis suggested that mutating the H5 structural analogue of H1 147
(H5 145) may significantly impact the immune response (Chapter 11). If mutations of both these
residues significantly impact the neutralisation response with the same sera samples, there is evidence
for a shared, pan-subtype, ELV. | therefore mutated H1 residue 147 to amino acids seen in nature

(Figure 34).

| also wanted to determine how polyclonal the neutralisation towards A/USSR/90/1977/H1IN1 HA is.
I, therefore, introduced amino acid point mutations into residues not part of the classic H1 head
epitopes (Figure 5) defined in [106], [107]. These residues are 63, 101, 103, 189 and 252 (Figure 34 ¢

and d).

As with H5, | produced pseudotyped influenza viruses containing these mutated HAs. | then tested the
WT and mutant pseudotyped influenza viruses using the stem-targeting mAbs Cr6261 and C179. No

significant differences were detected between the neutralisation of WT to mutants apart from
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K147Del as determined by a 95% confidence interval. A significant difference occurred with the Cr6261

mAb.
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Figure 34. mAb characterisation of pseudotyped influenza viruses displaying the HA of WT and mutant
A/USSR/90/1977/H1N1. Figures a to b show the zoomed-out view of the trimeric HIN1 HA crystal
structure 6ona. Chain A is coloured white. The black rectangle highlights the zoomed-in view displayed
in Figures c to d. Figures c to d show the monomeric form of the crystal structure 6ona from Figures a
and b. Residues coloured and labelled are those that were mutated in mutant A/USSR/90/1977/H1N1.
Figure e shows the characterisation of pseudotypes displaying the WT and mutant
A/USSR/90/1977/HIN1 HAs. The y-axis denotes ICso on a logio scale. The x-axis denotes the WT or
mutant pseudotype. Facets denote the mAb. Error bars denote the 95% confidence interval.
Horizontal dashed lines show the mean ICso. Statistics were calculated using logio(ICso) values and then
back-transformed.

12.2.3 Mutations to key residues in the head domain of the A/bar-headed
goose/Qinghai/3/2005 HA impact the neutralising action of human sera

| defined Scottish sera samples that were positive for neutralisation against A/bar-headed
goose/Qinghai/3/2005/H5N1 in Results 10.2.1. | selected an age-representative random sample of 30
of these sera samples. | then tested these sera samples for neutralising immune responses against
pseudotyped influenza viruses displaying the WT and mutant HAs of A/bar-headed

goose/Qinghai/3/2005/H5N1, (Figure 35).

Mutants differed in neutralising immune responses compared to WT, but none significantly, as
determined by 95% confidence interval, (Figure 35). All mutants apart from D281K showed

neutralisation responses for some samples below the negative threshold defined in Results 10.2.1.
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Figure 35. Human neutralising immune responses towards WT and mutant A/bar-headed
goose/Qinghai/3/2005/H5N1 HA pseudotypes. The y-axis denotes ICso on a log scale. Error bars
denote the 95% confidence interval. Statistics were calculated using logio(ICso) values and then back-
transformed. Horizontal dashed lines show the mean ICso. The grey shaded area denotes the negative
threshold defined in Results 10.2.1.

12.2.4 Mutations to key residues in the head domain of the A/bar-headed
goose/Qinghai/3/2005 HA impact the neutralising action of swan sera

| tested a randomised, hatch-date representative, 30-strong swan sera sample set for neutralising
immune responses against pseudotyped influenza viruses displaying the WT and mutant HAs of A/bar-

headed goose/Qinghai/3/2005/H5N1 (Figure 36).

Mutants differed significantly in neutralising immune responses compared to WT. The mutants D70N

and S145A showed significantly different neutralising responses to WT as determined by a 95%
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confidence interval, Figure 36. No mutants showed neutralisation responses below the negative

threshold defined in Results10.2.1.
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Figure 36. Avian neutralising immune responses towards WT and mutant A/bar-headed
goose/Qinghai/3/2005/H5N1 HA pseudotypes. The y-axis denotes ICso on a log scale. Error bars
denote the 95% confidence interval. Horizontal dashed lines show the mean ICso. Statistics were
calculated using logio(ICso) values and then back-transformed. No samples recorded ICso values below
the negative threshold defined in Results 10.2.1 so this is not displayed.

12.2.5 Mutations to key residues in the head domain of the A/USSR/90/1977/H1N1 HA impact
the neutralising action of human sera

| used the same age-representative random sample of 30 Scottish sera samples tested against A/bar-
headed goose/Qinghai/3/2005/H5N1 mutants to test for neutralising immune responses against
pseudotyped influenza viruses displaying the WT and mutant HAs of A/USSR/90/1977/H1N1, Figure

37.
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Mutants differed in neutralising immune responses compared to WT. All differed significantly apart
from E189K as determined by a 95% confidence interval (Figure 37). All mutants apart from E252K

showed neutralisation responses for some samples below the negative threshold defined in Results

10.2.1.
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Figure 37. Human neutralising immune responses towards WT and mutant A/USSR/90/1977/HIN1 HA
pseudotypes. The y-axis denotes ICso on a log scale. Error bars denote the 95% confidence interval.
Horizontal dashed lines show the mean ICso. Statistics were calculated using logio(ICso) values and then
back-transformed. The grey shaded area denotes the negative threshold defined in Results 10.2.1.
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12.2.6 Mutations to key residues in the head domain of the A/bar-headed
goose/Qinghai/3/2005 HA confer a significant change to the human and avian neutralisation
response

Amino acid mutations introduced to the head domain of HAs could alter: (i) the amount of HA
expressed in the pseudotype, and/ or (ii) the distribution of HA in the pseudotype [222]. This could
impact the neutralising immune response of sera samples when exposed to pseudotyped influenza
virus mutant HAs. This study aims to assess the impact of HA head mutations on antibody binding to
HA head epitopes. Therefore, | conducted analyses that would control for confounding variation that

could be introduced by non-head epitope-related changes in mutant pseudotype influenza viruses.

| calculated the percentage change in neutralisation between WT HA and mutant A/bar-headed

goose/Qinghai/3/2005/H5N1 HA pseudotyped influenza viruses through the equation

<(w)— 1) X 100 [147]. | did this for both the stem-targeted mAb and sera sample
Mutant ICsq

experiments. This analysis was conducted for logi transformed ICso values to eliminate bias from
skewed distributions, misleading mean values, and unfulfilled statistical assumptions. | then compared
the changes in mAb to the changes in sera sample neutralisation responses with student’s t-tests. A
significant difference between mAb and sera samples infers a difference in antibody-head epitope

binding caused by the mutation.

| did this for both the Scottish blood donor sera samples and wild-avian sera samples. Significant
differences were seen between both stem-targeted mAbs and human sera for the mutations: 199D,
S145L, T215L, and T215K (Figure 38). No significant differences were seen between both mAbs and
human sera for mutations: D70N, S145Del, K279E, D281K, D281N, and R123I (Figure 38). In contrast,
there was a significant difference between stem-targeted mAb Cr6261 and human sera for S145A
(Figure 38) as well as a significant difference between human sera and mAb Cr6261 for S145K (Figure

38).
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Figure 38. Differences in the human neutralising immune response against mutant and WT A/bar-
headed goose/Qinghai/3/2005/H5N1 HA pseudotyped influenza viruses. The y axis denotes the

percentage

change in

neutralisation

between

WT HA

and mutant

A/bar-headed

goose/Qinghai/3/2005/H5N1 HA pseudotyped influenza. The x-axis denotes sera or mAb. Facets
denote different mutations. Error bars denote the 95% confidence interval. Statistics were calculated
using logio(ICso) values. Differences between means of sera and stem-targeted mAbs were determined
by student’s t-test. Significance stars: * p-value < 0.05, ** p-value < 0.005, *** p-value < 0.0005 and
*%%* p-value <0.00005.
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Significant differences were seen between both stem-targeted mAbs and avian sera for the mutations
S145L and S145A (Figure 39). No significant differences were seen between both mAbs and avian sera
for mutations: D70N, S145Del, K279E, D281K, D281N, and R123I (Figure 39). There was a weak
significant difference between stem-targeted mAb C179 and avian sera for 199D and T125K, and a
stronger significant difference for T215L (Figure 39). There was a significant difference between mAb

Cr6261 and avian sera for S145K (Figure 39).
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12.2.7 Mutations to key residues in the head domain of the A/USSR/90/1977/H1N1 HA confer a
significant change to the human neutralisation response

| calculated the percentage change in immune response between human sera and stem-targeted

mAbs for WT and mutant A/USSR/90/1977/H1N1 HA pseudotyped influenza viruses. There were

significant differences between human sera and both mAbs for all A/USSR/90/1977/H1IN1 mutants

determined by student’s t-tests (Figure 40).
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Figure 40. A comparison between the change in human neutralising immune response for mutant and
WT A/USSR/90/1977/HIN1 HA pseudotyped influenza viruses. The y-axis denotes the percentage
change in neutralisation between WT HA and mutant A/USSR/90/1977/H1IN1 HA pseudotyped
influenza viruses. The x-axis denotes sera or mAb. Facets denote different mutations. Error bars
denote the 95% confidence interval. Statistics were calculated using logio(ICso) values. The difference
between means of sera and stem-targeted mAbs was determined by student’s T-test. Significance
stars: * p-value < 0.05, ** p-value < 0.005, *** p-value < 0.0005 and **** p-value <0.00005.
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12.3. Discussion

12.3.1 Summary

| introduced amino acid point mutations to the HA head domains of A/bar-headed
goose/Qinghai/3/2005/H5N1 and A/USSR/90/1977/H1IN1. Mutation selection was informed by the
results of the bioinformatic analysis (Results 11.2.5). | pseudotyped these mutant HAs and normalised

the neutralisation using two stem-targeted mAbs with known epitopes (Figure 33 and 34).

| tested the mutant A/bar-headed goose/Qinghai/3/2005/H5N1 pseudotyped influenza viruses on an
age-randomised selection of 30 Scottish and 30 wild avian sera samples (Figures 35 and 36). | tested
the mutant A/USSR/90/1977/H1N1 pseudotyped influenza viruses on the same Scottish blood donor

sera sample as above (Figure 37).

| then accurately determined the impact of the mutations on neutralisation. | did this by controlling
for differences in HA amount and distribution on the pseudotyped virus surface that may impact
neutralisation. | showed that some A/bar-headed goose/Qinghai/3/2005/H5N1 mutations caused a
significant reduction in neutralisation response when testing against the Scottish blood donor sera:
199D, S145L, T215L, and T215K (Figure 38). Other mutations did not show any significant difference:
D70N, S145Del, K279E, D281K, D281N, and R123I (Figure 38). The mutations S145K and S145A showed

discordant results between mAbs (Figure 33).

Fewer A/bar-headed goose/Qinghai/3/2005/H5N1 mutations caused significant differences when
tested against avian sera. S145L and S145A both elicited significant differences. No significant
differences were seen for mutations: D70N, S145Del, K279E, D281K, D281N, and R123I (Figure 39).

Discordant results between mAbs were seen for 199D, T215L and T215K.

Every A/USSR/90/1977/H1IN1 mutation tested caused significant differences between WT and mutant

pseudotypes when tested against human sera (Figure 40).
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12.3.2 Neutralising immunity in sera from blood donors is directed against the H5 HA head
domain

Mutations at H5 position 145 caused a significant impact on the human and avian neutralisation
response. In addition, mutations at positions 99 and 215 caused a significant impact on the human
neutralisation response. All these mutations impacted the HA head domain. The assay was controlled
for non-head-specific pseudotype changes. Therefore, my results suggest that single amino acid
residue changes in the head domain are sufficient to significantly modulate the human and avian
immune response towards A/bar-headed goose/Qinghai/3/2005/H5N1. This is strong evidence that

the population immunity seen in Chapter 10 is partly head-domain specific.

12.3.3 There is evidence for a cross-reactive ELV shared between H5N1 and H1N1, this has
implications for the design of a “universal” influenza vaccine

In my bioinformatic analysis, | defined a putative ELV containing H5 residue 145, naming it
“H5PUTELV” (Results 11.2.5). HS5PUTELYV is at the same position on the H5N1 HA as the H1 ELV OREO
is on HIN1 [147]. OREO was shown to function as an intra-subtype H1 ELV [147]. OREO comprises the
H5 145 structurally analogous H1 residue 147. | therefore mutated both the H5/H1 145/147 residues

and tested the impact on neutralisation with the same human sera samples.

Mutating H5 residue 145 significantly modulates the human and avian neutralising immune response
(Figures 38 and 39). Furthermore, mutating H1 position 147, which is the structural analogue of H5
residue 145, significantly modulates the human immune response (Figure 40). Both H5 and H1 assays
were performed with the same Scottish sera samples. Therefore, by definition, the sera comprising
the sample set is cross-reactive. The cross-reactive antibodies are modulated by changes in the H5/H1
structural analogue residue 145/147. This suggests that the anti-A/bar-headed
goose/Qinghai/3/2005/H5N1 and anti-A/USSR/90/1977/H1N1 population immunity seen in Chapter

10 is partially directed towards an epitope containing H5/H1 residue 145/147. This is strong evidence

180 |Page



that there is an H5/H1 residue 145/147-containing conserved epitope that is shared between the

H5N1 and HIN1 subtypes.

The mutations 199D, T215K, and T215K significantly impacted the human but not avian neutralisation
response (Figures 38 and 39). S145A significantly impacted the avian but not human immune response
(Figures 38 and 39). This suggests that the human and avian anti-A/bar-headed
goose/Qinghai/3/2005/H5N1 population immunity seen in Chapter 10 is polyclonal; and directed
towards different epitopes. However, changing A/bar-headed goose/Qinghai/3/2005/H5N1 residue
145 from Serine to Leucine significantly impacted both the human and avian neutralisation responses
(Figures 38 and 39). This suggests that human and avian anti-A/bar-headed
goose/Qinghai/3/2005/H5N1 neutralising immunity targets a conserved epitope containing position
145. This adds credence to the hypothesis that there is an epitope of limited variability (ELV)
comprising residue 145 because human and avian immunity are both modulated when mutating

residue 145.

Both H5ELV and OREO comprise the HA's sialic acid receptor binding site (RBS), an important and
structurally conserved region of the HA (Results 11.2.5). Through homology modelling, | predicted that
mutating H5 residue 145 from Serine to Leucine would alter the orientation of the RBS 130 loop, which
is important in HA-sialic acid binding (Results 11.2.6). This is likely the reason why mutating residue
145 significantly impacts the immune response. It is likely that the anti-A/bar-headed
goose/Qinghai/3/2005/H5N1 partially recognises an epitope with one orientation of the 130 loop but
not the orientation after the S145L mutation. Furthermore, this may partially explain why the S145L
and L145S mutations have happened repeatedly over time and phylogenetic clade, and comprise the
majority of all H5N1 strains (Results 11.2.5): there is a structurally conserved epitope comprising the

RBS (HSPUTELV).

The head domain is the most antigenic region of HA [5]-[7]. 60% of anti-HA antibodies are directed

towards the head domain [5]. This makes the head domain the primary target for influenza vaccines
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[5]-[7]. However, the head domain is highly variable (Results 11.2.1). Due to antigenic drift causing a
progressive buildup of immune escape mutations, it is difficult to design cross-reactive influenza
vaccines [355] [102], [103], [122], [344], [367], [381], [382]. If HSPUTELV and OREO are cross-reactive

H5/H1 subtype ELVs, then a vaccine targeting this area may immunise against both subtypes.

12.3.4 Non-significant HA head mutations act as negative controls

It was conceivable that the process of SDM itself introduced significant differences in immune
responses. | show that mutating A/bar-headed goose/Qinghai/3/2005/H5N1 residues 70, 123, 279,
and 281 elicit no significant differences between human/ avian sera and two stem-target mAbs

(Figures 38 and 39). These mutations act as negative controls for the SDM technique.

12.3.5 The human neutralising immune response towards A/USSR/90/1977/H1N1 is highly
polyclonal and directed towards non-classically defined HIN1 HA head epitopes

Apart from H1 residue 147, | mutated residues that are not part of classically defined H1 epitopes
(Figure 34) [106], [107]. Residues 63, 101, and, 103 are situated in the N-Terminal Vestigial Esterase
(VE) subdomain of the head [36], [37], [41]. The role of VE is not adequately known [36]. The VE is

known to be more conserved than the Receptor Binding Domain (RBD).

Residues 189 and 252 are in the RBD [36], [37], [41], a highly immunogenic and variable region [47]. |
initially suspected that mutating residues 147, 189 and 252 would cause more significant differences
than those in the VE. However, all mutations caused highly significant differences. My results suggest
that the anti-A/USSR/90/1977/H1N1 population immunity seen in Chapter 10 is highly polyclonal. As
well as residue 147, mutating multiple other residues not in classically defined epitopes is sufficient

to significantly modulate the human immune response.
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12.3.6 The human and avian anti-A/bar-headed goose/Qinghai/3/2005/H5N1 neutralising
immune response is polyclonal

| show that human anti-A/bar-headed goose/Qinghai/3/2005/H5N1 population immunity is partially
directed towards epitopes containing amino acid residues: 99, 145, and 215 (Figure 38). | show that
avian population immunity is not partially directed towards residues 99 and 215 in the same manner
as humans (Figure 39). | also suggest that S145A alters the conformation of a head epitope in a way
that impacts avian but not human-neutralising immunity. This evidence suggests that the avian is less

polyclonal than human anti-A/bar-headed goose/Qinghai/3/2005/H5N1 population immunity.

| hypothesise that human anti-A/bar-headed goose/Qinghai/3/2005/H5N1 population immunity is
elicited due to cross-reactive antibodies raised against seasonally circulating HIN1 strains. |
hypothesise that avian anti-A/bar-headed goose/Qinghai/3/2005/H5N1 population immunity is
elicited due to routine low pathogenicity avian influenza (LPAI) and sporadically spreading high

pathogenicity avian influenza (HPAI) H5 strains.

It is conceivable that H5 residues 99 and 215 comprise epitopes that have HIN1 analogues. Humans
develop immune responses to these HIN1 epitopes, and therefore these antibodies recognise the
analogous ones in H5. H5 residue 215’s HIN1 structural analogue is adjacent to the classically defined
antigenic site Sb. Therefore, humans may recognise a Sb analogue in HSN1. Moreover, H5 residue 99
is the structural analogue of H1 residue 100; next to H1 mutation 101. Mutating both these H5/H1
residues significantly modulates the immune response in the same human samples. This could be

evidence that multiple shared H5/H1 epitopes exist.

If this is the case, mutations in H5 residues 99 and 215 not causing a significant immune response
could be explained. Birds do not experience the same circulation of HIN1 as humans do. If cross-
reactive antibodies to shared H5/H1 epitopes is the reason for mutations in H5 residues 99, 145 and,
215 significantly impacting the human neutralisation response, birds are absent from this
phenomenon. Potentially, LPAI H5 strains that the swans experience do not contain the same cross-

reactive epitopes as HIN1.
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13. Discussion

13.1. Summary

13.1.1 SARS-CoV-2 serosurvey

SARS coronavirus 2 (SARS-CoV-2) emerged in 2019 and has since spread around the world causing
over 700 million cases and up to 7 million deaths [3]. It prompted many governments to enact
‘lockdown’ policies — consisting of banning social gatherings and closing workplaces to try to contain
the virus until herd immunity could be achieved through vaccination [383]. In order to ascertain
whether lockdown needed to be maintained after the first wave (March to May 2020), and determine
how close the UK population was to obtaining herd immunity, we conducted a time-course serosurvey

of Scottish blood donors between the 17th of March and 18th of May.

We used a lentivirus-based pseudotyped virus system displaying the SARS-CoV-2’s Spike (S) protein to
detect neutralising antibodies against the S protein. We performed this on 3,500 sera samples from
Scottish blood donors provided by the SNBTS. An Enzyme-Linked Immunosorbent Assay (ELISA) was
also used to test selected samples. | then used logistic regression to model the seroprevalence of the

Scottish population.

| found a total of 112/3500 Scottish blood donor samples contained neutralising anti-SARS-CoV-2
antibodies as defined by a novel pseudotyped virus microneutralisation assay. Seroprevalence
increased over our study period. By the end of our study period, after ten weeks, six Health Boards:
Lothian, Tayside, Greater Glasgow & Clyde, Ayrshire & Arran, and Grampian were predicted to have a
non-zero seroprevalence. four Health Boards: Highland, Fife, Borders and Forth Valley were not
predicted to have a significantly non-zero seroprevalence. Lanarkshire was predicted to have the

greatest seroprevalence by the end of our study period, 9.7% (with a 95% Cl of 5.9%-13.5%).
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13.1.2 Influenza serosurvey

| determined the population immunity to a range of human pandemic risk H5N1 and historical HIN1
pseudotyped influenza viruses. | did this using a sample of the Scottish population taken from blood
donors aged 17-80. | found that 479/520 people neutralised the HA from A/bar-headed
goose/Qinghai/3/2005/H5N1, an HPAI influenza virus that did not infect people in Scotland. This strain
was part of a devastating avian pandemic that seeded multiple human spillover events and was shown
to spread between mammals. In contrast, only 2/273 people responded to
A/chicken/Scotland/1959/H5N1. | showed that 242/362 and 119/273 neutralised A/South
Carolina/1/1918/H1IN1 (the causative agent of the ‘Spanish influenza’ pandemic) and
A/California/07/2009/H1N1 (the causative agent of the ‘Swine flu’ pandemic) respectively. Moreover,
109/273, 246/273, and 251/273 people neutralised the A/PR/8/1934/HIN1, A/USSR/90/1977/H1N1,

and A/Solomon Islands/3/2006/H1N1 influenza strains respectively.

| also conducted a serosurvey of wild avian samples with a range of pandemic-risk H5N1 strains.
H5N1’s natural reservoir is water birds, so using wild swan sera allows us to examine a potential
sentinel  population. | showed that 66/92 swans neutralised the HA from
A/VietNam/1203/2004/H5N1, an H5N1 strain that infected people in Vietnam and was deemed to be
of pandemic risk. In addition, 71/92, 74/96, and 74/92 swans neutralised the HAs from A/bar-headed
goose/Qinghai/3/2005/H5N1, A/Chicken/Deli_Derdang/BBPVI/2005/H5N1, and

A/goose/Guiyang/337/2006/H5N1 respectively.

There were significant human neutralisation strength differences between every pseudotyped
influenza viruses apart from A/bar-headed goose/Qinghai/3/2005/H5N1 and A/PR/8/1934/H1N1, and
A/South Carolina/1/1918/H1N1 and A/California/07/2009/H1N1. No differences were seen in the

avian serosurvey.

Statistical modelling showed that there could be significant non-linear relationships between human

neutralising responses and age. Binomial generalised additive models (GAMs) showed that the chance
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of seropositivity towards A/PR/8/1934/H1IN1 and A/Solomon Islands/3/2006/H1N1 is significantly
impacted by age (adjusted R? of 0.28 and 0.4 respectively). Interestingly, these show directly
antagonistic patterns, even though the same samples were used. Moreover, gaussian GAMs showed
that the neutralisation strength against A/USSR/90/1977/H1N1 was significantly impacted by age, and
to a lesser extent against A/bar-headed goose/Qinghai/3/2005/H5N1 (adjusted R? of 0.41 and 0.2
respectively). Hatch-year does not seem to impact the avian neutralisation response. Statistical
modelling trends appear to be congruent with an examination by a 3-year rolling average. However,

statistical modelling may not reflect reality or show mechanisms.

13.1.3 Bioinformatics
The globular head domain of the H5SNx and H1IN1 subtype HA is more variable than the stem domain.
| showed this by calculating the Shannon mutational entropy of the large amino acid datasets

characterised in Methods 8.4.1.

| applied a structural bioinformatic pipeline to characterise the variability of putative antibody binding
sites (ABSs) on the HAs of H5N1 and H1N1. This was done using a range of ABS sizes and solvent-
accessibility thresholds in the same manner [147]. | applied the pipeline to the large amino acid
database to assess the natural variability of putative ABSs. Variability is not uniform across the HA’s
structure. There exist pronounced peaks and troughs in variability throughout the head domain. Some
troughs were selected to explore further, with the hypothesis that they may be epitopes of limited

variability (ELVs).

| also applied different data to the structural bioinformatic pipeline. Bloom et al., (2016) determined
the mutational tolerance of the HIN1 HA [241]. They did this by generating every mutation possible
and quantifying the frequency observed. | used this data, expressed in the unit “bits,” to calculate the

theoretical mutational tolerance of the putative ABSs. Interestingly, these data did not match the
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pattern across the data as my natural variation analysis. In fact, in the head domain of the HIN1 HA,

the mutational showed the opposite pattern.

| identified a putative ABS situated at position 157 on the H5N1 alignment which | named “H5PUTELV”.
This is situated at a pronounced dip in natural variability computed using the structural bioinformatic
pipeline. This minimum is structurally aligned to a corresponding minimum in the HIN1 HA. The
corresponding HIN1 minimum was used to identify the ELV ‘OREQ’. | therefore hypothesised that

H5PUTELV may be an ELV shared between the H5N1 and H1N1 subtype.

The H1N1 residue 147 was shown to be structurally key to the functioning of the HIN1 OREO ELV. |
showed that the phylogenetic behaviour of H5Nx residue 145 is similar to HIN1 residue 147, the

structural analogue of H5Nx residue 145.

H5PUTELV, like HIN1’s OREQ, is situated on top of the HA’s sialic acid RBS. |, therefore, attempted to
predict whether mutations in H5PUTELV residue 145 would structurally impact the RBS. Through
homology modelling and structural alignment, | showed that mutations theoretically alter the

orientation of the RBS 130 loop.

13.1.4 Site-Directed Mutagenesis

| hypothesised that the neutralising antibody response towards the HA of A/bar-headed
goose/Qinghai/3/2005/H5N1 may be comprised of antibodies originally elicited by exposure to HIN1
influenza strains. This hypothesis was generated because no one in Scotland has been documented to
be infected with A/bar-headed goose/Qinghai/3/2005/H5N1 or other H5N1 strains. It appears that
the structure and variability patterns of the H5SN1 and HIN1 HAs are similar. Therefore, neutralising
antibodies towards the HIN1 HA may also recognise epitopes on the H5N1 HA. | hypothesised that if

this is the case, then the antibodies may be partially directed towards shared epitopes in the variable
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globular head domain of HA. | identified ‘HSPUTELV’ which is a putative ABS on the head of the H5N1

HA that appears to be structurally analogous to the HIN1 ELV named OREO.

To test this, | introduced amino acid point mutations to the H5N1 residue 145 and the structurally
analogous H1N1 residue 147, which was shown to be key in the functioning of the HIN1 OREO
epitope. This is the process of site-directed mutagenesis (SDM). | introduced these mutations into the
HAs of A/bar-headed goose/Qinghai/3/2005/H5N1 and A/USSR/90/1977/H1IN1. | also introduced
various other mutations across the head domains of these viruses to control for type 1 error

introduced by SDM.

| pseudotyped these mutants and characterised them with two stem-targeted monoclonal antibodies
(mAbs). | tested the mutant A/bar-headed goose/Qinghai/3/2005/H5N1 and A/USSR/90/1977/H1N1
pseudotypes on an age-randomised selection of 30 Scottish sera samples. | also tested the mutant
A/bar-headed goose/Qinghai/3/2005/H5N1 HA pseudotyped virus on a hatch-date randomised
selection of 30 wild swan sera samples. | then accurately determined the impact of the mutations on
neutralisation. | did this by controlling for differences in HA amount and distribution on the
pseudotyped virus surface using the mAb data. | showed that some A/bar-headed
goose/Qinghai/3/2005/H5N1 mutations caused a significant reduction in neutralisation response
when testing against the Scottish sera: 199D, S145L, T215L, and T215K. Other mutants did not show
any significant difference: D70N, S145Del, K279E, D281K, D281N, and R123I. The mutations S145K and

S145A showed discordant results between mAbs.

Fewer A/bar-headed goose/Qinghai/3/2005/H5N1 mutations caused significant differences when
tested against avian sera. S145L and S145A both elicited significant differences. No significant
differences were seen for mutations: D70N, S145Del, K279E, D281K, D281N, and R123I (Figure 38).

Discordant results between mAbs were seen for 199D, T215L and T215K.

Every A/USSR/90/1977/H1IN1 mutation tested caused significant differences between WT and mutant

pseudotypes when tested against human sera.
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13.2. Outlook

13.2.1 Our SARS-CoV-2 serosurvey suggested the likelihood of subsequent COVID-19 waves
These data indicate that serosurveys of blood donor samples can serve as a useful tool for tracking
the emergence and progression of an epidemic like the SARS-CoV-2 outbreak. Although sampling is
partially non-uniform and biased, these results also stated that only a relatively small proportion of
Scotland had anti-SARS-CoV-2 antibodies towards the end of the UK’s first COVID-19 pandemic wave.
Our study indicated that the seroprevalence of Scotland in May 2020 remained low, suggesting the

need for further public health interventions.

13.2.2 People in the UK neutralise the HA from H5N1 avian influenza

The discovery of widespread anti-H5N1 neutralising antibodies within the UK population has potential
ramifications for influenza research and public health policy. Historically, H5SN1 avian influenza viruses
have gained attention for their high pathogenicity and potential to cause severe illness and mortality
in humans [25]-[29]. Sporadic cases of H5N1 infection in humans have been repeatedly documented,
however, this has not been documented to occur in Scotland. Human cases are typically associated
with avian populations or individuals with direct occupational exposure to poultry. Indeed, studies
have found seroprevalence of anti-H5N1 antibodies amongst poultry workers in Vietnam [384]. The
presence of widespread neutralising immunity to H5N1 among individuals in the UK unveils a
challenge towards previous understandings. The observation of human immunity towards H5N1 in
the UK could suggest that multiple individuals may have mounted effective immune responses against
H5N1 before. However, this is unlikely as HSN1 has not been documented to spread amongst the UK
population. This suggests that the anti-H5 neutralising immunity seen is due to cross-reactivity with
another structurally similar virus displaying similar HA epitopes. Evidence for this was uncovered in
Chapter 12. This may suggest that anti-influenza immunity, which is characterised by long-term,

sequential strain exposure, is generally more reactive than commonly thought. This corroborates
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[123], [126], [127] that the repertoire of anti-HA responses is increased by sequential exposure, likely

due to cross-reactive antibodies produced after affinity maturation in germinal centres.

Our SARS-CoV-2 serosurvey was conducted during the early stages of the COVID-19 pandemic,
Chapter 9. At this stage of the pandemic, it was not known whether there would be a second wave.
Neutralising antibodies towards viral glycoproteins are known to be a correlate of protection [309],
[310]. It is also known that large-scale population immunity can reduce the virus’ basic reproduction
number (Ro) [93], [94]. Therefore, it is important to understand how extensive anti-SARS-CoV-2
neutralising antibodies were in the Scottish population. Our study showed that the population
immunity towards SARS-CoV-2 was low after the first wave; around ten percent in the highest Health
Board. This allowed public health services to predict that a second wave was likely and informed public
health policy such as the implementation of lockdowns and the necessity to pursue vaccine

campaigns.

Drawing parallels with this, the implications of widespread human immunity towards H5N1 may
extend beyond individual-level protection to broader considerations of pandemic risk assessment and
preparedness. Avian influenza viruses from the H5N1 subtype pose an ever-present threat of human
spillover events which risk becoming global pandemics [35]. The detection of human immunity
towards H5N1 suggests that certain segments of the UK population may possess a degree of
protection against this highly pathogenic influenza virus, potentially influencing the dynamics of H5N1
transmission and the likelihood of a pandemic outbreak. While the exact extent and duration of this
immunity remain to be elucidated, the presence of pre-existing immunity could serve as a mitigating
factor in the event of an H5N1 pandemic, reducing the severity and impact of disease transmission.
Evidence of pre-existing immunity to H5N1 among individuals in the UK may contribute to enabling
better pandemic risk assessment, calibrating epidemiological models, and the facilitation of

implementation of public health interventions. The recognition of pre-existing immunity to H5N1
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within the UK population underscores the need for ongoing surveillance efforts aimed at monitoring

influenza viruses with pandemic potential.

Moreover, the observed cross-reactivity between H5 HPAI and HIN1 HAs adds complexity to the
understanding of influenza serosurvey results. This cross-reactivity may make it challenging to
differentiate between immunity acquired from past HIN1 infections and immunity triggered by
exposure to other influenza A strains, such as H5 HPAI. Consequently, it becomes more difficult to
accurately assess individual immune histories and the breadth of protection against different influenza

A subtypes.

13.2.3 Human anti-H5N1 neutralising immunity is partially directed towards the head domain of
HA

Cross-subtype anti-HA influenza antibodies have been identified that recognise both H5N1 and HIN1
strains [267]—-[269]. Epitopes that these antibodies recognise have been isolated in the conserved
stem domain of HA [60], [77], [86]—[88], [267]-[269] This type of cross-reactive antibody response has
been shown to positively correlate with age [348]. The stem subdomain is known to be an immune-
subdominant region of the HA [54]. However, | have shown that introducing amino acid point
mutations into the head domain of the H5N1 HA significantly modulates the human-neutralising
immune response. This was controlled for using stem-targeted mAbs which eliminates non-head
domain changes in the assay. This provides strong evidence that some of the antibodies identified in

Chapter 10 target the immunodominant HA head domain.

13.2.4 Identification of cross-reactive, pan-subtype epitopes of limited variability
Epitopes of limited variability (ELVs) have been shown to exist within strains of the same subtype
[147]. However, HA head-domain ELVs have not been shown to cross-react between different

subtypes. | have shown that mutating the same, structurally analogous, residues in H5N1 and H1N1
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significantly modulates the immune response. Indeed, the location of H5N1 residue 145 is structurally
analogous to the HIN1 residue 147. HIN1 residue 147 was shown to be critical in the immunological
behaviour of the HIN1 OREO ELV [147]. | suggest that ‘H5PUTELV’ is a structurally limited epitope
which exists in H5N1 in the same orientation as OREO does in HIN1. These data provide evidence for
the existence of a cross-reactive epitope shared between these influenza virus subtypes. This finding
suggests that the immune system recognises and responds to a conserved region within HA that is
structurally similar between HIN1 and H5N1 strains. This finding represents a significant contribution
to the field but must be elaborated on by further experiments to bolster its validity. | should treat this

finding as a ‘proof of concept,” that cross-subtype ELVs exist but it must be studied further.

13.2.5 The antigenic evolution of influenza in relation to these findings

Many studies have found that immunity towards influenza is predominantly strain-specific. This
immunity decreases with antigenic distance, which correlates with time. That is, as influenza
antigenically drifts away from the original strain due to escape mutations, antibodies cross-react less

and less [98]-[102].

Various mathematical models such as the antigenic thrift model [144]-[146] or the epochal evolution
model from Katia Koelle’s research group [139] state that the antigenic evolution of influenza is driven
by changes in a limited number of key residues or epitopes/alleles of limited variability. | have shown
that mutating single amino acids can have a significant impact on the human immune response. This
corroborates Doud, Hensley and Bloom (2017) that single, key amino acids are critical in determining
the immune response towards influenza viruses. Antigenic thrift/ limited drift predicts that conserved,
immunologically important regions on the head of HA are impacted by the aforementioned mutations.
In essence, these concepts posit the existence of HA epitopes characterised by limited variability due
to functional constraints (ELVs). A growing number of serological and monoclonal antibody (mAb)

studies are providing evidence for this [75], [76], [85]—[88], [123], [126], [127], [147], [385], [386],
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[771-[84]. | believe this study provides important evidence for the existence of a restricted ELV that
cross-reacts between the H5 and H1 subtypes. The presence of shared epitopes between different
influenza virus subtypes challenges the conventional understanding of subtype-specific antigenicity.
Therefore, | suggest that these findings provide evidence to support the aforementioned theories

regarding the antigenic evolution of influenza.

13.2.6 Implications for the development of ‘universal’ influenza vaccines

A ‘universal’ influenza vaccine is a theoretical vaccine that can induce broad and durable immunity
against multiple strains and/ or subtypes of influenza [59], [134], [167], [387], [388]. The rationale for
this is to provide protection against divergent strains, thus reducing the need for frequent vaccine
updates. Moreover, highly broad protection may allow for protection against future pandemic strains

that have not yet evolved.

Immunodominance refers to the phenomenon in which certain influenza epitopes are preferentially
recognised by the host immune system, eliciting a robust and dominant immune response [54], [148],
[160]. HA is comprised of multiple epitopes that can be targeted by antibodies [56], [105], [114]-[117],
[106]-[113]. However, some are more targeted than others. One example of this is the dominance of
HA’s head over the stem domain [54], [148], [160]. Conserved epitopes on the stem domain have been
targeted by teams attempting to design ‘universal’ influenza vaccines [157]—-[159], [389], elaborated
on in Introduction 7.13. None of these vaccines have so far been successful. This could be due to
immunodominance; although present, these conserved epitopes may not produce a strong enough
immune response to provide protection. This is the reason why head epitopes are the most sought-

after antigens to incorporate into influenza vaccines.

The existence of a shared, head-based epitope between H1N1 and H5N1 has significant implications
for influenza vaccine design and pandemic preparedness. If incorporated into vaccines, the findings

may allow researchers to overcome the limitations of current influenza vaccines, which classically

193 |Page



provide strain-specific protection and require frequent updates to match circulating strains [92], [103],
[104]. | suggest that targeting these conserved head ELVs within the head of HA may confer broad
cross-protection against multiple, pan-subtype influenza strains. These theoretical vaccines may
reduce the need for annual vaccine updates, eliminating the intensive and difficult process of strain-

matching.

Moreover, these results may have significant implications for pandemic preparedness. Influenza
pandemics, such as the 2009 “swine flu”, highlight the urgent need for vaccines that can provide rapid
and effective protection against shifted influenza viruses. Universal vaccines that target conserved
epitopes offer a proactive approach to pandemic preparedness, as they may have the potential to

provide cross-reactive immunity against novel influenza virus strains with pandemic potential.

13.3. Limitations

13.3.1 Pseudotype neutralisation assay

The human immune response towards influenza is complex and varied. Humans elicit cellular and
humoural responses towards all three surface glycoproteins of influenza [50]. | have focused on anti-
HA responses as this is influenza’s most targeted antigen. However, | have not assessed antibody
responses to NA for example. | have also not assayed for cellular responses in our study. Moreover,
the antibody response towards human influenza comprises neutralising and non-neutralising

antibodies. | have not tested for non-neutralising antibodies in our study.

Live-virus neutralisation assays are not possible to perform for HPAI H5N1 influenza viruses unless
utilising biosafety level 4 (BSL4) laboratories. However, using live-virus-neutralising antibodies would
paint a more comprehensive picture of the cross-reactivity | identified. Moreover, by using reverse
genetics (RG), reassortant viruses could be generated with a PR8 H1H1 (Methods 8.4.2) backbone and
H5 HPAI HA/NA, with the multi-basic cleavage site removed. This approach would produce mutants

that could be studied in BSL2/3 laboratories, enabling the live-virus use of H5 HPAI.
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13.3.2 Population immunity and its public health impact

Neutralising antibodies towards influenza viruses are known to be correlates of protection [309],
[310]. | suggest that having a large amount of population immunity towards influenza viruses may
contribute to the risk of these viruses spreading in those respective populations. These are the
conclusions that | drew during our SARS-CoV-2 serosurvey. However, it is not certain that this is the

case. Studying this phenomenon would be extremely difficult.

13.3.3 Comprehensiveness of the Scottish blood donor cohort

The sera sample sets | used for this project are large. They also contain a broad range of ages, which |
was able to sample randomly to generate relatively equal age distributions. However, most of these
samples were from 20 years of age or older. Testing those younger than 20, including children, would

allow a more comprehensive assessment of anti-influenza HA cross-reactivity.

Moreover, the human samples | used were all sampled from similar time points: from March to May
2020. The samples, therefore, represent a snapshot of immunity at one specific time. These
conclusions do not capture any potential longitudinal change in the immune response, which could be
impacted by sequential seasonal influenza exposure. This is different for our avian sample set, which

contains samples ranging over multiple years.

13.3.4 Clinical relevance of cross-reactive epitopes

These findings provide valuable insights into the cross-reactivity of conserved epitopes between HIN1
and H5N1 strains. This has significant potential implications for the design of a ‘universal’ influenza
vaccine. The clinical relevance of the HIN1 ELV OREO has been demonstrated in [147] where

immunisation with the epitope was able to protect mice against multiple divergent HIN1 strains.
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However, although theoretically similar, | have not demonstrated the clinical relevance of HSPUTELV.

This must occur before | can determine whether HSPUTELV could be used as a vaccine antigen.

13.4. Areas of future study

13.4.1 Further characterisation of the HSPUTELV epitope

The identification of single residues within theoretical ELVs which modulate immune responses
highlights the need for detailed characterisation of entire epitopes. Techniques such as alanine
scanning and targeted SDM based on bioinformatics results should be performed to determine which
residues surrounding H5 residue 145 also comprise the HSPUTELV epitope. This should also be done
for other potential epitopes identified in this study, such as H5 residues 99 and 215, which both show
changes in cross-reactivity. It is crucial to understand the different conformations of these epitopes.
The HIN1 OREO was shown to take five main conformations [147]. Immunisation with distinct
conformations was shown to provide protection to ferrets against multiple HIN1 strains. However, no
conformation provided protection to all strains. Therefore, it is important to characterise the different

conformations that HSPUTELV can take in order for ultimate ‘universal’ vaccine production.

Applying linear ELVs to platform constructs could be used to isolate mAbs specific to the theoretical
H5PUTELV and others. Targeted SDM could then be used to identify which mutations allow for
immune escape to these mAbs. Repeating this process with multiple mAbs would allow high-
confidence conclusions as to the antigenic structure of HSPUTELV. This would function in a similar
manner to the epitope mapping studies [56], [105], [114]-[117], [106]-[113], however, this would be

far more targeted, and hopefully, constructive.

Employing advanced methodologies such as deep mutational scanning, as pioneered by Jesse Bloom's
lab, can provide comprehensive insights into the functional significance of individual epitope residues.
Using this technique would provide insights into the plasticity of these epitopes. This would help us to

determine the distinct conformations that HSPUTELV can take.
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13.4.2 Pulldown assays

Pulldown studies are used to study the interaction between proteins. In this assay, a bait protein, in
this case a construct displaying the head domain of H5, and then H5PUTELV, is immobilised on a
magnetic bead column. A sera sample is then washed through the column. This serum likely contains
polyclonal antibodies. Antibodies specific to the bait protein bind and non-specific antibodies are
washed through the column. After washing away non-specific antibodies, the captured antibody-bait

protein complexes are eluted.

The SDM study gave strong evidence that human neutralising immunity towards the HA of a pandemic
avian H5N1 virus is directed partially towards the head domain. To add confidence to this assertion,
HA head pulldowns should be performed with the sera. If the eluted sera still neutralises the HSN1 HA
then this is added evidence that the response is partially head-specific. This can be furthered by using
a linear epitope of HS5PUTELV expressed on a construct for the pulldown assay. This will add
confidence to the assertion that some of the anti-HA H5N1 neutralising immunity is directed towards

the HS5PUTELYV epitope.

13.4.3 Further characterisation of cross-reactivity identified in this study

| showed that sera taken from the same people neutralise HAs from H5N1 and various HIN1
antibodies. | furthered this observation by showing that this cross-reactivity likely targets a conserved
epitope shared between H5SN1 and HIN1. These observations of cross-reactivity should be furthered
by expanding: (i) the repertoire of influenza strains tested against the same sera samples; testing
viruses from multiple subtypes and more divergent strains to understand the limits of this cross-
reactivity, (ii) performing the same SDM on an expanded number of background viruses to understand
how widespread these epitopes are, and (iii) the range of sera samples, including those of younger

ages, from different geographic locations, and sampled from different times.
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These studies should be undertaken with multiple immunological techniques. This project primarily
used the pseudotyped influenza virus microneutralisation assay to identify the action of anti-HA
neutralising antibodies. To build a more comprehensive picture of the anti-HA antibody cross-
reactivity, | should also repeat these observations with live virus neutralisation assays and ELISA.
Multiple techniques, if the findings are similar, would provide more support for our findings. |
employed an anti-Spike ELISA in our SARS-CoV-2 serosurvey to assess how the pseudotype influenza
virus microneutralisation assay compares. | found that our assay and the ELISA correlated strongly,
with a Pearson’s correlation statistic of 0.84. Due to this, | assume that anti-HA ELISAs will yield a

similar result.

13.4.4 Surface plasmon resonance

Surface plasmon resonance (SPR) can be employed to characterise the binding affinity and kinetics of
neutralising antibodies towards H5PUTELV. Through this, | can characterise the association and
dissociation rates of antibodies to epitope candidates, ultimately calculating the KD constant. This will
allow us to select variants of HSPUTELV and other epitopes that bind antibodies stronger and for a
longer time. These may be better candidates for vaccine antigens. | can also use this to study the
specificity of antibodies recognising HSPUTELYV, i.e. selecting those that bind only to HSPUTELV or ones

that bind more targets.

13.4.5 Incorporation of HSPUTELV into a ‘universal’ influenza vaccine

The design and implementation of an epitope-displaying vaccine is the natural progression of this
project. The realisation of this will take many steps. First, the linear epitope must be expressed on a
vaccine platform. If cross-reactive sera | identified as positive reacts with these constructs, then animal

studies must be employed. Performing animal studies will ascertain whether immunisation with
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H5PUTELYV can elicit protective immunity against H5SN1, as well as HIN1 strains. After animal studies,

stringent clinical trials would be necessary to ascertain the validity of this approach.
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14. Supplementary materials
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Supplementary Figure 1. The relationship between age and the percentage of donors seropositive for
pseudotyped influenza viruses run on the Scottish blood donor cohort. Bars denote the percentage of
seropositive donors per age. Facets denote individual pseudotypes. Black lines show the output of
logistic regression models. Shaded areas around the line denote the standard error of the model.
McFadden pr2 denotes the McFadden pseudo-R? of the model. Age odds effect denotes the
significance of age in the model.
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Supplementary Figure 2. The relationship between age and neutralisation strength for pseudotypes
run on the Scottish sample set. Points denote neutralisation strength per age. Facets denote individual
pseudotypes and weights of the models used. Black lines show the output of linear models. Shaded
areas around the line denote the standard error of the model. Adj. R2 denotes the adjusted R? of the
model. Gradient p.val denotes the significance of age in the model.
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Supplementary Figure 3. The relationship between age and neutralisation strength for pseudotyped
influenza viruses run on the Scottish blood donor cohort. Points denote neutralisation strength per
age. Facets denote individual pseudotypes and weights of the models used. Black lines show the
output of GAM models. Shaded areas around the line denote the standard error of the model. Adj. R2
denotes the adjusted R? of the model. The smooth term p.val denotes the significance of age in the
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Supplementary Figure 4. The relationship between hatch year and neutralisation strength for
pseudotyped influenza viruses run on the wild avian sample set. Samples collected in 2008 are
included. Bars denote the seropositivity percentage per hatch year. Facets denote individual
pseudotyped viruses. Black lines show the output of logistic regression. Shaded areas around the line
denote the standard error of the model. McFadden pr2 denotes the McFadden pseudo-R? of the
model. Age odds effect denotes the significance of age in the model.
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Supplementary Figure 5. The relationship between hatch year and neutralisation strength for
pseudotyped influenza virus run on the wild avian sample set. Samples collected in 2008 are included.
Points denote neutralisation strength per hatch year. Facets denote individual pseudotypes and
weights of the models used. Black lines show the output of linear models. Shaded areas around the
line denote the standard error of the model. Adj. R2 denotes the adjusted R? of the model. Gradient
p.val denotes the significance of age in the model.
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Supplementary Figure 6. The relationship between hatch year and neutralisation strength for
pseudotypes run on the wild avian sample set. Samples collected in 2008 are not included. Points
denote neutralisation strength per hatch year. Facets denote individual pseudotyped viruses and
weights of the models used. Black lines show the output of linear models. Shaded areas around the
line denote the standard error of the model. Adj. R2 denotes the adjusted R? of the model. Gradient
p.val denotes the significance of age in the model.
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Supplementary Figure 7. Variability analysis of the H5 HA. Supplementary Figure 7 shows the output
from the bioinformatic structural variability pipeline for avian H5 HA sequences mapped to the 5e2y
crystal structure. The x-axis is the numbering from a structural alignment between HIN1 and H5NXx.
The x-axis denotes the position in the alighment which occupies the central position of the predicted
ABS. The HA head and stem are labelled above. The y-axis denotes variability in the units of mean
Hamming distance. The 4 lines on each graph denote epitopes of size 400 A2, 600 A%, 800 A2 and 1000
A2 by the line colours. Facets denote the threshold of residue solvent accessibility.
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Supplementary Figure 8. Variability analysis of the HIN1 HA. Supplementary Figure 8 shows the
output from the bioinformatic structural variability pipeline for avian HIN1 HA sequences mapped to
the 6ona crystal structure. The x-axis is the numbering from a structural alignment between HIN1 and
H5Nx. The x-axis denotes the position in the alignment which occupies the central position of the
predicted ABS. The HA head and stem are labelled above. The y-axis denotes variability in the units of
mean Hamming distance. The 4 lines on each graph denote epitopes of size 400 A2, 600 A2, 800 A% and
1000 A2 by the line colours. Facets denote the threshold of residue solvent accessibility.
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Supplementary Figure 9. Mutational tolerance analysis for putative ABSs in the HIN1 HA.
This shows the output from the bioinformatic structural variability pipeline for human HIN1 HA using
mutational tolerance data from [241]. The x-axis is the numbering from a structural alignment
between HIN1 and H5Nx. The x-axis denotes the position in the alignment which occupies the central
position of the predicted ABS. The HA head and stem are labelled above. The y-axis denotes variability
in the units of mean Hamming distance and bits respectively. The 4 lines on each graph denote
epitopes of size 400 A2, 600 A2, 800 A2 and 1000 A2 by the line colours. Facets denote the threshold of
residue solvent accessibility.
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Supplementary Figure 10. Variability analysis of the HSNx and HIN1 HAs was used to identify a
putative ELV potentially shared between the two subtypes. Figure a shows the output from the
bioinformatic structural variability pipeline for avian H5 HA sequences mapped to the 5e2y crystal
structure and human H1N1 HA sequences mapped to the 6ona crystal structure. The x-axis is the
numbering from a structural alignment between H1N1 and H5Nx. The x-axis denotes the position in
the alignment which occupies the central position of the predicted ABS. The HA head and stem are
labelled above. The y-axis denotes the mean variability between all epitope sizes in the units of
mean Hamming distance. Figures b and c show the putative ELV, of 600 A in size, centred on
structural alignment position 159 for HSNx and H1N1 respectively. Facets denote the threshold of
residue solvent accessibility.
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