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Abstract  
Immune function and responses to COVID-19 vaccines in 
immunocompromised people 
Sam M. Murray 
Green Templeton College 
A thesis submitted for the degree of Doctor of Philosophy 
Hilary Term, 2025 
 
mRNA and ChAdOx1-vectored COVID-19 vaccines were highly effective at protecting against 
severe SARS-CoV-2 infection, but factors relating to the vaccine regimen and the recipient of 
the vaccine have been identified that impact vaccine immunogenicity. In particular, 
immunocompromising conditions increased the risk of severe COVID-19 even after 
vaccination. The aim of this thesis is to investigate the impact of the vaccine regimen and 
various immunocompromising conditions (diseases and/or immunosuppressive therapies) on 
SARS-CoV-2-specific antibody and T cell responses induced by COVID-19 vaccines.  

First, I present data from two large observational cohort studies of COVID-19 vaccine 
immunogenicity and SARS-CoV-2 infection outcomes in individuals from 14 different 
immunocompromising conditions and healthy donors. These studies identify clinical 
subgroups at particular risk of immune non-responsiveness to vaccine, demonstrate the 
impact of SARS-CoV-2 mutations on vaccine-induced immune responses in 
immunocompromised individuals, and reveal the association between vaccine 
immunogenicity and subsequent COVID-19 severity in the immunocompromised cohort.  

Next, I demonstrate the dominant impact of the vaccine dosing interval on the quality of 
antigen-specific T cells induced by mRNA and ChAdOx-1-vectored COVID-19 vaccines in 
healthy individuals. Through the combination of an activation induced marker assay and 
single-cell RNA- and T cell receptor sequencing, I provide insight into the broad functional and 
clonal heterogeneity of vaccine-induced T cells.  

To understand how immunocompromising conditions shape the immune landscape prior to 
vaccination, I perform a comparative analysis of the transcriptome, inflammatory proteome 
and immune cell phenotype using pre-vaccination blood samples from immunocompromised 
individuals known to have poor immune responses to vaccines. By integrating this data with 
vaccine immunogenicity measures, I identify pre-vaccine immune signatures that are 
predictive of vaccine immune responsiveness in immunocompromised individuals.   

Finally, I apply combined single-cell sequencing approaches to characterise COVID-19 
vaccine-induced antigen-specific B and T cells and broader peripheral blood immune cells in 
immunocompromised individuals. This analysis characterises disease-specific vaccine-
induced B and T cell populations and identifies new pathways of immune dysfunction in 
immune-vulnerable patient groups.  

Overall, this thesis provides a comprehensive characterisation of the impact of 
immunocompromising diseases and therapeutics on COVID-19 vaccine responses and 
identifies new avenues to optimise vaccination strategies in at-risk populations.  
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RA - rheumatoid arthritis 
RBD - receptor binding domain 
RC - rheumatic condition 
RT - renal transplant 
SARS-CoV-2 - Severe acute respiratory syndrome coronavirus 2 
scRNA-seq - single-cell RNA sequencing 
Secondary immunodeficiencies - SIs  
SFU - spot forming unit 
SOT - solid organ transplant 
TCR - T cell receptor 
Tfh - T follicular helper 
Th - T helper 
TNF - tumour necrosis factor 
TNF - tumour necrosis factor 
UC - ulcerative colitis 
UMAP - uniform manifold approximation and projection 
V - vaccine 
VoC- variant of concern 
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1 Introduction 
1.1 COVID-19 pandemic and its impact on immune vulnerable people 

The corona virus disease (COVID)-19 pandemic, caused by the severe acute respiratory 

syndrome coronavirus 2 (SARS-CoV-2) was a global health emergency which necessitated 

the rapid design and deployment of immunogenic and protective anti-viral vaccines. The 

pandemic caused millions of deaths (1), socio-economic disruption (2) and long-term health 

issues (3). COVID-19 was particularly impactful to individuals who had immune compromising 

conditions or chronic diseases that made them particularly susceptible to severe disease (4-

6). In 2020, 29.3% of individuals in the United Kingdom (UK) had one or more long-term health 

conditions, including 82.9% of individuals over the age of 80 years (7) and 3.9% of the 

population of England were defined as severely immunosuppressed in 2023 (4). The rapid 

development of SARS-CoV-2 targeting vaccines in the COVID-19 pandemic was essential to 

protect individuals against severe disease and facilitate global socio-economic recovery (8). 

Given the association between vaccine immunogenicity and effectiveness at protecting 

against severe disease, understanding the factors associated with COVID-19 vaccine 

immunogenicity, particularly in immune-vulnerable individuals, was critical to determine 

protection against COVID-19.  

1.2 SARS-CoV-2 and COVID-19 clinical course  

SARS-CoV-2 is a member of a large family of positive-sense RNA human coronaviruses 

(HCoVs) which include the alphacoronaviruses (α-CoVs) 299E and NL63 and the 

betacoronaviruses (β-CoVs) HKU1, OC43, MERS-CoV, SARS-CoV and SARS-CoV-2 (9).  

These HCoVs contain genes that code for structural proteins: spike (S), envelope (E), 

membrane (M), nucleocapsid (N), and accessory and non-structural proteins (NSPs) (10). 

SARS-CoV-2 infection varies from asymptomatic infection to infection causing acute 

respiratory failure, septic shock, multiple organ failure and death (11). In healthy people, an 

estimated 20% of SARS-CoV-2 infections were asymptomatic (12), 60-70% of symptomatic 
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infections presented with mild illness with fever, cough and shortness of breath (13), 23% 

presented with severe disease and 6% resulted in death (14). 

1.2 Vaccination for infectious disease 

Vaccines have proven to be effective mechanisms of protection against infectious disease for 

over 200 years (15). Prophylactic administration of an inert form of pathogen-associated 

antigen causes the generation of an adaptive immune response to the antigen of interest (16). 

The adaptive immune response, in the form of B and T cells and antibodies, persists after the 

initial vaccination and provides protection against subsequent infection with the target 

pathogen (16).  Many different forms of vaccines now exist that are variably effective at 

inducing adaptive immune responses. Vaccine immunogenicity is affected by factors relating 

to the vaccine platform, including the delivery vector, the target antigen, adjuvants and the 

vaccination regimen (16). Vaccine immunogenicity is also affected by factors relating to the 

vaccine recipient, including genetic, environmental and clinical factors – in particular, immune 

compromising conditions (16-18).  

1.3 COVID-19 vaccines 

Various vaccine platforms were used to develop many different types of COVID-19 vaccines 

(19). In the UK, relatively new vaccine platforms such as adenoviral-vectored and mRNA 

vaccines were quickly deployed and demonstrated high real-world efficacy against severe 

disease in immunocompetent populations (19). Their efficacy in this setting highlighted their 

utility as highly immunogenic antigen-delivery platforms. mRNA and adenoviral-vectored 

vaccines are therefore increasingly being applied to a number of disease contexts, including 

for emerging viruses (20-22), bacteria (23, 24) and cancer (25).  

1.4 COVID-19 vaccines: platforms 

1.4.1 Adenoviral vector vaccines 

Adenoviruses (AdV) were first used as gene delivery vehicles in the 1980s (26). AdV are non-

enveloped double-stranded DNA viruses natively found in vertebrates, with over 150 primate 
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and 56 human AdV serotypes (27, 28). AdVs have several features which makes them ideal 

viral vectors for transgene delivery and vaccination (29). They are easily genetically modified, 

allowing for transgene insertion and removal of replication-essential genes (E1 and/or E3). 

They exhibit broad tissue tropism via the coxsackievirus and adenovirus receptor, enabling 

transgene expression in multiple cell types. Additionally, they transiently express transgenes 

without integrating viral DNA into the host genome and are well tolerated with good safety 

profiles in humans (30). 

A limitation of AdVs as vaccine vectors in humans is their reduced efficacy due to pre-existing 

neutralizing antibodies and CD8+ T cell responses against the vector itself (31). Given the 

widespread circulation of AdVs in human populations, this pre-existing immunity significantly 

limits their practicality as vaccine platforms (31). To address this, less commonly circulating 

AdV strains (such as Ad26) or non-human AdVs (such as chimpanzee adenovirus (ChAd)) 

have been developed as vaccine vectors. Replication deficient ChAd vectors with the capacity 

to express genetic products in human cells were first described in 2001 (32) and several 

immunogenic vectors have since been developed and tested in clinical trials (33, 34).  

The ChAdOx1 vector is a modified strain of the Y25 ChAd with the E1 coding region (required 

for viral replication) removed, and genetically modified E3 and E4 regions (35). Prior to use as 

a vaccine against SARS-CoV-2, the immunogenicity of ChAdOx1 was demonstrated in small-

animal models and clinical trials against antigens from several viruses including influenza (36, 

37), Middle East respiratory syndrome (MERS) coronavirus (38, 39) and others (22). These 

studies demonstrated the induction of robust polyfunctional CD4+ and CD8+ T cell responses 

after a single dose, with relatively low induction of neutralizing antibodies.  

1.4.2 mRNA vaccines 

Since the first demonstration of in vitro transcription and protein production from exogenous 

mRNA in 1990 (40), significant advances in mRNA vaccine technology have led to its 

successful usage as a COVID-19 vaccine. mRNA has many advantages as a gene delivery 
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mechanism (41). It is highly flexible in its range of potential genetic cargo and is translated 

and degraded through endogenous cellular processes. It is non-infectious, cannot be 

integrated into the genome and does not induce anti-vector adaptive immunity, as is observed 

in some viral-vectored vaccines (41).  

However, several key innovations were required to enable mRNA as a viable vaccine platform. 

First, mRNA is targeted by exonucleases for degradation and therefore is inherently unstable. 

To address this, modifications to the 5’ cap, 5’ and 3’ UTR and poly(A) tail of the coding mRNA 

enhanced its stability and translatability by improving ribosome targeting and reducing RNA 

degradation (42). Second, mRNA delivery is inefficient due to high rates of extracellular 

degradation and limited mechanisms of cellular entry (42). To address this, lipid nanoparticles 

(LNPs), composed of cationic lipids and polymers, were developed to encapsulate and protect 

mRNA, enhance uptake, and provide an adjuvant effect (43, 44). Third, exogenous mRNA 

activates innate immune responses through nucleic acid sensors like TLRs 3, 7, and 8, as well 

as cytoplasmic receptors (RIG-1, MDA-5, and OAS), triggering interferon (IFN) signalling that 

degrades RNA and inhibits protein expression (45-47). Through this mechanism, mRNA gene 

delivery and subsequent immunogenicity is highly sensitive to IFN signalling (48, 49). To 

reduce sensing of the exogenous mRNA, nucleoside modifications such as pseudouridine or 

N1-methylpseudouridine were introduced which reduced TNF and IFNa production by 

dendritic cells (50-52). These nucleoside modifications increased vaccine-induced 

immunogenicity (antibody titres) in mice in a manner negatively correlated with inflammatory 

signalling (49).  

These innovations were incorporated into the widely deployed SARS-CoV-2 mRNA vaccines 

BNT162b2 (Pfizer-BioNTech) and mRNA-1273 (Moderna), enabling their success as vaccine 

vectors against COVID-19.  

1.5 COVID-19 vaccines: SARS-CoV-2 antigen selection 

There is a high degree of homology between hCoVs in both structural and non-structural 
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proteins between members (53, 54). Based on work done to rationally design vaccines 

targeting MERS- and SARS- coronaviruses, ChAdOx1 and mRNA COVID-19 vaccines were 

developed against SARS-CoV-2 using pre-fusion stabilised SARS-CoV-2 spike protein as the 

vaccine immunogen (55-58).  

1.6 COVID-19 vaccines: pre-clinical studies and clinical trials in healthy individuals 

1.6.1 ChAdOx1 nCoV-19  

The initial studies of ChAdOX1 nCoV-19 in mice and rhesus macaques demonstrated 

generation of anti-SARS-CoV-2 spike and neutralising antibodies that significantly increased 

in titre after a second dose (59). IFNγ T cell responses were also induced, but were not further 

boosted by a second dose (59). These findings were recapitulated in healthy adult humans 

(aged 18-55 years) in phase I/II clinical trials, which indicated that binding and neutralising 

antibody titres were similar to those induced by COVID-19 infection (58, 60).  

1.6.2 mRNA 

In the UK, the available mRNA vaccines for initial priming vaccine doses were BNT162b2 and, 

to a lesser extent, mRNA-1273. Both vaccines were shown to be immunogenic in pre-clinical 

and clinical trials (57, 61, 62). Direct comparison of BNT162b2 and mRNA-1273 demonstrated 

similar induction of spike-specific binding and neutralising antibody titres and similar levels of 

activated or cytokine producing spike-specific CD4+ and CD8+ T cells (63).  

1.7 COVID-19 vaccines: vaccine regimen 

1.7.1 ChAdOx1 versus mRNA platforms 

While similar immunogenicity was observed between mRNA platforms, the immunogenicity 

induced by mRNA and ChAdOx1 was significantly different. Comparison of BNT162b2 and 

ChAdOx1 homologous prime-boost in a randomised controlled trial (RCT) of healthy young 

adults demonstrated that BNT162b2 induced 10-fold higher titres of anti-spike IgG 28 days 

post boosting dose (1392ELU/mL ChAdOx1 vs 14080ELU/mL BNT162b2, (64)). In RCTs 

ChAdOx1 nCoV-19 induced stronger T cell responses after the priming dose than BNT162b2, 
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but two of three trials reported higher responses with BNT162b2 following a booster (i.e., 

second) vaccination (65-67). Observational studies also showed higher magnitude T cell 

responses after one or two doses of adenovirus vector vaccines (ChAdOx1 or Ad26) 

compared with mRNA-LNP (BNT162b2 or mRNA-1273) vaccination (68-70). These studies 

indicated that there were differences in the quantity of SARS-CoV-2 spike-specific T cells 

induced by different vaccine platforms but lacked insights into the quality or multi-faceted 

functionality of the induced T cells. 

Interestingly, heterologous prime-boosting with a single dose of ChAdOx1 nCoV-19 followed 

by a single dose of BNT162b2 induced significantly higher antibody titres than homologous 

ChAdOx1 vaccination and higher IFNγ T cell responses compared to homologous doses of 

either vaccine (64). This indicates that ChAdOx1 and mRNA vaccination may act 

synergistically in combination to induce higher immunogenicity.  

1.7.2 Prime-boost dosing interval 

Initial studies of mRNA and ChAdOx1 COVID-19 demonstrated that a booster (second) dose 

increased vaccine immunogenicity, particularly antibody titres (57, 58). Large studies of 

BNT162b2 and ChAdOx1 immunogenicity additionally observed that increasing the length of 

time between first and second vaccine doses (the vaccine dosing interval) was associated 

with differences in vaccine-induced antibody and T cell responses (71-74). Anti-SARS-CoV-2 

spike antibody titres 28 days after vaccination with a second dose of either vaccine was 

increased by extending the dosing interval from 3-4 weeks to over 10 weeks (71-74). Extended 

dosing intervals were also associated with increased or equivalent vaccine efficacy against 

symptomatic COVID-19 infection after either vaccine (73, 75). In contrast to antibody 

responses, RCTs and observational cohort studies showed that an extended dosing interval 

marginally decreased the frequency of vaccine-induced IFNγ+ T cells (66, 71, 76), highlighting 

a disconnect between humoral and cellular vaccine-induced immune responses. 

Nevertheless, the frequency of IFNγ+ T cells is only a single measure of cellular immunity, and 
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further work is required to broaden these results to the full diversity of T cell functionality.  

1.8 COVID-19 vaccines: vaccine induced responses in the context of coronavirus cross-

reactivity and SARS-CoV-2 variants 

1.8.1 Seasonal coronaviruses 

Unexpectedly, SARS-CoV-2 specific immune responses were identified in samples taken prior 

to the emergence of SARS-CoV-2 in 2019 (77, 78). Due to the high homology of SARS-CoV-

2 with other HCoV’s, cross-reactivity between pre-existing memory immune responses to 

circulating seasonal coronaviruses with conserved SARS-CoV-2 epitopes was the proposed 

source of these unexpected SARS-CoV-2 responses. Much work has been done to investigate 

the role of this pre-existing immunity in SARS-CoV-2 and COVID-19 vaccination outcomes. I 

reviewed this in detail in (79) (Appendix 1).  

Evidence for the effect of pre-existing immunity on SARS-CoV-2 immunogenicity that is 

beneficial (boosts/augments subsequent SARS-CoV-2 responses), neutral (has no effect on 

response) or detrimental (reduces SARS-CoV-2 responses) have been described. Most of the 

reported evidence supports a beneficial role for pre-existing T cells in subsequent SARS-CoV-

2 immune responses and a broadly neutral or detrimental role for pre-existing B cell mediated 

responses (79). Observed beneficial roles for pre-existing T cells include the identification of 

a pool of pre-existing memory responses that ‘abort’ SARS-CoV-2 infection (clear the virus 

before the occurrence of symptomatic disease) or can be quickly recalled to contribute to the 

de novo response and protect against severe disease (80, 81). However, the exact 

contribution of pre-existing T cell clones to vaccine immunogenicity remains an open question. 

For B cell mediated responses, pre-existing antibodies had no association with protection 

against disease or subsequent antibody responses (82, 83), and weak observational evidence 

found that pre-existing antibodies were associated with an increased probability of developing 

severe COVID-19 (84). Thus, there is a nuanced and potentially conflicting role for pre-existing 

adaptive immune responses on subsequent SARS-CoV-2 responses – with their contribution 
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to vaccine-induced responses still not precisely clear.  

1.8.2 SARS-CoV-2 variants 

Since the initial emergence of SARS-CoV-2, multiple viral variants emerged through mutation 

or recombination events that had a significant impact on viral fitness and pathogenicity (85, 

86) (Fig. 1.1). The increasing prevalence of immunity – by COVID-19 vaccination and SARS-

CoV-2 infection - to SARS-CoV-2 provided increased evolutionary pressure for SARS-CoV-2 

to develop mutations which evaded the protective immune response (85). Based on criteria of 

disease severity and prevalence, SARS-CoV-2 variants were categorised (in descending 

order of risk) as variants of concern (VoC), variants of interest (VoI) or variants under 

monitoring (VUM). Between September 2020 and March 2025, there were 70 unique SARS-

CoV-2 variants labelled under one of these categories, with no VoCs and only two VoI’s 

(Omicron BA.2.86 and KP.3) circulating in Europe in March 2025 (87).  
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Fig. 1.1 COVID-19 vaccination and SARS-CoV-2 variant infection rate over time in the United 
Kingdom up until March 2023 
The COVID-19 vaccination rate (top panel) and SARS-CoV-2 infection rate by variant per million people 
in the United Kingdom (UK). Vaccine data taken from NHS England COVID-19 vaccinations archive. 
Infection data downloaded from World Health Organisation and variant data from GISAID (Section 
3.5.4).  
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Most of the work in my thesis was performed on human samples collected up until April 2022, 

when Omicron sub-variants BA.1 to XBB.1 were the most recent dominant SARS-CoV-2 

variants. At this time, the impact of SARS-CoV-2 mutations on vaccine immunogenicity was 

largely unknown – especially in immunocompromised individuals. Since, much work has been 

done to show the immune evasion of emerging variants (88, 89).  

The emergence of the delta variant in Autumn 2021 and subsequent emergence of Omicron 

BA.1 prompted the global deployment of a ‘booster’ third vaccine dose. Omicron BA.1 

presented a major step change in the COVID-19 pandemic, with 30 substitutions plus the 

deletion of 6 and insertion of 3 residues in the spike protein of BA.1 compared to ancestral 

SARS-CoV-2 (90). These mutations significantly reduced the neutralisation capacity of 

antibodies generated to ancestral vaccines in healthy individuals (88, 91, 92), contributing to 

a surge in SARS-CoV-2 infections in the UK and globally. Interestingly, Omicron BA.1 was 

associated with reduced COVID-19 severity compared to prior variants (93). In healthy 

individuals, cross-neutralisation of variants was associated with high titres of ancestral-binding 

antibodies (88). With the emergence of SARS-CoV-2 variants with mutations that further 

evaded immune responses to ancestral vaccines, subsequent mRNA vaccines that encoded 

spike proteins from SARS-CoV-2 variants were deployed to improve protection against new 

SARS-CoV-2 variants (94). However, the focus of this thesis will be on ancestral SARS-CoV-

2 spike encoding vaccines.  

1.9 COVID-19 vaccines: host factors relating to vaccine immunogenicity 

While both ChAdOx1 and mRNA vectored COVID-19 vaccines induce potent adaptive 

immune responses in healthy individuals, there is considerable variation between recipients 

in vaccine immunogenicity. Within immunocompetent populations, several host factors 

(demographic/environmental) are associated with vaccine-induced responses, including 

previous COVID-19 infection (71), sex (95) and age.  

1.9.1 Age 
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Studies examining the impact of age on immune responses to the ChAdOx1 COVID-19 

vaccine showed that vaccine-induced antibody titres were consistent across different age 

groups (60, 96). There was no significant decrease in SARS-CoV-2 spike antibody binding 

titres or IFNγ T cell responses in older adults (56 years and older) or younger participants 

(aged 6-17 years) compared to adults aged 18-55 years (60, 96). However, this study only 

included elderly individuals who were in good health, with no uncontrolled comorbidities or 

high frailty scores, and so is not representative of the general elderly population (60, 97). 

In mRNA vaccination, there is contrasting evidence supporting the impact of age on vaccine 

immunogenicity. A small sub-study of the mRNA-1273 phase I clinical trial identified no 

difference in binding or neutralising antibody titres between adults aged 18-55 years and those 

over 56 years old (98). No difference in induced antibody or T cell responses was also 

observed in individuals that were over 80 years old compared to 51-79 year old individuals 

after two doses of BNT162b2 vaccination (99). However, other, larger, studies observed that 

anti-spike antibody titres induced 21-28 days after one or two doses of BNT162b2 or mRNA-

1273 decreased with increasing age (71, 100-102). Studies of the effect of human aging on 

vaccine immunogenicity are often limited by the confounding effects of comorbidity and frailty, 

both of which increase in prevalence with age (103) and may impact vaccine immunogenicity 

(104). Heterogenous prevalence of comorbidities/frailty in these studies therefore likely 

explains the contrasting conclusions on vaccine immunogenicity. 

1.10 Secondary immunodeficiencies 

As highlighted above, the adaptive immune response to vaccines is central to their 

effectiveness at protecting against infection, including SARS-CoV-2. The adaptive immune 

response is carefully regulated to reduce responsiveness to self-antigen while maximising 

responsiveness to invasive external antigen (105). In rare circumstances, failure to properly 

downregulate the adaptive immune response to self-antigen may manifest clinically as 

autoimmune diseases (106). In other circumstances, such as in transplantation, adaptive 
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immune responses to allogeneic (donor) tissue are generated appropriately but are 

counteractive to the clinical intervention and therefore are detrimental to health (107). 

Autoimmune conditions that are studied in this thesis include rheumatoid arthritis (RA) 

(108),  anti-neutrophil cytoplasmic antibody (ANCA)-associated vasculitis (AAV) (109) and 

autoimmune hepatitis (AIH) (110). Transplantation includes haematopoietic stem cell (HSCT) 

(111) and solid organ transplant (SOT) including liver (112) (LT) and kidney (renal) transplant 

(RT) (113).  

For both autoimmunity and organ transplantation, medication designed to interfere with the 

generation of the adaptive immune response is prescribed with the aim of suppressing 

immune-induced pathology (114). Chronic inflammatory conditions, such as inflammatory 

bowel diseases (IBD) also require immunosuppression to reduce immune-mediated 

inflammation and organ damage (115). Such immunosuppressive agents have been 

transformative to clinical outcomes. However, they lack antigen-specificity and lead to 

systemic dysregulation of one or more central functions of the adaptive immune system. Thus, 

they may inadvertently also impair immune responses to exogenous antigens such as 

infectious agents or vaccines. 

In addition to the use of immunosuppressive medications, immune dysregulation may be 

caused through disease-mediated mechanisms. Examples of disease-mediated immune 

dysfunction include chronic diseases such as liver cirrhosis (116), and haematological 

malignancies (HM) (117), and chronic viral infection such as infection with human 

immunodeficiency virus (HIV) (118), cytomegalovirus (CMV) (119, 120) and Epstein-Barr virus 

(EBV) (121, 122). In the case of chronic diseases, immune dysregulation may additionally be 

exacerbated by the clinical intervention (e.g. immunosuppressive therapeutic or 

haematological stem cell transplant) employed to treat the disease.  

Together, conditions of immunodeficiency caused by non-heritable factors are referred to as 

secondary immunodeficiencies (SIs). Individuals living with SIs are at increased risk of 
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infection and cancer and as such have higher rates of morbidity and mortality compared to 

immunocompetent populations (123, 124). Vaccines offer potential solutions to the risks 

associated with both infection and cancer, so understanding vaccine immunogenicity in such 

populations is of considerable importance.  

 1.11 Secondary immunodeficiencies: immunosuppressive medications  

Several classes of immunosuppressive medications exist that inhibit adaptive immune 

responses (Table 1.1, Fig. 1.2). Broadly, they impair immune responses through one of four 

mechanisms: 1) reduction of proliferation of adaptive immune cells, 2) depletion of immune 

cell populations, 3) impair adaptive immune cell activation and 4) blockade of inflammatory 

signalling pathways. Different immunosuppressive drug classes act through one or more of 

these mechanisms to impair immune responses. This overview will focus on adaptive immune 

related mechanisms of action/pathology for immunosuppressive therapeutics included in the 

thesis.  

1.11.1 Immunophilin inhibitors (calcineurin and mTOR inhibitors) 

Immunophilins are cytosolic proteins that positively regulate T cell action by interacting with 

nuclear factor of activated T cells (NFAT) or mechanistic target of rapamycin (mTOR). The 

immunophilin which interacts with NFAT is cyclophilin A, which is inhibited by calcineurin 

inhibitors such as tacrolimus and cyclosporin A (125, 126). The mTORC1 complex is inhibited 

by mTOR inhibitors such as everolimus and sirolimus (127).  

Through blockade of NFAT translocation, calcineurin inhibitors inhibit the expression of 

cytokines including IL-2 and early activation genes (including c-Myc) after TCR stimulation – 

blocking required signals for T cell activation and proliferation (125). mTOR inhibitors block 

intracellular signalling after CD28 and IL-2 receptor (CD25) engagement which is also key for 

T cell activation (128) (129). Importantly, TCR signalling in the absence of mTOR mediated 

IL2/CD28 signalling leads to lack of T cell activation or T cell anergy (127). mTOR inhibitors 

additionally can block B cell proliferation, survival and differentiation into antibody-producing 
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plasma cells (130). Together, immunophilins act to suppress the activation and proliferation of 

predominantly T cells, causing disruption to CD4+ T follicular helper (TFH) (131), cytotoxic and 

effector CD4+ T cells (TH1/TH2/TH17) (132), regulatory CD4+ T cells (Treg) (133, 134) and CD8+ 

T cells (135).  

Immunophilins are commonly used as immunosuppressive agents in liver and kidney 

transplantation and in autoimmune conditions such as rheumatoid arthritis (136). mTOR 

inhibitors are also increasingly being used in cancer (137). 

1.11.2 Antiproliferative/Antimetabolite 

Anti-proliferative/anti-metabolites inhibit T and B cell proliferation by blocking or reducing cell 

cycling and include azathioprine, mercaptopurine (6-MP) (collectively referred to as 

thiopurines), methotrexate, and mycophenolate mofetil. 

Table 1.1 Relevant immunosuppressive therapy types, their mechanism of action and 
associated disease groups.  

Drug class Mechanism of action Common use:  

Antibody therapy Various: including B cell depletion 
(anti-CD20), and TNF inhibition 
(anti-TNF) (138) 

RA, IBD, HSCT, AIH, HM, 
AAV 

Calcineurin 
inhibitors 

Impairs transcription of T cell 
activation cytokines (IL-2 etc) to 
inhibit T cell function (139).  

RA, AAV, SOT, HSCT, AAV 

mTOR inhibitors Inhibition of T cell proliferation SOT, HM 

Antiproliferative/ 

Antimetabolite 

Inhibit B and T cell proliferation by 
blocking purine base synthesis(140) 

RA, AAV, SOT, AIH 

Methotrexate T cell apoptosis RA, AAV, IBD 

Glucocorticoids Various, including down-regulation 
of pro-inflammatory cytokines(141) 

RA, AAV, IBD, HSCT, SOT, 
HM 

ATGs = antithymocyte globulins; RA = rheumatoid arthritis ; SOT = solid organ transplant; 
HSCT = haematological stem cell transplant; AIH = autoimmune hepatitis; IBD = 
inflammatory bowel disease; RT = renal transplant; HM = haematological malignancy; AAV 
= ANCA-associated vasculitis 
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T cells require the de novo synthesis of purine and pyrimidine nucleotides for mitosis in 

response to activation signals (142). The anti-metabolite class of immunosuppressants block 

T cell cycling by disrupting the generation of these nucleotides (35).  Thiopurines are purine 

nucleotide analogues that block aminotransferase enzymes, including inosine-5′-

monophosphate dehydrogenase (IMPDH) (143). Mycophenolate mofetil specifically binds to 

and inhibits IMPDH – also blocking purine synthesis (143, 144).  

At high doses, methotrexate blocks lymphocyte proliferation through inhibition of dihydrofolate 

reductase (145). At lower doses, methotrexate causes the cellular accumulation and release 

of adenosine, which potently inhibits inflammatory pathways (145). It also leads to reactive 

oxygen species accumulation in T cells, resulting in increased T cell sensitivity to apoptosis 

through increased JUN N-terminal kinase activation (146).  
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Thiopurines are commonly used as immunosuppressive agents in autoimmune hepatitis (AIH) 

(147), kidney transplantation (148), RA (149), and inflammatory bowel disease (IBD) (150). 

Mycophenolate mofetil is used in SOT, RA and AIH and commonly in combination with 

calcineurin inhibitors in SOT, due to its dose sparing effect (151). Methotrexate is commonly 

used in the treatment of IBD and RA (145).  

1.11.3 Glucocorticoids 

Glucocorticoid therapeutics, such as prednisolone and dexamethasone, induce systemic anti-

inflammatory and immunosuppressive effects. The glucocorticoid receptor is an almost 

ubiquitously expressed transcription factor which exerts control over multiple inflammatory and 

homeostatic processes. The primary anti-inflammatory role of corticosteroids is mediated 

through its repression of NF𝜅B and AP-1 transcription factors which are both central regulators 

of cytokine production and cellular proliferation, differentiation and apoptosis in T cells (141, 

152). Corticosteroids also suppress IL-2 production and inhibit T cell activation and 

differentiation by blocking JAK-STAT signalling in T cells and by inhibiting production of co-

stimulatory cytokines (IL-6, IL-2, TNF) by dendritic cells (153, 154).  

Owing to their various immunosuppressive and anti-inflammatory roles, glucocorticoids are 

commonly used in many immune-mediated conditions, including RA, SOT, IBD, HSCT and 

haematological malignancies (152, 155).   

1.11.4 Biologics (antibody therapies) 

Biologics are a diverse class of immunomodulatory therapeutics, primarily consisting of 

antibodies or recombinant proteins. These therapies leverage the high binding specificity of 

recombinant proteins or antibodies to ensure precise interaction with a target molecule. 

Depending on the target, biologic agents can induce various downstream effects and 

numerous biologics are currently used as immunosuppressive therapies, reviewed in (114). 

Biologics that are relevant to this thesis are infliximab/adalimumab - which inhibit TNF binding 

to TNFR1/TNFR2 receptors (156) - and rituximab which binds to CD20 and depletes B cells 
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through cellular- and complement-dependent cytotoxicity (157, 158). Because of the 

pleiotropic effects of TNF, its blockade interrupts many aspects of inflammatory cytokine 

production and impairs T cell activation (159, 160). In contrast, aCD20 therapy specifically 

disrupts B cells (161). 

Infliximab and adalimumab are commonly used in IBD and RA (159, 160). Rituximab is used 

in severe rheumatological conditions including ANCA-associated vasculitis (AAV) and RA 

(161), and haematological malignancies including B cell lymphomas (including Hodgkins and 

non-Hodgkins lymphomas) (162). 

1.12 Secondary immunodeficiencies: chronic disease 

1.12.1 Cirrhosis 

In addition to immunosuppressive agents, chronic disease can cause immune dysfunction. An 

example of this is cirrhosis-associated immune dysfunction (CAID), which is a term that covers 

the systemic inflammation and immune cell deficiency associated with liver cirrhosis (163). 

Cirrhosis is a progressive disease of the liver that comprises two stages, an often-

asymptomatic early stage referred to as ‘compensated disease’ and a ‘decompensated’ phase 

associated with failure of hepatic function (163). Although ostensibly a disease of the liver, 

cirrhosis is considered a systemic disease because it impacts most systems of the body (116). 

Systemic inflammation in CAID is evidenced by increased plasma concentration of acute-

phase proteins, cytokines (including IL-6, TNF, IFNγ and IL-17 (164)) and endothelial 

activation markers (including intracellular adhesion molecule 1 (ICAM1), vascular cell 

adhesion protein 1 (VCAM1) and vascular endothelial growth factor (VEGF)(165). Increased 

intestinal permeability in cirrhosis causes increased bacterial translocation and sensing of 

pattern/danger associated molecular patterns (PAMP/DAMP) (166), which leads to increased 

pro-inflammatory cytokine production from monocytes and T cells (167, 168). Serum 

concentration of these inflammatory factors increases with cirrhosis severity (164) and is 

associated with broad activation of circulating lymphocytes, vasodilation and further systemic 
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inflammation (116, 169). Immune cell function and phenotype are altered in cirrhosis. 

Depletion of neutrophils (170), CD4+ T cells (171) and memory B cells (172), and functional 

impairment of inflammatory monocytes (173, 174) have been observed in cirrhosis, and are 

related to the increased systemic inflammation and DAMP/PAMP sensing from cirrhosis-

associated bacterial translocation.  

1.12.2 Haemodialysis 

Haemodialysis, a therapeutic approach to artificially filter blood in end-stage kidney disease, 

is associated with broad immune suppression. Chronic inflammation in end-stage kidney 

disease patients on haemodialysis is caused by uraemia and the associated accumulation of 

pro-inflammatory cytokines including TNF, IL-1𝛽 and IL-6 (175). Additional inflammation is 

caused by routine exposure to the bio-incompatible membranes of the dialysis catheters, 

causing endothelial nitric oxide production and oxidative stress (176). Some patients with 

haemodialysis additionally receive immunosuppression for other comorbidities or to prevent 

rejection of previous unsuccessful kidney transplantation – leading to further immune 

dysfunction (177).  

1.13 Secondary immunodeficiencies: impact on vaccine immunogenicity 

1.13.1 Non-COVID-19 vaccines  

Adaptive immune responses are reduced to several vaccines in individuals with SIs compared 

to healthy people. Rates of serological response to HBV, influenza or pneumococcal vaccines 

are decreased in patients with cirrhosis (178, 179), RA patients on methotrexate (MTX)(180), 

IBD patients on TNF inhibitors (181), SOT recipients (182) and HSCT recipients (183) 

compared to healthy individuals. RA patients treated with anti-CD20 therapy also had severely 

reduced serological responses to influenza vaccine than those on MTX or compared to healthy 

individuals (184). Relatively few studies investigated T cell responses to vaccination in 

immunocompromised patients in comparison to healthy donors, but those that did have also 

described reduced vaccine-induced cellular responses in immunocompromised patients (185, 
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186).  

1.13.2 COVID-19 vaccines 

Multiple studies demonstrated reduced immunogenicity of the primary course (doses one and 

two) of COVID-19 vaccines in SI groups compared to healthy individuals (187-199). Many of 

the early studies focused on single vaccine types and primarily reported only anti-SARS-CoV-

2 antibody responses as a measure of vaccine immunogenicity. Many studies focused on a 

single disease type, thereby limiting observations to a single mechanism of 

immunosuppression and not providing comparative analysis of the impact of different 

immunosuppressive conditions on vaccine responsiveness. There was a critical need 

therefore for large comparative studies of antibody and T cell immunogenicity across 

immunosuppressive conditions.  

With the emergence of SARS-CoV-2 variants, booster vaccine doses were recommended to 

increase vaccine immunogenicity. These were particularly prioritised for individuals with SIs – 

however the capacity of additional vaccine doses to increase SARS-CoV-2 immune responses 

in individuals with SIs was largely unknown. More recently, several large prospective cohorts 

of immunocompromised individuals have provided insight into the vaccine-induced antibody 

response and effectiveness at preventing severe COVID-19 in these groups (200, 201). As of 

Autumn 2024, immunocompromised individuals in the UK were offered up to their 10th booster 

dose of COVID-19 vaccine, including doses of variant-adapted COVID-19 vaccines (200-202). 

Work is ongoing to understand the immunogenicity of this number of vaccine doses.  

1.14 Systems vaccinology approaches 

There are many immune pathways involved in the generation of a successful immune 

response to vaccines (16). As discussed above, SIs and other host factors may impair vaccine 

immunogenicity through disruption of any number of these pathways. With the aim to study 

the concerted biology of the vaccine-related response, “systems vaccinology” approaches 

have been developed (16). Such approaches use high-dimensional technologies to measure 
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large numbers of parameters/analytes simultaneously to provide a holistic view by which to 

assess vaccine immunogenicity. These technologies include methods to assess gene 

expression (transcriptomics), protein concentration (proteomics), and high-dimensional flow 

cytometry approaches. These techniques can be used to assess whole tissue samples (bulk) 

or single-cell immune cell phenotypes. In combination, they provide complementary data 

sources to identify complex immunological networks, which in the context of vaccination, can 

be used to understand pathways associated with immunogenicity.  

1.4.1 Transcriptomic sequencing, bulk and single-cell RNA-sequencing 

High-throughput next-generation sequencing approaches have revolutionised transcriptomic 

analysis by facilitating the sequencing of tens of millions to billions of DNA sequences in days 

(203). As such, the transcriptome of bulk immune cells in blood can now be assessed to 

capture a snapshot of the broad composition of the circulating immune system. Bulk 

transcriptomic assessment of whole blood has been used successfully in vaccine studies to 

detect broad differences in expression profiles before and after vaccination and identify 

transcriptomic signatures predictive of vaccine responsiveness (204-208). In 2009, the first 

published work of mRNA sequencing of a single cell demonstrated that cell-to-cell 

transcriptional heterogeneity could be explored using single cell RNA-sequencing (scRNA-

seq) (209). Development of droplet-based scRNA-seq approaches (210) greatly expanded the 

number of cells that could be individually sequenced and facilitated the use of this approach 

in vaccine studies. Since, scRNA-seq has been used in healthy people to identify several 

features associated with vaccine responsiveness, including: early within-cell type 

transcriptional signatures (208); interactions between biological sex and past viral exposures 

(211) and underlying host variation (212). Integration of RNA sequencing with adjunct single-

cell sequencing measures such as surface protein sequencing (CITE) and adaptive immune 

receptor sequencing (V(D)J sequencing) provides a platform to study adaptive immune 

responses to vaccination at very high resolution.  
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1.4.2 Proteomics 

While transcriptomic approaches can quantify expression of genes, not all genes are 

translated into proteins, and post-translational modifications can alter protein functionality 

(213). Assessment of the proteome of tissues and cells therefore gives vital insight into their 

functionality, beyond transcriptional approaches. In addition, protein concentrations in blood 

can be used as proxy measures of tissue dysregulation and as such have been used 

successfully as diagnostic/prognostic indicators of disease (214, 215), to identify disease 

targets (216), and to integrate genomic and proteomic traits (217, 218). Several approaches 

to measure proteomes have developed and vary in the number of protein analytes measured 

simultaneously and include unsupervised and supervised approaches. Mass spectrometry 

has been used to assess the whole human proteome (213) and can measure many thousands 

of proteins and protein variants in a single analysis run without pre-selecting proteins of 

interest (unsupervised) (219). Affinity-based platforms, such as those developed by 

SomaLogic and Olink, use DNA oligomer-tagged antibodies or aptamers that are specific to 

pre-selected (supervised approaches) target proteins (220, 221). Through quantification of the 

bound antibodies/aptamers using next-generation sequencing or microarrays respectively, 

pre-designed panels of tens to thousands of proteins can be measured simultaneously (217). 

Finally, multiplexed bead assays, such as Luminex and Meso-scale Discovery (MSD) use 

fluorescence-based approaches to quantify concentration of 10s to 100s of proteins 

simultaneously (219). The methodologies vary by specificity and sensitivity (219), but have 

been used to give insight into vaccine-induced inflammation (208, 222) and the impact of pre-

vaccine inflammation on vaccine immune responsiveness (223).  

1.4.3 Spectral-flow cytometry 

Flow cytometry is a core technique that has been central to the improvement in understanding 

of cellular immune responses (224). Flow cytometry was invented in the late 1960s at which 

point it could be used to detect one fluorescently labelled antibody and the size of the cell 
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(225). Since, polychromatic (“conventional”) flow cytometry has been improved to the extent 

that up-to 20 distinct fluorescently labelled proteins can be measured on single cells 

simultaneously (226). Development of spectral flow cytometry techniques, which quantifies 

the entire emission spectra of flow cytometry fluorophores rather than specific fluorescence 

‘bandwidths’ as in conventional cytometry (226), has revolutionised this approach such that 

over 50 protein targets can be measured on single cells simultaneously (227). Spectral flow 

cytometry therefore provides the opportunity to quantify surface and intracellular expression 

of known proteins in millions of cells rapidly. In vaccinology, it has been used to provide broad 

insight into the phenotype and function of vaccine responsive immune cells across many 

studies (228, 229).  

1.15 Knowledge gaps 

Both mRNA and ChAdOx1-vectored COVID-19 vaccines induce robust antibody and T cell 

responses in healthy humans. However, factors relating to the vaccine regimen and to the 

vaccine recipient have been shown to impact vaccine-induced immunogenicity. This thesis 

aims to provide further insight into the impact of some of these factors on vaccine 

immunogenicity. Specifically, it will focus on the following:  

1.15.1 Factors relating to vaccine regimen 

ChAdOx1 nCoV-19 induces higher magnitudes of SARS-CoV-2 spike-specific IFNγ producing 

T cells than mRNA-vectored vaccines. However, beyond cytokine production, little is 

understood about the impact of the vaccine vector on the phenotype or functionality of spike-

specific T cells.  

In addition, the antibody and T cell response to a second dose of COVID-19 vaccine, 

particularly mRNA-vectored COVID-19 vaccines, is altered depending on the time-interval 

between first and second vaccine doses. Beyond its impact on IFNγ T cell production, little is 

known about the impact of vaccine dosing-interval on the phenotype or function of spike-

specific T cells induced by mRNA or ChAdOx1 COVID-19 vaccines.  
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1.15.2 Factors relating to vaccine recipient 

SIs impair normal immune function through broad and varied mechanisms. These 

mechanisms differentially act on different immune compartments and have been shown to 

variably impact vaccine-induced immune responses. However, little work has been done to 

directly compare the impact of different SIs on responses induced to a given vaccine antigen.  

Early in the COVID-19 pandemic, little was known about the immunogenicity of new vaccine 

platforms (mRNA and ChAdOx1) in individuals with SIs. The impact of different 

immunosuppressive therapeutics on the phenotype and function of vaccine-induced antigen-

specific B and T cells remains largely unknown. Additionally, the vaccine-related 

immunophenotype of individuals with SIs has not been mapped in sufficient detail to identify 

specific pathways that linked immunosuppressive conditions with vaccine immunogenicity.  

Considerable work has been performed to identify pre-vaccine biological predictors of vaccine 

immunogenicity in healthy people. However much of this work has focussed on predicting 

vaccine-induced antibody responsiveness, it has not been performed in mRNA vaccination, 

and its applicability to immunocompromised populations is unknown.  

1.16 Aims of thesis 

In this thesis, I aim to profile the impact of host and vaccine regimen related factors on COVID-

19 vaccine immunogenicity. First, I will establish the immunogenicity of mRNA and ChAdOx1-

vectored COVID-19 vaccines in individuals with various SIs compared to healthy individuals 

in large cohort studies. Second, I will demonstrate the impact of vaccine platform and vaccine 

dosing interval on SARS-CoV-2 spike-specific T cell functionality and clonality using a single-

cell sequencing approach. Third, I will identify differences in the immunophenotype of 

individuals with various SIs using systems approaches and link these differences to COVID-

19 vaccine immunogenicity. Finally, I will use single cell sequencing approaches to 

demonstrate the impact of SIs on the single cell transcriptome of COVID-19 vaccine-induced 

antigen-specific B and T cells and other circulating immune cells.  
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2 Methods 
2.1 Data generation: Preparation of peripheral blood mononuclear cells (PBMCs) 

PBMCs were isolated from whole blood by density gradient centrifugation (Lymphoprep, Axis-

Shield) and cryopreserved in 90% foetal calf serum (FCS) and 10% dimethyl sulfoxide 

(DMSO). PBMCs were thawed for use washed in R10 (RPMI 1640 (Sigma-Aldrich), 10% FCS, 

1% Penicillin-Streptomycin (ThermoFisher).  

2.2 Data generation: IFNγ ELISpot  

Thawed PBMC were rested for 3-4 hours at 37°C in R10 + 1mg/mL DNase (Roche). 

Multiscreen-I 96 ELISpot plates (Millipore) were incubated with 10 μg/mL ELISpot basic kit 

capture antibody (clone 1-D1K) from the Human IFNγ ELISpot Basic kit (Mabtech 3420-2A) 

diluted in sterile Dulbecco's phosphate-buffered saline (DPBS; Fisher Scientific) for 3 hours at 

room temperature (RT). Plates were then washed 3x with DPBS and blocked with 100μL R10 

for 1-2 hours at RT. 50μL of stimulation media were diluted to final concentrations in R10 and 

added to wells in duplicate or triplicate as follows: 2μg/mL DMSO (unstimulated control); 

2μg/mL pools of overlapping peptides covering SARS-CoV-2 ancestral or variant proteins, 

2μg/mL cytomegalovirus, Epstein–Barr virus and influenza peptides (CEF, Proimmune) or 

concanavalin A (ConA; Sigma-Aldrich) (positive controls). PBMC were washed in R10 and 

200,000 cells per well added to the plate and incubated at 37°C for 16-18 hours overnight. 

The plate was washed 6x with phosphate buffered saline (PBS, Sigma-Aldrich) + 0.05% (v/v) 

Tween-20 (Sigma-Aldrich) and incubated with ELISpot Basic kit streptavidin-ALP, diluted in 

PBS at 1 μg/mL for 1.5  hours. Spots were detected by adding 50μL/well of filtered RT 

BCIP/NBT stock and incubating for 5-7 minutes and counted on CTL immunocapture (Cellular 

Technology Limited) using Smartcount® settings.  

2.3 Data generation: Serological assays 

2.3.1 SARS-CoV-2 spike binding assays: Elecsys® Anti-SARS-CoV-2 S  

The Elecsys® Anti-SARS-CoV-2 total Ig (Roche) was used to assess total serum Ig binding 
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to the receptor binding domain (RBD) of SARS-CoV-2 spike and SARS-CoV-2 nucleocapsid 

proteins. These assays were performed by Dr Ashley Otter or Dr Marc Lütgehetmann and 

Golda Schaub. Assays were performed as per manufacturer instructions. The lower limit of 

detection (LoD) for the assay is 0.4AU/mL and upper LoD is 2500AU/mL. Samples were 

serially diluted to quantify concentrations above this, up to 2.5x105 or 2.5x104 (EASL COVID-

Hep 2.0 study). The manufacturer defined negative cutoff for response is 0.8AU/mL.  

2.3.2 SARS-CoV-2 variant IgG binding and angiotensin-converting enzyme 2 (ACE2) 

inhibition assays  

IgG binding titres or functional antibody responses (ACE2 inhibition) were assessed to wild-

type SARS-CoV-2 and nine of the most prevalent SARS-CoV-2 variants of concern as of 

February 2023: 1.529/BA.1/BA.1.15, BA.2.75, BA.2.75.2, BA.4.6, BA.5, BF.7, BQ.1, BQ.1.1, 

and XBB.1, using a multiplexed MSD® immunoassay (K15668U and K15679U). Assays were 

performed as per manufacturer instructions with 1:10,000 and 1:30,000 dilutions  of 

serum/plasma for binding assays and 1:10 and 1:100 dilutions for ACE2 inhibition assays.  

2.3.3 Live neutralisation of SARS-CoV-2 ancestral, delta and omicron BA.1  

High-through live virus microneutralisation assays were performed at The Francis Crick 

Institute under the leadership of Dr Edward Carr and Professor Rupert Beale, following a 

previously published protocol (230). The fold-dilution of serum required to inhibit 50% of viral 

replication was defined as the IC50. Some samples fell below or above the limit of quantification 

(LoQ) of the assay and were assigned a representative IC50 value: no signal detected and 

below LoQ = 5, signal detected but below LoQ = 10, above LoQ = 4000.  

2.4 Data generation: Flow cytometry 

2.4.1 Activation induced marker assay for sorting of spike-specific B and T cells and 

CD45+ PBMC 

Thawed PBMC were stimulated for 24 hours at 37°C with pools of overlapping peptides 

(15mers with 11 amino acid overlap) which covered the entire SARS-CoV-2 spike protein 
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(Cambridge Biosciences), at a final concentration of 1μg/mL. 1x vial of PBMCs per participant 

was thawed and split across stimulation wells at 1 x 106 PBMC per well. 1x106 cells per donor 

was incubated for 24 hours with 1μg/mL DMSO as an unstimulated control. 1x106 cells per 

experiment were incubated for 24 hours with 1:500 diluted leukocyte activation cocktail as a 

positive control for sorting (BioLegend). Plates were washed with FACS buffer (PBS + 0.05% 

bovine serum albumin + 1 mM EDTA, Sigma-Aldrich) and incubated with fluorophore or DNA-

oligomer tagged monoclonal antibodies for flow cytometric staining/sorting and cellular-

indexing of transcriptomes and epitopes (CITE) sequencing (Table 2.1). Staining was 

performed in a final volume of 50μL for 30mins at 4°C in the dark. Cells were then prepared 

for FACS as per Section 2.4.3. 

2.4.2 CellTrace Violet (CTV) assay to detect pre-existing SARS-CoV-2 specific clones 

5.25 × 106 cells per donor were collected and labelled with CTV (ThermoFisher), as described 

(231). Briefly, cells were thawed and washed 2x with sterile PBS. After washing, cells were 

resuspended in 1mL of PBS and incubated with 1:2000 CTV for 10 minutes at RT. After 

incubation, 4mL of ice-cold FCS was added to cells to quench staining. Cells were washed in 

5mL of RH10 (RPMI-1640 + 10% human AB serum + 1% Penicillin/Streptomycin), incubated 

for 5mins at RT, then resuspended in fresh RH10 at 2.5 × 106 cells per mL. 100μL of cells 

were incubated with 100μL of RH10 and the following stimulation mixes: 2μg/mL DMSO 

(unstimulated control), 2μg/mL overlapping peptide pools (15mers with 11 amino acid overlap) 

covering the SARS-CoV-2 spike protein (Cambridge Biosciences), 2μg/mL PHA (positive 

control). Cells were incubated for 7 days at 37 °C, and 5% CO2 for 7 days. On day 4, the plate 

was centrifuged (1800 rpm for 3 min) and 100μL of media was removed and replaced with 

fresh, pre-warmed RH10. After incubation, cells were washed 3x in FACS buffer and stained 

using a cocktail of FITC-CD19 (HIB19), FITC-CD14 (M5E2), AF700-CD8α (SK1), BV650-CD4 

(OKT4), BV785-CD3 (OKT3) antibodies in a final volume of 50μL for 30mins at 4°C in the 

dark. Cells were then prepared for FACS as per Section 2.4.3.  
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2.4.3 Fluorescence-activated cell sorting (FACS) 

After staining, cells were washed three times with FACS buffer, resuspended in 100μl of FACS 

buffer, and transferred to a 1.5mL RNase-free Microfuge tube. SYTOX Green was pre-diluted 

1:60 in PBS + 0.04% BSA, then diluted 1:100 in each sample. Sorting was on a BD FACSAria 

III (BD Biosciences) using an 85-micron nozzle. Sorted cells were collected into sorting buffer 

(RPMI-1640 + 1% NEAA + 1% Na Pyruvate + 2.5% HEPES + 10% FBS, Sigma-Aldrich) and 

stored at 4°C until use for single-cell RNA sequencing. All FACS was performed at the 

translational gastroenterology and liver unit (TGLU) Flow Cytometry Facility by Dr. Helen 

Ferry. 

2.4.4 Preparation of PBMC for immunophenotyping and intracellular cytokine staining 

using spectral flow cytometry 

1x vial of PBMC was thawed per individual, 2x106 cells were retained for the 

immunophenotyping panel and 1x106 retained for each ICS stimulation condition. For 

immunophenotyping, PBMC were stained at RT in the dark with fluorophore-conjugated 

antibodies (Table 2.2), washed 2x in FACS buffer and stored at 4°C prior to acquisition on the 

Cytek Aurora. 

For ICS, 96-well flat-bottom plates were prepared by pre-coating one well per donor with 

100μL of 1μg/mL anti-CD3 monoclonal antibody (CD3-2; MabTech) and incubating for 1-2 

hours at 37°C. After incubation, wells were washed 3x with PBS and the following stimulation 

conditions were prepared in 50μL R10 and added to the plate: 1μg/mL DMSO (unstimulated 

control), 2μg/mL 18mer peptides with 11amino acid overlap covering entire ancestral SARS-

CoV-2 spike, R10 only (added to anti-CD3 coated wells). 50uL of co-stimulation mix (Table 

2.3) and 100μL of 1x107 PBMC per well was added to all wells and incubated for 2 hours at 

37°C. 50μL of 1:1000 Brefeldin A and 1:1000 Monensin (BioLegend) in R10 were added to 

each well, pipette mixed, and samples were incubated for a further 16-18 hours at 37°C. After 

incubation, the samples were washed 2x in FACS buffer and stained for surface markers 
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(Table 2.3) for 30 minutes at 4°C in the dark. Cells were then fixed and permeabilised for 30 

minutes at 4°C using Cytofix/Cytoperm (BD Biosciences), washed 2x with Perm/Wash buffer 

(BD Biosciences) and stained for intracellular markers (Table 2.3) for 30 minutes at 4°C in the 

dark. After staining, samples were washed 2x in Perm/Wash buffer, resuspended in FACS 

buffer and stored at 4°C in the dark until acquisition on the Cytek Aurora. Jordan Rolt assisted 

with sample preparation and acquisition.  

2.4.5 Preparation of reference controls for spectral flow cytometric acquisition on Cytek 

Aurora 

All single stain or unstained media-only reference controls were generated following the 

sample preparation protocols in Section 2.4.4. Reference controls for live/dead staining were 

generated using heat-killed (65°C for 10 minutes followed by 5 minutes on ice) PBMC. 

CompBeads (BD Biosciences) or PBMC were used for single stain controls as per (Table 2.2).  

Single stain reference controls were matched with each experiment for batch, fluorophore and 

specificity. For B cell baits, monoclonal antibodies with the same fluorophore conjugate 

(BV421 or PE) targeting a marker on the target cell type (B cells). Reference controls were 

stored and reused across multiple runs of the same flow cytometry panel, up until 3 months 

after their generation, or a new batch of staining antibody was used in the experiment, 

whichever occurred first.  

2.5 Data generation: Olink proteomics 

Plasma samples were analysed using the proximity-extension assay: Olink® Explore 384 

Inflammation I library (232) (Olink Proteomics). This followed the standard protocol and was 

performed at the Wellcome Centre for Human Genetics, Oxford Genomics Centre (University 

of Oxford) Olink certified proteomics core facility. Samples were randomised across two plates 

alongside internal and external controls.  

2.6 Data generation: whole blood RNA-sequencing 

Whole blood from donors was collected in Tempus™ tubes (ThermoFisher). Samples were 



 43 

thawed at RT in batches and RNA was extracted using Tempus™ Spin RNA Isolation Kit 

(ThermoFisher) as per manufacturer guidelines. All work surfaces were pre-treated with 

RNAse AWAY (Thermo Fisher) and DNAZap (ThermoFisher). Processed RNA was quantified 

and QC performed first using NanoDrop 2000 (ThermoFisher) and again prior to library 

preparation using 4200 TapeStation (Agilent) electrophoresis at Oxford Genomic Centre or 

Novogene. RNA extraction was performed by me, Georgina Meacham or Vishal Rao. RNA 

libraries were prepared and sequenced across two batches at Oxford Genomics Centre or 

Novogene and using ribosomal and haemoglobin gene depletion followed by poly-A 

enrichment library preparation protocols. Paired-end 150bp sequencing of prepared libraries 

was performed using NovaSeq6000 (Illumina, Oxford Genomics Centre) or NovaSeq X Plus 

(Illumina, Novogene) sequencers.  

2.7 Data generation: Single-cell cellular indexing of transcriptomes and epitopes (CITE) 

and V(D)J sequencing sample and library preparation 

FACS sorted samples were either directly used for 10x Genomics single-cell RNA sequencing 

or underwent additional surface staining with DNA-barcoded Total-Seq-C Human Universal 

Cocktail (BioLegend) as per manufacturer guidelines. Cells from each participant were 

labelled with Total-Seq hashing antibodies either after or during flow cytometric staining. Cells 

were prepared in emulsions and loaded onto a Chromium Next GEM Single Cell 5' Kit v2 chip 

or Chromium Next GEM Single Cell 5’ high throughput (HT) chips and processed using 

Chromium X (10x Genomics) as per manufacturer guidelines. For v2 chips, an average of 

23,000 cells per channel were loaded. For HT chips, an average of 40,000 cells per channel 

were loaded.  

Gene expression, cell surface protein (ADT) and V(D)J sequencing libraries were prepared as 

per manufacture guidelines. The following library construction kits from 10x Genomics were 

used: Library Construction Kit (1000190), Chromium 5’ Feature Barcode Kit (1000541), 

Chromium Single Cell TCR and BCR Amplification Kits (1000252, 1000253) and Dual Index 
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Kits TT and TN Set A (1000215, 1000250). The prepared libraries were sequenced using 

NovaSeq PE150 (Illumina, Novogene, UK) or NovaSeq6000 (Illumina, Wellcome Sanger 

Institute, Cambridge, UK) sequencers. In chapter 4, all libraries were prepared by Dr Nicholas 

Provine. In chapter 6, libraries were prepared by me, with assistance from Kyla Dooley and 

Amelia Heslington.  

2.8 Data analysis: IFNγ ELISpot 

The mean spots of the negative control wells were subtracted from the test wells and then 

multiplied by 5 to give antigen specific responses expressed as spot-forming units (SFU)/106 

PBMCs. 

2.9 Data analysis: Flow cytometry, data normalisation and analysis 

Data from conventional flow cytometry were analysed in FlowJo 11 (FlowJo, LLC). Data from 

Aurora Cytek was unmixed using SpectroFlo 3.2.1 (Cytek) with auto-fluorescence subtraction. 

Manual gating of unmixed spectral flow cytometry data was performed using FlowJo 11.  

2.10 Data analysis: Olink Proteomics 

2.10.1 QC and pre-processing 

Quality control (QC) and intensity normalisation was performed by the certified team at the 

Oxford Genomics Centre. 162 of 176 (92%) analysed samples passed QC for all markers, 

with only few analytes per sample not meeting QC criteria for 14 of 176 (8%). The inter and 

intra- assay %CV was 11% and 8% respectively, which was within accepted range. Protein 

expression value data was outputted as Normalized Protein eXpression (NPX) on the Log2 

scale. As the NPX value is normalised for each analyte based on the on-plate controls, NPX 

values for different analytes are not directly comparable.  

2.10.2 Analysis and visualisation 

Olink proteomics data was analysed in R (v4.3.1). Data normality was assessed by visual 

expression of data distributions or Shapiro-Wilk tests. PCA was performed on the NPX values. 

Generalised linear models were generated to explore the association of NPX values with 
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variables of interest. The caret (v6.0-94) package was used to separate data into test and 

training datasets and to generate glmnet, random forest and nnet models. Differential 

expression of proteins was assessed using EdgeR or ANCOVA tests.  

2.11 Data analysis: whole blood RNA-sequencing 

2.11.1 QC and pre-processing 

RNA-sequencing reads were quality controlled and trimmed using the fastp package 

(v0.23.4)(233) with default settings. Reads were then quantified using Salmon (v1.8.0)(234) 

mapped to a GRCh38.86 reference genome with the –-seqBias option enabled. Samples from 

different experimental batches were integrated using the ComBat_seq function from the sva 

package (v3.5.0). This uses a negative binomial model to regress out unwanted variation while 

maintaining the integer nature of the count data (235). Adjusted counts were then normalised 

using median of ratios method (DESeq2, v1.40.2) or log2 counts per million (CPM) with a prior 

of 1 for downstream analysis. 

2.11.2 Differential gene expression, geneset expression quantification and geneset 

enrichment analysis  

Differential gene expression was performed on ComBat_Seq adjusted counts using the 

negative binomial model method included in the DESeq2 package (236). Genes were filtered 

to have a minimum of 10 counts in total across the cohort.  

Geneset variation analysis (GSVA, v1.48.3) was used to quantify expression of genesets on 

a per sample basis (237). Genesets used for this method include blood transcriptomic modules 

(238) or genesets from Human MSigDB Hallmark or the Gene Ontology Biological Process 

databases.  

Geneset enrichment analysis was performed on lists of genes resultant from differential gene 

expression analysis. Genes were pre-ranked by the false discovery rate (FDR) multiplied by 

the sign of the average log2 fold change (FC), or by the average log2 FC and enrichment was 

assessed using fgsea (v1.26.0) (239) or clusterProfiler (v4.8.1) packages (240).  
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2.11.3 Data Visualisation  

Data were visualised using PCA and in heatmaps generated using the ComplexHeatmaps 

package (241).  

2.12 Data analysis: Single-cell RNA-sequencing  

2.12.1 Read mapping, quality control, hashtag demultiplexing and clustering 

FASTQ files were generated from BCL files using Illumina bcl2fastq. FASTQ files for all 

modalities were mapped to the GRCh38-2020-A reference genome and a custom ADT marker 

list using the Cell Ranger 7.0.0 multi pipeline for count, ADT and VDJ data. The 

filtered_contig_annotations.csv file was filtered to retain only high-confidence, full-length, 

productive contigs corresponding to TCRα or TCRβ chains.  

Data analysis was primarily performed using the Seurat package (v4.3.0) (242) in R (v4.3.0). 

Quality control was performed as follows: low quality cells were removed (based on low UMI 

and gene count and high percent mitochondrial reads), doublets were flagged and removed 

using scDblFinder (243). Immunoglobulin and TCR gene segments were removed from the 

gene expression object, except for the following genes: IGHM, IGHG1, IGHG2, IGHG3, 

IGHG4, IGHD, IGHE, IGHA1, TRAV1-2, TRAV24, TRDV1, TRDV2, TRDV3. Hashtags for 

each unique individual within a single experiment were demultiplexed using MULTIseqDemux 

(244) and then data from each experiment were merged into a single Seurat object. Gene 

counts were log-normalised (NormalizeData function), variable features were found (n=3000, 

FindVariableFeatures function) and features were scaled using default Seurat parameters 

(ScaleData function). The top variable features were used for nearest-neighbour and Louvain 

clustering (resolution 0.7) and to generate principal components, the top 30 of which were 

used to generate uniform manifold approximation and projections (UMAP).  

2.12.2 Differential abundance analysis  

Differential abundance analysis was performed using the edgeR package (v3.42.2) (245), with 

the function glmQLFtest with flags robust=TRUE and abundance.trend=FALSE and 
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dispersions estimated using estimateDisp with the flag trend=“none”.  

2.12.3 Differential gene expression and geneset enrichment, overrepresentation and 

variation analysis 

For comparisons between individuals in different groups, differentially expressed genes were 

defined using Limma or Model-based Analysis of Single-cell Transcriptomics (MAST) with 

Bonferroni corrected p values for genes with an average FC of >0.05 and minimum percent 

expression within each compared cluster of 25% (FindMarkers function). For within-individual 

comparisons (e.g. those across timepoints), differential expression of genes was assessed 

using the Seurat FindMarkers function with the test.use=“LR” flag, with individual as a latent 

variable.  

Genesets used for GSEA and overrepresentation analyses were obtained from Human 

MSigDB Hallmark or the Gene Ontology Biological Process database and filtered to include 

genesets related to cytokines, T helper and cytotoxic subsets, and antigen presentation 

pathways. A CD8+ T cell cytotoxicity associated geneset was obtained from (246). Stimulated 

MAIT cell genesets were obtained from (247) by taking the top 100 differentially expressed 

genes from sorted MAIT cells that were most differentiated from unstimulated cells after 

stimulation with a TCR (MR1/5-OP-RU), cytokine (IL-12 + IL-18), or TCR and cytokine 

stimulus. GSEA and overrepresentation analysis were performed using the fgsea (v1.26.0) 

(239) or clusterProfiler (v4.8.1) packages (240). Genesets were quantified on a per cell basis 

using the Seurat AddModuleScore function with default parameters, or with GSVA on 

aggregated, pseudo-bulked counts of the relevant cell type.  

2.12.4 TCR analysis  

Paired ⍺β TCR chains were compiled for each cell using the scRepertoire package (v2.0.4), 

which loads filtered_contig_annotation files (output from 10x CellRanger multi) and combines 

them with the Seurat object for downstream analysis. Briefly, createHTOContigList was used 

with groups based on the called hashtag IDs and combineTCR with default settings. Clones 



 48 

were called based on paired CDR3 amino acid chain calling within each individual at each 

timepoint. Visualisation of overlapping TCR clones was performed using the circlize package 

(v0.4.15) (248). Visualisation of selected TCR amino acid sequences motifs was performed 

using the ggseqlogo package (v0.1). For analysis over time, clones were called as those with 

identical paired ⍺β TCR chains, and ‘recalled clones’ were defined as those present at more 

than one timepoint.  
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2.13 Tables 

Table 2.1 Activation induced marker panel 

Fluorophore Marker Clone Dilution (1 
in x) 

PE S1-tet -- 50 

PE-
Dazzle594 

CD69 FN50 100 

PE-Cy7 CD45 HI30 100 

APC 4-1BB 
(CD137) 

4B4-1 100 

APC OX-40 
(CD134) 

Ber-
ACT35 

100 

AF700 CD8a SK1 100 

APC-Cy7 CD19 HIB19 100 

BV421 S1-tet -- 50 

BV650 CD4 OKT4 100 

BV785 CD3 OKT3 100 
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Table 2.2 Cytek Aurora Immunophenotyping panel 

Fluorphore Marker Vendor Use per 
200ul/Sample 

Incubation 
time 
(mins) 

Reference 
Type 

LD/ Fixable - UV Live/Dead Thermofisher 
Sci. 

4μL of 1/40 
dilution 

15* Dead Cells 

BV421 CCR7 Biolegend 5ul 50 Beads 

BUV563 CCR5 BD 
Biosciences 

2.5ul 40 Beads 

BV750 CXCR5 
(CD185) 

BD 
Biosciences 

1.2ul 40 Cells 

BV711 CCR6 
(CD196) 

Biolegend 1.2ul 40 Beads 

PE-Cy7 CXCR3 
(CD183) 

Thermofisher 
Sci. 

2.5ul 40 Beads 

PerCP-
eFlour710 

TCRgd 
(B1.1) 

Thermofisher 
Sci. 

1.2ul 35 Beads 

APC-R700 CD127 BD 
Biosciences 

6ul 25** Beads 

FITC CD57 Biolegend 1.2ul 25** Beads 

Spark Blue 550 CD14 Biolegend 2.5ul 25** Beads 

PerCP-Cy5.5 CD11b Biolegend 5ul 25** Beads 

AF647 CD1c Biolegend 5ul 25** Beads 

Spark NIR685 CD19 Biolegend 1.2ul 25** Beads 

APC-Fire810 CD38 Biolegend 1ul 25** Beads 

SuperBright436 CD123 Thermofisher 
Sci. 

2.5ul 25** Beads 

eFlour450 CD161 Thermofisher 
Sci. 

5ul 25** Beads 

Pacific Orange CD20 Thermofisher 
Sci. 

5ul 25** Cells 

PerCP CD45 Thermofisher 
Sci. 

2.5ul 25** Cells 

PE CD25 Thermofisher 
Sci. 

2.5ul 25** Beads 

PE-eFluor 610 CD24 Thermofisher 
Sci. 

5ul 25** Beads 

PECy5 CD95 Thermofisher 1.2ul 25** Beads 
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Sci. 

APC CD27 Thermofisher 
Sci. 

2.5ul 25** Beads 

APC-eFluor780 HLA-DR Thermofisher 
Sci. 

2.5ul 25** Cells 

BUV395 CD45RA BD 
Biosciences 

1.2ul 25** Beads 

BUV496 CD16 BD 
Biosciences 

0.6ul 25** Beads 

BUV615 CD4 BD 
Biosciences 

1ul 25** Beads 

BUV661 CD11c BD 
Biosciences 

2.5ul 25** Beads 

BUV737 CD56 BD 
Biosciences 

1.2ul 25** Beads 

BUV805 CD8 BD 
Biosciences 

1.2ul 25** Cells 

BV480 IgD BD 
Biosciences 

0.6ul 25** Cells 

BV605 IgG BD 
Biosciences 

5ul 25** Beads 

BB515 CD141 BD 
Biosciences 

2.5ul 25** Beads 

BV510 CD3 Biolegend 5ul 25** Cells 

BV570 IgM Biolegend 2.5ul 25** Beads 

BV650 CD28 Biolegend 2.5ul 25** Beads 

BV785 PD-1 Biolegend 5ul 25** Beads 

* After incubation cells were spun, resuspended in 90μL Aurora wash buffer, 10μL Brilliant 
Violet Stain Buffer Plus (BD Biosciences) and 5μL True-Stain Monocyte blocker 
(Biolegend), then other dyes were added. 

** Added as mastermix 
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Table 2.3 Aurora intracellular cytokine staining panel 
Co-stimulatory mix 

Fluorophore Marker Clone Dilution (1 in X) 
-- anti-CD28  1000 
-- anti-CD49d  1000 
BV786 CD107a H4A3 100 

Surface 
Fluorophore Marker Clone Dilution (1 in X) 
Blue Live/dead -- 250 
BUV661 CD3 OKT3 200 
BUV737 CD25 2A3 800 
BUV805 CD4 SK3 100 
BV421 S1 tetramer -- 100 
AF405 CD8 3B5 100 
VioBlue KLRG1 REA261 100 
BV480 CD38 HIT2 100 
Superbright 702 CD45RA HI100 100 
PE S1 tetramer -- 100 
AF532 CD20 2H7 50 
PerCP eF710 CD27 O323 100 
PE-Cy7 CD57 HNK-1 200 
Spark NiR 685 CD19 CD19.11 200 
AF700 IgD IA6-2 100 

Intracellular 
Fluorophore Marker Clone Dilution (1 in X) 
BUV395 TNF MAb11 100 
BUV563 CD71 M-A712 100 
BV605 IL2 MQ1-17H12 100 
BV650 IFNγ 4S.B3 50 
BV711 IL-17A BL168 50 
BV750 CD69 FN50 100 
FITC IL-4 MP4-25D2 100 
APC IL-10 JES3-9D7 100 
APC eF780 Ki67 SolA15 100 
PE-dazzle 594 PD1 EH12.2H7 100 
PerCP-Cy5.5 CCR7 G043H7 50 
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3 Results: Immunogenicity and efficacy of ChAdOx1 and mRNA 
COVID-19 vaccines in immunocompromised and healthy individuals 
3.1 Introduction 

SARS-CoV-2 vaccines were highly effective in the management of the Coronavirus Disease 

2019 (COVID-19) pandemic and induced protection against severe disease in healthy people 

after two doses (249, 250). Epidemiological evidence demonstrated that COVID-19 vaccines 

prevent wild-type SARS-CoV-2 infection and protect against severe disease from other SARS-

CoV-2 variants, including Omicron BA.1 (251). However, epidemiological and disease cohort 

studies showed that individuals with various comorbidities, chronic diseases or immune-

compromising conditions were at increased risk of severe COVID-19 before (5, 252) and after 

(6, 253, 254) COVID-19 prime-boost vaccination. Therefore, understanding the 

immunogenicity of COVID-19 vaccines in immunocompromised cohorts, and determining 

which groups were at highest risk of vaccine non-responsiveness is important.  

Many studies demonstrated suboptimal COVID-19 vaccine immune responses in cohorts of 

patients with SIs (Section 1.13). In general, these studies focused on specific disease cohorts, 

and few robustly evaluated cellular immune responses. As SARS-CoV-2 variants of concern 

(VoC) emerged and displayed  considerable immune evasion in healthy individuals (88, 255), 

understanding the cross-reactivity of vaccine-induced immune responses to SARS-CoV-2 

VoC in immunocompromised individuals was essential to understand their ongoing 

vulnerability to COVID-19. With the emergence of the delta VoC in Autumn 2021, ‘booster’ 

vaccine doses were deployed, which increased titres of neutralising antibodies to delta and 

subsequently to omicron BA.1 in healthy individuals (88, 256). However, at this time the 

effectiveness of the booster vaccine dose in immunocompromised people was largely 

unknown.  

In addition, the cross-reactivity of vaccine-induced T cell responses to SARS-CoV-2 variants 

was initially unclear but appeared to be more conserved compared to antibodies in healthy 

individuals (257). If vaccine-induced T cells in immunocompromised individuals had equivalent 
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cross-reactivity to SARS-CoV-2 VoCs as vaccine-induced T cells in healthy individuals was 

largely unknown. Furthermore, it was not known if the quality or magnitudes of vaccine-

induced antibodies and T cells generated by individuals with SIs were sufficient to protect 

against severe COVID-19.  

3.2 Summary of chapter rationale 

The primary vaccination schedule of mRNA and ChAdOx1 COVID-19 vaccines was 

demonstrated to be highly efficacious against the ancestral strain of COVID-19 in healthy 

individuals. This efficacy was related to the high antibody and T cell immunogenicity of the 

COVID-19 vaccines. Individuals with certain secondary immunodeficiencies were more 

vulnerable to severe COVID-19, even after vaccination. The cross-reactivity of antibodies and 

T cells induced by ancestral COVID-19 vaccines to SARS-CoV-2 variants of concern was 

unknown in immunocompromised individuals. Understanding the immunogenicity of COVID-

19 vaccines to ancestral and variant SARS-CoV-2 strains was essential for determining 

groups at risk of severe COVID-19 and those that should be prioritised for alternative therapy. 

Additionally, assessing how the vaccine-induced T cell and antibody response related to 

subsequent protection against severe COVID-19 was key to identifying measures associated 

with vaccine-mediated protection in immunocompromised groups.  

3.3 Hypotheses and aims 

The central hypotheses of this chapter are as follows:  

1) Secondary immunodeficiencies impair the antibody and T cell immunogenicity of 

COVID-19 vaccines compared to healthy individuals.  

2) ChAdOx1 nCoV-19 and COVID-19 mRNA vaccines induce different magnitudes of 

anti-SARS-CoV-2 spike antibodies and T cells.  

3) Increasing the number of vaccine doses will increase vaccine immunogenicity in 

individuals with secondary immunodeficiencies.  

4) Antibody and T cell responses induced to ancestral COVID-19 vaccines in individuals 
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with secondary immunodeficiencies are less effective against SARS-CoV-2 variants.  

5) Vaccine induced antibody and T cell responses are related to protection against severe 

COVID-19 in immunocompromised individuals.  

To address these hypotheses, in this chapter I aim to: 

1) Assess antigen-specific antibody and IFNγ T cell responses to COVID-19 vaccines in 

individuals with secondary immunodeficiencies and healthy control individuals.  

2) Assess the effect of factors relating to vaccine regimen on SARS-CoV-2 antibody and 

T cell responses:  

a. Vaccine types 

b. Number of vaccine doses 

3) Assess the effect of host or viral factors on SARS-CoV-2 antibody and T cell responses 

including:  

a. Immunosuppressive diseases/therapeutic agents compared to healthy controls 

or other immunosuppressive conditions.  

b. Age, Comorbidities 

4) Compare the effect of factors relating to the virus on vaccine induced antibody and T 

cell responses:  

a. SARS-CoV-2 variant spike mutations – specifically Omicron variants.  

5) Assess the relationship of vaccine-induced antibodies and T cells with subsequent 

COVID-19 severity.  

3.4 Chapter overview  

To address these aims, I contributed to several large observational cohort studies to 

investigate vaccine-induced antibody and T cell responses across several secondary 

immunodeficiencies. The results of two of these studies are included in this chapter. 

Firstly, I performed T cell experiments and analysis of antibody data to understand antibody 

and T cell responses within a sub cohort of the UK-wide OCTAVE study. I additionally curated 
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and analysed data from the entire cohort to assess the immunological factors associated with 

protection against severe COVID-19. I took a leading role on the interpretation of data in the 

OCTAVE trial and co-wrote the associated manuscript (Appendix 2):   

• Barnes, E.*, Goodyear, C.S.*, Willicombe, M. *, Gaskell, C.*, Siebert, S.*, de Silva, T., 

Murray, S.M., et al. SARS-CoV-2-specific immune responses and clinical outcomes 

after COVID-19 vaccination in patients with immune-suppressive disease. Nat Med 29, 

1760–1774 (2023).  

Secondly, I performed T cell experiments, data curation and analysis of antibody and T cell 

data from the EASL COVID-Hep 2.0 multi-centre observational cohort study. This study 

investigated the immunogenicity of up to three doses of ChAdOx1 or mRNA COVID-19 

vaccines in a pan-liver disease cohort. I led the synthesis and writing of the associated 

manuscript (Appendix 3):  

• Murray, S.M, Pose, E., Wittner, M., et al. Immune responses and clinical outcomes 

after COVID-19 vaccination in patients with liver disease and in liver transplant 

recipients. Journal of Hepatology, 80(1): 109-123 (2023).  

3.5 Chapter specific methods 

3.5.1 Ethical and regulatory approvals 

The OCTAVE study was coordinated by the Cancer Research UK Clinical Trials Unit (CRCTU) 

at the University of Birmingham, which was the sponsor. It was approved by the London and 

Chelsea Research Ethics Committee (REC ref.: 21/HRA/0489) and funded by UKRI. All 

centres involved in the EASL (European association for the study of the liver) COVID-Hep 2.0 

vaccine registry recruited participants through local ethics approvals and was funded by EASL. 

All studies were conducted in compliance with relevant ethical regulations for work with human 

participants according to the principles of the Declaration of Helsinki (2008) and written 

informed consent was obtained for all included participants (258, 259).  
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3.5.2 Clinical phenotyping and definitions 

Clinical data for all participants were uploaded electronically from participating sites using 

REDCap (Research Electronic Data Capture) databases hosted by the University of Oxford 

or University of Birmingham. Clinical data comprised information on demographics, 

vaccination type, comorbidities, and disease-specific phenotyping including Child-Pugh (CP) 

class and aetiology of cirrhosis, and type and dose of immunosuppression for patients with 

AIH and LT recipients. Model for end-stage liver disease (MELD) score included serum 

sodium, creatinine, bilirubin and international normalised ratio (260, 261). 

3.5.3 Capture of breakthrough SARS-CoV-2 infection and severity data 

Information regarding breakthrough SARS-CoV-2 infection after vaccination was collected by 

screening electronic hospital records and/or contacting individual patients. Positive cases 

were defined as those confirmed via self-reported PCR assay or lateral flow antigen test. 

Captured data included the date of infection and COVID-19 severity. In the EASL COVID-Hep 

2.0 study, data was collected up until December 2022. In the OCTAVE study, data was 

collected at two follow-up timepoints, 6months post-V2 and 12months post-V1. Severe 

COVID-19 was defined according to the World Health Organisation classification or based on 

hospitalisation status (262).  

3.5.4 Rates of breakthrough infection over time with emergence of SARS-CoV-2 variants 

of concern 

In the OCTAVE study, infection with a given SARS-CoV-2 variant of concern was assessed 

by chronological binning into time ‘epochs’, where infections reported within a given timeframe 

were assumed to be associated with the SARS-CoV-2 variant most prevalent (>80% of 

circulating strain) in the UK at that time. Defined as: alpha, 14 January 2021 (study start) to 

24 May 2021; delta, 24 May 2021 to 20 December 2021 and finally omicron BA.1 from 20 

December 2021 onwards.  
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In the EASL COVID-Hep 2.0 study, country-specific proportions of SARS-CoV-2 variants were 

calculated based on data shared via GISAID (263) EpiCoV database, downloaded 23 March 

2023. The date on which Omicron became the dominant variant (defined as representing 

>90% of circulating variants) was 1st January 2022 in the UK, 16th January 2022 in Italy and 

Spain, and 23rd January 2022 in Germany. 

3.6 Results  

3.6.1 OCTAVE: cohort and study design 

The OCTAVE study was a multi-centre observational cohort study to investigate the 

immunogenicity and breakthrough SARS-CoV-2 infections after one or two doses of 

BNT162b2 or ChAdOX1 nCoV-19 in individuals with a range of SIs. In total, 2,686 individuals 

were recruited from 13 different SIs (Fig. 3.1A). 674 patients were enrolled into the ‘deep 

immunophenotyping’ cohort, whereby serum and PBMC samples were taken immediately 

before first (pre-V1) and second vaccine doses (pre-V2) and 28 days following second vaccine 

dose (V2+28d); and 2,012 individuals were enrolled into the ‘serology’ cohort where only 

serum samples were collected at V2+28d (Fig. 3.1B). All enrolled individuals were also 

contacted up to 12months post-V1 to collect data on breakthrough SARS-CoV-2 infections 

received after vaccination (n=1,617) (Fig. 3.1B). In addition, 236 matched healthy control 

individuals (UK Health Security Agency (UKHSA) CONSENSUS and PITCH cohorts) were 

available for comparative analysis for immunogenicity data (Fig. 3.1B).   

Demographic data was available in 2,645 patients and 236 healthy controls, outlined in Table 

3.1. Overall, 1,430 of 2,881 (50%) participants were male, but distribution varied by disease 

cohort. Most participants, 2,629 of 2,881 (91%), were younger than 75 years of age; 2,038 of 

2,881 (70%) reported White ethnicity; 479 of 2,881 (17%) reported Asian ethnicity; and 150 of 

2,881 (5%) reported Black ethnicity. Pre-vaccination SARS-CoV-2 infection (SARS-CoV-2 

polymerase chain reaction (PCR) positive or anti-nucleocapsid or anti-spike antibody detected 
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at pre-V1) was reported in 398 of 2,881 (14%) individuals, with higher rates in some disease 

cohorts (for example, haemodialysis in 104/211 (49%)). Of 2,881 participants (44%), 1,249 

had overweight or obesity, and 567 (20%) had type 1 or type 2 diabetes. Of 2,881 participants, 

1,876 (65%) received ChAdOx1 nCoV-19, and 975 (34%) received BNT162b2. Three 

participants received mRNA-1273 and vaccine type was not reported for 27 individuals. 

Individuals in the OCTAVE cohort received a large and variable range of different 

immunosuppressive therapeutics.  

A

B

Fig. 3.1 Overview of studies included in Chapter 3 
A) Overview of patient cohorts included in the observational cohort studies included in Chapter 4.  
B) Study overview for each observation cohort study included in Chapter 4. The number indicated is the number 
of individuals included for the given analysis/study. The vaccine given at each dose is indicated for each 
study/timepoint. The symbol indicates the sample taken at each timepoint, either a peripheral blood draw (red 
droplet) or follow-up contact to gather information on SARS-CoV-2 infection. Colours at each timepoint 
represents my contribution to the data presented in this analysis. Where data that was generated and analysed 
by collaborators, only relevant data is presented to illustrate the immunogenicity cohort overviews. BNT = 
BNT162b2, ChAd = ChAdOx1 nCoV-19, Mod = mRNA-1273 
 

 



 60 

3.6.2 Total binding Ig to SARS-CoV-2 receptor binding domain varies by 

immunosuppressive group and is reduced compared to healthy controls  

Peak anti-SARS-CoV-2 receptor binding domain (RBD) serum Ig titres were assessed in 2,204 

patients and 225 matched healthy controls at the V2+28d timepoint. Compared to the healthy 

control group, V2+28d anti-RBD Ig titres were decreased in the ANCA-associated vasculitis, 

inflammatory arthritis, kidney transplant, liver transplant, Crohn’s disease and allo-HSCT 

cohorts (Fig. 3.2A).  

V2+28d anti-RBD Ig titres were stratified into ‘no response’ (<0.8AU/mL, manufacturer 

defined) and ‘low response’ (<380AU/mL, the upper value of the lowest decile of anti-RBD Ig 

responses in the healthy control cohort) to assess the rates of individuals who were 

seronegative or had responses below the range expected in healthy individuals, respectively 

(Fig. 3.2B). There were significantly higher rates of seropositivity in the healthy control group 

(222 of 225; 99%) compared with the overall OCTAVE cohort (1,949 of 2,204; 88%; Fisher’s 

exact test, P < 0.001). Rates of seropositivity were significantly decreased in several disease 

groups within the OCTAVE cohort, including: ANCA-associated vasculitis (8 of 29, 28%), 

haemodialysis on immunosuppression (24 of 30, 80%), kidney transplant (317 of 458, 69%), 

liver transplant (61 of 81, 75%), auto-HSCT (28 of 33, 85%), allo-HSCT (83 of 96, 86%) and 

CAR-T (4 of 8, 50%) disease groups (Fisher’s exact test, Bonferroni-adjusted P value < 0.05) 

(Fig. 3.2B). All other groups had a similar rate of seropositivity to healthy controls and 

cirrhosis, Crohn’s disease and ulcerative colitis had 100% seropositivity rates. 

In addition to decreased rates of seropositivity, there was a greater number of individuals with 

low (or no) serological response at V2+28d in the OCTAVE cohort (844 of 2,204; 39%) 

compared with healthy controls (37 of 225; 16%; Fisher’s exact test, p < 0.001) (Fig. 3.2B). 

Rates of low or no serological responsiveness were significantly increased in ANCA-

associated vasculitis (26 of 29; 90%), inflammatory arthritis (233 of 690; 34%), haemodialysis 

on immunosuppression (13 of 30; 43%), kidney transplant (279 of 458; 61%), liver transplant  
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Fig. 3.2 Total binding Ig responses to SARS-CoV-2 receptor binding domain after two doses of COVID-19 
vaccines in immunocompromised and matched healthy individuals 
A) Magnitude of serological response in disease groups and healthy controls at V2+28d timepoint  (n=2,204). 
Mann-Whitney U tests comparing disease group to healthy controls are presented.  
B) Proportion of non (<0.8 AU ml−1), low (<380 AU ml−1) and high (>380 AU ml−1) anti-SARS-CoV-2 spike RBD total Ig 
responses (n=2,204). Fisher’s exact test comparisons in disease groups compared to healthy controls are 
presented.  
C&D) Forest plot of multivariable logistic regression model fitted on V2+28d anti-SARS-CoV-2 RBD-binding total Ig 
antibody in 2,204 patients in the OCTAVE cohort and 225 matched healthy controls. Odds ratio of high response 
status compared with no or low response status (C) or seropositive compared with seronegative (D) is depicted, 
with whiskers as 95% confidence interval.  
SC = Solid cancer, HM = Haematological malignancy, AAV = ANCA-associated vasculitis, IA = Inflammatory 
arthritis, HD = Haemodialysis, HD on IS = haemodialysis on immunosuppression, K-Tr = Kidney transplant, L-
Tr = Liver transplant, L-AI = Autoimmune hepatitis, L-Cir = cirrhosis, CD = Crohn’s disease, UC = Ulcerative 
colitis, IBD-U = Inflammatory bowel disease unclassified. HSCT = haematopoietic stem cell transplant 

Primary analysis performed by OCTAVE statistics team 
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(47 of 81; 58%), autoimmune liver disease (26 of 68; 38%), Crohn’s disease (57 of 156; 37%) 

and allo-HSCT (44 of 96; 46%) groups compared to the healthy control group (Fisher’s exact 

test, Bonferroni-adjusted P value < 0.05) (Fig. 3.2B).  

Multivariate analysis, including clinical and vaccine regimen data was used to investigate 

factors associated with V2+28d serological responsiveness. Patients aged 65–74 years had 

significantly lower odds of having a robust serological response compared to patients in the 

15–44-year age group (Fig. 3.2C). Patients of Asian versus White ethnicity had significantly 

higher odds of having a robust serological response (Fig. 3.2C). Disease groups more likely 

to have low or no serological response (compared to the healthy control group) included 

ANCA-associated vasculitis, inflammatory arthritis, haemodialysis, kidney transplant, Crohn’s 

disease, allo-HSCT and CAR-T (Fig. 3.2C). Patients receiving anti-metabolites, calcineurin 

inhibitors and corticosteroids were each more likely to have a low or absent serological 

response compared to healthy controls (Fig. 3.2C). Prior SARS-CoV-2 infection and 

vaccination with BNT162b2 vaccine also significantly increased the odds of having a high 

serological response (Fig. 3.2C).  

These findings were generally recapitulated when analysing the OR of likelihood of anti-RBD 

Ig seropositivity (Fig. 3.2D), but liver transplant and haemodialysis on immunosuppression 

disease groups were additionally associated with a decreased rate of seropositivity compared 

to the healthy control group. 

3.6.3 IFNγ T cell responses to COVID-19 vaccines are impaired in select 

immunocompromised groups 

T cell responses to peptide pools covering SARS-CoV-2 spike and nucleocapsid were 

evaluated at pre-V1, pre-V2 and V2+28d timepoints using the Oxford Immunotec T-SPOT 

Discovery IFNγ ELISpot assay in 656 patients and 210 matched healthy controls. Compared 

with healthy controls, the magnitude of IFNγ T cell responses at V2+28d were significantly 

reduced only in liver transplant and allo-HSCT disease groups (Fig. 3.3A). Rates of IFNγ T  
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Fig. 3.3 IFNγ T cell responses to SARS-CoV-2 spike after COVID-19 vaccination in 
immunocompromised and matched healthy individuals 
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cell responsiveness (any responsiveness, i.e. > 0 SFC/106) were significantly (Bonferroni 

adjusted p < 0.05) reduced in haemodialysis (23 of 124, 19%), haemodialysis on 

immunosuppression (4 of 12; 33%), liver transplant (6 of 24; 25%) and allo-HSCT (11 of 38; 

29%) groups compared with healthy control individuals (2 of 66; 3%), but not across the entire 

cohort (67 of 580; 12%; Bonferroni adjusted p = 0.51) (Fig. 3.3B). 100% of individuals in 

haematological malignancy and Crohn’s disease groups had IFNγ T cell responses at 

V2+28d.  

We next assessed the association of vaccine-induced T cell and antibody responses in the 

cohorts. In healthy controls, there was weak significant positive correlation between the 

magnitudes of anti-RBD Ig and IFNγ T cell responses at the pre-V2 timepoint, but not at the 

V2+28 timepoint (Fig. 3.3C&D). In the entire OCTAVE cohort we observed significant positive 

correlation at both timepoints, but the strength of the correlation was reduced at V2+28 (Fig. 

3.3E&F). Notably, there were some clinical subgroups within the OCTAVE cohort that did not 

follow the overall trend, including the ANCA-associated vasculitis group where T cells but not 

antibodies were induced by the vaccine (Fig. 3.3G&H). This is consistent with the use of B 

cell depleting monotherapies in this disease group.   

Fig. 3.3. IFNγ T cell responses to SARS-CoV-2 spike after COVID-19 vaccination in 
immunocompromised and matched healthy individuals 
A&B) IFNγ T cell response to SARS-CoV-2 spike measured by Oxford Immunotec presented as the magnitude at 
pre-V1, pre-V2 and V2+28d timepoints (A) and as the proportion of individuals with or without an anti-SARS-CoV-2 
spike T cell response at V2+28d (B) in 645 individuals in OCTAVE and 189 healthy controls. Mann-Whitney U-test 
of disease group compared to healthy controls (HC) at V2+28d.  
C-H) Selected examples of the correlation of anti-SARS-CoV-2 receptor binding domain (RBD) binding total Ig with 
IFNγ T cell response to ancestral SARS-CoV-2 spike at pre-V2 (C,E,G) and V2+28d (D,F,H) timepoints in healthy 
individuals (C&D), all 645 individuals in OCTAVE with paired T and antibody data (deep immunophenotyping 
cohort) (E,F) and ANCA-associated vasculitis patients (G&H). Spearman’s rank-sum ρ with Bonferroni adjusted p 
value presented. 
I) Forest plot of multivariable logistic regression model fitted on V2+28d IFNγ T cell responses in 645 individuals in 
the OCTAVE cohort and 189 matched healthy controls. Odds ratio (OR) of anti-SARS-CoV-2 spike IFNγ T cell 
response >0 SFU per 106 PBMCs and 95% CI depicted. P < 0.05 is marked with blue lines.  
SC = Solid cancer, HM = Haematological malignancy, AAV = ANCA-associated vasculitis, IA = Inflammatory 
arthritis, HD = Haemodialysis, HD on IS = haemodialysis on immunosuppression, K-Tr = Kidney transplant, 
L-Tr = Liver transplant, L-AI = Autoimmune hepatitis, L-Cir = cirrhosis, CD = Crohn’s disease, UC = 
Ulcerative colitis, IBD-U = Inflammatory bowel disease unclassified. HSCT = haematopoietic stem cell 
transplant, SFU = spot forming units 
Primary analysis performed by OCTAVE statistics team 
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In multivariate analysis, the only disease group significantly enriched for T cell non-

responsiveness compared with healthy controls was allo-HSCT, however haemodialysis, 

auto-HSCT and CAR-T groups all demonstrated near significant odds of T cell non-

responsiveness (Fig. 3.3I). In contrast to the serological results, vaccination with BNT162b2  

was associated with significantly decreased odds of generating a cellular response  (Fig. 3.3I). 

Previous SARS-CoV-2 infection significantly increased the odds of generating a cellular 

response (Fig. 3.3I).  

3.6.4 COVID-19 vaccine-induced T cells, but not antibodies, are responsive to SARS-

CoV-2 variants of concern in immunocompromised groups.  

On the basis of the reduced antibody and T cell immunogenicity we observed in response to 

the vaccine immunogen (Figs. 3.2&3.3), we hypothesised that the cross-reactivity of vaccine-

induced antibodies and T cells to SARS-CoV-2 variants of concern may also be reduced in 

immunodeficient populations. To address this hypothesis, we selected a group of 59 

individuals from liver transplant, autoimmune liver disease, cirrhosis and inflammatory arthritis 

cohorts. ChAdOx1 nCoV-19 vaccinees with detectable ancestral (wild-type, WT) RBD binding 

Ig that spanned the full range of V2+28d anti-RBD Ig titres (range 257–29,332 AU/mL by 

Roche assay) were selected.  

I first assessed the cross-reactivity of vaccine-induced Ig by analysing SARS-CoV-2 VoC 

antibody binding and surrogate neutralisation data produced by Dr. Tom Tipton. Compared to 

ancestral, spike binding IgG titres were significantly decreased against all variants except  
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Alpha, with the largest fold change-decrease between WT and Omicron BA.1(5.5-fold in liver 

disease, 5.1-fold in IBD and rheumatic conditions, RC) (Fig. 3.4A). This was consistent in liver 

disease and inflammatory diseases, and similar to that seen in healthy individuals in other 

studies (Fig. 3.4A) (255). Surrogate neutralisation of variants was also decreased compared 

to WT and although detectable ACE2-inhibition was observed against WT spike in most 

individuals (57 of 59 ; 97%), only 29 of 59 (49%) exhibited any inhibition of Omicron BA.1 spike 

binding to ACE2 (Fig. 3.4B). Live neutralisation assays similarly demonstrated a significant 

reduction in the functionality of vaccine-induced Ig (Fig. 3.4C&D). All individuals neutralised 

ancestral SARS-CoV-2 (mean half-maximal inhibitory concentration, mean IC50  =  589), but 

there was a 13-fold decrease in the neutralisation Omicron BA.1 (mean IC50 = 44) and only 23 

of 59 (27%) of patients could neutralise Omicron BA.1 (Fig. 3.4C&D).  There was a significant 

positive correlation between anti-RBD Ig titres and ancestral and Omicron BA.1 neutralisation, 

notably, those with a V2+28d Roche anti-RBD Ig titre of <4,000 AU ml−1 were largely unable to 

neutralise Omicron (Fig. 3.4C). Patients with previous SARS-CoV-2 infection had significantly 

higher microneutralisation IC50 than naive patients (Fig. 3.4D), with a higher proportion able 

to neutralise Omicron (9 of 11 versus 7 of 48, P < 0.0001, Fisher’s exact test). 

I next assessed T cell cross-reactivity between WT and Omicron BA.1 by designing peptide 

pools for use in IFNγ ELISpots (Fig. 3.4E). The consensus sequence (derived from Global 

Initiative on Sharing All Influenza Data; GISAID) from Omicron BA.1 was used to adapt 

existing overlapping 18-mer peptide pools covering the entire WT SARS-CoV-2 spike protein 

(separated into S1 and S2 pools (264)). Peptides effected by insertion/deletion mutations were 

lengthened/shortened accordingly, without shifting subsequent amino acid sequences of 

peptides (e.g. peptides 8-10, Fig. 3.4E) and substitutions were replaced. Variant and non-

mutated peptides covering the entire BA.1 spike (full spike pool), and variant peptides only 

(“minipools’) were then pooled for comparison against equivalent WT pools (Fig. 3.4F).  
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The IFNγ T cell response to Omicron BA.1 full spike was maintained compared to WT and did 

not differ depending on prior SARS-CoV-2 infection status (Fig. 3.4G). In contrast, IFNγ 

ELISpot magnitudes to only the peptides mutated in BA.1 (minipools) were reduced compared 

with the equivalent WT peptide minipools (Fig. 3.4G). All individuals that did not respond to 

the mutated BA.1 pool (4 of 59; 7%) had low responses to the WT minipool and were SARS-

CoV-2 infection naive (Fig. 3.4G). These findings were consistent across different 

immunocompromised disease groups (Fig. 3.4H). There was strong positive correlation 

between anti-RBD total Ig (Roche assay) and each of the serological measures of variant 

spike binding but low overall correlation between WT S1 and S2 T cell responses with 

serological measures of vaccine immunogenicity, particularly against SARS-CoV-2 variants 

(Fig. 3.5).  

3.6.5 EASL COVID-Hep 2.0 cohort and study design 

Nature Medicine

Article https://doi.org/10.1038/s41591-023-02414-4

Extended Data Fig. 4 | Correlation of post- second vaccine immune assay responses. Correlation plot of all assays used to evaluate serological and cellular 
responses on the 59 group 1 participants with deep immunophenotyping at the Post-V2 timepoint. Spearman rank sum test used. R2 depicted by area of circle and 
colour legend. * P value < 0.05; ** P value < 0.01, ***; P value < 0.001.
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colour legend. * P value < 0.05; ** P value < 0.01, ***; P value < 0.001.
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Extended Data Fig. 4 | Correlation of post- second vaccine immune assay responses. Correlation plot of all assays used to evaluate serological and cellular 
responses on the 59 group 1 participants with deep immunophenotyping at the Post-V2 timepoint. Spearman rank sum test used. R2 depicted by area of circle and 
colour legend. * P value < 0.05; ** P value < 0.01, ***; P value < 0.001.

Fig. 3.54Correlation of V2+28d second vaccine immune assay responses.  
Correlation plot of all assays used to evaluate serological and cellular responses at V2+28d in the 59 sub-cohort 
participants. Spearman rank sum test used. Spearman ρ depicted by area of circle and colour legend. * P value < 0.05; 
** P value < 0.01, ***; P value < 0.001.  
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The OCTAVE Study assessed the impact of a broad range of different SIs on COVID-19 

vaccine immunogenicity and highlighted several disease states that were enriched for vaccine 

non-responsiveness. However, I next aimed to study the interaction between vaccine regimen 

and immunosuppressive conditions in more detail in patients with liver disease. To do this, we 

conducted the “EASL COVID-Hep 2.0” study of vaccine-immunogenicity in individuals with 

liver-associated diseases (Fig. 3.1A).  

The study was performed with an identical protocol to the OCTAVE study across multiple 

centres in multiple European countries. PBMC and serum samples were taken at identical 

timepoints with respect to the first two doses of COVID-19 vaccine, with additional samples 

taken immediately pre (pre-V3) and 21 days after a third dose of vaccine (V3+21d) (Fig. 3.1B). 

Data from 127 individuals recruited into the PITCH study were included as healthy controls. In 

total, 722 patients with liver disease were recruited between March and September 2021 and 

included for immunogenicity analysis.  

The liver disease patient cohort comprised 355 (49%) individuals with cirrhosis, 257 (36%) LT 

recipients, 74 (10%) individuals with AIH, and 36 (5%) with VLD. In the entire cohort, the 

primary two-dose vaccination course included ChAdOx1 (n = 246), BNT162b2 (n = 460), and 

mRNA-1273 (n = 118). An additional 13 individuals received heterologous vaccination with 

ChAdOx1 for first vaccination followed by an mRNA platform (BNT162b2 or mRNA-1273) for 

the second vaccination. Data were available for 307 participants after a third vaccination which 

included 187 (61%) receiving BNT162b2, 110 (36%) receiving mRNA-1273, and 10 (3%) 

where the vaccine type was unknown. 

Across the entire liver disease cohort, the median age was 60 years (IQR 52–68), 425 (59%) 

were male, and 76 (11%) had previous evidence of SARS-CoV-2 infection (Table 3.2). In the 

HC cohort, the median age was 36 years (IQR 25–45), 40 (31%) were male, and 40 (31%) 

had evidence of previous SARS-CoV-2 infection. Nineteen patients became newly positive 

for nucleocapsid antibody at the V3+21d timepoint. For the analysis, 21 (29%) patients with 
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AIH and concurrent cirrhosis were included in the AIH group and not the cirrhosis group as 

they were recipients of immunosuppressive therapy.  

Several disease group-specific parameters are highlighted in (Table 3.2). 254 of 257 (99%) of 

LT recipients, 66 of 74 (89%) AIH, 7 of 355 (2%) cirrhosis and 2 of 36 (6%) VLD received at 

least one immunosuppressive therapeutic. Included in the cirrhosis cohort were 113 (32%) 

individuals with decompensated cirrhosis (defined in Section 1.12.1), and the commonest 

cirrhosis aetiology was alcoholic liver disease (152 of 355; 43%).  

3.6.6 anti-RBD Ig titres vary across liver disease phenotypes, number of vaccine doses, 

and type of vaccine 

Longitudinal assessment of antibody responses using the Roche anti-RBD assay across all 

liver disease phenotypes and HCs is presented in (Fig. 3.6A). Prior SARS-CoV-2 infection 

was associated with a significant increase in anti-RBD titres across all disease groups (Fig. 

S3.1A) and therefore previously infected individuals were removed from the primary analysis 

(n = 76 with liver disease and n = 40 HCs excluded). Across the total liver disease cohort, 

there was a graded incremental increase in median antibody titres after each consecutive 

vaccine dose (p < 0.0001). This observation remained significant after excluding 19 patients 

who had become newly positive for nucleocapsid antibody between enrolment and V3+21d 

(Fig. S3.1B). A decrease in antibody titre between the V2+28d and pre-V3 timepoint was 

observed in both liver disease and HC groups and was subsequently boosted by the 

administration of a third vaccine dose (Table 3.4). mRNA platforms were associated with 

significantly higher V2+28d anti-RBD titres compared to ChAdOx1 in both liver disease (p = 

0.0005) and HC cohorts (p < 0.001). Thirteen patients who received heterologous first and 

second vaccines had significant elevations in V2+28d antibody titres compared to homologous 

ChAdOx1 (p = 0.0002) and homologous mRNA regimens (p = 0.004) (Fig. 3.6B). In disease 

groups where data were available for both BNT162b2 or mRNA-1273 vaccinated individuals, 
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there were no significant differences in anti-RBD at the V2+28d timepoint; therefore, both 

mRNA vaccines were grouped for further analysis (Fig. 3.6C).  

Within the entire study cohort (patients and HCs) multivariable analyses showed that the 

factors significantly associated with lower antibody response after V2 were advancing age 
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Fig. 3.65 COVID-19 vaccine-induced anti-SARS-CoV-2 RBD total Ig in EASL COVID Hep 2.0 Study 

A) Assessment of anti-RBD total binding Ig at baseline (BL), post first vaccine (V1), 28 days after second 
vaccine (V2), immediately prior to third vaccine (pre-V3) and 21 days after third vaccine (V3). All participants 
had an mRNA vaccine as their third dose, individuals vaccinated with a heterologous prime-boost vaccine 
regimen and previous SARS-CoV-2 infection were excluded. N number shown.   
B) Comparison of vaccination platforms at the post-V2 timepoint. Mann-Whitney U test with Bonferroni 
adjustment. 
C) Comparison BNT162b or mRNA-1273 at V2+28d timepoint in cirrhosis or AIH groups. Mann-
Whitney U test with Bonferroni adjustment. 
D) Forest plot depicting results from multivariable linear regression model of post-V2 log10 transformed anti-
SARS-CoV-2 RBD Ig in all participants. Point represents odds ratio, whiskers 95% CI. Dark blue indicates 
significantly predictive variables (p < 0.05).  
∗p < 0.05, ∗∗∗p < 0.001. AIH, autoimmune hepatitis; Cirr, cirrhosis; HCs, healthy controls; LT, liver transplant; 
RBD, receptor binding domain; VLD, vascular liver disease. 
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and inclusion in the LT recipient group, and factors associated with greater response were 

mRNA vaccination, heterologous prime-boost vaccination and previous COVID-19 infection 

(Fig. 3.6D).  

At the V2+28d and V3+21d timepoints LT recipients mounted lower antibody titres compared 

to all other disease groups and HCs regardless of vaccine type (Table 3.5). mRNA-vaccinated 

patients with cirrhosis had reduced V2+28d antibody titres compared to mRNA-vaccinated 

HCs, but ChAdOx1-vaccinated patients with cirrhosis had comparable V2+28d titres to 

ChAdOx1-vaccinated HCs.  

There were variable non-response rates across disease groups depending on vaccine type 

and timepoint (Table 3.6). No HCs were seronegative after either two or three vaccine doses. 

LT recipients had the highest rates of serological non-response with 18 of 52 (35%) and 52 of 

179 (29%) having absent responses after two doses of ChAdOx1 and mRNA vaccines, 

respectively. Non-response rates were reduced at the V3+21d timepoint in all disease groups, 

with only 9 of 97 (9%) LT recipients and 2 of 108 (2%) patients with cirrhosis not having a 

serological response to vaccine at the V3+21d timepoint. 

3.6.7 Immunosuppressive therapeutic regimen significantly impacts vaccine-induced 

Ig titres in liver transplant recipients 

To assess the impact of immunosuppressive agents on vaccine immunogenicity, I compared 

anti-RBD Ig titres between individuals within the LT recipient group on different 

immunosuppressive combinations (Fig. 3.7A). The commonest immunosuppressive therapy 

combinations for LT recipients were calcineurin inhibitor (CNI) alone (81 of 257; 32%), CNI 

plus mycophenolate mofetil (MMF) (79 of 257; 31%), CNI plus non-MMF other (81 of 257; 

31%) or mTor inhibitor only (13 of 257; 5%). For AIH, 38 of 74 (51%) individuals were treated 

with a purine synthesis inhibitor (azathioprine or 6-mercaptopurine; 6-MP), 33 of 74 (43%) 

received corticosteroids and 15 received MMF and/or CNI (Table 3.2, Fig. 3.7A). 
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Fig. 3.76Serological responses to COVID-19 vaccines in liver transplant recipients. 
A) Magnitude of anti-SARS-CoV-2 RBD Ig in SARS-CoV-2 infection-naïve liver transplant recipients and healthy 
controls (HC). Proportions of seropositive (white) and seronegative (black) (<0.8 AU/ml) patients in each 
subgroup presented in pie charts. Statistical comparison with Mann-Whitney U or Fisher’s exact tests.  
B) Comparison of thiopurine (Azathioprine or 6-mercaptopurine) or Mycophenolate mofetil (MMF) as an 
immunosuppressive therapeutic in LT recipient. Participants may have received other immunosuppressive 
therapeutics in addition.  
C) MMF dose breakdown (gram/day) in SARS-CoV-2 infection naïve LT recipients at V2+28d timepoint. Linear 
model of log10 transformed Anti-RBD Ig compared with daily MMF dose.  
D) Forest plot of multivariable logistic regression showing odds of seropositivity at the V2+28d timepoint within 
the liver transplant cohort. Point represents odds ratio, whiskers 95% CI. Dark blue indicates significantly 
associated variables (p < 0.05). 
MMF = Mycophenolate mofetil, CNI = calcineurin inhibitor, LT = liver transplant 
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of immunosuppression, with significant reductions observed in patients on a calcineurin 

inhibitor (CNI) plus mycophenolate mofetil (MMF) vs. a CNI alone, and in patients on a CNI 

plus another immunosuppressant other than MMF, compared to CNI alone (Fig. 3.7A). LT 

recipients on MMF additionally had significantly reduced responses compared to those on 

thiopurines (p = 0.011, Fig. 3.7B) – relevant as thiopurines are commonly used instead of 

MMF in practice in European sites but not in the UK (265, 266). In LT recipient on CNI + MMF, 

increasing daily dose of MMF was significantly associated with decreased anti-RBD titres at 

the V2+28d timepoint (p = 0.031) (Fig. 3.7C). A third vaccine dose significantly increased 

antibody responses across all groups, except with mTOR inhibitor monotherapy where cohort 

numbers were small (Fig. 3.7A). LT recipients had high rates of antibody non-response, with 

non-response rates at the V2+28d timepoint of 4 of 12 (33%) in the mTOR inhibitor only group, 

13 of 75 (17%) in the CNI only group, 20 of 70 (29%) in the CNI plus other immunosuppression 

group and 33 of 78 (42%) in the CNI plus MMF group (Fig. 3.7A). The rate of serological non-

responsiveness was significantly higher in the CNI plus MMF group compared to the CNI alone 

group (Fig. 3.7A). A third vaccine dose led to improvement in rates of non-response across 

all subgroups of immunosuppression (mTOR inhibitor only 1 of 5; 20%, CNI only 1 of 21; 5%, 

CNI plus other immunosuppression 3 of 34; 9%, CNI plus MMF 4 of 39; 10%) (Fig. 3.7A). 

Among LT recipients, both multivariable analyses showed that the factors significantly 

associated with reduced odds of seropositivity at V2+28d were age (65-74 age group) and 

CNI plus MMF (Fig. 3.7D). LT recipients with previous SARS-CoV-2 infection were removed 

from the logistic regression, as all of these patients had a detectable response at V2+28d. 

3.6.8 Immunosuppression in patients with autoimmune hepatitis had a reduced impact 

on anti-RBD Ig titres compared to LT recipients 

Patients with AIH had higher V2+28d antibody responses than LT recipients with both 

ChAdOx1 and mRNA platforms despite both groups being immunocompromised and being of 

similar age (61 years [49–69] vs. 60 years [52–68], Tables 3.2 & 3.4). Additionally, after a 
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third vaccine dose, anti-RBD Ig titres in the AIH group were boosted to titres similar to those 

observed at V3+21d in HC (Table 3.4). Unlike LT recipients, there were no significant 

differences in serological response between class and intensity of immunosuppression at 

V2+28d (Fig. 3.8A), despite the fact some patients with AIH (6/8 with MMF dose data) were 

on high dose (2 g/day) MMF. There were also no differences in response when the AIH cohort 

was split by the presence or absence of cirrhosis (Fig. 3.8B). Multivariable analyses showed 

that the factors significantly associated with higher antibody responses at V2+28d were mRNA 

vaccination and previous COVID-19 (Fig. 3.8C). 

3.6.9 Unique interactions of COVID-19 vaccine type and disease severity on anti-RBD 

Ig titres in patients with cirrhosis 

Assessment of anti-RBD Ig in cirrhosis patients revealed a dynamic interaction between 

number of doses, severity of cirrhosis, and vaccine type (Fig. 3.9A). At pre-V2 there were no 

differences in antibody titres between compensated (CP-A) and decompensated (CP–B/C) 

cirrhosis when vaccinated with ChAdOx1 (Section 1.12.1). However, CP-A had higher 

antibodies than CP-B/C at pre-V2 when vaccinated with mRNA. At post-V1, both CP-A and 
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Fig. 3.8 Serological responses to COVID-19 vaccines in patients with autoimmune hepatitis.  
A&B) SARS-CoV-2 infection naïve patients with autoimmune hepatitis at V2+28d timepoint, comparing A) 
immunosuppressive therapies and B) presence of cirrhosis. Boxes represent median and IQR, whiskers 
represent +/- 1.5x IQR. Kruskal Wallis (A) or Two-sided Mann-Whitney U test (B).  
C) Results of multivariable linear regression of log10 anti-SARS-CoV-2 RBD Ig at V2+28d timepoint in 
autoimmune hepatitis cohort. Dark blue indicates significantly associated variables (p < 0.05) Antimetabolites 
include 6-mercaptopurine and azathioprine. MMF = Mycophenolate mofetil.  
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CP-B/C had lower antibody titres than HC with both vaccine types. At V2+28d, there were no 

significant differences between CP-A and CP-B/C or between patients and HCs when 

vaccinated with ChAdOx1. Whereas at V2+28d for mRNA, HCs had higher titres than patients 

with cirrhosis irrespective of CP class. At V3+21d, there were no significant differences 

between any groups (Fig. 3.9A). Broadly, this suggested an association between liver disease 
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Fig. 3.9 Serological responses to COVID-19 vaccines in patients with cirrhosis. 
A) Magnitude of vaccine responses in SARS-CoV-2 infection-naïve patients with cirrhosis and healthy controls. 
Vaccine type is for first two vaccine doses. Kruskal-Wallis with post hoc Dunn’s test adjusted with Holm-
Bonferroni method. 
B) Spearman correlation of MELD score with anti-SARS-CoV-2 RBD Ig in same cirrhosis patients as A. Line 
represents linear regression, output from Spearman regression shown 
C) Forest plot depicting results of multivariable linear regression of log10 anti-SARS-CoV-2 RBD Ig at V2+28d 
timepoint in cirrhosis cohort. Point represents odds ratio, whiskers 95% CI. Dark blue indicates significantly 
associated variables (p <0.05).  
n.s., non-significant, ∗∗p < 0.01, ∗∗∗p < 0.001, ∗∗∗∗p < 0.0001. ALD, alcohol-related liver disease; CP, Child-
Pugh class; HC, healthy control; NALFD, non-alcoholic fatty liver disease. 
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severity and reduced antibody responses when vaccinated with mRNA but not the ChAdOx1 

platform, particularly early in the vaccination course.  

To explore the interaction between disease severity and vaccine type further, I plotted the 

correlation between Model for End-stage Liver disease (MELD) score and anti-RBD titres (Fig. 

3.9B). The MELD score is a semi-linear scoring system for end-stage liver disease severity 

(260, 261). At pre-V2, this again showed that increasing disease severity was associated with 

decreased anti-RBD Ig titres when vaccinated with mRNA platform but not with ChAdOx1. 

This trend persisted after V2 and V3, although it was non-significant. Among patients with 

cirrhosis, multivariable analyses showed that age over 75 years and increasing MELD score 

were associated with a lower antibody response, whereas mRNA platform and previous 

COVID-19 were associated with higher titres (Fig. 3.9C). 

3.6.10 A third dose of COVID-19 vaccine improves the cross-reactivity of antibodies to 

SARS-CoV-2 variants in individuals with liver disease but not healthy individuals 

Similar to Section 3.6.4, I assessed the cross-reactivity of vaccine-induced antibodies in a 

subset of liver disease patients and healthy individuals at V2+28d and V3+21d timepoints, by 

analysing data on SARS-CoV-2 variant binding and ACE2 inhibition generated by Dr. Tom 

Tipton. Panels of the commonest circulating VoC at the time of analysis were included. 

Within the combined cohort (liver disease and HCs) at both timepoints, serological titres to all 

Omicron subvariants (except for BF.7 and BQ.1) were significantly lower compared to WT 

SARS-CoV-2 (Fig. 3.10A). The subvariants with the greatest decrease in IgG binding 

compared to WT were BA2.75.2 (median fold decrease: x8.93 V2+28d and x6.12 V3+21d) 

and BA.4.6 (x4.46 V2+28d and x3.2 V3+21d) which were both first identified in autumn 2022 

(Fig. 3.10A). Notably, the magnitude of reduction in IgG binding to Omicron subvariants 

relative to WT was lower following V3 compared to V2+28d (Fig. 3.10A). The same trends 

were observed when IgG binding was split by liver disease aetiology (Fig. 3.10B & Fig. 

S3.2A). However, HCs had less of a decrease in IgG binding to Omicron subvariants relative 
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to WT than seen in patients with liver disease (Fig. 3.10B). Serum from most participants 

inhibited ACE2 binding to WT RBD at V2+28d and V3+21d (Fig. 3.10C), whereas there was 

a significant decrease in inhibition across all Omicron subvariants relative to WT. Again, the 

decrease in ACE2 binding at V3+21d was less pronounced compared to V2+28d (Fig. 3.10C). 

There was also less of a decrease at the V2+28d and V3+21d timepoints in HCs compared to 

patients with liver disease (Figs. 3.10D and S3.2B).  
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Fig. 3.10 COVID-19 vaccine-induced serological responses to Omicron subvariants. 
A&B) IgG to subvariant spike protein and (C,D) inhibition of ACE2 binding to subvariant RBD in 68 individuals. 
(A,C) Includes all individuals split by timepoint and (B,D) are post-V2 responses separated by liver disease 
(inc. liver transplant) and HCs. Mann-Whitney U test with Holm-Bonferroni adjustment. Fold-change of median 
depicted.  
∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001, ∗∗∗∗p <0.0001. ACE2, angiotensin-converting enzyme 2; HCs, healthy 
controls; RBD, receptor binding domain; WT, wild-type. 
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The ratio of IgG binding to WT spike compared to VoC spike was significantly increased by a 

third vaccine in the liver disease group, but no change was observed between two and three 

vaccine responses in HCs (Fig. 3.11A). There were significant positive correlations at V2+28d 

and V3+21d timepoints when comparing the Roche anti-RBD titre with VoC binding IgG, ACE2 
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Fig. 3.11 Cross-reactivity of vaccine-induced antibodies to SARS-CoV-2 variants of concern (VoC) and 
correlation with wild-type anti-receptor binding domain antibodies 
A) Ratio of IgG binding to WT and each respective SARS-CoV-2 variant of concern (VoC) at V2+28d and 
V3+21d timepoints in liver disease and healthy controls (HC). Two-sided Mann-Whitney U test adjusted with 
Holm-Bonferroni. 
B) Correlation of anti-RBD Ig titres (measured by Roche assay) with the ratio of IgG binding to WT and each 
respective SARS-CoV-2 VoC at V2+28d and V3+21d timepoints.  
C&D) Correlation of all assessed VoC antibody and T cell measure at V2+28d (C) and V3+21d timepoints (D) 
WT = wild-type. * = P<0.05, ** = P<0.01, *** = P<0.001, **** = P < 0.0001. Only significant correlations 
(P<0.05) are shown. Spearman’s correlation. Size and shade of spots/squares represent r value.  
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inhibition, and with the ratio between WT to VoC binding IgG (Figs. 3.11B-D). 

3.6.11 T cell responses to WT and Omicron BA.1 SARS-CoV-2 across liver disease 

phenotypes 

Having identified differences between disease groups in anti-RBD Ig titres, I next investigated 

IFNγ T cell magnitudes to SARS-CoV-2 spike peptide pools in a random subset of individuals 

from each group across multiple timepoints (Fig. 3.12A). Most patients across the cohort had 

positive T cell responses (>26 SFU/106 PBMCs) after at least one dose of vaccination (Fig. 

3.12A). Within the liver disease cohort all patients generated a positive T cell response after 

V2 except for 3 of 10 (30%) in LT, 4 of 24 (17%) cirrhosis, and 1/12 (8%) AIH groups (Fig. 

3.12A). Despite significant heterogeneity, all groups except for LT recipients had a significant 

increase in the magnitude of IFNγ responses after two or three vaccine doses (Fig. 3.12A). 

Considerable IFNγ T cell responses were observed at baseline in all disease groups and HC 

(Fig. 3.12A). Within the total liver disease cohort, patients with previous COVID-19 had 

significantly higher IFNγ responses at pre-V2, V2+28d and V3+21d (Fig. 3.12B). There were 

positive correlations between V2+28d T cell responses to WT spike, anti-RBD binding 

antibodies to WT, and functional antibody responses to all variants (ACE2 binding inhibition) 

(Figs. 3.12C and 3.11C). 

To determine the cross-reactivity of vaccine-induced cellular responses I additionally 

assessed IFNγ T cell responses to peptides covering the Omicron (BA.1) spike protein using 

peptides pools (as in Fig. 3.12D). Compared to the WT antigen, T cell responses to BA.1 

spike were well preserved regardless of disease group at V2+28d and V3+28d timepoints. 

However, when only assessing responses to peptides that differed between WT and BA.1 

spike (minipools) there were significant reductions in BA.1 peptide-specific reactivity 

compared to WT in all groups (Fig. 3.12E), indicating that T cell responses specifically to 

mutated epitopes were reduced but overall responses were maintained. 

 



 81 

  

A

B C

1

10

100

1,000

10,000

0

W
T 

S
1 

+ 
S

2 
IF

N
γ 

E
LI

S
po

t (
S

FU
/1

06 )

BL V1 V2 V3

0.16

0.33 0.44 0.56

0.54

0.16 0.56 0.33 0.24 0.100.12

BL V1 V2 V3 BL V1 V2 V3 BL V2 V3 BL V1 V2 V3

AIH

Cirr
LT

VLD
HC

**
**
* **** **** **

****

D E

0

100

200

300

400

500
1,000
2,000
3,000
4,000
5,000
6,000

S
1 

+ 
S

2 
IF

N
γ 

E
LI

S
po

t (
S

FU
/1

06 )

0.56 0.810.36 0.22 0.06 0.34

V2 V3 V2 V3 V2 V3 V3

*

Cirr
LT

VLD

W
T BA.1

0

25

50

75

100
250

500

750

1,000

1,250

M
in

ip
oo

ls
 IF

N
y

EL
IS

po
t(

SF
U

/1
06 )

0.440.06 0.06

V2 V3 V2 V3 V2 V3 V3

AIH

Cirr
LT

VLD

W
T BA.1

* ** *****

Prev COVID-19
Infection naive

0

1,000

2,000

3,000

4,000

5,000

6,000

W
T 

S
1 

+ 
S

2 
IF

N
γ 

E
LI

S
po

t (
S

FU
/1

06 )

Pre-V2 V2+28d V3+21d

**** ****

In
hi

bi
tio

n 
of

 A
C

E
2 

bl
in

di
ng

 (%
)

0
25
50
75

100

0
25
50
75

100

0
25
50
75

100

WT BA.1 BA.2.75

BA.2.75.2 BA.4.6/BF.7 BA.4/5

BQ.1 BQ.1.1 XBB.1

r = 0.46, p = 0.005 r = 0.43, p = 0.0097 r = 0.59, p = 2e-04

r = 0.44, p = 0.0076 r = 0.53, p = 0.0011 r = 0.58, p = 0.00026

r = 0.62, p = 7.1e-05 r = 0.47, p = 0.0044 r = 0.66, p = 1.4e-05

WT S1 + S2 IFNγ ELISpot (SFU/106)
10 100 1,000 10 100 1,000 10 100 1,000

Fig. 3.12  IFNγ T cell responses to COVID-19 vaccination. 
A) Magnitude of IFNγ T cell response to WT SARS-CoV-2 spike peptides across time in a subgroup of SARS-CoV-2-
naïve individuals with cirrhosis (Cirr, n = 24), autoimmune hepatitis (AIH, n = 12), or vascular liver disease (VLD, n = 
22), liver transplant recipients (LTRs, n = 12) and healthy controls (HCs, n = 28). Baseline data are from same 
individuals as later timepoints. Mann-Whitney U test. Healthy control ELISpots data was provided by Dr. Barbara 
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3.6.12 Association of vaccine-induced anti-SARS-CoV-2 immune responses with 

breakthrough COVID-19 severity in OCTAVE and EASL COVID-Hep 2.0 studies 

In both the OCTAVE and EASL COVID-Hep 2.0 studies there was large heterogeneity in 

vaccine-induced antibody and T cell responses across SI groups. In healthy individuals, both 

antibody and T cell vaccine-responses have been associated with protection against severe 

COVID-19 (267-270). Therefore, I next aimed to assess the relationship of vaccine-induced 

immune responses with COVID-19 outcomes in individuals with SIs, using immunological and 

follow-up SARS-CoV-2 infection and symptom severity data collected in OCTAVE and EASL 

COVID-Hep 2.0 studies (Section 3.5.3).  

3.6.12.1 OCTAVE study 

In the OCTAVE cohort, a total of 474 SARS-CoV-2 infections were reported including one 

Alpha infection, 110 Delta and 335 Omicron (BA.1 or BA.2) infection. 113 of 474 (24%) 

infections occurred within 6 months of V2, and 361 of 474 (76%) occurred between 6 months 

post-V2 and 12-months post-V1 (Table 3.7). Most infections occurred in patients with kidney 

transplant, inflammatory arthritis and Crohn’s disease, with infection rates of 123/456 (27%), 

79/689 (11%) and 67/156 (43%), respectively (Fig. 3.13A, Table 3.7). Within group infection 

rates varied from 6.2% (auto-HSCT) to 43% (Crohn’s disease and CAR-T) (Fig. 3.13A). 

Most infections of known severity were mild (397/440, 90.2%), including asymptomatic 

infection (49 of 440; 11%) and symptomatic infection that did not require hospitalization (348 

of 440, 79%) (Fig. 3.13B & Table 3.8). Severe disease requiring hospitalization or COVID-

19-related death was reported in 43 of 440 (9.8%) infections; 15 of 440 (3.4%) patients 

required oxygen; three patients were admitted to the intensive treatment unit (ITU) (0.7%); 

and 10 of 440 patients died (2.3%) (Fig. 3.13B & Table 3.8). Infections occurring within 

6 months after V2 (11 of 107; 10%) were not more severe (hospitalised or died) than those at 

more than 6  months after V2 (32 of 333; 9.6%) (Table 3.8). However, of 434 patients with 

known severity and precise date of infection, more severe infections occurred in those infected 
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in Delta versus the Omicron time epochs (eight died and 23 severe/107 Delta versus two died 

and 17 severe/327 Omicron; P < 0.0001). 

Disease severity varied per group and certain disease groups were enriched for more severe 

outcomes, including AAV, HD and HD on IS, K-Tr, auto-HSCT and CAR-T groups (Fig. 

3.13B). COVID-19 related deaths were found only within these groups (Table 3.8). Notably, 

all of these groups had reduced anti-RBD Ig titres at V2+28d (Fig. 3.2C&D) and HD, HD on 

IS and auto-HSCT groups were enriched for T cell non-responsiveness at V2+28d compared 

to healthy individuals (Fig. 3.3B).  

The finding that disease groups that were enriched for severe disease outcomes were also 

associated with reduced immune responses to COVID-19 vaccines was striking. To further 

investigate this, I next assessed post-vaccine SARS-CoV-2 infection rates and COVID-19 

outcomes stratified by V2+28d anti-SARS-CoV-2 immune responses. There was a higher rate 

of infection (infections per 1,000 d after V2) in patients with absent serological or T cell 

responses compared to those with high responses (Fig. 3.13C&D). Five patients died of 

COVID-19 without serological titres taken and were excluded from subsequent analysis. Of 

434 patients with known severity and precise date of infection, more severe infections 

occurred in those infected in the Delta versus the Omicron time epochs (eight died and 23 

severe/107 Delta versus two died and 17 severe/327 Omicron; P < 0.0001). 

Infection severity was increased in patients with no (20 of 61; 32.3% severe) or low (13 of 89; 

14.6%) post-V2 serological response compared to those with high serological response (10 of 

290; 3.4%) (no versus low and high, P < 0.0001) (Fig. 3.13E&F & Table 3.8), but V2+28d T 

cell responder status was not significantly associated with increased COVID-19 severity  (4 of 

18; 22.2% non-response vs 7 of 80; 8.8% response (P = 0.11)) (Fig. 3.13G&H & Table 3.9).  

Of the COVID-19-related deaths, eight of 10 individuals had no detectable or low V2+28d  
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Fig. 3.13 SARS-CoV-2 infection outcomes after two COVID-19 vaccines in the OCTAVE study 
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serological response, and two of four (50%) individuals had no detectable T cell response 

(Tables 3.7 & 3.8). The magnitude of V2+28d anti-SARS-CoV-2 RBD Ig and spike-specific T 

cells were each significantly reduced (Ig: P < 0.0001, T cell: P = 0.033) in patients with severe 

COVID-19 compared to mild disease (Fig. 3.13I&J). 

3.6.12.2 EASL COVID Hep 2.0 study 

Of the 422 individuals with post second vaccine SARS-CoV-2 infection follow up in the EASL 

COVID-Hep 2.0 study (Fig. 3.14A), 122 developed infection after at least two vaccine doses; 

40 of 122 (33%) occurred between V2 and V3, 47 of 122 (39%) between V3 and V4 and 35 

of 122 (29%) after V4 (Fig. 3.14B). Due to variability in the prevalence of COVID-19 variants 

in different countries, I plotted the cumulative incidence of SARS-CoV-2 post-vaccine 

infections alongside the frequency of SARS-CoV-2 variants in the given country (Fig. 3.14A). 

This identified that the majority (101 of 122, 83%) of breakthrough infections occurred after 

the emergence of Omicron as the dominant SARS-CoV-2 variant in each recruiting country. It 

also demonstrated a stepwise increase in breakthrough infection rate coinciding with the 

occurrence of a new dominant SARS-CoV-2 variant in each country. Most notably, the 

emergence of the BA.5 variant in Italy in July 2022 coincided with SARS-CoV-2 infections in 

Fig. 3.13 SARS-CoV-2 infection outcomes after two COVID-19 vaccines in the OCTAVE study 
A) Number of reported infections in post-V2 SARS-CoV-2 infection follow-up. Percent of total per group is 
reported.  
B) Proportion of individuals within given group that were infected at any time post-V2 with given disease severity 
(n = 474).  
C&D) COVID-19 incidence-free progression over time after second vaccine and infection rate per 1,000 double-
vaccinated days, stratified by V2+28d receptor binding domain (RBD) binding Ig response status (n=1,617) (C) 
or V2+28d SARS-CoV-2 spike IFNγ T cell response status (n = 359) (D). Lines represent COVID-19-free 
progression, and shading 95% CI.  
E-H) Total number (E&G) and proportion (F&H) of SARS-CoV-2 infections stratified by COVID-19 disease 
severity and SARS-CoV-2 RBD-binding total Ig (n = 440)(E&F) or SARS-CoV-2 spike IFNγ T cell (n = 98) (G&H) 
response status. 6-month post-V2, 12-month post-V1 and combined timepoints are shown. P values derived 
from Fisher’s exact tests.  
I&J) V2+28d RBD-binding total Ig (n = 2,191) (I) and SARS-CoV-2 spike IFNγ T cell response (n = 573) (J) 
stratified by COVID-19 infection/severity. Includes all non-hospitalised individuals with or without SARS-CoV-2 
infection (infected and uninfected, non-hospitalised), SARS-CoV-2 infected individuals who were not 
hospitalised with COVID-19 (infected, non-hospitalised) and individuals who were hospitalised or died with 
COVID-19 (infected, hospitalised). P values derived from two-sided Mann–Whitney rank-sum test.  
*P < 0.05, ****P < 0.0001.  
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an additional 9.8% of Italy-based recruits (Fig. 3.14A). Post-vaccine infection occurred in 51 

of 181 (28%) LT recipients, 46 of 179 (26%) patients with cirrhosis, 18 of 47 (38%) with AIH 

and 8 of 35 (23%) with VLD, in individuals with available data (Fig. 3.14B).  
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Fig. 3.14 SARS-CoV-2 infection outcomes after two COVID-19 vaccines in the EASL COVID-Hep 2.0 study 
A) Reported SARS-CoV-2 infection after second dose vaccine split across recruitment site countries. Frequency of 
SARS-CoV-2 and Omicron subvariants per country per week with cumulative proportion of infected individuals out of 
total individuals recruited at each site (black line).  
B) Demographics and immunogenicity of cases with breakdown of severity (bottom panel).  
C&D) Binding Ig to SARS-CoV-2 receptor binding domain (RBD) (n=359) (C) or WT S1+S2 IFNγ T cell responses 
(n=90) (D) at V2+28d timepoint in immunocompromised individuals, stratified by COVID-19 severity post-second 
vaccine.  
Age* = Median and IQR. AIH, autoimmune hepatitis; Cirr, cirrhosis; LT, liver transplant; MMF, mycophenolate mofetil; 
VLD, vascular liver disease. 
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117 of 122 (96%) were mild-moderate (including asymptomatic and symptomatic) and 5 of 

122 (4%) were severe (hospitalised cases). Of those with severe breakthrough COVID-19, 4 

of 5 (80%) were LT recipients, two of whom were immunosuppressed with MMF and had 

absent anti-RBD responses at V2+28d (Fig. 3.14B). Although the small sample size prevented 

robust statistical comparisons, the median post-V2 anti-RBD titre was numerically lower in 

those with severe COVID-19 compared to mild-moderate disease (565 AU/ml IQR [0-1,234] 

severe; 1,032 AU/ml mild-moderate [432-4,212]) (Fig. 3.14C) and did not differ between those 

that reported infections and those that did not. Two of five individuals with severe symptomatic 

breakthrough infection had PBMCs available at the post-V2 timepoint and had similar T cell 

responses to WT spike (163 SFU/106 PBMCs and 65 SFU/106 PBMCs) as other LT recipients 

(median 65 SFU/106 PBMCs) (Fig. 3.14D).  

3.7 Discussion 

In this chapter, I present immunogenicity and SARS-CoV-2 infection data from two large 

prospective observational studies and demonstrate the variability in immune responses and 

protection against severe COVID-19 induced by COVID-19 vaccines across different Sis 

groups. Analysis of anti-RBD Ig data from these studies identified that the majority of 

immunocompromised individuals developed antibody and/or T cell responses to COVID-19 

vaccines – but that certain groups had a higher likelihood of vaccine immune non-

responsiveness compared to healthy controls. Overall, two doses of an mRNA COVID-19 

vaccine generated higher antibody titres compared to two doses of ChAdOx1 nCoV-19, but 

ChAdOx1 nCoV-19 induced significantly stronger V2+28d T cell responses in the OCTAVE 

study. T cell responses after two or three vaccine doses remained highly conserved between 

the original vaccine strain (WT SARS-CoV-2) and the Omicron BA.1 variant. In contrast, 

functional antibody analysis showed a substantial reduction in the binding and neutralising 

capacity of antibodies to SARS-CoV-2 VoC compared to WT after two vaccine doses in 

immunocompromised and healthy individuals. Among individuals with liver disease, a third 
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vaccine dose enhanced antibody cross-reactivity to VoC. Finally, analysis of SARS-CoV-2 

infection data following two vaccine doses revealed that immunocompromised individuals with 

low antibody or T cell levels 28 days after vaccination faced a higher risk of severe COVID-

19. 

3.7.1 Vaccine-induced responses to SARS-CoV-2 across immunosuppressive diseases 

and SARS-CoV-2 variants 

Many studies have now demonstrated the sub-optimal COVID-19 vaccine immune responses 

in cohorts of patients with SIs  (187-199, 271-275). The OCTAVE and EASL COVID-Hep 2.0 

made unique contributions to this knowledge by assessing responses to large numbers of 

individuals across multiple different immune-suppressive diseases in a robust manner, with 

uniform sampling timepoints and laboratory assays. This approach allowed us to assess the 

relative impact of chronic disease and immunosuppressive therapies on vaccine 

responsiveness and identify groups at particular risk of vaccine immune non-responsiveness.  

Assessment of specific immunosuppressive therapeutics in liver transplant recipients 

identified that MMF use, in addition to CNI, was particularly associated with reduced anti-RBD 

Ig titres in this group. This was consistent with data from kidney transplant recipients (276) 

and supports evidence from other patient groups that short-term discontinuation or dose 

reductions of immunosuppressive therapy (including MMF) may improve antibody responses 

to vaccination (277, 278). Evaluation of draining lymph node fine-needle aspiration samples 

in healthy donors and kidney transplant recipients on CNI + MMF therapy demonstrated 

reduced lymph node TFH and germinal centre memory B cells in these patients (279). The 

impact of these immunosuppressive agents on T cell signalling and expansion (126, 280) or 

direct impairment of B cell function (281) likely both contribute to the reduced antibody 

secretion observed here. Interestingly, comparison of AIH and LT recipients on high-dose 

MMF demonstrated that MMF alone did not significantly reduce anti-RBD Ig responses in AIH 

patients, suggesting that the combination of immunosuppressive agents and transplantation 
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was necessary for reduced antibody responses to COVID-19 vaccines in LT recipients.  

Reassuringly for patient groups, a third dose of COVID-19 vaccination significantly boosted 

anti-RBD Ig responses and antibody cross-reactivity to SARS-CoV-2 VoC in all groups in the 

EASL COVID-Hep 2.0 study, including LT recipients. More recently other studies have 

demonstrated that the majority of LT recipients have detectable anti-SARS-CoV-2 Ig 

responses after four or five COVID-19 vaccine doses (282), indicating that booster doses of 

mRNA vaccines can overcome the impaired immunogenicity observed after two doses. In 

OCTAVE, there was a strong positive correlation between WT anti-RBD Ig titres and 

binding/neutralising SARS-CoV-2 VoC. Interestingly, individuals below 4000AU/mL failed to 

neutralise Omicron BA.1. In the EASL COVID-Hep 2.0 study, IgG VoC cross-reactivity was 

boosted in individuals with liver disease at V3+21d compared to V2+28d, but was not boosted 

in healthy controls. Together these data support the idea that a minimum threshold of binding 

antibody titres is required to have an antibody repertoire with sufficient breadth to cross-protect 

against SARS-CoV-2 variants (283). Above this threshold titre, the likelihood of having 

neutralising antibody titres to VoC is no longer increased and so antibody cross-reactivity is 

not increased.   

In contrast to the antibody data, T cell cross-reactivity using whole spike antigens against 

Omicron was maintained, consistent with healthy individuals (284), but responses to pools of 

peptides specifically mutated in BA.1 demonstrated a slight reduction in IFNγ T cell magnitude. 

This incongruency is possibly due to technical limitations of the IFNγ ELISpot, whereby 

increased numbers of peptides in a single well (in the full spike vs the minipools) may reduce 

the specificity of the response by increasing bystander activation (285). Nevertheless, high 

levels of T cell cross-reactivity to SARS-CoV-2 variants continues to be observed with more 

recently emerged SARS-CoV-2 variants and after SARS-CoV-2 variant vaccination (286, 

287).  

3.7.2 SARS-CoV-2 vaccine platforms 
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In the OCTAVE study, two doses of BNT162b2 vaccine were associated with higher antibody 

titres but lower IFNγ T cell magnitudes when compared to ChAdOx1 nCoV-19 vaccination. 

This observation has also been described in healthy populations (19, 69, 288-291) and in other 

publications of vaccine immunogenicity in immunocompromised groups (196, 292). Why ChAd 

vaccines generate higher T cell but lower antibody responses than mRNA vaccines is 

unknown, but may relate to differences in the biodistribution and duration of antigen 

expression by each platform (293, 294). 

It is possible the mechanisms of immunogenicity of each platform are variably impacted by 

immunosuppressive diseases/therapeutics.  Early in the vaccination course, we identified that 

increased severity of cirrhosis (indicated by CP class and MELD score) was associated with 

lower antibody responses to mRNA but not ChAdOx1. Cirrhosis-associated immune 

dysfunction is associated with systemic inflammation and immune dysregulation (Section 

1.12.1). It is possible that this inflammatory environment is particularly detrimental to mRNA 

vaccine immunogenicity because it is highly sensitive to interferon signalling (48, 49). A similar 

observation was made in auto-HSCT recipients, where neutralising antibody responses 

induced by ChAdOx1 nCoV-19 were better preserved between auto-HSCT and HC compared 

to those induced by mRNA vaccines (295). Further study of the pathways that impact mRNA 

but not ChAdOx1 immunogenicity may give insight into the differential mechanisms of 

immunogenicity by each platform.  

Consistent with studies in healthy individuals (64), heterologous prime-boost of ChAdOx1 

followed by mRNA COVID-19 vaccine boosted Ig titres in individuals with liver diseases to 

higher than those seen with homologous ChAdOx1, and comparable to homologous mRNA 

vaccination. This indicates that the combination of vaccine platforms may act synergistically 

to overcome dysregulated immune pathways in immunocompromised individuals.  

3.7.3 Post-vaccine SARS-CoV-2 infection severity 

Defining immunological parameters associated with vaccine-mediated protection against 
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infection is challenging as it necessitates the recruitment of large numbers of individuals, 

deployment of large-scale immunological assays and routine follow-up to assess infection 

outcomes. Several high-throughput methods for measurement of anti-SARS-CoV-2 binding 

(296) and neutralising antibodies (297) were developed in 2020, including the Roche Elecsys 

platform used to measure anti-RBD Ig in the studies in this chapter. However, measurement 

of vaccine-induced T cells at the scale required to assess correlates of protection is more 

difficult due to the requirement of peripheral blood processing facilities and relatively more 

complex laboratory procedures. As such, many studies in healthy individuals or in a limited 

number of immunocompromised individuals have reported solely on the association of binding 

or neutralisation with protection against SARS-CoV-2 infection (267, 298-300).  

Some studies in healthy individuals have used IFNγ release assays on venous or capillary 

blood samples to assess SARS-CoV-2 induced T cell responses at scale and found 

association with SARS-CoV-2 infection (268). Studies of host genetics identified HLA 

polymorphisms that were associated with asymptomatic COVID-19 infection (HLA-B*15:01) 

and vaccine immunogenicity and protection against breakthrough COVID-19 infection (HLA-

DQB1*06) – supporting direct and indirect roles for T cells in COVID-19 protection (12, 301). 

In the OCTAVE study the Oxford Immunotec IFNγ ELISpot assay was used on a large cohort 

of 674 individuals. This assay broadly correlated with the in-house ELISpot assay used to 

conduct T cell responses in the EASL COVID-Hep 2.0 study, but with reduced sensitivity (302), 

and facilitated assessment of the relationship between vaccine-induced T cell responses and 

SARS-CoV-2 infection outcomes in immunocompromised individuals for the first time.  

Accurately assessing SARS-CoV-2 infection incidence is challenging, as SARS-CoV-2 

infection is often asymptomatic (303) – and is therefore not systematically captured by self-

reporting. Routine lab-confirmed PCR tests for SARS-CoV-2 infection is the gold standard for 

assessing protection against infection, but this approach is highly resource-intensive to 

employ at scale (73, 304, 305). In the OCTAVE and EASL COVID-Hep 2.0 studies we 
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captured symptomatic SARS-CoV-2 infection through patient interviews and systematic 

review of electronic patient records. In both studies, SARS-CoV-2 infection rates varied among 

disease subtypes and were higher in patients with no detectable antibody or T cells. However, 

infection rates cannot be confidently ascribed to disease phenotype, as social shielding 

behaviour and subsequently, SARS-CoV-2 exposure, are likely to have differed between 

groups. Due to limitations in the methods used to capture SARS-CoV-2 infection and 

confounding differences in SARS-CoV-2 exposure, infection rates should be interpreted 

cautiously in these studies.  

Nevertheless, COVID-19 severity in the reported infections was systematically captured and 

therefore could be correlated with vaccine immunogenicity measures. Most individuals in 

OCTAVE and EASL studies had asymptomatic or mild infection, but a substantial number (33 

of 440 in OCTAVE, 5 of 122 in EASL) had severe disease and 15 patients in OCTAVE died 

of COVID-19.  Failure to seroconvert and the magnitude of the serological and cellular 

response to prior COVID-19 vaccination were each associated with severe disease. However, 

one quarter of patients with severe disease seroconverted and had antibody levels similar to 

healthy controls, highlighting that other factors contribute to disease susceptibility—for 

example, disease phenotype and/or comorbidities. Notably, study participants likely had 

additional COVID-19 vaccines (third and fourth doses) during the SARS-CoV-2 infection 

follow-up period and immunogenicity data following these vaccines was not available. Despite 

the incomplete capture of immunogenicity data on intervening vaccine doses, the fact that 

V2+28d vaccine immunogenicity was associated with future COVID-19 severity suggests that 

the immunogenicity measurement after the second dose has lasting relevance to COVID-19 

outcomes.  

3.7.4 Limitations  

There are some limitations to both the OCTAVE and EASL studies. Due to the rapid delivery 

of the vaccination programme in vulnerable groups, baseline data were incomplete. For both 
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studies, healthy control data were generated from samples recruited separately in the PITCH 

cohort of health care workers that were generally younger with fewer comorbidities than the 

diseased population. To improve comparability, studies used standardised timepoints and 

procedures, and healthy controls in the OCTAVE study were matched to study participants for 

age and sex. In EASL, multivariable models which account for age and sex were employed to 

address such potential confounding factors.  

As observational studies, there was no randomisation of vaccines within groups and in the 

EASL study certain vaccine platforms in particular groups were lacking, including mRNA-

1273-vaccinated HCs, third dose of ChAdOx1 in HCs, and ChAdOx1-or BNT162b2-

vaccinated patients with VLD. Furthermore, we only assessed vaccine immunogenicity after 

one, two or three COVID-19 vaccines, whereas most vulnerable individuals have now had 

multiple vaccine doses.  

Assessment of T cell immunogenicity only by IFNγ ELISpot is limited as it gives only a single 

measure of T cell function and does not give insight into the phenotype or clonality of T cells. 

In the context of immunosuppressive disease, these factors are likely highly influential in the 

outcome of vaccine-induced T cell responses. However, as this chapter aimed to assess T 

cell responses between a large number of individuals, the relative scalability of the IFNγ 

ELISpot assay (306) made it the most suitable available approach.  

Finally, in the SARS-CoV-2 infection follow-up data, it remains impossible to account for 

important confounding variables such as local SARS-CoV-2 prevalence, viral load exposure, 

further vaccine doses, and individual patient behaviours including shielding measures. 

Furthermore, we were unable to systematically collect accurate data on the use of antiviral 

medications and recombinant antibodies due to incomplete documentation in electronic 

hospital records and geographic variability in access to these agents.  

3.8 Conclusions 
In conclusion, although the majority of immunocompromised individuals generated antigen-
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specific antibody or T cell responses to two or three doses of COVID-19 vaccines, some 

immunocompromised groups were enriched for individuals with no or low vaccine-induced 

immune response. mRNA vaccines were associated with the generation of higher anti-SARS-

CoV-2 antibody titres but lower magnitudes of IFNγ producing T cells compared to ChAdOx1 

nCoV-19 in immunocompromised individuals. COVID-19 vaccine induced T cells, but not 

antibodies, maintained responsiveness to SARS-CoV-2 variants of concern. An ability to 

seroconvert and increased magnitudes of serological and cellular responses at 28 days 

following a second COVID-19 vaccine dose were associated with less severe COVID-19 after 

vaccination. 
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)%5.0(5)%8.0(1)%0(0)%6.0(2)%0(0)%8.0(2nwonknU

Sex
)%54(383)%86(68)%24(51)%53(321)%28(16)%83(89elameF
)%55(564)%13(04)%85(12)%56(232)%81(31)%26(951elaM
)%1.0(1)%8.0(1)%0(0)%0(0)%0(0)%0(0nwonknU

Ethnicity
)%4.3(92)%31(61)%0(0)%0.2(7)%8.6(5)%4.0(1naisA
)%4.1(21)%8.0(1)%8.2(1)%3.2(8)%0(0)%8.0(2kcalB
)%4.2(02)%1.3(4)%11(4)%0.2(7)%7.2(2)%2.1(3rehtO
)%17(506)%66(48)%68(13)%38(392)%88(56)%15(231etihW
)%22(381)%71(22)%0(0)%11(04)%7.2(2)%64(911nwonknU

Obesity
)%46(045)%56(28)%68(13)%26(022)%96(15)%16(651oN
)%22(881)%9.3(5)%11(4)%33(611)%91(41)%91(94seY
)%41(121)%13(04)%8.2(1)%4.5(91)%21(9)%02(25nwonknU

Smoking status
)%17(106)%29(711)%96(52)%35(881)%95(44)%88(722dekomsreveN

Previously smoked 28 (11%) 22 (30%) 107 (30%) 2 (5.6%) 10 (7.9%) 169 (20%)
)%3.9(97)%0(0)%52(9)%71(06)%11(8)%8.0(2ekomsyltnerruC

Diabetes
)%71(931)%0(0)%6.5(2)%92(201)%41(01)%7.9(52seY

Hypertension
)%92(832)%9.2(3)%0(0)%83(631)%61(21)%43(78seY

Prior SARS-CoV-2 infection
No confirmed infection 241 (94%) 68 (92%) 307 (86%) 30 (83%) 87 (69%) 733 (86%)
Previously infected 16 (6.2%) 6 (8.2%) 48 (14%) 6 (17%) 40 (31%) 116 (14%)

Vaccine type - dose 1
ChAdOx1 nCoV-19 73 (28%) 38 (51%) 112 (32%) 0 (0%) 39 (31%) 262 (31%)

)%45(164)%96(78)%0(0)%05(671)%13(32)%86(5712b261TNB
)%41(121)%8.0(1)%001(63)%81(46)%81(31)%7.2(73721-ANRm
)%6.0(5)%0(0)%0(0)%8.0(3)%0(0)%8.0(2nwonknU

Vaccine type - dose 2
ChAdOx1 nCoV-19 66 (26%) 37 (50%) 104 (29%) 0 (0%) 39 (31%) 246 (29%)

)%55(964)%96(78)%0(0)%15(081)%03(22)%07(0812b261TNB
)%41(121)%8.0(1)%29(33)%81(46)%91(41)%5.3(93721-ANRm
)%5.1(31)%0(0)%3.8(3)%0.2(7)%4.1(1)%8.0(2nwonknU

Vaccine type - dose 3*
)%16(781)%98(52)%0(0)%25(07)%42(4)%58(882b261TNB
)%63(011)%11(3)%001(42)%64(16)%67(31)%7.8(93721-ANRm
)%3.3(01)%0(0)%0(0)%2.2(3)%0(0)%7.6(7nwonknU

<2 years post LT
)%41(73seY — — — — —

Indication for LT
)%8(12eruliafreviletucA — — — — —

Decompensated cirrhosis 99 (39%) — — — — —
)%31(33CCH — — — — —
)%61(04rehtO — — — — —
)%52(46nwonknU — — — — —

IS
)%6.0(2)%92(12)%2.6(61enirpoihtazA — — —

)%0(0)%3.2(6sumiloriS — — — —
)%0(0)%71(44sumilorevE — — — —

)%3.0(1)%73(72)%9.1(5PM-6 — — —
)%3(1)%3.0(1)%21(9)%13(97FMM — —

MTX — — 2 (0.6%) — — —
)%3(1)%3.0(1)%34(33)%91(05sdioretsocitroC — —

)%0(0)%61(14niropsolciC — — — —
)%2.8(6)%67(591sumilorcaT — — — —

No. IS therapies
)%11(8)%2.1(30 — — — —
)%94(63)%73(591 — — — —
)%23(32)%15(2312 — — — —
)%2.8(6)%11(723 — — — —

IS combinations
)%23(18ylnoINC — — — — —
)%1.5(31ylnoiroTm — — — — —

(continued on next page)

Table 3.2 Demographics of EASL COVID-Hep 2.0 Study 

6-MP, 6-mercaptopurine; AIH, autoimmune hepatitis; ALD, alcohol-related liver disease; BCS, Budd-Chiari syndrome; 
Cirr, cirrhosis; CNI, calcineurin inhibitor; HCs, healthy controls; HCC, hepatocellular carcinoma; IS, 
immunosuppression; LT, liver transplant; MMF, mycophenolate mofetil; mTORi, mTOR inhibitor; MTX, methotrexate; 
NAFLD, non- alcoholic fatty liver disease; NCPVT, non-cirrhotic non-tumoral portal vein thrombosis; PBC, primary 
biliary cholangitis; PSC, primary sclerosing cholangitis; PSVD, porto- sinusoidal vascular disorder; VLD, vascular liver 
disease. *Numbers only given for individuals with third dose anti-RBD Ig titre data available.  
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LT (n = 257) AIH (n = 74) Cirr (n = 355) VLD (n = 36) HC (n = 127) Total (N = 849)
CNI + MMF (+/- other) 79 (31%) — — — — —
CNI + other (+/- other) 81 (32%) — — — — —

Cirrhosis severity
MELD score (median, IQR) — — 7.25 (6.67, 8.43) — — —
Unknown — — 60 (17%) — — —
Child-Pugh class
A — 19 (26%) 232 (65%) — — —
B — 2 (2.7%) 82 (23%) — — —
C — 1 (1.4%) 31 (8.7%) — — —
No cirrhosis — 52 (70%) 0 (0%) — — —
Unknown — — 10 (2.8%) — — —

Cirrhosis aetiology
NAFLD — 1 (5%) 98 (28%) — — —
ALD — 1 (5%) 152 (43%) — — —
HCV — 2 (9%) 80 (22%) — — —
HBV — 1 (5%) 24 (6.7%) — — —
PBC — 2 (9%) 12 (2.8%) — — —
PSC — 2 (9%) 12 (3.1%) — — —
Unknown — 15 (68%) 33 (9.3%) — — —

VLD aetiology
NCPVT — — — 16 (44%) — —
BCS — — — 9 (25%) — —
PSVD — — — 11 (31%) — —

6-MP, 6-mercaptopurine; AIH, autoimmune hepatitis; ALD, alcohol-related liver disease; BCS, Budd-Chiari syndrome; 
Cirr, cirrhosis; CNI, calcineurin inhibitor; HCs, healthy controls; HCC, hepatocellular carcinoma; IS, 
immunosuppression; LT, liver transplant; MMF, mycophenolate mofetil; mTORi, mTOR inhibitor; MTX, methotrexate; 
NAFLD, non- alcoholic fatty liver disease; NCPVT, non-cirrhotic non-tumoral portal vein thrombosis; PBC, primary 
biliary cholangitis; PSC, primary sclerosing cholangitis; PSVD, porto- sinusoidal vascular disorder; VLD, vascular liver 
disease. *Numbers only given for individuals with third dose anti-RBD Ig titre data available.  

Table 3.3 Demographics of EASL COVID-Hep 2.0 Study (continued) 
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Table S1 

 
  

  Baseline Post-V1 Post-V2 Pre-V3 Post-V3 

Vaccine 
Type 

Disease 
group N Median 

(IQR) N Median (IQR) P val1 N Median (IQR) Pval2 N Median (IQR) P val3 N Median (IQR) P val4 P val5 

ChAdOx1 

Cirr 15 0.4 (0.4-0.4) 34 19.6 (3.3-37.1) 1 85 1106 (395-1838) 7.2x10-11 4 637 (281-6956) 1 6 15368 (11784-
22791) 1 0.3 

AIH 6 0.4 (0.4-0.4) 20 15.1 (1.6-41.9) 1 34 498 (129-1323) 4.3x10-4 2 312 (237-387) 1 3 15401 (11133-
20201) 1 1 

LT 6 0.4 (0.4-0.4) 27 0.4 (0.4-19.0) 1 52 63 (0.4-608) 0.1 2 151 (133-170) 1 2 3133 (1572-4694) 1 1 

HC - - 10 187.5 (87.0-
392) N/A 20 1198 (855-1546) 0.02 - - N/A - - N/A N/A 

mRNA 

Cirr 156 0.4 (0.4-0.4) 153 13.3 (2.5-55.6) 9.2x10-11 204 1413.5 (578-
4140) 6.6x10-23 52 476 (214-958) 0.35 102 18015 (5927-25000) 1.5x10-8 2.2x10-6 

AIH 19 0.4 (0.4-0.4) 19 16.6 (1.8-71.6) 0.87 33 1341 (577-4605) 0.002 11 815 (316-2035) 1 10 18280.5 (13784-
25000) 0.73 1 

LT 117 0.4 (0.4-0.4) 119 0.4 (0.4-1.6) 0.09 179 114 (0.4-1113) 2.9x10-13 105 92 (7-390) 1 95 1861 (34-13534) 0.003 9.4x10-5 

VLD 30 0.4 (0.4-0.4) 29 147 (116-203) 0.10 27 4880 (3203-7663) 4.7x10-4 25 1943 (1441-
2907) 1 24 25000 (25000-

25000) 0.002 0.1 

HC - - 27 98.7 (57.2-148) N/A 35 15634 (10829-
21445) 3.2x10-11 22 2171 (1584-

3416) 0.007 23 25000 (18359-
25000) 2.1x10-5 1 

Table S1: In SARS-CoV-2 infection naïve individuals, Roche anti-RBD antibody response to 

one, two and three doses of COVID-19 vaccine, separated by vaccine type and disease group. 
1 comparison of Baseline and Pre-V2, 2 comparison of Pre-V2 and Post-V2, 3 comparison of 

Post-V2 and Pre-V3, 4 comparison of Pre-V3 and Post-V3, 4 comparison of Post-V2 and Post-

V3. Kruskal Wallis with Dunn’s post-hoc test, adjusted for multiple comparisons using 

Bonferroni correction. Cir = Cirrhosis, AIH = Autoimmune hepatitis, LT = Liver transplant, Az 

= AstraZeneca vaccine.  

Table 3.4 Comparison of vaccine response over multiple vaccine doses 
In SARS-CoV-2 infection naïve individuals, Roche anti-RBD antibody response to one, two and three doses of 
COVID-19 vaccine, separated by vaccine type and disease group.1 comparison of Baseline and Pre-V2, 2 
comparison of Pre-V2 and Post-V2, 3 comparison of Post-V2 and Pre-V3, 4 comparison of Pre-V3 and Post-V3, 4 
comparison of Post-V2 and Post-V3. Kruskal Wallis with Dunn’s post-hoc test, adjusted for multiple comparisons 
using Bonferroni correction. Cir = Cirrhosis, AIH = Autoimmune hepatitis, LT = Liver transplant, Az = AstraZeneca 
vaccine 
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Table 3.5 Comparison of vaccine responses between liver disease groups 
In infection naïve individuals, comparison of Roche anti-RBD antibody response across disease groups at post-
V2 and post-V3. Comparisons at post-v3 in AstraZeneca vaccinated individuals not made due to low n numbers. 
Kruskal Wallis with Dunn’s post-hoc test, adjusted for multiple comparisons using Benjamini Hochberg. Cir = 
Cirrhosis, AIH = Autoimmune hepatitis, LT = Liver transplant, Az = AstraZeneca vaccine. * indicates statistical 
significance (P<0.05) 
 Comparison groups Timepoints 
 Group 1 Group 2 Post-V2 (p val) Post-V3 (p val) 

AstraZeneca 

Cirr AIH 0.06 - 
Cirr LT 2.00E-08* - 
Cirr HC 0.57 - 
AIH LT 0.01* - 
AIH HC 0.06 - 
LT HC 0.000017* - 

mRNA 

Cirr AIH 0.69 0.50999 
Cirr LT 2.00E-15* 1.98E-08* 
Cirr VLD 0.0039* 0.00031* 
Cirr HC 1.30E-10* 0.06007 
AIH LT 3.40E-06* 0.00219* 
AIH VLD 0.05 0.12800 
AIH HC 5.96E-06* 0.57498 
LT VLD 5.90E-12* 9.10E-13* 
LT HC 1.28E-27* 1.6641E-07* 

VLD HC 0.03* 0.23352 
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Table 3.6 Rates of antibody responsiveness across liver disease groups and healthy controls 
In infection naïve individuals, comparison of Roche anti-RBD antibody response rate across disease groups at 
post-V2 and post-V3. Seropositive defined as >0.8AU/mL by anti-RBD Ig assay. Cir = Cirrhosis, AIH = 
Autoimmune hepatitis, LT = Liver transplant, VLD = Vascular liver disease; HC = healthy control 

Disease 
group 

Vaccine 
platform Timepoint Seronegative (%) Seropositive 

(%) 

Cir 

ChAdOx1 
Post-V1 4 (12%) 30 (88%) 
Post-V2 - 85 (100%) 
Post-V3 - 6 (100%) 

mRNA 
Post-V1 20 (13%) 133 (87%) 
Post-V2 4 (2%) 200 (98%) 
Post-V3 2 (2%) 100 (98%) 

LT 

ChAdOx1 
Post-V1 14 (52%) 13 (48%) 
Post-V2 18 (35%) 34 (65%) 
Post-V3 - 2 (100%) 

mRNA 
Post-V1 80 (67%) 39 (33%) 
Post-V2 52 (29%) 127 (71%) 
Post-V3 9 (9%) 86 (91%) 

AIH 

ChAdOx1 
Post-V1 4 (20%) 16 (80%) 
Post-V2 2 (6%) 32 (94%) 
Post-V3 - 3 (100%) 

mRNA 
Post-V1 4 (21%) 15 (79%) 
Post-V2 - 33 (100%) 
Post-V3 - 10 (100%) 

VLD mRNA 
Post-V1 1 (3%) 28 (97%) 
Post-V2 - 27 (100%) 
Post-V3 - 24 (100%) 

HC 

ChAdOx1 
Post-V1 - 10 (100%) 
Post-V2 - 20 (100%) 
Post-V3 - - 

mRNA 
Post-V1 - 27 (100%) 
Post-V2 - 35 (100%) 
Post-V3 - 23 (100%) 
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SARS-CoV-2 infection (Whole OCTAVE cohort)

Follow-up 
period

Responder 
status

Infection 
status SC HM AAV IA HD HD on IS K-Tr L-Tr L-AI L-Cirr CD UC IBD-U Auto-

HSCT
Allo-
HSCT CAR-T OCTAVE

Serology 
breakdown

<6months 
post-V2

No response

Not Infected 0 (0%) 1 (50%) 1 (5%) 7 (28%) 7 (88%) 5 (83%) 128 (91%) 1 (5%) 1 (20%) - - - 0 (0%) 0 (0%) 6 (46%) 0 (0%) 157 (62%)
Infected 1 (33%) 0 (0%) 1 (5%) 1 (4%) 0 (0%) 0 (0%) 9 (6%) 0 (0%) 0 (0%) - - - 0 (0%) 0 (0%) 2 (15%) 2 (50%) 16 (6%)
Uk/NA 2 (67%) 1 (50%) 19 (90%) 17 (68%) 1 (13%) 1 (17%) 3 (2%) 19 (95%) 4 (80%) - - - 1 (100%) 5 (100%) 5 (38%) 2 (50%) 80 (32%)
Total# 3 (1%) 2 (1%) 21 (8%) 25 (10%) 8 (3%) 6 (2%) 140 (55%) 20 (8%) 5 (2%) 0 (0%) 0 (0%) 0 (0%) 1 (0%) 5 (2%) 13 (5%) 4 (2%) 253

Low response

Not infected 3 (19%) 5 (71%) 0 (0%) 72 (35%) 31 (91%) 6 (86%) 131 (95%) 1 (4%) 1 (5%) 1 (6%) 11 (19%) 4 (17%) 0 (0%) 2 (33%) 15 (48%) 0 (0%) 283 (47%)
Infected 1 (6%) 0 (0%) 0 (0%) 10 (5%) 1 (3%) 0 (0%) 5 (4%) 0 (0%) 2 (10%) 0 (0%) 2 (4%) 0 (0%) 0 (0%) 0 (0%) 5 (16%) 0 (0%) 26 (4%)
Uk/NA 12 (75%) 2 (29%) 4 (100%) 125 (60%) 2 (6%) 1 (14%) 2 (1%) 26 (96%) 18 (86%) 16 (94%) 44 (77%) 20 (83%) 1 (100%) 4 (67%) 11 (35%) 1 (100%) 289 (48%)
Total# 16 (3%) 7 (1%) 4 (1%) 207 (35%) 34 (6%) 7 (1%) 138 (23%) 27 (5%) 21 (4%) 17 (3%) 57 (10%) 24 (4%) 1 (0%) 6 (1%) 31 (5%) 1 (0%) 598

High 
response

Not Infected 60 (76%) 11 (61%) 3 (100%) 409 (89%) 147 (95%) 16 (94%) 172 (97%) 17 (50%) 32 (76%) 66 (65%) 55 (56%) 54 (67%) 2 (67%) 19 (90%) 30 (59%) 2 (100%) 1095 (82%)
Infected 7 (9%) 1 (6%) 0 (0%) 25 (5%) 3 (2%) 0 (0%) 4 (2%) 3 (9%) 1 (2%) 5 (5%) 13 (13%) 5 (6%) 0 (0%) 1 (5%) 3 (6%) 0 (0%) 71 (5%)
Uk/NA 12 (15%) 6 (33%) 0 (0%) 23 (5%) 4 (3%) 1 (6%) 2 (1%) 14 (41%) 9 (21%) 30 (30%) 31 (31%) 22 (27%) 1 (33%) 1 (5%) 18 (35%) 0 (0%) 174 (13%)
Total# 79 (6%) 18 (1%) 3 (0%) 457 (34%) 154 (11%) 17 (1%) 178 (13%) 34 (3%) 42 (3%) 101 (8%) 99 (7%) 81 (6%) 3 (0%) 21 (2%) 51 (4%) 2 (0%) 1,340

Overall

Not Infected 63 (64%) 17 (63%) 4 (14%) 488 (71%) 185 (94%) 27 (90%) 431 (95%) 19 (23%) 34 (50%) 67 (57%) 66 (42%) 58 (55%) 2 (40%) 21 (66%) 51 (54%) 2 (29%) 1535 (70%)
Infected 9 (9%) 1 (4%) 1 (4%) 36 (5%) 4 (2%) 0 (0%) 18 (4%) 3 (4%) 3 (4%) 5 (4%) 15 (10%) 5 (5%) 0 (0%) 1 (3%) 10 (11%) 2 (29%) 113 (5%)
Uk/NA 26 (27%) 9 (33%) 23 (82%) 165 (24%) 7 (4%) 3 (10%) 7 (2%) 59 (73%) 31 (46%) 46 (39%) 75 (48%) 42 (40%) 3 (60%) 10 (31%) 34 (36%) 3 (43%) 543 (25%)
Total# 98 (4%) 27 (1%) 28 (1%) 689 (31%) 196 (9%) 30 (1%) 456 (21%) 81 (4%) 68 (3%) 118 (5%) 156 (7%) 105 (5%) 5 (0%) 32 (1%) 95 (4%) 7 (0%) 2,191

6months 
post-V2 -
12months 

post-V1

No response

Not Infected 1 (33%) 0 (0%) 1 (5%) 4 (16%) 4 (50%) 4 (67%) 93 (66%) 0 (0%) 0 (0%) - - - 0 (0%) 0 (0%) 6 (46%) 1 (25%) 114 (45%)
Infected 0 (0%) 1 (50%) 2 (10%) 2 (8%) 3 (38%) 2 (33%) 37 (26%) 1 (5%) 1 (20%) - - - 0 (0%) 0 (0%) 1 (8%) 0 (0%) 50 (20%)
Uk/NA 2 (67%) 1 (50%) 18 (86%) 19 (76%) 1 (13%) 0 (0%) 10 (7%) 19 (95%) 4 (80%) - - - 1 (100%) 5 (100%) 6 (46%) 3 (75%) 89 (35%)
Total# 3 (1%) 2 (1%) 21 (8%) 25 (10%) 8 (3%) 6 (2%) 140 (55%) 20 (8%) 5 (2%) 0 (0%) 0 (0%) 0 (0%) 1 (0%) 5 (2%) 13 (5%) 4 (2%) 253

Low response

Not infected 2 (13%) 4 (57%) 0 (0%) 69 (33%) 21 (62%) 5 (71%) 101 (73%) 0 (0%) 1 (5%) 1 (6%) 7 (12%) 2 (8%) 0 (0%) 2 (33%) 15 (48%) 0 (0%) 230 (38%)
Infected 1 (6%) 1 (14%) 0 (0%) 6 (3%) 6 (18%) 1 (14%) 31 (22%) 1 (4%) 2 (10%) 0 (0%) 14 (25%) 3 (13%) 0 (0%) 0 (0%) 2 (6%) 1 (100%) 69 (12%)
Uk/NA 13 (81%) 2 (29%) 4 (100%) 132 (64%) 7 (21%) 1 (14%) 6 (4%) 26 (96%) 18 (86%) 16 (94%) 36 (63%) 19 (79%) 1 (100%) 4 (67%) 14 (45%) 0 (0%) 299 (50%)
Total# 16 (3%) 7 (1%) 4 (1%) 207 (35%) 34 (6%) 7 (1%) 138 (23%) 27 (5%) 21 (4%) 17 (3%) 57 (10%) 24 (4%) 1 (0%) 6 (1%) 31 (5%) 1 (0%) 598

High 
response

Not Infected 46 (58%) 11 (61%) 3 (100%) 392 (86%) 110 (71%) 9 (53%) 136 (76%) 12 (35%) 24 (57%) 53 (52%) 39 (39%) 28 (35%) 2 (67%) 20 (95%) 25 (49%) 2 (100%) 912 (68%)
Infected 8 (10%) 0 (0%) 0 (0%) 35 (8%) 30 (19%) 6 (35%) 37 (21%) 9 (26%) 9 (21%) 27 (27%) 38 (38%) 35 (43%) 1 (33%) 1 (5%) 6 (12%) 0 (0%) 242 (18%)
Uk/NA 25 (32%) 7 (39%) 0 (0%) 30 (7%) 14 (9%) 2 (12%) 5 (3%) 13 (38%) 9 (21%) 21 (21%) 22 (22%) 18 (22%) 0 (0%) 0 (0%) 20 (39%) 0 (0%) 186 (14%)
Total# 79 (6%) 18 (1%) 3 (0%) 457 (34%) 154 (11%) 17 (1%) 178 (13%) 34 (3%) 42 (3%) 101 (8%) 99 (7%) 81 (6%) 3 (0%) 21 (2%) 51 (4%) 2 (0%) 1340

Overall

Not Infected 49 (50%) 15 (56%) 4 (14%) 465 (67%) 135 (69%) 18 (60%) 330 (72%) 12 (15%) 25 (37%) 54 (46%) 46 (29%) 30 (29%) 2 (40%) 22 (69%) 46 (48%) 3 (43%) 1256 (57%)
Infected 9 (9%) 2 (7%) 2 (7%) 43 (6%) 39 (20%) 9 (30%) 105 (23%) 11 (14%) 12 (18%) 27 (23%) 52 (33%) 38 (36%) 1 (20%) 1 (3%) 9 (9%) 1 (14%) 361 (16%)
Uk/NA 40 (41%) 10 (37%) 22 (79%) 181 (26%) 22 (11%) 3 (10%) 21 (5%) 58 (72%) 31 (46%) 37 (31%) 58 (37%) 37 (35%) 2 (40%) 9 (28%) 40 (42%) 3 (43%) 574 (26%)
Total# 98 (4%) 27 (1%) 28 (1%) 689 (31%) 196 (9%) 30 (1%) 456 (21%) 81 (4%) 68 (3%) 118 (5%) 156 (7%) 105 (5%) 5 (0%) 32 (1%) 95 (4%) 7 (0%) 2191

T cell 
Breakdown

<6months 
post-V2

No response

Not Infected 4 (67%) - 0 (0%) 2 (50%) 21 (95%) 4 (100%) - 1 (17%) 1 (50%) 2 (100%) - 1 (25%) - 2 (100%) 6 (55%) 0 (0%) 44 (67%)
Infected 0 (0%) - 0 (0%) 0 (0%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) 0 (0%) - 0 (0%) - 0 (0%) 2 (18%) 0 (0%) 2 (3%)
Uk/NA 2 (33%) - 2 (100%) 2 (50%) 1 (5%) 0 (0%) - 5 (83%) 1 (50%) 0 (0%) - 3 (75%) - 0 (0%) 3 (27%) 1 (100%) 20 (30%)
Total# 6 (9%) 0 (0%) 2 (3%) 4 (6%) 22 (33%) 4 (6%) - 6 (9%) 2 (3%) 2 (3%) 0 (0%) 4 (6%) - 2 (3%) 11 (17%) 1 (2%) 66

Yes response

Not infected 37 (65%) 13 (76%) 4 (15%) 47 (43%) 94 (94%) 8 (100%) - 6 (33%) 13 (54%) 10 (42%) 22 (54%) 26 (63%) - 8 (73%) 19 (70%) 2 (67%) 309 (61%)
Infected 4 (7%) 1 (6%) 1 (4%) 8 (7%) 2 (2%) 0 (0%) - 1 (6%) 0 (0%) 3 (13%) 1 (2%) 2 (5%) - 0 (0%) 1 (4%) 0 (0%) 24 (5%)
Uk/NA 16 (28%) 3 (18%) 21 (81%) 55 (50%) 4 (4%) 0 (0%) - 11 (61%) 11 (46%) 11 (46%) 18 (44%) 13 (32%) - 3 (27%) 7 (26%) 1 (33%) 174 (34%)
Total# 57 (11%) 17 (3%) 26 (5%) 110 (22%) 100 (20%) 8 (2%) - 18 (4%) 24 (5%) 24 (5%) 41 (8%) 41 (8%) - 11 (2%) 27 (5%) 3 (1%) 507

Overall

Not Infected 41 (65%) 13 (76%) 4 (14%) 49 (43%) 115 (94%) 12 (100%) - 7 (29%) 14 (54%) 12 (46%) 22 (54%) 27 (60%) - 10 (77%) 25 (66%) 2 (50%) 353 (62%)
Infected 4 (6%) 1 (6%) 1 (4%) 8 (7%) 2 (2%) 0 (0%) - 1 (4%) 0 (0%) 3 (12%) 1 (2%) 2 (4%) - 0 (0%) 3 (8%) 0 (0%) 26 (5%)
Uk/NA 18 (29%) 3 (18%) 23 (82%) 57 (50%) 5 (4%) 0 (0%) - 16 (67%) 12 (46%) 11 (42%) 18 (44%) 16 (36%) - 3 (23%) 10 (26%) 2 (50%) 194 (34%)
Total# 63 (11%) 17 (3%) 28 (5%) 114 (20%) 122 (21%) 12 (2%) - 24 (4%) 26 (5%) 26 (5%) 41 (7%) 45 (8%) - 13 (2%) 38 (7%) 4 (1%) 573

6months 
post-V2 -
12months 

post-V1

No response

Not Infected 3 (50%) - 0 (0%) 0 (0%) 12 (55%) 2 (50%) - 0 (0%) 1 (50%) 2 (100%) - 0 (0%) - 2 (100%) 7 (64%) 0 (0%) 29 (44%)
Infected 0 (0%) - 0 (0%) 2 (50%) 8 (36%) 2 (50%) - 1 (17%) 0 (0%) 0 (0%) - 1 (25%) - 0 (0%) 1 (9%) 1 (100%) 16 (24%)
Uk/NA 3 (50%) - 2 (100%) 2 (50%) 2 (9%) 0 (0%) - 5 (83%) 1 (50%) 0 (0%) - 3 (75%) - 0 (0%) 3 (27%) 0 (0%) 21 (32%)
Total# 6 (9%) 0 (0%) 2 (3%) 4 (6%) 22 (33%) 4 (6%) - 6 (9%) 2 (3%) 2 (3%) 0 (0%) 4 (6%) - 2 (3%) 11 (17%) 1 (2%) 66

Yes response

Not infected 30 (53%) 12 (71%) 4 (15%) 45 (41%) 76 (76%) 5 (63%) - 5 (28%) 7 (29%) 8 (33%) 13 (32%) 14 (34%) - 8 (73%) 17 (63%) 2 (67%) 246 (49%)
Infected 4 (7%) 1 (6%) 2 (8%) 10 (9%) 11 (11%) 3 (38%) - 2 (11%) 5 (21%) 4 (17%) 10 (24%) 14 (34%) - 1 (9%) 1 (4%) 0 (0%) 68 (13%)
Uk/NA 23 (40%) 4 (24%) 20 (77%) 55 (50%) 13 (13%) 0 (0%) - 11 (61%) 12 (50%) 12 (50%) 18 (44%) 13 (32%) - 2 (18%) 9 (33%) 1 (33%) 193 (38%)
Total# 57 (11%) 17 (3%) 26 (5%) 110 (22%) 100 (20%) 8 (2%) - 18 (4%) 24 (5%) 24 (5%) 41 (8%) 41 (8%) - 11 (2%) 27 (5%) 3 (1%) 507

Overall

Not Infected 33 (52%) 12 (71%) 4 (14%) 45 (39%) 88 (72%) 7 (58%) - 5 (21%) 8 (31%) 10 (38%) 13 (32%) 14 (31%) - 10 (77%) 24 (63%) 2 (50%) 275 (48%)
Infected 4 (6%) 1 (6%) 2 (7%) 12 (11%) 19 (16%) 5 (42%) - 3 (13%) 5 (19%) 4 (15%) 10 (24%) 15 (33%) - 1 (8%) 2 (5%) 1 (25%) 84 (15%)
Uk/NA 26 (41%) 4 (24%) 22 (79%) 57 (50%) 15 (12%) 0 (0%) - 16 (67%) 13 (50%) 12 (46%) 18 (44%) 16 (36%) - 2 (15%) 12 (32%) 1 (25%) 214 (37%)
Total# 63 (11%) 17 (3%) 28 (5%) 114 (20%) 122 (21%) 12 (2%) - 24 (4%) 26 (5%) 26 (5%) 41 (7%) 45 (8%) - 13 (2%) 38 (7%) 4 (1%) 573

Supplementary Table 13. Summary of reported SARS-CoV-2 infections following vaccination for 
immunocompromised patients in OCTAVE, split by disease subgroup, follow-up timepoint and on Roche anti-
RBD Ig assay result ≥0.8AU/mL and low response <380AU/mL or IFNy ELISpot response. No response = 
0SFC/106 , Yes response >0SFC/106. * K-Tr and IBD-U groups were not included in group 1. # % of total 
OCTAVE infections. Uk : Unknown – infection status defined as unknown in OCTAVE database. NA: Not 
available – no data entry in OCTAVE database or patient was moved into OCTAVE DUO trial. 
SC: Solid cancer; HM: Haematological malignancy; AAV: ANCA-associated vasculitis; IA: Inflammatory 
arthritis; HD: Haemodialysis; HD on IS: Haemodialysis on immunosuppression; L-Tr: Liver transplant; L-AI: 
Autoimmune hepatitis; L-Cir: Liver cirrhosis; CD: Crohn’s disease; UC: Ulcerative colitis; Auto-HSCT: 
Autologous haematopoietic stem cell transplant; Allo-HSCT: Allogeneic haematopoietic stem cell transplant; 
CAR-T: Chimeric antigen receptor T cell

Table 3.7 Rates of SARS-CoV-2 infection after COVID-19 vaccination in OCTAVE cohort, separated by 
antibody and T cell responsiveness 
Summary of SARS-CoV-2 infections reported in combined follow-up periods after COVID-19 vaccination for all 
immunocompromised patients in OCTAVE, split by disease subgroup and based on Roche anti-RBD Ig assay result 
≥0.8 AU ml−1, low response <380 AU ml−1 and high response >380 AU mL−1  and IFNγ T cell responsiveness at the 
post-V2 timepoint. # (%) of total OCTAVE infections. 
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Table 3.8 COVID-19 severity reported after COVID-19 vaccination in OCTAVE study, serological 
breakdown. 
Summary of COVID-19 severity reported in combined follow-up periods after COVID-19 vaccination for all 
immunocompromised patients in OCTAVE, split by disease subgroup and based on Roche anti-RBD Ig assay 
result ≥0.8 AU ml−1, low response <380 AU ml−1 and high response >380 AU mL−1 at the post-V2 timepoint. # (%) 
of total OCTAVE infections. 

  Anti-RBD Ig breakdown - <6months post-v2 - 12months post-V1 (n (%))   SC  HM  AAV  IA HD HD on IS K-Tr L-Tr L-AI L-Cirr CD UC IBD-U Auto-
HSCT 

Allo-
HSCT  CAR-T  OCTAVE 

No 
Response 

Asymptomatic 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (50%) 5 (11%) 0 (0%) 0 (0%) - - - - - 0 (0%) 0 (0%) 6 (9%) 
Symptomatic 1 (100%) 1 (100%) 2 (67%) 1 (33%) 2 (67%) 0 (0%) 25 (54%) 1 (100%) 1 (100%) - - - - - 1 (33%) 0 (0%) 35 (53%) 
Hospitalised - 
No Oxygen 
Required 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 3 (7%) 0 (0%) 0 (0%) - - - - - 0 (0%) 2 (100%) 5 (8%) 
Hospitalised - 
Oxygen 
Required 0 (0%) 0 (0%) 0 (0%) 1 (33%) 0 (0%) 0 (0%) 8 (17%) 0 (0%) 0 (0%) - - - - - 0 (0%) 0 (0%) 9 (14%) 
ITU  0 (0%) 0 (0%) 0 (0%) 1 (33%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) - - - - - 0 (0%) 0 (0%) 1 (2%) 
COVID-19 
related 
mortality 0 (0%) 0 (0%) 1 (33%) 0 (0%) 1 (33%) 1 (50%) 2 (4%) 0 (0%) 0 (0%) - - - - - 0 (0%) 0 (0%) 5 (8%) 
Unknown/NA 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 3 (7%) 0 (0%) 0 (0%) - - - - - 2 (67%) 0 (0%) 5 (8%) 
Total

# 1 (2%) 1 (2%) 3 (5%) 3 (5%) 3 (5%) 2 (3%) 46 (70%) 1 (2%) 1 (2%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 3 (5%) 2 (3%) 66 

Low 
response 

Asymptomatic 0 (0%) 0 (0%) - 0 (0%) 2 (29%) 0 (0%) 5 (14%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) - - 1 (14%) 0 (0%) 8 (8%) 
Symptomatic 1 (50%) 0 (0%) - 13 (81%) 4 (57%) 0 (0%) 24 (67%) 1 (100%) 3 (75%) - 15 (94%) 3 (100%) - - 4 (57%) 0 (0%) 68 (72%) 
Hospitalised - 
No Oxygen 
Required 0 (0%) 0 (0%) - 1 (6%) 0 (0%) 0 (0%) 5 (14%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) - - 0 (0%) 0 (0%) 6 (6%) 
Hospitalised - 
Oxygen 
Required 0 (0%) 0 (0%) - 1 (6%) 1 (14%) 0 (0%) 1 (3%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) - - 0 (0%) 0 (0%) 3 (3%) 
ITU 0 (0%) 0 (0%) - 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) - - 1 (14%) 0 (0%) 1 (1%) 
COVID-19 
related 
mortality 0 (0%) 0 (0%) - 0 (0%) 0 (0%) 1 (100%) 1 (3%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) - - 0 (0%) 1 (100%) 3 (3%) 
Unknown/NA 1 (50%) 1 (100%) - 1 (6%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (25%) - 1 (6%) 0 (0%) - - 1 (14%) 0 (0%) 6 (6%) 
Total

# 2 (2%) 1 (1%) 0 (0%) 16 (17%) 7 (7%) 1 (1%) 36 (38%) 1 (1%) 4 (4%) 0 (0%) 16 (17%) 3 (3%) 0 (0%) 0 (0%) 7 (7%) 1 (1%) 95 

High 
response 

Asymptomatic 0 (0%) 0 (0%) - 5 (8%) 13 (39%) 0 (0%) 11 (27%) 1 (8%) 1 (10%) 1 (3%) 1 (2%) 0 (0%) 0 (0%) 0 (0%) 2 (22%) - 35 (11%) 
Symptomatic 12 (80%) 0 (0%) - 48 (80%) 17 (52%) 6 (100%) 25 (61%) 10 (83%) 9 (90%) 27 (84%) 45 (88%) 39 (98%) 1 (100%) 1 (50%) 5 (56%) - 245 

(78%) 
Hospitalised - 
No Oxygen 
Required 0 (0%) 0 (0%) - 0 (0%) 2 (6%) 0 (0%) 2 (5%) 0 (0%) 0 (0%) 0 (0%) 1 (2%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) - 5 (2%) 
Hospitalised - 
Oxygen 
Required 0 (0%) 0 (0%) - 0 (0%) 1 (3%) 0 (0%) 0 (0%) 1 (8%) 0 (0%) 1 (3%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) - 3 (1%) 
ITU  0 (0%) 0 (0%) - 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) - 0 (0%) 
COVID-19 
related 
mortality 0 (0%) 0 (0%) - 0 (0%) 0 (0%) 0 (0%) 1 (2%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (50%) 0 (0%) - 2 (1%) 
Unknown/NA 3 (20%) 1 (100%) - 7 (12%) 0 (0%) 0 (0%) 2 (5%) 0 (0%) 0 (0%) 3 (9%) 4 (8%) 1 (3%) 0 (0%) 0 (0%) 2 (22%) - 23 (7%) 
Total

# 15 (5%) 1 (0%) 0 (0%) 60 (19%) 33 (11%) 6 (2%) 41 (13%) 12 (4%) 10 (3%) 32 (10%) 51 (16%) 40 (13%) 1 (0%) 2 (1%) 9 (3%) 0 (0%) 313 

Total 

Asymptomatic 0 (0%) 0 (0%) 0 (0%) 5 (6%) 15 (35%) 1 (11%) 21 (17%) 1 (7%) 1 (7%) 1 (3%) 1 (1%) 0 (0%) 0 (0%) 0 (0%) 3 (16%) 0 (0%) 49 (10%) 
Symptomatic 14 (78%) 1 (33%) 2 (67%) 62 (78%) 23 (53%) 6 (67%) 74 (60%) 12 (86%) 13 (87%) 27 (84%) 60 (90%) 42 (98%) 1 (100%) 1 (50%) 10 (53%) 0 (0%) 348 

(73%) 
Hospitalised - 
No Oxygen 
Required 0 (0%) 0 (0%) 0 (0%) 1 (1%) 2 (5%) 0 (0%) 10 (8%) 0 (0%) 0 (0%) 0 (0%) 1 (1%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 2 (67%) 16 (3%) 
Hospitalised - 
Oxygen 
Required 0 (0%) 0 (0%) 0 (0%) 2 (3%) 2 (5%) 0 (0%) 9 (7%) 1 (7%) 0 (0%) 1 (3%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 15 (3%) 
ITU  0 (0%) 0 (0%) 0 (0%) 1 (1%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (5%) 0 (0%) 2 (0%) 
COVID-19 
related 
mortality 0 (0%) 0 (0%) 1 (33%) 0 (0%) 1 (2%) 2 (22%) 4 (3%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (50%) 0 (0%) 1 (33%) 10 (2%) 
Unknown/NA 4 (22%) 2 (67%) 0 (0%) 8 (10%) 0 (0%) 0 (0%) 5 (4%) 0 (0%) 1 (7%) 3 (9%) 5 (7%) 1 (2%) 0 (0%) 0 (0%) 5 (26%) 0 (0%) 34 (7%) 
Total

# 18 (4%) 3 (1%) 3 (1%) 79 (17%) 43 (9%) 9 (2%) 123 
(26%) 14 (3%) 15 (3%) 32 (7%) 67 (14%) 43 (9%) 1 (0%) 2 (0%) 19 (4%) 3 (1%) 474 
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Table 3.9 COVID-19 severity reported after COVID-19 vaccination in OCTAVE study, T cell breakdown 
Summary of COVID-19 severity reported in combined follow-up periods after COVID-19 vaccination for all 
immunocompromised patients in OCTAVE, split by disease subgroup and based on IFNγ ELISpot response to 
SARS-CoV-2 spike at the post-V2 timepoint. No response = 0SFU/106; yes response > 0SFU/106. * Kidney 
transplant and undefined inflammatory bowel disease groups were not included in 
group 1. 

  T cell breakdown - <6months post-v2 - 12months post-V1 (n (%))   SC  HM  AAV  IA HD HD on 
IS K-Tr * L-Tr L-AI L-Cirr CD UC IBD-U* Auto-

HSCT 
Allo-
HSCT  CAR-T  OCTAVE 

No 
response 

Asymptomatic - - - 0 (0%) 3 (38%) 1 (50%) - 0 (0%) - - - 0 (0%) - - 1 (33%) 0 (0%) 5 (28%) 
Symptomatic - - - 2 (100%) 3 (38%) 1 (50%) - 1 (100%) - - - 1 (100%) - - 1 (33%) 0 (0%) 9 (50%) 
Hospitalised - 
No Oxygen 
Required - - - 0 (0%) 1 (13%) 0 (0%) - 0 (0%) - - - 0 (0%) - - 0 (0%) 0 (0%) 1 (6%) 
Hospitalised - 
Oxygen 
Required - - - 0 (0%) 0 (0%) 0 (0%) - 0 (0%) - - - 0 (0%) - - 0 (0%) 0 (0%) 0 (0%) 
ITU  - - - 0 (0%) 0 (0%) 0 (0%) - 0 (0%) - - - 0 (0%) - - 1 (33%) 0 (0%) 1 (6%) 
COVID-19 
related 
mortality - - - 0 (0%) 1 (13%) 0 (0%) - 0 (0%) - - - 0 (0%) - - 0 (0%) 1 (100%) 2 (11%) 
Unknown/NA - - - 0 (0%) 0 (0%) 0 (0%) - 0 (0%) - - - 0 (0%) - - 0 (0%) 0 (0%) 0 (0%) 
Total

# 0 (0%) 0 (0%) 0 (0%) 2 (11%) 8 (44%) 2 (11%) - 1 (6%) 0 (0%) 0 (0%) 0 (0%) 1 (6%) - 0 (0%) 3 (17%) 1 (6%) 18 

Yes 
response 

Asymptomatic 0 (0%) 0 (0%) 0 (0%) 4 (22%) 4 (31%) 0 (0%) - 0 (0%) 1 (20%) 1 (14%) 0 (0%) 0 (0%) - 0 (0%) 1 (50%) - 11 (12%) 
Symptomatic 6 (75%) 0 (0%) 2 (67%) 7 (39%) 8 (62%) 3 (100%) - 2 (67%) 4 (80%) 2 (29%) 11 

(100%) 16 
(100%) - 0 (0%) 1 (50%) - 62 (67%) 

Hospitalised - 
No Oxygen 
Required 0 (0%) 0 (0%) 0 (0%) 1 (6%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) - 1 (1%) 
Hospitalised - 
Oxygen 
Required 0 (0%) 0 (0%) 0 (0%) 1 (6%) 1 (8%) 0 (0%) - 1 (33%) 0 (0%) 1 (14%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) - 4 (4%) 
ITU  0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) - 0 (0%) 
COVID-19 
related 
mortality 0 (0%) 0 (0%) 1 (33%) 0 (0%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) - 1 (100%) 0 (0%) - 2 (2%) 
Unknown/NA 2 (25%) 2 (100%) 0 (0%) 5 (28%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) 3 (43%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) - 12 (13%) 
Total

# 8 (9%) 2 (2%) 3 (3%) 18 (20%) 13 (14%) 3 (3%) - 3 (3%) 5 (5%) 7 (8%) 11 (12%) 16 (17%) - 1 (1%) 2 (2%) 0 (0%) 92 

Total 

Asymptomatic 0 (0%) 0 (0%) 0 (0%) 4 (20%) 7 (33%) 1 (20%) - 0 (0%) 1 (20%) 1 (14%) 0 (0%) 0 (0%) - 0 (0%) 2 (40%) 0 (0%) 16 (15%) 
Symptomatic 6 (75%) 0 (0%) 2 (67%) 9 (45%) 11 (52%) 4 (80%) - 3 (75%) 4 (80%) 2 (29%) 11 

(100%) 17 
(100%) - 0 (0%) 2 (40%) 0 (0%) 71 (65%) 

Hospitalised - 
No Oxygen 
Required 0 (0%) 0 (0%) 0 (0%) 1 (5%) 1 (5%) 0 (0%) - 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) 0 (0%) 2 (2%) 
Hospitalised - 
Oxygen 
Required 0 (0%) 0 (0%) 0 (0%) 1 (5%) 1 (5%) 0 (0%) - 1 (25%) 0 (0%) 1 (14%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) 0 (0%) 4 (4%) 
ITU  0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) - 0 (0%) 1 (20%) 0 (0%) 1 (1%) 
COVID-19 
related 
mortality 0 (0%) 0 (0%) 1 (33%) 0 (0%) 1 (5%) 0 (0%) - 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) - 1 (100%) 0 (0%) 1 (100%) 4 (4%) 
Unknown/NA 2 (25%) 1 (50%) 0 (0%) 3 (15%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) - 0 (0%) 0 (0%) 0 (0%) 6 (5%) 
Total

# 8 (7%) 2 (2%) 3 (3%) 20 (18%) 21 (19%) 5 (5%) - 4 (4%) 5 (5%) 7 (6%) 11 (10%) 17 (15%) - 1 (1%) 5 (5%) 1 (1%) 110 
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3.10 Supplementary Figures 
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Fig. S3 

 
  A B 

Fig. S3. Post-v3 IgG (A) and ACE2 inhibition (B) to SARS-CoV-2 VoC, separated by liver 

disease versus healthy controls. C) Ratio of IgG binding to WT and each respective VoC at 

post-v2 and post-v3 timepoints in liver disease and HC. Two-sided Mann-Whitney U test 

adjusted with Holm-Bonferroni. Fold-change of median depicted. Boxes represent median and 

IQR, whiskers represent +/- 1.5x IQR. HC = healthy controls; ACE2 = angiotensin-converting 

enzyme 2, WT = wild-type. * = P<0.05, ** = P<0.01, *** = P<0.001, **** = P < 0.0001.  
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Fig. S3.1 Impact of previous SARS-CoV-2 infection on anti-RBD Ig in individuals with liver 
disease 
A) Magnitude of anti SARS-CoV-2 RBD Ig in infection naïve and previously SARS-CoV-2 infected 
individuals at post-V1 and post-V2 timepoints.  
B) Magnitude of anti SARS-CoV-2 RBD Ig in Naïve individuals at post-V2 and post-V3 timepoints 
and in individuals who became nucleocapsid positive between second and third vaccines (Post-V3 
Newly N+ve).  
Boxes represent median and IQR, whiskers represent +/- 1.5x IQR. Mann Whitney U test used, 
adjusted P value presented. 

A B 

Fig. S3.2 V3+21 days binding IgG and ACE2 inhibition against SARS-CoV-2 VoC in individuals 
liver disease and healthy controls 
V3+21d IgG (A) and ACE2 inhibition (B) to SARS-CoV-2 VoC, separated by liver disease versus 
healthy controls.  
Two-sided Mann-Whitney U test adjusted with Holm-Bonferroni. Fold-change of median depicted. 
Boxes represent median and IQR, whiskers represent +/- 1.5x IQR. HC = healthy controls; ACE2 = 
angiotensin-converting enzyme 2, WT = wild-type. * = P<0.05, ** = P<0.01, *** = P<0.001, **** = P < 
0.0001.  
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4 Results: Impact of vaccine platform and dosing interval on SARS-
CoV-2 spike-specific T cell  function, phenotype and clonality 
4.1 Introduction 

In Chapter 3 I used IFNγ ELISpot assays to identify differences in functional T cell responses 

to SARS-CoV-2 spike peptide pools between immunocompromised and healthy individuals. 

While IFNγ ELISpot assays are a useful and commonly used measure of functional antigen-

specific T cells, it delineates only a single functional output – IFNγ release. T cell responses 

to vaccines represent the activation of multiple heterogeneous cell subsets (i.e., CD8+, CD4+, 

TH1, TH2, TH17, TFH and Treg) with diverse effector functions (e.g., cytokine production, 

cytotoxicity, cell-cell contact-dependent functions) (307). Therefore, more detailed study is 

required to capture the multiple facets of an effective T cell response to vaccination, including 

the functionality, phenotype and clonality of responding T cells.  

Flow cytometry-based assays, including intracellular cytokine staining (ICS), proliferation 

assays, MHC tetramer, and activation-induced marker (AIM) assays, enable simultaneous 

assessment of multiple functional and phenotypic markers (285, 308-314). AIM assays have 

recently emerged as an effective method to quantify antigen-specific CD4+ and CD8+ T cells 

independently of cytokine production. By measuring surface markers associated with TCR 

and costimulatory signalling (e.g., OX-40, CD40L, CD107a, ICOS, PD-1, 4-1BB, CD69, 

CD25), AIM assays capture high frequencies (compared to ICS (63)) of diverse T cell 

phenotypes (315-318). Additionally, AIM+ T cells remain viable for downstream analyses, 

enabling further functional and phenotypic characterization. When combined with 

transcriptomics, AIM assays facilitate deep profiling of polyclonal antigen-responsive T cells 

across biological contexts, including vaccination. Recent studies have leveraged this 

approach to reveal persistent transcriptional changes in SARS-CoV-2-specific T cells post-

mRNA vaccination (319) and a hyper-effector phenotype in mRNA-vaccinated XLA patients 

(320), underscoring AIM’s utility in dissecting T cell functional diversity. 
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Several factors related to the vaccine regimen have been identified that impact the magnitude 

of COVID-19 T cell responses, measured by IFNγ ELISpot, AIM assay or ICS. These factors 

include the vaccine type (64, 65), the number of vaccine doses (71, 73), the interval between 

vaccine doses (71, 73), pre-vaccine anti-SARS-CoV-2 T cell responses (79) and the length of 

time between the vaccine dose and sampling timepoint (73, 321). Crucially however, these 

studies do not give insight into the quality or potential breadth of responses induced by COVID-

19 vaccines. Study of the factors associated with vaccine-induced T cell quality is essential 

for future optimisation of vaccine regimen and to enhance our knowledge of pathways of 

vaccine immunogenicity.  

4.2 Summary of chapter rationale 

Multiple experimental approaches have been used to assess antigen-specific T cell responses 

to COVID-19 vaccines, highlighting various elements of the vaccine regimen that influence the 

magnitude of SARS-CoV-2-specific T cells. However, these methods provide limited 

resolution of the functionality of antigen-specific T cells and may not fully capture the 

complexity of vaccine-induced responses. Additionally, they do not assess T cell clonality, 

which is likely important for understanding the longevity of vaccine-induced immunity. 

Advancing our understanding of T cell functionality will help define optimal immunogenicity, 

identify key determinants of effective T cell responses, and guide improvements in vaccine 

regimen design.  

4.3 Hypothesis and Aims 

The central hypotheses of this chapter are as follows:  

1) SARS-CoV-2 spike-specific T cells differ in functionality and clonality depending on 

the type of SARS-CoV-2 stimulus (e.g. vaccine or infection) 

2) Factors relating to the vaccine regimen alter the quality of SARS-CoV-2 T cells that 

are induced by vaccines 

3) Pre-existing T cells that are cross-reactive to SARS-CoV-2 will impact the phenotype 
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of vaccine-induced T cells 

This chapter aims to address these main aims: 

1) Broadly characterise the function, phenotype and clonality of SARS-CoV-2 responsive 

T cells induced by COVID-19 stimuli, captured by the AIM assay 

2) Investigate the relationship between T cell phenotype and T cell clonality 

3) Assess the contribution of various factors relating to the vaccine regimen on the 

phenotype, function and clonality of antigen-responsive T cells, including:  

a. vaccine type 

b. number of vaccine doses 

c. the interval between vaccine doses 

d. pre-vaccine anti-SARS-CoV-2 T cell responses 

e. duration from vaccine dose 

4) Assess the phenotype and function of T cells induced by COVID-19 vaccines and 

compare them with T cells induced by COVID infection 

4.4 Chapter overview  

To address these aims, I analysed a single-cell CITE- and TCR-sequencing dataset generated 

by Dr. Nicholas Provine. This dataset included SARS-CoV-2 spike peptide-responsive T cells 

sorted by flow cytometry from PBMC samples taken before and after one or two doses of 

either BNT162b2 or ChAdOx1 nCoV-19 vaccination in healthy individuals. To compare 

vaccine prime-boosting intervals, individuals with either a short (3-4week) or long (8-12week) 

dosing interval were included. To compare the observed vaccine-induced responses with 

immune responses following SARS-CoV-2 infection (ancestral strain), SARS-CoV-2 spike 

responsive T cells were additionally captured at two timepoints following mild COVID-19. 

The work performed in this chapter is under review for publication, the manuscript is appended 

(Appendix 4):  

Murray S.M, Amini A., Ferry H., et al. The dominant impact of dosing interval on the quality of 
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T cells induced by SARS-CoV-2 mRNA and adenoviral vaccines. In revision, Science 

Immunology. (2025) 

4.5 Chapter specific methods 

4.5.1 AIM+ T cell pre-processing 

Following Louvain clustering and manual annotation of cell clusters, several developmentally 

distinct cell populations were found to co-cluster based on gene expression and were manually 

separated as follows: MAIT_2 were separated from the co-clustered VD2 and CD8_Tem 

populations based on co-expression of SLC4A10 and TRAV1-2; VD1_Eff were separated from 

the co-clustered CD8_IFNG population based on lack of expression of abTCR chains.  

4.5.2 Baseline spike-responsive T cell data pre-processing 

Single-cell RNA-sequencing data on CTVlo baseline reactive T cells underwent QC as per 

above. Integration of data from different experiments was performed using SCTransform with 

3000 variable features. As above, the VD2 population was separated from CD8_IFNG and 

CD8_GZMA populations based on lack of expression of abTCR chains.  

4.5.3 CellPhoneDB 

To find putative cell-cell interactions, CellPhoneDB (v5, (322)) was applied to the entire pre-

processed and filtered dataset, or subsets of cells including only BNT162b2 or ChAdOx1 

nCoV-19 vaccinated individuals. Differentially expressed genes for each cluster were 

identified using Limma and used for interaction analysis.  

4.5.4 CoNGA analysis of TCRs 

To identify the relationship between TCR physiochemical properties and gene expression, and 

identify clones enriched in our dataset compared with simulated ‘background’ TCR repertoires, 

we performed analysis using the CoNGA package (v0.1.2) (323) in Python (v3.9).  A PCA-

based approach was used to reduce cells with identical abTCR sequences to a single 

representative cell and TCRdist was used to calculate TCR distance metrics between clones. 

Neighbourhoods of gene and TCRdist similarity were defined using PCs of gene expression 
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and TCR distance data. Significant CoNGA scores represent clonotypes that are present in 

neighbourhoods with significant overlap in gene expression and TCR space.  

To identify TCR meta-clonotypes that were antigen-enriched, TCR clumping analysis was 

performed. A background VDJ repertoire was simulated and individual TCR neighbourhoods 

in the observed data were tested for overrepresentation compared to the null model 

(background) of VDJ recombination. Meta-clonotypes with >10 participating clonotypes were 

selected for further analysis, and clustalOmega within the msa (v1.32.0) package was used to 

derive consensus sequences for ⍺ and β CDR3 regions separately.  

4.5.5 Mixed linear models to identify impact of vaccine type and interval 

For analysis of the interactions between vaccine, interval and timepoint, sex and age, mixed-

effects linear models with estimated precision weights were assessed using the dream method 

of variancePartition (v1.3.0) (324), based on analysis performed in (212).  Briefly, gene counts 

within a given individual * timepoint * cluster combination were aggregated using the edgeR 

function Seurat2PB and filtered and normalized. voomWithDreamWeights was used to 

normalize data and estimate precision weights for dream analysis. Dream analysis was 

performed using the formula ~ 0 + group.time + Age + Sex  + (1|ID) to estimate regression 

coefficients for each gene and empirical bayes shrinkage was applied using the eBayes 

function of variancePartition.  

4.6 Results 

4.6.1 Study population and experimental design 

Individuals vaccinated with ChAdOx1 nCoV-19 (“ChAd”) or BNT162b2 (“BNT”) with a short or 

long dosing interval were sampled immediately before their first vaccine (“T0”), and before 

(“T1-short” and “T1-long”, respectively) and 28-days after (“T2”) their second vaccine dose 

(Fig. 4.1A). Paired samples from T0, T1 and T2 were assessed from six individuals in each of 

the ChAd-long, ChAd-short, BNT-long and BNT-short groups. Samples from the short ChAd 

group were from participants in COV001, while samples from all other groups were from the 
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PITCH study.  

Also included were a group of six unvaccinated individuals with mild COVID-19, sampled 

approximately 28 days (range 17-28 days, T1-Short) and 56 days (range 53-61 days, T1-

Long) after SARS-CoV-2 PCR positivity (“COVID”). Groups were broadly balanced for age 

Fig. 4.1 Experimental overview and AIM+ T cell flow cytometry 
A) Study overview.  
B) Flow cytometric staining of unstimulated and pre- and post- sort SARS-CoV-2 spike peptide stimulated peripheral 
blood. 
C) Proportion of activation induced marker (AIM)+ CD3+ T cells following 24 hour stimulation. 
D) Frequency of CD69+, 4-1BB+/OX-40+ (activation induced marker, AIM) CD3+ T cells after stimulation with SARS-
CoV-2 spike peptide. 
E) Frequency of CD4+, CD8+, CD4+CD8+ (Double positive, DP) and CD4−CD8− (Double negative, DN) AIM+ CD3+ T 
cells. 
F) Total number of AIM+ T cells sorted for single-cell RNA sequencing. 

 

4.1 PDF unstim Spike Post-sort
T1 & T2

Single-cell 
CITE&
TCR-seqBNT-L

BNT-S

ChAd-L

ChAd-S

COVID

T0 T2

4wks

T1-S

8-12wks

4wks

4wks

4wks

T1-L
8-12wks

4wks

4wks

4wks 4wks

A B

D E

F

C

0.01

0.10

1.00

10.00

Uns
tim

Spik
e

AI
M

 (%
 o

f T
 c

el
ls

)

CD69 - BV421

4-
1B

B 
+ 

O
X-

40
 - 

PE

Fig. 4.1 Experimental overview and AIM+ T cell flow cytometry
A) Study overview. 
B) Flow cytometric staining of unstimulated and pre- and post- sort SARS-CoV-2 spike peptide stimulated 
peripheral blood.
C) Proportion of activation induced marker (AIM)+ CD3+ T cells following 24 h stimulation.
D) Frequency of CD69+, 4-1BB+/OX-40+ (activation induced marker, AIM) CD3+ T cells after stimulation with 
SARS-CoV-2 spike peptide.
E) Frequency of CD4+, CD8+, CD4+CD8+ (Double positive, DP) and CD4−CD8− (Double negative, DN) AIM+ 
CD3+ T cells.
F) Total number of AIM+ T cells sorted for single-cell RNA sequencing.
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and sex (Table 4.1).  

To capture SARS-CoV-2 spike peptide-reactive T cell responses we used an AIM assay in all 

participants at T1 and T2 timepoints (Fig. 4.1B). AIM markers included CD69 and 4-1BB/OX-

40 – with 4-1BB/OX-40 on the same fluorophore (Fig. 4.1B). On average, 2% of CD3+ T cells 

were AIM+ (Fig. 4.1C), with little difference between study groups or timepoints (Fig. 4.1D). 

Median percentages of CD4+, CD8+ and CD4/CD8 double negative (DN) AIM+ T cells identified 

by flow cytometry were 86%, 7% and 6%, respectively (Fig. 4.1E). All AIM+ CD3+ T cells were 

isolated by flow cytometric cell sorting for multi-modal (RNA, TCR and eight selected cell-

surface phenotyping and AIM protein markers) single-cell sequencing, with the largest 

numbers of AIM+ CD3+ T cells obtained from BNT vaccinees (Fig. 4.1F).  

4.6.2 AIM+ T cells elicited by COVID-19 infection and vaccination display diverse 

phenotypes 

To assess the phenotypes of AIM+ T cells captured after COVID-19 vaccination or infection I 

first analysed the dataset as a whole, combining timepoints from all groups. After sequencing 

and QC (Section 2.12.1), the final dataset of AIM+ T cells contained 128,017 cells (Fig. 4.2A). 

PCA and UMAP were used to reduce the dimensionality of the transcriptomic data for 

visualisation and Louvain clustering was used to group cells based on their transcriptional 

similarity (Fig. 4.2A). Clusters of CD4+ and CD4- T cells were observed (Fig 4.2B).  

Following clustering and manual annotation of cell clusters, several developmentally distinct 

cell populations were found to co-cluster within the non-CD4 populations (Fig 4.2C). Cluster 

9 included cells which expressed genes unique to mucosal-associated invariant T cells 

(SLC4A10, TRAV1-2), Vδ2 γδT cells (TRDV2) and non-MAIT CD8+ T cells (Fig 4.2C). Cluster 

11 included a mixed population of effector Vδ1 γδT cells (expressing TDRV1) and ⍺β CD8+ T 

cells. Owing to the known developmental differences of these cell types (325, 326), these 
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Fig. 4.2 COVID-19 vaccines induce heterogenous SARS-CoV-2 spike responsive T cell 
populations 
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populations were manually sub-clustered based on expression thresholds of their subset-

defining genes (Section 4.5.1). 

18 final clusters were identified: 11 were identified as CD4+ T cells, two as CD8+ T cells, two 

as mucosal-associated invariant T (MAIT) cells, and three as γδT cell populations (Fig 4.2D). 

All vaccine types, both timepoints and the majority (80%) of donors contributed to all clusters 

(Fig. 4.2E&F).  

CD4+ T cell clusters comprised multiple populations with clear parallels to known polarized 

subsets, including a hybrid TH1/TFH cluster (CD4_Th1_Tfh), a hybrid TH1/TH17 cluster 

(CD4_Th1_Th17), a TH2 cluster (CD4_Th2), and a Treg cluster (CD4_Treg) (Fig. 4.2E&F). 

Several clusters exhibited phenotypes not associated with TH polarization, including a 

cytotoxic population (CD4_cytotoxic) and memory states (CD4_Tcm and CD4_Tcm2). Finally, 

four clusters of CD4+ T cells were defined by distinctive expression of specific markers 

(TGFB1, interferon stimulated genes [ISGs], HLA molecules, and ZBTB16 [encodes PLZF], 

respectively) and could not be easily assigned to known CD4+ populations (CD4_TGFB1, 

CD4_ISG, CD4_HLA, and CD4_PLZF). The two clusters of CD8+ T cells corresponded to 

activated IFNγ-producing effector CD8+ T cells (CD8_IFNG) and more quiescent effector 

memory TEM cells (CD8_Tem) (Fig. 4.2E&F).   

Detection of some of these clusters was surprising. MAIT and γδT cells were not expected to 

respond to SARS-CoV-2 spike peptides, as their cognate antigens are not peptides (325, 326). 

Fig. 4.2 COVID-19 vaccines induce heterogenous SARS-CoV-2 spike responsive T cell 
populations 
A) Uniform manifold approximation and projection (UMAP) embedding of combined T1 and T2 AIM+ T cell 
transcriptomic data, clustered using Louvain clustering at 0.7 resolution (pre-clean up). 
B) Scaled normalized expression of CD8 and CD4 surface protein (ADT)  
C) Scaled normalized expression of mucosal associated invariant T cell (MAIT) (SLC4A10 and TRAV1-2) and γδT 
cell (TRDV2 and TRDV1) associated genes.  
D) UMAP representation of gene expression data from sorted AIM+ CD3+ T cells, with manual annotation after 
separation of clusters 11 and 9. 
E) Selected surface protein and RNA features used for manual annotation.  
F) Proportion of study group (left), timepoint (middle), and donor (right) of AIM+ T cell clusters defined by single-cell 
RNA sequencing 



 113 

It was also unexpected to find transcriptionally resting/undifferentiated cells such as the 

CD4_HLA, CD4_Tcm and CD8_Tem populations. As such, I next investigated the  phenotype 

of these cells further.  

4.6.3 Resting AIM+ T cells have defined transcriptional characteristics 

In the conventional AIM assay, background subtraction of the small fraction of T cells that are 

AIM+ at rest gives a very good signal-to-noise ratio (315-317). However, these cells cannot be 

excluded from sorting gates when isolating cells by flow cytometric cell sorting. Therefore, a 

small fraction of the recovered cells may be background activated.  

To identify cell types enriched for background activated phenotypes, I identified baseline AIM+ 

cells by surface expression of CD69, CD134 (OX-40), and CD137 (4-1BB) in a published 

CITE-seq dataset of unstimulated T cells prepared in a similar manner to our dataset (327) 

(Fig 4.3A). Based on the cluster annotations from the original publication, MAIT cells were the 

population most over-represented in the baseline AIM+ population (Fig. 4.3B). When T1 and 

T2 AIM+ cluster labels were mapped onto the baseline AIM+ population, nearly all cells mapped 

to CD4_Tcm, CD8_Tem, VD2, and MAIT_1 cells (Fig. 4.3C). Critically, many of the polarized 

CD4+ T cell clusters we identified (e.g., TH1) did not have a corresponding baseline AIM+ 

population and therefore are distinct activated populations.  

4.6.4 AIM+ MAIT cells have signatures of cytokine-driven activation 

As evidenced by our analysis of baseline AIM+ T cells, the detection of MAIT and γδT cells is 

at least partially attributable to their expression of AIM markers at rest. Baseline AIM+ MAIT 

cells only mapped to our MAIT_1 cluster, suggesting the MAIT_2 phenotype was activation 

induced (Fig. 4.3C). MAIT cells and γδT cells can become “bystander activated”, by cytokine 

stimulation independent of their TCR specificity (247), perhaps explaining their detection in 

the AIM assay. To determine if bystander activation of MAITs could be observed here, I first 

confirmed that the TCR characteristics of the MAIT_1 and MAIT_2 clusters mirrored those 
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seen previously in sorted MAIT cells (247) (Fig. 4.4A-D). Clonal overlap was observed 

between the two clusters and across timepoints, suggesting the two clusters reflected plastic 

phenotypes (Fig. 4.4E). Notably, the MAIT_2 cluster had a signature of cytokine-mediated or 

dual TCR and cytokine (IL-12 and IL-18) stimulation, while the MAIT_1 cluster had a signature 

of TCR-driven activation (Fig. 4.4F&G). Thus, the MAIT_2 cluster appears to represent an 

effector population responding in a secondary manner to cytokines produced by antigen-

A

B C

Fig. 4.3 Re-analysis of publicly available unstimulated AIM+ cells identifies background populations  
Cellular indexing of transcriptomes and epitopes (CITE) sequencing analysis of RNA and surface protein 
expression on unstimulated T cells from dataset derived from Zhang et al 2023 (22). 
A) Normalized expression of activation induced marker surface expression on unstimulated T cells. For 
CD137 (4-1BB) and CD69, red lines represent manually defined expression cut-off. For CD134 (OX-40), a 
clear positivity cut-off could not be defined, so a 95% expression level cut-off was used. 
B) Proportion of Zhang et al defined T cell subpopulations in AIM+ (CD69+, 4-1BB+/OX-40+, defined using 
thresholds in A) and AIM− T cells in the unstimulated T cells. 
C) Projection of annotations defined on spike-responsive AIM+ T cells in the present study onto 
unstimulated AIM+ T cells in Zhang et al 2023 dataset. 

Fig. 4.3 Re-analysis of publicly available unstimulated AIM+ cells identifies background populations   
Cellular indexing of transcriptomes and epitopes (CITE) sequencing analysis of RNA and surface protein 
expression on unstimulated T cells from dataset derived from Zhang et al 2023  
A) Normalized expression of activation induced marker surface expression on unstimulated T cells. For CD137 
(4-1BB) and CD69, red lines represent manually defined expression cut-off. For CD134 (OX-40), a clear positivity 
cut-off could not be defined, so a 95% expression level cut-off was used.  
B) Proportion of Zhang et al defined T cell subpopulations in AIM+ (CD69+, 4-1BB+/OX-40+, defined using 
thresholds in A) and AIM− T cells in the unstimulated T cells.  
C) Projection of annotations defined on spike-responsive AIM+ T cells in the present study onto unstimulated 
AIM+ T cells in Zhang et al 2023 dataset.  
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specific T cells. 

Enriched in MAIT_1

F G
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Fig. 4.4 Identification of cytokine and TCR stimulated AIM+ mucosal-associated invariant T cell 
populations  
A&B) CDR3 length of ⍺ (A) and β (B) TCR chains in MAIT_1 and MAIT_2 AIM+ T cell populations. 
C) CDR3 amino acid motifs of most common length ⍺ and β TCR chains from MAIT_1 and MAIT_2 AIM+ T 
cell populations. 
D) Frequency of TRAJ and TRBV gene usage combinations. 
E) Overlap of paired ⍺β CDR3 amino acid sequence clones between MAIT populations and across 
timepoints.
F) Scaled RNA expression of the top 20 significant differentially expressed genes between MAIT subtypes. 
G) Geneset enrichment of genesets derived from sorted MAIT cells stimulated with TCR, cytokine (IL-12 and 
IL-18) or TCR and cytokine (IL-12 and IL-18) in (Garner et al. 2023). Genes were ranked based on average 
log fold change between MAIT clusters. 

Fig. 4.4 Identification of cytokine and TCR stimulated AIM+ mucosal-associated invariant T cell 
populations   
A&B) CDR3 length of ⍺ (A) and β (B) TCR chains in MAIT_1 and MAIT_2 AIM+ T cell populations.  
C) CDR3 amino acid motifs of most common length ⍺ and β TCR chains from MAIT_1 and MAIT_2 AIM+ T cell 
populations.  
D) Frequency of TRAJ and TRBV gene usage combinations.  
E) Overlap of paired ⍺β CDR3 amino acid sequence clones between MAIT populations and across timepoints. 
F) Scaled RNA expression of the top 20 significant differentially expressed genes between MAIT subtypes.  
G) Geneset enrichment of genesets derived from sorted MAIT cells stimulated with TCR, cytokine (IL-12 and IL-
18) or TCR and cytokine (IL-12 and IL-18) in (Garner et al. 2023). Genes were ranked based on average log fold 
change between MAIT clusters.   
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4.6.5 SARS-CoV-2 responsive T cells have diverse functional characteristics 

Having identified sources of background in the recovered populations, I next assessed the 

functional characteristics of the AIM+ populations. In line with the annotated transcriptomic 

phenotype, canonical effector molecules of given T cell polarization states were produced as 

expected: IFNG was produced by the TH1/TFH, TH1/TH17, CD8+ T cell and unconventional T 

cell populations; IL2 and IL21 were produced by the TH1/TFH cluster, IL17F and IL22 were 

produced by the TH1/TH17 cluster, and IL4 and IL13 was produced by the TH2 cluster (Fig. 

4.5A&B) (328). Cytotoxic molecules and the inflammatory chemokines CCL3 and CCL4 were 

expressed by the CD8+ T cell and unconventional T cell clusters, as expected (329). TNF was 

broadly expressed and in some cases was the only detectable effector cytokine. Interestingly, 

the CD4+ cytotoxic cluster expressed cytotoxic granules GZMA, GZMB and PRF1 at levels 

comparable to the differentiated Th1 and Th17 populations but did not express any IFNG or 

IL2. CD4_HLA, CD4_TGFB1, CD4_Tcm and CD8_Tem clusters had the lowest overall 

expression of cytokines, concordant with their resting phenotype (Fig. 4.5A & 4.2E). The Treg 

cluster notably did not produce IL10 (330, 331) (Fig. 4.5A). Interestingly, the populations with 

the highest expression of IFNG and TNF were the MAIT_2 and Vδ2 populations (Fig 4.5A).  

Different combinations of AIMs can be used to identify peptide-reactive cells (315-318). In 

addition to CD69, OX-40 and 4-1BB which were included in the staining panel, CITE-seq 

staining for other commonly used AIM markers was performed: CD107a, CD40L, ICOS and 

PD-1 (Fig. 4.5C). RNA transcript expression for CD69, OX-40 and 4-1BB was consistent with 

the expected protein-level expression for each AIM (Fig. 4.2E & 4.5C). However, comparison 

of the surface protein expression of the other AIMs revealed interesting patterns. CD40L was 

expressed in CD4+ T cell clusters as compared to CD8+ T cell clusters, with the marked 

exception of Treg cells that had low expression (Fig. 4.5C). ICOS was also more strongly 

expressed on CD4+ T cell clusters as compared to CD8+ T cell clusters, with strongest 

expression on the TH1/TFH and Treg clusters (Fig. 4.5C). Finally, PD-1 expression was biased 
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towards clusters associated with type 1 immunity (TH1/TFH), with low expression on most CD4+ 

T cell clusters. Thus, depending on the combination of AIMs used, markedly distinct T cell 

populations, particularly CD4+ T cell populations, are recovered.  

4.6.6 AIM+ T cell populations have varied effector and inhibitory interactions.  

To better understand the function of AIM+ T cells, we examined putative cell-cell interactions 

between clusters using CellphoneDB, with the caveat that only T cell – T cell interactions could 

be examined in this dataset. CellphoneDB uses a curated database of experimentally derived 

and predicted cell-cell interactions, which are mapped to clusters by examining the relative 

Fig. 4.5 SARS-CoV-2 spike responsive T cell clusters are functionally heterogenous 
A) Mean normalized RNA expression of selected functional genes across clusters. 
B) Mean normalized ADT expression of surface activation induced proteins. 
C) Projection of the RNA expression density of selected functional cytokines onto gene expression UMAP. 
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expression patterns of ligands and their receptors (322, 332).  

Overall, CD4+ T cells sent and received proportionally fewer signals than CD8+ T cells and 

unconventional T cells (Fig. 4.6A-C). Classification of these using pre-prepared biological 

classifications interactions highlights diverse biology (Fig. 4.6B). The majority of interactions 

were classified within human leukocyte antigen (HLA), TNF, Intercellular Adhesion Molecule 

Fig. 4.6 Unique effector and inhibitory interactions between SARS-CoV-2 spike responsive T 
cell clusters 
A) Pearson correlation of total number of interactions to and from a given cell type, with or without 
CD4_Th1_Tfh cluster. Point size is scaled by number of cells per cluster. 
B&C) Significant CellphoneDB derived interactions from (top) or to (bottom) each spike-responsive T 
cell cluster, separated by B) broad biological interaction class or C) cell type interaction partner.
D) Selected effector and inhibitory interactions that originate from the CD4_Th1_Tfh cluster. Arrow 
points in direction of interaction and is scaled by interaction strength.
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Fig. 4.6 Unique effector and inhibitory interactions between SARS-CoV-2 spike responsive T cell clusters  
A) Pearson correlation of total number of interactions to and from a given cell type, with or without CD4_Th1_Tfh 
cluster. Point size is scaled by number of cells per cluster.  
B&C) Significant CellphoneDB derived interactions from (top) or to (bottom) each spike-responsive T cell cluster, 
separated by B) broad biological interaction class or C) cell type interaction partner. 
D) Selected effector and inhibitory interactions that originate from the CD4_Th1_Tfh cluster. Arrow points in 
direction of interaction and is scaled by interaction strength. 
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(ICAM) and “other” groups, which includes broad cytokine signalling pathways (322, 332).  The 

TH1/TFH cluster sent the greatest number of signals to other clusters, suggesting a “hub” role 

for these cells (Fig. 4.6A&C). Examination of specific interactions revealed both immune 

stimulatory (e.g., IFNγ, TNF and FASL interaction with their receptors) and immunomodulatory 

(e.g., BTLA and Prostaglandin E2 interaction with their receptors) interactions between the 

TH1/TFH cluster and all other clusters (Fig. 4.6D). 

4.6.7 Antigen-specific and expanded clones are shared across T cell subsets 

Analysis of the transcriptional and surface protein expression of AIM+ T cell subsets identified 

diverse T cell populations. Some analysis suggests that T cell clonality and TCR specificity 

are related to T cell function, with relevance to T cell memory formation (333-335). Therefore, 

I next explored the relationship of T cell clonality and function amongst the SARS-CoV-2 

responsive T cells. Clusters did not show specific enrichment of TCR⍺ or TCRβ chains, with 

the exception of the CD4_PLZF cluster (Fig. 4.7A&B), which was enriched for TRAV10, 

TRBV4-1, TRAJ18 and TRBV12-5 genes. Expanded clones were found across all clusters 

and at both timepoints, but were proportionally more abundant in TH2 cells, cytotoxic CD4+ T 

cells, ISGhi CD4+ T cells and IFNγ+ CD8+ T cells (Fig. 4.7C). A large proportion of captured 

cells in each cluster were unexpanded. In expanded clones, there was considerable clonal 

sharing between CD4+ T cell clusters, with notable exception of the Treg population (Fig. 

4.8A&B). A major contribution to this clonal sharing was population interconversion between 

timepoints (Fig. 4.8C).  

4.6.8 For a given effector state, T cell functionality is related to clonality 

The considerable cross-cluster sharing suggests that clonality is not directly related to gene 

expression. To more systematically assess the relationship between clonal identity and 

transcriptomic signature, I performed Clonotype Neighbor Graph Analysis (CoNGA), an  
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Fig. 4.7 The SARS-CoV-2 spike responsive TCR repertoire is diverse and includes large, expanded clones 
A) TRAJ, TRAV, TRBJ and TRBV frequencies within spike-responsive CD4+ cell populations. 
B) Gene usages with most significant differences in variation across cell clusters measured by ANOVA. 
Benjamini-Hochberg adjusted P value presented.  
C) Proportion of cells within expanded or singlet clones per cluster and timepoint projected onto gene expression 
UMAP (left) or as proportion of cluster (right). Clones defined as an identical paired ⍺β CDR3 amino acid 
sequence within an individual/timepoint.  
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approach which integrates TCR distance metrics with gene expression values to find 

associations between T cell functionality and specificity (Section 4.5.4)(323). As expected, 

this approach identified a strong correlation between gene expression and TCR specificity in 

both MAIT populations (Fig. 4.9A&B). However, other AIM+ clonotypes showed mostly low or 

no relationship between gene expression and TCR specificity. The CD4_PLZF and 

CD8_IFNG clusters had the highest proportion of clones with significant enrichment of gene 

expression and TCR clonality, including groups of highly enriched clones (Fig 4.9C). Further 

analysis of these enriched clonotypes identified groups of T cell clones with restricted TCR 

gene usage (Fig. 4.9D). Clones within the PLZF+ CD4+ T cell cluster were restricted to TRBV4-

1 and had diverse TRAV/TRAJ gene usages (Fig. 4.9D). The semi-invariant TCR chain in 

combination with PLZF expression in this population align with previously described CD1c 

auto-reactive CD4+ T cells (336).  A search of VDJdb (vdjdb.cdr3.net) indicated that one of the 
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Fig. 4.8 SARS-CoV-2 spike responsive T cell clones are shared between clusters and their phenotype is 
altered with a boosting dose  
A) Sharing of expanded CD4+ T cell clones (clone size >1) across transcriptional phenotype. Chord sizes reflect 
the relative proportion of each cluster that has shared clones.  
B) Number and proportion of clones that are singlets; or expanded clones that are unique to a given cluster or 
shared across clusters.  
C) Overlap of paired ⍺β CDR3 amino acid sequence clones between spike-responsive CD4+ T cell populations 
across timepoints  
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enriched CD8+ CDR3b amino acid sequences (CASQETNTGELFF) matched a previously 

published SARS-CoV-2 spike specific clone, suggesting this likely represents a public SARS-

CoV-2 spike specific clonotype. 

 This analysis suggested that when looking at clones across the entire dataset, TCR specificity 

was not related to T cell gene expression, likely because of the cross-cluster clonal sharing 

previously observed (Fig. 4.8A). I next assessed if measures of T cell activity were associated 

with clonal expansion within a given cell type. In contrast to the CoNGA analysis, expanded 

clones within IFNγ+ CD8+ and TH1/TFH clusters were associated with increased cytotoxicity 

Clone size Single (1) Small (2) Medium (2−5)
Large (5−10) Hyperexpanded (>10)

A B

ED

CD
4_
Tc
m2

C

Fig 4.9 AIM+ T cell clonality and functionality are related
CoNGA analysis of TCR x Gene expression. All data represent cells condensed into single unique 
clonotypes (n=61,375) as per Section 4.5.4 and Schattgen et al. 2022. 
A) Gene expression UMAP embedding coloured by CoNGA score. Score capped at 10-5 to aid 
visualization.
B) Proportion of unique clonotypes with CoNGA enrichment score <0.05 (enriched). 
C) Enrichment score for individual CoNGA enriched clonotypes, dotted line represents cut-off used to 
select clonotypes for further analysis. 
D) Analysis of gene usage from top CoNGA enriched clones within CD4_PLZF and CD8_IFNG clusters. 
E) Per cell effector CD8+ cytotoxicity module score (left) and effector CD4+ normalized IFNG transcript 
expression (right) as a function of clonal size (Mann-Whitney U test, Bonferroni adjusted). 

Fig. 4.9 The clonality and functionality of SARS-CoV-2 spike responsive T cells are related 
CoNGA analysis of TCR x Gene expression. All data represent cells condensed into single unique clonotypes 
(n=61,375) as per Section 4.5.4 and Schattgen et al. 2022.  
A) Gene expression UMAP embedding coloured by CoNGA score. Score capped at 10-5 to aid visualization. 
B) Proportion of unique clonotypes with CoNGA enrichment score <0.05 (enriched).  
C) Enrichment score for individual CoNGA enriched clonotypes, dotted line represents cut-off used to select 
clonotypes for further analysis.  
D) Analysis of gene usage from top CoNGA enriched clones within CD4_PLZF and CD8_IFNG clusters.  
E) Per cell effector CD8+ cytotoxicity module score (left) and effector CD4+ normalized IFNG transcript 
expression (right) as a function of clonal size (Mann-Whitney U test, Bonferroni adjusted).  
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(published geneset from (246)) and IFNG production respectively (Fig. 4.9E). Therefore, for a 

given effector state, clonal expansion is associated with T cell functionality.  

4.6.9 Antigen-enriched meta-clonotypes are enriched in certain AIM+ T cell clusters 

On the basis that TCR clones with similar physiochemical and sequence properties are likely 

to bind to similar antigen (337), TCR distancing metrics which quantify these properties can 

be used to cluster highly physiochemically similar, but non-identical, TCRs together into “meta-

clonotypes”. Such meta-clonotypes are informative as the high potential variation in the TCR 

repertoire (estimated number of clones in the human body is between 108-1010 (338), with a 

theoretical limit of 1061 possible clones (339)) makes it challenging to identify expanded clones 

with limited sample sizes, even within antigen-enriched T cell populations as in this study.  

To test whether each meta-clonotype was likely to be antigen enriched, I performed TCR 

clumping analysis using the CoNGA package (Section 4.5.4). This analysis identified multiple 

antigen-enriched meta-clonotypes in both CD4+ and CD8+ T cell clusters and accounted for 0-

2.5% of clonotypes within each conventional T cell population (Fig. 4.10A&B). Notably, none 

of the 6,001 unique clonotypes identified in the CD4+ Treg cluster were predicted to belong to 

an antigen-enriched meta-clonotype (Fig. 4.10B). Furthermore, CD4+ T cells associated with 

the AIM+ background (CD4_Tcm, Fig. 4.3C) or with a more resting gene expression 

phenotype (CD4_TGFB1 and CD4_HLA, Fig. 4.5A) had lower frequencies of antigen-

enriched clonotypes compared with other CD4+ T cell populations (Fig. 2F).  

173 distinct meta-clonotypes were predicted to be antigen-enriched, including 11 with more 

than 10 unique participating clonotypes (Fig. 4.10C-F). The antigen-enriched meta-clonotypes 

included cells from several cell types (Fig. 4.10C). Interestingly, based on TCR gene usage, 

the largest antigen-enriched meta-clonotype matched the description of a CD1d restricted 

invariant NKT TCR (340). This aligned with the CoNGA clonotype analysis, which 

independently identified clones within the PLZF+ CD4+ T cell cluster that were restricted to 

TRBV4-1 gene usage (Fig 4.9D). These TCR characteristics, combined with PLZF expression 
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in this cluster, suggests that CD1c, CD1b and CD1d auto-reactive CD4+ T cells may 

additionally be captured in this assay (336, 341). The presence of these cells in the AIM+ T 

cell population is likely caused by the same processes of bystander activation that result in 

identification of MAIT cells, as discussed above (Fig. 4.4). 

Other predicted antigen-enriched meta-clonotypes represent undescribed clusters of likely 

SARS-CoV-2 spike-specific T cell clones with similar TCR properties, the largest of which are 

characterized in Fig. 4.10C-F. 

4.6.10 AIM+ Treg cells suggest an immune promoting phenotype 

The TCR analysis suggests that the Treg population is not a clonally-restricted antigen-specific 

population (Fig. 4.10). However, prior optimization studies have suggested that AIM+ Treg cells 

are activated in a manner dependent on antigen stimulation (317, 342). Consistent with this, 

Fig. 4.10 Meta-clonotype analysis identifies SARS-CoV-2 spike responsive T cell clones that are antigen 
enriched 
A) Gene expression UMAP colored by the statistical significance of TCR neighborhood (meta-clonotype) antigen 
enrichment compared with the simulated expected VDJ background. 
B) Frequency of clonotypes within each T cell cluster that are predicted to be within an antigen-enriched TCR 
meta-clonotype (adjusted p value <0.05). 
C-F) Antigen-enriched TCR meta-clonotypes with >10 participating unique clonotypes detected using TCR 
enrichment programme within CoNGA package, includes paired ⍺β CDR3 consensus sequences and cell type 
(C), vaccine (D), timepoint (E), and TCR gene usage proportions (F).  
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our baseline analysis found only a minor contribution of Treg cells to the background (Fig. 4.3). 

Therefore, I was interested in understanding the function of these antigen-responsive Treg 

cells. Sub-clustering identified multiple clusters with graded expression of CCR7, CD278 

(ICOS), LEF1 and CTLA4, suggesting the presence of both effector Treg cells (CTLA-4+ ICOS+ 

FoxP3int CD25lo) and memory Treg cells (LEF1+ CCR7+ FoxP3hi CD25hi) (Fig. 4.11A-C)(343). 

FOXP3, IL2RA and moderate levels of IKZF2 (HELIOS) were expressed by all clusters (Fig. 

4.11B). All Treg cell clusters had minimal production of canonical Treg effector cytokines IL10, 
A B

C
E

D F

Fig. 4.11 AIM+ Regulatory T cells have an immune promoting phenotype
A) UMAP and Louvain clustering of CD4_Treg subset. 
B) Scaled expression of Treg associated genes. 
C) Scaled surface protein or gene expression of markers associated with effector and memory Tregs. 
D) Expression of activation induced marker associated and Treg functionality associated genes in Treg 
clusters and other CD4+ and CD4− spike-responsive T cells. 
E) Aggregate gene expression for gene ontology biological pathway (GOBP) modules associated with 
antigen processing and response to antigen. 
F) Selected unique or enriched CellphoneDB derived significant interactions made from Tregs to other 
spike-responsive T cell clusters. 

Fig. 4.11 AIM+ Regulatory T cells have an immune promoting phenotype 
A) UMAP and Louvain clustering of CD4_Treg subset.  
B) Scaled expression of Treg associated genes.  
C) Scaled surface protein or gene expression of markers associated with effector and memory Tregs.  
D) Expression of activation induced marker associated and Treg functionality associated genes in Treg clusters and 
other CD4+ and CD4− spike-responsive T cells.  
E) Aggregate gene expression for gene ontology biological pathway (GOBP) modules associated with antigen 
processing and response to antigen.  
F) Selected unique or enriched CellphoneDB derived significant interactions made from Tregs to other spike-
responsive T cell clusters.  
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TGFB, IL12A and EBI3 (Fig. 4.11D). In contrast to a suppressive response, the Treg 

populations appeared to have an immune promoting phenotype. Multiple effector Treg clusters  

(clusters 0-3) had elevated expression of gene sets associated with antigen presentation and 

positive regulation of inflammatory responses to antigen stimulation (cluster 3), compared with 

other Treg populations (Fig. 4.11E). A putative reciprocal interaction between the Treg cluster 

and nearly all populations involved cell-cell interaction via CD62L (SELL) binding to the 

receptor PSGL-1 (SELPLG). Additionally, Treg cells uniquely produced IL7 (Fig. 4.11F). In 

sum, this suggests that although AIM+ Tregs are clonally unrelated to the other CD4+ AIM+ T 

cells, they have a unique immune-promoting role. 

4.6.11 Pre-existing SARS-CoV-2-reactive T cells are detectable prior to COVID-19 
vaccination 

Having broadly described the phenotype, functionality and clonality of AIM+ T cells after 

vaccination, I next aimed to assess the impact of pre-existing T cell clones on the development 

of SARS-CoV-2 spike-specific T cell responses.  

To address this, I analysed a dataset of spike-specific T cells generated by Dr Nicholas 

Provine using a seven-day cell proliferation assay at the pre-vaccine timepoint (“T0”) (231) 

(Fig. 4.12A&B). The CTV-dilution cell proliferation assay was selected due to its high 

sensitivity (309), and because the main aim of this analysis was to assess the recall of pre-

existing T cell clones over vaccination, rather than to investigate the functionality of pre-

existing clones (which is altered over the 7-day stimulation period).  

After QC, 1,050 pre-vaccination SARS-CoV-2 responsive T cells were recovered comprising 

CD4+ and CD8+ T cell populations with naïve and effector phenotypes (Fig. 4.12C-E). 

Unconventional T cells were also recovered (Fig. 4.12C-E). Reference mapping the T0 

dataset to the T1/T2 AIM dataset found that only a portion of the populations described in the 

AIM+ data mapped to the T0 data, but there was logical concordance between annotations 

(Fig. 4.12F). The relative frequency of T cell populations captured from individuals in BNT and  
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Fig. 4.12 Proliferative SARS-CoV-2-reactive T cells are detectable prior to COVID-19 vaccination  
A) Representative flow cytometric staining of cell trace violet (CTV) dilution assay to detect SARS-CoV-2 spike reactive 
T cells prior to vaccination.  
B) Frequency of CTVlo T cells after 7 days with or without SARS-CoV-2 peptide stimulation.  
C) UMAP embedding of pre-vaccination spike-responsive T cells.  
D&E) Scaled gene expression of phenotyping (D) and effector (E) genes in pre-vaccination spike-responsive T cells.  
F) Comparison of manual annotation of pre-vaccination spike-responsive T cells with annotations mapped onto pre-
vaccination spike-responsive T cell dataset from post-vaccination AIM+ spike-responsive T cells.  
G) Proportion of cells from each vaccination group in each pre-vaccination T cell cluster.  
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 ChAd groups were broadly similar, however more cells within naive CD4+ and the mixed 

MAIT/ Vδ2 γδT cell population were captured prior to vaccination in individuals in the BNT 

group (Fig. 4.12G).  

4.6.12 Recall of pre-existing SARS-CoV-2 reactive T cell clones has little impact on the 

function of vaccine-induced T cells.  

I next assessed the recall of T0 clones at T1 and T2 timepoints. 756 unique paired TCR 

clonotypes were detected at T0. Only 21 (2.8%) of these overlapped with either of the post-

vaccine timepoints and only eight (1.1%) were found at both timepoints (Fig. 4.13A). Strikingly, 

pre-existing spike-reactive T cells were found post-vaccination only in the BNT group (0 out of 

22,368 cells in pre-existing clones ChAd vs 94 out of 40,569 cells in pre-existing clones BNT, 

p = 1.46x10-18, Fisher’s exact test) (Fig. 4.13B). Baseline clones identified at post-vaccine 

timepoints were mostly found in CD8+ T cell clusters (Fig. 4.13C). Post-vaccination, pre-

existing clonotypes were not more cytotoxic than ones only identified after vaccination (Fig. 

4.13D). Collectively, these data suggest that pre-existing cross-reactive T cells make only a 

minor contribution to the overall vaccine-induced response and recall of pre-existing clones 

does not alter the cytotoxic function of vaccine-induced CD8+ T cells.  

4.6.13 CD4+ T cells that are recalled upon second vaccination have an altered 

phenotype compared to the de novo response.  

I next examined if clones induced by the primary vaccine and recalled by the second dose 

(detected at T1 and T2; “recalled clones”) were different from clones only detected at T2 (and 

thus more likely to be a de novo response of vaccine dose 2). Differential expression analysis 

revealed a limited set of genes in each cluster between recalled and de novo clones, with the 

largest number of differences in the TH1/TFH, TH1/TH17, cytotoxic and ISGhi CD4+ T cell clusters  

(Fig. 4.14A). No genes were significantly differentially expressed between recalled and de 

novo clones in IFNγ+ CD8+ T cells. Cytolytic components such as GZMA, GZMB (Granzyme 

A & B), GNLY and LGALS1 were amongst the most upregulated genes in recalled versus de 

novo clones in CD4+ populations (Fig. 4.14B). In TH1/TFH cells but not TH1/TH17 cells, this 
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corresponded with a more effector-like phenotype, with decreased protein expression of 

CCR7 and CD45RA (Fig. 4.14C). Thus, effector function and memory phenotype differ across 
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Fig. 4.13 Pre-existing clones are recalled with BNT162b2 vaccination but not ChAdOx1 nCoV-
19, but have little impact on SARS-CoV-2 specific response 

A) Number of unique paired ⍺β TCR clones that are shared across study timepoints in conventional 
spike-responsive T cells. 
B) Number of unique paired TCR clones that are shared across study timepoints in conventional 
spike-responsive T cells, split by vaccine type. 
C) Proportion of post-vaccine spike-responsive conventional T cell clones that are shared across 
timepoints within an individual donor. 
D) Cytotoxicity module score of post-vaccination effector CD8+ cells that shared or did not share 
clonality with a pre-vaccination spike-responsive T cell (students T-test). 

Fig. 4.13 Pre-existing clones are recalled after vaccination with BNT162b2 but not ChAdOx1 nCoV-19, but 
have little impact on SARS-CoV-2 specific response  
A) Number of unique paired ⍺β TCR clones that are shared across study timepoints in conventional spike-
responsive T cells.  
B) Number of unique paired TCR clones that are shared across study timepoints in conventional spike-
responsive T cells, split by vaccine type.  
C) Proportion of post-vaccine spike-responsive conventional T cell clones that are shared across timepoints 
within an individual donor.  
D) Cytotoxicity module score of post-vaccination effector CD8+ cells that shared or did not share clonality with a 
pre-vaccination spike-responsive T cell (students T-test).   
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recalled and de novo clones in CD4+ populations, but not in CD8+ T cells.  
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Fig. 4.14 CD4+ T cells that are recalled upon second vaccination have an altered phenotype 
compared to de novo responses  
A) Number of within-cluster differentially expressed genes (DEGs, average log2 fold change >0.25 and 
adjusted p <0.05) between post-second dose (T2) T cells with (recalled) or without (de novo) a shared 
identical paired TCR at an earlier study timepoint.  
B) Significantly differentially expressed genes (as in F) from selected CD4+ T cell clusters with highest 
frequencies of DEGs.  
C) Mean per person normalized surface protein (ADT) expression of T cell memory markers in selected T2 
CD4+ T cell clusters (Mann-Whitney U test, Bonferroni adjusted).  
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4.6.14 Distinct T cell responses are induced by ChAdOx1 nCoV-19 and BNT162b2 

vaccines 

Analysis of the overall AIM dataset identified T cells of varied phenotype, with a potential effect 

of T cell recall on the vaccine induced response. I next assessed the impact of the SARS-

CoV-2 stimulus (e.g. COVID vs vaccine, BNT vs ChAd)  on spike-responsive T cells.  

I first compared ChAd with BNT responses. ChAd vaccination induced a significantly greater 

proportion of TH1/TFH CD4+ T cells at both the T1 and T2 timepoints compared with BNT, in 

addition to select unconventional T cell populations (MAIT_1 and naive Vδ1+ γδT cell clusters) 

(Fig. 4.15A). The frequency of the HLAhi CD4+ T cell cluster was lower in ChAd compared with 

BNT at both timepoints. Differential gene expression analysis per cluster revealed only minor 

differences between ChAd and BNT vaccination, with the majority of differences in the IFNγ+ 

CD8+ population (Fig. 4.15B). Differential expression of AIMs at the protein level were also 

observed between groups. CD107a, ICOS and CD279 (PD-1) expression was significantly 

increased in the IFNγ+ CD8+ T cell population in ChAd compared with BNT (Fig. 4.15C). PD-

1 expression was also increased across most of the CD4+ T cell populations in ChAd 

compared with BNT (Fig. 4.15C).  

The difference in both transcriptional and surface AIMs on the IFNγ+ CD8+ population was 

intriguing, as it suggests differing activation of CD8+ effector T cells by ChAd and BNT 

vaccination. Examination of a signature of cytotoxic function found discordant differential 

expression based on vaccine type (Fig. 4.15D). IFNG expression was significantly higher in 

response to ChAd vaccination, while BNT induced significantly greater levels of cytotoxic 

granule molecules (GZMA and GNLY) (Fig. 4.15D). Differential gene expression in the 

CD8_IFNG cluster was largely concordant at both timepoints, however a signature of 

increased ISG expression (IRF7, OAS3, IFIT2, IFI6) was identified in BNT vaccinees at T2 

only (Fig. 4.15E). These differences corresponded to a more TEMRA phenotype in CD8+ T cells 

induced by BNT compared with a mixed TEM/TEMRA phenotype induced by ChAd 
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Fig 4.15 Distinct T cell responses are induced by ChAdOx1 nCoV-19 and BNT162b2 vaccines 
A) Log2 fold change (FC) in abundance of spike-responsive T cell clusters at pre- (T1) and post- (T2) 
second vaccine timepoints. Benjamini-Hochberg derived false discovery rate (FDR) values for 
comparisons with an FDR < 0.1 are denoted. 
B) Number of significantly differentially expressed genes with an average log2 fold change >0.25 and 
adjusted p <0.05 across study group comparisons. 
C) Average log2 fold change of activation induced marker surface protein (ADT) expression. 
D) Average log2 fold change in gene expression between spike-responsive CD8+ effector T cells of 
ChAdOx1 nCoV-19 (ChAd) and BNT162b2 (BNT) vaccinees. Labelled genes are those included within 
the Watson et al. cytotoxicity-associated geneset. 
E) Top 40 most significantly up and down regulated genes between ChAd and BNT vaccinees at T1 
and T2 in the CD8_IFNG cluster. 
F) Normalized expression of selected surface proteins within spike-responsive effector CD8+ T cells. 
G) Mean per person CD45RA surface protein normalized expression in CD8_IFNG cluster at each 
timepoint.

Fig. 4.15 Distinct T cell responses are induced by ChAdOx1 nCoV-19 and BNT162b2 vaccines  
A) Log2 fold change (FC) in abundance of spike-responsive T cell clusters at pre- (T1) and post- (T2) second vaccine 
timepoints. Benjamini-Hochberg derived false discovery rate (FDR) values for comparisons with an FDR < 0.1 are 
denoted.  
B) Number of significantly differentially expressed genes with an average log2 fold change >0.25 and adjusted p <0.05 
across study group comparisons.  
C) Average log2 fold change of activation induced marker surface protein (ADT) expression.  
D) Average log2 fold change in gene expression between spike-responsive CD8+ effector T cells of ChAdOx1 nCoV-19 
(ChAd) and BNT162b2 (BNT) vaccinees. Labelled genes are those included within the Watson et al. cytotoxicity-
associated geneset.  
E) Top 40 most significantly up and down regulated genes between ChAd and BNT vaccinees at T1 and T2 in the 
CD8_IFNG cluster.  
F) Normalized expression of selected surface proteins within spike-responsive effector CD8+ T cells.  
G) Mean per person CD45RA surface protein normalized expression in CD8_IFNG cluster at each timepoint. 
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 (Fig. 4.15F&G). 

Comparison of putative cell-cell interactions between vaccine types indicated that most 

signalling pathways were shared by vaccine type (Fig. 4.16A), with a small number of 

interesting differences. PD-L1/PD-1 signalling was differential based on vaccine type, with a 

greater number of involved cell types and cell-cell interactions in ChAd vaccination relative to 

BNT – corresponding to its increased surface protein expression (Fig. 4.16B). CD160, a co-

inhibitory receptor (344), was uniquely expressed by IFNγ+ CD8+ T cells and effector Vδ1+ 

γδT cells from ChAd vaccinated individuals (Fig. 4.16C). Interaction with its receptor HVEM 

(TNFRSF14), expressed on all clusters, represented a broad and distinct feedback 

mechanism (Table 4.2).  

4.6.15 Differing recall of T cell clones induced by ChAdOx1 nCoV-19 and BNT162b2 

vaccines 

The finding that only BNT vaccinees recalled pre-existing T cell clones (Fig. 4.13B) was 

surprising and suggests that ChAd and BNT may have different memory recall dynamics. To 

further explore this, I examined the impact of vaccine type on the TCR repertoire. A 

substantially larger proportion of the top expanded CD4+ clonotypes at T2 were also identified 

at T1 following BNT as compared with ChAd vaccination (Fig. 4.17A). Amongst the top 

expanded clonotypes at T2, clonotypes found at both timepoints (i.e. “recalled” clones) 

significantly increased as a proportion of total cells at T2 compared with T1 within BNT and 

ChAd vaccinees (Fig. 4.17B). Compared with top clones only found at T2 (“de novo” clones), 

there was an increased proportion of clones with a TH2 phenotype in the recalled clones in 

individuals in all groups (Bonferroni adjusted p<0.001, Fisher’s exact test) (Fig. 4.17C). 

Notably, there was a significantly higher proportion of CD4+ T cells with an ISGhi phenotype in 

top recalled clones in BNT compared with ChAd vaccinees (Fig. 4.17D), highlighting the 

important contribution of this interferon-driven cell type to the recall response, singularly in 

BNT vaccination.  Interestingly, clones that were expanded at T2 made up a higher average 
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proportion of T1 clones per person and were more likely to be expanded (Fig. 4.17E&F).  

4.6.16 The activation dynamics of COVID-19 infection-induced spike-responsive T 

cells are different to COVID-19 vaccine-induced T cells 

Having compared vaccine-induced responses, I next compared vaccine-induced with SARS-

CoV-2 infection-induced spike-specific T cells at T1-Short and T1-Long timepoints. 

Proportions of CD4+ HLAHi AIM+ T cells were significantly lower in COVID vs vaccine groups 

at both T1-Short and T1-Long timepoints and CD8_Tem and effector VD1 T cells proportions 

were also significantly reduced at the T1-Long timepoint (Fig 4.18A). Differences were largely 
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Fig. 4.16 Interaction analysis identifies few differing interaction pathways induced by BNT compared to 
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A) Number of significant CellphoneDB derived interactions to the given cell type that are unique in spike-responsive 
T cells derived from given vaccine type.  
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consistent when comparing COVID with either ChAd or BNT (Fig 4.18A). Comparison of gene 

expression profiles between COVID and vaccinees revealed a large number of significantly 

upregulated genes in COVID, particularly compared to BNT vaccinees and especially at the 

T1-short timepoint (Fig 4.18B). The number of differentially expressed genes between COVID 

and vaccines was far greater than the number found when comparing BNT and ChAd 
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Fig 4.17 Differential recall of T cell clones induced by ChAdOx1 nCoV-19 and BNT162b2 
vaccines 
A) Proportion of the top 70 largest paired CD4+ T cell clones at T2 that share an identical clone at the 
T1 timepoint (recalled T cell). 
B) Proportion of total cells per individual/timepoint of each clone in G. (Paired t-test, Bonferroni 
adjusted) 
C) T cell phenotype of recalled clones, or clones which are only found at T2 (de novo) within the top 70 
CD4+ T cell clones. 
D) Proportion of recalled top 70 clones that have a CD4_ISG phenotype at T2. G & J, Mann-Whitney U 
test, Bonferroni adjusted. COVID, individuals sampled post-SARS-CoV-2 infection; BNT, BNT162b2 
vaccinees; ChAd, ChAdOx1 nCoV-19 vaccinees. 
E) Mean proportion of T1 clones per donor that are recalled or not recalled at T2. For COVID group, T2 
timepoint = T1-Long (Mann-Whitney U-test, Bonferroni adjusted). 
F) Proportion of T1 clones of given clone size, split based on clones that are recalled at T2 and those 
that aren’t. Clones are called on a per donor basis. 
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Fig. 4.17 Differing recall of T cell clones induced by ChAdOx1 nCoV-19 and BNT162b2 vaccines  
A) Proportion of the top 70 largest paired CD4+ T cell clones at T2 that share an identical clone at the T1 
timepoint (recalled T cell).  
B) Proportion of total cells per individual/timepoint of each clone in G. (Paired t-test, Bonferroni adjusted)  
C) T cell phenotype of recalled clones, or clones which are only found at T2 (de novo) within the top 70 CD4+ T 
cell clones.  
D) Proportion of recalled top 70 clones that have a CD4_ISG phenotype at T2. G & J, Mann-Whitney U test, 
Bonferroni adjusted. COVID, individuals sampled post-SARS-CoV-2 infection; BNT, BNT162b2 vaccinees; ChAd, 
ChAdOx1 nCoV-19 vaccinees.  
E) Mean proportion of T1 clones per donor that are recalled or not recalled at T2. For COVID group, T2 timepoint 
= T1-Long (Mann-Whitney U-test, Bonferroni adjusted).  
F) Proportion of T1 clones of given clone size, split based on clones that are recalled at T2 and those that aren’t. 
Clones are called on a per donor basis.  
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vaccinees (Fig. 4.15B).  

Geneset enrichment analysis of the differentially expressed genes found multiple genesets 

significantly positively enriched in the COVID-induced T cells at the T1-Short timepoint (Fig 

4.18C). These genesets were independently enriched in multiple different T cell clusters, for 

instance genesets relating to type I and type II interferon signalling 

(HALLMARK_INTERFERON_GAMMA/ALPHA_RESPONSE), TNF signalling and IL2 

signalling were each enriched in most of the T cell clusters at the T1-Short timepoint (Fig 

4.18C). At the T1-Long timepoint, expression enrichment had reversed – many of the genesets 

that were positively enriched in COVID-induced T cells at the T1-Short timepoint were instead 

enriched in vaccine-induced T cells (Fig 4.18C). Thus, SARS-CoV-2 infection induces T cells 

that have increased early T cell activation compared to COVID-19 vaccines, but vaccine-

induced T cell activation persists for longer than COVID-19 induced T cell activation. 

A B C

FDR FDR

Fig. 4.18 The activation dynamics of COVID-19 infection-induced spike-responsive T cells are 
different to COVID-19 vaccine-induced T cells 
A) Differential abundance analysis of COVID with vaccines at T1-short (early) and T1-long (late) 
sampling timepoints. False discovery rate (FDR) next to each cell type represents adjusted P of 
comparison at each timepoint (EdgeR F-test). 
B) Number of differentially expressed genes with average log2 fold change >0.25 in spike-responsive T 
cells at T1-short and T1-long timepoints in COVID compared to vaccines. 
C) Geneset enrichment analysis of differentially expressed genes in COVID compared to vaccines.

Fig. 4.18 The activation dynamics of COVID-19 infection-induced spike-responsive T cells are different to 
COVID-19 vaccine-induced T cells  
A) Differential abundance analysis of COVID with vaccines at T1-short (early) and T1-long (late) sampling 
timepoints. False discovery rate (FDR) next to each cell type represents adjusted P of comparison at each 
timepoint (EdgeR F-test).  
B) Number of differentially expressed genes with average log2 fold change >0.25 in spike-responsive T cells at 
T1-short and T1-long timepoints in COVID compared to vaccines.  
C) Geneset enrichment analysis of differentially expressed genes in COVID compared to vaccines. 
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4.6.17 Time interval between vaccine dose 1 and dose 2 impacts on the T cell 

response 

I next examined the impact of dose number on the vaccine-induced T cell response. Despite 

the boosting dose, a comparison of T1 versus T2 revealed only minor differences in the 

relative abundance of different cell populations (Fig. 4.19A). TGFB1+ CD4+ and Vδ2+ γδ T 

cells decreased at T2 compared with T1 in BNT vaccinees, but no significant differences were 

observed between timepoints in ChAd vaccinees. Correspondingly, few genes were 

differentially expressed by timepoint, and increased gene expression at T2 compared with T1 

was primarily associated with BNT vaccination (Fig. 4.19B).  

However, when T2 was separated based on the interval between first and second vaccine 

dose, substantial differences were observed – many of these were in opposite directions 

based on interval and thus masked the observations when T2 was analysed in aggregate (Fig. 

4.19C). The long interval was associated with increased abundance of TEM CD8+ T cells and 

HLAhi CD4+ T cells in ChAd vaccinees, a phenomenon not observed in BNT vaccinees. 

Across clusters, surface effector molecule expression was differentially impacted by vaccine 

type and interval. CD154 (CD40L) was significantly upregulated in short compared with long 

BNT, but the opposite was seen for ChAd. This pattern was flipped with CD278 (ICOS), which 

was upregulated specifically in short ChAd (Fig. 4.19D).  Differential gene expression analysis 

revealed major differences based on interval for both the CD4+ T cell and unconventional T 

cell clusters (Fig. 4.19E). Strikingly most of these genes were unique to ChAd or BNT, with 

relatively little overlap. Overrepresentation analysis highlighted broad differences in the 

strength of geneset enrichment across the clusters in short versus long interval for both BNT 

and ChAd (Fig. 4.19F). Genesets related to IFN𝛼 and IFNγ were more significantly 

overrepresented in multiple cell types in the short BNT group but less so in short ChAd; 

whereas processes related to mTOR signalling, hypoxia and glycolysis were more strongly 

increased in short compared with long ChAd (Fig. 4.19F). 
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Fig. 4.19 The dosing interval impacts the vaccine-induced SARS-CoV-2-spike 
responsive T cell response   
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Conversely, when assessing long interval boosting for either vaccine platform, relatively few 

annotated biologic processes were enriched for the upregulated genes (Fig. 4.19G).  

Based on these findings, short interval and long interval were compared head-to-head for the 

two vaccines. GSEA analysis identified few differences in the cell processes or signalling 

pathways induced by long BNT versus long ChAd (Fig. 4.20A). In contrast, short BNT more 

strongly induced type I and II interferon signatures across the majority of cell types compared 

with short ChAd (Fig. 4.20A). Examining this in detail in the IFNγ-producing conventional T 

cell clusters revealed different patterns based on cell type (Fig. 4.20B). For the TH1/TFH and 

TH1/TH17 CD4+ T cell clusters, there was stronger induction of this pathway in both vaccine 

types by the short interval and downregulation in the long interval, but it was more strongly 

induced in short BNT compared with short ChAd (Fig. 4.20B). For IFNγ+ CD8+ T cells, it was 

uniquely induced by short BNT at T2, with decreased signalling for all other regimens at T2 

relative to T1 (Fig. 4.20B). This could be seen as coordinated induction of genes in this 

biologic pathway specifically in this vaccine condition (Fig. 4.20C). In contrast, a hypoxia 

pathway, known to regulate effector T cell function (345), was more strongly induced in nearly 

all CD4+ T cell clusters in short ChAd relative to short BNT (Fig. 4.20A). Together, these data 

highlight the critical role that interval between first and second dose of vaccine has on resultant 

T cell functionality, and suggest that the biology is not concordant between vaccine types. 

Fig. 4.19 The dosing interval impacts the vaccine-induced SARS-CoV-2 spike-responsive T cell response  
A) Log2 fold change of cell type frequencies at timepoint T2 compared to T1. FDR < 0.05 is marked with an *.  
B) Number of differentially expressed genes with average log2 fold change >0.25 in spike-responsive T cells.  
C) Log2 fold change (FC) of post- (T2) second vaccine spike-responsive T cell clusters. Benjamini-Hochberg 
derived false discovery rate (FDR) values for comparisons with an unadjusted p value <0.1 are denoted. l, long 
interval; s, short interval.  
D) Mean normalized surface protein expression (ADT) of activation induced markers in T2 spike-responsive T cell 
clusters (Wilcoxon signed-rank test, signif = Bonferroni adjusted p <0.05).  
E) Number of significantly differentially expressed genes (DEG) with an average log2 fold change >0.25 and 
adjusted p <0.05 within T2 spike-responsive T cell clusters.  
F) Overrepresentation of genesets in upregulated genes identified in panel E.  
G) Overrepresentation of genesets in downregulated genes identified in panel E 
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4.6.18 A short interval between BNT162b2 doses induces a more inflammatory recall T 

cell phenotype 

A particular characteristic of the short interval is that the time since last dose at T1 and T2 

sampling timepoints is the same (28 days). Thus, I next sought to determine how the T cell 

phenotype changed in the between first and second dose depending on the interval, first 

focussing on BNT participants. In the short but not long BNT interval, type I and II IFN 

signalling were elevated across all cell types at T2 relative to T1 (Fig. 4.21A&B). The short 

interval between doses also led to sustained TNF signalling between T1 and T2, while the 

long dose resulted in reduced induction of this pathway post-boost (Fig. 4.21A&B). At an 
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Fig. 4.20 Short dosing interval of BNT162b2 induces a more inflammatory recall T cell phenotype 
A) Enrichment of genesets in genes ranked based on the strength of association of their expression with 
the given comparison at T2, using a mixed-linear models (Section 4.5.5). Only enrichments with adjusted 
p value <0.01 are shown. 
B) Difference between T2 and T1 in the aggregate expression of genes (measured by geneset variation 
analysis; GSVA) within the Hallmark Interferon Gamma Response (M5913) geneset in selected spike-
responsive T cell subsets. 
C) Mean normalized expression of genes within the Hallmark Interferon Gamma Response geneset in 
spike-responsive CD8+ effector T cells. 

Fig. 4.20 A short dosing interval of BNT162b2 induces a more inflammatory recall T cell phenotype 
than ChAdOx1 nCoV-19 
A) Enrichment of genesets in genes ranked based on the strength of association of their expression with the 
given comparison at T2, using a mixed-linear models (Section 4.5.5). Only enrichments with adjusted p value 
<0.01 are shown.  
B) Difference between T2 and T1 in the aggregate expression of genes (measured by geneset variation 
analysis; GSVA) within the Hallmark Interferon Gamma Response (M5913) geneset in selected spike-
responsive T cell subsets.  
C) Mean normalized expression of genes within the Hallmark Interferon Gamma Response geneset in spike-
responsive CD8+ effector T cells.  
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individual gene level, this reflected coordinated changes in expression of nearly all genes in 

the signature, with little overlap of the two signatures, suggesting multiple parallel inflammatory 

pathways (Fig. 4.21C). Unlike BNT vaccination, the short dosing interval in ChAd vaccinees 

induced a less dramatic IFN and TNF response at T2 relative to T1 (Supp Fig. S4.1). 

Interestingly, there was less expansion of recalled clones in individuals vaccinated with a short 

dosing interval of either vaccine (Fig. 4.21D). Thus, increasing the time between doses of 

mRNA vaccines results in a secondary response that is less inflammatory with lower 

production of effector molecules, such as TNF, GZMA, CCL20, CXCL10 (Fig. 4.21C) and a 

larger average expansion of recalled clones. 

On the basis that T1 is immediately before the boosting dose, differences in stem-like 

properties, or markers related to long-term potentiation at T1-Long compared to T1-Short may 

explain the readiness of the cells to recall upon antigen recall (346). Interestingly, several T 

cell clusters in the T1-Long group had significantly higher expression of T stem cell memory-

associated markers including TCF7, SELL (CD62L), IL7R and CCR7 (Fig. 4.21E). In addition, 

the CD4+ Tcm2 population, which  

was characterised by high expression of markers associated with long-term potentiation (Fig. 

4.2E), was also enriched at the T1-Long compared with T1-short timepoint. Taken together, 

this suggests that T cells at the long dosing interval are enriched for stem-cell like properties 

and therefore have increased potential for memory recall and clonal expansion upon boosting. 
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Fig. 4.21 An extended BNT162b2 vaccine dosing interval induces spike-responsive T with 
reduced inflammatory functionality. 
A) Enrichment of genesets in genes ranked based on the strength association of their expression with 
the given comparison (Section 4.5.5). Comparisons are made between paired timepoints, controlling for 
variation across individuals. Only enrichments with adjusted p value <0.01 are shown.
B) Geneset variation analysis (GSVA) scoring of aggregate expression of genes within the Hallmark 
Interferon Gamma Response (M5913) and Hallmark TNFA signaling via NFKB (M5890) genesets. 
C) Mean normalized expression of genes within the Hallmark Interferon Gamma Response geneset in 
spike-responsive CD4+ TH1/TH17 effector T cells. 
D) Proportion of total cells per individual/timepoint of each clone that is shared within an individual at T2 
and T1 (recalled) and within the top 70 largest clones at T2 (Paired t-test, Bonferroni adjusted). 
E) Average log2 fold change of gene expression of selected stem-associated genes. Genes with log2 fold 
change <0.25 or adjusted p >0.05 denoted by ns. 
F) Proportion of T1 AIM+ T cells represented by CD4_Tcm2, a stem-associated T cell cluster. Unadjusted 
p value and false discovery rate (FDR) presented. EdgeR comparison. BNT, BNT162b2 vaccinees; 
ChAd, ChAdOx1 nCoV-19 vaccinees.
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A) Enrichment of genesets in genes ranked based on the strength association of their expression with the given 
comparison (Section 4.5.5). Comparisons are made between paired timepoints, controlling for variation across 
individuals. Only enrichments with adjusted p value <0.01 are shown. 
B) Geneset variation analysis (GSVA) scoring of aggregate expression of genes within the Hallmark Interferon 
Gamma Response (M5913) and Hallmark TNFA signaling via NFKB (M5890) genesets.  
C) Mean normalized expression of genes within the Hallmark Interferon Gamma Response geneset in spike-
responsive CD4+ TH1/TH17 effector T cells.  
D) Proportion of total cells per individual/timepoint of each clone that is shared within an individual at T2 and T1 
(recalled) and within the top 70 largest clones at T2 (Paired t-test, Bonferroni adjusted).  
E) Average log2 fold change of gene expression of selected stem-associated genes. Genes with log2 fold change 
<0.25 or adjusted p >0.05 denoted by ns.  
F) Proportion of T1 AIM+ T cells represented by CD4_Tcm2, a stem-associated T cell cluster. Unadjusted p value and 
false discovery rate (FDR) presented. EdgeR comparison. BNT, BNT162b2 vaccinees; ChAd, ChAdOx1 nCoV-19 
vaccinees. 
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4.7 Discussion 

This chapter demonstrates that the AIM assay is an unbiased approach to capture spike-

specific T cells with broad functional heterogeneity. Combining the AIM-assay with scRNA-

seq and scTCR-seq (AIM-seq), I characterised multiple distinct T cell populations, including 

not only the expected IFNγ+ CD4+ and CD8+ T cells but also CD4+ TH2, CD4+ TH17 cells and 

unconventional T cells. Some of these populations were enriched for cells that appear 

activated at rest, and others that are likely captured due to non-specific bystander activation. 

Surprisingly, I observed that the interval between vaccine doses had more of a difference on 

the post-boost SARS-CoV-2 responsive T cell phenotype than the type of COVID-19 vaccine, 

with a short 3–4-week interval between doses resulting in a markedly more pro-inflammatory 

T cell response than a long dosing interval. This phenotype was associated with increased 

expansion of recalled clones in the long compared to short dosing interval. Pre-existing SARS-

CoV-2 responsive T cells had little impact on the subsequent vaccine induced response. 

Overall, these data reveal unexpected functional heterogeneity in vaccine-induced T cell 

responses and a significant impact of the vaccine type and dosing interval on T cell function. 

4.7.1 Characterisation of AIM+ T cell populations 

Comprehensive analysis of CD4+ T cell responses is complicated by both functional 

heterogeneity and HLA genetic diversity, which limits the use of ICS and MHC tetramer-based 

approaches (347, 348). The AIM assay is an increasingly commonly used assay to measure 

vaccine-induced T cell responses (63, 315-317), and is appealing because it identifies cells 

responsive to a specific antigen in a function-independent and HLA-agnostic manner. The 

most pressing issue to generate robust data from AIM-seq is that background AIM+ T cells 

cannot be removed (i.e., background subtraction) if cells are being isolated by flow cytometric 

cell sorting for sequencing. Thus, understanding the phenotype of contaminating cells is 

critical for subsequent data interpretation. Reanalysis of published CITE-seq data (327) 

revealed that “background” cells are associated with very specific transcriptional states, 
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namely CD4+ TCM cells and unconventional T cell populations (Fig. 4.3). The relatively low 

levels of transcriptional activation and paucity of enriched meta-clones observed in CD4+ TCM 

cells aligned well with this observation. The HLAhi CD4+ T cell cluster had an identical 

“background” phenotype. Encouragingly, none of the other effector CD4+ or CD8+ T cell 

clusters mapped to background AIM+ T cells, supporting their identification as true antigen-

responsive cells. 

Identification of unconventional T cells (MAIT cells and γδT cells) by AIM-seq appears to be 

driven by two processes. Firstly, unconventional T cells were contributors to background AIM+ 

populations, suggesting even unstimulated unconventional T cells may be captured using AIM 

markers. Secondly, unconventional T cells, particularly MAIT cells and Vδ2+ γδT cells, are 

cytokine responsive (349, 350). Feed-forward signalling over 24 hours, the length of this 

assay, can drive activation of these cells in a cytokine-dependent manner, by combinations of 

IL-12, IL-18 (351) and/or IFNγ (352). Consistent with this, there was clear evidence of cytokine 

signalling in these cells. In unpublished work, activation of unconventional cells by BNT162b2 

vaccination was associated with vaccine reactogenicity (Amini et al, data unpublished). Thus, 

including these cells in future analyses may reveal intriguing biology. It is possible that the Treg 

population identified in this study may also be induced by a similar bystander effect driven by 

IL-2 signalling independent of TCR engagement (314).  

The functional heterogeneity of AIM+ CD4+ T cells was striking; AIM+ CD4+ T cells were not 

simply IFNγ-producing TH1 cells. With the exception of TNF, cells within each cluster were not 

necessarily producing cytokines associated with the cluster phenotype (e.g., IFNγ and TH1), 

possibly due to the suboptimal for cytokine capture (353). Regardless, identification of IL-4/IL-

13-producing CD4+ TH2 cells is consistent with prior ICS-based analysis (65, 354). IL-17 

production was also observed as a hybrid TH1/TH17 population. It is unclear if this reflects 

conversion of TH17 into TH1 cells over time after vaccination, or a true hybrid phenotype. The 

TCR analysis revealed considerable clonal overlap between CD4+ T cell clusters and evidence 
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of interconversion over subsequent vaccine doses. Interconversion of T cell polarization states 

is an increasingly well-understood phenomenon (355), but the underlying cause for such 

functional heterogeneity and why cells would change polarization states from one vaccine 

dose to the next remains to be determined.  

4.7.2 Differences in spike-responsive T cells induced by ChAdOx1 nCoV-19 and 

BNT162b2 vaccines and by SARS-CoV-2 infection 

Previous studies have reported increased frequencies of IFNγ+ T cells after ChAdOx1 nCoV-

19 vaccination compared with BNT162b2 (68-70), particularly after the first dose. Consistent 

with this, I observed that the predominant IFNγ+ CD4+ TH1/TFH cluster was more abundant 

following ChAdOx1 vaccination, while the numerically more abundant CD4+ TH1/TH17 trended 

towards an increased frequency in BNT162b2 vaccinees. Transcriptionally, the IFNγ+ CD8+ T 

cell was most distinct between BNT and ChAd vaccinees. Various cytotoxic and inflammatory 

genes were differentially expressed, indicating broad differences in programmes of effector 

function within this population. Notably, the IFNγ+ CD8+ T cell cluster had elevated IFNG 

transcripts in the ChAd group relative to BNT.  

Comparison of T cells induced by COVID-19 vaccines and mild COVID-19 provides an 

understanding of how the vaccine-induced T cell response relates to the T cell response 

induced in resolved, mildly symptomatic, SARS-CoV-2 infection. Peak SARS-CoV-2 T cell 

responses (3-4weeks post infection/vaccine) induced by SARS-CoV-2 infection were 

significantly more inflammatory than those induced by vaccines and were characterised by 

high type I and type II IFN signalling. By the 8-12week timepoint the T cells induced by infection 

more closely resembled those induced by vaccination. This is consistent with data suggesting 

COVID-19 infection primes higher IFNγ T cell responses than mRNA vaccines (356) but that 

AIM+ T cell frequencies are similar at around 6 months after infection or vaccination (321).  

The identification of pre-existing SARS-CoV-2 responsive T cells that cross-react between 

seasonal “common cold” coronaviruses and SARS-CoV-2 prompted interest into their role in 
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the vaccine-induced T cell response (79). In this study, only a small proportion of post-vaccine 

spike-reactive clones corresponded to pre-existing clones. This supports the existing evidence 

that  pre-existing clones make only a minor contribution to the vaccine response (357), and is 

not entirely surprising given their low frequency. Consistent with a larger study of a single 

cross-reactive T cell epitope (S816-830) (70), only vaccination with BNT162b2 and not ChAdOx1 

nCoV-19 appeared to recall pre-existing clones. In our study, the BNT groups also had greater 

recruitment of T cells induced by dose 1 into the recall response following dose 2. Thus, while 

pre-existing cross-reactive immunity makes only a minor contribution to the overall vaccine T 

cell response, there appears to be a fundamental difference in how these two vaccine vectors 

engage cellular immunity, and in particular recall of memory T cell populations.  

4.7.3 Differences in vaccine dosing interval 

Regardless of vaccine platform, extending the interval between first and second dose of 

vaccine increases post-boost antibody titres, but is associated with a modest expansion of 

IFNγ+ T cell frequencies (66, 71). Thus, only minor differences in T cell phenotype after dose 

2 based on interval were expected. However, interval had a large impact on T cell phenotype 

and the effect varied by vaccine platform. Increased innate inflammatory signalling after mRNA 

vaccine dose 2 has been demonstrated, which appears strongly driven by reactivation of 

memory T cell responses (208, 222, 223, 358). Increasing the interval between doses 

dampens this response (Amini et al, data unpublished). We therefore hypothesize that after 

short BNT162b2 vaccination the elevated inflammatory environment induced by the second 

dose leads to a recall T cell response with increased IFNγ and TNF signalling. By contrast, 

inflammation induced by Ad vectors is driven primarily by engagement of innate pDCs and 

myeloid cells (351, 359) and thus would vary less between priming and boosting – explaining 

the smaller difference between intervals observed in ChAdOx1 compared to mRNA 

vaccination.  
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The functional implications of this altered T cell phenotype for immunity remain unclear. 

However, since heightened inflammatory signalling can drive CD4+ T cells away from a TFH 

polarization state (360), the lower inflammatory T cell response after a longer dosing interval 

may contribute to the enhanced antibody responses observed with this regimen. Conversely, 

the stronger interferon signalling in activated T cells following a short-interval boost may help 

explain the high efficacy of this approach against severe COVID-19, despite the significantly 

lower antibody titres compared to long-interval boosting (305). 

Inflammatory signalling in T cells is associated with increased effector polarization at the 

expense of long-lived proliferative memory differentiation (361). Given the elevated 

inflammatory phenotype of short-interval mRNA vaccination, we hypothesize T cells induced 

by this regimen would have reduced proliferative potential after boosting. Consistent with this, 

IFNγ T cell responses generated by two doses of mRNA vaccination given in a long-interval 

increased in magnitude following an additional (third) dose, whereas those generated by a 

short-interval mRNA regimen did not (284). In this chapter, I observed an expansion of recalled 

clones after two doses of vaccine given in a long-interval vaccine regimen, but no expansion 

of recalled clones after a short-interval regimen. Thus, the dosing interval for a primary 

vaccination regimen has a long-term impact on the anamnestic potential of vaccine induced T 

cells.  

4.7.4 Limitations 

The primary limitation of this study is the sample size per experimental group. While the overall 

dataset includes 60 samples for the AIM-seq assay (30 individuals at two timepoints) the 

inclusion of five different experimental groups limits the power of comparisons when performed 

at the level of individuals. In addition, the number of cells captured per individual is variable 

and relatively limited for analysis of T cell clonality. This is a general concern in analyses of T 

cell clonality where under sampling likely leads to overestimation of the number of singlet 

clones (338), even when antigen-enrichment has been performed, as in this study. 



 148 

Another important limitation is the fact that this study is limited to the analysis of two COVID-

19 vaccine doses, and only infection with the ancestral strain of SARS-CoV-2, and so is not 

representative of the current COVID-19 immunological landscape. Nevertheless, this study 

gives important insight into human T cell responses to a prime-boosting regimen of mRNA 

and ChAdOx1 vaccines against a novel antigen – which is of relevance to ongoing studies 

using these platforms to vaccinate against cancer (25, 362, 363) and emergent pathogens 

(22, 364).  

Finally, the use of 15mer peptide pools may bias towards the detection of CD4+ T cells, and 

optimisation of peptide pools to capture both CD4+ and CD8+ T cells may increase the 

detection of CD8+ T cells (78).  

4.8 Conclusions  

In conclusion, ChAdOx1 and mRNA COVID-19 vaccines induce T cells that are highly 

heterogenous and include putative effector populations and bystander-activated T cells. The 

interval between prime and boosting doses of mRNA vaccination has a large impact on the 

functionality of T cells induced after boost. A short (3-4week) dosing interval induces T cells 

that are more inflammatory and include fewer recalled memory T cells. Recall of pre-existing 

T cells that are cross-reactive to SARS-CoV-2 does not impact the subsequent vaccine-

induced T cell response but recall of these pre-existing cells is observed only after vaccination 

with mRNA and not ChAdOx1 COVID-19 vaccines.  

4.9 Tables 
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Table 4.1 Study group demographics 

 

Table 4.2 Vaccine-specific cell-to-cell interactions (CellphoneDB)  
Significant CellphoneDB derived interactions which are unique to the given vaccine type, with 
breakdown of the type of interaction and the uniquely interacting cell types.  
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4.10 Supplementary Figures 

 

 

Fig. S4.1 Comparison of long and short dosing intervals in ChAd vaccinees 
Enrichment of genesets in genes ranked based on the strength association of their expression 
with the given comparison (Section 4.5.5). Comparisons are made between paired timepoints, 
controlling for variation across individuals. Only enrichments with adjusted P value < 0.01 are 
shown. 
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5 Results: Multi-omic assessment of the pre- vaccine 
immunophenotype and its association with immunosuppressive 
conditions and mRNA vaccine-induced antibody and T cell 
responses  
5.1 Introduction 

In chapter 3, I established that certain clinical and demographic factors were associated with 

reduced SARS-CoV-2 specific antibody and T cell responses to up to three doses of COVID-

19 vaccines in individuals with immune-suppressive diseases. Specific diseases, 

immunosuppressive therapeutics and demographic factors were associated with reduced 

vaccine immunogenicity. However, the complexity and variability of immunosuppressive 

therapeutic regimens (dose and combination of therapeutics), diseases (severity, duration 

since diagnosis, disease burden), and human demographics means that even within a single 

immunosuppressive disease there is large variation in immune responses to vaccines. Even 

within healthy populations, although generally higher, vaccine-induced immune responses are 

subject to large variation between individuals, depending on genetic (12, 301), epigenetic 

(365) and other host factors (366). This variation is increased further within and between 

immunosuppressive conditions (Fig. 3.2A). Therefore, assessing vaccine immunogenicity 

simply from the viewpoint of clinical/demographic variables gives only limited insight into the 

biology underlying variation in vaccine responsiveness.  

One approach to assess the variability underlying vaccine immunogenicity is to use “systems 

immunology” methodologies to broadly phenotype immunological parameters prior to or early 

after vaccination. In healthy individuals, multiple immune signatures have been identified that 

are related to peak (e.g. 21-28d post vaccine) (367-369) or long-lived (370) antibody 

responses after vaccination. These signatures include features such as baseline inflammation 

(367, 371) and day-7 post-vaccination plasmablast frequency (369). While informative, 

because they are derived in healthy individuals these signatures only provide insight into a 

spectrum of antibody-induced immune responses ranging from ‘moderate’ to ‘high’ and 
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therefore do not resolve features related to complete or partial vaccine failure (that is, ‘low or 

no’ vaccine response). Understanding the factors that lead to ‘low or no’ response in COVID-

19 vaccination is clinically relevant, as individuals with low or no V2+28d anti-RBD Ig titres 

had reduced protection against subsequent severe COVID-19 (Section 3.6.12). The ability to 

predict vaccine non-responsiveness based on easily assessable measures (i.e. protein 

concentration in blood) before vaccination is also attractive, so that individuals that are not 

likely to respond to vaccines can be targeted for alternative therapies. In addition, by 

measuring how immune dysfunction impacts the vaccine-induced response, we gain a unique 

opportunity to identify the biological pathways required for optimal vaccine immunogenicity.   

Considering this, it is important to first survey the effect of disease and different therapeutics 

on the immune system and compare these to HCs. Immunosuppressive medications have 

various mechanisms of action (Section 1.11) and therefore differently impact the immune 

landscape. Chronic diseases may also impair different facets of the immune system (Section 

1.12). Several studies have previously explored the impact of immunosuppressive 

medications and diseases on the immunophenotype, but these studies have mostly not been 

in the context of vaccination, have largely focussed on single diseases, and have not applied 

modern immune-phenotyping techniques (Section 1.11). In addition, studies that investigated 

baseline factors associated with vaccine immunogenicity in healthy people have focussed 

primarily on the vaccine-induced antibody response and few have investigated features 

predictive of T cell responses (205, 372, 373). As reported in chapter 3, both antibody titres 

and frequencies of SARS-CoV-2 spike responsive IFNγ T cells are associated with post-

vaccine COVID-19 severity outcomes but are weakly correlated with each other. Therefore, 

understanding baseline variables associated with both vaccine-induced antibody and T cell 

responses is relevant to understanding important outcomes of vaccine immunogenicity. 

Furthermore, baseline predictors of vaccine immunogenicity likely depend upon the vaccine 

platform itself. Some baseline predictors, such as such as baseline B cell frequency, have 
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been identified over several vaccine platforms (204, 212); however, generally, markers that 

are predictive of the immunogenicity of one vaccine type are not accurate in others (367). 

Indeed, application of inflammation-associated genesets identified as positively predictive for 

increased antibody responses after inactivated (367) or protein subunit influenza vaccines 

(212) were strongly negatively associated with antibody responses to a modified vaccinia 

Ankara (MVA) Mpox vaccine (374). This is likely due to differing sensitivities of the vaccine 

platforms to interferon (375). The relatively low overlap of predictive factors across platforms 

suggests that it is important to define predictors for each vaccine platform. Due to their relative 

novelty, little work has been done so far to understand predictors of mRNA vaccine 

immunogenicity in humans. However, given their proven efficacy as vaccines in infectious 

disease (304, 305) and nascent use as cancer vaccines (25), understanding the factors 

associated with immune responsiveness to these platform is highly relevant. This is especially 

true in the context of immunosuppressive disease, where individuals are at increased 

vulnerability to both severe infectious disease (5, 252, 376) and cancer (377, 378).   

5.2 Summary of chapter rationale 

Understanding human variation related to vaccine immunogenicity is challenging due to the 

complexity of underlying genetic, epigenetic and environmental factors that influence the 

immune response. This is especially the case in immunosuppressive diseases where disease 

and therapy combinations severely and distinctively impact the immune response to vaccines. 

Given the broad dysregulation caused by some immunosuppressive conditions, systems 

immunology approaches provide a method to quantify immune pathways that are related to 

vaccine immunogenicity. Furthermore, application of these approaches across 

immunosuppressive conditions provides the opportunity to identify shared or unique pathways 

of immune dysregulation across disease. Providing insight into the immunogenicity of mRNA 

vaccines in immunocompromised individuals has potential broad future relevance, given their 

growing use as vaccine platforms for cancer and infectious diseases.  
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5.3 Hypotheses and aims 

The central hypotheses of this chapter are as follows:  

1) The immunophenotype of individuals with different immunosuppressive diseases vary 

depending on disease type and are different to healthy individuals. 

2) The pre-vaccination (“baseline”) immunophenotype is associated with peak (i.e. 21-

28d post) mRNA vaccine-induced immunogenicity. 

To address the hypotheses, in this chapter I aim to:  

1) Assess the baseline (pre-vaccine) immunophenotype of individuals with immune-

suppressive conditions and healthy individuals using “systems” approaches:  

a. Assess the whole-blood transcriptome  

b. Assess the serum inflammatory proteome  

c. Assess peripheral blood immune-cell phenotype 

d. Assess peripheral blood adaptive immune cell functionality/phenotype 

(antigen-specific and non-antigen specific) 

2) Compare the baseline immunophenotype between immunosuppressive disease 

groups and with healthy individuals 

3) Identify associations between the baseline immunophenotype and vaccine-induced 

antibody and T cell responses 

4) Generate machine learning models to identify baseline features that are predictive of 

the vaccine-induced antibody and T cell response 

5.4 Chapter overview 

To address these aims, I performed bulk-RNA sequencing, Olink proteomics and spectral flow 

cytometry on pre-vaccine blood samples from immunocompromised individuals in the 

OCTAVE DUO study and healthy individuals from the PITCH study. OCTAVE DUO was a 

clinical trial to investigate the immunogenicity of a third dose of mRNA COVID-19 vaccines in 

immunocompromised individuals that had low or no antibody responses to two doses of 
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COVID-19 vaccines. I contributed significantly to the initial grant proposal for this work and the 

publication of primary and secondary outcomes from the trial (379).  

I associated the pre-vaccine transcriptomic, proteomic and cellular data with 

clinical/demographic and vaccine immunogenicity data generated as part of the trial to identify 

features associated with immune-suppressive diseases and with vaccine outcome.  

5.5 Chapter specific methods 

5.5.1 Cohort recruitment and definitions 

OCTAVE-DUO was an open-label, multicentre, randomised, controlled, phase 3 trial, 

conducted in 11 UK hospitals, recruiting patients who were over 18 years of age, 

immunocompromised, and had inadequate or no response to two COVID-19 vaccine doses. 

All patients gave informed consent, and the study was approved by an ethics committee, 

funded by UKRI/DHSC, and sponsored by the University of Birmingham (379). The University 

of Birmingham statistics team performed data cleaning and performed the primary analysis for 

the trial. Low or no response was defined as <380AU/mL anti-SARS-CoV-2 RBD Ig titre by 

Roche Elecsys or <700AU/mL by Abbott AdviseDx SARS-CoV-2 IgG II assay. Full inclusion 

and exclusion criteria are listed in Table S5.1.  

World Health Organisation (WHO) performance status is measure of physical activity and is 

defined: 0: able to carry out all normal activity without restriction, 1: restricted in strenuous 

activity but ambulatory and able to carry out light work, 2: ambulatory and capable of all self-

care but unable to carry out any work activities; up and about more than 50% of waking hours, 

3: symptomatic and in a chair or in bed for greater than 50% of the day but not bedridden, 4: 

completely disabled; cannot carry out any self-care; totally confined to bed or chair (380).  

5.5.2 GLMnet and Random Forest to predict vaccine immunogenicity 

Models were generated based on scaled plasma protein NPX values. Cohorts were randomly 

separated 70:30 into train and test datasets. Clinical group was included as a covariate in all 

models. GLMnet (381) and random forest models were independently trained on train datasets 
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using 20 repeats of 10 fold cross-validation to optimise hyperparameter selection (Caret 

package). Hyperparameter values that minimised the classification accuracy within the train 

dataset were selected. The caretEnsemble package was used to stack trained predictive 

models using generalised linear models. The specificity and sensitivity of the predicted 

compared to real values were calculated using independent and combined models on the with-

held test dataset.  

5.5.3 Dimensional reduction of spectral flow cytometry data 

Flow cytometric data was pre-processed in FlowJo (v10.10.0) remove doublets and only 

include live, CD45+ cells and randomly down-sampled to 2000 cells per donor. Flow Cytometry 

Standard (FCS) files were loaded and data were transformed using negative value pruned 

inverse hyperbolic sine transformation (cytofAsinh, CytoTree package). PCA was performed, 

using all flow cytometry measurements except Live/Dead staining. Unsupervised clustering 

with Phenograph and uniform manifold embedding and projection (UMAP) was performed on 

the top 20 principal components. Phenograph clusters were manually annotated by assessing 

the expression of canonical immune cell phenotypic markers.  

5.5.4 Variance of RNA-sequencing data explained by cell frequency 

The variance in geneset module scores explained by cell frequency was assessed by fitting 

linear models of geneset module score, using scaled frequencies of selected major immune 

cell subsets, age and sex. T cells and monocytes were not included together in models due to 

collinearity between these measures. The variance explained was calculated by taking the 

simple unweighted averages of the sums of squares of each variable, using the realimpo 

package lmg function (382). Coefficients were deemed significantly positive or negative if p 

was <0.05 and the linear coefficient was above or below 0, respectively.  

5.6 Results 

5.6.1 OCTAVE DUO: Study design and cohort overview  

Pre- (pre-V3) and 21-28 days-post (V3+21d) third COVID-19 mRNA vaccine (BNT162b2 or 
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mRNA-1273) peripheral blood from immunocompromised individuals was sampled in the 

OCTAVE DUO study (Fig. 5.1A). All individuals had low or no (Section 5.5.1) anti-RBD Ig 

titres 28 days post second vaccine. Individuals were recruited across several clinical groups, 

including inflammatory bowel disease (IBD), rheumatoid arthritis (RA), ANCA-associated 

vasculitis (AAV), haematological malignancies (HM), haematological stem cell transplants 

(HSCT), primary immunodeficiencies (PID), cirrhosis (Cirr), liver transplant (LT) and renal 

transplant (RT) (Fig. 5.1B). Healthy individuals (healthy controls; HC) with no known SI were 

sampled in parallel in the PITCH study and analysed as ‘optimal’ immune response controls 

(Fig. 5.1A). Peripheral blood samples at the pre-vaccine timepoint from different disease 

groups were assessed for phenotype and function using ‘omic approaches (Fig. 5.1C) 

All individuals were naive for COVID-19 and previously received two doses of AZD1222 or 

BNT162b2 vaccine, except one HC that received mRNA-1273 (Table 5.1). Factors such as 

age, sex and comorbidities, BMI and WHO performance status (a donor-reported classification 

of how able participants are to carry out day-to-day activities) varied between groups (Fig. 

5.1D, Table 5.1). The inter-group variation largely aligned with the different demographic risk-

profiles for each disease, i.e. RA patients were predominantly female (383); solid organ 

transplant recipients patients were predominantly males (384, 385); HM patients had 

increased age and were predominantly male (386). As HC individuals were recruited from a 

health care work study (PITCH), they were younger and predominantly female. 214 of 244 

(89%) of individuals were white, 80 of 244 (32%) individuals currently or previously smoked, 

and 172 of 244 (70%) individuals had at least one comorbidity (Table 5.1). The commonest 

comorbidities were hypertension (82 of 244; 34%, including 34 of 37 (92%) in RT) and type 2 

diabetes (44 of 244; 18%, highest in cirrhosis, LT and RT groups). Immunosuppressive 

therapy use varied by clinical group (Fig. 5.1E, Table 5.1). aCD20 therapy was used in AAV 

(12 of 15; 80%), RA (11 of 49; 22%), HSCT (2 of 14; 14%) and lymphoma groups 
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Fig. 5.1 OCTAVE DUO study overview and demographics 
A) Sampling timepoints and vaccine regimen for individuals in the OCTAVE DUO and PITCH studies 
included in chapter 5. Individuals in OCTAVE DUO study were selected to have low or no antibody titre at 
V2+28d (Methods). The number indicated is the number of individuals included for the given analysis/study. 
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D) Per person demographic breakdown of individuals included in chapter 5, associated with Table 5.1 
E) Per person immunosuppressive therapies included in chapter 5, associated with Table 5.1 
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 (6 of 11 [55%] aggressive B NHL, 11 of 16 [69%] indolent B NHL). CNI and MMF were 

predominantly used in solid organ transplant recipients, 92% of RT and 93% of LT received 

CNI which was used in combination with MMF in 68% of RT and 48% of LT. Corticosteroids 

were additionally used in 37% of LT and 57% of RT, as well as in AAV (67%), cirrhosis (25%), 

RA (12%), IBD (7.7%), HSCT (43%) and aggressive B NHL (6.3%). Anti-TNF monoclonal 

antibody therapy was used in IBD (46%) and RA (37%). Disease modifying anti-rheumatic 

drugs (including methotrexate and hydroxychloroquine and sulfasalazine; DMARD) were used 

in varying combinations in 37 of 49 (76%) of RA patients.  

5.6.2 COVID-19 vaccine immunogenicity in OCTAVE DUO cohort 

Anti-RBD Ig binding, SARS-CoV-2 neutralisation and IFNγ T cell immunogenicity data was 

available at pre- and 21d-post V3 timepoints in the OCTAVE DUO cohort (379). HCs had anti-

RBD Ig data only, available pre- and 21d post-V3 (Fig. 5.1A). Reanalysis of this data 

demonstrated that there was a significant increase in anti-RBD Ig binding titres with a third 

vaccine dose in most clinical groups and HCs (Fig. 5.2A). However, all groups still had 

significantly lower anti-RBD Ig responses at V3+21d than the HC group and some groups 

remained enriched for vaccine immune non-responsiveness (Fig. 5.2A). Live neutralisation 

assays against ancestral (wild-type), delta and omicron BA.1 SARS-CoV-2 variants at V3+21d 

demonstrated reduced neutralising IC50 to SARS-CoV-2 variants compared to wildtype (Fig. 

5.2B). While some groups had high neutralising titres to all variants (Cirr, IBD), most groups 

did not – especially against omicron BA.1 (Fig. 5.2B). There was strong positive correlation 

between (ancestral) anti-RBD Ig binding titres and neutralising antibody IC50 to all SARS-CoV-

2 variants, but notably individuals with anti-RBD Ig binding titres below 1000AU/ml were 

largely unable to neutralise omicron BA.1 (Fig. 5.2C-E). Stratifying the cohort by the 

manufacturer recommended threshold of 0.8AU/mL to define non- responsiveness (‘no’ 

response), and the threshold defined for omicron BA.1 neutralisation (1000AU/mL; ‘low’ 

response), there were certain clinical groups clearly enriched for low or no anti-RBD Ig 
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Fig. 5.2 SARS-CoV-2 spike responses are increased by a third COVID-19 vaccine but reduced compared 
to healthy controls  
A) Total binding immunoglobulin (Ig) to receptor binding domain (RBD) before (pre-V3) and 21d post (V3+21d) a 
third mRNA COVID-19 vaccine dose. Symbols above solid line represent comparisons with healthy controls.  
B) V3+21d microneutralisation 50% inhibitory concentration titre (IC50) of live SARS-CoV-2 variants by donor 
serum.  
C-E) Correlation of V3+21d SARS-CoV-2 ancestral (wildtype, C), delta (D) or omicron BA.1 (E) 
microneutralisation IC50 with V3+21d anti-RBD Ig. Spearman correlation and loess curve for each variant 
displayed. 1000AU/mL marked as low antibody titre.  
F) anti-RBD Ig stratified by no (<0.8AU/mL), low (0.8-1000AU/mL) and high (>1000AU/mL) response per group.  
G) IFNγ ELISpot to peptide pools covering full SARS-CoV-2 spike (IFNγ-S)  
H) IFNγ-S stratified by no (<1 SFC/106) and high response per group.  
I) Correlation of V3+21d anti-RBD Ig and V3+21d anti-S IFNγ response. Spearman correlation displayed. 
Reanalysis of data generated in OCTAVE DUO study. 
* P <0.05; ** P < 0.01; *** P <0.001; **** P < 0.0001.  
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responsiveness after a third vaccine dose (Fig. 5.2F). More than 50% of patients in AAV, NHL, 

LT, RT and PID groups had low or no anti-RBD Ig titre at V3+21d (Fig. 5.2F).  

Healthy control data was not available for V3+21d IFNγ T cell responses, however amongst 

immunocompromised individuals only AAV, RA and PID groups had anti-S IFNγ T cell 

responses that increased significantly between pre-V3 and V3+21d (Fig. 5.2G). Notably, AAV 

recipients had the highest V3+21d IFNγ T cell responses of all disease groups, despite having 

amongst the lowest anti-RBD Ig titres. Individuals in cirrhosis, LT and RT groups had the 

lowest V3+21d anti-S IFNγ T cell magnitudes and the highest proportions of T cell non-

responsiveness before and after a third vaccine (Fig. 5.2G&H). In the whole cohort, there was 

no correlation between anti-RBD Ig titres and anti-S IFNγ T cell responses (Fig. 5.2I) - 

highlighting the importance of measuring both antibody and T cell responses to vaccines in 

immunocompromised individuals.   

5.6.3 Geneset modules identify biologically relevant differences between clinical 

groups in bulk RNA-sequencing data  

To assess broad transcriptomic differences associated with clinical groups and 

immunosuppressive therapies, I used bulk RNA-sequencing of whole blood in 231 

immunocompromised and healthy individuals at a pre-vaccine timepoint. A total of 24,866 

genes passed QC and were captured across all individuals. A challenge of RNA-sequencing 

data is to interpret the high-dimensional output of thousands of genes in a meaningful and 

unbiased way. To address this, I first used geneset variation analysis (GSVA) to aggregate 

the normalised per-person expression of genes into genesets, using a library of annotated 

genesets derived from whole blood (238). This organised groups of genes into biologically 

meaningful units and reduced the number of measurements from the 24,866 genes captured 

to 263 genesets. Principal component analysis (PCA) based on the geneset scores for each 

individual demonstrated that this approach captured enough variation to identify differences 

between disease groups and demographic factors (Fig. 5.3).  
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To further reduce the data, I developed a semi-unsupervised approach to generate modules 

of related genesets (Fig. 5.4). I filtered genesets with low variation across the dataset (Fig. 

5.4A) and used k-means clustering to identify clusters of genesets with similar expression 

profiles, using 10 k-means clusters (k) as a first pass. I calculated the within cluster correlation 

of each cluster and removed one cluster that had low internal correlation (Pearson r2 of 0.13) 

(Fig. 5.4B), resulting in 104 genesets. Finally, I performed repeated kmeans and selected an 
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optimal k value for clustering, where each cluster had a minimum cluster size of 4 and lowest 

internal variation (Fig. 5.4C&D); then manually annotated geneset modules based on the 
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Fig. 5.4 Clustering of genesets to identify broad biologically relevant geneset modules 
A-C) Process to identify geneset modules. The genesets with the lowest variance (<10% of the maximum variance 
of any geneset) were removed (A). Genesets were then clustered based on expression similarity across individuals 
and filtered to remove geneset clusters with low internal correlation (B). The remaining genesets were clustered 
again after selection of the optimal number of k-means centres (C).  
D) Uniform manifold approximation and embedding (UMAP) of the expression of genesets, clustered into the 
geneset modules from A-C. 95% confidence interval ellipse is shown.  
E) Geneset variation analysis scores for the entire dataset, with genesets clustered into geneset modules manually 
annotated based on their geneset composition.  
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constituent genesets (Fig. 5.4E). This resulted in 10 clusters related to B and plasma cells, T 

cells, NK cells, monocyte and neutrophils (innate), interferon signalling (IFN), platelets, 

haematopoiesis, cell cycling, metabolic processes and cellular homeostasis. The mean GSVA 

enrichment score of genesets within each module for each donor was derived as the ‘geneset 

module score’.  

Significant differences in geneset module scores were observed between disease groups in 

all geneset modules except the NK module, when adjusted for age and sex (Fig. 5.5A). As 

expected, individuals in the AAV and NHL groups, which were enriched for use of aCD20 

therapy (Fig. 5.1E), had lowest expression of the B and plasma module (Fig. 5.5A). The solid 

organ transplant, HSCT and aggressive B NHL groups had lowest expression of the T cell 

module (Fig. 5.5A). Interferon-signalling was lowest in RA and HC, and this corresponded 

with lower innate cell signalling in these groups.  

To assess the relative contribution of immunosuppressive therapeutics, diseases and 

demographic factors to the geneset module scores, I fitted multivariable linear models for each 

geneset module score to compare specific therapy and disease combinations with HCs while 

accounting for age, sex and obesity and diabetes status (Fig. 5.5B). There were several 

unique interactions between drug type and disease group, for instance aTNF use in individuals 

with IBD was associated with significantly reduced B and plasma cell geneset module score 

compared to HC, but there was no significant difference in this module score between RA 

patients on aTNF and HCs (Fig. 5.5B). While all individuals on aCD20 therapy had reduced 

B and plasma cell module score compared with HC, individuals with indolent B NHL on aCD20 

therapy also had significant upregulation of innate, interferon, platelet and haematopoiesis 

genesets modules. This was not seen in RA, AAV or aggressive B NHL patients – suggesting 

that the indolent B NHL group had additional immune dysregulation attributable to disease 

(Fig. 5.5B). In individuals with cirrhosis, corticosteroid use was associated with significant 

differences in in B and plasma, NK, innate and interferon related genesets compared to HCs  
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Fig. 5.5 Clinical and demographic phenotype is associated with geneset module scores 
A) The geneset module score (the mean geneset variation analysis score of all genesets within the module) 
across clinical groups. F-statistic and Benjamini-Hochberg false-discovery rate (FDR) from ANCOVA, 
adjusted for age and sex.  
B) Multivariate linear models fit to each geneset module score. An independent model was fitted for each 
geneset module, with all other variables as covariates. Age is compared to individuals 26-45years old, all 
disease group and immunosuppression combinations are compared to healthy individuals. P values from 
each model (10 in total) were adjusted using Benjamini-Hochberg false-discovery rate (FDR). Thick lines 
around a square indicate FDR < 0.05.  
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that were not observed in cirrhosis patients without immunosuppression, suggesting that 

immunosuppression exacerbates the dysregulated phenotype in this group (Fig. 5.5B).  

5.6.5 Shared transcriptomic signatures span across multiple clinical phenotypes 

The analysis in Figure 5.5B suggested that in some cases, there were unique interactions 

between diseases and immunosuppressive therapeutics. However, it is likely that some of the 

immune signatures at baseline are shared across multiple disease groups – especially those 

with shared use of immunosuppressive therapies. To investigate this, I grouped individuals 

into clusters based on their baseline geneset expression profiles. To produce robust and 

reproducible clusters, I performed two rounds of k-means clustering and unsupervised 

hierarchical clustering. The first round included 1000 iterations of k-means clustering with k 

values from 4 to 10 (Fig. 5.6A). Based on the resultant matrices, I performed k-means 

clustering again with k values from 1 to 10 and selected the k values from both rounds of 

clustering that had the lowest within cluster sums of squares (Fig. 5.6B). This resulted in four 

clusters which accurately grouped individuals into distinct clusters (Fig. 5.6C). Cluster number 

three had the most overlap with other clusters (Fig. 5.6C).  

The expression of all geneset modules differed significantly across the modules (ANOVA p < 

0.05 for all) (Fig. 5.6D&E). Cluster 1 had low expression of T and metabolism modules; cluster 

2 had low expression of B and plasma, T, and NK modules; cluster 3 had intermediate 

expression of all immune related clusters and low expression for cell cycling modules and 

cluster 4 had low expression for innate and interferon related genes (Fig. 5.6D&E). Each 

cluster contained individuals from different immunocompromised groups with notable skewing: 

clusters 3 and 4 were enriched for HC individuals, with cluster 2 containing no HC individuals 

(Fig. 5.7A&B). RA patients were heavily enriched in cluster 4, but this cluster had few 

individuals from solid organ and haematopoietic stem cell transplant, AAV, and NHL groups 

(Fig. 5.7A&B). Demographic and clinical factors also varied significantly across groups, 

including age, sex and number of comorbidities and immunosuppressive therapies  
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Fig. 5.6 Robust and reproducible clustering of individuals by geneset signatures 
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(Fig. 5.7C-J). Notably, these changes are confounded by the biases of demographic factors 

between disease groups. Together, this suggests that unsupervised clustering of 

transcriptomic measurements can broadly discern immunologically ‘healthy’ individuals from 

immunocompromised individuals, but that immunocompromised transcriptomic signatures are 

shared across different clinical phenotypes.  

5.6.6 The baseline transcriptome is associated with vaccine-induced antibody 

responsiveness.  

There are clear differences between the transcriptomes of individuals with different SIs, 

however it is not clear how these differences relate to functional responses to vaccination. To 

assess this, I first compared V3+21d anti-RBD Ig binding responses between individuals 

stratified by transcriptomic clusters (Fig. 5.6). Individuals in cluster 2, which was associated 

with low adaptive immune module expression, had significantly lower anti-RBD Ig and was 

enriched for anti-RBD non-responsiveness compared with individuals in cluster 4 (Fig. 5.8A). 

To identify specific geneset modules that were associated with anti-RBD Ig titres, I next directly 

compared the expression of each geneset module score with anti-RBD Ig titres. B and plasma, 

T, innate, IFN and platelet geneset modules were significantly correlated with antibody 

responses (Fig. 5.8B). There was a sigmoidal relationship between the T module and anti-

RBD Ig which was mirrored by the innate module. The B and plasma cell module was most 

strongly associated with anti-RBD Ig and exhibited an asymptotic relationship with an 

exponential increase followed by a plateau – indicating that once B and plasma cell-related  

Fig. 5.6 Robust and reproducible clustering of individuals by geneset signatures 
A&B) Individuals were clustered based on similarity of geneset variation analysis expression score 
similarity 1000 times (with each round of clustering using a random seed) with a k value ranging from four 
to 10 (k value from 4 to 7 depicted) Heatmaps are hierarchically clustered for visualisation (A). The 1000 
iterations of the initial clustering was then used for a second round of k-means clustering using an 
optimised k-means threshold (B), resulting in the row clusters used to split rows in A. 
C) Uniform manifold approximation and projection (UMAP) representation of the geneset signatures of 
each individual, coloured by k-means cluster derived from A&B. 95% confidence interval ellipse is shown.  
D) Geneset variation analysis expression scores of each individual in the cohort, with genesets (y axis) 
grouped into geneset modules and individuals (x axis) grouped into clusters derived from A&B. Individuals 
within clusters are hierarchically clustered based on Euclidean distance.  
E) The mean geneset module score for each cluster of individuals. 
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Fig. 5.7 Clinical and demographic features associated with transcriptomic clustering 

Clinical group

0.00

0.25

0.50

0.75

1.00

Pr
op

or
tio

n

Clinical group
Cirr
IBD
AAV
RA
LT
RT
PID
HSCT
Aggressive B NHL
Indolent B NHL
HC

1 2 3 4

−2.5

0.0

2.5

−2
.5 0.0 2.5

UMAP_1

U
M

AP
_2

Clinical group

Sex

0.0

0.3

0.6

0.9

1.2

Pr
op

or
tio

n

Sex
Female
Male

** ***** ***

1 2 3 4

−2.5

0.0

2.5

−2
.5 0.0 2.5

UMAP_1

U
M

AP
_2 Sex

E

Age

40

60

80

100

Ye
ar

s

* *********

1 2 3 4

−2.5

0.0

2.5

−2
.5 0.0 2.5

UMAP_1

U
M

AP
_2

Age

Age

G

No. comorbidities

0.0

0.3

0.6

0.9

Pr
op

or
tio

n No. comorbidities
0
1
2
3
4
5

*
**

*

1 2 3 4

−2.5

0.0

2.5

−2
.5 0.0 2.5

UMAP_1

U
M

AP
_2

No.cormobidities

I

No. IS

0.0

0.3

0.6

0.9

Pr
op

or
tio

n No. IS
0
1
2
3
4

* *

1 2 3 4

−2.5

0.0

2.5

−2
.5 0.0 2.5

UMAP_1

U
M

AP
_2

No. IS

K

A B

Clinical group
Cirr
IBD
AAV
RA
LT
RT
PID
HSCT
Aggressive B NHL
Indolent B NHL
HC

Sex
Female
Male

Age
40
60
80

Age

40
60
80

No.cormobidities
0
1
2
3
4
5

No. IS
0
1
2
3
4

No.comorbidities
0
1
2
3
4
5

Cluster

Fig. 5.7 Clinical and demographic features associated with transcriptomic clustering
A-J) Proportions (A,C,E,G,I) and uniform manifold approximation and projection (UMAP) (B,D,F,H,J) 
representations of clinical and demographic features of the transcriptional phenotypes. Disease group (A&B), 
Sex (C&D), Age (E&F), number of comorbidities (G&H) and combined number of immunosuppressive 
therapies (I&J) depicted. C, G and I statistical tests are Fisher’s exact tests with Bonferroni correction. E is 
Mann-Whitney U test with Bonferroni correction. * P <0.05; ** P < 0.01; *** P <0.001; **** P < 0.0001. 
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expression reached a certain threshold, it was no longer beneficial to vaccine-induced 

antibody responses (Fig. 5.8B). 

Contrary to the overall trend, some individuals had high expression of the B and plasma 

geneset module but had low or no anti-RBD Ig titres (Fig. 5.8B, indicated in black box). To 

identify which groups of individuals these were, I separated the dataset based on a threshold 

of B and plasma module expression optimised to maximally segregate the dataset based on 

V3+21d anti-RBD Ig responsiveness (Fig. 5.8C). Using only this binary threshold (-0.28) of B 

and plasma geneset module score was sufficient to accurately classify individuals from most 

clinical groups by antibody responsiveness (180 of 228 (78%) correctly classified; specificity 

= 0.8, sensitivity = 0.78). However, participants from the solid organ transplant groups made 

up the largest proportion of false positive individuals (Fig. 5.8D) – suggesting that the B and 

plasma geneset module had a different relationship with anti-RBD Ig depending on the clinical 

phenotype. Stratification by clinical group revealed that the positive correlation between B and 

plasma module expression and V3+21d anti-RBD Ig titre was largely only present in groups 

where aCD20 therapy was in use (Fig. 5.8E). To explore whether the lack of correlation within 

some groups was due to differential expression of genesets within the geneset modules, I 

fitted linear models of log10 transformed V3+21d anti-RBD Ig using genesets that made up the 

geneset modules that were significantly correlated with V3+21d anti-RBD Ig titre (Fig. 5.8B). 

I included an interaction term between the geneset score and the clinical group, and 

additionally controlled for sex, age and third vaccine type. Most genesets within B and plasma, 

IFN and innate geneset modules were significantly independently associated with anti-RBD Ig 

titre across the groups on aggregate (Fig. 5.8F). 

Fig. 5.7 Clinical and demographic features associated with transcriptomic clustering 
A-J) Proportions (A,C,E,G,I) and uniform manifold approximation and projection (UMAP) (B,D,F,H,J) 
representations of clinical and demographic features of the transcriptional phenotypes. Disease group 
(A&B), Sex (C&D), Age (E&F), number of comorbidities (G&H) and combined number of 
immunosuppressive therapies (I&J) depicted. C, G and I statistical tests are Fisher’s exact tests with 
Bonferroni correction. G is comparison o proportion with >1 comorbidities. I is comparison of proportion >0 
immunosuppressive therapies. E is Mann-Whitney U test with Bonferroni correction. * P <0.05; ** P < 
0.01; *** P <0.001; **** P < 0.0001.  
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Fig. 5.8 Baseline transcriptional signature is associated with V3+21d anti-RBD 
antibody titre  
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As expected, there were significant interactions between expression of genesets within the B 

and plasma module and the clinical group (Fig. 5.8F). There were also significant interactions 

between expression of genesets within the interferon geneset module and clinical group – due 

to a differing relationship between the expression of these genesets and anti-RBD Ig titre in 

the LT and cirrhosis groups (liver disease groups) compared to other groups in the analysis 

(Fig. 5.8F&G). Further inspection of this interaction identified that there was a strong negative 

correlation between the IFN and B and plasma modules specifically in individuals with liver 

disease (Fig. 5.8G). Interestingly, although B and plasma module expression alone was not 

significantly associated with anti-RBD Ig responses in individuals in LT or cirrhosis groups 

(Fig. 5.8E), expression of the IFN module was significantly negatively correlated with anti-

RBD Ig (Fig. 5.8H). Suggesting a unique interaction of interferon signalling and reduced B cell 

expression with anti-RBD Ig titre in these groups and a crucial link between baseline 

inflammation and vaccine-induced antibody responses.  

5.6.7 Baseline transcriptomic signatures that are associated with anti-RBD Ig 

Fig. 5.8 Baseline transcriptional signature is associated with V3+21d anti-RBD antibody titre 
A) SARS-CoV-2 receptor binding domain (RBD) binding Ig responses 21days after third vaccine (V3+21d) 
in individuals stratified by transcriptomic clusters. Top bars are counts of individuals with V3+21d anti-RBD 
Ig titres stratified by no (<0.8AU/mL), low (1000AU/mL) or high (>1000AU/mL). Magnitudes compared with 
Mann-Whitney U test, Bonferroni corrected. Counts compared with Fisher’s exact test, Bonferroni 
corrected. 
B) Spearman’s correlation and loess regression curves of the pre-vaccine geneset module score for each 
geneset module with V3+21d anti-RBD Ig titre. P is Benjamini-Hochberg false-discovery rate.  
C) Cumulative specificity and sensitivity of classifying anti-RBD Ig responsiveness (no response 
(<0.8AU/mL versus response (>0.8AU/mL)) at different threshold values of B and plasma geneset module 
score. The maximum cumulative specificity and sensitivity is marked with dashed line (geneset module 
score of -0.28) 
D) Stratification of clinical groups based on anti-RBD Ig response above (+) or below 0.8AU/mL (-) and B 
and plasma module score expression above (+) or below -0.28 (-).  
E) Spearman’s correlation of B and plasma module score with V3+21d anti-RBD Ig, separated by clinical 
groups and coloured by key immunosuppressive therapies. aCD20, anti-CD20 therapy. MMF, 
mycophenolate mofetil. P.adj is Benjamini-Hochberg false-discovery rate.  
F) Linear models of log10 transformed V3+21d anti-RBD Ig titres with genesets within geneset modules that 
were correlated with V3+21d anti-RBD Ig (B). A model was fitted independently for each geneset, with an 
interaction term between geneset and clinical group (with the healthy control group as the null), and age 
and sex as covariates. Significant geneset terms (Benjamini-Hochberg FDR <0.05) are marked in blue. 
Significant interactions between the geneset expression and clinical group are marked with *. The point 
and lines represent the geneset variable coefficient and standard error.  
G&H) Spearman’s correlations of pre-vaccine B and plasma score (G) and anti-RBD Ig titre (H) with the 
IFN geneset module score.  
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responses are distinct from the signature associated with vaccine-induced anti-S IFNγ 

T cell responses. 

I next assessed the relationship of the baseline transcriptome with vaccine-induced IFNγ T 

cell responses. Comparison of V3+21d anti-S IFNγ T cell responses between individuals in 

different transcriptomic clusters identified reduced T cell magnitude and responsiveness 

associated with cluster 1 compared to cluster 3 (FDR = 0.054) and 4 (FDR = 0.03) (Fig. 5.9A). 

Thus, while cluster 2 was associated with reduced vaccine-induced antibody responses, 

cluster 1 was the predominant cluster associated with reduced T cell responses. Baseline 

expression of B and plasma, T, cell cycling and cellular homeostasis modules were weakly 

but significantly correlated with V3+21d anti-S IFNγ T cell responses (Fig. 5.9B).  

Analysis of the association between the expression of genesets within the geneset modules 

and V3+21d anti-S IFNγ identified that only 4 genesets within the T module were significantly 

associated with vaccine-induced T cell response, namely: “T cell differentiation”, “CD4 T cell 

surface signature Th2-stimulated’, “T cell activation (III)” and “T cell differentiation (Th2)” (Fig. 

5.9C). Geneset enrichment analysis also identified T cell genesets upregulated in individuals 

with detectable V3+21d T cell responses compared to those with no V3+21d T cell response 

(Fig. 5.9D). Several B cell genesets were significantly negatively associated with T cell 

responses, likely primarily driven by the increased T cell magnitude observed in the AAV group 

which has low B cell module expression (Fig. 5.2G & 5.6A). Interestingly, increased 

expression of TLR signalling-related genes (“MHC-TLR7-TLR8 cluster” and “TLR and 

inflammatory signalling”), which is involved in mRNA vaccine sensing and associated 

inflammation (387), was associated with reduced T cell responses to vaccination (Fig. 5.9C & 

5.9D). Thus, the baseline transcriptomic profile was associated with V3+21d anti-S IFNγ T cell 

responses – however the association differed and was less strong compared to the baseline 

signature associated with V3+21d anti-RBD Ig responses after vaccination 
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Fig. 5.9 Baseline transcriptional signature is associated with V3+21d anti-SARS-CoV-2 spike IFNG T 
cell responses 
A) SARS-CoV-2 spike IFNG T cells (anti-S) responses 21days after third vaccine (V3+21d) in individuals 
stratified by transcriptomic clusters. Top bars are counts of individuals with V3+21d anti-S IFNg T cell 
responses stratified by no (<= 1 SFC/106 PBMC) or high (> 1 SFC/106 PBMC). Magnitudes compared with 
Mann-Whitney U test, Bonferroni corrected. Counts compared with Fisher’s exact test, Bonferroni 
corrected.
B) Spearman’s correlation and loess regression curves of the pre-vaccine geneset module score for each 
geneset module with V3+21d anti-S IFNg T cell response. P is Benjamini-Hochberg false-discovery rate. 
C) Linear models of log10 transformed V3+21d anti-S IFNG T cell response with genesets within geneset 
modules that were correlated with V3+21d anti-S IFNg T cell response (B). A model was fitted 
independently for each geneset, with clinical group (with the healthy control group as the null), age and sex 
as covariates. Significant geneset terms (Benjamini-Hochberg FDR <0.05) are marked in blue. The point 
and lines represent the geneset variable coefficient and standard error. 
D) Geneset enrichment analysis of differentially expressed genes (calculated using DESeq2, with age and 
sex as covariates) between individuals with anti-S IFNG T cell responses above compared with below 1 
SFC/106 PBMC. Only genesets with an adjusted p value below 0.001 are shown. 

Fig. 5.9 Baseline transcriptional signature is associated with V3+21d anti-SARS-CoV-2 spike IFNγ T 
cell responses  
A) SARS-CoV-2 spike IFNγ T cell (anti-S) responses 21 days after third vaccine (V3+21d) in individuals 
stratified by transcriptomic clusters. Top panel are counts of individuals with V3+21d anti-S IFNγ T cell 
responses stratified by no (< 1 SFC/106 PBMC) or high (>0 1 SFC/106 PBMC). Comparison of magnitudes 
using Mann-Whitney U test, with Bonferroni correction. Counts compared with Fisher’s exact test, with 
Bonferroni correction. 
B) Spearman’s correlation and loess regression curves of the pre-vaccine geneset module score for each 
geneset module with V3+21d anti-S IFNγ T cell response. P is Benjamini-Hochberg false-discovery rate.  
C) Linear models of log10 transformed V3+21d anti-S IFNG T cell response with genesets within geneset 
modules that were correlated with V3+21d anti-S IFNγ T cell response (B). A model was fitted 
independently for each geneset, with clinical group (with the healthy control group as the null), age and sex 
as covariates. Significant geneset terms (Benjamini-Hochberg FDR <0.05) are marked in blue. The point 
and lines represent the geneset variable coefficient and standard error.  
D) Geneset enrichment analysis of differentially expressed genes (calculated using DESeq2, with age and 
sex as covariates) between individuals with anti-S IFNγ T cell responses above compared with below 1 
SFC/106 PBMC. Only genesets with an adjusted p value below 0.001 are shown.  
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5.6.8 The baseline inflammatory proteome is associated with transcriptomic signatures 

and identifies differences between clinical groups. 

The transcriptomic data indicated that inflammatory signalling was associated with different 

clinical phenotypes and with vaccine-induced antibody and T cell responses. To assess 

whether transcriptomic differences in inflammatory signalling were also detectable at the 

protein level, I used the Olink Inflammatory panel I to measure the concentration of 368 

inflammatory-related proteins in serum taken at the pre-V3 timepoint (Table 5.2 Fig. 5.1C). 

176 individuals from the cirrhosis, LT, RT, RA and HC groups were included in this analysis. 

These groups were selected based on their inclusion of individuals with and without vaccine-

induced T and antibody responses, and sample availability. The inflammatory blood proteome 

distinguished healthy individuals from individuals in disease groups, particularly the LT and 

cirrhosis groups (Fig. 5.10A). There was a total of 205 differentially expressed proteins (DEP) 

in one or more disease group compared to HCs (Fig. 5.10B). Cirrhosis and LT groups had the 

most differentially expressed proteins compared to HCs (Cirrhosis = 149 of 368; 40%, LT = 

138 of 368; 38%), RT had the next most with 82 DEPs (22%) and only 19 proteins (5.2%) 

were differentially expressed in the RA group compared to HC (Fig. 5.10B). Of the total DEPs 

between clinical groups and HCs, the groups that shared the most DEPs were cirrhosis, LT 

and RT groups (52 DEPs) and cirrhosis and LT groups (51 DEPs) (Fig. 5.10B&C). Only one 

protein (CCL11) was differentially expressed between HC and all disease groups. Of the 19 

DEPs between RA and HC, 12 (63%) were uniquely differentially expressed in RA compared 

to HC. Therefore, the RA group has a different inflammatory proteome compared to cirrhosis, 

LT and RT groups and is more similar to HC.  

DEPs were almost ubiquitously upregulated compared to HCs (Fig. 5.10C) and included 

various important immune regulating and pro-inflammatory proteins. The top five 

overexpressed proteins compared with HCs in cirrhosis were CCL20, CMKT1A_1B, IL6, 

FABP1 and CXCL8 (Fig. 5.10D). FABP1 was also a top upregulated protein in LT and RT 
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Fig. 5.10 384-plex inflammatory proteomics identifies unique and shared features of 
inflammation in the plasma of different immunosuppressive diseases    
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recipients, alongside CEACAM21, CXADR, IL10 and SIRPB1 in LT and LY6D, SERPINB8, 

SPINK4 and TNFRSF11A in RT recipients (Fig. 5.10D). Individuals in the RA group had 

upregulation of CXCL8, CCL13, CCL7, MMP1 and TNF (Fig. 5.10D). Interestingly, anti-TNF 

medication use within the RA group was associated with the increased plasma TNF 

concentrations observed within this group (Fig. 5.10E).  

When individuals were clustered based on the baseline transcriptome, individuals in clusters 

1 and 2 appeared to have increased inflammatory and innate signalling (Section 5.6.5). To 

test if this was also observed at the protein level, I stratified the Olink dataset based on 

transcriptomic clusters. Consistent with the transcriptomic signatures, individuals in cluster 1 

and 2 had the highest overall expression of inflammatory proteins in plasma (Fig. 5.10F). 

Direct comparison of the geneset module scores with inflammatory proteome concentrations 

identified several proteins measurable in the blood that were significantly associated with 

geneset modules scores from the B and plasma, haematopoiesis, IFN, innate, NK and T 

modules (Fig. 5.6G). The aggregate expression of proteins that were associated with 

Fig. 5.10 384-plex inflammatory proteomics identifies unique and shared features of inflammation 
in the plasma of different immunosuppressive diseases   
A) Uniform manifold approximation and projection (UMAP) dimensional reduction of Olink Inflammatory 
proteomics across disease groups. Ellipses represent 95%CI  
B) Number of differentially expressed proteins between healthy controls and each disease group. Total 
number of differentially expressed proteins per group on right panel. Number of differentially expressed 
proteins shared between different disease groups in comparison to healthy controls on top. 
C) Predicted NPX from linear models fit to each Olink protein adjusted for age and sex. Proteins in each 
panel are those that are differentially expressed compared to healthy controls in each of the groups in the 
panel title. Point is mean NPX, lines are standard deviation.  
D) Expression of the top five differentially expressed proteins from each disease group compared to 
healthy controls. For each protein, the disease groups that are significantly compared to healthy control is 
labelled.  
E) Expression of TNF protein in healthy controls and patients with rheumatoid arthritis, separated by anti-
TNF therapeutic use.  
F) The mean scaled expression of each of the 384 proteins in the Olink Inflammatory I panel for individuals 
stratified by transcriptomic cluster. Each point represents a protein.  
G) Linear models (with age and sex as covariates) of the NPX value of each Olink protein with each 
geneset module score defined in transcriptomic data. Only significantly associated proteins (Benjamini-
Hochberg false discovery rate <0.05) are shown.  
H) The aggregate expression (average zscore of NPX values) of proteins identified in G that were 
significantly associated with the IFN geneset module.  
F&H) Mann-Whitney U test with Bonferroni adjustment. * P <0.05; ** P < 0.01; *** P <0.001; **** P < 
0.0001.  
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expression of the IFN module (IFNγ, CXCL10, CXCL9, FCRL6, FASLG, CD6, IL12RB1, 

SIGLEC1 and CD48) was upregulated in the cirrhosis and LT groups, consistent with 

transcriptomic expression (Fig. 5.6 & 5.10H). 

5.6.9 The inflammatory proteome demonstrates that baseline inflammation is 

negatively associated with serological responses to mRNA COVID-19 vaccines.  

The transcriptomic data demonstrated that increased baseline inflammation was negatively 

associated with V3+21d anti-RBD Ig titres. Consistent with this, V3+21d anti-RBD Ig titres 

were negatively associated with several inflammatory proteins at baseline (Fig. 5.11A), after 

controlling for disease group, sex and age. Many of the proteins that were associated with 

V3+21d anti-RBD Ig were also significantly associated with expression of transcriptomic 

geneset modules (Fig. 5.11A). Notably, B and plasma cell module related proteins IL15, 

TNFSF13 (both negatively associated with B and plasma module expression), and CD22 

(positively associated with B and plasma module expression) were most significantly 

associated with antibody immunogenicity. Several proteins related to interferon or T cell 

signalling were negatively associated with anti-RBD Ig responses, including IFNγ, CXCL9, 

CXCL10, CXCL17, LY6D and FLT3LG (Fig. 5.11A). Individuals with low or no vaccine-

induced anti-RBD Ig response had higher average expression of each protein compared to 

individuals (Fig. 5.11B).  

To identify baseline protein features that were predictive of anti-RBD Ig low and no versus 

high responsiveness, classification models were trained using Olink data with clinical group 

as a covariate (Section 5.5.2). Both glmnet and random forest classifiers were able to 

accurately predict low vaccine-induced anti-RBD Ig (area under the receiver operating 

characteristic curve (auROC) of 0.83 and 0.86 respectively) (Fig. 5.11C). Stacking both 

models together improved the auROC to 0.87 (Fig. 5.11C). The tuned glmnet model contained 

11 proteins, nine of which were also found within the top 50 most important variables of the 

random forest model (Fig. 5.11D&E). The top most important variables (those with the highest  
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Fig. 5.11 The baseline inflammatory proteome can predict vaccine-induced SARS-CoV-2 receptor 
binding domain binding antibody responses 
A) Linear regression model of log10 transformed V3+21d anti-RBD Ig fit using individual pre-V3 protein 
concentrations, adjusted for age, sex and clinical group. Proteins are coloured by their association with 
given geneset module.  
B) The mean scaled expression of each of the 384 proteins in the Olink Inflammatory I panel for individuals 
stratified by anti-RBD Ig responsiveness. Each point represents a protein. Top and bottom 10 expressed 
proteins are labelled.  
C) Receiver operating characteristic curves of classifier models on test data, trained on baseline Olink data 
to classify no/low V3+21d anti-RBD Ig (<1000AU/ml) versus high V3+21d anti-RBD Ig response.  
D) Variables included in the glmnet classifer model in C.  
E) Top 50 variables contributing to the random forest classifier model in C.  
F) Correlation of contribution scores in the glmnet and random forest classifier models in C.  
G) Loess curves of Olink protein expression (NPX) and V3+21d anti-RBD Ig titre. Only Olink proteins 
included in the glmnet classifier model are shown.  
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coefficients in the tuned model) in the glmnet model were CD22, IL17-RB, IL15, OSM and 

SPINK4. There was a moderate positive correlation between the variable importance in the 

optimised glmnet and random forest models, but FCRL3, which was the most important 

variable in the random forest model did not appear in the glmnet model (Fig. 5.11E&F). 

Visualisation of loess regression curves showed that the glmnet selected models changed as 

expected with respect to V3+21d anti-RBD Ig tires (Fig. 5.11G).  

5.6.10 A small number of baseline inflammatory proteins can predict mRNA COVID-19 

vaccine-induced T cell responses  

I next investigated the relationship of baseline inflammatory proteins with V3+21d anti-S IFNγ 

T cell responses. Using the same methods as in Figures 5.11C-F, glmnet and random forest 

models trained on baseline inflammatory protein concentrations accurately predicted 

individuals with and without V3+21d IFNγ T cell responses (Fig. 5.12A). The glmnet model 

outperformed the random forest model and the stacked random forest + glmnet models 

(glmnet auROC = 0.85, random forest = 0.76, stacked = 0.82) (Fig. 5.12A). The final optimised 

glmnet model only included seven proteins: JCHAIN, SCFB3A2, CCL26, AGRP, CXCL6, 

CDON and CXCL3 (Fig. 5.12B&C). JCHAIN was the only one of these proteins not also 

included in the top 50 most important variables of the random forest model, but there was less 

agreement between variable importance in the models than was observed when predicting 

anti-RBD Ig immune responses (Fig. 5.12D&E). Thus, compared to the predictors of antibody 

responsiveness a small number of proteins could accurately predict vaccine-induced T cell 

immunogenicity, and predictive proteins for each immunogenicity measure were non-

overlapping.  

5.6.11 The impact of clinical phenotype on immune cell composition determined by 

spectral flow cytometry 
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Fig. 5.11 The baseline inflammatory proteome can predict vaccine-induced SARS-CoV-2 receptor 
binding domain binding antibody responses 

A) Linear regression model of log10 transformed V3+21d anti-RBD Ig fit using individual pre-V3 protein 
concentrations, adjusted for age, sex and clinical group. Proteins are coloured by their association with given 
geneset module.  

B) The mean scaled expression of each of the 384 proteins in the Olink Inflammatory I panel for individuals 
stratified by anti-RBD Ig responsiveness. Each point represents a protein. Top and bottom 10 expressed 
proteins are labelled.  

C) Receiver operating characteristic curves of classifier models on test data, trained on baseline Olink data to 
classify no/low V3+21d anti-RBD Ig (<1000AU/ml) versus high V3+21d anti-RBD Ig response.  

D) Variables included in the glmnet classifer model in C.  

E) Top 50 variables contributing to the random forest classifier model in C.  

F) Correlation of contribution scores in the glmnet and random forest classifier models in C.  

G) Loess curves of Olink protein expression (NPX) and V3+21d anti-RBD Ig titre. Only Olink proteins included 
in the glmnet classifier model are shown.  
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Broad differences in immune cell composition can be inferred using bulk RNA-sequencing 

data, but RNA-sequencing data cannot accurately resolve differences between cell frequency 

and cell function. The frequency of cells in peripheral blood has a major impact on the capacity 

of individuals to respond to vaccine (206) and so is likely of importance here. Therefore, I used 

flow cytometry to quantify the frequencies of immune cells in peripheral blood mononuclear 

cells from 121 individuals at the pre-vaccine timepoint (Fig. 5.1C). Manual gating and 

unsupervised hierarchical clustering demonstrated the detection of most major immune cell 

Stacked auROC = 0.82
glmnet auROC = 0.85

RF auROC = 0.76

Classification of no versus high V3+21d IFNg−S

0.0
0

0.2
5

0.5
0

0.7
5

1.0
0

0.00

0.25

0.50

0.75

1.00

1−Specificity

Se
ns

iti
vi

ty

−3

0

3

SCGB3A
2

JC
HAIN

CCL2
6

AGRP

CXCL6
CDON

CXCL3

Glmnet variables

N
PX

IFNg−S response
No
Yes

CXCL3

CDON

CXCL6

AGRP

CCL26

SCGB3A2

JCHAIN

−0
.20

−0
.15

−0
.10

−0
.05 0.0

0

Coefficient

gl
m

ne
t V

ar
ia

bl
es

GLMnet
variable
importance

20
40
60

0

25

50

75

100

TPT1

ITGA11
LA

IR1
PON3

ADA
AOC1

MYO
9B

MICB_M
ICA

IL3
3

CD40
LG

CXCL1
2

NCF2

BTN3A
2

RABGAP1L
CDON

LG
MN
NCK2

HSD11
B1

ANGPT1

VEGFD
AMN

ARNT

DNAJA
2 IL4

EPCAM
CXCL1

FKBP1B

PIK3A
P1
MGLL

ERBB3

SELP
LG

SLA
MF7

SCGB3A
2

GZMA
IL1

RN
TIM

P3

CCL2
6

CTRC
IL1

0

PNPT1
AGRP

PLA
2G

4A
GMPR

CXCL3

PLX
NA4

CXCL6EGF
MANF

TNFSF12

MPIG
6B

Top 50 important variables, random forest

Va
ria

bl
e 

im
po

rta
nc

e In tuned glmnet
No
Yes

A B 

D 

C 

JCHAIN
CCL26

CXCL6

AGRP

CXCL3

SCGB3A2

CDON

Pearson R2 = 0.48; p = 0.28

0

25

50

75

100

0 20 40
Variable importance random forest

Va
ria

bl
e 

im
po

rta
nc

e 
gl

m
ne

t

E 

Fig. 5.12 The baseline inflammatory proteome can predict vaccine-induced SARS-CoV-2 spike IFNγ 
T cell responses 
A) Receiver operating characteristic curves of classifier models on test data, trained on baseline Olink data 
to classify IFNG T cell non-response (< 1 SFC/106) versus response.  
B) The model coefficient of the variables included in the glmnet classifer model in A.  
C) Olink expression values of proteins included in glmnet classifier model in A, stratified by V3+21d IFNG T 
cell responsiveness.  
D) Top 50 variables contributing to the random forest classifier model in C.  
E) Correlation of contribution scores in the glmnet and random forest classifier models in C.   
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populations in PBMC (Figs. 5.13 & 5.14A&B).  

Whole blood RNA-sequencing is confounded by changes in cell frequency (206), therefore I 

first assessed what proportion of the variation in the bulk transcriptomic data could be 

attributed to changes in cell frequency in the blood. This analysis is limited by the fact that 

neutrophil related genes were captured in the whole-blood transcriptomic data, but not in the 

flow cytometry data of PBMC. 65.6% of variance in expression of the B and plasma cell 
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geneset module was explained by changes in frequency of B cells, plasma cells and 

monocytes (Fig. 5.14C). 37% of the variance of expression of the T module and 34% of the 

innate module was explained by total T and classical monocyte frequencies, respectively (Fig. 

5.14C). Variation in NK geneset module expression was partially explained by T and NK cell 

frequencies, highlighting the overlapping gene expression of these two cell subsets (388). All 

other geneset modules were poorly explained by flow cytometry derived cell frequencies, 

indicating that these genesets capture information independent of immune cell frequency (Fig. 

5.14C).  

To understand the effect of clinical phenotypes and immunosuppressive medications on 

immune cell frequencies, I assessed the relationship between the frequencies of immune cell 

populations with the clinical phenotype and demographic data (Fig. 5.14D). As the 

unsupervised approach was unable to resolve unconventional T cell populations and more 

rare cell subsets without additional sub clustering (such as DC subsets, B cell subsets), I 

focussed on the manually annotated clusters. Consistent with bulk-RNA sequencing data (Fig. 

5.6B), there were significantly reduced B cell frequencies in individuals on anti-CD20 therapies 

and solid organ transplant recipients on CNI + MMF + corticosteroid, and broad increases in 

innate cell frequencies across several groups compared to healthy individuals (Fig. 5.14D). 

The flow cytometry data provided additional resolution into the cell type differences: aCD20 

therapy patients had reduced frequencies of all B cells whereas solid organ transplant 

recipients on CNI + MMF + corticosteroids only had reduced plasmablast frequencies (Fig. 

5.14D). Amongst innate cells, classical and nonclassical monocytes were the predominant cell 

type increased in frequency and dendritic cells were decreased in frequency in several groups 

compared to HCs (Fig. 5.14D). Interestingly, basophils were increased in frequency in several 

groups, but particularly in individuals with rheumatic conditions (RA and AAV) (Fig. 5.14D&E). 

There was also a strong association between increased age and reduced naive CD4 and CD8 

T cell frequency and reduced overall frequencies of CD8+ effector and central memory  
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Fig. 5.14 The baseline cellular immunophenotype differs between immunosuppressive groups and healthy 
individuals 
A) Uniform manifold embedding and projection (UMAP) depiction of peripheral blood mononuclear cells from flow cytometric 
immunophenotyping, coloured by annotated phenograph clustering.  
B) Mean immune cell composition (annotated phonograph clusters) of individuals in different immunosuppressive groups and 
healthy controls.  
C) The relative importance of immune cell frequencies to geneset module scores identified using bulk transcriptomic data. 
Variance explained is the R2 partitioned by averaging over orders (Section 5.5.4). Significance and the coefficient direction is 
denoted by colour and is calculated using an ANCOVA-like test. Blue denotes significant coefficients which are positively 
associated with the geneset module of interest, red are negatively associated significant coefficients.   
D) Multivariate linear models fit to each manually annotated cell type frequency. Frequencies were log10 transformed with a 
prior of 1x10-3 . An independent model was fitted for each cell type, with all demographic variables as covariates. Age is 
compared to individuals 26-45years old, all disease group and immunosuppression combinations are compared to healthy 
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around a square indicate FDR < 0.05.  
E) Frequency of manually annotated basophils  
F) Correlation of frequency of naive CD4 and CD8 T cells (of CD45+ Live+ singlets) with subject age. 
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populations, as previously reported (389), which was still observed with healthy individuals 

removed (Fig. 5.14F).  

5.6.12 B cell functionality is impaired in liver and renal transplant recipients 

Transcriptional signatures related to B cell signalling were clearly linked to vaccine-induced 

antibody responses across the entire cohort, but there were certain clinical groups where this 

was not the case (Fig. 5.8E). To assess whether this was due to differences in B cell 

phenotype - which was not resolvable by bulk-RNA sequencing - I used the flow cytometry 

data to assess B cell phenotypes across disease groups. Within the entire cohort, baseline B 

cell subset frequencies were significantly associated with V3+21d anti-RBD Ig titre (Fig. 

5.15A). AAV and indolent B NHL patients on aCD20 therapy had the lowest frequencies of B 

cells and were enriched for naive and transitional B cells, with very low frequencies of memory 

B cells on average (Fig. 5.15B). This was consistent with their low rates of V3+21d anti-RBD 

Ig responsiveness (Fig. 5.15B, top). In contrast, RT and LT recipients, which also had low 

rates of vaccine responsiveness (Fig. 5.15B, top), had B cells of a similar overall frequency 

and similar phenotype as HC individuals that had high antibody response rates (Fig. 5.15B). 

This indicated that unlike individuals on aCD20 therapy, LT and RT recipients had normal 

frequencies of B cells but they were still unable to successfully generate antibodies in 

response to vaccine. In the overall cohort there was a positive correlation between pre-V3 B 

and plasma cell frequencies with V3+21d anti-RBD Ig (Fig. 5.15C), similar to the trend 

observed in the bulk RNA-sequencing data (Fig. 5.8B). However, the relatively high 

frequencies of memory B cells and plasmablasts observed in RT and LT was not associated 

with high anti-RBD Ig titres and there was overall a low correlation between pre-V3 B and 

plasma cell subset frequencies with V3+21d anti-RBD Ig in these groups (Fig. 5.15C). To 

assess if the reduced V3+21d anti-RBD Ig in solid organ transplant recipients was due to 

reduced pre-existing antigen-specific B cells, I assessed the frequencies SARS-CoV-2 S1-

specific B cells in pre-vaccination samples of a subset of the cohort using S1-specific 
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Fig. 5.15 Association of baseline bulk and antigen-specific B cell frequency and 
phenotype with vaccine-induced antibody response 
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 B cell “baits” (Fig. 5.15D). The frequency of S1-specific B cells as a proportion of overall 

lymphocytes was similar in LT and RT recipients compared to the rest of the cohort and 

significantly increased compared to aCD20 recipients, but lower than HCs (Fig. 5.15E). The 

relationship between total memory B cell frequency and S1-specific B cells was similar in the 

LT and RT groups compared to the rest of the cohort (Fig. 5.15F). However, LT and RT 

recipients with comparatively high pre-existing S1-specific B cell frequencies were unable to 

produce high titres of antibody in response to vaccine (Fig. 5.15G). Additionally, the 

neutralising capacity of vaccine-induced anti-RBD Ig was reduced in LT and RT compared to 

the rest of the cohort: there was only weakly positive or no significant correlation between 

V3+21d anti-RBD Ig binding titres and neutralising IC50 in the RT and LT groups compared 

with strong positive correlation in the rest of the cohort (Fig. 5.15H). Therefore, RT and LT 

recipients may generate B cells to SARS-CoV-2 vaccine, but they produce reduced quantities 

of binding Ig with lower neutralising capacity than other immunocompromised patient groups.  

 

Fig. 5.15 Association of baseline bulk and antigen-specific B cell frequency and phenotype with 
vaccine-induced antibody response 
A) Linear models of log10 transformed V3+21d anti- receptor binding domain (RBD) binding antibody (Ig) 
titres with log10 transformed cell frequency (with a 1x10-3) prior. A model was fitted independently for each 
cell type with clinical group, age and sex as covariates. Significant geneset terms (Benjamini-Hochberg 
FDR <0.05) are marked in blue. The point and lines represent the geneset variable coefficient and standard 
error.  
B) The mean proportion of manually annotated B cell subtypes amongst total B and plasma cells per 
disease group (bottom panel).Total B cell frequency within all live CD45+ singlets is shown (middle panel) 
and the proportion of individuals with no (<0.8AU/mL) low (0.8-1000AU/mL) and high (>1000AU/mL) 
V3+21d anti-RBD Ig (top panel). 
C) Correlation of pre-vaccination class-switched memory B (top) and plasma cell (bottom) frequencies and 
V3+21d anti-RBD Ig titres stratified by liver transplant (LT) and renal transplant (RT) versus all other 
groups.  
D) Exemplar flow cytometric gating scheme for SARS-CoV-2 S1 specific B cells.  
E) Frequency of pre-vaccine S1-specific B cells as a percentage of live lymphocytes. Mann-Whitney U test 
with Benjamini- Hochberg false discovery rate. * = FDR < 0.05, ** = FDR <0.01 
F) Frequency of pre-vaccine S1-specific B cells and total switched memory B cells with loess regression 
curve.  
G) Frequency of pre-vaccine S1-specific B cells against V3+21d anti-RBD Ig titres 
H) Correlation of V3+21d neutralisation 50% inhibitory concentration (IC50) of ancestral SARS-CoV-2 
(wildtype), SARS-CoV-2 delta and omicron BA.1 variants with V3+21d anti-RBD Ig titres, stratified by 
LT/RT versus all else. Healthy controls not included. Bonferroni adjusted P value shown.  
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5.6.13 The baseline T cell phenotype, assessed using flow cytometry, is associated with 

disease and vaccine T cell non-responsiveness  

I next assessed the relationship of the baseline cellular immunophenotype with T cell 

responsiveness using flow cytometry. To facilitate detection of T cell features associated with 

vaccine non-responsiveness, while controlling for differences in T cell phenotype between 

different diseases I stratified the cohort into four groups: (1) individuals with AAV, who had 

notably high magnitudes of V3+21d IFNγ-S T cell responses (Fig. 5.2G); (2) LT and RT 

recipients and cirrhosis patients with no V3+21d IFNγ T cell response; (3) LT and RT recipients 

with V3+21d IFNγ T cell response and (4) all others (RA, indolent B NHL and IBD). The LT, 

RT and cirrhosis groups contained all individuals with no V3+21d IFNγ T cell response in the 

flow cytometry sub cohort and were amongst the clinical groups most enriched for T cell non-

responsiveness overall (Fig. 5.2H).  

T cell frequencies at baseline were significantly lower in LT, RT and cirrhosis groups compared 

to other disease groups in the cohort and there was a significant interaction between the LT, 

RT and cirrhosis group and V3+21d T cell non-responsiveness (Fig. 5.16A). This was largely 

due to reduced naive T cell frequencies in LT, RT and cirrhosis patients (Fig. 5.16B&C). Naive 

CD4+ T cells were significantly reduced in LT, RT and cirrhosis compared to other groups and 

further reduced in LT, RT and cirrhosis T cell non-responders regardless of age (Fig. 5.16B). 

The frequency of naive CD8+ T cells exhibited a similar pattern as the naive CD4+ T cells, but 

between group comparisons were confounded by age (Fig. 5.14F) and there were no 

significant differences when participant age was adjusted for (Fig. 5.16C). Consistent with 

this, across the entire cohort increasing age was weakly, but significantly, negatively 

correlated with V3+21d IFNγ-S (Fig. 5.16D). The decreased overall frequency of naive T cells 

was associated with altered compositions of naive, central (CM), effector (EM), and effector 

memory re-expressing CD45RA (EMRA) within CD4+ and CD8+ T cell populations in the LT, 

RT and cirrhosis groups compared to other groups (Fig. 5.16E&F). There were proportionally 

more CD4+ CM T cells and CD8+ EMRA T cells amongst CD4+ and CD8+ T cell populations  
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Fig. 5.16 The baseline T cell phenotype is associated with vaccine-induced IFNγ T 
cell responsiveness 
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respectively, in individuals in LT, RT and cirrhosis groups - especially LT, RT and cirrhosis T 

cell non-responders – compared with other groups (Fig. 5.16E&F). 

In addition to different T cell memory phenotypes across disease groups and T cell response 

status, CD4+ T cell activation status at baseline was also altered. There were significantly 

increased frequencies of HLA-DR+ CD38- and HLA-DR+ CD38+ naive CD4+ T cells in 

individuals in LT, RT and cirrhosis groups compared with other clinical groups and there was 

a significant interaction of the LT, RT and cirrhosis group with V3+21d IFNγ-S T cell response 

status (Fig. 5.16G). A similar pattern was observed when comparing normalised HLA-DR 

expression within naive CD4+ T cells identified through unsupervised clustering (Fig. 5.16H). 

The HLA-DR+ populations were notable for their increased surface expression of CD95, PD-1 

and CXCR3, markers related to sensitivity to apoptosis (390), exhaustion (391), and 

inflammatory tissue entry (392), respectively (Fig. 5.16I), compared to HLA-DR- CD4+ naive T 

cells. CD4+ CM T cells also exhibited differences in functional surface markers, with 

significantly increased geometric mean fluorescence intensity (gMFI) of PD-1 expression in 

LT, RT and cirrhosis groups compared with other groups (Fig. 5.16J) in a manner that was 

negatively correlated with IFNγ-S T cell response magnitude (Fig. 5.16K). Thus, CD4+ naive 

Fig. 5.16 The baseline T cell phenotype is associated with vaccine-induced IFNγ T cell responsiveness 
A) Baseline (pre-vaccination) T cell frequencies of live CD45+ singlets. Individuals are grouped into ANCA-
associated vasculitis (AAV), liver transplant (LT) and renal transplant (RT) or cirrhosis (Cirr) with or without a 
V3+21d T cell response (< / > 1SFC/106) and all other participants. All individuals in AAV and other groups 
were positive for V3+21d T cell responses.  
B&C) Baseline naive CD4+ (B) T cell frequencies and CD8+ (C) T cell frequencies, p values provided indicate 
linear model with or without inclusion of age as a covariable. Grouped as in A.  
D) Correlation of V3+21d IFNγ T cell SFC/106 to SARS-CoV-2 spike and subject age.  
E&F) CD4+ (E) and CD8+ (F) T cell memory subclasses grouped as in A. Includes naive, effector memory 
(EM), central memory (CM) and effector memory re-expressing CD45RA (EMRA) populations. Error bars are 
standard error.  
G) HLA-DR and CD38 cell type frequencies within CD4+ naive T cells. Grouped as in A.  
H) Mean normalised HLA-DR expression in naive CD4+ T cells identified by phenograph unsupervised 
clustering 
I) Surface expression histograms of CXCR3, CD95 and PD-1 in each HLA-DR/CD38 CD4+ naive T cell 
subpopulation.  
J) Predicted log10 transformed PD-1 geometric mean fluorescence intensity (gMFI) on central memory CD4+ T 
cells after adjusting for age, sex and batch.  
K) Correlation of predicted log10 transformed PD-1 gMFI on central memory CD4+ T cells (as in J) with 
V3+21d IFNγ T cell SFC/106 to SARS-CoV-2 spike  
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T cell maturity and activation (389) and CM CD4+ T cell exhaustion phenotypes were altered 

between groups and with T cell responses status. 

5.6.14 Antigen-specific, but not global T cell function is impaired in 

immunocompromising conditions and vaccine T cell non-responders.  

One possible explanation for the reduced T cell response to vaccine in individuals in the renal 

and LT and cirrhosis groups is that their T cells are hyporesponsive to any stimulus – not only 

the vaccine, because of immunosuppressive therapies and inflammation (132). To test this 

hypothesis, I used intracellular cytokine staining (ICS) to detect T cell responses in pre-

vaccination PBMC after overnight stimulation with anti-CD3, anti-CD28 and anti-CD49d 

(representative gating in Fig. S5.1). There were no significant differences in the frequency of 

CD69+ cytokine (IFNγ, IL-2, TNF, IL-4 or IL-17A) or surface activation (CD71 and CD107a) 

positive T cell subsets between AAV, LT, RT and cirrhosis, or other disease groups (Fig. 

5.17A). The only exception was IL-2 in combination with TNF, which was reduced in frequency 

amongst CD8+ EMRA cells in the LT, RT and cirrhosis groups compared with all the combined 

group of other (none AAV) disease groups (Fig. 5.17A). Contrary to the aCD3 stimulus, there 

were significant differences between groups when comparing cytokines and surface markers 

after overnight stimulation with SARS-CoV-2 spike peptide pools (Fig. 5.17B). The T cell 

phenotype with the largest difference in frequency between groups in response to spike 

peptide pools was polyfunctional (IFNγ+IL2+TNF+) CD4+ EM T cells, which were significantly 

reduced in LT, RT and cirrhosis groups compared to AAV or combined non-AAV groups, and 

were further reduced in LT and RT and cirrhosis V3+21d T cell non-responders (Fig. 5.17B-

D). The AAV group also had increased frequencies of CD107a+ CD4+ T cells, including naive 

and CM subtypes, compared to individuals in LT, RT and cirrhosis groups (Fig. 5.17B). The 

differences in pre-V3 cytokine production in response to SARS-CoV-2 peptides was consistent 

with the V3+21d IFNγ ELISpot assay results - SARS-CoV-2 spike responsive IFNγ+IL2+TNF+ 

CD4+ EM T cells were the pre-vaccine functional T cell type with the strongest correlation with  
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Fig. 5.17 Functionality of pre-vaccination antigen-specific and non-antigen specific T cells 
A&B) The mean scaled frequency of cells (scaled percent of live lymphocytes) producing the given cytokine 
combination within CD4+ (left) and CD8+ (right) CD69+ T cell populations. Cells were stimulated with either 
anti-CD49d, anti-CD28 and anti-CD3 (A) or anti-CD49d, anti-CD28 and a peptide pool covering the entire 
SARS-CoV-2 spike protein (B) (Section 2.4.4). Separated into total CD4/CD8+ T cells, naive, central memory 
(CM), effector memory (EM), or effector memory re-expressing CD45RA (EMRA) T cell types. Frequency is 
scaled for the given cell type/ cytokine function. * or ** in AAV or other column is statistically significantly 
(Benjamini-Hochberg false discovery rate < 0.05 or <0.01, respectively) different compared to liver or renal 
transplant (LT/RT) or cirrhosis (Cirr). * in LT/RT/Cirr non-responder group represents significant interaction 
with V3+21d anti-IFNG T cell responsiveness.  
C) Frequency of CD4+ effector memory CD69+IFNG+IL2+TNF+ T cells after overnight stimulation with 
SARS-CoV-2 spike peptides (top) or anti-CD3 (bottom), plus anti-CD28 and anti-CD49d.  
D) The mean proportion of cells producing one, two or three cytokines (out of IFNγ, IL2, or TNF) amongst all 
CD69+IFNG+, CD69+IL2+ or CD69+TNF+ CD4+ (top) or CD8 + (bottom) T cells. Bars are standard error.  
E) Linear models of pre-vaccination log10 transformed (with a prior of 10-3 ) CD69+ cytokine +ve (as in A/B) 
CD4+ and CD8+ T cell frequencies with log10 transformed V3+21d IFNγ T cell response, adjusted for age and 
sex. Frequencies are measured as percentage of live lymphocytes.  
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V3+21d IFNγ T cell responses (Fig. 5.17E). Thus, individuals in disease groups enriched for 

vaccine non-responsiveness have T cells with equivalent capacity to respond to non-antigen 

specific stimulus, suggesting that impairment of the generation or boosting of new antigen-

specific responses is the limitation to vaccine-induced responses in these individuals.  

5.7 Discussion 

In this chapter, I characterised the pre-vaccination immunophenotype across various Sis and 

HCs. By correlating these profiles with vaccine-induced antibody and T cell responses, I 

identified immune features linked to vaccine outcomes. Using pre-vaccine transcriptomic data, 

an unsupervised approach uncovered immune signatures that spanned multiple diseases and 

was associated with subsequent vaccine immunogenicity. I also derived biologically relevant 

gene expression modules, reducing data complexity and highlighting disease- and therapy-

specific differences. These modules revealed baseline pathways related to vaccine 

immunogenicity, including B cell- , T cell- , innate- and interferon-related transcriptomic 

modules. I validated the inflammatory transcriptional signature at the protein level by 

demonstrating that baseline inflammatory protein signalling was negatively correlated with 

antibody responses to vaccination. Classification models trained on the baseline inflammatory 

proteome accurately predicted vaccine immune responsiveness using few protein 

measurements. Lastly, high-dimensional flow cytometry identified key immune cell 

populations associated with vaccine responsiveness. This included the relationship of specific 

B cell subsets with vaccine-induced antibody responsiveness, and association of naive and 

activated naive T cells with subsequent vaccine-induced T cell response. 

5.7.1 Immunophenotyping between clinical groups  

Immunosuppressive diseases and therapeutics act to disrupt immune processes through 

various mechanisms, targets, and intensities of action. In combination with the demographic 

risk factors for SIs which may impact the immune response independently of disease (such 

as increasing age), there is a highly heterogenous range of immune phenotypes. Studies of 
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vaccine immunogenicity illustrate this variation, as both antibody and T cell responses to 

vaccines vary considerably both between and within broad SIs. In this chapter I used systems 

approaches to provide a broad view of the impact of various SIs on the immunophenotype.  

Unsupervised clustering of the cohort into clusters based only on transcriptomic signatures 

demonstrated that individuals from different drug/disease groups had similar overall immune 

signatures. Of note, in the transcriptomic clusters identified, 19 of 21 (90%) healthy individuals 

appeared in two of four clusters and co-clustered with immunocompromised people that were 

on average younger and had fewer immunosuppressive therapies and comorbidities, 

suggesting that these clusters may be associated with immune health. This supports data from 

a recent compendium of monogenic diseases that suggests signatures of ‘immune health’ are 

shared across diseases and can be used to broadly differentiate individuals with disease from 

healthy individuals (393). Unlike this publication however, the work presented here 

demonstrates the direct association of these transcriptomic signatures with vaccine-induced 

antibody and T cell responses demonstrating the capacity of the baseline transcriptome to 

distinguish functionally relevant features of immune health. 

Analysis of the inflammatory proteome in plasma from four immunocompromised conditions 

and healthy individuals revealed both shared and disease-specific immune disruptions. 

Cirrhosis, LT and RT groups showed broad overexpression of inflammatory proteins 

compared to HCs, whereas RA patients had comparatively few differentially expressed 

proteins. The RA cohort was also clearly distinct from cirrhosis, LT and RT groups.  

Examining the top differentially expressed proteins in each condition provides insight into 

these patterns. Fatty acid binding protein 1 (FABP1), highly upregulated in cirrhosis, LT, and 

RT, is expressed in hepatocytes and kidney tubular cells and is associated with metabolic 

syndromes and acute kidney injury (394, 395). This suggests that liver and kidney dysfunction 

in these conditions contributes to its elevated expression. In comparison, the top upregulated 

proteins of RA are all associated with neutrophil and monocyte recruitment in the inflamed 
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synapse (396-400). TNF, which was uniquely upregulated compared to HC in the plasma of 

RA patients is a central mediator of inflammation in RA (401) and as such TNF inhibitors are 

key anti-rheumatic drugs. TNF is also essential to T cell function (402). The paradoxical 

observation that plasma TNF concentration is increased in individuals on aTNF therapeutics 

has been demonstrated previously (403-406). Proposed mechanisms for this observation 

suggest that TNF inhibitors may stabilise and increase the half-life of TNF in the plasma of 

patients, thereby reducing its clearance and increasing concentrations.  

Bulk blood transcriptome measurements capture both immune cell frequency and function but 

cannot distinguish their relative contributions. To address this, I used high-dimensional 

spectral flow cytometry to analyse immune phenotype and function at the single-cell level. 

Comparing whole-blood transcriptomic signatures with PBMC cellular frequencies revealed 

that immune cell frequency explained 19% (NK cells) to 65% (B and plasma cells) of immune-

related transcriptomic variation. However, non-immune cell transcriptomic signatures (e.g., 

IFN, platelet, haematopoiesis, metabolism) were largely independent of immune cell 

frequencies, highlighting the ability to capture broader biological variation using 

transcriptomics. Nevertheless, flow cytometry provided additional resolution of cellular 

phenotypes, identifying group-specific differences not apparent from transcriptomic data 

alone. For example, while transcriptomic analysis showed reduced B and plasma gene module 

expression across multiple SIs, flow cytometry revealed that plasma cells were specifically 

reduced in RT and LT groups, whereas global B cell frequencies were lower in aCD20 therapy. 

This distinction is difficult to resolve in bulk RNA sequencing, as B and plasma cells share 

many key transcripts, particularly Ig genes, and while B cells are more abundant, plasma cells 

are more transcriptionally active (407).  

Resolution of T cell phenotypes using whole-blood transcriptomics is also challenging due to 

the relative similarities in transcriptional programmes of different T cell phenotypes. Flow 

cytometric analysis of bulk T cells demonstrated broad differences in the frequencies of 
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memory T cell subsets across group, with decreased CD4+ and CD8+ naive T cell frequencies 

with increasing age, as is expected due to thymic involution (408). Within CD8+ T cells, age 

was the dominant factor associated with reduced naive cell frequency. For CD4+ T cells 

however, the effect of being within liver, renal and cirrhosis transplant groups – which were all 

enriched for vaccine T cell non-responsiveness compared to other groups – was larger than 

that of increasing age. Specifically, within the LT, RT and cirrhosis groups, individuals with the 

lowest pre-vaccine naive CD4+ T cell frequencies were those that would were unable to go on 

to generate a T cell response to vaccination irrespective of age. A similar, age dependent, 

pattern was observed in CD8+ T cells, highlighting the overall importance of a maintained naive 

T cell compartment to vaccine responsiveness.  

Interestingly, there were increased frequencies of HLA-DR+CD38- or HLA-DR+CD38+ CD4+ 

naive T cells and an overall increase in HLA-DR expression on naive CD4+ T cells in 

individuals in the LT, RT and cirrhosis group compared with disease groups not enriched for 

T cell non-responsiveness. Both HLA-DR and CD38 are considered markers of recent T cell 

activation on EM T cells, but are not usually associated with naive T cells (409). CD38 and 

HLA-DR expression is significantly increased on naive T cells in settings of acute inflammation 

(e.g. after influenza and COVID-19 infection) (389, 409, 410) due in part to interferon or TNF 

signalling (411, 412). Bystander activation of cells by cytokines (including IL-12, IL-15, IL-18, 

IFNγ (311)) resulted in increased frequencies of CD38+HLA-DR+CXCR3+ after COVID-19 

infection in a manner positively correlated with increasing age (413). This age associated 

increase in bystander activation is proposed to be due to the increased low-grade inflammation 

observed with increased age (413). It is possible that the increased frequencies of HLA-DR+ 

CD38+ naive T cells enriched in T cell non-responders in this work represent bystander 

activated T cells enriched as a result of the high systemic inflammation observed in individuals 

in the LT, RT and cirrhosis groups. The upregulation of PD-1 on the surface of the HLA-DR+ 

naive CD4 T cells suggests they are less likely to undergo proliferation/expansion following 
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subsequent stimulus (e.g. vaccination) (414). Furthermore, due to its function as a 

nicotinamide adenine dinucleotide (NAD) hydrolase, upregulation of CD38 on the T cell 

surface reduces T cell activation capacity by reducing mitochondrial function in the cell (415). 

Further in vitro studies of the capacity of the CD38+ HLA-DR+ naive T cells to directly respond 

upon antigen stimulation are required to understand their negative association with vaccine-

induced T cell responsiveness.   

Taken together, these observations suggest a model of reduced vaccine-induced T cell 

responsiveness due to a reduced pool of possible responding naive T cells through two 

pathways: firstly, reduced overall frequencies of naive CD4+ T cells due to advancing age 

which is enhanced by disease/immunosuppression; secondly because of increased 

frequencies of pre-activated naive T cells that are unresponsive to vaccine, possibly due to 

increased systemic inflammation.  

5.7.2 Predicting vaccine immunogenicity 

Much work has been done to identify phenotypic markers, measurable prior to vaccination, 

that predict vaccine immunogenicity in healthy individuals. There are some limitations to this 

work however: 1) there is relatively low heterogeneity in the vaccine-induced response in 

healthy individuals, therefore arbitrary thresholds are used to classify vaccine responsiveness 

– often with unknown relevance to vaccine efficacy (207); 2) in the case of commonly 

circulating pathogens (such as influenza) pre-existing immunity to the vaccine immunogen 

variably impacts the vaccine-induced response. Challenges in delineating recalled memory 

responses from de novo vaccine-induced immune responses therefore limit the robustness of 

conclusions (369); 3) large studies to understand mRNA vaccine immunogenicity have not yet 

been performed; 4) studies in healthy individuals do not give insight into vaccine 

immunogenicity in populations most at-risk from severe disease due to SIs.   

The work in this chapter overcomes these limitations by studying pre- and post- third dose 

mRNA vaccine in immunocompromised and healthy individuals. In the studied individuals, 



 198 

there was high heterogeneity in antibody and T cell response following the third vaccine dose 

– allowing the comparison of extreme differences in vaccine immunogenicity. Even after third 

vaccine dose, some individuals in the immunocompromised cohort had no antibody or T cell 

response to vaccine, in comparison to almost 100% of healthy individuals with an antibody 

response at V3+21d and 99% of healthy individuals generating an antibody response after 

just two doses of COVID-19 vaccine (Fig. 3.2B). By comparing binding anti-RBD Ig titres with 

neutralising IC50, I identified a biologically relevant threshold to classify antibody ‘low’ 

responders, who generated antibodies to vaccine but at insufficient titres to neutralise omicron 

BA.1. Vaccine-induced binding Ig titres to SARS-CoV-2 RBD and live SARS-CoV-2 

neutralisation, are both strongly associated with vaccine efficacy against symptomatic COVID-

19 (267, 298, 299). Low magnitudes of T cells and T cell non-responsiveness after vaccination 

have additionally been associated with severe COVID-19 outcomes in immunocompromised 

individuals (Fig. 3.13J) (416). Therefore, features associated with these immunogenicity 

outcomes are relevant to protection against COVID-19.  

We chose to study predictors of vaccine immunogenicity at the pre- third vaccine timepoint for 

multiple reasons. Practically, sample availability in our immunocompromised cohorts prior to 

first COVID-19 vaccination was limited due to the relative speed at which COVID-19 vaccines 

were rolled out in immunocompromised populations compared to how quickly our studies 

could be set up and samples collected. In contrast, the OCTAVE DUO study was set up early, 

before third vaccines were nationally recommended. Indeed, preliminary findings of the 

OCTAVE DUO study were provided as integral evidence to the UK Joint Commission on 

Vaccination and Immunisation (JCVI) for the recommendation of national deployment of a third 

vaccine dose in immunocompromised individuals. In studies aiming to identify baseline 

predictors of influenza vaccine response, the outcomes are confounded by pre-existing 

immunity to circulating influenza virus (204, 206, 207, 369). However, because the OCTAVE 

DUO study only included individuals with low or no antibody response after two doses of 
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COVID-19 vaccine, the effect of pre-existing immunity was largely mitigated, despite this study 

identifying predictors of responsiveness to a third vaccine dose. Furthermore, the majority of 

(75%) of individuals in this study had two doses of ChAdOx1 nCoV-19 vaccine and no 

evidence of previous COVID-19 infection, ensuring uniform past exposure across most of the 

cohort. All participants included in this study were sampled at least six months after their 

previous COVID-19 vaccine dose. Since most vaccine-induced transcriptional changes in 

blood become undetectable 28–70 days post-vaccination (208, 369), this interval was 

sufficient to reflect the ‘resting’ pre-vaccine immunophenotype. Notably, there is temporal 

variation in the resting phenotype, which can be resolved by sampling multiple pre-vaccine 

timepoints (369) – however this was impracticable in this study and temporal variation 

represents only a small amount of the overall variation in the baseline transcriptome (369, 

393).  

5.7.3 Predictors of immunogenicity in immunocompromised individuals 

Within the entire cohort, the transcriptomic analysis identified a strong positive association 

between B and plasma module expression and V3+21d anti-RBD Ig titres, up to a plateau 

above which anti-RBD Ig titres no longer increased. This was consistent with flow cytometry 

data which identified a similar pattern of B and plasma cell/plasmablast frequencies and 

V3+21d anti-RBD Ig titres. However, when studied within immunosuppressive groups, the 

pattern was only observed in groups that included recipients of aCD20 therapy - suggesting 

that low B cell frequency limits vaccine-induced antibody responses only up to a certain 

threshold, consistent with other studies in healthy individuals with different vaccines (212, 

367).   

In transplant recipients, low antibody titres despite high B cell frequency suggests impaired B 

cell function, rather than frequency. Baseline antigen-specific B cell frequency was also 

equivalent in transplant recipients compared to other groups in the cohort but had a less strong 

association with vaccine-induced anti-RBD Ig responses. The anti-RBD Ig response induced 
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in LT and RT groups also had lower neutralisation potency compared to the rest of the cohort. 

This is in line with reports of reduced class-switching in antigen-specific B cells in LT and RT 

in response to COVID-19 vaccination (417) and impaired GC functionality in the lymph nodes 

of RT recipients (279). Further assessment of the BCR sequences and gene expression of 

antigen-specific B cells using single-cell RNA-sequencing is required to give further insight 

into the impaired B cell function of transplant recipients (Chapter 6).  

In individuals with liver diseases (cirrhosis and LT), IFN module expression was significantly 

negatively correlated with B and plasma cell expression and anti-RBD Ig titre indicating that 

increasing inflammation may be important in reduced vaccine-responsiveness in these 

individuals. Concordantly, Olink proteomics identified that low/no V3+21d anti-RBD Ig 

response was associated with increased baseline systemic inflammation, including proteins 

associated with interferon signalling (IL-15, IFNγ, CXCL9, CXCL10). Interestingly, a study in 

healthy individuals identified that increased IFNγ and IL-15 expression at day 1 after 

vaccination was associated with increased antibody responsiveness to mRNA vaccines (223). 

This suggests that a pre-activated immune state is negatively associated with vaccine 

responsiveness in immunocompromised individuals. IFNγ and IL-15 can alter or inhibit B cell 

differentiation (418, 419), reduce B cell frequencies (420) and skew class-switch 

recombination away from an IgG1 sub-type which are the predominant subclass required to 

neutralising SARS-CoV-2 (421, 422). Importantly, both IFNγ and IL-15 were variables 

selected in a model of 11 proteins with high predictive efficacy (auROC of 0.83) at classifying 

no/low compared with high vaccine responses – suggesting that these are important 

biomarkers of the vaccine-induced antibody response.  

The baseline protein with the highest positive predictive capacity for vaccine responsiveness 

was CD22. CD22 is a surface protein expressed on mature B cells and the concentration of 

soluble CD22 in plasma can be used as a diagnostic tool for leukaemia (423). CD22 is required 

for the proper formation of germinal centres and memory B cells (424), and so it is plausible 
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that the measurement of soluble CD22 is an indirect measure for this process. Interestingly, 

lymphotoxin-𝛼 (LTA) – also positively predictive of vaccine-induced antibody responses – is 

similarly involved in germinal centre formation through maintenance of follicular dendritic cells 

(425). Considering the strong predictive capacity for soluble CD22 and that it can easily be 

measured in blood, this is a promising candidate for baseline prediction of vaccine-induced 

antibody responsiveness. Validation of the predictive capacity of the protein signatures 

identified here in external cohorts is required to prove its robustness in other cohorts/SI 

conditions.  

5.7.4 Limitations 

There are several limitations to this chapter. Firstly, the HCs included are not age or sex 

matched to the rest of the cohort and instead represent ‘optimal’ immune response controls. 

Because of this, deconvoluting the specific contributions of age compared with 

immunocompromising conditions to the observations is challenging. However, age and sex 

were included as covariates in all analyses and comparisons between disease groups, rather 

than against HCs, provides insight into the effect of specific immunocompromising conditions 

on outcomes while better controlling for age.  

Second, not all immunophenotyping methods were used on all patients in the cohort. For flow 

cytometry, a minimum of eight individuals per disease group were randomly selected from the 

group of individuals that had bulk RNA-sequencing data available. For the ICS analysis, only 

individuals with enough cells left after performing the immunophenotyping panel were included 

– biasing sampling toward those without lymphopenia. HC individuals were recruited in a 

separate cohort and did not have comparable IFNγ ELISpot immunogenicity data at the pre-

V3 or V3+21d timepoint. Finally, absolute frequencies of immune cells were not captured.  

5.8 Conclusions 

In conclusion, the pre-vaccination transcriptomic, proteomic and cellular phenotype can be 

used to identify differences between SIs which are associated with mRNA COVID-19 vaccine-
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induced antibody and T cell responses. Functionally impaired or low B cell frequencies and 

increased systemic inflammation, measured prior to vaccination, are associated with low or 

no antibody response to subsequent COVID-19 vaccine. Low frequencies of naive T cells, and 

increased frequencies of activated naive T cells, was associated with reduced IFNγ T cell 

responsiveness to subsequent vaccination.  
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5.9 Tables 

Cirr N = 
201

IBD N = 
131

AAV N = 
151

RA N = 
491

LT N = 
271

RT N = 
371

PID N = 
181

HSCT N 
= 141

Aggr B 
NHL N = 

111

Indo B 
NHL N = 

161

HC N = 
241

Overall N = 
2441

Sex
Female 12 (60%) 2 (15%) 7 (47%) 42 (86%) 7 (26%) 9 (24%) 11 (61%) 6 (43%) 6 (55%) 3 (19%) 21 (88%) 126 (52%)
Male 8 (40%) 11 (85%) 8 (53%) 7 (14%) 20 (74%) 28 (76%) 7 (39%) 8 (57%) 5 (45%) 13 (81%) 3 (13%) 118 (48%)

Age 62 (51, 
69)

43 (33, 
51)

56 (39, 
71)

58 (50, 
64)

63 (54, 
68)

59 (50, 
67)

62 (43, 
68)

55 (50, 
70)

74 (60, 
77)

70 (54, 
76)

33 (26, 
44)

58 (44, 67)

Ethnicity
Asian 0 (0%) 1 (7.7%) 0 (0%) 0 (0%) 1 (3.7%) 8 (22%) 0 (0%) 1 (7.1%) 0 (0%) 1 (6.3%) 2 (8.3%) 14 (5.8%)
Black 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (3.7%) 3 (8.1%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 4 (1.7%)
Mixed race 0 (0%) 1 (7.7%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (0.4%)
Other 0 (0%) 0 (0%) 0 (0%) 2 (4.3%) 0 (0%) 2 (5.4%) 1 (5.6%) 1 (7.1%) 1 (9.1%) 0 (0%) 0 (0%) 7 (2.9%)
White 20 

(100%)
11 (85%) 13 

(100%)
45 (96%) 25 (93%) 24 (65%) 17 (94%) 12 (86%) 10 (91%) 15 (94%) 22 (92%) 214 (89%)

Unknown 0 0 2 2 0 0 0 0 0 0 0 4
BMI 30.2 

(26.4, 
32.5)

24.4 
(21.0, 
28.4)

32.3 
(26.7, 
37.6)

25.5 
(24.1, 
32.5)

26.5 
(23.3, 
32.2)

26.4 
(25.0, 
30.0)

24.5 
(23.8, 
28.4)

26.3 
(24.3, 
27.4)

27.0 
(24.1, 
30.1)

27.2 
(25.3, 
28.9)

24.2 
(20.6, 
26.0)

26.5 (24.2, 
30.4)

Unknown 0 0 0 1 0 7 5 2 0 0 0 15
WHO Performance status

0 12 (60%) 11 (92%) 6 (40%) 14 (29%) 18 (67%) 20 (67%) 14 (82%) 6 (50%) 9 (82%) 11 (69%) 24 
(100%)

145 (62%)

1 2 (10%) 1 (8.3%) 7 (47%) 19 (39%) 8 (30%) 9 (30%) 2 (12%) 5 (42%) 2 (18%) 3 (19%) 0 (0%) 58 (25%)
2 5 (25%) 0 (0%) 1 (6.7%) 12 (24%) 1 (3.7%) 1 (3.3%) 1 (5.9%) 1 (8.3%) 0 (0%) 2 (13%) 0 (0%) 24 (10%)
3 1 (5.0%) 0 (0%) 1 (6.7%) 4 (8.2%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 6 (2.6%)
Unknown 0 1 0 0 0 7 1 2 0 0 0 11

Smoking status
Currently 4 (20%) 1 (7.7%) 2 (15%) 8 (16%) 1 (3.7%) 0 (0%) 0 (0%) 0 (0%) 1 (11%) 0 (0%) 0 (0%) 17 (8.3%)
Previously 5 (25%) 3 (23%) 4 (31%) 16 (33%) 10 (37%) 3 (21%) 6 (33%) 3 (43%) 3 (33%) 7 (58%) 3 (13%) 63 (31%)
Never 11 (55%) 9 (69%) 7 (54%) 25 (51%) 16 (59%) 11 (79%) 12 (67%) 4 (57%) 5 (56%) 5 (42%) 21 (88%) 126 (61%)
Unknown 0 0 2 0 0 23 0 7 2 4 0 38
Comorbidities
CVD 2 (10%) 0 (0%) 3 (20%) 4 (8.3%) 2 (7.4%) 14 (38%) 1 (6.3%) 0 (0%) 4 (36%) 4 (25%) 0 (0%) 34 (14%)
Stroke 0 (0%) 0 (0%) 1 (7.1%) 3 (6.3%) 1 (3.7%) 2 (5.4%) 0 (0%) 0 (0%) 3 (27%) 0 (0%) 0 (0%) 10 (4.2%)
Diabetes 11 (55%) 0 (0%) 3 (20%) 6 (13%) 11 (41%) 16 (43%) 1 (6.3%) 3 (21%) 2 (18%) 2 (13%) 0 (0%) 55 (23%)

  Type 1 0 (0%) 0 (NA%) 0 (0%) 2 (33%) 0 (0%) 2 (13%) 0 (0%) 2 (67%) 0 (0%) 0 (0%) 0 (0%) 6 (11%)
Type 2 11 

(100%)
0 (NA%) 2 (100%) 4 (67%) 10 

(100%)
11 (69%) 1 (100%) 1 (33%) 2 (100%) 2 (100%) 0 (0%) 44 (83%)

Asthma 3 (15%) 1 (7.7%) 1 (6.7%) 6 (13%) 1 (3.7%) 1 (2.7%) 5 (31%) 3 (21%) 0 (0%) 0 (0%) 2 (9.1%) 23 (9.6%)
COPD 0 (0%) 0 (0%) 0 (0%) 1 (2.1%) 1 (3.7%) 1 (2.7%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (4.2%) 4 (1.7%)
Hypertension 11 (55%) 0 (0%) 6 (40%) 10 (21%) 8 (30%) 34 (92%) 4 (25%) 2 (14%) 2 (18%) 4 (25%) 1 (4.2%) 82 (34%)
Unknown 0 0 0 1 0 0 2 0 0 0 0 3
Number of comorbidities

0 3 (15%) 10 (77%) 3 (20%) 16 (33%) 5 (19%) 1 (2.7%) 6 (33%) 2 (14%) 4 (36%) 4 (25%) 18 (75%) 72 (30%)
1 5 (25%) 3 (23%) 4 (27%) 20 (41%) 9 (33%) 13 (35%) 5 (28%) 4 (29%) 2 (18%) 5 (31%) 6 (25%) 76 (31%)
2 5 (25%) 0 (0%) 6 (40%) 8 (16%) 7 (26%) 7 (19%) 1 (5.6%) 4 (29%) 3 (27%) 7 (44%) 0 (0%) 48 (20%)
3 3 (15%) 0 (0%) 2 (13%) 3 (6.1%) 3 (11%) 13 (35%) 3 (17%) 3 (21%) 2 (18%) 0 (0%) 0 (0%) 32 (13%)
4 3 (15%) 0 (0%) 0 (0%) 2 (4.1%) 3 (11%) 2 (5.4%) 1 (5.6%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 11 (4.5%)
5 1 (5.0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (2.7%) 2 (11%) 1 (7.1%) 0 (0%) 0 (0%) 0 (0%) 5 (2.0%)

Prior vaccine type
AZD1222 18 (90%) 13 

(100%)
15 

(100%)
45 (92%) 24 (89%) 21 (57%) 12 (67%) 7 (50%) 4 (36%) 9 (56%) 0 (0%) 168 (69%)

BNT162b2 2 (10%) 0 (0%) 0 (0%) 4 (8.2%) 3 (11%) 16 (43%) 6 (33%) 7 (50%) 7 (64%) 7 (44%) 23 (96%) 75 (31%)
mRNA-1273 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (4.2%) 1 (0.4%)
V2+28d antibody response status
High 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 24 

(100%)
24 (9.8%)

Low 19 (95%) 13 
(100%)

4 (27%) 33 (67%) 13 (48%) 4 (11%) 5 (28%) 9 (64%) 2 (18%) 2 (13%) 0 (0%) 104 (43%)

None 1 (5.0%) 0 (0%) 11 (73%) 16 (33%) 14 (52%) 33 (89%) 13 (72%) 5 (36%) 9 (82%) 14 (88%) 0 (0%) 116 (48%)
V3 vaccine type
BNT162b2 10 (50%) 6 (46%) 8 (53%) 26 (53%) 13 (48%) 20 (54%) 11 (61%) 7 (50%) 6 (55%) 6 (38%) 21 (88%) 134 (55%)
mRNA-1273 10 (50%) 7 (54%) 7 (47%) 23 (47%) 14 (52%) 17 (46%) 7 (39%) 7 (50%) 5 (45%) 7 (44%) 3 (13%) 107 (44%)
Immunosuppressive therapy
MMF 1 (5.0%) 0 (0%) 1 (6.7%) 0 (0%) 13 (48%) 25 (68%) 2 (11%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 42 (17%)
CNI 2 (10%) 0 (0%) 0 (0%) 0 (0%) 25 (93%) 34 (92%) 0 (0%) 3 (21%) 0 (0%) 0 (0%) 0 (0%) 64 (26%)
Anti-CD20 0 (0%) 0 (0%) 12 (80%) 11 (22%) 0 (0%) 0 (0%) 0 (0%) 2 (14%) 6 (55%) 11 (69%) 0 (0%) 42 (17%)
Anti-TNF 0 (0%) 6 (46%) 0 (0%) 18 (37%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 24 (9.8%)
Methotrexate 0 (0%) 0 (0%) 0 (0%) 29 (59%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 29 (12%)
DMARD 0 (0%) 0 (0%) 0 (0%) 18 (37%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 18 (7.4%)
Corticosteroid 5 (25%) 1 (7.7%) 10 (67%) 6 (12%) 10 (37%) 21 (57%) 0 (0%) 6 (43%) 0 (0%) 1 (6.3%) 0 (0%) 60 (25%)
Azathioprine 2 (10%) 2 (15%) 0 (0%) 0 (0%) 3 (11%) 1 (2.7%) 1 (5.6%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 9 (3.7%)
Vedolizumab 0 (0%) 5 (38%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 5 (2.0%)
Ig therapy 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 15 (83%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 15 (6.1%)
Number of immunosuppressive therapeutics

1 1 (5.0%) 9 (69%) 7 (47%) 20 (41%) 6 (22%) 8 (22%) 13 (72%) 2 (14%) 6 (55%) 10 (63%) 0 (0%) 82 (34%)
2 3 (15%) 3 (23%) 8 (53%) 15 (31%) 18 (67%) 14 (38%) 3 (17%) 4 (29%) 0 (0%) 0 (0%) 0 (0%) 68 (28%)
3 1 (5.0%) 0 (0%) 0 (0%) 7 (14%) 3 (11%) 15 (41%) 1 (5.6%) 1 (7.1%) 0 (0%) 1 (6.3%) 0 (0%) 29 (12%)
4 0 (0%) 0 (0%) 0 (0%) 3 (6.1%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 3 (1.2%)

1n (%); Median (Q1, Q3)

Table 5.1 Demographics of individuals included in chapter 5. Table 5.1 Demographic and clinical information for individuals included in chapter 5 
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UniProt ID Gene name UniProt ID Gene name UniProt ID Gene name UniProt ID Gene name
P60568 IL2 P10144 GZMB Q06520 SULT2A1 P55773 CCL23
Q13651 IL10RA P24001 IL32 O60575 SPINK4 Q14116 IL18
Q13219 PAPPA P42702 LIFR Q9Y5A7 NUB1 P13236 CCL4
Q9UHF4 IL20RA Q9UIB8 CD84 O60542 PSPN Q08334 IL10RB
P63241 EIF5A P20340 RAB6A P30838 ALDH3A1 P02778 CXCL10
P05412 JUN Q8WXI8 CLEC4D O43521-2 BCL2L11 P01133 EGF
Q96AX2 RAB37 P10147 CCL3 O60880 SH2D1A O75462 CRLF1
P05112 IL4 P50591 TNFSF10 Q12778 FOXO1 P18510 IL1RN
P01584 IL1B O15455 TLR3 Q7L8A9 VASH1 Q9NZV1 CRIM1
O95760 IL33 P80162 CXCL6 P55957 BID O14836 TNFRSF13B
Q8NHJ6 LILRB4 Q08174 PCDH1 Q6UB28 METAP1D Q9BY76 ANGPTL4
P35225 IL13 P37235 HPCAL1 P01903 HLA-DRA O76096 CST7
P22301 IL10 P29965 CD40LG Q92609 TBC1D5 P21860 ERBB3
P27540 ARNT Q07065 CKAP4 P01588 EPO Q99435 NELL2
O95379 TNFAIP8 P68106 FKBP1B P80098 CCL7 P55145 MANF
Q8WV07 LTO1 P22304 IDS Q9UN19 DAPP1 Q14210 LY6D
O43707 ACTN4 O00273 DFFA Q9UNE0 EDAR P29279 CCN2
P28838 LAP3 P01137 TGFB1 Q9C035 TRIM5 Q9HC38 GLOD4
Q9NP70 AMBN Q6UXB2 CXCL17 Q8N608 DPP10 Q99685 MGLL
Q6UXK5 LRRN1 Q9Y266 NUDC P23229 ITGA6 Q8NFT8 DNER
Q9HCU5 PREB O43508 TNFSF12 Q6DN72 FCRL6 Q7KYR7 BTN2A1
Q13007 IL24 Q04637 EIF4G1 P33241 LSP1 P34896 SHMT1
Q9UPV0 CEP164 P35613 BSG Q9UNK0 STX8 O95750 FGF19
O60934 NBN O60884 DNAJA2 P13747 HLA-E P19256 CD58
Q96P31 FCRL3 Q9BZW8 CD244 P19474 TRIM21 P29350 PTPN6
Q9Y478 PRKAB1 Q12918 KLRB1 O75475 PSIP1 P0DMV8 HSPA1A
Q8TCS8 PNPT1 P50452 SERPINB8 P13232 IL7 P09603 CSF1
Q5T4W7 ARTN P10145 CXCL8 Q8IVG5 SAMD9L O43291 SPINT2

Q5R372 RABGAP1L Q13241 KLRD1 Q96LC7 SIGLEC10 P12532
CKMT1A_CKM
T1B

Q969V3 NCLN Q14005 IL16 B1AKI9 ISM1 Q9Y3D6 FIS1
Q8N6P7 IL22RA1 O94856 NFASC Q6ZMH5 SLC39A5 Q96PL1 SCGB3A2
P14784 IL2RB P40259 CD79B P78410 BTN3A2 P25942 CD40
Q13459 MYO9B Q9BXN2 CLEC7A P12872 MLN Q99983 OMD
P19801 AOC1 P20273 CD22 Q12765 SCRN1 Q9UKU9 ANGPTL2
Q9NYY1 IL20 Q9UQV4 LAMP3 P58294 PROK1 P22466 GAL
P57771 RGS8 Q96LA5 FCRL2 Q9Y6K9 IKBKG Q8WXD2 SCG3
P20809 IL11 O43561 LAT O95644 NFATC1 Q9NR12 PDLIM7
Q96PD4 IL17F P36959 GMPR Q9Y258 CCL26 Q9H3U7 SMOC2
O76038 SCGN Q15661 TPSAB1 Q8WTT0 CLEC4C Q9NZC2 TREM2
O95715 CXCL14 Q96SB3 PPP1R9B Q3KPI0 CEACAM21 Q8WU39 MZB1
Q03426 MVK P30044 PRDX5 Q9BT73 PSMG3 O75888 TNFSF13
O14904 WNT9A P00813 ADA P20849 COL9A1 Q9Y6N7 ROBO1
P26951 IL3RA Q9Y6Q6 TNFRSF11A Q9HD26 GOPC O00300 TNFRSF11B
Q9Y3P8 SIT1 O95971 CD160 P52564 MAP2K6 Q9UJA9 ENPP5
Q96DB9 FXYD5 P14317 HCLS1 Q9H0P0 NT5C3A Q6GTX8 LAIR1
P48061 CXCL12 P30203 CD6 Q9NZN5 ARHGEF12 Q5KU26 COLEC12
Q99748 NRTN P15692 VEGFA P42575 CASP2 O00241 SIRPB1
Q13574 DGKZ O75077 ADAM23 Q9UHC6 CNTNAP2 Q15389 ANGPT1
Q9Y2J8 PADI2 Q13478 IL18R1 P45984 MAPK9 P01127 PDGFB
Q04759 PRKCQ P43489 TNFRSF4 P11274 BCR P46109 CRKL
Q16552 IL17A P02745 C1QA Q9UDT6 CLIP2 P16422 EPCAM
Q12968 NFATC3 Q99616 CCL13 Q14242 SELPLG O43598 DNPH1
Q14435 GALNT3 P14210 HGF P78310 CXADR Q92583 CCL17
P05113 IL5 Q12866 MERTK P40933 IL15 Q96KG7 MEGF10
P01375 TNF O00253 AGRP P05231 IL6 P24387 CRHBP
Q92844 TANK P43234 CTSO P24071 FCAR P56470 LGALS4
O43597 SPRY2 P49771 FLT3LG Q01151 CD83 Q9H008 LHPP
P13693 TPT1 O43915 VEGFD O76036 NCR1 O14773 TPP1
Q9P0M4 IL17C P12544 GZMA P19878 NCF2 Q6UXH1 CRELD2
Q7Z739 YTHDF3 Q9H4D0 CLSTN2 P23582 NPPC Q99895 CTRC
P42768 WAS P48023 FASLG Q9NRJ3 CCL28 Q9NQ76 MEPE
Q96RJ3 TNFRSF13C P29460 IL12B P26022 PTX3 Q4KMG0 CDON
Q8TAD2 IL17D Q15517 CDSN Q03431 PTH1R Q9UHX3 ADGRE2
Q7Z6M3 MILR1 P51671 CCL11 Q9GZT9 EGLN1 Q15109 AGER
P30048 PRDX3 Q16719 KYNU Q9UMR7 CLEC4A P27930 IL1R2
Q05084 ICA1 Q9HBG7 LY9 P13725 OSM Q9NQ30 ESM1
P51617 IRAK1 P78556 CCL20 P28845 HSD11B1 Q9HCB6 SPON1
P42701 IL12RB1 P03956 MMP1 P24394 IL4R Q9UII2 ATP5IF1
Q9HB29 IL1RL2 P49763 PGF Q9NWZ3 IRAK4 O75563 SKAP2
P01583 IL1A O15444 CCL25 Q14773 ICAM4 P09341 CXCL1
P32456 GBP2 Q07325 CXCL9 Q16698 DECR1 Q16651 PRSS8
P12034 FGF5 Q92484 SMPDL3A O60449 LY75 Q03405 PLAUR
P09919 CSF3 P21709 EPHA1 Q9UKX5 ITGA11 O00626 CCL22
Q9BXJ7 AMN P15260 IFNGR1 O15169 AXIN1 P51888 PRELP
P18564 ITGB6 P53634 CTSC P50995 ANXA11 O00339 MATN2
P01591 JCHAIN Q5ZPR3 CD276 P01730 CD4 P36941 LTBR
P01579 IFNG Q9UJU6 DBNL Q9NRM6 IL17RB Q16363 LAMA4
Q13291 SLAMF1 P30613 PKLR P01374 LTA P19883 FST
Q8N8S7 ENAH O43639 NCK2 Q6ZUJ8 PIK3AP1 Q9BU40 CHRDL1
Q13261 IL15RA P35625 TIMP3 P16455 MGMT O00175 CCL24
P09874 PARP1 P47712 PLA2G4A O94992 HEXIM1 Q99538 LGMN
Q0Z7S8 FABP9 O00585 CCL21 Q6UXB4 CLEC4G Q14118 DAG1
P78362 SRPK2 P09238 MMP10 P20783 NTF3 P54317 PNLIPRP2
P09038 FGF2 P11684 SCGB1A1 O14788 TNFSF11 Q8IYS5 OSCAR

O43736 ITM2A Q6UWV6 ENPP7
Q29980_Q2998
3 MICB_MICA Q15166 PON3

O14867 BACH1 Q9BZZ2 SIGLEC1 Q8NDB2 BANK1 P07148 FABP1
Q8IU57 IFNLR1 P25116 F2R Q8TD46 CD200R1 O95866 MPIG6B
Q12933 TRAF2 P09326 CD48 P08727 KRT19 P15291 B4GALT1
Q01344 IL5RA Q8TEU8 WFIKKN2 Q9HCM2 PLXNA4 O00182 LGALS9
Q9NQ25 SLAMF7 O00468 AGRN P28827 PTPRM O95633 FSTL3
P41217 CD200 Q03403 TFF2 P32970 CD70 Q92956 TNFRSF14
Q13232 NME3 P19876 CXCL3 P01135 TGFA Q9BYZ8 REG4

Table 5.2 Proteins included in the Olink Inflammatory I panelTable 5.2 Proteins included in the Olink Inflammatory I panel 
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5.10 Supplementary Figures 
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Fig. S5.1 Exemplar flow cytometric gating of Cytek Aurora intracellular cytokine staining panel 
A) T cell memory subset gating 
B) Example flow cytometric gating for cytokines in DMSO, SARS-CoV-2 and anti-CD3 (aCD3) 
stimulation conditions 
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Table S18: OCTAVE-DUO Trial Eligibility Criteria 

Inclusion Criteria 
Aged ≥18 years. 

Have an inadequate response to two doses of SARS-CoV-2 vaccine measured at least 14 days after receipt of the second vaccine, defined 
by SARS-CoV-2 spike antibody response. 
An inadequate response is defined as:  

- Antibody non-response: SARS-CoV-2 anti-spike antibodies below the level of detection using the PHE Roche platform [or 
equivalent assay, see appendix p 5] <0.8 Arbitrary Units (AU)/ml; or 

- Antibody low-response*: SARS-CoV-2 anti-spike antibodies <0.8 and <400 AU/mL using the Roche platform [or equivalent 
assay, see appendix p 5]).  

Anticipated life expectancy of 6 months or greater. 

Fall into one (or more) of the patient cohorts listed in appendix p 4 who will meet disease relevant classification, disease state, and 
staging according to established international standards. 

Participant is willing and able to comply with trial requirements. 

For the randomised sub-study only, female participants of childbearing potential* must be willing to ensure that they or their partner use 
acceptable effective contraceptive methods^ until 3 months after the re-boost immunisation.  
* Defined as a fertile woman, following menarche and until becoming post-menopausal unless permanently sterile. Permanent 
sterilisation methods include hysterectomy, bilateral salpingectomy and bilateral oophorectomy. Postmenopausal is defined as no menses 
for 12 months without an alternative medical cause. 

^ Acceptable birth control methods include:  
- Combined (oestrogen and progestogen containing) hormonal contraception associated with inhibition of ovulation 
- Progestogen-only hormonal contraception associated with inhibition of ovulation 
- Intrauterine device (IUD) 
- Intrauterine hormone-releasing system (IUS) 
- Bilateral tubal occlusion 
- Vasectomised partner 
- Sexual abstinence 
- Progestogen-only oral hormonal contraception, where inhibition of ovulation is not the primary mode of action 
- Male or female condom with or without spermicide 
- Cap, diaphragm or sponge with spermicide 

Note: Haematopoetic stem cell transfer (HSCT) and chimeric-antigen receptor (CAR)-T cell recipients who have received any SARS-
CoV-2 vaccine pre-procedure and are receiving a re-vaccination course post HSCT/CAR-T are eligible for recruitment. 

Exclusion Criteria 
Receipt of any vaccine within 30 days before trial entry, with the exception of: a SARS-CoV-2 vaccine which is allowed >14 days prior; 
or a flu vaccination which is allowed >7 days prior. 

For aggressive B-cell non-Hodgkin’s lymphoma (B-NHL) or Hodgkin lymphoma only, participants on active systemic treatment or 
within 4 weeks of completion of systemic treatment. 

Any known contraindications as specified in the applicable product information including but not limited to: 
- Known allergy or hypersensitivity to any of the trial IMPs or any of the trial drug excipients; and 
- History of anaphylaxis to prior COVID-19 vaccinations, or any component of the vaccine. 

In the judgement of the Investigator, the patient is unsuitable to participate in the trial or is unlikely to comply with trial procedures. 

For the randomised sub-study only, patients who are pregnant or lactating at trial entry or planning to become pregnant within 3 months 
after re-vaccination. 

 

Table S5.1 OCTAVE DUO Study eligibility criteria 
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6 Results: Single-cell transcriptomic analysis of bulk immune cells 
and vaccine-induced spike specific B and T cells in individuals with 
secondary immunodeficiencies 
6.1 Introduction 

In chapter 5, I identified several immunophenotypic features which differed between SIs at 

baseline and were associated with mRNA COVID-19 vaccine-induced antibody and T cell 

responses. This included transcriptomic differences, such as in the expression of genesets 

relating to B and T cells, monocytes and inflammatory signalling pathways. Analysis of 

immune cell subsets demonstrated that these transcriptomic differences could partially be 

explained by differences in the frequency of immune cell subsets and that bulk and antigen-

specific T and B cell function was impaired in certain SI groups. Analysis of the inflammatory 

proteome in plasma demonstrated that increased systemic inflammation was associated with 

reduced antibody and T cell responsiveness to vaccination and identified specific markers of 

this. Immunosuppressive conditions therefore had a significant impact on immune cell 

composition, functionality and inflammation – however, questions remained as to the relative 

contribution of each of these factors on the vaccine-induced response. In particular, the impact 

of SIs on the phenotype and function of antigen-specific T and B cells, induced by mRNA 

vaccines, remains largely unexplored.  

In chapter 4 I demonstrated the utility of combining scRNA-sequencing with flow cytometric 

sorting to assess the function of activation induced marker (AIM) positive SARS-CoV-2 spike-

responsive T cells after COVID-19 vaccination or SARS-CoV-2 infection in healthy individuals. 

This work identified that SARS-CoV-2 specific T cells induced by vaccines were highly 

heterogenous and varied depending on vaccine platform and dosing regimen. Applying this 

approach to samples from immunocompromised populations may give insight into the effect 

of SIs on T cell responses beyond IFNγ release. At baseline in immunocompromised groups, 

I identified that the frequency and phenotype of naive CD4+ T cells was associated with 

reduced vaccine-induced IFNγ T cell responses, but questions remained as to how and why 
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the pre-vaccine naive T cell phenotype impacted the vaccine-induced T cell response. It is 

possible that the capacity for T cells to differentiate into functional effector T cells was impaired 

in these participants (131-133), or that reduced diversity of the TCR repertoire led to 

dysfunctional T cell induction (426, 427). However, this remained unclear.  

In addition to impaired T cell functionality, in chapter 5 I observed that liver and renal transplant 

recipients generated reduced magnitudes and quality of RBD-binding Ig, despite having 

equivalent frequencies of total and SARS-CoV-2 specific B cells compared to healthy 

individuals at baseline. This indicated some impairment in the function rather than generation 

of memory B cells. Exactly how vaccine-induced memory B cells were impaired was unclear, 

with several possible explanations including reduced maturation of memory B cells (428), 

reduced somatic hypermutation and affinity maturation (429, 430), reduced B cell class-switch 

recombination (430). Previous publications have suggested that solid organ transplant 

recipients produce fewer IgG antibodies in response to vaccination (417). However, the 

relative contribution of each of these factors to the resultant vaccine-induced antibody 

response was unknown. 

6.2 Summary of chapter rationale 

In chapter 5 I identified significant differences in the underlying immunophenotype of 

individuals with different SIs, relating to vaccine-induced immune responses. High systemic 

inflammation at baseline was associated with reduced vaccine-induced antibody responses, 

however the source of this inflammation, and possible mechanisms of its impact on vaccine-

induced immune responses was unclear. Flow cytometric and transcriptomic analysis 

indicated that specific defects in antigen specific B cells and T cells were present in certain 

SIs, however the exact phenotype of these defects was unknown. In this chapter, I use scRNA-

sequencing of PBMC and antigen-specific B and T cells to further investigate the impact of 

SIs on vaccine-induced immune responses.  

6.3 Hypothesis and aims 
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Based on my findings in chapter 5, I hypothesised the following:  

1) Immunocompromising diseases and immunosuppressive drugs would specifically 

impact the transcriptional programmes of immune cells, in particular, monocytes, 
dendritic cells, and T and B lymphocytes 

2) Vaccine-induced antigen-specific B cells in individuals on aCD20 therapies and in 
transplant recipients are altered in frequency and functionality, respectively.  

3) Vaccine-induced antigen-specific T cells are significantly impaired in cirrhosis, liver 
transplant and renal transplant recipients due to the impairment of T cell maturation 

from naive to effector T cells.  
4) Single-cell transcriptional phenotypes of bulk and antigen-specific immune cells are 

associated with conventional measures (IFNγ ELISpot, binding Ig) of vaccine-induced 

adaptive immune responses.  

To assess these hypotheses, I aim to:  

1) Assess and compare the transcriptomic and cell surface phenotype of peripheral blood 
immune cells from individuals with secondary immunodeficiencies at a single cell 

resolution.  
2) Assess and compare the transcriptomic and BCR-sequence phenotype of COVID-19 

vaccine-induced antigen-specific B cells in individuals with secondary 
immunodeficiencies.  

3) Assess and compare the transcriptomic and TCR-sequence phenotype and 
functionality of COVID-19 vaccine-induced antigen-responsive T cells in individuals 

with secondary immunodeficiencies.  

4) Associate the single-cell transcriptomic phenotypes with vaccine-induced binding 
antibody and IFNγ T cell responses.  

6.4 Chapter overview 

To address these aims, I generated and analysed a single-cell RNA, surface protein and TCR 

and BCR sequencing dataset of CD45+ PBMC across 80 individuals with several different SIs. 

In the same individuals, I also generated and analysed single-cell RNA- and V(D)J- 

sequencing datasets of sorted SARS-CoV-2 spike specific B and T cells 21 days after a third 

COVID-19 vaccine.  

Through integration and analysis of these datasets, in combination with the pre-vaccination 
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data generated in chapter 5, I identify transcriptomic differences in peripheral blood and 

vaccine-specific responses across diseases. I associate these transcriptional differences with 

relevant immune measures related to vaccine efficacy.  

6.5 Chapter specific methods  

6.5.1 Study samples 

Samples were obtained from the OCTAVE DUO study. All patients gave informed consent, 

and the study was approved by an ethics committee, funded by UKRI/DHSC, and sponsored 

by the University of Birmingham (379) (Section 5.5.1). 

6.5.2 Pre-processing of antibody derived tag (ADT) data 

Cell surface protein staining for antibody-derived tags (ADT) for cellular indexing of 

transcriptomes and epitopes (CITE) sequencing was performed using the 

DSBNormalizeProtein function from the denoised and scaled by background (dsb) package 

with default settings (431). ADT sequencing data from empty droplets from one batch of one 

experiment was selected for normalization.  

6.5.3 Weighted nearest-neighbour analysis for dimensionality reduction 

Pre-processed transcriptional and dsb ADT data were normalised to library size and log2 

transformed, scaled, and principal components were calculated for each data type. The top 

30 principal components from the transcript data and top 50 principal components from the 

dsb data were integrated using the FindMultiModalNeighbors function in the Seurat package. 

Louvain clustering and uniform manifold approximation and projection (UMAP) was performed 

on the weighted nearest neighbours.  

6.5.4 Antigen-specific B and T cell integration and annotation prediction 

SARS-CoV-2 specific B cells and SARS-CoV-2 responsive AIM+ T cells (derived from PBMC, 

Section 2.4) were each separately integrated with bulk B and T cells, respectively. Each 

dataset was separately normalised using SCTransform (v2) and integrated using reciprocal 

PCA in Seurat (V4.1) based on experimental condition. For prediction of annotations for B 
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cells, an annotated pan-B cell dataset was downloaded from (432), normalised using 

SCTransform and then used for reference mapping (FindTransferAnchors and TransferData 

functions, Seurat), using PCA as the reference reduction.  

6.5.5 BCR analysis 

BCR analysis was performed using the Immcantation BCR analysis pipeline. 

Filtered_contig.fasta and filtered_contig_annotations outputs generated by CellRanger vdj 

were used to assign V(D)J genes using IgBLAST (433) and formatted to be Adaptive Immune 

Receptor Repertoire (AIRR) compatible for downstream analysis. AIRR formatted BCR calls 

were read into R and filtered to remove non-productive sequences. For further BCR analysis, 

cells with no or with multiple heavy gene calls were removed. Paired heavy and light chain 

BCR calls were integrated with gene expression and ADT data. B cell clones were identified 

for each individual separately by spectral clustering of BCR heavy and light chains from the 

SCOPer (v1.3.0) package (434, 435). Germline sequences for the heavy chain of each clone 

were reconstructed using reference germline V and J sequences from the international 

ImMunoGeneTics information (IMGT) database. By comparing the observed VDJ sequence 

with the inferred germline VDJ sequence, the frequency of mutated nucleotides was calculated 

using SCOPer. This frequency is referred to as the somatic hypermutation (SHM) rate. Due to 

redundancy in the translation of nucleotides into amino acids, some nucleotide substitutions 

do not cause difference in the amino acid sequence of the encoded VDJ (436). Such mutations 

are referred to as synonymous mutations. Synonymous and non-synonymous mutations were 

assessed separately. Finally, clonal trees were generated using the dowser (v2.3.0) package  

6.5.6 Pseudotime analysis using Monocle3 and Lamian 

Antigen specific CD4+ T cells in all clusters except CD4_Th1_Tfh and CD4_Treg were included 

for pseudotime analysis using monocle3. Subsetted cells were normalised, 3000 top variable 

genes were selected and scaled, then PCA and UMAP analysis was performed. Monocle3 

learn_graph function was used to calculate a pseudotime trajectory, using a manually selected 
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root node within the CD4_Naive cluster as the base of the pseudotime. A Moran’s I test was 

used to identify genes with expression that was spatially associated with the pseudotime 

trajectory. The top 250 correlated genes (based on Morans I statistic) were plotted and the top 

100 labelled.  

The Lamian package was used to calculate genes that were differentially expressed with 

respect to the pseudotime trajectory based on clinical group. 200 cells from each individual 

were randomly subsampled from the cells used in the Monocle3 pseudotime analysis, and 

subsampled data was reprocessed and UMAP analysis performed. Individuals with <50 cells 

in total were filtered out (12 individuals in total). Pseudotime was recalculated on the down 

sampled object using Monocle3 and converted into integers by ranking, and the lamian_test 

was used with analysis group (RT, LT and Cirr versus all others) as a covariate with 100 

permutations. Genes with an FDR <0.05 were selected and clustered based on expression 

using lamian clusterGene with a k of 4.  

6.5.7 MiloR differential abundance analysis 

Differential abundance analysis was performed at a sub-cluster resolution by identification of 

cell ‘neighbourhoods’ using MiloR (v2.0.1) (437). A graph was built using all CD8+ AIM+ T cells 

with k=30, d=30 and neighbourhoods calculated using k=30, d=30 using a graph-based 

refinement scheme based on PCAs. Comparison was performed between analysis groups, 

using sex, age and batch as covariates.  

6.6 Results 

6.6.1 OCTAVE DUO Cohort and study design 
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72 individuals from the OCTAVE DUO cohort that were included in the baseline 

immunophenotyping project (Chapter 5) were selected for analysis (Fig. 6.1A). Individuals 

from liver disease, inflammatory bowel disease, rheumatic condition, solid organ transplant 

and lymphoma disease groups were included (Fig. 6.1B). Participants were selected based 

on their underlying disease aetiology and immunosuppressive regimen, and sample 

availability. Selected disease-drug combinations included: AAV on aCD20 (n = 8), indolent B 

A 

B 

Cirr IBD AAV RA LT RT Indolent B NHL HC

Disease
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RT
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3040506070
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0 1 2 3
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0 1 2 3
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CNI + MMF + Steroid 

None 
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Fig. 6.1 OCTAVE DUO study overview and demographics 
A) Sampling timepoints and vaccine regimen for individuals in the OCTAVE DUO and PITCH studies included in 
chapter 5. Individuals in OCTAVE DUO study were selected to have low or no antibody titre at V2+28d (Methods).  
The number indicated is the number of individuals included for the given analysis/study. The vaccine types given at 
each dose is indicated for each study/timepoint. Red droplet indicates peripheral blood sampling timepoints. 
Colours at each timepoint represents my contribution to the data presented in this analysis. 
B) Disease cohorts included in chapter 6 
C) Per person demographic breakdown of individuals included in chapter 6, associated with Table 6.1. 
Immunosuppressive therapy combinations used in each disease group are listed.  
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NHL on aCD20 (n = 8), RA on aTNF (n = 8), IBD on aTNF (n = 4), IBD on Vedolizumab (n = 

4), RT on CNI + MMF +/- corticosteroid (n = 8), RT on CNI only (n = 8), LT on CNI + MMF +/- 

corticosteroid (n = 8), LT on CNI only (n = 8), and cirrhosis on no immunosuppression (n = 8). 

Within disease-drug combinations, individuals were selected that were broadly representative 

of the age and sex status of the disease group in the overall cohort (Table 6.1, Table 5.1). 

Healthy control participants from the PITCH study were selected by the same criteria (n = 8) 

(Fig. 6.1C).  

6.6.2 The peripheral blood single-cell transcriptome differs between 

immunocompromising conditions and healthy controls 

Baseline immunophenotyping (Chapter 5) identified that there were broad differences in the 

transcriptional composition of peripheral blood immune responses between individuals with 

different SIs, however bulk RNA-sequencing and flow cytometry cannot resolve transcriptomic 

differences at a single cell level. To assess if there were differences in the function or 

phenotype of immune cells, I used single cell RNA-sequencing to profile live CD45+ immune 

cells sampled at the V3+21d timepoint. I additionally quantified expression of 138 immune-

related surface proteins using oligomer-tagged antibodies (Table 6.2). In total 175,630 cells 

passed QC across 80 participants (Fig. 6.2A). Integration of both transcriptomic and surface 

protein expression profiles (using weighted-nearest neighbour; WNN, Section 6.5.3) for 

dimensionality reduction and Louvain clustering identified all major immune cell populations 

found in peripheral blood (Fig. 6.2A&B). Manual annotation of the clusters using lineage 

defining transcriptional and protein markers identified four CD4+ T cell clusters (T_CD4_Naive, 

T _CD4_Mem, T_CD4_reg, T_CD4_Cytotoxic), two CD8+ T cell clusters (T_CD8_Naive, 

T_CD8_Mem), a mixed unconventional T cell cluster (T_MAIT_Vd2) , three NK cell clusters 

(NK, NK_CD16, NK_proliferating), two monocyte populations (Mono_Classical, 

Mono_Nonclassical), a mixed CD1c+, CD141+ DC population (Mono_DC), a plasmacytoid 
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dendritic cell population (pDC), two B cell populations (B_Mem, B_Naive) and a plasma blast 

/ plasma cell population (B_plasmablast) (Fig. 6.2A&B). The cell composition of each group 

broadly aligned with that observed in the flow cytometry data (Fig. 5.15B), but the scRNA-

sequencing data captured higher relative frequencies of NK cells compared to flow cytometry 

(Fig. 6.2C). The cell type with the greatest degree of variation between disease groups was 

the NK proliferating cell type, which was enriched in indolent B NHL patients (Fig. 6.2D), but 

was likely biased by the small number of cells in the cluster. Consistent with baseline, the AAV 

DSB 
A B 

C D 

DSB 

Fig. 6.2 The CD45+ single cell transcriptomic immunophenotype of individuals with 
immunosuppressive conditions and healthy controls 
A) Uniform manifold approximation and projection (UMAP) of CD45+ live peripheral blood mononuclear 
cells from n = 80 individuals in OCTAVE DUO study and healthy controls. Manually annotated Louvain 
clusters.  
B) Scaled surface expression of selected phenotypic denoised surface protein (DSB) and RNA markers. 
Absolute count of each cell type broken down by clinical group.  
C) Mean proportion of cell type per clinical group.  
D) The mean of the scaled proportion of each cell type per clinical group (left panel). EdgeR quasi-
likelihood F test false discovery rate (FDR) comparing proportions across groups (right panel).  
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and indolent B NHL patients on aCD20 therapies had reduced frequencies of naive and 

memory B cells and plasmablast/plasma cells and relatively increased monocyte and DC 

populations (Fig. 6.2D). The mixed unconventional T cell population was highest frequency in 

IBD patients, as demonstrated previously (438, 439).  

To assess transcriptional differences between clusters, I aggregated gene expression values 

of all cells within a given cluster for each donor and performed geneset variation analysis 

(GSVA) upon the aggregate (pseudobulk) expression values (Fig. 6.3A). I used the same 

blood transcriptomic module (BTM) genesets as were used to phenotype the baseline bulk-

RNA sequencing data as well as Hallmark gene ontology genesets (440). There was 

significant variation in the expression of different genesets across cell types (Fig. 6.3B), and 

this was broadly consistent with the aggregate geneset modules derived in Chapter 5 (Fig. 

6.3C). While some genesets were highly specific to certain clusters (e.g. plasma cells, 

immunoglobulins (M156.1) and B cells; enriched in monocytes (I) (M4.15) and monocytes and 

DCs) genesets relating to T and NK cells were less specific to those cell types (Fig. 6.3B&C).  

There were significant differences in geneset expression values between 

immunocompromised groups and healthy controls for all clusters except T_CD4_Cytotoxic, 

T_MAIT_VD2, NK_CD16 and NK_proliferating (Fig. 6.3D). Monocyte clusters had the largest 

differences, including in antigen presentation and monocyte signalling (Fig. 6.3D&E, Fig. 6.4). 

There were significant differences in T cell differentiation pathways between healthy controls 

and immunocompromised individuals in CD4+ and CD8+ T memory (Fig. 6.3D and Fig. 6.4). 

Memory B cells were broadly similar between groups, but AAV patients had increased 

expression of inflammatory signalling and genesets associated with adaptive immune 

activation (Fig. 6.4).  

6.6.3 Pro-inflammatory monocyte signalling is associated with vaccine non-

responsiveness in solid organ transplant recipients 
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Fig. 6.3 Differential geneset expression across immunocompromised states, within 
cell types  
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In chapter 5 I observed that increased inflammation was associated with reduced vaccine-

induced antibody responses in RT and LT recipients. Monocytes and dendritic cells are a 

major source of inflammatory proteins in the blood (441-443) and had the highest expression 

of inflammation related genesets (Fig. 6.3B&C). Importantly, monocytes, dendritic cells and 

macrophages are also the main cell type to uptake and express mRNA vaccine delivered 

protein (293), so altered functionality of these populations may reduce expression and antigen 

presentation of the antigen itself – reducing immunogenicity.  

To assess differences in the phenotype/functionality of monocytes and dendritic cells, I 

analysed these cells separately from the overall dataset (39,127 cells). To avoid biasing of 

differential gene expression analysis by using transcriptomic data to cluster cells (212), I used 

only the 138 surface proteins for dimensional reduction and clustering. This method identified 

the same broad monocyte/DC types as the WNN analysis (Fig. 6.5A-C). There was a clear 

distinction between CD16+CD14mid non-classical monocytes and CD14hiCD16lo classical 

monocytes and the cells had distinct overall surface protein profiles (Fig. 6.5B&C). These 

profiles were consistent with previous phenotypic descriptions (444). No clear ‘intermediate’ 

monocyte population was identified.  

Because non-classical monocytes are associated with inflammatory function (445, 446), I first 

compared the relative frequency of non-classical to classical monocytes in the overall dataset. 

The log ratio of non-classical to classical monocytes was increased in patients on aCD20 

therapy compared to LT and RT, but there was no significant interaction within the LT and RT 

group with vaccine-induced antibody responses (Fig. 6.5D). There was also no significant 

Fig. 6.3 Differential geneset expression across immunocompromised states, within cell types  
A) Analysis scheme 
B) Mean geneset variation analysis (GSVA) score across individuals, per geneset per cluster 
C) The mean GSVA score for genesets within geneset modules identified in Chapter 5 
D) The top 10 most significantly differentially expressed genesets within each cluster, using a quasi-
likelihood F-test to compare GSVA score in healthy controls with individuals in all analysis groups. 
Adjusted for age, sex and batch.  
E) The total number of differentially expressed genesets in immunocompromised groups compared to 
healthy controls (as in D).  
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difference between the LT and RT group and other individuals in the cohort, suggesting that 

there was no overall skewing toward an inflammatory monocyte phenotype in this group. I 

next used the pseudobulk GSVA scores of each cluster and individual (as in Fig. 6.3A) to fit 

linear models comparing LT and RT with aCD20 therapy patients and other 

immunocompromised groups, with an interaction term between analysis group and no/low 

serological response. There were a large number of differentially expressed genesets 
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Fig. 6.4 Differential geneset expression in immunocompromised groups compared to healthy 
controls 
Mean geneset variation analysis (GSVA) expression score for individuals within each immunosuppressive 
group of the top 10 differentially expressed genes between healthy controls and immunocompromised 
groups as in Fig. 6.3D 
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between aCD20 therapy patients and RT and LT patients, particularly in classical and non-

classical monocyte populations which shared many differentially expressed genesets (Fig. 

6.6A). There were few differentially expressed genesets when comparing LT/RT and 

A B 

C 
D 

Louvain 

Fig. 6.5 Monocyte and dendritic cell phenotypes 
A) Harmony integrated (across experimental batches) UMAP of monocyte and dendritic cells (DC) 
subsets, based on denoised surface protein expression (DSB). Annotated Louvain clusters.   
B) Normalised DSB expression of monocyte and dendritic cell related surface proteins on monocyte and 
DCs. 
C) Mean scaled normalised expression of top 10 differentially expressed DSB across cell types.  
D) Log2 ratio of non-classical to classic proportions. P values from linear model based on log2 ratio, 
comparing LT and RT with aCD20 therapy recipients (AAV_Indo) and other immunocompromised and 
healthy individuals, including an interaction term for V3+21d antibody responsiveness (anti-RBD Ig 
<1000AU/mL vs >1000AU/mL) and age, sex and batch as covariates.  
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individuals other than aCD20 recipients, only three significantly different genesets within 

classical monocytes, one within non-classical monocytes and three within the pDC population 

(Fig. 6.6A). In addition to increased relative frequency (Fig. 6.5D), classical and inflammatory 

monocytes in the aCD20 treated groups had higher expression of several activation and 

inflammatory genesets compared to the RT and LT groups (Fig. 6.6A).  

Within the LT and RT group there were significant interactions between anti-RBD Ig response 

status (no/low versus high) and geneset expression for several genesets in classical and non-

classical monocytes (Fig. 6.6A). The strongest interaction occurred in the non-classical 

monocytes with the ‘antiviral IFN signature’ significantly enriched in no/low responders (Fig. 

6.6A&B). There were some genesets with interactions between disease group and vaccine-

induced antibody responsiveness in both classical and non-classical monocytes, including 

‘TLR and inflammatory signalling’ and ‘enriched in antigen presentation and immune 

response’ (Fig. 6.6A,C&D). Differential gene expression analysis between monocyte subsets 

from RT and LT individuals with no/low compared with high antibody responses identified 

significant overexpression of many genes relating to interferon signalling, chemokine 

production and TLR signalling (Fig. 6.6E&F). Interestingly, transcripts for CXCL9 and 

CXCL10, whose pre-vaccination plasma protein concentration was negatively associated with 

anti-RBD Ig responsiveness (Fig. 5.12A), were significantly upregulated in the classical 

monocytes and DCs of no/low antibody responsive RT and LT recipients (Fig. 6.6E-G). 

Intriguingly, TMEM176A and TMEM176B which is overexpressed in immature dendritic cells 

(447), were also significantly enriched in monocytes and DCs from individuals with no/low 

vaccine-induced antibody response (Fig. 6.6F&G). Together this suggests that increased 

inflammatory signalling and a less mature transcriptional phenotype in monocytes is 

associated with vaccine non-responsiveness in LT and RT recipients.  

6.6.4 Vaccine-induced antigen specific B cells are predominantly activated memory 
phenotype  
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Baseline immunophenotyping demonstrated the association of bulk and antigen-specific B 

cells with the vaccine-induced antibody response, however some questions about the quality 

of the induced cells remained. There were 24,740 B cells amongst the live CD45+ PBMC after 

final QC. To phenotype SARS-CoV-2 spike-specific B cells, I additionally sorted SARS-CoV-

2 S1 binding CD19+ B cells (Fig. 6.7A) from all 80 donors and performed scRNA- and BCR-

sequencing, capturing 1,784 SARS-CoV-2 spike specific B cells after QC. To assess the 

relative phenotype of antigen-specific and bulk B cells, I integrated the two datasets (Section 

6.5.4) and performed a joint analysis (Fig. 6.7B).  

After integration, I projected the annotations from a previously published B cell dataset to 

identify major B cell populations (Section 6.5.4, Fig. 6.7C). Although the reference dataset 

included annotations for germinal centre B cells (432), only naive, memory and atypical B cell 

and plasma cell subsets were identified in this dataset, consistent with the expected 

composition of B cells in peripheral blood (432). Louvain clustering was also performed and 

demonstrated that although there were some sub-clusters within the predicted annotated B 

cell compartments, the predicted annotations broadly overlapped with the unsupervised 

clusters (Fig. 6.7D). Spike-specific B cells co-clustered with bulk B cells, suggesting that they 

are not transcriptionally dissimilar and that potential batch effects caused by the experimental 

conditions were sufficiently overcome through integration (Fig. 6.7E). While the majority of the  

Fig. 6.6 Inflammatory monocyte signaling associated with vaccine antibody non-responsiveness 
A) Models were fit on the geneset variation expression analysis (GSVA) score for each geneset within 
given cell type. The coefficient for the given term comparing LT and RT with aCD20 therapy recipients 
(AAV_Indo) and other immunocompromised and healthy individuals, including an interaction term for 
V3+21d antibody responsiveness (anti-RBD Ig <1000AU/mL vs >1000AU/mL) and age, sex and batch as 
covariates. All comparisons with FDR <0.1 are shown. Point is coefficient, lines are standard error.  
B-D) GSVA score for cell type and comparison, with p values as in A. Antiviral IFN signature (M75) 
expression in non-classical monocytes (B), TLR and inflammatory signalling (M16) in classical and non-
classical monocytes (C) and regulation of antigen presentation and immune response (M5.0) in classical 
and non-classical monocytes (D).  
E) Average log2 fold change of genes from genesets in B-D, comparing no/low V3+21d anti-RBD Ig versus 
high V3+21d anti-RBD Ig in LT and RT groups.  
F) All differentially expressed genes in all cell types, comparing no/low V3+21d anti-RBD Ig versus high 
V3+21d anti-RBD Ig in LT and RT groups.  
G) Scaled normalised RNA expression of selected genes across entire CD45+ dataset, split by anti-RBD Ig 
responsiveness.  
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Fig. 6.7 SARS-CoV-2 spike-specific B cells are predominantly of an activated memory 
phenotype 
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antigen-specific B cells were memory B cells, a notable minority (432 of 1,784 cells; 24%) 

were phenotypically naive (Fig. 6.7E&F). Very few antigen-specific or bulk plasma cells were 

identified (7 of 1,784 S-specific; 0.4%, 194 of 27,740 background; 0.8%) likely due to inefficient 

capture of S-specific plasma cells due to reduced surface BCR expression (448) and their low 

frequency in blood, especially 21 days after vaccination (plasma cell frequency peaks at 7-

days post-vaccine (449, 450)). Compared to the bulk B cells, there was relative enrichment of 

both memory and atypical B cells in the spike-specific populations (Fig. 6.7F). Interestingly, 

the unsupervised cluster 4 was enriched for spike-specific B cells compared to cluster 3, 

despite both being phenotypically memory B cells (Fig. 6.7G). Cluster 4 also contained cells 

from the bulk B cell experiment, suggesting that the enrichment in this cluster was not solely 

due to differences between experiments (Fig. 6.7G).   

Compared to the other predominant memory B cell cluster (cluster 3), cluster 4 was enriched 

for c-Myc and mTORC1 signalling, both of which are critical for B cell activation and primary 

and secondary responses to T-dependent B cell antigens (451-454) – whereas cluster 3 was 

enriched for interferon signalling (Fig. 6.7H&I). Cluster 4 was also enriched for the expression 

of genes relating to BCR signalling (CCL4, CCL3) (455), B cell activation (TNFRSF9) (456), T 

cell chemoattraction (CCL22) (457) and had reduced expression of genes relating to inhibitory 

receptors such as CR1 (458) (Fig. 6.7J&K). Therefore, the majority of spike-specific B cells 

Fig. 6.7 SARS-CoV-2 spike specific B cells predominantly have an activated memory phenotype 
A) Example gating of SARS-CoV-2 S1-protein B cell gating for fluorescence-activated cell sorting (FACS). 
Gated on CD19+ CD45+ live lymphocytes.  
B) Experimental overview 
C-E) UMAP representation of integrated normalised RNA expression, grouped by predicted annotated 
phenotype (C), Louvain clusters (D) or experimental condition: background (CD45) or S1-specific (Ag).  
F) Proportion of S1-specific or background B cells by predicted phenotype  
G) Alluvial plot of integrated B cells, showing proportion sharing across groups as in C-E.  
H) Geneset enrichment analysis of differentially expressed genes (Limma) comparing Louvain clusters 3 
and 4. Normalised enrichment score (NES) shown.  
I) Example running enrichment score of the HALLMARK_MYC_TARGETS_V1 geneset as in H. 
J) Scaled normalised expression of top 20 genes differentially expressed in each of cluster 3 compared to 
cluster 4. Randomly down sampled to 50 cells per cluster.  
K) Scaled normalised RNA expression of selected genes 
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are of an activated memory phenotype.  

6.6.5 Vaccine-induced antigen specific B cells are enriched for immunoglobulin class-

switching but not somatic hypermutation 

The BCR repertoire is central to B cell functionality (430) and immunoglobulin class-switch 

recombination and somatic hypermutation (SHM) are critical processes in defining the BCR 

repertoire (459, 460). B cells of all Ig isotypes except IgE (IgA1, IgA2, IgD, IgG1, IgG2, IgG3, 

IgG4, IgM) were observed in the dataset (Fig. 6.8A) and there was a diverse range of somatic 

hypermutation rates (Fig. 6.8B). IgM and IgD are usually co-expressed on naive B cells (459), 

therefore IgM is used to denote IgM+IgD+ or IgM+ B cells, and IgD are IgD+ only. As expected, 

there were low frequencies of class-switched Ig within S-specific or bulk B cell populations 

that were phenotypically naive, and most naive cells expressed IgM or IgD BCRs (385 of 393 

naive S-specific; 98%, 14,651 of 14,777; 99% naive bulk B) (Fig. 6.8A&C). Compared to naive 

B cells, ABCs and memory B cells were enriched for class-switched BCRs (Fig. 6.8C). The 

commonest Ig subclasses within these cell types were IgG1, followed by IgG2 and IgA1, 

however there was a substantial proportion of IgM+ S-specific memory B cells (Fig. 6.8C). All 

identified antigen-specific and 154 of 172 (90%) of plasma cells were class-switched. The 

majority of S-specific and bulk plasma cells were IgA1 subclass - consistent with earlier reports 

(461).  

Rates of complementarity determining region (CDR) SHM were lowest in naive B cells (Fig. 

6.8D), concomitant with their enrichment for non-class switched BCRs which had the lowest 

frequencies of SHM (Fig. 6.8E). S-specific naive B cells had higher frequencies of CDR SHM 

compared to bulk B cells due to increased SHM rate in naive IgM+ cells, but overall, only the 

IgD subclass exhibited different rates of CDR SHM in bulk compared to S-specific B cells (Fig. 

6.8D-F). Interestingly, IgM+ memory B cells had higher rates of SHM compared to IgM+ naive 

B cells and the SHM rate of IgM+ memory B cells did not differ between S-specific and bulk B 

cells (Fig. 6.8F). IgG2 subclass S-specific memory B cells had reduced rates of SHM  
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Fig. 6.8 The B cell receptor (BCR) repertoire of SARS-CoV-2 S1 specific and bulk B cells 
A&B) UMAP representation of integrated normalised RNA expression, grouped by immunoglobulin (Ig) 
subclass (A) or by the non-synonymous somatic hypermutation (SHM) frequency of the 
complementarity determining region (CDR) 3 of the heavy chain of B cells with paired BCR sequences.  
C) The proportion of Ig subclasses within each of the predicted cell types in S1-specific (Ag) or 
background (CD45) B cells.  
D-F) The mean non-synonymous CDR3 SHM frequency within predicted cell types (D), each Ig 
subclass (E) or combination of predicted cell type and Ig subclass (F) in S1-specific or background B 
cells. Error bars are per person standard error of mean.  
G) Example clonal trees of expanded paired B cell clones. The number on each branch is the number 
of cells in the next branch of the tree. Ig subclass given. Associated with Table 6.2. 
D-F) Benjamini-Hochberg adjusted FDR from Mann-Whitney U test is presented. For F, only FDR with 
value < 0.1 are presented.  
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compared to bulk IgG2 subclass memory B cells (Fig. 6.8F). Finally, I assessed the expansion 

of clones in the dataset (Section 6.5.5). In total, there were 23 B cell clones containing more 

than one B cell (Table 6.3). The expanded clones were identified in only nine of 80 donors, all 

of which were in the LT, Cirr and RA clinical groups. Some clones included S-specific cells, or 

a mixture of cells detected in S-specific and bulk B cells (Table 6.2, Fig. 6.8G). Most expanded 

clones were of memory phenotype, but a large number of the clones included naive phenotype 

B cells, and the majority were of IgM subclass (Table 6.3).  

6.6.6 Reduced class-switch recombination is associated with reduced antibody 

frequency and B cell functionality in renal and liver transplant recipients.  

At the pre-V3 timepoint I used flow cytometry to identify a unique association of B cell 

frequency and vaccine-induced antibody responses in LT and RT compared to other 

immunocompromised groups and healthy controls, which suggested that LT and RT recipients 

had S-specific B cells with impaired functionality (Fig. 5.16). This pattern was also observed 

at the V3+21d timepoint, whereby LT and RT had similar frequencies of S1-specific B cells 

compared with other immunocompromised groups, but exhibited a different pattern of 

association between S1-specific B cell frequency and anti-RBD Ig titres compared to the rest 

of the cohort (Fig. 6.9A&B). Participants on aCD20 therapies had the lowest S1-specific B 

cell frequencies, also consistent with the pre-vaccine results (Fig. 6.9A).  

Having confirmed that the observations made using flow cytometry at pre-vaccine and V3+21d 

timepoints were consistent, I assessed the impact of SIs on the phenotype of bulk and S-

specific B cells in the V3+21d scRNA-sequencing dataset. Within S-specific B cells, there was 

significant skewing of B cells toward a transcriptionally naive phenotype in LT and RT 

recipients compared with other individuals in the cohort (Fig. 6.9C). This was not observed in 

the bulk B cells (Fig. 6.9C). Differential gene expression of S-specific B cells from LT and RT 

compared with individuals in RA, IBD, Cirr (other group) demonstrated that several genes 

relating to BCR activation were downregulated in LT and RT B cells, including CCL22 and 
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ZBTB32 (462) (Fig. 6.9D). The downregulated genes were notably enriched for genesets 

associated with IL2 signalling, cell cycling and c-Myc related signalling – suggesting reduced 

proliferation and differentiation of LT and RT antigen-specific B cells (Fig. 6.9D-F). LT and RT 

S-specific B cells were enriched for expression of NIBAN3, (B-cell novel protein-1) implicated 

in negative regulation of mature B cell activation (463), CXCR4, CD79A and TCL1A a proto-

oncogene associated with naive B cells (462). Therefore S-specific B cells induced by vaccine 

in LT and RT groups are transcriptionally less differentiated and less active than those from 

other immunocompromised groups.  

Across the entire dataset I observed that S-specific memory B cells were enriched for IgG1 

expression compared to bulk B cells but still contained a large proportion of IgM+ B cells (Fig. 

6.8C). On the basis that S-specific B cells in LT and RT were less differentiated than other 

groups, I reasoned that class-switch recombination of S-specific B cells may also be impaired. 

Consistent with this, LT and RT had similar frequencies of class-switched bulk memory B cells 

compared to other groups, but, unlike RA, IBD and cirrhosis groups or HC, there was no 

enrichment for class-switched Ig in the S-specific memory B cells compared to bulk memory 

B cells of LT and RT recipients (Fig. 6.9G&H). Notably, within the S-specific B cells of LT and 

RT recipients (Fig. 6.9H) there appeared to be two distinct trajectories of class-switch 

recombination – one group that had increased class-switching in S-specific B cells compared 

to bulk B cells, and one group that had no relative increase in S-specific compared to bulk B 

cells. Interestingly, these groups broadly corresponded with V3+21d anti-RBD Ig 

responsiveness (Fig. 6.9I). Despite reduced class-switch recombination of memory B cells in 

LT and RT, SHM frequency was not reduced compared to other groups in either S-specific or 

bulk memory B cells (no significant differences, Fig. 6.9J). There were no specific 

demographic/clinical factors associated with an inability of RT and LT recipients to switch Ig 

sub-classes (Fig. 6.9K). Thus, LT and RT recipients have impaired differentiation and class-

switch recombination of memory B cells in response to vaccine, and this is associated with  
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Fig. 6.9 Low vaccine-induced antibody titres are associated with IgM+ S1-specific memory B 
cells in solid organ transplant recipients  
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reduced vaccine-induced antibody titres. Unlike aCD20 therapy recipients, the overall bulk B 

cell frequencies and phenotype was similar in LT and RT groups compared to other 

immunocompromised groups that generate robust antibody responses to vaccination. This 

suggests that the B cell deficiencies in LT and RT groups are intrinsic to the de novo response 

to vaccination.  

6.6.7 The antigen specific CD4+ T cell response to vaccine in immunocompromised 

individuals 

In chapter 5 I identified that there were baseline differences in T cell immunophenotype which 

related to functional differences in vaccine-induced T cell responses. To gain further insight 

into the impact of SIs on antigen-specific T cells, I applied the AIM assay with scRNA- and 

TCR-sequencing to the V3+21d samples in the 80 individuals included in this chapter (Fig. 

6.10A&B). I used the same experimental procedure as in chapter 4 (Section 2.4.1). In total, 

137,759 AIM+ T cells were captured and passed scRNA-sequencing QC. As in chapter 4 (Fig. 

Fig. 6.9 Low vaccine-induced antibody titres are associated with IgM+ S1-specific memory B cells in 
solid organ transplant recipients 
A) Frequencies of S1-specific B cells captured in flow cytometry experiment at V3+21d 
B) Loess curves of S1-specific B cell against V3+21d anti-RBD antibody response, separated by RT and LT 
compared with all other groups.  
C) Log2 ratio of predicted naive to memory B cell proportions amongst background and S1-specific B cells.  
D) Differential gene expression analysis (MAST, age, sex and batch covariates) comparing all S1-specific B 
cells in LT and RT vs all other groups. Only significant genes (Bonferroni adjusted p < 0.05) shown.  
E) Geneset enrichment analysis (GSEA) of ranked differentially expressed genes from comparison as in D. 
Normalised enrichment score (NES) shown.  
F) Example running enrichment scores of cell cycle and transcription (M4.0) and 
HALLMARK_IL2_STAT5_SIGNALING genesets from E.  
G) Immunoglobulin (Ig) subclass proportions of predicted memory B cells split by clinical groupings in 
background and S1-specific B cells. 
H) Per person proportions of class-switched (IGHA1-2, IGHG1-4) and non-class-switched (IGHD and IGHM) 
background and S1-specific predicted memory B cells.  
I) Log2 ratio of the proportion of class-switched memory B cells in S1-specific compared to background 
memory B cells. P values are from linear model comparing LT and RT with other groups, including an 
interaction for V3+21d anti-RBD Ig responsiveness (<1000AU/mL versus >1000AU/mL) and age, sex and 
batch as covariates.  
J) The mean non-synonymous complementarity determining region 3 (CDR3) somatic hypermutation rate 
(SHM) of background and S1-specific B cells in class-switched and non-class-switched B memory B cells. 
Mann-Whitney U test performed but there were no significant comparisons, so none are shown.  
K) Linear model of log2 ratio of the proportion of class-switched memory B cells in S1-specific compared to 
background memory B cells (as in I) within LT and RT recipients.  
D-F) Benjamini-Hochberg adjusted FDR from Mann-Whitney U test is presented. Only FDR with value < 0.1 
are presented.  
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4.2A), CD4+, CD8+, Vδ1 and Vδ2 γδT cells and mucosal-associated invariant T (MAIT) cell 

populations were captured. To make use of the paired unstimulated and stimulated SARS-

CoV-2 spike-specific T cell scRNA-sequencing data, I subsetted CD4+ T cells from the CD45+ 

dataset and integrated them with the CD4+AIM+ T cells (Fig. 6.10A&C).  

Dimensionality reduction and unsupervised clustering of the integrated CD4+ T cell populations 

identified nine CD4+ T cell clusters (Fig. 6.10C). The clusters identified were similar to those 

identified in chapter 4 (Fig. 4.2D) and were annotated by expression of canonical CD4+ T cell 

lineage markers (Fig. 6.10D). The identified clusters included: a naive population 

(CD4_Naive), a resting Tcm population (CD4_Tcm), a relatively more active stem-cell memory 

like population (CD4_Tscm), an effector like interferon stimulated gene (ISG) high population 

(CD4_ISG), a regulatory T cell population expressing FOXP3 and IL2RA (CD25) (CD4_Treg), 

an undifferentiated effector memory population (CD4_Tem), two differentiated effector 

memory populations including a TH2-like population expressing GATA3 (CD4_Th2) and a 

mixed TH1/TH17 effector population expressing TBX21 (Tbet), RORC, CCR6 

(CD4_Th1_Th17) and a terminally differentiated population that expressed TH1 and TFH-type 

markers (TBX21, CXCR5; CD4_Th1_Tfh) (Fig. 6.10C&D). Many of the populations contained 

a mixture of unstimulated (background) and AIM+ T cells except for the CD4_Th1_Tfh and 

CD4_Th1_Th17 populations which were each more than 99% AIM+ (Fig. 6.10E&F). The 

CD4_Tcm and CD4_Naive populations were predominantly unstimulated (Fig. 6.10E&F).  

Having defined populations based on canonical CD4+ T cell genes, I next investigated genes 

commonly associated with CD4+ T cell function (Fig. 6.10G). The Th1_Tfh and Th1_Th17 

populations expressed most IFNG and TNF and the Th1_Tfh population was the only IL2 

expressing cell type observed (Fig. 6.10G). Consistent with their lineage-defining markers, 

the Th1_Tfh population expressed IFNG and IL21, the Th1_Th17 population expressed IFNG, 

IL17A, IL17F and IL22, and the Th2 population expressed IL13 but did not express IL4 (Fig. 

6.10G). The chemokines CCL3 and CCL4, which are produced after TCR stimulation by CD4+  
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T cells to recruit naive CD8+ T cells (464) were uniquely expressed by the Th1_Tfh population. 

Cytotoxic granules (granzyme A; GZMA, granzyme B; GZMB) were produced by most of the 

AIM+ T cell populations, except for the CD4 Treg population. Notably, as defined in chapter 4, 

the CD4+ Treg population did not express IL10 and only low expression of TNF and IFNG 

transcripts were detectable in this population (Fig. 6.10G).  

Differential gene expression of each cluster versus all other clusters followed by geneset 

enrichment analysis identified several genesets that were characteristic of each cluster (Fig. 

6.10H). The CD4_Th1_Tfh population was positively enriched for genesets relating to c-Myc 

signalling, proliferation and metabolism, but was negatively enriched for some T cell activation 

associated genesets (Fig. 6.10H&I). The CD4_Th1_Th17 cluster was notably enriched for 

cytokine signalling pathways, including IL2, IL6 and NF𝜅B signalling through TNF (Fig. 

6.10H&I). The CD4_Tem and CD4_Th2 cell types were enriched for comparatively few 

genesets, likely due to their relatively less transcriptionally active/differentiated states. The 

CD4_Treg population was positively enriched for genes relating to MHC, TLR7 and TLR8, 

antigen-presentation and IFNG signalling (Fig. 6.10H&I). CD4_Tscm, CD4_Tcm and 

CD4_Naive populations had notably lower expression of cytokine signalling related pathways, 

indicative of their lack of differentiation.  

Fig. 6.10 Heterogenous vaccine-induced spike-responsive CD4+ T cells are detected in 
immunocompromised individuals 
A) Experimental overview 
B) Example gating of SARS-CoV-2 spike-peptide stimulated activation induced marker (AIM) positive cells 
for fluorescence-activated cell sorting (FACS). Gated on CD3+ CD45+ live lymphocytes.  
C) UMAP representation of integrated RNA expression values from SARS-CoV-2 spike stimulated CD4+ 

AIM+ and background unstimulated CD4+ T cells. Manually annotated Louvain clusters.  
D) CD4+ phenotypic markers used for manual annotation of C.  
E) As in C, but grouped by experimental condition: unstimulated CD4+ (background) or CD4+ AIM+ after 
spike-peptide pool stimulation (S-responsive).  
F) Proportion of background and S-responsive cells per annotated cluster.  
G) Mean log2 normalised RNA expression of selected CD4+ T cell functional genes 
H) Geneset enrichment analysis of genes ranked based on log2 fold change in given cluster compared to all 
other clusters.  
I) Aggregate expression of given geneset projected onto UMAP visualization 
J) Mean scaled RNA expression of genes from selected T cell related genesets in H. Geneset ID value is 
listed.  
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Interestingly, there were unique enrichment patterns for T cell activation/differentiation related 

genesets across different cell types (Fig. 6.10H). To gain further insight into the contributing 

genes in each enrichment, I assessed the mean expression of the genes within each geneset 

across the clusters. There was considerable overlap in the genes included in each geneset, 

but this method identified clear differences in T cell related gene expression across the 

clusters (Fig. 6.10J). There was a gradient of differentiation and effector functionality, whereby 

cells in the CD4_Th1_Tfh and CD4_Th1_Th17 cluster had highest expression of several 

genes associated with CD4+ T cell cytotoxicity and TCR activation and CD4_Tcm, CD4_Tscm 

and CD4_Naive clusters exhibited expression of genes relating to early activation and naivety 

(LEF1, IL7R, TCF7) (Fig. 6.10J). 

6.6.8 The vaccine-induced AIM+ T cell phenotype is functionally associated with the 

vaccine-induced IFNγ ELISpot response 

To better understand how the populations captured in the AIM assay relate to a common 

functional T cell assay for vaccine immunogenicity studies – the IFNγ ELISpot – I assessed 

the association of AIM+ CD4+ T cell frequencies and function in 65 of 72 individuals in OCTAVE 

DUO with paired V3+21d IFNγ ELISpot data. There was a moderate positive correlation 

(Spearman’s 𝜌= 0.48) between the overall frequencies of AIM+ CD3+ T cells detected by flow 

cytometry and IFNγ ELISpot magnitudes (Fig. 6.11A). Within the AIM+ CD4+ cell subsets, 

there was weak positive correlation of CD4_Tem and CD4_Th1_Th17 frequencies with IFNγ 

T cell magnitudes, which corresponded with negative correlation in the CD4_Tscm and 

CD4_Naive populations (Fig. 6.11B). These reciprocal compositional changes suggest a 

possible differentiation trajectory relating to IFNγ production between naive, Tscm, Tem and 

Th1_Th17 populations.  

Correlation analysis of pseudobulk geneset expression values for each cell type identified a 

number of functional programmes that were significantly correlated between the AIM+ 

populations and IFNγ ELISpot magnitudes (Fig. 6.11C). Various genesets related to IFNγ  
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Fig. 6.11 AIM+ CD4+ T cells are associated with IFNγ ELISpot magnitudes 
A&B) Correlation of V3+21d AIM+ CD3+ T cells (A) and CD4+ AIM+ subpopulations with (B) V3+21d IFNγ 
T cell responses to peptide pools covering SARS-CoV-2 spike. Only correlations with Benjamini-
Hochberg false discovery rate < 0.1 shown.  
C) Correlation of the geneset variation analysis (GSVA) score of each geneset within AIM+ CD4+ T cell 
clusters with V3+21d IFNγ T cell responses. Spearmans correlation, only correlations with Benjamini-
Hochberg false discovery rate < 0.05 shown.  
D) Association of selected geneset expression scores (from C) with V3+21d IFNγ T cell responses. 
E) Mean expression of each gene within the genesets in D, correlated with V3+21d IFNγ T cell 
responses. Only correlations with Benjamini-Hochberg false discovery rate < 0.05 shown.  
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signalling were significantly correlated with IFNγ ELISpot magnitudes across multiple 

AIM+CD4+ cell types, including transcriptionally naive AIM+ T cells with relatively low overall 

inflammatory signalling (Fig. 6.11C&D). As expected, expression of 

HALLMARK_INTEFERON_GAMMA and HALLMARK_INFLAMMATORY_RESPONSE 

genesets correlated with IFNγ ELISpot across multiple cell types. The geneset expression in 

AIM+ T cells that was most significantly correlated with IFNγ ELISpot responses was: ‘putative 

targets of PAX3 (M89.0)’ in CD4_Th1_Th17, ‘signaling in T cells (I) (M35.0)’ and ‘TLR and 

inflammatory signaling (M16)’ in CD4_Tcm (each with Spearman’s 𝜌 = 0.63, FDR < 0.0001) 

(Fig. 6.11C&D). Interestingly, the Th1_Tfh population appeared to be distinctly related to IFNγ 

ELISpot responses compared to the rest of the AIM+ populations: unlike the other IFNG 

producing population (Th1_Th17), its overall frequency was not associated with IFNγ ELISpot 

magnitudes (Fig. 6.11B) and instead within the Th1_Tfh population expression of genesets 

related to proliferation and metabolism were most correlated with IFNγ ELISpot responses 

(Fig. 6.11C). The expression of some genesets was negatively associated with IFNγ ELISpot 

response, including ‘T cell differentiation (M14)’ in Th1_Tfh and ‘integrins and cell adhesion 

(M84)’ expression in CD4_Treg cells (Fig. 6.11C&D). 

Further correlation analysis of the mean expression of each gene within the given genesets 

identified specific genes whose expression was significantly correlated with IFNγ ELISpot 

response. In particular, expression of IL2RA, IFNG, TNF, TNFRSF4 (OX-40) and TNFRSF9 

(4-1BB) in the ‘signaling in T cells (I)’ geneset was significantly correlated with IFNγ ELISpot 

response (Fig. 6.11E). HBEGF, a gene upregulated early after CD4+ T cell activation which 

reduces TH17 differentiation in favour of TH1 differentiation (465) was significantly associated 

with IFNγ ELISpot response (Fig. 6.11E). 

6.6.9 The effect of immunosuppressive conditions on spike-responsive CD4+ T cell 

phenotype and functionality.  

Having identified functionally relevant features of the CD4+ AIM+ T cells, I next compared their 
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phenotype across SIs. The frequencies of AIM+ T cells varied by clinical group but were 

unexpectedly low in the healthy control individuals (Fig. 6.12A). Compared to the background 

unstimulated CD4+ T cell phenotypes, Th1_Th17, Th1_Tfh, Tem and Treg populations were 

significantly increased in proportion in the AIM+ CD4+ T cells, whereas naive, ISG and Tcm 

populations were significantly decreased (Fig. 6.12B). This was broadly consistent across 

groups (Fig. 6.12B), however the proportions of CD4+ AIM+ T cell subtypes varied by clinical 

group (Fig. 6.12C). The cell type with the most significant difference in proportion across AIM+ 

CD4+ T cells was the naive CD4+ population which was highest in the LT and RT groups. 

CD4_ISG and CD4_Tregs had the next largest difference between groups, with CD4_ISG 

being particularly enriched in IBD and HC and a notably low frequency of CD4_Tregs in the 

RT group (Fig. 6.12C).  

I next compared the functionality of the clusters between clinical groups using pseudobulk 

geneset expression. Using an ANOVA-like test controlling for age, sex and batch as 

covariates, I identified a large number of genesets that were significantly different across 

groups in each cluster (Fig. 6.12D&E). In particular, genesets relating to interferon, TNF and 

IL2 signalling were amongst the most significantly differently expressed across Th1_Th17, 

Tem, Th2, Tscm, Tcm and naive AIM+ CD4+ T cell populations (Fig. 6.12E). The differences 

in expression of these genesets were broadly consistent with the patterns identified in the 

IFNγ ELISpot data (Fig. 5.12G): there was high expression of cytokine signalling genesets in 

activated T cells in the AAV, RA and IBD groups which had high IFNγ ELISpot responses and 

low expression of these genesets in LT, RT and Cirrhosis patient groups that were enriched 

for vaccine IFNγ non-responsiveness (Fig. 6.12E). Interestingly, as well as having increased 

frequencies of phenotypically naive AIM+ CD4+ T cells, the naive T cells in LT and RT were 

also significantly less transcriptionally active in terms of T cell and cytokine signalling 

compared to the other groups (Fig. 6.12E). The low frequencies of AIM+ T cells (Fig. 6.12A) 

and relatively low  
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Fig. 6.12 Distinct patterns of inflammatory signaling in vaccine-induced spike-responsive 
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expression of activation related genesets (Fig. 6.12E) suggested that the PBMC samples from 

healthy control samples in this study were of too low quality to accurately study T cell 

functionality. Unlike the PBMC in the OCTAVE DUO study, healthy control PBMC were stored 

in suboptimal conditions (-80°C rather than liquid nitrogen) for a long duration of time, likely 

leading to this reduction in quality (466). Nevertheless, there were clear differences across the 

cohort in the functionality of the AIM+ T cells, in a manner consistent with alternative measures 

of vaccine-induced T cell functionality.  

6.6.10 Expanded T cell clones span across the spectrum of T cell differentiation  

The AIM+ and IFNγ ELISpot correlation analysis suggested that there was a pathway of 

differentiation within the AIM data that was related to IFNγ production. Expansion and 

differentiation of CD4+ T cells clones is central to their functionality (467), therefore I next 

assessed if expanded TCR clones could be tracked across this differentiation trajectory. As in 

healthy individuals after one and two doses of COVID-19 vaccines (chapter 4), the majority 

of CD4+ AIM+ T cells were not measurably expanded (Fig. 6.13A). However, compared to non-

antigen enriched CD4+ T cells there was evidence of expansion in CD4+ AIM+ T cells in all 

diseases, with the lowest proportion of expanded clones observed in LT and AAV groups (Fig. 

6.13A). Analysis of clonal sharing across cell types identified that the majority of expanded 

clones in the Th1_Th17, Th2, Tem, Tscm, ISGhi, Tcm and naive CD4+ AIM+ populations were 

shared between cell types (Fig. 6.13B). The Treg and Th1_Tfh population were more clonally 

Fig. 6.12 Distinct patterns of inflammatory signaling in vaccine-induced spike-responsive CD4+ T 
cells across immunosuppressive conditions  
A) AIM+ CD3+ T cell frequencies in different immunosuppressive conditions 
B) The composition of unstimulated (background) CD4+ T cells and SARS-CoV-2 spike responsive AIM+ 

CD4+ T cells (Ag). Statistical comparisons are EdgeR paired comparisons of composition. **** is false 
discovery rate of <0.0001.  
C) Mean scaled proportion of SARS-CoV-2 responsive AIM+ CD4+ T cell subsets. Statistical comparison is 
EdgeR quasi-likelihood F test comparing differential frequency across clinical groups, including age, sex 
and batch as covariates. All comparisons are FDR < 0.05.  
D) ANOVA test of differential expression of geneset variation analysis scores for each cell type, comparing 
across clinical groups, including age, sex and batch as covariates. Only comparisons with FDR < 0.05 are 
shown.  
E) Mean scaled GSVA expression values for top 10 differentially expressed genesets in each cluster (as in 
D).  
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distinct, with the majority of expanded clones in those populations not shared with other cell 

types (Fig. 6.13B). Notably, the cell types with the highest proportion of shared clonotypes 

was Tscm and Tem and Tem and Th1_Th17, suggesting a trajectory of expansion and 

differentiation within clones (Fig. 6.13B). To investigate whether the clones were shared 

between more than two cell types, I investigated the phenotype of all hyperexpanded clones 

(>10 identical paired 𝛼𝛽TCR amino acid sequences). 15 individuals had hyperexpanded 

clones, and one individual (patient 92) had 21 unique hyperexpanded clones (Fig. 6.13C). In 

most individuals with hyperexpanded clones, there was a clear pattern of clonal expansion 

across the Tscm, Tem and Th1_Th17 (e.g., patient 9, or 218). Others had distinct 

hyperexpanded clones solely within TH2, Treg or Th1_Tfh cell types (e.g., patient 569) (Fig. 

6.13C).  

6.6.11 The pseudotime trajectory of individuals with poor T cell vaccine responsiveness 

is altered  

Evidence of clonal expansion across clusters suggests that the captured T cells maybe at a 

different point of differentiation along a given trajectory. To assess if this was the case, I used 

transcriptomic data to fit pseudotime trajectories across the CD4+ AIM+ T cells clusters that 

had evidence of clonal sharing (Fig. 6.14A). Using naive CD4+ T cells as the root of the 

pseudotime, there was a clear difference in the distribution of cells across pseudotime in 

groups enriched for poor vaccine responsiveness (RT, LT and Cirr) compared to the rest of 

the cohort (Fig. 6.14B). The majority of the cells in the RT, LT and cirrhosis groups appeared 

early in the pseudotime trajectory, coinciding with naive and Tscm annotations, compared to 

the other groups in the cohort (Fig. 6.14B). This was particularly notable in RT, LT and 

cirrhosis patients with no IFNγ T cell response to vaccination.  

To identify genes associated with this reduced differentiation, I first identified genes which 

were significantly correlated with the pseudotime trajectory (Fig. 6.14C). In total, 2076 of 3000  
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Fig. 6.13 Hyperexpanded T cell clones are shared across a CD4+ T cell trajectory 
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variable genes were significantly associated with the pseudotime trajectory. The top 100 

genes most associated with the pseudotime trajectory included genes related to T cell 

activation (e.g: IL2RA, TNFRSF9, TNFRSF18, CD40LG), cytotoxicity (e.g. GZMB, GZMA), 

cytokine production (IFNG, TNF, IL22, LTB) and interferon stimulated genes (IFIT1, IFIT2, 

IL1B, IFITM) (Fig. 6.14C).  

I next assessed if the relationship between gene expression and pseudotime was altered in 

the RT, LT and cirrhosis groups compared to the other groups in the dataset (Section 6.5.6). 

In total, 50 genes were significantly differentially associated with pseudotime in RT, LT and 

cirrhosis groups compared to the rest of the cohort (Fig. 6.14D). Clustering of these genes 

based on their expression across the dataset identified five clusters of genes with shared 

expression and two independently associated genes (Fig. 6.14D). The clusters included two 

enriched for interferon stimulated genes (Cluster 3&7) which were consistently significantly 

reduced across pseudotime in the RT, LT and cirrhosis group compared to other groups (Fig. 

6.14D&E). This included IL2RA (CD25), an important activation marker on T cells (468). 

MCM6, a gene associated with cell cycle regulation regulated by E2F (469) was increased in 

expression in RT, LT and Cirrhosis patients across the pseudotime trajectory. Cluster one 

contained lymphotoxin-α (LTA), a TNF family cytokine (470), and genes relating to NF𝜅B 

signalling (TNFAIP3 (471), MIR155HG (miR-155) (472)) which were increased in RT, LT and 

cirrhosis compared to other groups (Fig. 6.14D). Cluster four included integrin alpha-4 (ITGA4, 

CD49d)  

Fig. 6.13 Hyperexpanded T cell clones are shared across a CD4+ T cell trajectory 
A) The proportion of paired ⍺β TCR clones of given expansion sizes within individuals within AIM+ CD4+ T 
cells. Single = 1 clone, Small = 2 identical clones, Medium = 3-5 identical clones, Large = 6-10 identical 
clones, Hyperexpanded >10 identical clones.  
B) Sharing of expanded SARS-CoV-2 responsive CD4+ T cell clones (clone size >1) across transcriptional 
phenotype. Chord sizes reflect the relative proportion of each cluster that has shared clones. 
C) Visualisation of cells within hyperexpanded clones on the CD4+ AIM+ RNA UMAP representation. 
Hyperexpanded clones are unique to each donor and coloured individually. Each donor and the clinical 
group they are part of is labelled above each panel. Outlines of CD4_Th1_Th17, CD4_Tem and CD4_Tscm 
were generated from 2-dimensional density statistics. Loess curves were generated on the UMAP 
coordinates for cells within each clone.  
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Fig. 6.14 Pseudotime trajectory of SARS-CoV-2 responsive CD4+ T cells reveals impaired 
signalling pathways in solid organ transplant recipients and cirrhosis patients 
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and integrin alpha ligand (ITGAL, CD11A) which are important for T cell trafficking and 

interaction with antigen-presenting cells (473, 474) and were reduced on more differentiated 

cells in the LT, RT and cirrhosis groups (Fig. 6.14D). 

In conclusion, SARS-CoV-2 spike responsive CD4+ T cells in LT, RT and cirrhosis are less 

differentiated and have different gene expression programmes compared to other individuals, 

including reduced interferon signalling and integrin expression.  

6.6.12 The antigen specific CD8+ T cell response to vaccine in immunocompromised 
individuals 

In addition to CD4+ T cells, unconventional T cells, including MAIT, V𝛿1 and V𝛿2 𝛾𝛿T 

populations, and conventional CD8+ T cells were identified in background and AIM+ conditions 

(Fig. 6.15A&B). As described in chapter 4, the unconventional T cells likely represent 

bystander activated cells that are not directly SARS-CoV-2 peptide responsive. Therefore, I 

next focussed on the analysis of conventional CD8+ T cells. A total of 17,045 background and 

AIM+ CD8+ T cells were captured and passed QC. Louvain clustering with manual annotation 

based on canonical T cell marker expression identified six conventional CD8+ T cell 

populations in the integrated background and AIM+ datasets, including a naive population 

(CD8_Naive); resting central and effector memory (CD8_Tcm, CD8_Tem) and ISGhi effector 

Fig. 6.14 Pseudotime trajectory of SARS-CoV-2 responsive CD4+ T cells reveals impaired signalling 
pathways in solid organ transplant recipients and cirrhosis patients 
A) UMAP dimensional reduction of all CD4+ T cells, with pseudotime trajectory generated only in AIM+ T 
cells with CD4_Th1_Tfh and CD4_Treg clusters removed. A node within phenotypically naive AIM+ T cells 
was used as the root of the trajectory.  
B) Density of AIM+ cells across pseudotime trajectory in clinical groups and based on V3+21d IFNγ T cell 
responsiveness (<1SFC/106 peripheral blood mononuclear cells) to peptide pools covering SARS-CoV-2 
spike. The interquartile range of the pseudotime for each of the annotated AIM+ CD4+ T cell clusters is 
labelled.  
C) The scaled RNA expression of the top 250 genes with expression that significantly associated with 
pseudotime distance (Morans I value, Section 6.5.6). The top 100 most associated genes are labelled. The 
expression is the mean RNA expression of cells within 100 pseudotime bins.  
D) Loess curves of mean expression of clusters of genes that were differentially expressed in RT, LT and 
cirrhosis patients compared to other individuals with respect to pseudotime (derived from Lamian package, 
Section 6.5.6). Constituent genes of each cluster are labeled. 
E) Geneset enrichment of genes within each module compared to the 3000 variable genes included in the 
Lamian analysis. Only genesets with FDR <0.05 are shown.  
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memory populations (CD8_Tem_ISG) and early and late activated CD8+ effector populations 

(CD8_Early_Active, CD8_Tem_Active) (Fig. 6.15C-E). The early and late activated effector 

populations were enriched for AIM+ CD8+ T cells (CD8_Early_Active: 2006 of 2692 cells; 

74.5%, CD8_Tem_Active 2056 of 2066 cells; 99.5%) (Fig. 6.15D&E).  

Compared to other AIM+ CD8+ T cell populations, the early activated CD8+ effector population 

was enriched for genesets relating to TNF signalling and cellular activation (Fig. 6.15F). The 

late activated effector CD8+ population was also enriched for TNF signalling, but additionally 

IL-2, cell-cycling and T cell signalling pathways (Fig. 6.15G). The resting populations were 

less distinct and enriched for few genesets overall (Fig. 6.15F). Because the T and NK cell 

related genesets were differentially expressed across the populations, I assessed the 

expression of the genes within these genesets across the cell subsets. The CD8+ late active 

population expressed several genes related to CD8+ T cell cytotoxicity, including PRF1, GZMB 

and GZMH (but not GZMA), effector cytokine and cytokine receptor genes such as IFNG, 

TNF, IL2RB, IL12RB1, IL21R, IL18R1 and chemokines and chemokine receptor genes XCL1, 

XCL2, CCR5, CXCR3 (Fig. 6.15G). Thus, this population represents a highly activated effector 

CD8+ population. Consistent with the high expression of IFNG transcript in the 

CD8_Tem_Active population, an increased proportion of this cell type compared to the less 

activated CD8_Early_Active population was significantly correlated with increasing V3+21d 

IFNγ ELISpot magnitudes (Fig. 6.15H). 

6.6.13 The effect of immunosuppressive conditions on spike-responsive CD8+ T cell 

phenotype and functionality 

I next assessed the composition of background and AIM+ CD8+ T cells across SIs. Due to the 

low quality of healthy control AIM+ T cells observed in the S-specific CD4+ T cell data, 

comparisons were made between immunosuppressive groups. AAV patients had the highest 

frequencies of AIM+ CD8+ T cells relative to background CD8+ T cells of all groups, especially 

compared to LT, RT and cirrhosis patients which had  



 247 

  

M35.0

M7.4
M7.0, M7.1

M5.1

M7.1, M7.4

M7.0, M7.1, M7.3

M7.3

M5.1, M7.1

M5.1, M7.0, M7.1

M5.1, M7.0, M7.1, M7.3

M7.0, M7.1
M7.0, M7.1

M5.1, M7.0, M7.1, M7.3

M5.1, M7.0, M7.1, M7.3, M52
M5.1, M7.0, M7.1, M7.3

M5.1

M7.1, M52

M5.1

M7.0
M7.0, M7.1
M7.1

M7.1

M7.0, M7.4

M7.1

M7.1, M7.3
M7.3
M7.1
M35.0

M7.0, M7.1

M7.0, M7.4

M35.0, M35.1

M7.0

M35.0
M35.0

M35.1

M7.0, M7.1, M52

M52

M5.1, M7.0
M7.0

M7.4

M7.0

M7.0, M7.3

M7.0, M7.3

M7.0, M35.0, M35.1
M7.0

M7.0
M7.0
M5.1
M5.1

M7.0, M7.1, M7.3
M7.3, M35.0, M35.1

M7.1

M5.1, M7.1, M7.3
M7.3
M7.1
M35.0, M35.1
M35.1
M5.1

M7.0

M7.0, M7.1

M5.1, M7.0, M7.1, M7.3

M7.0

M7.1
M35.0
M35.0

M7.4

M7.0

M7.1

M52
M7.0

M5.1, M7.0, M7.1, M7.3, M7.4, M52
M7.0, M7.1, M7.4

M52

M7.0

M7.1

M7.0, M7.4

M7.0, M7.3

M7.0, M7.1, M7.3

M7.0, M35.0, M35.1

M5.1
M5.1

M7.0, M7.1

M7.0, M7.1, M7.4
M7.1

M52
M7.3

M5.1, M52
M7.0, M7.3

M7.0, M7.1, M7.4

M7.1

M7.0, M7.1, M7.4

M7.0

M52

M7.0

M7.0, M7.1, M7.3

M7.0, M7.1

M7.0, M7.1, M7.3

M7.1, M7.3
M7.1, M7.3

M7.3

M52

M7.3

M7.1

M7.1, M7.4

M7.0, M7.1, M7.3
M35.0, M35.1
M35.1
M35.0, M35.1
M35.0, M35.1

M5.1

M5.1, M7.0, M7.3

M7.1

M7.0

M52

M7.0, M52
M7.0

M5.1, M7.0, M7.1, M7.3

M7.4

T cell genes

CD8_
Naiv

e

CD8_
Tcm

CD8_
Te

m

CD8_
Te

m_IS
G

CD8_
Earl

y_
Activ

e

CD8_
Te

m_A
ctiv

e
CCR5

CD2
CD3D

CD5
CD6
CD7

CD8A
CRTAM
CXCR3

DPP4
EGR1

FASLG
FOSL1

GFI1
GPR171

GZMB
GZMH
ICOS
IFNG

IL12RB1
IL18R1
IL21R
IL2RA
IL2RB
IL2RG

ITK
ITPR3

JUN
JUNB
LAG3

LAT
NKG7
PRF1

PRKCH
PTPN6
PTPN7
RHOH

SIT1
SLAMF1
SLAMF7

STAT4
TIGIT

TNF
TNFRSF18
TNFRSF4
TNFRSF9
UBASH3A

XCL1
XCL2
ATF3
FOS

FOSB
GATA3
GLYR1

IL7R
ITM2A
LPXN
RORA
SLA2

TRAT1
ZMYND11

CD4
SP140

UNC93B1
BIN2

CCL5
CD3E
CD3G
CD52

CORO1A
EOMES

GZMA
GZMK
GZMM

HLA−DRA
HLA−DRB1

KLF12
MS4A1
NLRC3
PTPRC

PTPRCAP
SAMD3

SPI1
CD247
CD96
GNLY

IL32
KLRB1

PRKCQ
PTPN22

RASGRP1
SH2D1A
THEMIS
ATP8B2
BCL11B
CAMK4

CCR7
CD27
CD28
CD8B
ETS1

FLT3LG
GIMAP6
GIMAP7

IKZF1
KLRK1

LCK
LEF1
MAL

NELL2
PRKACB

PRKAR1B
SELL

SIRPG
TCF7

TRAF3IP3
TXK

ZAP70

Mean
scaled
expression−1 0 1 2

A B C D E 

F G 

H 

Fig. 6.15 Spike-responsive and background CD8+ T cells have distinct phenotypes 
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reduced relative frequencies (FDR; LT = 0.027, RT = 0.059, cirrhosis = 0.066) (Fig. 5.16A). 

All CD8+ T cell subpopulations had significantly different proportions in the AIM+ condition 

compared to the background condition: the early and late active populations were significantly 

increased in proportion and all other populations were significantly decreased (Fig. 5.16B). 

Within AIM+ populations, AAV patients had highest frequencies of highly activated effector 

populations compared to early active CD8+ T cells of all immunocompromised groups, 

especially compared to RT and cirrhosis (FDR; RT = 0.005, cirrhosis = 0.045) (Fig. 5.16B&C). 

Therefore, AAV recipients have increased total frequencies of spike-responsive CD8+ T cells 

and they are of a more highly activated phenotype than other immunocompromised groups – 

especially LT, RT and cirrhosis groups.  

To further assess the impact of SIs on SARS-CoV-2 spike-responsive CD8+ T cells, I 

compared geneset expression profiles within the AIM+ CD8+ T cell clusters. Clear patterns of 

differential expression emerged with two groupings: 1) individuals in the IBD, AAV and RA 

groups were similar, and 2) individuals in the LT, RT, cirrhosis and indolent B NHL groups had 

similar expression patterns within cell types (Fig. 5.16D). Individuals in IBD, RA and AAV 

groups had significantly higher expression of genes relating to T cell proliferation and 

metabolism in the CD8_Tem_Active cluster compared to LT, RT, cirrhosis and indolent B NHL. 

In the CD8_Early_Active cluster individuals in the IBD, RA and   

Fig. 6.15 Spike-responsive and background CD8+ T cells have distinct phenotypes 
A&B) UMAP representation of integrated background and SARS-CoV-2 spike responsive (S-responsive) 
unconventional and conventional CD8+ T cells. Grouped by broad manual annotation (A) or experimental 
condition (B).  
C&D) UMAP representation of integrated CD8+ T cells grouped by manually annotated Louvain clustering 
(C) or experimental condition (D). 
E) Selected RNA values used for manual annotation (right panel) and the proportion of each cluster that is 
from the S-responsive condition (left panel, related to D).  
F) Geneset enrichment analysis of genes ranked based on log fold change in given cluster compared to all 
other clusters.  
G) Mean scaled RNA expression of genes from selected T cell related genesets in F. Geneset ID value is 
listed.  
H) Correlation between the log2 ratio of AIM+ CD8+ Tem_Active compared to AIM+ CD8+ Early_Active 
proportions with V3+21d IFNγ T cell responses to peptide pools covering SARS-CoV-2 spike.  
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Fig. 6.16 Distinct patterns of inflammatory signaling in spike-responsive CD8+ T cells after 
vaccination in different immunosuppressive conditions  
A) Log2 ratio of spike-responsive CD8+ T cells to background CD8+ T cells amongst all CD8+ T cells. False 
discovery rate values from Benjamini-Hochberg corrected Mann-Whitney U test, only FDR < 0.1 is shown.  
B) The composition of unstimulated (background) CD8+ T cells and SARS-CoV-2 responsive AIM+ CD8+ T 
cells (Ag). Statistical comparisons are EdgeR paired comparisons of composition. **** is false discovery 
rate of <0.0001.  
C) Log2 ratio of spike-responsive CD8+ Tem active to spike-responsive CD8+ early active populations across 
clinical groups. False discovery rate values from Benjamini-Hochberg corrected Mann-Whitney U test, only 
FDR < 0.1 is shown.  
D) Mean scaled expression of all genesets with significant difference (FDR <0.05) between clinical groups, 
measured by ANOVA including age, sex and batch as covariates. ETA2 effect size an test significance 
depicted.  
E) Mean RNA expression values for selected genes in the ‘signaling in T cells (I) (M35.0)’ geneset in AIM+ 

CD8+ T cell populations.  
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AAV groups had higher expression of T cell signalling, IL2 and NK-functionality related 

genesets (Fig. 5.16D). Underlying the differential expression of these genesets was the 

differential expression of several important genes related to T cell functionality (Fig. 5.16E).  

6.6.14 Distinct populations of exhausted SARS-CoV-2 specific CD8+ T cells in solid 

organ transplant recipients 

The evidence of such distinct gene expression patterns within the active effector cluster 

between immunosuppressive groups suggested that there were broad differences in the T cell 

signalling programmes within the cluster. To assess if there were possible subclusters of cells 

within clusters, I used MiloR which detects differential abundance of sub-cluster cell 

neighbourhoods (Section 6.5.7). There were two clear groups of neighbourhoods within the 

CD8_Tem_Active cluster, one positively enriched for LT and RT recipients and one negatively 

enriched (Fig. 6.17A). Sub-clustering of the CD8_Tem_Active cluster using Louvain clustering 

identified three distinct populations, including one which included almost all CD8_Tem_Active 

cells in the RT and LT groups (LT = 398 of 432 CD8_Tem_Active cells; 92%, RT = 87 of 106 

CD8_Tem_Active cells; 82%) and was predominantly composed of cells from LT and RT 

recipients (85%) (Fig. 6.17B&C). Differential gene expression analysis between the LT and 

RT enriched cluster (cluster 2) and the other CD8_Tem_Active clusters identified a large 

number of significantly differentially expressed genes (3882 genes) between clusters (Fig. 

6.17D). This included a number of T cell signalling related genes. Notably, the LT and RT 

enriched cluster was enriched for expression of transcription factors TCF7, EOMES and had 

downregulated MYC expression (Fig. 6.17D). This, alongside expression of CD96 and TIGIT 

and reduced expression of cytotoxic and cytokine genes IFNG, GZMB and PRF1 and cell 

cycling genesets (Fig. 6.17D&E), suggest the active CD8 populations have a more exhausted 

phenotype in LT and RT compared to other immunosuppressive groups (475-478). All clusters 

in the CD8_Tem_Active cluster had elevated expression of inhibitory markers PDCD1 (PD-1), 

and CTLA4, but unlike other the other cell types the LT and RT related cluster did not have  
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Fig. 6.17 Unique highly active SARS-CoV-2 specific CD8+ T cell phenotype in response to mRNA 
vaccine in solid organ transplant recipients 
A) MiloR differential abundance analysis of LT and RT versus all other groups (Section 6.6.6). Sex, Age and 
batch included as covariates.  
B) Louvain clustering of AIM+ CD8_Tem_Active cluster. 
C) Proportion of clinical phenotypes within each CD8_Tem_Active Louvain sub-cluster 
D) Differential gene expression analysis (MAST, age, sex and batch as covariates) comparing 
CD8_Tem_Active Louvain sub-cluster 2 with sub-clusters 0 and 1. Only significant genes are shown, and only 
genes in T cell related genesets are labelled.  
E) Geneset expression analysis of genes ranked as in D. Normalised enrichment score is shown, only 
genesets with enrichment FDR < 0.05 are depicted.  
F) Scaled normalised expression of selected exhaustion-related genes in all CD8s. CD8_Tem_Active Louvain 
sub-cluster 2 is labelled.  
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expression of exhaustion markers ENTPD1 (CD39) and LAG3 (Fig. 6.17D&F). Thus, solid 

organ transplant recipients have reduced general CD8+ T cell activation and have a unique 

activated CD8+ T cell phenotype compared to other immunosuppressive groups.  

6.7 Discussion 

In this chapter, I used single cell RNA-, TCR-, BCR- and surface protein-sequencing 

approaches to comprehensively assess the phenotype of COVID-19 vaccine-induced antigen-

specific B and T cells and broader peripheral blood immune cells of individuals across a range 

of SIs. scRNA-sequencing analysis of monocytes identified a signature of high ISG expression 

associated with no or low antibody response to vaccination, consistent with the pro-

inflammatory protein signature observed in blood at baseline. Through integration of bulk and 

SARS-CoV-2 specific B cells, I identified a pathway of reduced antibody responsiveness in 

solid organ transplant recipients through decreased B cell differentiation and impaired class-

switch recombination. Analysis of integrated unstimulated and SARS-CoV-2 spike responsive 

CD4+ T cells revealed an IFNγ-related differentiation trajectory that was impaired in solid organ 

transplant and cirrhosis patients. Similarly to the antigen-specific B cells, solid organ transplant 

recipients were enriched for a naive-like phenotype and had reduced effector functions, 

revealing the parallel impairment of differentiation in both B and T cells. In contrast, 

immunocompromised groups such as RA, IBD and AAV groups had heterogenous 

populations of highly active SARS-CoV-2 spike responsive CD4+ T cells – corresponding to 

high IFNγ ELISpot responses after vaccination in these groups. Finally, I demonstrated that 

vaccine-induced SARS-CoV-2 spike responsive CD8+ T cells varied significantly in 

functionality across immunosuppressive groups. AAV patients, who had the highest IFNγ 

ELISpot responses after three COVID-19 vaccine doses, had higher frequencies of highly 

activated CD8+ effector T cells. In contrast, LT and RT recipients had low frequencies of highly 

activated CD8+ effector T cells with a unique exhausted phenotype. This analysis provides 

new insight into the impact of SIs on mRNA vaccine-induced antigen-specific B and T cells.  
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6.7.1 Monocytes and dendritic cells 

Monocytes and dendritic cells are central to the vaccine response as the main transduced 

populations by mRNA vaccine (293), important antigen presenting cells (479, 480) and 

mediators of inflammatory responses to infections (481) and in conditions of chronic 

inflammation (444). Pre-vaccination, I identified that high levels of inflammatory signalling was 

negatively associated with vaccine-induced antibody responsiveness. Given that monocytes 

are both sensitive to inflammation (444) and producers of inflammatory molecules, including 

TNF, IL-1𝛽 and IL-6 (482) I investigated their phenotype in SIs. Monocytes respond to mRNA 

vaccination by producing interferon and interferon stimulated genes, however this early 

response was shown to subside two days after vaccination (208) – therefore we used the 

V3+21d timepoint to assess ‘steady state’ monocytes and dendritic cells in 

immunocompromised individuals (208). Monocyte and DC subsets in solid organ transplant 

recipients with low/no V3+21d anti-RBD Ig titre had consistently increased expression of 

genesets relating to inflammatory signalling, including ISGs and TLR signalling. This included 

CXCL9 and CXCL10, proteins which were upregulated in the baseline plasma of individuals 

with low/no V3+21d anti-RBD Ig titre (Fig. 5.12A). Out of all CD45+ immune cell populations, 

monocytes were the primary producers of CXCL9 and CXCL10, implicating them as the 

primary immune source of the increased protein production at baseline. mRNA vaccines and 

subsequent immunogenicity are highly susceptible to interferon and TLR signalling due to 

reduced cellular protein production (483) and increased degradation of mRNA – including 

through 2′-5′-oligoadenylate synthetase (OAS) (484) which was upregulated in monocytes of 

antibody non-responsive vaccinees.  

This presents a model of reduced mRNA vaccine antibody responsiveness within 

immunocompromised individuals whereby high levels of baseline inflammation and increased 

interferon signalling in monocytes and DCs leads to reduced immunogen production and/or 

impaired efficacy of antigen presentation, in turn leading to reduced antibody production. 
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Further studies are required to test this hypothesis. Validation of the hypothesis that the 

increased inflammation/interferon signalling observed in monocytes in this study leads to 

reduced SARS-CoV-2 spike protein production after vaccination in vitro. Further in vitro 

studies whereby monocytes and DCs are pre-conditioned with select inflammatory mediators 

may additionally identify which mediators are important in driving this condition. Considering 

the majority of mRNA vaccine derived antigen production occurs in the lymph node after intra-

muscular injection (293), and the lymph node is the main site of antigen-presentation (479), 

the impact of inflammation on monocytes/macrophage should be studied in the lymph node, 

either in mice models, or in lymph node fine needle aspirate samples from human donors.  

6.7.2 SARS-CoV-2 spike-specific B cells 

In addition to altered monocyte functionality, there were striking differences in the phenotype 

of S-specific B cells after COVID-19 vaccination in immunocompromised individuals. As 

expected, patients on aCD20 therapies had few or no S1-specific B cells even after three 

doses of COVID-19 vaccine, consistent with their non-existent or low antibody response at 

this timepoint. On the other hand, solid organ transplant recipients had detectable S1-specific 

B cells but they were enriched for a naive phenotype, and memory S1-specific B cells exhibited 

reduced class-switch recombination compared to other (non-aCD20 therapy) 

immunocompromised groups and healthy controls. Interestingly, the proportion of class-

switched memory B cells in background memory B cells was not reduced in solid organ 

transplant recipients compared to other groups – suggesting a specific impairment in the ability 

to generate class-switched memory B cells to the vaccine stimulus. Whether this represents 

a defect related specifically to mRNA vaccine responsiveness, or any novel antigen or vaccine 

platform, is not known. The fact that ChAdOx1 nCoV-19 also does not induce robust antibody 

responses in solid organ transplant recipients (Chapter 3, and (485)) suggests a general 

inability to respond to vaccine. Notably however, solid organ transplant recipients that are 

infected with SARS-CoV-2 generate equivalent RBD-specific IgG+ memory B cells compared 
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to healthy individuals (486) and all previously SARS-CoV-2 infected LT recipients induced 

high anti-RBD Ig titres (Chapter 3). This suggests that although COVID-19 vaccines cannot 

induce class-switched Ig, SARS-CoV-2 infection can do so.  

Nevertheless, the generation of high frequencies of IgM+ S1-specific B cells in this cohort was 

initially surprising. Subsequent work to clone and produce monoclonal antibodies from the 

BCR sequences of IgG+ and IgM+ B cells in this study has validated that the BCRs from these 

B cells generate antibodies that bind to SARS-CoV-2 spike (data unpublished). However, 

interestingly, monoclonal antibodies generated from IgG+ B cells from LT and RT recipients 

were able to neutralise SARS-CoV-2 pseudoviruses, but monoclonal antibodies generated 

from IgM+ memory B cells were generally not able to neutralise SARS-CoV-2 pseudoviruses 

(data unpublished) – consistent with the reduced neutralisation capacity of vaccine-induced 

antibodies in RT and LT (Fig. 5.16H). Further work to quantify the overall proportion of IgG/IgM 

antibodies in the solid organ transplant recipients in this study is ongoing, however a previous 

study suggests the IgG/IgM ratio is reduced after two doses of COVID-19 vaccination in kidney 

transplant recipients compared to healthy controls (417). Somatically mutated memory IgM+ B 

cells have been described previously (487, 488), and are thought to derive from either 1) a 

normal GC response, 2) an antigen independent pathway and/or 3) T cell-independent B cell 

stimulation (reviewed in detail in (489)). IgM+ memory B cells are increased in ICOS deficient 

patients because of reduced ability to form germinal centres (GC) (489-491). Studies of lymph 

node FNAs in kidney transplant recipients suggest they have a similar inability to form proper 

GCs, due in part to reduced frequencies of CD4+ TFH cells (279) – suggesting these cells are 

unlikely to originate through a GC mediated reaction. 

It is most plausible that vaccine-induced IgM+ memory B cells are generated independently of 

the GC through T independent means. mRNA vaccination of TFH (Bcl6fl/flCd4Cre) or CD4+ T cell 

(Ciita-/-) knockout mice demonstrated that somatically hypermutated and class-switched 

antibodies could be generated without TFH cells, but with reduced affinity compared to wild-
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type animals, supporting a possible T-independent mechanism of antibody generation after 

mRNA vaccine. Reduced T cell help due to use of T cell targeting calcineurin inhibitors and 

anti-proliferative immunosuppressive medications (Section 1.11) is likely responsible for the 

increased reliance on IgM+ memory B cells and reduced class-switching in solid organ 

transplant recipients. The S-specific B cells of solid organ transplant recipients also had 

reduced cell cycling and Myc-related signalling – consistent with prior studies (492), 

suggesting that vaccine-induced B cells are impaired through both direct inhibition of B cell 

activation/proliferation and through reduced T cell help.  

6.7.3 SARS-CoV-2 specific CD4+ T cells 

In chapters 3 and 5, I identified that IFNγ T cell ELISpot responses to vaccines were impaired 

in certain groups of immunocompromised individuals, particularly individuals with cirrhosis, 

and solid organ transplant recipients. However, the IFNγ T cell response is only a single 

measure of T cell vaccine responsiveness and does not give insight into pathways associated 

with non-responsiveness (Chapter 4). Applying the same approach as in chapter 4, I identified 

similar SARS-CoV-2 responsive AIM+ T cell populations after at V3+21d in 

immunocompromised individuals as after COVID-19 vaccination in healthy individuals. This 

demonstrated the consistency of the approach to identify similar populations across cohorts 

and experiments. Furthermore, by performing scRNA-sequencing of unstimulated cells from 

the same donors in the same experimental batch, I could accurately confirm which populations 

were unique to the stimulated condition and not background activated.  

Through tracking of T cell clones based on paired TCR sequences, I observed that T cells 

with identical clones were present across CD4_Tscm, CD4_Tem and CD4_Th1_Th17 

populations – indicative of an axis of differentiation along these T cell phenotypes. Further 

evidence in support of this trajectory was its clear association with IFNγ ELISpot responses. 

RNA trajectory analysis can give spurious results because it finds relationships between cells 

based on RNA expression similarity regardless of biological/developmental feasibility (493). 
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However, due to the shared TCR clonality, relationship with a relevant alternative T cell 

functionality measure and the presence of a biologically relevant pseudotime ‘root’ (naive T 

cells), the use of pseudotime to identify a trajectory of cell state relatedness was appropriate. 

There are now over 70 single cell RNA trajectory inference tools available (494), so I selected 

Monocle3 based on its comparatively high accuracy (Monocle benchmarked in (494)) and its 

scalability (495). Using this method, I observed that individuals in groups enriched for vaccine 

non-responsiveness – RT, LT and cirrhosis – had T cells that were less differentiated than 

other individuals and RT and LT recipients were enriched for AIM+ T cells that were 

phenotypically naive. Interestingly, increased frequencies of phenotypically naive SARS-CoV-

2 specific B cells were also identified in these populations – indicating that this is a feature that 

is applicable to both arms of adaptive immune responses in these groups. Tacrolimus, the 

calcineurin inhibitor that all RT and LT recipients in this study received, has been 

demonstrated in vitro to reduce TFH (496), TH1, TH17 and TH2 CD4+ T cell differentiation and 

cytokine production (132) – supporting the observed phenotype and demonstrating its 

relevance to vaccine-induced T cell responses.  

6.7.4 SARS-CoV-2 specific CD8+ T cells 

Compared to the continuum of differentiation observed in CD4+ T cells, AIM+ CD8+ T cell 

populations were more transcriptionally distinct and less functionally heterogenous – 

containing only two distinct populations. The ratio of highly activated to early activated AIM+ 

CD8+ T cells was positively associated with IFNγ ELISpot response and concordantly was 

significantly increased in AAV patients, who had notably high IFNγ ELISpot responses. 

Recipients of aCD20 therapies have consistently been identified to induce higher T cell 

cytokine responses to COVID-19 mRNA vaccines compared to healthy donors, including in 

patients with multiple sclerosis (228, 497) and AAV and RA (416). Previous studies have 

suggested that this reduced response may partially be due to increased naive CD8+ T cell 

frequencies in aCD20 recipients (416). However, there was no evidence for that in my work, 
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and instead I observed higher frequencies of activated CD8+ T cells with increased expression 

of cytokines and activation markers in AAV patients on aCD20. This phenotype was not 

observed indolent B NHL patients who also received aCD20 therapies, but were notably older 

than AAV patients (AAV median age = 40, indolent B NHL median age = 66) and had reduced 

naive T cell frequencies at baseline (Chapter 5). Thus, the T cell enhancing effect of aCD20 

therapy requires an intact T cell compartment. Despite the globally high activation of vaccine-

responsive cells, there was no evidence of unique vaccine-responsive CD8+ T cell populations 

in AAV. Possible explanations for the increased activation of T cells to vaccination in aCD20 

recipients with intact T cell compartments include increased T cell CD27 expression and 

activation potential (possibly due to reduced CD70 mediated cleavage of CD27 (498)) 

increased retention and relative proportion of CCR7+ T cells in secondary lymphoid organs 

leading to increased immune activation to novel antigen (499) or reduction of CD20+ CD8+ T 

cells which negatively regulate the cytotoxic CD4+ and CD8+ T cells through an unknown 

mechanism (416, 500). Further study of the effect of aCD20 therapy on the lymph node 

architecture and T cell response is required to elucidate these mechanisms.  

Detailed analysis of highly activated CD8+ T cells identified that there was a subset of active 

CD8+ T cells that was enriched for cells from LT and RT recipients. This subset had reduced 

expression of IFNG and cytotoxic molecules compared to the active CD8+ T cells from other 

groups, and increased signalling of genes associated with T cell exhaustion, including 

EOMES, TIGIT, CD96. Development of exhausted progenitor cells through a process initiated 

by TCF-1 (TCF7) and maintained by Eomes (EOMES) has previously been described in 

lymphocytic choriomeningitis virus (LCMV) chronic infection models in mice (501). The solid 

organ transplant recipient CD8+ T cells were not specifically enriched for expression of 

canonical exhaustion/inhibitory markers such as CTLA-4 or PD-1, but all cells in the 

CD8_Tem_active cluster had higher expression of these markers compared to other CD8+ 

cells. It is possible that the chronic and high levels of systemic inflammation in solid organ 
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transplant recipients lead to dysregulation of CD8+ activation (502, 503). Solid organ transplant 

recipients, particularly RT, had reduced frequencies of baseline and S-responsive CD4+ Tregs 

- which have been shown to induce the trafficking of Eomes+ CD8+ T cells to become tissue 

resident memory CD8+ T cells in mice and thus reduce the circulating exhausted phenotype 

(504). It is likely that a unique interaction of inhibited T cell signalling pathways by the 

immunosuppressive therapeutics used in solid organ transplant led to this unique population. 

However, further work is required to understand the mechanisms leading to this previously 

undescribed CD8+ T cell population.  

6.7.5 Limitations 

There are several limitations to the work presented in this chapter. Firstly, due to experimental 

constraints, peripheral blood samples were rested overnight before scRNA-sequencing which 

may lead to some alteration to the phenotype of resting immune cells. Secondly, the healthy 

control samples had poor T cell responsiveness and therefore could not be accurately 

compared to the rest of the group. This is possibly due to their long-term storage at -80°C 

instead of below -150°C, which impairs T cell responsiveness (466). Samples from 

immunocompromised individuals were stored separately in liquid nitrogen, so were not 

impacted by this phenomenon. S-specific B cell quality did not appear to be impaired in healthy 

individuals as they were selected based on expression of the S1-specific BCR, not on 

activation capacity. Experimental batch effects can greatly impact the outcome of scRNA 

sequencing studies (505). To reduce the effect of batch effects on my conclusions, I performed 

the entire experiment in four batches of 20 individuals, where each experiment included 2 of 

8 individuals from each of the immunosuppressive disease groups. Despite including a large 

number of donors, the number of cells per donor was low for some donors due to the low 

frequency of detectable S-specific B cells in blood and cell loss during the scRNA-sequencing 

experimental pipeline. As discussed, peripheral blood in this study was phenotyped 21 days 

after vaccination, therefore I cannot conclude with certainty that the observed phenotypes are 
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representative of the pre-vaccine timepoint, and few residual genes may remain altered by 

vaccination. Finally, because only one timepoint was included, the phenotype of the antigen-

specific response after the preceding vaccine doses remains unknown.  

6.8 Conclusions 

In conclusion, differences in innate-inflammatory signalling and generation of antigen-specific 

class-switched memory B cells are associated with mRNA vaccine-induced antibody titres in 

immunocompromised individuals. The differentiation and activation of COVID-19 vaccine-

induced CD4+ and CD8+ T cells is impaired in individuals with cirrhosis and liver and renal 

transplant recipients, and this is associated with unique CD8+ T cell populations. Other 

immunocompromised groups, such as ANCA-associated vasculitis patients on aCD20 

therapies generate no or low antigen-specific antibodies or memory B cells, but generate 

highly activated CD8+ T cells in response to vaccination. Thus, this chapter uses high-

resolution techniques to identify novel phenotypes of mRNA vaccine induced immune 

responses in immunocompromised individuals.  
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6.9 Tables 

 
 

Cirr N = 81 IBD N = 81 AAV N = 81 RA N = 81 LT N = 161 RT N = 161 Indolent B 
NHL N = 81

HC N = 81 Overall N = 
801

Sex
Female 5 (63%) 3 (38%) 4 (50%) 5 (63%) 0 (0%) 4 (25%) 0 (0%) 4 (50%) 25 (31%)
Male 3 (38%) 5 (63%) 4 (50%) 3 (38%) 16 (100%) 12 (75%) 8 (100%) 4 (50%) 55 (69%)

Age 63 (55 – 
71)

40 (30 – 
51)

40 (38 – 
56)

54 (45 – 
58)

60 (57 – 
68)

54 (41 – 
69)

66 (58 – 
71)

42 (30 – 
54)

56 (41 – 65)

Ethnicity
Asian 0 (0%) 1 (13%) 0 (0%) 0 (0%) 0 (0%) 3 (19%) 0 (0%) 0 (0%) 4 (5·1%)
Black 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 2 (13%) 0 (0%) 0 (0%) 2 (2·6%)
Mixed race 0 (0%) 1 (13%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (1·3%)
Other 0 (0%) 0 (0%) 0 (0%) 1 (13%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (1·3%)
White 8 (100%) 6 (75%) 6 (100%) 7 (88%) 16 (100%) 11 (69%) 8 (100%) 8 (100%) 70 (90%)
Unknown 0 0 2 0 0 0 0 0 2

BMI 31·7 (29·4 
– 33·1)

27·1 (19·3 
– 31·8)

31·6 (26·5 
– 35·4)

24·5 (23·0 
– 29·4)

24·9 (23·5 
– 28·1)

26·2 (24·7 
– 29·8)

25·2 (23·2 
– 27·2)

26·8 (21·0 
– 27·5)

26·5 (24·2 – 
31·2)

Unknown 0 0 0 0 0 4 0 1 5
WHO Performance status

0 4 (50%) 7 (88%) 3 (38%) 3 (38%) 11 (73%) 11 (69%) 5 (63%) 8 (100%) 52 (66%)
1 2 (25%) 1 (13%) 5 (63%) 3 (38%) 4 (27%) 4 (25%) 2 (25%) 0 (0%) 21 (27%)
2 2 (25%) 0 (0%) 0 (0%) 2 (25%) 0 (0%) 1 (6·3%) 1 (13%) 0 (0%) 6 (7·6%)
Unknown 0 0 0 0 1 0 0 0 1

Smoking status
Currently 2 (25%) 1 (13%) 1 (17%) 3 (38%) 1 (6·3%) 0 (0%) 0 (0%) 0 (0%) 8 (12%)
Previously 4 (50%) 1 (13%) 2 (33%) 0 (0%) 7 (44%) 0 (0%) 6 (75%) 1 (13%) 21 (32%)
Never 2 (25%) 6 (75%) 3 (50%) 5 (63%) 8 (50%) 4 (100%) 2 (25%) 7 (88%) 37 (56%)
Unknown 0 0 2 0 0 12 0 0 14
Comorbidities
CVD 0 (0%) 0 (0%) 1 (13%) 1 (13%) 1 (6·3%) 5 (31%) 2 (25%) 0 (0%) 10 (13%)
Stroke 0 (0%) 0 (0%) 1 (14%) 0 (0%) 0 (0%) 1 (6·3%) 1 (13%) 0 (0%) 3 (3·8%)
Diabetes 6 (75%) 0 (0%) 1 (13%) 0 (0%) 5 (31%) 4 (25%) 2 (25%) 0 (0%) 18 (23%)

  Type 1 0 (0%) 0 (NA%) 0 (0%) 0 (NA%) 0 (0%) 1 (25%) 0 (0%) 0 (0%) 1 (4·0%)
Type 2 6 (100%) 0 (NA%) 1 (100%) 0 (NA%) 4 (100%) 2 (50%) 2 (100%) 0 (0%) 15 (60%)

Asthma 2 (25%) 1 (13%) 1 (13%) 1 (13%) 0 (0%) 0 (0%) 1 (13%) 0 (0%) 6 (7·5%)
COPD 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
Hypertension 3 (38%) 0 (0%) 4 (50%) 1 (13%) 5 (31%) 15 (94%) 2 (25%) 0 (0%) 30 (38%)
Unknown 0 0 0 1 0 0 0 0 3
Number of comorbidities

0 1 (13%) 7 (88%) 3 (38%) 5 (63%) 7 (44%) 1 (6·3%) 1 (13%) 8 (100%) 33 (41%)
1 3 (38%) 1 (13%) 2 (25%) 3 (38%) 7 (44%) 7 (44%) 5 (63%) 0 (0%) 28 (35%)
2 2 (25%) 0 (0%) 3 (38%) 0 (0%) 1 (6·3%) 5 (31%) 2 (25%) 0 (0%) 13 (16%)
3 2 (25%) 0 (0%) 0 (0%) 0 (0%) 1 (6·3%) 3 (19%) 0 (0%) 0 (0%) 6 (7·5%)

Prior vaccine type
AZD1222 8 (100%) 8 (100%) 8 (100%) 8 (100%) 15 (94%) 11 (69%) 7 (88%) 4 (50%) 69 (86%)
BNT162b2 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (6·3%) 5 (31%) 1 (13%) 4 (50%) 11 (14%)
V3 vaccine type
BNT162b2 5 (63%) 3 (38%) 4 (50%) 4 (50%) 7 (44%) 11 (69%) 6 (75%) 8 (100%) 45 (56%)
mRNA-1273 3 (38%) 5 (63%) 4 (50%) 4 (50%) 9 (56%) 5 (31%) 2 (25%) 0 (0%) 32 (40%)
Immunosuppressive therapy
Anti-TNF 0 (0%) 4 (50%) 0 (0%) 2 (25%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 6 (7·5%)
Anti-TNF+ MTX 0 (0%) 0 (0%) 0 (0%) 6 (75%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 6 (6·5%)
Anti-CD20 0 (0%) 0 (0%) 8 (100%) 0 (0%) 0 (0%) 0 (0%) 8 (100%) 0 (0%) 16 (20%)
CNI 0 (0%) 0 (0%) 0 (0%) 0 (0%) 8 (50%) 7 (44%) 0 (0%) 0 (0%) 15 (19%)
CNI+MMF 0 (0%) 0 (0%) 0 (0%) 0 (0%) 8 (50%) 9 (56%) 0 (0%) 0 (0%) 17 (21%)
Vedolizumab 0 (0%) 4 (50%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 4 (5·0%)
Corticosteroid 0 (0%) 1 (13%) 4 (50%) 1 (13%) 5 (31%) 3 (19%) 0 (0%) 0 (0%) 14 (18%)
Number of immunosuppressive therapeutics

0 8 (100%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 8 (100%) 16 (20%)
1 0 (0%) 7 (88%) 4 (50%) 2 (25%) 5 (31%) 6 (38%) 8 (100%) 0 (0%) 32 (40%)
2 0 (0%) 1 (13%) 4 (50%) 4 (50%) 8 (50%) 8 (50%) 0 (0%) 0 (0%) 25 (31%)
3 0 (0%) 0 (0%) 0 (0%) 2 (25%) 3 (19%) 2 (12%) 0 (0%) 0 (0%) 7 (8.8%)

1n (%); Median (Q1, Q3)

Table 6.1 Chapter 6 study demographicsTable 6.1 Demographics for donors included in chapter 6 
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Table 6.2 TotalSeq-C CITE-Seq Markers 

 

Marker Clone Marker Clone
anti-human CD86 IT2.2 anti-human CD163 GHI/61

anti-human CD274 (B7-H1, PD-L1) 29E.2A3 anti-human CD83 HB15e
anti-human CD270 (HVEM, TR2) 122 anti-human CD124 (IL-4Rα) G077F6

anti-human CD155 (PVR) SKII.4 anti-human CD13 WM15
anti-human CD112 (Nectin-2) TX31 anti-human CD2 TS1/8

anti-human CD47 CC2C6 anti-human CD226 (DNAM-1) 11A8
anti-human CD48 BJ40 anti-human CD29 TS2/16
anti-human CD40 5C3 anti-human CD303 (BDCA-2) 201A

anti-human CD154 24-31 anti-human CD49b P1E6-C5
anti-human CD52 HI186 anti-human CD81 (TAPA-1) 5A6
anti-human CD3 UCHT1 anti-human IgD IA6-2
anti-human CD8 SK1 anti-human CD18 TS1/18

anti-human CD56 5.1H11 anti-human CD28 CD28.2
anti-human CD19 HIB19 anti-human CD38 HIT2
anti-human CD33 P67.6 anti-human CD127 (IL-7Rα) A019D5

anti-human CD11c S-HCL-3 anti-human CD45 HI30
anti-human HLA-A,B,C W6/32 anti-human CD22 S-HCL-1

anti-human CD45RA HI100 anti-human CD71 CY1G4
anti-human CD123 6H6 anti-human CD26 BA5b

anti-human CD7 CD7-6B7 anti-human CD36 5-271
anti-human CD105 43A3 anti-human CD158 (KIR2DL1/S1/S3/S5) HP-MA4

anti-human/mouse CD49f GoH3 anti-human CD49a TS2/7
anti-human CD194 (CCR4) L291H4 anti-human CD49d 9F10

anti-human CD4 RPA-T4 anti-human CD73 (Ecto-5'-nucleotidase) AD2
anti-mouse/human CD44 IM7 anti-human TCR Vα7.2 3C10

anti-human CD14 M5E2 anti-human TCR Vδ2 B6
anti-human CD16 3G8 anti-human LOX-1 15C4
anti-human CD25 BC96 anti-human CD158b (KIR2DL2/L3,  NKAT2) DX27

anti-human CD45RO UCHL1 anti-human CD158e1 (KIR3DL1, NKB1) DX9
anti-human CD279 EH12.2H7 anti-human CD319 (CRACC) 162.1

anti-human TIGIT (VSTM3) A15153G anti-human CD99 3B2/TA8
Mouse IgG1, κ isotype Ctrl MOPC-21 anti-human CLEC12A 50C1

Mouse IgG2a, κ isotype Ctrl MOPC-173 anti-human CD352 (NTB-A) NT-7
Mouse IgG2b, κ isotype Ctrl MPC-11 anti-human CD94 DX22

Rat IgG2b, κ Isotype Ctrl RTK4530 anti-human Ig light chain κ MHK-49
anti-human CD20 2H7 anti-human CD85j (ILT2) GHI/75

anti-human CD335 (NKp46) 9E2 anti-human CD23 EBVCS-5
anti-human CD31 WM59 anti-human Ig light chain λ MHL-38

anti-human CD146 P1H12 anti-human CD328 (Siglec-7) 6-434
anti-human IgM MHM-88 anti-human GPR56 CG4
anti-human CD5 UCHT2 anti-human HLA-E 3D12

anti-human CD183 (CXCR3) G025H7 anti-human CD82 ASL-24
anti-human CD195 (CCR5) J418F1 anti-human CD101 (BB27) BB27

anti-human CD32 FUN-2 anti-human CD88 (C5aR) S5/1
anti-human CD196 (CCR6) G034E3 anti-human CD224 KF29

anti-human CD185 (CXCR5) J252D4 anti-human CD244 (2B4) C1.7
anti-human CD103 (Integrin αE) Ber-ACT8 anti-human CD169 (Sialoadhesin, Siglec-1) 7-239

anti-human CD69 FN50 anti-human/mouse integrin β7 FIB504
anti-human CD62L DREG-56 anti-human CD268 (BAFF-R) 11C1
anti-human CD161 HP-3G10 anti-human CD42b HIP1

anti-human CD152 (CTLA-4) BNI3 anti-human CD54 HA58
anti-human CD223 (LAG-3) 11C3C65 anti-human CD62P (P-Selectin) AK4
anti-human KLRG1 (MAFA) SA231A2 anti-human CD119 (IFN-γ R α chain) GIR-208

anti-human CD27 O323 anti-human TCR α/β IP26
anti-human CD107a (LAMP-1) H4A3 Rat IgG1, κ isotype Ctrl RTK2071

anti-human CD95 (Fas) DX2 Rat IgG2a, κ Isotype Ctrl RTK2758
anti-human CD134 (OX40) Ber-ACT35 (ACT35) Armenian Hamster IgG Isotype Ctrl HTK888

anti-human HLA-DR L243 anti-human CD122 (IL-2Rβ) TU27
anti-human CD1c L161 anti-human CD267 (TACI) 1A1

anti-human CD11b ICRF44 anti-human FcεRIα
AER-37 (CRA-

1)
anti-human CD64 10.1 anti-human CD41 HIP8

anti-human CD141 (Thrombomodulin) M80 anti-human CD137 (4-1BB) 4B4-1
anti-human CD1d 51.1

anti-human CD314 (NKG2D) 1D11
anti-human CD35 E11

anti-human CD57 Recombinant QA17A04
anti-human CD272 (BTLA) MIH26

anti-human/mouse/rat CD278 (ICOS) C398.4A
anti-human CD58 (LFA-3) TS2/9

anti-human CD39 A1
anti-human CX3CR1 K0124E1

anti-human CD24 ML5
anti-human CD21 Bu32

anti-human CD11a TS2/4
anti-human CD79b (Igβ) CB3-1

Table 6.1 TotalSeq-C CITE-Seq Markers
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Table 6.3 Expanded B cell clones  
Ag = SARS-CoV-2 Spike specific, CD45 = background. LT = Liver transplant, Cirr = Cirrhosis, RT = 
Renal transplant, RA = rheumatoid arthritis 

 

 

Clone ID Donor ID
Clinical 
group Source IGH V gene

IGH C 
gene Cell type

Number 
of cells

Mean 
CDR3 
SHM

11314 60 LT CD45 IGHV3-48*02 IGHA1 Memory B cells 1 0.14
11314 60 LT CD45 IGHV3-48*02 IGHA2 Plasma cells 1 0.14
11812 118 LT CD45 IGHV3-33*01 IGHM Naive B cells 2 0.1
12545 60 LT CD45 IGHV3-7*01 IGHA1 Memory B cells 1 0.12
12545 60 LT CD45 IGHV3-7*01 IGHA2 Memory B cells 1 0.08
13756 54 LT CD45 IGHV4-34*01 IGHM Naive B cells 5 0.11
13756 54 LT CD45 IGHV4-34*01 IGHM Memory B cells 8 0.11

15113 71 Cirr CD45 IGHV3-7*01,IGHV3-7*03 IGHM Naive B cells 1 0.06

15113 71 Cirr CD45 IGHV3-7*01,IGHV3-7*03 IGHM Memory B cells 5 0.05
1745 56 Cirr Ag IGHV3-33*01 IGHM Memory B cells 1 0.09
1745 56 Cirr CD45 IGHV3-33*01 IGHM Naive B cells 3 0.08
1745 56 Cirr CD45 IGHV3-33*01 IGHM Memory B cells 10 0.08

1745 56 Cirr CD45
IGHV3-33*01,IGHV3-

33*04 IGHM Naive B cells 1 0.07
1746 56 Cirr CD45 IGHV3-33*06 IGHM Naive B cells 1 0.07
1746 56 Cirr CD45 IGHV3-33*06 IGHM Memory B cells 9 0.07
1748 56 Cirr CD45 IGHV3-33*01 IGHM Memory B cells 3 0.07

19138 118 LT CD45
IGHV3-23*01,IGHV3-

23D*01 IGHM Memory B cells 1 0.17

19138 118 LT CD45
IGHV3-23*01,IGHV3-

23D*01 IGHM Plasma cells 1 0.13
19929 9 RA Ag IGHV3-33*08 IGHG1 Memory B cells 2 0.07
20907 54 LT CD45 IGHV3-23*04 IGHM Naive B cells 1 0.1
20907 54 LT CD45 IGHV3-23*04 IGHM Memory B cells 1 0.05

2245 58 Cirr CD45
IGHV3-15*01,IGHV3-

15*02 IGHM Memory B cells 6 0.06

2588 60 LT Ag IGHV2-5*02,IGHV2-5*09 IGHG2 Memory B cells 1 0.14

2588 60 LT CD45 IGHV2-5*02,IGHV2-5*09 IGHG2 Memory B cells 1 0.16

2589 60 LT CD45 IGHV2-5*02,IGHV2-5*09 IGHG2 Memory B cells 3 0.13
3526 68 LT CD45 IGHV3-11*01 IGHM Memory B cells 3 0.06
3667 68 LT Ag IGHV3-11*01 IGHM Memory B cells 3 0.06
3667 68 LT CD45 IGHV3-11*01 IGHM Naive B cells 64 0.06
3667 68 LT CD45 IGHV3-11*01 IGHM Memory B cells 103 0.06
3828 76 RT CD45 IGHV3-49*04 IGHM Memory B cells 2 0.02

6769 72 LT CD45
IGHV3-23*01,IGHV3-

23D*01 IGHA2 Memory B cells 3 0.07

6945 118 LT CD45
IGHV3-23*01,IGHV3-
23*04,IGHV3-23D*01 IGHM Memory B cells 1 0.09

6945 118 LT CD45
IGHV3-23*01,IGHV3-

23D*01 IGHM Memory B cells 3 0.09

9208 68 LT Ag
IGHV3-33*01,IGHV3-

33*03 IGHM Memory B cells 1 0.11

9208 68 LT CD45
IGHV3-33*01,IGHV3-

33*03 IGHG1 Memory B cells 1 0.11

9208 68 LT CD45
IGHV3-33*01,IGHV3-

33*03 IGHM Naive B cells 15 0.1

9208 68 LT CD45
IGHV3-33*01,IGHV3-

33*03 IGHM Memory B cells 11 0.1
9440 732 RA Ag IGHV4-34*01 IGHG3 Memory B cells 1 0.01
9440 732 RA CD45 IGHV4-34*01 IGHG3 Naive B cells 1 0.01
9440 732 RA CD45 IGHV4-34*01 IGHG3 ABCs 2 0.01
9440 732 RA CD45 IGHV4-34*01 IGHG3 Memory B cells 26 0.02
9558 71 Cirr CD45 IGHV3-74*01 IGHM Memory B cells 2 0

9558 71 Cirr CD45
IGHV3-74*01,IGHV3-

74*03 IGHM Memory B cells 2 0.01

9619 9 RA Ag
IGHV1-69*01,IGHV1-

69D*01 IGHG1 Memory B cells 2 0.01

Table 6.3 Expanded B cell clones
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7 Conclusions and future directions 
 
In this thesis I demonstrated that factors associated with the COVID-19 vaccine regimen and 

the vaccine recipient have a considerable impact on vaccine-induced T and B cell mediated 

immune responses. In summary, I : 1) revealed the extreme variability of COVID-19 vaccine 

responses across and within various secondary immunodeficiencies (Fig. 7.1), 2) 

demonstrated the dominant impact of dosing interval on the vaccine-induced antigen-specific 

T cell response to ChAdOx1 nCoV-19 and BNT162b2 COVID-19 vaccines (Fig. 7.2), 3) 

comprehensively phenotyped the pre- and post-vaccination circulating immune system in 

individuals with secondary immunodeficiencies to identify immune predictors of vaccine 

responsiveness (Fig. 7.3), 4) discovered pathways of impairment in the functionality and 

differentiation of vaccine-induced antigen-specific B and T cells in individuals with secondary 

immunodeficiencies (Fig. 7.4). This work provides new insight into the immune effectiveness 

of important vaccine platforms in clinically vulnerable people, with broad relevance to vaccine 

design and the biology of secondary immunodeficiencies.  

7.1 Individuals with certain immunosuppressive conditions have impaired antibody and 

T cell responses to COVID-19 vaccines 

In this thesis, I present work from two large cohort studies of COVID-19 vaccine 
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immunogenicity across various SIs. It was clear from these studies that the term 

‘immunocompromised’ encapsulates a highly heterogeneous group with differing intensity and 

phenotypes of immune impairment and complex interactions between diseases and 

immunosuppressive therapies. These studies however identified certain groups particularly at 

risk of vaccine non-responsiveness, including individuals on aCD20 therapy and transplant 

recipients.  

Understanding which groups were particularly at risk of vaccine immune non-responsiveness 

is important in multiple ways. First, this information could be used to prioritise groups for 

alternative therapies; indeed, data from the OCTAVE and OCTAVE DUO studies were used 

to inform UK government guidelines on social shielding and COVID-19 vaccination in 

immunocompromised individuals early in the COVID-19 pandemic (379). However, 

vulnerability to infection in immunocompromised populations is an ongoing concern and 

individuals with some SIs continue to remain shielded from society. Ongoing work to assess 

vaccine-induced immunogenicity and protection against infection after repeated booster 

COVID-19 vaccines (now up to 10 doses (200)) will help determine which groups can be 

successfully vaccinated after many doses of mRNA or ChAdOx1 vaccines. Findings from 

these studies also have relevance to preparedness against possible future pandemics, where 

these adaptable vaccine technologies would likely be implemented to provide protection (506).  

Second, by comparing the varying impact of SIs on different vaccine platforms we gain insight 

into their mechanisms of immunogenicity. For example, cirrhosis disease severity significantly 

reduced vaccine immunogenicity to one dose of mRNA but not ChAdOx1 COVID-19 vaccine. 

This was similarly observed in HSCT recipients compared to healthy individuals (295). mRNA 

and ChAdOx1 vaccines variably require CD4+ T cell help to optimally induce cytotoxic T cell 

responses and antibody production (507-509) and therefore may be differentially impacted by 

such disease states. Further work is required to delineate these mechanisms in mice, but 

studies of vaccine immunogenicity in immunocompromised individuals provide initial evidence 
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for the importance of these different pathways in humans. Such information can also be used 

as  rationale to target specific vaccine platforms for use in certain immunosuppressive groups. 

An ongoing study to investigate the SARS-CoV-2 spike-responsive T and B cells induced by 

mRNA compared with ChAdOx1 vaccines in HSCT recipients and healthy individuals will 

provide further insight into the conserved/impaired immunogenicity pathways of COVID-19 

vaccines in these patients.  

7.2 Activation induced markers with single-cell RNA sequencing to study antigen-

specific T cell responses to vaccination 

Key to improving understanding of vaccine immunogenicity is the ability to effectively measure 

relevant, functional responses. This is especially challenging with T cells, due to their high 

functional heterogeneity (502), the complex combinations of possible HLA-epitope 

combinations (313) and technical limitations in accurately capturing T cell functionality (310, 

353). In this thesis, I present data generated by the integration of an AIM flow cytometry assay 

with single-cell RNA and TCR sequencing (AIM-seq) – a recently developed approach which 
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is increasingly being employed in vaccine studies (25, 342, 510). Using this approach in 

healthy and immunocompromised individuals in two separate studies, I demonstrate its ability 

to resolve heterogenous SARS-CoV-2 spike-responsive CD4+ and CD8+ T cell subsets. This 

work highlighted the important role of bystander activation in assays of T cell functionality, 

particularly CD4+ Treg populations and unconventional T cell subsets – consistent with the 

ability of these T cell subsets to respond to cytokine independently of TCR stimulation (247, 

285, 311, 314, 326). Whether the bystander-activated T cells measured in these assays in 

blood have any functional role in the T cell response to vaccine remains to be understood. In 

chapter 4, the CD4+ Treg population was the sole population that expressed IL7 – important for 

T cell survival and activation (511) and a promotor of mRNA vaccine immunogenicity (512). 

SARS-CoV-2 spike-responsive AIM+ CD4+ Tregs were also identified in multiple tissue types 

after COVID-19 vaccination where they are more likely to exert their regulatory function (342). 

MAIT cells have been shown to enhance ChAdOx1-induced CD8+ T cell responses (351), 

highlighting a possible role for these cells in enhancing antigen-specific T cell responses. 

Alteration of markers used in the AIM assay may exclude these populations (314), but before 

excluding these cells from future studies further functional work is required to understand their 

relevance in the vaccine-induced response.  

In healthy individuals, I used the AIM-seq assay to demonstrate that a short dosing interval 

between mRNA or ChAdOx1 nCoV-19 vaccination prime and boosting doses induced post-

boost T cells with a phenotype that was more inflammatory and less associated with a memory 

recall response. This is consistent with observations from IFNγ ELISpot data in larger cohort 

studies (71, 284), but provides new insight into the antigen-specific cell subsets responsible 

for this phenotype. Given the growing use of mRNA vaccines for infectious disease and cancer 

- which differ in their requirement for memory or cytotoxic/inflammatory (16, 513) T cell 

responses, respectively, these findings have broad relevance for the optimisation of the 

vaccine regimen to tailor the T cell phenotype for the given vaccine target.   
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In the OCTAVE DUO study, I used AIM-seq to reveal pathways of reduced differentiation and 

activation of CD4+ and CD8+ T cells in solid organ transplant recipients on high intensity 

immunosuppression compared to other immunocompromised groups. I also identified an 

activated CD8+ T cell population with a unique exhaustion phenotype in this group. In vitro and 

mice studies previously demonstrated that solid organ transplant related immunosuppressive 
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agents can reduce T cell differentiation and cytokine production and lead to an altered CD8+ 

T cell exhaustion/effector phenotype in models of graft versus host disease (132, 514, 515). 

However, little is known about the mechanisms of these drugs in specifically altering de novo 

responses to vaccines. Further investigation into the contribution of the unique CD8+ 

population identified here to the vaccine-induced response in patient samples and models of 

transplant associated immunosuppression in mice will give insight into its importance. 

Identification of possible methods to reverse this phenotype may also offer means by which to 

improve vaccine-responsiveness in this at-risk population.  

7.3 Immune predictors of mRNA vaccine responsiveness in immunocompromised 
individuals  

Baseline immunophenotyping of immunosuppressive individuals was highly informative of 

disease specific and disease-spanning immune features. Identification of broad transcriptional 

groupings at baseline that were associated with vaccine responsiveness supports the concept 

that despite large clinical heterogeneity immune phenotype may converge into relatively few 

broad, functionally relevant, signatures (393). Nevertheless, I also identified several 

transcriptomic measures associated with vaccine-responsiveness that were distinct to several 

groups. Delineating these different pathways has relevance to future optimisation of 

vaccination strategies. It is not possible to overcome a lack of B cells, for instance in individuals 

with aCD20 therapies, by modifying vaccine strategies. However, it may be possible to 

overcome the reduced class-switching observed in solid organ transplantation through 

employing methods to augment T cell help for B cells at the time of vaccination.  “Molecular 

adjuvants”, such as IL-12p70 (516), IL-7 (512), encoded using gene delivery vehicles (such 

as mRNA-LNPs) and administered alongside vaccine may specifically enhance elements of 

the vaccine immunogenicity pathway to overcome such impairments. Research into the 

design and use of molecular adjuvants for use in specific immunosuppressive conditions is 
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largely unexplored but may be a promising avenue for future research.  
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Immunosuppressive agents clearly impacted the germinal centre in differing ways. 

Considering the enhancing effect of aCD20 therapy on T cell responses to vaccine, elucidating 

the pathway that leads to this phenomenon – and harnessing this knowledge to improve the 

T cell immunogenicity of vaccines, has relevance for the design of vaccines which induce high 

magnitudes of cytotoxic T cells, for use for instance in cancer (513). The impact of calcineurin 

inhibitors and anti-proliferative therapies on the human lymph node has previously been 

explored in observational studies (279), however, mechanistic studies to investigate the 

pathways by which this impairs vaccine responsiveness are required. In addition, the study of 

other immunosuppressive therapies, such as anti-TNF, on de novo vaccine responses in the 

lymph node is essential and will be a primary focus of my future work.   

Finally, a key finding was that a limited collection of inflammatory proteins measurable in blood 

at baseline could accurately predict antibody and T cell non-responsiveness after vaccination 

in immunocompromised groups. Given the success in using circulating protein concentrations 

as prognostic biomarkers of disease (517-519), it is feasible that assays to predict vaccine-

responsiveness may be developed to avoid unnecessary vaccine usage and prioritise 

individuals for alternative therapy. To develop this work further, I will repeat the proteomics 

assays performed here on an independent cohort of immunocompromised individuals to 

validate the predictive markers. If predictive biomarkers that span both cohorts can be 

identified, a small number of proteins will be taken forward to develop cost-effective 

quantification methods in blood. 

In conclusion, this thesis provides new insight into the impact of secondary immune 

deficiencies and the vaccine regimen on COVID-19 vaccine immunogenicity. In doing so, it 

highlights potential pathways for the optimisation of vaccine strategies for at-risk populations, 

identifies immune features that are essential for vaccine immunogenicity, and demonstrates 

the clinical importance of vaccine immunogenicity for protection against severe disease in 

immunocompromised groups.  
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