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Abstract 

Background 

Graves’ disease (GD) is an autoimmune condition characterised by the presence of 

thyroid receptor auto-antibodies (TRAbs) that stimulate the thyroid gland to produce 

excessive thyroid hormones (hyperthyroidism). Only around half of adults will achieve 

remission of their GD after a course of antithyroid drugs (ATD), and there is no 

reliable method to accurately predict which patients will relapse their GD. The aim of 

the prospective observational study described in this thesis was to explore 

biomarkers of outcome in GD in a cohort at the time of ATD withdrawal. 

Method 

65 patients with GD who had their ATD stopped after completing at least a 12–18 

month course were followed up for 12 months, at which time they were categorised 

as having relapsed or remitted. Clinical, biochemical, and immunological studies 

were investigated at baseline and 6-10 weeks later. These factors and CD19+ B cell 

gene expression were assessed for their ability to predict outcome of GD. 

Results 

16/65 (25%) relapsed their GD within 12 months after ATD withdrawal. TRAb and 

sTACI (soluble transmembrane activator and calcium modulator and cyclophilin 

ligand interactor) both proved to be good baseline biomarkers of GD relapse (OR 3.3; 

95% CI 1.5-9.9 (TRAb), OR 2.3; 95% CI 1.3-4.6 (sTACI)). Investigation of the 

functional and biological characteristics of differentially expressed genes revealed an 

environment of inflammation and oxidative stress which may precipitate GD relapse. 

A 5-variable predictive model that included TRAb, sTACI and 3 genetic markers was 

developed that provided good predictive value for differentiating relapse and 

remission patients (ROCAUC = 0.99; 95% CI 0.96-1.0).  

Conclusions 

This study provides insight into potential humoral immunopathological pathways of 

GD relapse and reveals genetic and immunological B-cell biomarkers of outcome. 

Validation of these biomarkers in predicting relapse and translation to clinical practice 

would help guide timing of ATD withdrawal and assist in the formation of 

personalised therapeutic strategies. 
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Chapter 1: Introduction 

1.1 General introduction to Graves’ disease 

Graves’ disease (GD) is an autoimmune condition characterised by the presence of 

thyroid receptor auto-antibodies (TRAbs) that stimulate the thyroid stimulating 

hormone receptor (TSHR), resulting in uncontrolled excessive secretion of thyroid 

hormones (hyperthyroidism). Hyperthyroidism can have a substantial impact on the 

normal physiological activity of many organs including the cardiovascular, 

gastrointestinal, and central nervous systems (Chaker L et al. 2024). In addition, the 

extrathyroidal manifestations of GD such as Graves’ orbitopathy (GO) can threaten 

sight and result in significant facial disfigurement, with long-lasting implications for an 

individual’s quality of life (Riguetto CM et al. 2019) 

1.1.1 Epidemiology 

GD is the commonest cause of hyperthyroidism with an incidence of 24.8 cases per 

100,000 in a UK population, with an adjusted female to male ratio of around 4:1 

(Hussain YS et al. 2017).  The peak incidence is reported to occur at a median (IQR) 

age of 44 (33–56) years (Hussain YS et al. 2017), however GD is also the 

commonest cause of hyperthyroidism in young children and adolescents, with a 

reported incidence of between 0.1-3 per 100,000 (Williamson S et al. 2010).  Several 

theories have been proposed to explain the strong female predisposition to 

developing GD including skewed X chromosome inactivation (Simmonds MJ et al. 

2014), fetal microchimerism (Lepez T et al. 2012) and the presence of circulating sex 

hormones modulating the immune response (Ngo ST et al. 2014) 

A global increase in the incidence of autoimmune disease has been described over 

recent decades and has been observed to be particularly pronounced for GD in a UK 

population (Conrad N et al. 2023).  A marked socioeconomic gradient was apparent, 

with a higher incidence of GD demonstrated in the most deprived socioeconomic 

groups which notably also included a higher number of smokers (Conrad N et al. 

2023).   

1.1.2 Morbidity and mortality 

It is widely recognised that the hyperthyroid state associated with GD can have a 

significant impact on physical and mental health, particularly with regard to 
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cardiovascular disease, bone health, and psychological stability (Lillevang-Johansen 

M et al. 2019, Brandt F et al. 2012, Khamisi S et al 2023). Observational studies 

have shown significantly increased mortality in individuals with untreated or 

inadequately treated GD (Lillevang-Johansen M et al. 2019). Furthermore, many of 

those who were treated for GD in childhood, adolescence or adulthood report a 

reduced quality of life (Lane LC et al. 2021, Abraham-Nordling M et al. 2005). 

1.1.3 Socioeconomic impact 

The negative impact of GD on general health results in an increased proportion of 

those with work disability and a consequent loss of income in the labour market 

(Brandt F et al. 2015).  The high risk of relapse after stopping antithyroid drugs (ATD) 

results in loss of working days and importantly in the paediatric population, negatively 

affects school education and academic performance with lasting consequences for 

future career prospects (Bauer AJ 2011).   

The requirement for regular monitoring of thyroid function and outpatient endocrine 

clinic review whilst on ATD means there is a significant cost associated with 

biochemical testing and clinician time (Donovan PJ at al. 2016). A cost analysis 

comparing the different available treatments for GD (ATD, radioiodine (RAI) and 

thyroidectomy) confirmed previous findings that RAI as a primary treatment is the 

least expensive option (Donovan PJ at al. 2016). Indeed, the recent NICE guidelines 

that advocate RAI as the first-line treatment for GD in adults (unless ATD likely to 

achieve remission or RAI unsuitable) has been forecasted to save £1 million per 

annum largely due to the reduction in use of ATD (NICE 2019). However, RAI 

treatment is not suitable for all as it is contraindicated for some individuals as well as 

resulting in permanent hypothyroidism.  This leaves the patient with a life-long 

dependence on thyroid hormone replacement and regular monitoring with blood 

tests. 

1.1.4 Clinical presentation 

The physiological role of thyroid hormone in multiple systems within the body results 

in a clinical presentation of GD that can be extremely broad and non-specific (Table 

1.1).  Triiodothyronine (T3), as opposed to thyroxine (T4), is the more metabolically 

active of the thyroid hormones and hence is largely responsible for the clinical effects 

of excess thyroid hormone. 
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The features of GD at presentation can vary dependant on age and severity of 

hyperthyroidism (Nordyke RA et al. 1988), but cardiovascular symptoms and signs 

tend to predominate, largely as a result of excess free triiodothyronine (FT3) 

enhancing beta-adrenergic receptor activity (Franklyn JA et al. 2012). Young people 

with GD may present with poor sleep and reduced academic performance or 

alternatively, be asymptomatic. 

Although the TSHR autoantigen is primarily expressed in thyroid cells, it has also 

been found at other sites including the upper dermis, orbital fibroblasts, and 

adipocytes (Bahn RS et al. 1998).  Therefore, unlike other forms of hyperthyroidism, 

the presentation of GD can include extrathyroidal manifestations involving the eyes 

and skin, including GO, thyroid dermopathy (pretibial myxoedema) and thyroid 

acropachy (finger clubbing) (Bartalena L et al. 2012).  The patients with higher TRAb 

concentrations are at greater risk of developing the eye and skin manifestations of 

GD with a correlation in terms of disease severity and outcome (Eckstein AK et al. 

2006). 

 

System Symptoms Signs 

Thyroid Neck swelling Goitre 

Cardiovascular Palpitations, shortness of 
breath 

Cardiac failure, atrial 
arrhythmias, 
hypertension, tachycardia 

Gastrointestinal Increased appetite Weight loss 

Central nervous system Fatigue, anxiety, 
hyperactivity, poor 
concentration 

Hyperactivity, social 
withdrawal, hyperreflexia 

Eyes Watering, grittiness, 
discomfort, diplopia 

Eyelid retraction and lag, 
periorbital oedema, 
conjunctival injection 

Muscles Tremor, weakness Fine tremor, muscle 
wasting 

Skin Pruritus, pain Thyroid dermopathy (skin 
thickening), finger 
clubbing 

Hair Hair loss Hair loss 

Reproductive Oligomenorrhoea, 
decreased fertility 
(women); reduced libido 
(men) 

 

Table 1.1 – Symptoms and signs of Graves’ hyperthyroidism  
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1.1.5 Aetiology of Graves’ disease 

The mechanisms that lead to loss of immune tolerance to the TSHR result from a 

complex interplay of environmental exposure, genetic/epigenetic susceptibility and 

more recently, the microbiome has been implicated.  

Familial and twin studies over the past 50 years have demonstrated that 60-80% of 

an individual’s predisposition to develop GD is attributable to genetic factors (Skov J 

et al. 2021, Brix TH et al. 2001). GD is inherited as a complex genetic trait with more 

than 80 susceptibility loci identified so far, each contributing to a small increased risk 

of disease (Grixti L et al. 2024). Genomic variants implicated in GD are thyroid-

related loci such as TSHR (Płoski R et al. 2010) and thyroglobulin (TG) (Stefan M et 

al. 2011) or immune-related loci including cytotoxic T-lymphocyte-associated protein 

4 (CTLA-4) (Vaidya B et al. 1999), protein tyrosine phosphatase, non-receptor type 

22 (PTPN22) (Velaga MR et al. 2004), human leukocyte antigen (HLA) (Chu X et al. 

2018), programmed death-ligand 1 (PD-L1) (Mitchell AL et al. 2009), cluster of 

differentiation 40 (CD40) (Chen X et al. 2018), Fc receptor-like protein 3 (FCRL3) 

(Owen CJ et al. 2007) and B-cell activating factor (BAFF) (Lane LC et al. 2019).   

Some of the genetic variants which have been associated with specific phenotypes of 

GD, such as CTLA4, HLA, and PTPN22 have been associated with reoccurrence of 

GD (Section 1.3). Other genes in the HLA region and a polymorphism of HCP5 have 

been associated with an earlier age of disease onset (<30 years) (Kus et al. 2019, 

Lane LC et al. 2020), suggesting a greater genetic component for young people with 

GD compared to their older counterparts for whom exposure to environmental factors 

may be more important. The functional effects of how these genetic variants 

influence phenotype remain largely unknown and further next generation whole 

genome sequencing (WGS) studies are needed to ensure reliable genotype-

phenotype correlations that could be clinically useful. A few small studies have 

suggested that epigenetic dysregulation may contribute to the pathogenesis of GD, 

however replication of these studies on a larger scale is required (Limbach M et al. 

2016, Cai TT et al. 2015). 

The key environmental risk factors that have been found associated with GD include 

infections, excessive iodine intake, smoking, stress, and selenium/vitamin D 

deficiency (McLachlan SM et al. 2014). Some of these environmental factors are 

hypothesised to induce thyroid autoimmunity by ‘molecular mimicry’ or ‘bystander 
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activation’, resulting in the activation of autoreactive lymphocytes (Rojas M et al. 

2018). 

Environmental and endogenous factors such as diet, smoking, stress, and antibiotic 

use have been hypothesised to cause an imbalance of gut microorganisms that may 

disrupt immune tolerance in genetically susceptible individuals leading to 

autoimmune thyroid disease (AITD) (Masetti G et al. 2020).  The potential importance 

of the microbiome in GD was highlighted by a small study that demonstrated a 

reduced risk of hyperthyroid relapse in adults randomised to take a probiotic 

alongside their ATD (Salvi M et al. 2019). Further work on a larger scale would be 

required to validate these findings and potentially pave the way for future microbiota-

targeting therapeutics. 

1.1.6 Diagnosis 

Biochemistry 

The diagnosis of thyrotoxicosis is made by measuring serum thyroid stimulating 

hormone (TSH), FT3 and free thyroxine (FT4) concentrations.  Overt hyperthyroidism 

will result in a fully suppressed TSH as a result of negative feedback to the pituitary 

from elevated FT3 and FT4 levels.  TSH is a sensitive screening test for thyroid 

dysfunction, as small changes in circulating FT4 result in relatively large changes in 

TSH (Hadlow NC et al. 2013). 

To conclusively diagnose GD as the cause of thyrotoxicosis the TRAb levels are 

required, which are pathognomonic of GD when present.  The main differential 

diagnosis of thyrotoxicosis includes toxic multinodular goitre, thyroiditis, and solitary 

toxic adenoma.  Incorporating TRAb testing into the GD diagnostic process has been 

shown to result in a 46% faster time to diagnosis and a 47% reduction in overall cost 

(McKee A et al. 2012). The value of testing TRAb concentrations is also applicable in 

predicting risk of extrathyroidal manifestations (Eckstein AK, et al. 2006) and 

fetal/neonatal thyrotoxicosis (Matthews DC et al. 2011). 

The latest third-generation competitive binding assays which are most commonly 

used in Europe, use human monoclonal stimulating TRAbs that bind to recombinant 

TSH receptors to achieve a specificity of 99% and sensitivity of 97% in the diagnosis 

of GD (Tozzoli R et al. 2012). Of note, the third-generation assay does not 

discriminate between the TRAb functional subtypes: stimulating, blocking and 
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‘neutral’ (cleavage).  The TRAb bioassay can detect levels of stimulating TRAbs by 

measuring production of cyclic adenosine monophosphate (cAMP) but it is more 

complex and expensive and as yet there is insufficient evidence to recommend its 

use in everyday clinical practice (Barbesino G et al. 2013). More recently, the 

automated thyroid-stimulating immunoglobulin bridge immunoassay developed to 

detect stimulating TRAbs by using a pair of recombinant human TSH receptors in a 

bridging format has been demonstrated to have good diagnostic performance and 

the potential to detect earlier relapse, however further clinical validation is required 

(van Balkum M et al. 2023, Autilio C et al. 2018).  

All commercially available antibody binding assays rely on competition against M22 

(human monoclonal autoantibody to the TSHR) binding (e.g., Roche, Brahms, 

Siemens). These assays don’t distinguish between binding, stimulating, blocking or 

functionally neutral antibodies. Bioassays may be brought in but will be more time 

consuming than binding assays and there is less accuracy and reproducibility. 

Radiology 

If the aetiology of thyrotoxicosis is unclear, isotope imaging using technetium 

pertechnetate (Tc99m) and observing thyroid uptake can help differentiate between 

the causes of a thyrotoxic biochemical picture (Table 1.2).  Normal uptake in the 

thyroid gland is described in a UK population as being between 0.2-2.0% (20 minutes 

post Tc99m administration) (Macauley M et al. 2018). 

Table 1.2 – Interpretation of technetium pertechnetate thyroid uptake scan results 

 

 

Scan result Interpretation 

Diffuse, increased uptake Graves’ disease 

Hashitoxicosis (patchy uptake) 

Focal, increased uptake Autonomous nodules  

Normal uptake Hashimoto disease 

Subacute thyroiditis (recovery phase) 

Reduced uptake Excess iodine intake 

Subacute thyroiditis 

Hashimoto disease 
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1.1.7 Management 

The management of GD involves three main treatment options: ATD, RAI or 

thyroidectomy.  These options have remained largely unchanged since 1951 when 

carbimazole (CBZ) was first introduced as an ATD to the UK.  This is despite each of 

the three modalities having significant disadvantages with many patients ultimately 

requiring lifelong thyroid hormone replacement therapy.  As such, there remains 

considerable unmet need in this patient group. 

Antithyroid therapy (ATD) 

The ATDs (thionamides) that are used to treat GD vary geographically.  In the UK, 

CBZ is the most commonly used ATD and is the first line treatment for both adults 

and children, with its active metabolite methimazole being primarily used in the USA 

and Europe. The second line ATD propylthiouracil (PTU), is used in those who 

develop side effects with CBZ or in the first trimester of pregnancy but is 

contraindicated in the young because of the risk of hepatotoxicity (Rivkees SA et al. 

2009). ATDs predominately work by inhibiting the organification of iodine, preventing 

iodination of tyrosine residues on the thyroglobulin molecule, a vital step in the 

pathway to synthesise thyroid hormone (Taurog A 1976). PTU has an additional role 

in preventing the peripheral conversion of FT4 to the more metabolically active FT3 

(Kuiper GG et al. 2005). 

It has been proposed that ATDs possess an immunomodulatory function reflected by 

falling TRAb titres, alongside in vitro evidence of methimazole inhibiting thyroid-

autoantibody production in cultured lymphocytes and in vivo evidence of increased 

suppressor T cells and decreased intrathyroidal activated T cells (Weetman AP et al. 

1983, Tötterman TH et al. 1987). This however remains controversial, with others 

suggesting that the decreasing TRAb titres occur directly as a result of restoring 

biochemical euthyroidism, and hence reducing exposure to the thyroid antigen or 

alternatively, is part of the natural history of GD which has the potential to resolve 

with beta blockers alone (Codaccioni JL et al. 1988). The relative contributions of 

direct or indirect effects of ATD on the immune system to achieve the observed 

reduction in TRAb titres and subsequent GD remission remain uncertain. 

There are two primary methods to administer ATD therapy, either by ‘block and 

replace’ (B&R) or ‘dose titration’ (DT).  These either involve completely blocking 

endogenous thyroid hormone production with exogenous thyroid hormone 
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supplementation (B&R), or alternatively titrating ATD to achieve euthyroidism (DT).  

There is some evidence that using higher doses of ATD (associated with the ‘B&R’ 

method) results in a greater incidence of side effects (Reinwein D et al. 1993, Grebe 

SK et al. 1998), with contradicting evidence as to which method results in more 

stable thyroid function (Vigone MC et al. 2020, Wood CL et al. 2020).  Ultimately, 

there is no robust evidence to support higher rates of remission with either method 

(Abraham P et al. 2010).   

There are three main issues with the current ATD therapy: 

1. The potential serious side effects of ATD are not insignificant, with 

agranulocytosis and fulminant hepatic failure both potentially fatal adverse 

effects (Nakamura H et al. 2013, Wang MT et al. 2014).   

2. ATD are not appropriate for all patients, with an increased risk of congenital 

anomalies in the pregnant population (CBZ>PTU) (Andersen SL et al. 2013) 

and poor compliance in adolescents (Léger J et al. 2017). 

3. The high rate of relapse on stopping ATD (discussed in Section 1.3) 

It has been demonstrated that thyrotoxicosis itself can cause neutropenia (Aggarwal 

N et al. 2016) and deranged liver function tests (Huang MJ et al. 1995) independent 

of ATD therapy. This can further add to the complexities of management with some 

patients potentially stopping ATD unnecessarily. 

Radioiodine therapy 

Ablative RAI therapy (131I) works by radioactive iodine uptake into the thyroid gland, 

exposing the gland to beta radiation and destroying the thyroid follicles over a period 

of 6 weeks to 18 months (Nygaard B et al. 1995). After therapy, the most likely long-

term outcome for the patient is hypothyroidism (5-50% after the first year; followed by 

a yearly rate of 3-5%) (Nygaard B et al. 1995), requiring lifelong thyroid hormone 

replacement.   

RAI is not suitable for all individuals, being contraindicated whilst breastfeeding, 

during pregnancy or in those planning a pregnancy within 6 months (Kahaly GJ et al. 

2018).  Clinicians are wary about using RAI in the young because of the relatively 

high radiation exposure of the small body where organs are closer together, and 

furthermore it is not available in all paediatric units. For those with young children the 

requirements for limiting radiation exposure post-therapy may not be practical. 
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Additionally, it is well recognised that RAI can trigger the development or 

exacerbation of pre-existing eye disease (Bartalena L et al. 1998). 

Thyroidectomy 

Prior to the 1940s surgery was the only treatment for GD, but it is now the least 

commonly selected treatment for newly diagnosed GD (Villagelin D et al. 2024). 

Alongside the anaesthetic risk, surgery can result in laryngeal nerve palsy causing 

voice disturbance and any damage to the parathyroid glands can result in either 

transient or permanent hypocalcaemia.  Similar to RAI, post thyroidectomy patients 

require lifelong thyroid hormone replacement alongside biochemical monitoring. 

Novel therapies in Graves’ disease 

Our increasing understanding of the thyroid autoantigen/antibody interactions has led 

to a number of potential novel treatment strategies being used in ongoing research 

studies (Lane LC et al. 2020).  Taking advantage of this expanding immunological 

knowledge, an antigen-specific epitope has been developed (Apitope) as well as 

thyroid monoclonal stimulating (M22) and blocking (K1-70) antibodies (Pearce SHS 

et al. 2019, Furmaniak J et al. 2022).  These targeted TSHR-specific treatment 

modalities have the potential to revolutionise the treatment of GD. 

1.1.8 Summary 

GD is a common autoimmune disease with the potential to hugely impact quality of 

life in affected patients. The treatment strategy of choice is dependent on the 

individual patient, considering timing of future pregnancies, the presence of 

comorbidities and extrathyroidal manifestations, as well as factors indicating 

likelihood of remission after a course of ATD.   

However, current treatment options with their potential serious adverse effects, 

contraindications, and probable need for lifelong thyroxine therapy are far from ideal.  

Although ATD are effective at treating hyperthyroidism, in the majority of cases they 

do not cure the disease. Therefore, further research is essential to understand more 

about the immunopathogenesis of GD which may help in the clinical management of 

patients and ultimately identify novel therapeutic targets. 
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1.2 Immunopathogenesis of Graves’ disease 

Although the specific immune mechanisms driving GD remain largely unknown, there 

are an increasing number of studies detailing the role and interactions of B and T 

cells and their respective cytokines and chemokines in affected individuals.  Our 

understanding of the TRAb autoantibodies and their functional complexities has 

expanded over the past few years, partly explaining the clinical and biochemical 

spectrum of GD and possibly the variable response to treatment. 

1.2.1 Thyroid stimulating hormone receptor (TSHR)  

The autoantigen unequivocally involved in GD pathogenesis and responsible for 

driving the autoimmune process is the TSHR.  GD occurs as a consequence of a 

loss of immunological tolerance to the TSHR antigen.  The TSHR located on the 

surface of thyroid follicular cells, is a G-protein-coupled, transmembrane receptor 

with 7 transmembrane domains and constitutes of an extracellular alpha (A) subunit 

and a transmembrane beta (B) subunit.  TSH binding to the A-subunit results in the 

receptor cleaving into its respective subunits (with consequent shedding of the A-

subunit), leading to stimulation of the cAMP and phospholipase pathways resulting in 

thyroid hormone synthesis and secretion (Rapoport B et al. 2016, Carvalho DP et al. 

2017). 

GD represents a model for which the major manifestations of the disease are directly 

caused by the impact of TRAb on thyroid hormone production.  Stimulating TRAbs 

bind to the extracellular N-terminus of the TSHR which results in the excessive, 

autonomous production of thyroid hormone (Hamidi S et al. 2011). In vitro evidence 

has demonstrated that stimulating TRAbs bind with greater affinity to the shed 

extracellular A-subunit of the TSHR when compared to the TSH holoreceptor 

(Chazenbalk GD et al. 2002). It has therefore been proposed that the A-subunit 

contains the primary antigen responsible for driving maturation of the B cells that are 

producing stimulating TRAbs, initiating or exacerbating GD in genetically susceptible 

individuals (Mizutori Y et al. 2009). 

1.2.2 TSH receptor auto-antibodies (TRAbs) 

TRAbs are the serological hallmark of GD.  As discussed above (Section 1.1), there 

are three functional subtypes.  The relative contributions of these different subtypes 



 

 11 

to the clinical phenotype are unclear and evidence is lacking to support their 

usefulness in predicting the clinical course of GD (Quadbeck B et al. 2005). 

1.2.3 CD19+ B cells and Graves’ disease 

GD is a B-cell mediated, T cell dependant autoimmune disease.  The indisputable 

role of B cells in GD is evident by their capacity as plasma cells to produce the 

pathogenic autoantibody, TRAb, which is directly responsible for stimulation of the 

thyroid gland.  However, it is well recognised that B cells also have a vital role as 

antigen-presenting cells (APC), presenting TSHR epitopes to T cells, as well as 

modulating the immune response by producing both pro-and anti-inflammatory 

cytokines helping to drive or ameliorate the autoimmune process, respectively 

(Gianoukakis AG et al. 2008). Studies using animal models of autoimmune disease, 

including a murine model of GD, have consistently demonstrated that B cells have an 

important role in the pathogenesis of autoimmunity independent of their ability to 

secrete autoantibody (Pichurin, P et al. 2003, O’Neill SK et al. 2005, Takemura S et 

al. 2001). Although the autoreactive B cells are fundamental in the pathogenesis of 

GD, T cells have a crucial role in providing the costimulatory signal to activate the 

antibody-producing B cells (Petersone L et al. 2018). 

Evidence for the role of CD19+ B cells in GD is also reflected by the genetic 

association of B cell related single nucleotide polymorphisms (SNPs), including at 

FCRL3, Ikaros family zinc finger protein 3 (IKZF3), BTB Domain And CNC Homolog 

2 (BACH2) (Liu W et al. 2014), BAFF and CD40 (Li L et al. 2018). Further evidence 

for the role of B cells in GD is presented by transcriptomic studies of thyroid cells that 

have revealed active B cells genes with mRNA overexpression of the antigen-

presenting pathway (Yin X et al. 2014), which was confirmed in a recent single cell 

transcriptomic study of thyroid cells from GD patients that reported an increase in 

antigen processing and presenting pathways and an overexpression of CD40 

(Álvarez-Sierra D et al. 2023).  Indeed, the potential efficacious use of B cell 

depleting therapies, such as the CD20+ monoclonal antibody Rituximab in B cell 

mediated autoimmune diseases, including GD (Cheetham TD et al. 2022, El Fassi D 

et al. 2007), demonstrates the importance of B cells in autoimmune pathology.   
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The role of CD19+ B cell subsets in Graves’ disease 

Specific CD19+ B cell subsets in the peripheral blood compartment have been 

studied in GD.  In particular the CD5+ transitional and pre-naive mature B 

lymphocytes, which are recent emigrants from the bone marrow, have been found 

elevated in individuals with both treated and untreated GD, with correlation to thyroid 

hormone and TRAb concentrations (Iwatani Y et al. 1989, Van der Weerd K et al. 

2013, Liu Y et al. 2022).  It has been proposed that these increased transitional B 

cells may reflect aberrant negative selection in the bone marrow resulting in an 

increased output of immature B cells, or as a direct result of hyperthyroidism, which 

has been demonstrated to increase bone marrow activity (Foster MP et al. 1999). 

B cell antibody responses are not only antigen-specific but also result in the 

generation of immunological memory.  Memory B cell subpopulations in the 

peripheral compartment have been found to be reduced in those with GD compared 

to healthy controls, however a large proportion of intrathyroidal B cells in GD consist 

of memory cells (Segundo C et al. 2001), suggesting a possible redistribution of this 

B cell subset rather than an absolute reduction in memory cells. 

B cell cytokines and chemokines 

B cells produce various cytokines that form an essential part of the pro- and anti-

inflammatory response (Figure 1.1). These B cell-derived cytokines play an important 

role in immunomodulation, either driving or suppressing the activity of B cells 

themselves, and also other circulating immune cells. B cells can produce interleukin 

6 (IL-6) which has been demonstrated to be elevated in GD and associated with 

disease activity and relapse (Pedro AB et al. 2011, Salvi M et al. 1996, Meling 

Stokland AE et al. 2024). IL-6 is also produced by the thyroid follicular cells and 

implicated in the generation of ectopic germinal centres (Arkatkar T et al. 2017). 
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Figure 1.1 – Functional subsets of cytokine-producing B cells (de Gruijter NM et al. 

2022).  

IL: interleukin; TNF: tumour necrosis factor; IFN: interferon; LT: lymphotoxin; GM-

CSF: granulocyte-macrophage colony-stimulating factor; Breg: regulatory B cell 

 

The two main cytokines with the capacity to promote the survival and proliferation of 

B cells, B-cell activating factor (BAFF) and ‘a-proliferating inducing ligand’ (APRIL) 

have been strongly implicated in autoimmune disease (Steri M et al. 2017), with 

elevated serum BAFF levels demonstrated in individuals with GD (Vannucchi G et al. 

2012, Lin JD et al. 2016). Indeed, an anti-BAFF human monoclonal antibody 

(belimumab) is currently approved to treat SLE and has demonstrated efficacy in the 

treatment of GO and reducing TRAb titres (Favero V et al. 2021). Furthermore, 

blocking BAFF and APRIL signalling pathways with soluble decoy receptors has 

been shown to ameliorate murine induced hyperthyroidism (Gilbert JA et al. 2006). 

BAFF alongside its receptor BAFFR is expressed in the thyrocytes and infiltrating 

immune cells in GD (Campi I et al. 2015). In addition, mRNA expression of BAFF in 

thyrocytes stimulated with CD40 has been found to be significantly upregulated in 
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individuals with GD when compared to healthy controls (Lee HJ et al. 2017). 

Functionally, BAFF has not only been demonstrated to promote the survival of 

potentially autoreactive B cells, but conversely to induce B cells with a regulatory 

phenotype that produce IL-10 (Yang M et al. 2010). 

Both BAFF and APRIL regulate B cell homeostasis by binding to their receptors 

BAFFR, transmembrane activator calcium modulator and cyclophilin ligand 

interactor (TACI) and B-cell maturation antigen (BCMA) (Meinl E et al. 2021). The 

soluble forms of the latter two receptors, sTACI and sBCMA, are cleaved and shed 

from the membrane of activated late-stage B cells (memory/plasma cells) by a 

disintegrin and metalloprotease 10 (ADAM10) and γ-secretase, respectively (Meinl E 

et al. 2021) (Figure 1.2).  Although not previously studied in GD, both sTACI and 

sBCMA have been found elevated in other autoimmune conditions including systemic 

lupus erythematous (SLE), rheumatoid arthritis (RA) and multiple sclerosis (MS) and 

suggested as potential biomarkers of disease activity (Salazar-Camarena DC et al. 

2020, Hoffmann FS et al. 2015, Rodríguez-Carrio J et al. 2018, Laurent, S et al. 

2015, Vincent FB 2019). 

 

                        

Figure 1.2 – B cell plasma membrane with BAFF and APRIL receptors and their 

associated cleaved soluble receptors.  

Levels of the chemokine (C-X-C motif) ligand 13 (CXCL13) and ligand C-X-C 

chemokine receptor type 5 (CXCR5) – expressed on mature B cells and follicular B 

helper T cells, have been found elevated in autoimmune diseases such as SLE and 
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RA (Zeng Y et al. 2021, Bugatti S et al. 2014). The CXCL13/CXCR5 chemokine axis 

enables the migration of activated B cells to secondary lymphoid tissue where 

functional germinal centres are formed.  There is a demonstrated correlation between 

CXCL13 and CXCR5 mRNA levels and the number of focal lymphocytic infiltrates 

and germinal centres in thyroid tissue (Aust G et al. 2004).   

Kappa-deleting recombination excision circles 

Kappa-deleting recombination excision circles (KRECs) are small, circular DNA 

products created by Variable-Diversity-Joining (V(D)J) gene recombination during B 

cell maturation in the bone marrow, forming a diverse repertoire of B cell receptors 

(van Zelm MC et al. 2007). The coding joint (CJ) remains stable in the genome, 

whereas the excised circle of DNA, otherwise known as the signal joint (SJ) or 

KREC, is diluted two-fold in the periphery with each cell division (Figure 1.3).  As a 

consequence, evaluating KRECs provides not only a quantitative measure of B cell 

emigration from the bone marrow, but by calculating the CJ/SJ ratio we can 

understand the replicative history of an individual’s B cell population (van Zelm MC et 

al. 2007). Despite their potential relevance, KRECs are relatively understudied in 

autoimmune disease but have been shown to be elevated in immune 

thrombocytopenic purpura (ITP) when compared to healthy controls (Levy-

Mendelovich S et al. 2017). In relapsing GD patients examining KRECs may provide 

mechanistic insight into the immunopathogenesis of GD or allow earlier identification 

of the relapse process. 
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Figure 1.3 – Production of KRECs from the bone marrow during V(D)J 

recombination, followed by B lymphocyte peripheral proliferation 

 

1.2.4 Summary 

It is clear that B cells have a central role in the immunopathogenesis of GD, 

orchestrating and driving the autoimmune response both directly, by producing the 

pathogenic autoantibody and indirectly, as APCs with the additional capacity to 

produce pro-inflammatory cytokines and chemokines. 

GD is one of the few autoimmune diseases where full and durable tolerance to 

endogenous antigens is restored in a large proportion of patients following routine 

therapy, and unlike other autoimmune diseases, there is a well-recognised single, 

specific antigen. Both these factors make GD an excellent model of autoimmune 

disease to study, with a clear target for novel therapies and an opportunity to 

understand the valuable and relatively unknown mechanisms of immune tolerance 

restoration.  
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1.3 Relapse and remission in Graves’ disease 

One of the main issues with ATD treatment is the high rate of relapse following 

cessation of therapy.  After completing a 12-18 month course of ATD, relapse will 

occur in around 50-60% of adults (Abraham P et al. 2010) and 75% of children 

(Rabon S et al. 2016, Wood CL et al. 2020).  In addition, 13% of the GD patients that 

don’t relapse will develop spontaneous hypothyroidism (Meling Stokland AE et al. 

2024). This has huge health, socioeconomic, educational, and psychological 

implications for these patients. 

1.3.1 Defining relapse and remission 

GD is defined as ‘relapsed’ if there is a return to biochemical hyperthyroidism 

(suppressed TSH with elevated serum T3/T4 levels) after cessation of ATD 

treatment, or after RAI where a second higher dose is required.  The definition of 

remission differs between studies, with most patients being considered in ‘remission’ 

if they maintain euthyroidism 0.5-2 years after stopping ATD (Abraham P et al. 2010).  

Although 75% of relapses occur within the first 6 months of stopping ATD, up to 10% 

will relapse 18 months or more after stopping treatment (Mohlin E et al. 2014) and 

relapse of GD has been reported over 20 years after definitive treatment with RAI 

(Hegele RA et al. 1985). A quarter of patients with GD have reported not feeling ‘fully 

recovered’ after 6-10 years despite treatment (Sjölin G et al. 2019). 

1.3.2 Factors associated with relapse  

There are many factors that have been associated with an increased likelihood of 

relapse on stopping ATD (Table 1.3), including younger age (< 40 years), male 

gender, smoking, larger goitre size, biochemical severity of thyrotoxicosis at 

presentation and higher TRAb levels at diagnosis and on cessation of ATD.   

Studies examining whether a longer duration of ATD increase rates of remission 

have produced contraindicating outcomes in both the paediatric and adult 

populations (van Lieshout JM et al. 2021, Abraham P et al. 2010). In a 10 year follow 

up study of GD in the paediatric population, Leger et al. documented a reduced 

overall relapse rate of 50% (compared to ~68% with a 24-month treatment course), 

with remission rates after withdrawal of ATD increasing with time (Léger J et al. 

2012).  This is in contrast to Wang et al. who found that a longer duration of 

treatment was associated with earlier relapse in adults (Wang PW et al. 2013), the 
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findings of which have been replicated (Masiello E et al. 2018). Remission rates have 

been observed to be higher in those who have completed a second course of ATD 

for relapsed GD (Liu X et al. 2015), with continuous ATD and therefore long-term 

restoration of euthyroidism said to be more effective than repeated cycles of therapy 

(Mazza E et al. 2008). 

In addition to the clinical, immunological, biochemical, and genetic factors associated 

with relapse, there is some evidence that stress-related disorders are associated with 

an increased risk of autoimmune disease and therefore stressful life events could 

precipitate a GD relapse (Song H et al. 2018, Vita R et al. 2015). 

 

Parameter Factor Studies 

Clinical Younger age Allahabadia A et al. 

2000, Kaguelidou F et al. 

2008, Vitti P et al. 1997, 

Glaser NS et al. 2008, 

Vos XG et al. 2016, 

Meling Stokland AE et al. 

2024 

Male gender Magri F et al. 2016, 

Allahabadia A et al. 2000 

Non-Caucasian Kaguelidou F et al. 2008 

Smoking Anagnostis P et al. 2013, 

Kimball LE et al. 2002, 

Wang PW et al. 2013, 

Meling Stokland AE et al. 

2024 

Increased goitre size/volume at 

diagnosis and cessation of ATD 

Mohlin E et al. 2014, 

Magri F et al. 2016, Vitti 

P et al. 1997, Wang PW 

et al. 2013, Masiello E et 

al. 2018, Schleusener H 

et al 1989, Vos XG et al. 

2016, Liu L et al. 2016 

Presence of GO at diagnosis Meling Stokland AE et al. 

2024 

Biochemical Elevated TRAb level at diagnosis Kaguelidou F et al. 2008, 

Vitti P et al. 1997, 

Masiello E et al. 2018, 

Vos XG et al. 2016, Tun 
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NN et al. 2016, Cappelli 

C et al. 2007 

Elevated TRAb level at cessation of 

ATD 

Kaguelidou F et al. 2008, 

Schleusener H et al 

1989, Kashiwai T et al. 

2003, Tun NN et al. 

2016, Cappelli C et al. 

2007 

Severity of thyrotoxicosis at 

diagnosis (FT4) 

Masiello E et al. 2018,  

Weetman AP et al. 1986, 

Vos XG et al. 2016 

Severity of thyrotoxicosis at 

diagnosis (FT3) 

Glaser NS et al. 2008 

Immunological IL-6   

TNFRSF9 

CD40 at cessation of ATD 

Meling Stokland AE et al. 

2024 

Genetic 

polymorphisms 

CTLA-4 (rs231775)  Wang PW et al. 2013 

CD40 (rs745307, rs11569309, 

rs3765457) 

Wang PW et al. 2013 

HLA subtypes (DB1*02, DQA1*05, 

and DRB1*03) 

Vos XG et al. 2016, 

Vejrazkova D et al. 2021 

PD-L1 (A8923C) Hayashi M et al. 2008 

PTPN22 (rs2476601) Vos XG et al. 2016 

GNAS1 (T393C) Glowacka D et al. 2009 

 

Table 1.3 – Risk factors associated with relapse in Graves’ disease.  

 

1.3.3 Predicting relapse in Graves’ disease 

The ‘gold standard’ and best biochemical predictor we currently have to determine 

the likelihood of an individual relapsing after stopping ATD is the circulating TRAb 

level (Barbesino G et al. 2013, Tun NN et al. 2016).  An observational study 

demonstrated that by four years, a TRAb level of <0.9 IU/L at cessation is associated 

with a 58% risk of recurrence compared with 82% when the TRAb level >1.5 IU/L 

(Tun NN et al. 2016).   In particular, it has been suggested that the younger the age, 

the greater the predictive value of TRAb antibodies (Bano A et al. 2019). However, 

the TRAb level does not provide the full picture as even those with a negative TRAb 

level on cessation of ATD can relapse (22% by one year, rising to 60% four years 

after ATD withdrawal) (Tun NN et al. 2016).  
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In accordance with studies demonstrating that a suppressed TSH at the end of ATD 

is a poor prognostic factor for relapse (Schleusener H et al. 1989), it has been shown 

that increased TSH levels during ATD treatment provide a favourable indicator of 

long-term remission (Choo YK et al. 2010). It has been proposed that suppressed 

TSH levels combined with normalised thyroid hormones during treatment with ATD is 

either due to delayed pituitary-thyroid axis recovery or as a consequence of TRAb 

antibodies binding to a functioning pituitary TSH receptor, directly suppressing TSH 

production independent of thyroid hormone levels (Brokken LJ et al. 2001). 

With the objective of improving the clinician’s ability to anticipate relapse, predictive 

models have been generated using clinical and genetic parameters (Vos XG et al. 

2016). Applying an individual’s genotype for predictability of relapse using HLA 

subtypes and SNPs of co-stimulatory genes (CD40 and CTLA-4) has provided 

contradictory results (Schleusener H et al. 1989, Badenhoop K. et al. 1996, Wang F 

et al. 2012, Kim KW et al. 2007). Differences in ethnicities between these studies 

may explain the variable influence of genetic polymorphisms.  

Relapse prediction models 

Relapse prediction models such as the ‘GREAT’ (Graves' Recurrent Events After 

Therapy) and ‘GREAT+’ cumulative scores (Vos XG et al. 2016), have been 

developed in an attempt to provide the clinician with the ability to predict relapse at 

the start of ATD therapy and therefore offer individualised treatment from the outset.  

The ‘GREAT’ score categorises patients by the chance of them relapsing their GD 

into three groups: 16% (I), 44% (II) and 68% (III), and includes the clinical 

parameters of patient age, FT4 and TRAb concentration, and goitre size at diagnosis. 

The ‘GREAT +’ score includes additional genetic markers, PTPN22 (rs2476601) and 

HLA subtypes DQB1*02, DQA1*05 and DRB*03. Although these prediction models 

are based solely on a Caucasian population and excluded those with severe 

hyperthyroidism, large independent retrospective studies including over 1000 

patients have reported good external validity for predicting relapse using the ‘GREAT’ 

score (Struja T et al. 2017, Masiello E et al. 2018, Zuhur SS et al. 2019).  

Another model intended to help predict relapse at baseline, the Clinical Severity 

Score (CSS), which includes severity of thyrotoxicosis, thyroid volume and GO has 

been studied in a clinical setting with 387 GD patients and compared to the ‘GREAT’ 

score, with both models demonstrating similar predictive values (‘GREAT’: AUC 0.63; 
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‘CSS’: AUC 0.60) (Masiello E et al. 2018). The clinical relevance of these prediction 

models to include all populations remains unknown, however both patients and 

clinicians have reported that the ‘GREAT +’ score would be a valuable addition in the 

management of GD (Jansen HI et al. 2024). 

1.3.4 Summary 

Although TRAb antibodies are currently the ‘gold standard’ for predicting GD 

outcome when stopping ATD, TRAb titres represent only a superficial marker of GD 

activity and hence individuals with negative TRAb will still go on to relapse their 

disease. Until we understand more about the relapse process, we are not able to 

adequately, and with any great certainty, predict when or if a patient will relapse on 

ATD withdrawal.  

If we can predict which individuals are likely to relapse their GD, we can appropriately 

counsel patients, prevent unnecessary relapses with the subsequent health and 

socioeconomic consequences, reduce monitoring of those patients we are confident 

will remit and ultimately form personalised, therapeutic strategies. 
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Chapter 2: Objectives 

Primary objective 

The primary objective of this study is to determine whether baseline biomarkers at 

the time of stopping ATD are predictive of GD relapse, including clinical, biochemical, 

and immunological markers as well as the differential gene expression of CD19+ B 

cells. 

Secondary objective 

The secondary objective of this study is to determine whether changes in clinical, 

biochemical, and immunological markers 6-10 weeks after stopping ATD are 

predictive of GD relapse. 
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Chapter 3: Methods 

In this chapter, I describe the methods used in this PhD including the study design 

and patient recruitment, followed by a detailed account of all laboratory procedures, 

sample processing, methods of statistical analysis and details of the ethical approval 

and governance for this study. 

3.1 Inclusion and exclusion criteria 

The inclusion and exclusion criteria for the study are summarised in Table 3.1. 

Inclusion Criteria 1. Aged 18 years or older 

2. Diagnosis of Graves’ disease (TRAb positive 

thyrotoxicosis) 

3. Have received at least 12 months of antithyroid treatment 

for Graves’ disease and are due to stop treatment. 

4. Ability to give informed consent 

Exclusion Criteria 

 

1. Less than 18 years old 

2. Due to continue with antithyroid treatment for Graves’ 

disease 

3. Diagnosed with other autoimmune disease(s) 

4. Pregnant, breastfeeding, or plan for pregnancy 

5. Serious co-existing cardiorespiratory, renal or liver disease 

6. Diagnosed with cancer and undergoing active therapy 

7. Diagnosed with an immunological disease 

8. Concomitant use of immune-modifying medication other 

than antithyroid drugs  

9. Intercurrent acute infective illness 

10. Inability to provide informed consent 

Table 3.1 – Inclusion and exclusion criteria for the study.  

 

Patients who met the inclusion and exclusion criteria and were willing to stop ATD 

were enrolled. 
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3.1.1 Justification of inclusion criteria 

The ethical and Health Research Authority (HRA) approvals for this study are based 

on an adult population and therefore only those aged 18 years and older were 

recruited.  Additionally, the natural history of GD in the younger population as well as 

their underlying immunology differs from their older counterparts and therefore 

studying only those over 17 years of age ensures a more homogenous group of 

study participants.  A formal diagnosis of GD was made by endocrinology clinicians 

which I then confirmed after review of the patient’s biochemistry and medical notes 

prior to study enrolment.  Biochemically, a diagnosis of GD was reflected by a 

suppressed TSH (<0.05mU/L) with elevated FT3 (> 6.8pmol/L) and /or FT4 (> 

22pmol/L) with positive TRAb levels (>1.8IU/L). The specific assays used for the 

thyroid hormones and TRAb are documented below in Section 3.2. 

The usual treatment for adult GD is for patients to receive at least a 12-month course 

of ATD medication before stopping treatment, therefore only patients that were at this 

stage of treatment and were willing to stop ATD medication were recruited to the 

study.  It was very important from an ethical perspective that study participants could 

give informed consent to join the study and therefore they were only recruited if this 

was felt to be possible. 

3.1.2 Justification of exclusion criteria 

Given that the purpose of the study was to observe the patient’s outcome following 

ATD cessation, patients were not recruited if they were due to continue with their 

ATD medication for any reason. Patients were also excluded from the study if they 

had certain comorbidities, including an additional coexisting autoimmune disease, a 

serious illness (including organ failure and malignancy) or were taking an immune-

modifying medication, all of which have the potential to affect the CD19+ B cell 

transcriptome and therefore the biomarker signature of GD.  Additionally, patients 

who were pregnant/planning pregnancy or had an intercurrent acute infective illness 

were excluded due to the physiological and immunological changes associated in 

both conditions that could affect the transcriptome and immunological parameters, 

including the dynamics of cytokine and chemokine profiling. 
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3.2 Study definition of Graves’ disease relapse and remission 

In accordance with most other studies in GD as well as normal clinical practice, for 

the purposes of this study GD patients were defined as in ‘remission’ if they remained 

biochemically euthyroid (FT3 and FT4 in the normal range) 12 months following ATD 

cessation without either RAI or surgery.  Alternatively, relapse was defined as 

biochemical hyperthyroidism (suppressed TSH (<0.05mU/L) with elevated FT3 (> 

6.8pmol/L) and/or FT4 (> 22pmol/L)) within 12 months of stopping ATD. 

Serum FT4, FT3 and thyroid peroxidase antibody (TPOAb) levels were determined 

using the commercial Roche Elecsys immunoassay (Roche Diagnostics) and serum 

TRAb levels were determined using the commercial BRAHMS TRAK immunoassay 

(Thermoscientific). 

3.3 Study design and patient recruitment 

The design of the SPRING (Study of Predicting Remission in Graves’ Disease) study 

is summarised in Figure 3.1. Briefly, patients who were ready to stop ATD had blood 

samples taken at the timepoint of ATD withdrawal and again 6-10 weeks later.  This 

second timepoint was chosen in order to try and capture the humoral immune 

response prior to relapse occurring. The participants were then followed up for 12 

months at which point they were either categorised as in remission or relapsed as 

per the definitions discussed previously.  During the period of monitoring after 

stopping ATD, patients had a clinical review and thyroid function checked every 3 

months. 

 

 

Figure 3.1 – SPRING study design 
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Patients who satisfied the inclusion criteria were recruited from endocrine NHS clinics 

at the Royal Victoria Hospital, Newcastle-upon-Tyne NHS Foundation trust and The 

Queen Elizabeth Hospital, Gateshead Health NHS Foundation Trust.  All patients 

were recruited by me from both sites, but the samples were all processed at the 

same laboratory of the Royal Victoria Hospital, Newcastle-upon-Tyne to ensure 

consistency. The patient recruitment pathway is detailed in Figure 3.2.  

 

 

 

Figure 3.2 – Patient recruitment pathway. ATD: antithyroid drugs 

 

The baseline clinical variables recorded at the time of patient recruitment to the study 

are summarised in Table 3.2. Retrospective clinical data was collected from the 

electronic patient record as shown in Table 3.3, including reasons for data collection. 
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Clinical variable Data source 

Age Medical notes 

Gender Medical notes 

Ethnicity  Patient consultation 

Vaccine history Patient consultation 

Intercurrent illness Patient consultation 

Smoking status Patient consultation 

Family history of thyroid disease Patient consultation 

Previous history of GD Medical notes/patient consultation 

Co-morbidities  Medical notes/patient consultation 

Current medication Patient consultation 

ATD regimen (BR or DT) Medical notes/patient consultation 

Duration of ATD medication Medical notes/patient consultation 

Goitre size (WHO 1994) Patient examination 

Presence and severity of GO Patient examination 

Table 3.2 – Baseline clinical variables recorded in the SPRING study.  

Clinical variable Reason 

Date ATD commenced To confirm length of ATD treatment 

FT4 at diagnosis To analyse association with outcome 

FT3 at diagnosis To analyse association with outcome 

TRAb at diagnosis To analyse association with outcome 

Goitre size at diagnosis To analyse association with outcome 

Table 3.3 – Retrospective clinical variables recorded in the study.  

Research blood tests taken included serum (for C-reactive protein (CRP) and 

cytokine/chemokine profiling) and plasma (for full blood count (FBC), DNA extraction, 

or for further processing into peripheral blood mononuclear cells (PBMCs) followed 

by CD19+ B cell isolation and RNA extraction or analysis of lymphocyte 

subpopulations).  Routine blood tests taken as part of usual clinical practice included 

thyroid function tests (TSH, FT3, FT4) and thyroid autoantibodies (TPOAb/TRAb). 

These blood tests were all taken between 0900am and 1230pm to minimise the risk 

of circadian variation between samples.   
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Patients continued to be reviewed in clinic every 3 months for a year following ATD 

cessation, where they were monitored clinically and biochemically for relapse which 

is in accordance with usual NHS clinical practice. Patients were able to get in contact 

in between these set appointments for testing of their thyroid status if they had 

symptoms consistent with relapse. If a patient relapsed ATD was re-commenced, 

and they exited the study to continue to be followed up in the endocrine clinic.  A 

comprehensive schedule of events including blood tests taken is presented in Table 

3.4. 

Activity Baseline Week 6-10 3 monthly Week 52 

Informed 
consent 

X    

Medical 
history 

X    

Patient 
examination 
for goitre 
size/GO 

X    

ATD 
cessation 

X    

TSH/FT4/FT3* X X X X 

TPOAb/TRAb1 X X X X 

CRP X X   

FBC X X   

Research 
bloods2 

X X   

1 TRAb level was checked when the patient was close to having had 12 months of 

ATD to enable a decision regarding stopping treatment. 
2 Research bloods taken included serum and plasma as described above 

Table 3.4 – Schedule of events for the SPRING study.  3.4 Sample size estimation 

and power calculations  

The patient outcome of remission or relapse one year after stopping ATD was used 

to categorise each patient for analysis.  

3.4.1 Power calculation for the RNAseq experiment 

Although the SPRING study was conducted with an exploratory approach due to the 

absence of existing gene expression data in GD relapse, a formal power calculation 

to estimate the required sample size was performed using a model developed to 

estimate the statistical power needed to identify differentially expressed genes from 

RNAseq experiments (Hart et al. 2013).  This power calculation is presented in Table 
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3.5. This calculation is based on a sequencing depth of 50 million reads, equating to 

a coverage of at least 50 reads (μ) for more than 90% of transcripts.   

The coefficient of variation (CV) gives an estimate of biological variation. Data 

obtained from the RNAseq analysis of human B-cells (Toung et al. 2011) 

demonstrated the CV of the FPKM (fragments per kilobase of exon model per million 

mapped reads) values for the B cell genes were 0.10 ± 0.16 and 0.49 ± 0.53 (mean ± 

standard deviation). Therefore, an estimate of CV 0.4 was used for this power 

calculation, along with a standard α of 0.05.  

The RNAseq experiment was designed with the aim of having 23 patients in each 

outcome group, however this would have meant getting 100 patients recruited (~25% 

relapse rate by one year) which was not possible in the allotted timeframe of the 

project.  Additionally, patient recruitment was hindered by the COVID-19 pandemic 

suspending research and affecting patient attendance to hospital for at least 6 

months.  However, it was estimated that having at least 16 patients in each group 

would be well powered to detect effect sizes of around 1.9 and adequately powered 

to detect those around 1.6, depending on transcript abundance.   
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Effect size 

(fold change; Δ) 

Power 

(β) 

Sample size (per group) 

1.25 0.65 40 

1.3 0.80 40 

1.5 0.90 23 

1.62 0.90 16 

1.9 0.99 16 

2 0.99 14 

Table 3.5 – Power calculation for the RNAseq experiment 

3.4.2 Power calculation for BAFF concentrations 

The original power calculation for detecting a significant difference in BAFF 

concentrations was based on a sample size of 50 patients who relapsed and 50 who 

remained in remission which would have provided >80% power to detect a 10% 

difference in BAFF concentrations between the groups (given published estimates of 

BAFF concentration and SD; α=0.05) (Lin et al. 2016). 

3.5 Laboratory procedures 

Details of the reagents and equipment used in the laboratory procedures including 

catalogue numbers and manufacturer are listed in Appendix A. 

An overview of the handling and processing of the blood samples collected are 

summarised in Figure 3.3.  Most of these processes were completed on the freshly 

collected blood sample and all were performed using an aseptic technique. 
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Figure 3.3 – Workflow detailing sample handling, processing, and storage conditions. 

3.5.1 Laboratory assays 

The TSH, FT4, FT3, TRAb and TPOAb assays used are documented above (Section 

3.2). CRP was determined using the commercial particle-enhanced 

immunoturbidimetric assay (Roche). These laboratory tests were undertaken by the 

Biochemistry laboratory at the Royal Victoria Infirmary, Newcastle-upon-Tyne. 

3.5.2 Serum separation 

The lithium heparin tube was centrifuged at 1800xg at room temperature for 10 

minutes.  The serum was then removed by pipetting and separated into 1ml aliquots 

and stored at -80OC for future analysis. 
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3.5.3 DNA extraction from whole blood (non-clotted) 

The EDTA samples were stored at -80ºC before being batch processed for DNA 

extraction.  The sample was thawed at room temperature before the addition of 

buffer (containing Tris-HCL, sucrose, magnesium chloride, distilled water and Triton 

X-100).  The sample was shaken for four minutes before being centrifuged at 

1500xg.  The cell pellet was resuspended in the buffer and the process repeated.   

The cells then underwent lysis with the addition of buffer containing 1% sodium 

dodecyl sulfate (SDS), before sodium perchlorate was added followed by incubation 

at 65oC for 30 minutes.  The DNA was extracted by the addition of 2mls of chloroform 

followed by centrifuge at 2900xg for 10 minutes.  Cold ethanol was added to 

precipitate the DNA and this precipitate was removed and centrifuged in 70% ethanol 

at 14,000 rpm for 5 minutes.  The ethanol was removed, and the pellet allowed to dry 

at room temperature before the DNA was dissolved in 300µl of TE buffer.  The 

extracted DNA was then quantified on the Thermofisher NanoDrop™ 8000 

Spectrophotometer and stored at 4oC. 

3.5.4 DNA extraction from whole blood (clotted) 

The healthy control samples from the NIHR BioResource were stored at -80ºC in 

lithium heparin tubes in the form of clotted blood. Therefore, the DNA extraction 

process was followed as above except for the addition of some initial steps which 

resulted in homogenisation of the clot.  After the samples were thawed at room 

temperature, the lithium heparin tubes were inverted in 50ml Falcon tubes and 

centrifuged at 2,000xg for 3 minutes to remove the clotted blood from the tube. The 

clot was broken up in the Falcon tube using a scalpel and 2mls of 0.05% trypsin with 

EDTA was added, before the sample was placed in a 37oC water bath for one hour.  

Following this, the DNA extraction method continued as per Method 3.5.2. 

3.5.5 Kappa light chain excision circles (KRECs) 

KRECs were quantified by real-time quantitative polymerase chain reaction (RT-

qPCR) using a triple-insert plasmid (containing T-cell receptor excision circle (TREC) 

and KREC signal joint (SJ) fragments and the T Cell Receptor Alpha Constant 

(TCRAC) reference gene) supplied by Sottini and colleagues (Sottini et al. 2014).  

The primers and probes used in this experiment are detailed in Appendix B.  
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Serial 1:10 dilutions of the plasmid in TE buffer were performed to generate a 6-point 

standard curve (Figure 3.4), with quantities of 101  to 106.  The highest dilution of the 

standard curve was undertaken just before performing the assay due to the instability 

of the small quantity of plasmid DNA when stored.   

The primers and probes were thawed at room temperature before being put on ice. 

Four separate mixes were made: standard curve, CJ, SJ, TCRAC.  The standard 

curve mix had a total volume of 15 µl consisting of: 10 μl 2× TaqMan Universal PCR 

master mix, 0.9 μl forward/reverse primers (final concentration 0.6μM) for TCRAC 

and KRECs SJ, 0.4 μl probe (final concentration 0.2μM) for TCRAC and KRECs SJ 

and 0.6 μl nuclease free water. The CJ, SJ and TCRAC mixes had a total volume of 

9 µl consisting of: 5 μl 2× TaqMan Universal PCR master mix, 0.45 μl 

forward/reverse primers (final concentration 0.6μM) (SJ/CJ/TCRAC), 0.2 μl probe 

(final concentration 0.2μM) (SJ/CJ/TCRAC) and 2.9 μl nuclease free water. 

Genomic DNA was then added to the sample wells (200ng; 2 µl) and nuclease free 

water was added to the negative control wells.  The plate was then taken to a 

different location to ensure containment of plasmid DNA carry-over.  There, each 

dilution point of the plasmid DNA standard curve was thawed just before use and the 

last point of the standard curve was diluted. 5 µl of each point dilution of plasmid 

DNA was added to the standard curve wells.  The plate was covered in an adhesive 

strip before being centrifuged at 1200xg at 4oC for 1 minute to ensure the absence of 

bubbles at the bottom of the wells. 

The assay was run on the QuantStudio™ 7 Flex Real-Time PCR System in standard 

mode thermal cycling; 50°C for 2 minutes, 95°C for 10 minutes, 95°C for 15 seconds; 

60°C for 1 minute – 45 cycles.  Both the standard curve and samples were run in 

triplicate, and 10% of samples were repeated to check the coefficient of variation.  

Standard curves were run on each plate and PCR efficiency was monitored using the 

efficiency percentage and slope value, aiming for an efficiency between 90-100% 

(−3.6 ≥ slope ≥ −3.3).  The data was exported to the Thermo Fisher Connect 

Platform where the standard curve was generated, and further analysis was 

undertaken. 
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Figure 3.4 – Example of a KREC SJ standard curve generated using serial dilutions 

of the plasmid 

KRECs calculations 

The quantity of KRECs is reported as number of KRECs per 106 cells.  The triple 

insert plasmid used to quantify the KRECs contained a fragment of TCRAC that 

served as a reference gene. To determine the number of KRECs per 106 cells the 

following formula was used:  

(mean quantity of KRECs) 

(mean quantity of TCRAC/2) x 106 

(The mean quantity of TCRAC is divided by 2 because in each cell there are two 

TCRAC gene copies) 

 

As described in Chapter 1: Introduction, the CJ remains stable in the genome of the 

B cell, whereas the excised circle of DNA, otherwise known as the SJ or KREC, is 

diluted two-fold in the periphery with each cell division.  Thus, by using the Ct values 

to calculate the ΔCT (Ct KREC − Ct CJ)) along with the formula 2logΔCT, van Zelm 
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et al. demonstrated that this is equal to the CJ/SJ ratio (CJ:KREC ratio) and can be 

used to estimate the replicative history of an individual’s B cell population (van Zelm 

et al. 2007) (Figure 3.5).  

 

 

Figure 3.5 – Principle of quantification of the replication history of B cells using 

KRECs (van Zelm et al. 2007). 

3.5.6 Peripheral blood mononuclear cell (PBMC) isolation  

PBMC isolation was performed at room temperature in a tissue culture hood. PBMCs 

were isolated from 90-100mls of whole blood drawn into ten 10ml EDTA tubes 

(sometimes less if the total volume was unable to be drawn from the patient). The 

blood was diluted 1:1 with Hanks + 2mM EDTA.  With 15mls of Lymphoprep in a 

50ml Sepmate tube, 25mls of the diluted blood was then layered on top by slow 

pipetting. These tubes were then centrifuged at 1200xg for 10 minutes at room 

temperature with the brake on to maintain the separation of the layers. The plasma 

layer was aspirated without disturbing the buffy coat layer. The tube was then briefly 

inverted (for no more than two seconds) into a new 50ml tube. The PBMCs were 

then washed in cold Hanks+1% FCS to a total volume of 50mls, and immediately 

centrifuged again at 600xg for 7 minutes to remove any contaminating Lymphoprep.  

The supernatant was then removed, and the cells were resuspended in cold 

Hanks+1% FCS to a total volume of 50mls, before being centrifuged again at 300xg 

for 7 minutes to remove any contaminating platelets.  The supernatant was removed 

again, and the cells were resuspended and pooled into one tube with cold Hanks+1% 
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FCS to a total volume of 50mls.  This was then centrifuged again at 300xg for 7 

minutes to remove any remaining platelets.  

The supernatant was aspirated, and cells resuspended in cold Hanks+1% FCS 

before being strained through a 70µm nylon filter to remove any debris/clumps.  The 

cells were kept on ice while PBMC cell counting and viability was performed using 

trypan blue staining and a Burker counting chamber, using the following calculations: 

Cell concentration (per ml) = [no.of cells in 25 squares] x [dilution factor] x 104 

Total no.of cells = [no.of cell in 25 squares] x [volume in ml] x [dilution factor] x 104 

5 x 104 PBMCs were transferred to an Eppendorf tube and stored at 4oC for flow 

cytometry analysis.  The remaining cells were used for the CD19+ B cell isolation. 

3.5.7 CD19+ B cell isolation  

The CD19+ B cells were isolated by positive selection using Miltenyi CD19 magnetic 

Microbeads® as shown in Figure 3.6.  These Microbeads are 50nm 

superparamagnetic particles conjugated with monoclonal CD19 antibodies (isotype: 

mouse IgG1).   

The positive selection process involves magnetic labelling of the CD19+ B cells with 

the Microbeads before they are loaded onto a MACS® LS column which is placed in 

the magnetic field of a MACS separator.  The magnetically labelled CD19+ B cells are 

retained in the column, while the unlabelled cells are washed out.  After removal of 

the column from the magnetic field, the CD19+ B cells can be eluted. 

 

Figure 3.6 – Positive cell selection using Miltenyi® Microbead technology  
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The CD19+ B cell isolations were carried out using cold reagents with the cells kept 

on ice and using only calcium and magnesium free media to prevent capping of 

antibodies on the cell surface and non-specific labelling.  The volumes described 

below are for up to 107 total cells, therefore the reagent volumes were scaled up 

accordingly for larger cell numbers. 

The MACS buffer contained 500ml PBS (Ca2+/Mg2+ free), 2.5mls (0.5%) FCS and 

2ml Endotoxin free 0.5M EDTA. It was filtered through a 0.2µm filter and cooled on 

ice prior to use. 

The tube containing the remaining cells following PBMC isolation was topped up to a 

total volume of 50mls with cold Hanks+1% FCS before being centrifuged at 400xg at 

4oC for 7 minutes.  The supernatant was aspirated and the PBMC cell pellet was 

resuspended in cold MACS buffer (80µl MACS buffer per 107 cells) and CD19 

Microbeads added (20µl per 107 cells). The cells were gently shaken and incubated 

at 4oC in the refrigerator for 15 minutes, before being washed by adding 1-2mls 

MACS buffer per 107 cells and centrifuged as before (400xg at 4oC for 7 minutes). 

The supernatant was completely aspirated, and cells resuspended in 500µl MACS 

buffer (500μl per 108 cells). 

A positive selection column was placed onto the MACS separator and pre-rinsed with 

3mls MACS buffer.  The cell suspension was added to the column before being 

washed 3 times by adding 3mls ice-cold MACS buffer and allowing it to drain through 

the column. After these washing steps, the column was removed from the separator 

and placed into a 15ml centrifuge tube where the positive cells were eluted from the 

column by adding 5mls of MACS buffer and pushing through with the plunger. The 

tube was filled with MACS buffer and spun at 400xg at 4oC for 7 minutes. The 

supernatant was aspirated, and cells resuspended in 2mls cold Hanks+1% FCS 

before being counted as described for the PBMC cells (Method 3.5.6).   

5 x 104 cells were transferred to an Eppendorf tube and stored at 4oC for purity 

checking by flow cytometry.  A further 2 x 105 cells were transferred to an Eppendorf 

tube and stored at 4oC for lymphocyte subsets by flow cytometry. The remaining cells 

were then lysed. 
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3.5.8 CD19+ B cell lysis 

Throughout the lysis process, RNase and DNase-free filter tips and tubes were used 

as well as designated RNA pipettes. The laboratory work area was cleaned with 

RNaseZap™ prior to cell processing. 

The 15ml centrifuge tube containing the remaining cells was filled with cold Hanks 

+1% FCS and inverted to mix. It was centrifuged at 400xg at 4oC for 7 minutes, 

before the supernatant was completely aspirated and cell pellet resuspended. 1ml of 

TRIzol™ was added to the pellet, after which the lysate was pipetted up and down 

several times to homogenise. It was left at room temperature for 5 minutes before 

being transferred to a 1.5ml microcentrifuge tube to be stored immediately at -80oC 

until RNA extraction. 

3.5.9 CD19+ B cell RNA extraction 

As in Method 3.5.8, RNase and DNase-free filter tips and tubes were used as well as 

designated RNA pipettes. The laboratory work area was cleaned with RNaseZap™ 

prior to cell processing. 

The frozen CD19+ B cell lysate (Method 3.5.8) was thawed at room temperature 

before being mixed by pipetting.  To produce phase separation, 200µl of chloroform 

was added for every 1ml of TRIzol™ before being shaken vigorously for 15 seconds 

and incubated at room temperature for 3 minutes. The sample was centrifuged at 

12,000rcf at 4oC for 15 minutes. Following centrifugation, the mixture separates into 

a lower red, phenol-chloroform organic phase, an interphase, and a colourless upper 

aqueous phase (containing the RNA). 

The RNeasy® Mini Kits (Qiagen) were used to extract the RNA from the 

homogenised lysate as shown in Figure 3.7.  
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Figure 3.7 – Overview of the RNeasy® process to extract RNA  

The aqueous phase was carefully removed by pipetting into a new 2ml tube. One 

volume of 70% ethanol was added to the homogenised lysate and mixed well by 

pipetting. Adding ethanol promotes selective binding of RNA to the RNeasy 

membrane. In the RNeasy spin column, the total RNA binds to the membrane, 

contaminants are washed away and RNA is eluted. Up to 700µl of the sample was 

added to a RNeasy spin column and centrifuged for 15 seconds at 13,000rpm. The 

flow-through was discarded and the process repeated if sample volume exceeded 

700µl. 350µl of Buffer RW1 was added to the spin column and centrifuged for 15 

seconds at 13,000rpm. 

The flow-through was discarded and DNase Digestion was performed to reduce DNA 

contamination. 10µl of DNase I stock solution was added to 70µl Buffer RDD, before 

being mixed by inverting and brief centrifuge to collect residual liquid from the sides 

of the tube. The DNase I incubation mix (80µl) was added directly to the spin column 

membrane and left at room temperature for 15 minutes. 350µl of Buffer RW1 was 

added to the spin column and centrifuged for 15 seconds at 13,000rpm. The flow-

through was discarded and 500µl of Buffer RPE was added to the spin column and 

centrifuged for 15 seconds at 13,000rpm. After the flow-through was discarded, this 

step was repeated but with a centrifuge of 2 minutes at 13,000rpm.   

The old collection tube was discarded with the flow-through and the RNeasy spin 

column was place into a new 2ml collection tube.  This was centrifuged for one 

minute at 13,000rpm.  The RNeasy spin column was placed into a new 1.5ml tube 

and 30µl of RNase-free water was added directly to the spin column membrane.  

After incubation at room temperature for 10 minutes, the column was centrifuged for 

one minute at 13,000rpm to elute the RNA. The quantity of RNA was measured using 

1µl of each sample and a Qubit™ 4 Fluorometer before being stored at -80oC. 
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3.5.10 PBMC recovery and CD19+ purity check by flow cytometry 

Flow cytometry was performed for 3 purposes: 1) To determine the starting quantities 

of T and B cell populations in PBMCs, 2) To determine CD19+ B cell purity following 

B cell isolation, 3) To identify CD19+ B cell subpopulations.  

Prior to commencing, compensation settings were established using BD™ 

CompBeads.  These anti-mouse immunoglobulin polystyrene microparticles were 

used to optimise fluorescence compensation settings for the multicolour flow 

cytometry to correct for spectral overlap.  All flow cytometry data was recorded using 

the BD LSRFortessa™ Cell Analyzer and BD FACSDiva™ Software.  Analysis of the 

flow cytometry data was performed using FCS Express™ (Version 7). 

Flow cytometry was carried out within 18-24 hours of the cells being stored (Method 

3.5.6).  The flow cytometry staining buffer used contained 500mls PBS (Ca2+/Mg2+ 

free), 2.5g BSA, 1ml Endotoxin free 0.5M EDTA and 500µl 10% sodium azide 

solution. 

Unfixed samples of PBMCs and CD19+ B cells stored at 4oC in Eppendorf tubes were 

resuspended in PBS and centrifuged at 400rcf at 4oC for 3 minutes.  The supernatant 

was removed, and the pellet resuspended by flicking before centrifuge was repeated.  

The supernatant was again removed, and the pellet was resuspended in flow 

cytometry staining buffer. Human IgG and antibodies were added to each sample 

and mixed by pipetting. The quantities of each and flow cytometry wavelengths used 

are presented in Table 3.6.  The flow cytometry antibodies were used to identify the 

following cell populations: CD3+ +/- CD4+ T cells, CD14+ monocytes, and CD19+ B 

cells.  Human IgG (FcX blocker) was used to block nonspecific binding of antibodies 

to Fc-receptors and prevent background fluorescence. 
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Violet 

CD3 

Blue 

CD19 

Green 

CD14 

Red 

CD4 

PBMC/CD19+ 41µl 2µl 1µl 2.5µl 1µl 2.5µl 

Table 3.6 – Quantities of FACS buffer, human immunoglobulin G (hIgG), and flow 

cytometry antibodies for PBMC cell recovery and B cell purity checks.  

 

After the antibody mix was added, the sample was incubated in the dark on ice for 30 

minutes.  Following this, 100µl of FACs buffer was added before centrifuging at 

400rcf at 4oC for 5 minutes.  After removal of the supernatant and resuspension by 

flicking, the stained cells were then resuspended in 150µl of FACS buffer and 

centrifuged at 400rcf at 4oC for 5 minutes. After further removal of the supernatant 

and resuspension by flicking, the cells were resuspended in 300µl FACS buffer and 

transferred to labelled FACS tubes for processing. 

Gating strategies for PBMC cell recovery and CD19+ B cells for purity are presented 

in Figure 3.8. The PBMC samples were first gated on side-scatter area (SSC-A) and 

forward-scatter area (FSC-A) to exclude debris, which were then gated on forward-

scatter height (FSC-H) and forward scatter area (FSC-A) to exclude doublets. This 

population were then gated on SSC-A and FSC-A to identify the lymphocyte 

population.  This lymphocyte population was then gated on CD3 and CD4 to identify 

CD3+CD4+/- T cells, and SSC-A and CD14 and CD19 to identify CD14+ monocytes 

and CD19+ B cells, respectively.  

To assess B cell purity, the gating strategy was followed as above, but the total 

singlet cell population was gated to determine the CD3-CD4- population from which 

the CD19+ B cells and CD14+ monocyte populations were gated. 
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A 

 

B 

 

 

 

The cell populations are presented 

as a percentage of the total 

lymphocyte or total cell population in 

the PBMC recovery plots and B cell 

purity plots, respectively.  SSC-A: 

side-scatter area; FSC-A: forward 

scatter area; FSC-H: forward-scatter 

height. 

Figure 3.8 – Gating strategy for 

PBMC recovery (A) and B cell 

purity (B) by flow cytometry.  

 



 

 43 

3.5.11 Immunophenotyping CD19+ B cell subpopulations by flow cytometry 

The method for staining the B lymphocyte subpopulations was the same as Method 

3.5.10, apart from the addition of Zombie dye™ after the first stage of cell 

resuspension and washing to exclude the dead cell population. Following the addition 

of 0.5µl of Zombie Aqua™, the cells were incubated in the dark at room temperature 

for 10 minutes.  100µl of FACS buffer was then added to quench the dye before 

being further incubated in the dark at room temperature for 5 minutes.  The method 

continues as in 3.5.10, except for the different antibodies added for staining – the 

quantities of each and flow cytometry wavelengths used are presented in Table 3.7.  

The phenotypes of the B lymphocyte subpopulations studied are detailed in Chapter 

7: Results 4 – FACs data. 

Table 3.7 – Quantities of FACS buffer, human immunoglobulin G (hIgG), and flow 

cytometry antibodies added to each sample for B cell immunophenotyping.  

 

Gating strategies for identifying the B lymphocyte subpopulations are presented in 

Figure 3.9.  The cells were gated to exclude debris and doublets (as described in 

Method 3.5.8).  The singlets were then gated on SSC-A and Zombie dye to exclude 

the dead cells, before being gated on SSC-A and CD19 to identify the CD19+ B cell 

population. 

The CD19+ cell population was gated on CD1d and CD5 to identify the Breg(2) 

population. The CD19+ cell population was then gated on CD27 to identify the CD27+ 

and CD27- cell populations.  The CD27+ population was then gated against IgD to 

identify the switched and unswitched memory cells, CD24 to identify the Breg(1) 

cells, and the CD27++ cells were used to gate CD20- and CD38++ to identify the 

plasmablasts.  The CD27- population were gated on IgD to determine the naïve and 

double negative B cells and they were also further gated on CD24 and CD38 

followed by CD5 to determine the transitional cell population.  

Cells FACs 

buffer 

hIgG 405 

450/50 

Violet 

CD38 

405 

670/30 

Violet 

CD27 

488 

530/30 

Blue 

CD19 

488 

710/50 

Blue 

IgD 

561 

582/15 

Green 

CD1d 

561 

780/30 

Green 

CD5 

635 

670/30 

Red 

CD24 

635 

780/60 

Red 

CD20 

CD19+ 60.5µl 4µl 5µl 4µl 2.5µl 10µl 10µl 2µl 4µl 1µl 
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Figure 3.9 – Gating strategy for B lymphocyte immunophenotyping. 
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To calculate each cell subset per µl of blood, the CD19+ % was extracted from the 

PBMC flow cytometry data and multiplied by the absolute lymphocyte count (/µl 

whole blood) to determine the CD19+ B cell quantity (/µl whole blood).  The % of 

CD19+ B cells made up by each cell subset was then used to calculate each cell 

subset per µl of blood. 

3.5.12 Cytokine and chemokine ELISAs 

Commercially available sandwich ELISA kits were used to detect five cytokines 

(BAFF, IL-6, APRIL, sTACI, sBCMA) and one chemokine (CXCL13). ELISAs are a 

common technique used to measure the presence of soluble proteins in biological 

samples. Specifically, a sandwich ELISA measures an antigen (in this case a 

cytokine or chemokine) between two layers of antibodies (capture and detection 

antibody) (Figure 3.10). All the ELISAs in this study used streptavidin-horseradish 

peroxidase (HRP) conjugates and Tetramethylbenzidine (TMB) substrate solution. 

 

 

Figure 3.10 – Example of a sandwich ELISA method with Streptavidin-Biotin 

detection used in this experiment for the measurement of cytokines and chemokines.  

In each ELISA plate the serum samples were run in duplicate, and three serum 

samples were repeated on each plate in order to calculate the intra- and inter-assay 

coefficients of variation.  The assay range (including the upper (ULOD) and lower 

limits of detection (LLOD)) and sensitivities of each ELISA is shown in Table 3.8. 

 

ELISA Sensitivity Assay range 
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BAFF 6.44 pg/ml 62.5 - 4,000 pg/ml 

CXCL13 3.97 pg/ml 7.8 – 500 pg/ml 

APRIL 0.4 ng/ml 0.78-50.0 ng/ml 

IL-6 HS 0.09 pg/mL 0.2 - 10 pg/mL 

sTACI NA 93.8 - 6,000 pg/mL 

sBCMA NA 31.2 - 2,000 pg/ml 

Table 3.8 – Table of the sensitivities and assay ranges of the different ELISA kits 

used.  

BAFF ELISA 

The previously separated serum samples stored at 80oC were thawed on ice, mixed 

by vortexing and centrifuged at 10,000 rpm for 5 mins to remove any precipitate.  All 

reagents were brought to room temperature. The BAFF standard was reconstituted 

and diluted by 2-fold serial dilutions to produce the standard curve (Figure 3.11). 

Each serum sample was diluted 2-fold.  After adding 100 µL of Assay Diluent RD1-

111 to each well, 50 µL of standard, diluted serum sample, or Calibrator Diluent 

(blank well) were added. The ELISA plate was covered and incubated for 3 hours at 

room temperature on a horizontal orbital microplate shaker (0.12" orbit) set at 500 

rpm. 

The ELISA plate was decanted, and then washed four times. The washing process 

involved filling each well with Wash Buffer (400 µL) using a squirt bottle, leaving the 

wash buffer in the wells for 30 seconds, and then ensuring complete removal of liquid 

after at each wash. After the last wash, any remaining Wash Buffer was removed by 

decanting and blotting the plate against clean paper towels. 200 µL of Human BAFF 

Conjugate was added to each well, before being incubate for 1 hour at room 

temperature on the shaker. 

The wash procedure was repeated as above, before 200 µL of TMB Substrate 

Solution was added to each well. The plate was incubated for 30 minutes at room 

temperature on the benchtop, protected from the light. Following this, 50 µL of Stop 

Solution was added to each well quickly (in the same order as substrate solution was 

added).  

The optical density of each well was determined within 15 minutes, using a 

microplate reader (Varioskan™ LUX) set to 450 nm. Wavelength readings at 540nm 
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were subtracted from the readings at 450 nm. This subtraction corrected for optical 

imperfections in the plate as readings made directly at 450 nm without correction 

may be higher or less accurate. 

The following calculations were carried out on the microplate reader using SkanIt™ 

Software: 

1. Subtract wavelength readings (450nm-540nm) 

2. Average duplicate readings 

3. Subtract the reading from the blank cells 

4. Create a standard curve (4 PL) 

5. Multiple sample readings by dilution factor 

 

Figure 3.11 – Example of a BAFF standard curve generated using 2-fold serial 

dilutions of the BAFF standard. 

 

 

CXCL13 ELISA 

The serum samples were processed as in the BAFF ELISA method and the CXCL13 

standard was reconstituted and diluted by 2-fold serial dilutions to produce the 

standard curve (Figure 3.12). Each serum sample was diluted 2-fold. After adding 
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100 µL of Assay Diluent RD1S to each well, 50 µL of standard, diluted serum sample, 

or Calibrator Diluent (blank well) were added. The ELISA plate was covered and 

incubated for 2 hours at room temperature on the benchtop. 

The ELISA plate was decanted, and then washed four times as per the BAFF ELISA 

method. 200 µL of Human CXCL13 Conjugate was added to each well, before being 

incubated for 2 hours on the benchtop. The wash procedure was repeated, before 

200 µL of Substrate Solution was added to each well. The plate was incubated for 30 

minutes at room temperature on the benchtop, protected from the light. Following 

this, 50 µL of Stop Solution was added to each well quickly (in the same order as 

substrate solution was added).  

The optical density of each well was determined within 15 minutes and calculations 

undertaken as per the BAFF ELISA method; however, the standard curve was a 

log/log curve fit. 

 

Figure 3.12 – Example of a CXCL13 standard curve generated using 2-fold serial 

dilutions of the CXCL13 standard. 

IL-6 ELISA 

The serum samples were processed as in the previous ELISA methods and the IL-6 

standard was reconstituted and diluted by 2-fold serial dilutions to produce the 

standard curve (Figure 3.13). The serum sample was not diluted. After adding 100 μL 

of Assay Diluent RD1W to each well, 100 µL of standard, serum sample, or 
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Calibrator Diluent (blank well) were added. The ELISA plate was covered and 

incubated for 2 hours at room temperature on the shaker set at 500 ± 50 rpm. 

The ELISA plate was decanted, and then washed four times as described previously. 

200 µL of Human IL-6 Conjugate was added to each well, before being incubated for 

1 hour on the shaker. The wash procedure was repeated, before 200 µL of 

Streptavidin Polymer-HRP was added to each well. The plate was incubated for 30 

minutes at room temperature on the shaker. The wash procedure was repeated, 

before 200 µL of Substrate solution was added to each well after which the plate was 

incubated for 30 minutes at room temperature on the benchtop, protected from light. 

Following this, 50 µL of Stop Solution was added to each well quickly (in the same 

order as substrate solution was added).  

The optical density of each well was determined within 15 minutes and calculations 

undertaken as per the previous ELISA methods (standard curve was a 4PL curve fit). 

Figure 3.13 – Example of an IL-6 standard curve generated using 2-fold serial 

dilutions of the IL-6 standard. 

sTACI and sBCMA ELISAs 

The R&D Systems DuoSet® ELISA Kits were used for both sTACI and sBCMA 

cytokines and therefore the method undertaken was similar. The serum samples 

were processed as reported previously, and the sTACI or sBCMA standard was 
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reconstituted and diluted by 2-fold serial dilutions to produce the standard curve 

(Figure 3.14). 

Each serum sample was diluted 2-fold for sTACI, and 50-fold for sBCMA. Following 

an overnight benchtop incubation of 100 µl per well of capture antibody, the plate 

underwent three washes using a squirt bottle (as previously described). Each well 

was blocked by adding 300 µl of Reagent diluent to each well and the plate was 

incubated for one hour at room temperature, before undergoing a further three 

washes after which the sample and standards were added. Following a two-hour 

incubation at room temperature and three washes, 100 µl of detection antibody was 

added to each well.   

After a further incubation of two hours at room temperature and three washes, 

Streptavidin-HRP was added. The plate was kept out of light and incubated for 20 

minutes, before 100 µl of colour substrate solution was added.  Following a further 20 

minute benchtop incubation (protected from light), 50 µl of stop solution was added to 

each well.  

The optical density of each well was determined within 15 minutes and calculations 

undertaken as per the BAFF ELISA method. 

 

 

 

 

 

 

 

 

 

 

A 
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B 

Figure 3.14 – Example of a sTACI (A) and sBCMA (B) standard curves generated 

using 2-fold serial dilutions of the respective standards. 

 

APRIL ELISA 

The serum samples were processed, and the APRIL standard was reconstituted and 

diluted by 2-fold serial dilutions to produce the standard curve, as described in the 

previous ELISA methods (Figure 3.15). The ELISA plate was washed twice with a 

squirt bottle and thorough decanting of contents between washes as described 

above. 100 µL of each standard was added and 100 µL of Sample Diluent was added 

to the blank wells.  The serum was diluted ‘in-well’ 2-fold by adding 50 µL of Sample 

Diluent to the sample wells, followed by 50 µL of serum and 50 µL of Biotin-
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Conjugate. The plate was incubated at room temperature for 2 hours on a microplate 

shaker set at 500 rpm. 

The plate was washed six times before 100 µL of diluted Streptavidin-HRP was 

added. The plate was incubated at room temperature for 1 hour on a microplate 

shaker. The plate was then washed again six times before 100 µL of TMB Substrate 

Solution was added to all wells.  Following a 20-minute incubation in the dark, the 

enzyme reaction was stopped by quickly pipetting 100 µL of Stop Solution into each 

well. 

The optical density of each well was determined within 15 minutes. Wavelength 

readings at 620nm were subtracted from the readings at 450 nm.  

The following calculations were carried out on the microplate reader using SkanIt™ 

Software: 

1. Subtract wavelength readings (450nm-620nm) 

2. Average duplicate readings 

3. Subtract the reading from the blank cells 

4. Create a standard curve (5 PL) 

5. Multiple sample readings by dilution factor 

 

Figure 3.15 – Example of an APRIL standard curve generated using 2-fold serial 

dilutions of the APRIL standard. 
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3.5.13 CD19+ B cell mRNA sequencing (mRNAseq)  

The mRNAseq processing as described in this section was performed by Raf 

Hussain and Jon Coxhead at the Newcastle University Core Genomics Facility. 

Determining the integrity of RNA is a critical step in gene expression analysis, as 

degraded RNA samples can affect the detection of differentially expressed genes 

(Gallego Romero et al. 2014). To measure the quality and quantity of total RNA in the 

65 study samples, electrophoretic separation was performed using a Tapestation™ 

4200 machine (Agilent). The quality of RNA was determined using the RIN (RNA 

Integrity Number) which provides a measure of RNA integrity from completely intact, 

non-degraded RNA (‘10’) to total RNA degradation (‘0’).  Samples were diluted to 10 

ng and mRNA sequencing libraries were prepared using the NEBNext® Low Input 

RNA Library Prep Kit for Illumina® (New England Biolabs) following manufacturer’s 

instructions. This kit works most efficiently with high RIN values of ≥8. RIN values 

generated for the study samples are presented in Chapter 8: Results 5 – CD19+ B 

cell RNAseq data. 

A pooled library was sequenced at 60 million (2 x 100 bp) reads per sample on a 

NovaSeq 6000 S2 flow cell (llumina®) following manufacturer’s instructions. An 

overview of this process is presented in Figure 3.16. 
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Figure 3.16 – Summary of the library preparation workflow used for the NEBNext® 

Low Input RNA Library Preparation  

3.6 Data analysis 

There were two main methods of data analysis used for this study.  Firstly, the patient 

cohort was dichotomised into those that had relapsed or remitted their GD by one 

year, and this allowed the use of statistical tests that use a binary outcome. However, 

this method of analysis fails to consider the vast differences that may occur in the 
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time it takes for a patient to relapse once they have stopped their ATD. Therefore, 

survival analysis, such as Cox regression analysis, was performed which considers 

differences in the time between ATD cessation and relapse. 

3.6.1 Analysis of clinical, cytokine, KRECs and FACs data 

All analyses were performed using R Statistical Software (v4.1.2; R Core Team 

2021), with additional packages as listed in Table 3.9. 
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Package name Package version Citation 

cluster 2.1.4 Maechler et al. (2022) 

cutpointr 1.1.1 Thiele and Hirschfeld (2021) 

devtools 2.4.3 Wickham et al. (2021) 

dplyr 1.0.7 Wickham et al. (2021) 

forestmodel 0.6.2 Kennedy (2020) 

ggplot2 3.3.5 Wickham (2016) 

ggplotify 0.1.2 Yu G (2023) 

ggpubr 0.4.0 Kassambara (2020) 

glmnet 4.1.8 Tay et al. (2023) 

gtsummary 1.5.0 Sjoberg et al. (2021) 

lme4 1.1-27.1 Bates et al. (2015) 

lmerTest 3.1-3 Kuznetsova et al. (2017) 

MASS 7.3-54 Venables and Ripley (2002) 

PairedData 1.1.1 Champely (2018) 

pheatmap 1.0.12 Kolde R (2019) 

pROC 1.18.0 Robin et al. (2011) 

plotROC 2.2.1 Sachs (2017) 

rstatix 0.7.0 Kassambara (2021) 

summarytools 1.0.0 Comtois (2021) 

survival 3.3-1 Therneau (2022) 

survminer 0.4.9 Kassambara et al. (2021) 

tidyverse 1.3.1 Wickham et al. (2019) 

Table 3.9 – Additional R packages used for data analysis 

Data distribution  

Prior to data analysis the distribution of the data was determined and visualised using 

both density and Q-Q plots, to provide a visual judgment about the shape of the 

distribution and correlation between a given sample and the normal distribution, 

respectively. The Shapiro-Wilk’s test was used as a significance test comparing the 

sample distribution to a normal one to ascertain whether the data demonstrated 

deviation from normality. A P-value > 0.05 implied that the distribution of the data 

was not significantly different from normal and therefore normality was assumed.  If 

the data was not normally distributed, as in the case of the cytokine and soluble 

receptors concentrations which were all positively skewed, these values were 

analysed following natural log‐transformation. 
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TRAb values below the lower limit of detection 

A large proportion of the cohort (68%) had undetectable TRAb levels (<1 IU/L) on 

stopping ATD and therefore for the purposes of analysis the TRAb values that were 

below the assay LLOD had values imputed using the method of LLOD divided by the 

square root of 2, which has been reported to provide a good estimate of both the 

mean and standard deviation (Hornung and Reed, 1990). 

Binary outcome data 

The binary outcome of relapse or remission was used in the analysis of the clinical, 

cytokine, KRECs and FACs data to perform univariate logistic regression analyses to 

explore the unadjusted association between variables and outcome.  This was 

followed by multivariate logistic regression analyses comprising variables identified 

from the univariate analysis. A cut-off P value of ≤0.2 was used for each variable in 

the univariate analyses to determine which variables were entered into a multivariate 

analysis. This higher threshold of P value was used to reduce the risk of Type II error 

and avoid incorrectly disregarding a covariable effect (Dales and Ury, 1978, Mickey 

and Greenland, 1989).  

In all multivariate analyses performed in this study, there were several clinically 

relevant variables included in the model that were not necessarily significantly 

associated with outcome in this study but are well described in the literature to be 

associated with GD outcome, namely age, gender, goitre size, smoking status and 

TRAb titre on stopping ATD (discussed in Chapter 1: Introduction). The allowance to 

include variables such as these in multivariate analyses, even if they are statistically 

insignificant in this particular study, reflects the nature of building a model that is 

clinically relevant and translatable to clinical practice. 

Variables that did not contribute to the multivariate model (P= >0.05) were 

eliminated. The results of the multivariate analysis were visualised using the R 

programme ‘forestmodel’ to generate a forest plot including all the variables entered 

into the analysis. 

Survival analysis 

The association of variables with time to relapse of GD was performed using 

univariate Cox regression analyses.  Consistent with the binary regression analysis, 
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those with a P value of ≤0.2 were entered into a multivariate Cox regression analysis 

including the same additional clinically relevant variables. 

The fundamental assumption in the Cox model is that the hazards are proportional, 

which means that the effect of a particular variable remains constant over time.  To 

test the proportional hazards assumption for all covariates entered into Cox analyses, 

statistical tests and graphical diagnostics using scaled Schoenfeld residuals were 

undertaken. Using the R package, ‘survival’, the corresponding set of scaled 

Schoenfeld residuals for each covariate was correlated with time, to test for 

independence between residuals and time. Additionally, a global test was performed 

for the whole model. Proportionality of hazards was supported if there was a non-

significant (P=>0.05) relationship between residuals and time. 

ROC curve analysis 

A ROC curve reflects the ability of a variable to correctly classify subjects regardless 

of a specific threshold, and therefore this analysis can be useful to determine the 

most discriminating biomarker for outcome. Following ROC curve analysis, a 

threshold value needs to be determined to enable use of this variable as a diagnostic 

test, or in this case, a predictor of outcome. The optimal threshold of the ROC curve 

is the one that leads to the highest sensitivity and specificity.  

For each significant continuous variable identified from the multivariate Cox 

regression analyses, the R programme ‘cutpointr’ generated the optimal cut-off 

biomarker concentration which produced the highest sensitivity and specificity for a 

particular variable to predict relapse or remission. Confidence intervals and the area 

under the ROC curve (ROCAUC) were calculated by bootstrapping (2000 replicates) 

and using the trapezoidal rule (Lasko et al. 2005), respectively. ROC curves were 

produced using the ‘plotROC’ R package. 

The survival distributions of high and low biomarker concentrations were analysed by 

the log-rank test to determine their predictive utility for time-to-relapse after ATD 

cessation. This data is presented in Kaplan-Meier plots. 

Heatmap analysis 

The cytokine and differential gene expression heatmaps were generated using the 

package ‘pheatmap’ to visualise hierarchical clustering of samples based on cytokine 

or gene expression. Agglomerative hierarchical clustering (Saxena et al. 2017) was 
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performed, and Ward’s method (Murtagh et al. 2014) was observed to be the 

hierarchical clustering method that identified the strongest clustering structures. To 

determine the optimal number of clusters, the average silhouette method was 

performed which determines how well each object lies within its cluster with a high 

average silhouette width indicating a good quality clustering (Rousseeuw et al. 1987).  

Prior to heatmap analysis, the normalised gene read counts underwent log2(+1) 

transformation and scaling of the data was performed to assess relative differences 

in cytokine or gene expression between samples.  

Composite scores 

Composite biomarker scores were used to analyse whether a combination of the 

significant variables associated with GD outcome could have predictive value for 

relapse. Variables were selected if they were observed to be significant in the binary 

logistic and/or cox regression analyses.  Least absolute shrinkage and selection 

operator (lasso) regression was performed using the ‘glmnet’ package in R 

(Friedman J et al. 2010) to select the specific variables that had the strongest 

relationship with GD outcome. Lasso regression performs both variable selection and 

regularisation to reduce overfitting by reducing the magnitude of the regression 

coefficients, thus encouraging simpler and more interpretable models. A relaxed 

lasso regression was performed on the variables determined significant by the 

original lasso regression (Hastie et al. 2020).  The purpose of the relaxed lasso was 

to refine the shrinkage of the selected variable coefficients to improve the predictive 

accuracy of the model. 

These coefficients generated from the relaxed lasso regression provided a balanced 

weight for each variable, which was then multiplied by the respective individual 

biomarker value and added to the other variables to create a composite score.  

An example of this calculation for a four-variable biomarker composite score is shown 

below: 

Composite score = 1.7 (BAFF) + 0.83 (sTACI) + 1.62 (MLR) + 0.52 (TRAb) 

The composite scoring was also used to compare combinations of genes +/- 

biochemical biomarkers. An example of this calculation for a six-variable biomarker 

and gene composite score is shown below: 
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Composite score = 1.21 (DDX11L17) + 0.098 (POC1B) + 2.537 (SOD2) + 2.55 

(BAFF) + 0.61 (sTACI) + 0.57 (TRAb) 

The predictive performance of the top biomarker/gene composite scores were then 

evaluated using ROC curve analysis and the survival distributions of high and low 

biomarker scores were analysed by the log-rank test. 

3.6.2 Analysis of mRNAseq data  

The initial bioinformatics analysis for the mRNAseq data (apart from the multivariate 

Cox regression) was performed by Ann Hedley, Senior Experimental Scientific 

Officer, Bioinformatics Support Unit, Newcastle University. 

FASTQ files were generated from the sequencer output using Illumina’s bcl2fastq 

and quality checks on the raw data were done using FastQC (Andrews 2018) and 

FastQ Screen (Wingett et al. 2018). Alignment of the RNAseq paired-end reads was 

to the GRCh38 (Zerbino et al. 2018) version of the human genome and annotation 

using HISAT2 (Kim et al. 2015). Expression levels were determined and statistically 

analysed by a workflow combining HTSeq (Anders et al. 2014) and the R 

environment (R Core Team, 2018), utilising packages from the Bioconductor data 

analysis suite (Huber et al. 2015).  Differential gene expression (DGE) analysis was 

based on the negative binomial distribution using the DESeq2 package (Love et al. 

2014). Further data analysis and visualisation used R and Bioconductor packages. 

Software Versions of the R packages used can be found in Chapter 3: Methods. 

RNAseq analysis for DGE was initially performed using a P value (<0.05) adjusted for 

false-discovery rate (FDR), before secondary analysis was undertaken using an 

unadjusted P value of <0.001 to capture genes with a fold change of ≥ 1.6 which did 

not reach statistical significance when adjusted for FDR. The unshrunken log2 fold 

change values were used to detect subtle changes in gene expression for genes that 

were significantly differentially expressed. Further exploratory secondary analysis 

was performed using the unadjusted P value at a threshold of <0.001. 

Pathway analysis was performed using QIAGEN Ingenuity Pathway Analysis (IPA) 

(QIAGEN Inc. Available at https://digitalinsights.qiagen.com/IPA) (Krämer et al., 

2014). The differentially expressed genes entered into the pathway analysis were 

those with an unadjusted P value of <0.01 DGE between relapse and remission 

groups.  

https://digitalinsights.qiagen.com/IPA
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The association between DGE and the time-to-relapse was analysed using a 

univariate Cox Regression model.  Genes which were significantly (unadjusted P 

value <0.001) associated with time-to-relapse were entered into a multivariate Cox 

Regression model. 

3.7 Ethical approval and study governance  

The SPRING study was approved by the NHS HRA Research Ethics Committee 

(REC) in East Midlands - Leicester South (REC reference: 18/EM/0371).  Professor 

Simon Pearce was the Chief Investigator for the study, and the Newcastle-upon-Tyne 

Hospitals NHS Foundation Trust acted as Study sponsor.  All patients provided 

written informed consent before recruitment into the study, which was conducted in 

accordance with the Declaration of Helsinki (World Medical Association, 2013). The 

NIHR BioResource Steering Committee approved the use of the healthy control 

patient DNA samples from the Newcastle NIHR BioResource Centre. 
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Chapter 4: Results 1 – Clinical data 

In this results chapter, I will describe clinical characteristics of the patient cohort 

recruited to the SPRING study including patient demographics, biochemical data, 

and clinical outcome.  The clinical variables are compared between the relapse and 

remission groups and their association with time-to-relapse is analysed by Cox 

regression. 

4.1 Study procedures 

4.1.1 Patient recruitment 

A total of 68 potential patients were identified for possible recruitment to the SPRING 

study, all of whom were being considered for cessation of their ATD medication. 

Patients were recruited from March 2019 to September 2020. Out of the 68 patients 

identified, 3 declined to take part in the study and therefore 65 patients were enrolled.  

All these 65 patients met the inclusion criteria and were willing to stop their ATD 

medication. 

4.1.2 Patient outcomes 

Of the 65 patients who stopped ATD, 16 (25%) of patients had relapsed by 12 

months of study follow-up.  One patient was lost to follow-up during this 12-month 

period, but they had their thyroid function checked 2 years after stopping ATD which 

showed they remained in remission off ATD.  This means that it is very likely that this 

patient was also in remission at the 12-month timepoint, and therefore they were 

assigned the outcome of remission. The clinical outcome 12 months after ATD 

withdrawal was used for the primary analysis in this Chapter.   

4.1.3 Long-term clinical outcome 

As the length of the project was extended and the patients continued to be followed 

up routinely in the thyroid clinic or in primary care, outcomes at 2 years after stopping 

ATD were also available for all the patients.  Thyroid function checked after two years 

off ATD medication was deemed to be indicative for 2-year outcome.  Of the 

remaining 49 patients that hadn’t already relapsed by 12 months, a further 8/49 

(16%) relapsed within 2 years. Therefore, the total number of patients relapsing by 

two years was 24 (37%). More patients relapsed within the first year of stopping ATD 
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compared to the second year (16 vs. 8 patients), which is consistent with the fact that 

most GD relapses occur in the first 12 months after stopping ATD. 

A flow diagram detailing the patient recruitment and outcomes is presented in Figure 

4.1.  
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Assessed for eligbility (n=68) 

Enrolled (n=65)

Eligible and patient consent for ATD cessation (n=65)

Baseline 
bloods (n=65)

Clinical review and repeat bloods at 6-10 weeks

Follow-up for 12 
months

RELAPSE

n=16 (25%)

REMISSION

n=49 (75%)

Outcome 2 years post ATD

2 year Remission

n=41 (84%)

2 year 
Relapse

n=8 (16%)

All patients had 2 
year TFTs

No 2nd blood sample taken (n=7: 11%):

- Unable to contact (n=3)

- COVID-19 pandemic (n=4)

Declined (n=3)

 Figure 4.1 – Flow diagram detailing the patient recruitment and outcomes 

TFTs: thyroid function tests, ATD: antithyroid drug 
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4.2 Quality control 

4.2.1 Study visits 

Once patients had stopped their ATD they were reviewed again at a median of 7 

weeks later (IQR 6-10 weeks), however there were 6 patients who had their second 

blood sample taken between 11-19 weeks due to delays in them returning for a clinic 

appointment.  The distribution of the timing of each patient’s 6–10-week follow-up 

appointment is presented in Figure 4.2. 

Following this second appointment, the study patients were seen every 3 months 

when they had a clinical review and thyroid function checked. All patients, apart from 

the patient described in 4.1.2, attended for thyroid blood tests at least twice between 

the 6–10-week appointment and the last appointment at 12 months.  

 

 

Figure 4.2– The distribution of the timing of each patient’s 6–10-week follow-up 

appointment. 
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4.2.2 Missing data  

Although all 65 patients had baseline blood tests done, 7/65 (11%) did not have the 

second 6–10-week blood sample taken after stopping ATD medication.  In three 

cases this was because the patient did not return for their follow-up appointment and 

could not be contacted at the time. For the remaining 4 patients, they were unable to 

return for their follow-up appointment as they were during the ‘lockdown’ period of the 

COVID-19 pandemic and therefore they were not able to attend hospital. Other than 

this, all other prospective clinical data collected is complete. 

In terms of the retrospective clinical data collected from the electronic patient record, 

FT4 at diagnosis was unavailable for one patient and FT3 at diagnosis was 

unavailable for two patients. Six patients did not have a TRAb titre available on the 

specific date of diagnosis.  All patients had the start date of their ATD documented in 

their medical records.  

4.2.3 Assay consistency 

As patients were recruited from two different hospitals, the assays used to measure 

thyroid and TRAb concentrations differed between the two sites.  Therefore, extra 

serum was taken for the seven patients recruited at the second site and these 

samples were processed at the same laboratory as the other samples in the study to 

ensure consistency of results. The discrepancy between results was particularly 

notable for TRAb levels, where two patients had markedly different TRAb 

concentrations depending on the assay, 0.7 vs. 2.8 iU/L and 1.4 vs. 6.6 iU/L, with the 

higher results found at the central laboratory used for the study. 

4.3 Descriptive analysis 

4.3.1 Patient demographics and clinical characteristics 

The demographic details of all patients recruited to the SPRING study are presented 

in Table 4.1. 

Overall, the 65 patients that stopped ATD are largely representative of the adult 

population with GD.  The median age of patients was 49 years and 52 (82%) of the 

patients were female. Nearly a quarter of patients had had a previous relapse and 

were on their second course of ATD.  Most patients (65%) were being managed with 

ATD using a ‘block and replace’ approach, which is the commonest regimen used to 
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treat adult GD in the Newcastle thyroid clinic.  The duration of ATD was variable (12 

– 105 months), but all patients had received a minimum of 12 months of ATD 

treatment before the ATD was stopped, as per the study inclusion criteria. 

Out of the GD cohort, 21% described themselves as a ‘current smoker’ which is 

slightly higher than the prevalence of smoking described in the North-East of England 

by the Department of Health and Social Care in 2020 (15.7%) (Department of Health 

and Social Care 2023). There is minimal ethnic diversity demonstrated in the patient 

cohort, which is representative of the data from the Office for National Statistics 

where 90.6% of the North-East England population are described to be White British 

(Office for National statistics 2022). 

Prior to stopping ATD, 44 (68%) of the patients had tested negative for TRAbs (<1 

IU/L), and of those which tested positive 13 (62%) had TRAb levels <2 IU/L.  Patients 

with detectable TRAbs had ATD withdrawn in cases where they had already decided 

to stop as they no longer wanted to take medical therapy, or in two cases where they 

were thought to have negative TRAb levels as they tested negative on the TRAb 

assay at the second site, which when later repeated at the central laboratory site was 

found to be positive. Having a low or negative TRAb concentration prior to stopping 

ATD is consistent with the established management guidelines for GD and therefore 

this patient cohort represents most of the adult GD patient population at the timepoint 

of stopping ATD treatment.  
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Table 4.1 – Demographics and clinical characteristics of patients who stopped ATD.  

Demographic / Clinical variable Value 

Total number of patients who stopped ATD 65 

Age (years): median (IQR) [range] 49 (39 – 56) [20 – 80] 

Female: n (%) 53 (82%) 

Ethnicity: n (%) 
        White 
        Black African 
        Asian  

 
60 (92%) 
1 (2%) 
4 (6%) 

Smoking history: n (%) 
        Current smoker 
        Previous smoker 
        Never smoked 

 
14 (21%) 
16 (25%) 
35 (54%) 

Family history of thyroid disease in 1st degree 
relative: n (%) 

34 (52%) 

Previous history of Graves’ disease relapse: n (%) 15 (23%) 

Thyroid function at diagnosis (where available):  
median (IQR) [range] 
        TSH (miU/L) 
        FT4 (pmol/L) 
        FT3 (pmol/L) 
        TRAb (IU/L) 

 
 
<0.05 [<0.05 – 0.3] 
41.8 (33.1 – 58.2) [18.7 – >100] 
17.8 (12.9 – 25.5) [6.6 – >46.5] 
6.5 (3.6 – 11.1) [1.7 – >100] 

Time to normal TSH after ATD started (months):  
median (IQR) [range] 

5.9 (3.4 – 12.3) [1.4 – NA] 

ATD regimen: n (%) 
        BR 
        DT 

 
42 (65%) 
23 (35%) 

Duration of ATD (months): median (IQR) [range] 17 (14.3 – 23.4) [12 – 105] 

Thyroid function when stopping ATD:  
median (IQR) [range] 
        TSH (miU/L) 
        FT4 (pmol/L) 
        FT3 (pmol/L) 
        TPOAb (IU/ml) 
        TRAb (IU/L) 

 
 
1.99 (1.2 – 3.8) [< 0.05 – 36.1] 
16.5 (14.5 – 18.5) [6.5 – 32.9] 
4.3 (4 – 4.8) [3.2 – 11] 
24 (12 – 68.3) [8 – 301] 
< 1 (0 – 1.2) [<1 – 6.6] 

Goitre size on stopping ATD: n (%) 
        0 
        1 
        2 

 
21 (32%) 
33 (51%) 
11 (17%) 

Thyroid function 6-10 weeks after stopping ATD: 
median (IQR) [range] 
        TSH (miU/L) 
        FT4 (pmol/L) 
        FT3 (pmol/L) 
        TPOAb (IU/ml) 
        TRAb (IU/L) 

 
 
1.22 (0.6 – 1.7) [<0.05 – 3.5] 
16.5 (14.7 – 17.7) [11.4 – 27] 
4.8 (4.5 – 5.5) [3.8 – 9.5] 
27.5 (12.8 – 87.8) [<5 – 294] 
< 1 (0 – 0.8) [<1 – 5.8] 
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4.3.2 Distribution of Graves’ disease relapse events up to 12 months 

Of the 65 patients who stopped ATD, 16 (25%) relapsed their GD within 12 months 

after ATD withdrawal. The median (IQR) time to relapse was 187 (83 – 238) days 

and ranged from 42 – 344 days (Figure 4.3). The probability of remaining in 

remission 12 months after stopping ATD is 75% (95% confidence interval 0.66 – 

0.87). The relapse-free survival of all patients after stopping ATD is shown in Figure 

4.4. 

 

 

Figure 4.3 – The distribution of relapse events by months after ATD withdrawal. 
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Figure 4.4 – Kaplan-Meir plot of relapse-free survival of patients after stopping ATD. 

Out of the 16 patients that relapsed, 10 (63%) had a positive TRAb level (≥1 IU/L) at 

the time of stopping ATD treatment.  The median TRAb level when stopping ATD 

treatment in patients that relapsed was 1.15 (<1 – 6.6 IU/L), compared to those that 

remitted who mostly had negative TRAb levels <1 (<1 – 3.8 IU/L).  Those that 

relapsed by 12 months had significantly higher TRAb concentrations when stopping 

ATD (P=0.015) (Figure 4.5). 

Figure 4.5 – TRAb concentrations in the relapse and remission groups when 

stopping ATD. 

4.4 Comparison of the clinical and demographic variables between the relapse 

and remission groups 

The clinical characteristics and demographics of patients who stopped ATD were 

compared between the relapse and remission outcome groups, at the timepoint of 

stopping ATD treatment (Timepoint 1) and 6-10 weeks later (Timepoint 2). Statistical 
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analysis of differences in clinical and demographic variables between the two 

outcome groups was assessed by univariate binary logistic regression at diagnosis 

and Timepoints 1 and 2 (Table 4.2). 
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(a) 

(b) 

 

Variable 
(At diagnosis) 

Relapse 
group 
(n=16) 

Remission 
group 

(n = 49) 

 
B 

 
ORrelapse 

 
95% CI 

ORrelapse 

 
Univariate 

P value 

Median TRAb 
(IU/L) 

8.1 6.2 0.03 1.03 0.99 – 1.06 0.117 

Median FT3 
(pmol/L) 

20.3 16.7 0.03 1.03 0.97 – 1.09 0.301 

Median FT4 
(pmol/L) 

52.4 40 0.01 1.01 0.99 – 1.04 0.337 

Median Age 51.5 48 0.02 1.02 0.97 – 1.064 0.425 

Gender Male 
n (%) 

4 (25) 8 (16) 0.54 1.70 0.44 – 6.67 0.440 

Variable 
(Timepoint 1) 

Relapse 
group 
(n=16) 

Remission 
group 

(n = 49) 

 
B 

 
ORrelapse 

 
95% CI 

ORrelapse 

 
Univariate 

P value 

Median TRAb 
(IU/L) 

1.15** 0.63** 0.97 2.64 1.31 – 6.46 0.018* 

Median MLR 0.4 0.29 3.85 46.9 1.8 – 1255 0.021* 

ATD regimen 
DT n (%) 

3 (19) 20 (41) -1.09 0.33 0.08 – 1.33 0.119 

Goitre size 
n (%) 

0 
1 
2 

 
 

3 (19) 
9 (56) 
4 (25) 

 
 

18 (37) 
24 (49) 
7 (14) 

 
 
 

0.81 
0.81 

 
 
 

2.25 
3.43 

 
 
 

0.53 – 9.52 
0.60 – 19.4 

 
 
 

0.270 
0.163 

Median NLR 2.94 2.52 0.23 1.26 0.82 – 1.92 0.28 

Median PLR 243.7 210 0.004 1 0.99 – 1.01 0.28 

Median time to 
normal TSH 

(months) 

5.98 5.98 0.03 1.03 0.96 – 1.01 0.42 

Median duration 
of ATD 

(months) 

18.4 16.8 0.01 1.01 0.98 – 1.04 0.464 

Median TPOAb 
(IU/ml) 

41.5 22.5 -0.003 0.99 0.99 – 1 0.505 

Median FT3 
(pmol/L) 

4.2 4.3 0.16 1.18 0.71 – 1.95 0.525 

Median FT4 
(pmol/L) 

15.9 16.6 0.05 1.05 0.89 – 1.22 0.563 

Median TSH 
(miU/L) 

2.29 1.94 -0.03 1.05 0.89 – 1.13 0.718 

Current smoker 
n (%) 

3 (19) 11 (22) -0.22 0.79 0.19 – 3.31 0.754 

Previous GD 
relapse n (%) 

4 (25) 11 (22) 0.14 1.15 0.30 – 4.29 0.834 
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(c) 

 

Table 4.2 – Association of clinical variables and patient demographics with GD 

relapse by univariate logistic regression, at (a) diagnosis of GD (b) Timepoint 1: the 

time of ATD withdrawal (c) Timepoint 2: 6-10 weeks after ATD withdrawal.  

 

Out of these clinical variables, there are a total of 6 variables that are significantly 

(P<0.05) associated with GD relapse, however only 2 of these variables are known 

prior to ATD withdrawal, namely the TRAb concentration and the monocyte-

lymphocyte ratio (MLR). It is these variables that would be most useful clinically to 

help predict outcome, as they are values that could be used to inform a clinical 

decision on timing of ATD withdrawal. Although age, gender, goitre size and smoking 

are factors described in the literature to be associated with outcome of GD, there was 

no association observed in this study. Further analysis splitting the goitre variable 

into two groups on the presence or absence of a goitre (Grade 0 vs. Grade 1 and 2) 

remained non-significant (P=0.19). However, as these clinical factors have been 

reasonably well-established to be associated with GD outcome, these variables 

alongside TRAb and MLR at Timepoint 1 were entered into a multivariate binary 

logistic regression model (Table 4.3). 

Variable 
(Timepoint 2) 

Relapse 
group 
(n=16) 

Remission 
group 

(n = 49) 

 
B 

 
ORrelapse 

 
95% CI 

ORrelapse 

 
Univariate 

P value 

Median TSH 
(miU/L) 

0.32 1.4 -2.17 0.11 0.03 – 0.39 0.0006* 

Median FT3 
(pmol/L) 

5.5 4.7 1.16 3.19 1.43 – 7.14 0.004* 

Median TRAb 
(IU/L) 

0.86** 0.63** 0.90 2.46 1.27 – 5.92 0.02* 

Median MLR 0.38 0.3 4.9 148 3.9 – 7235 0.01* 

Median FT4 
(pmol/L) 

17.5 15.9 0.21 1.24 1.02 – 1.51 0.030* 

Median TPOAb 
(IU/ml) 

33 23 -0.0008 0.99 0.99 - 1 0.838 

Variable 

 

B ORrelapse 95% CI 
ORrelapse 

Multivariate 
P value 

TRAb on stopping 
ATD 

1.05 2.87 1.2 – 8 0.027* 
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Table 

4.3 – 

Association of clinical variables with occurrence of GD relapse following ATD 

withdrawal, using a multivariate binary logistic regression model.  

 

Following multivariate binary logistic regression analysis, two variables at baseline 

(Timepoint 1) were significantly (P<0.05) associated with the occurrence of a GD 

relapse, namely the TRAb concentration and MLR.  The relative contributions of each 

clinical variable to this multivariate model are presented in Figure 4.6. 

 

 

 

 

MLR 3.82 45.69 1.4 – 3267 0.04* 

Goitre size 

1 

2 

 

1 

1.92 

 

2.7 

6.8 

 

0.4 – 20.6 

0.80 – 77.7 

 

0.28 

0.09 

Gender (Male) 0.94 2.56 0.45 – 14.2 0.27 

Age -0.004 0.99 0.94 – 1.06 0.90 

Current smoker 0.08 1.09 0.19 – 5.3 0.92 
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Figure 4.6 – The association of baseline clinical variables with the occurrence of GD 

relapse following ATD withdrawal, using a multivariate binary logistic regression 

model. 4.5 Monocyte-lymphocyte ratio (MLR) 

The MLR is the absolute monocyte count divided by the absolute lymphocyte count. 

It is described as a biomarker of inflammation and was studied in relation to GD 

relapse as it has been observed to be elevated in many acute and chronic diseases 

including autoimmune disease, and in some cases associated with disease activity 

and outcome. The results of the binary logistic regression model described above 

suggest an elevated MLR is associated with GD relapse. 

TRAb

MLR

Goitre size 2

Goitre size 1

Male gender

Age

Current smoker

1 10 100 1000
Odds ratio (95% CI)
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The MLR at baseline and 6-10 weeks later was higher in the relapse patients 

(median 0.4 vs. 0.29, P= 0.02; median 0.38 vs. 0.3, P=0.01, respectively) (Figure 

4.7).  

 

 

 

 

 

 

 

 

 

 

 

Figure 4.7 – Association of the monocyte-lymphocyte ratio and outcome in GD at 

baseline (A) and 6-10 weeks later (B). 

 

Further analysis was undertaken to identify what was driving the elevated MLR by 

comparing the absolute monocyte and lymphocyte counts between the relapse and 

remission patients. There was no overall difference in the absolute lymphocyte count 

between the relapse and remission patients at baseline or 6-10 weeks (P=0.29, 

P=0.34, respectively). However, there was an observed increase in the absolute 

monocyte count in the relapse patients at 6-10 weeks (P=0.025), although this was 

not significant at baseline (P=0.07) (Figure 4.8). 

  

P= 0.02 P= 0.01 
A B 
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Figure 4.8 – Association of the absolute monocyte count and outcome in GD at 

baseline (A) and 6-10 weeks later (B). 

4.6 Application of the ‘GREAT’ predictive score for Graves’ disease outcome 

As discussed in Chapter 1: Introduction, there is currently only one validated 

predictive score available to predict outcome of GD. Retrospective analysis was 

undertaken using the ‘GREAT’ scoring criteria on the specific diagnostic variables of 

SPRING study patients (Table 4.4).  

 

 

 

 

 

 

Table 4.4 – The association of the different classes of GREAT score with outcome in 

GD patients.  

 

GREAT score 

(class) 

Relapse group (%) 
(n=16) 

Remission group (%) 

(n = 49) 

0-1 (I) 4 (25) 16 (33) 

2-3 (II) 6 (37.5) 24 (49) 

4-6 (III) 6 (37.5) 9 (18) 

A B P= 0.025 P= 0.07 
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This demonstrated that there was a relapse rate of 20% for both Class I patients and 

Class II patients and 40% for Class III patients. Thus, a higher ‘GREAT’ score 

predicted a higher risk of relapse after ATD withdrawal if in Class III but it did not 

differentiate between the low or intermediate class I and II scores. The difference 

between the groups was not statistically significant on chi square (P=0.29) or 

Kruskal-Wallis testing (P=0.28). This disparity compared to other studies that have 

demonstrated good validity of the score may be partly due to the retrospective nature 

of the analysis including differences in clinical documentation of goitre size at 

diagnosis and a shorter follow-up period to define relapse (12 months vs. >2 years). 

In addition, the ‘GREAT+’ score which includes genetic risk alleles demonstrated an 

improved predictive value for relapse when compared to just the clinical factors alone 

(Vos XG et al. 2016), and these were not measured in this study. 

4.7 Survival analysis 

The association between the clinical variables at baseline and time to relapse 

following ATD withdrawal was assessed using univariate Cox regression analysis 

(Table 4.5).  
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Table 4.5 – Association of clinical variables at baseline with timing of GD relapse 

following ATD withdrawal, using a univariate Cox regression model.  

 

The assumptions of the Cox Proportional Hazards Model were tested for each 

variable using Schoenfeld Residuals to assess proportionality of hazards (as 

described in Chapter 3: Methods. The proportional hazard assumption was 

supported by a non-significant relationship between residuals and time for each 

variable, apart from FT4 at baseline (P=0.025; Figure 4.9). However, this variable 

was not significantly associated with time to GD relapse and the global Schoenfeld 

test for the multivariate Cox regression model was not significant (P=0.20). 

Variable 

(Timepoint 1) 

 

B 

 

HRrelapse 

95% CI 
HRrelapse 

Univariate 
P value 

MLR 3.8 43 4.43 – 420 0.001* 

TRAb (IU/L) 0.38 1.5 1.12 – 1.92 0.005* 

ATD regimen DT -0.97 0.38 0.11 – 1.34 0.13 

Goitre size 

1 

2 

 

0.7 

1.1 

 

2.02 

3.03 

 

0.55 – 7.5 

0.68 – 13.5 

 

0.29 

0.15 

NLR 0.24 1.3 0.88 – 1.8 0.19 

PLR 0.004 1 0.99 – 1.01 0.23 

FT3 (pmol/L) 0.31 1.4 0.82 – 2.28 0.23 

FT4 (pmol/L) 0.07 1.1 0.92 – 1.30 0.37 

Time to normal TSH (months) 0.02 1.02 0.96 – 1.09 0.46 

Duration of ATD (months) 0.008 1 0.99 – 1.03 0.46 

TPO (IU/ml) -0.003 1 0.99 – 1.00 0.53 

TSH (miU/L) -0.03 0.97 0.84 – 1.12 0.69 

Current smoker -0.25 0.78 0.22 – 2.7 0.70 

Previous GD relapse 0.09 1.1 0.35 – 3.40 0.87 
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Figure 4.9 – Correlation of the scaled Schoenfeld residuals for FT4 against the 

transformed time (Beta(t)).  

Out of these clinical variables assessed in the univariate Cox regression analysis, 

there were two variables significantly (P<0.05) associated with time to GD relapse, 

namely the TRAb concentration and the MLR at the time of stopping ATD.  Both 

these biomarkers were also significantly associated with outcome on the binary 

logistic regression analysis.  Therefore, these two variables alongside the other 

variables included in the previous multivariate binary logistic regression analysis 

(age, gender, goitre size, smoking, TRAb level prior to stopping ATD) were entered 

into a multivariate Cox regression model (Table 4.6). 

Variable 

 

B HRrelapse 95% CI 
HRrelapse 

Multivariate 
P value 

MLR 3.69 40.1 2.18 – 739 0.013* 

Goitre size 

1 

 

0.77 

 

2.15 

 

0.5 – 9.3 

 

0.31 
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Table 

4.6 – 

Association of baseline clinical variables with timing of GD relapse following ATD 

withdrawal, using a multivariate Cox regression model.  

 

Following multivariate Cox regression analysis, two variables at baseline were 

significantly (P<0.05) associated with a faster time to GD relapse, namely the MLR 

and the presence of a size 2 goitre (Figure 4.10).  

 

2 1.82 6.6 1.1 – 39.7 0.039* 

TRAb on stopping 
ATD 

0.16 1.17 0.80 – 1.71 0.41 

Gender (Female) -0.57 0.57 0.14 – 2.24 0.42 

Age 0.02 1.02 0.97 – 1.07 0.48 

Current smoker 0.05 1.05 0.27 – 4.08 0.95 
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Figure 4.10 – The association of baseline clinical variables with timing of Graves’ 

disease relapse following ATD withdrawal, using a multivariate Cox regression 

model.  

 

4.6.1 The predictive utility of the monocyte-lymphocyte ratio, goitre size and TRAb 

concentration  

The survival distributions were analysed for the variables observed as significant on 

multivariate Cox regression analysis (baseline MLR and goitre size).  TRAb titre was 

also included as it had been significant on the univariate analysis and had a P value 

of <0.2.  

MLR

Goitre size 2

Goitre size 1

TRAb

Female gender

Age

Current smoker

1e-01 1e+00 1e+01 1e+02 1e+03
Hazard ratio (95% CI)
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ROC curve analysis was undertaken to determine the optimal TRAb and MLR 

thresholds to predict the outcome of relapse vs. remission. The R programme 

‘cutpointr’ generated the optimal cut-off which produced the highest sensitivity and 

specificity for the prediction of relapse or remission (as described in Chapter 3: 

Methods). 

The study cohort was dichotomised into high/low TRAb or MLR as described 

previously (Chapter 3: Methods). The survival distributions were analysed by the log-

rank test and are presented in Kaplan-Meier plots, with the corresponding ROC curve 

(Figure 4.11). 
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Figure 4.11 – Kaplan-Meier plots of survival following ATD cessation stratified by 

high (blue) or low (red) level of MLR or TRAb. AThe difference in survival 

distributions for the presence of an increased MLR (>0.33) and TRAb (>1.1 IU/L) met 

statistical significance (P=0.028 and P=0.00057, respectively).  For both biomarkers, 

this difference was particularly apparent beyond the first 2 months after stopping 

ATD. There was no significant difference between the survival distributions for goitre 

size (P=0.33) (Figure 4.12).  Furthermore, pairwise comparisons adjusted for multiple 

test correction (Benjamini & Hochberg) did not reveal any significant difference in 

survival distribution between any of the goitre size groups (Goitre size 0 and 1, P= 

0.42; Goitre size 1 and 2, P=0.50; Goitre size 0 and 2, P=0.41). 

Figure 4.12 – Kaplan-Meier plot of survival following ATD cessation stratified by 

goitre size; 0 (red), 1 (blue), and 2 (green).  

ROCAUC values for both MLR and TRAb thresholds to predict relapse, including their 

sensitivity, specificity, and positive and negative predictive values, is presented in 

Table 4.6.    
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Table 4.7 – ROC curve analysis of the predictive utility of MLR and TRAb biomarker 

thresholds to predict GD relapse following cessation of ATD.  

4.7 Discussion 

4.7.1 Graves’ disease patient characteristics 

The clinical and demographic characteristics of GD patients recruited to this study 

were largely representative of the typical population affected by Graves’ disease.  

Over three-quarters of the cohort were female (82%) with a median age of 49 years, 

which is consistent with the usual patients affected by GD reported in the literature 

(Hussain et al. 2017).  Most of the patients (92%) were of white ethnicity and 

therefore further studies would need to be undertaken to validate the findings in other 

ethnicities. However, the results from this study should be applicable to most 

Caucasian GD patients seen in clinical practice. 

4.7.2 Graves’ disease relapse 

In this study, of the 65 GD patients who had their ATD withdrawn, 16/65 (25%) had 

relapsed by 12 months, with 24/65 (37%) relapsing by 24 months. This is consistent 

with the literature for patients such as these that primarily had low/negative TRAb 

titres, with previous studies in those with low TRAb concentrations demonstrating 

relapse rates of 22% and 36% 12 months and 24 months after ATD cessation, 

respectively (Tun et al. 2016). 

4.7.3 Timing of Graves’ disease relapse 

The median time to patients relapsing their GD in this study was 187 days (6 

months).  Only 8 patients relapsed their GD in the second year after stopping ATD 

compared to 16 patients in the first 12 months. This is consistent with previous 

studies including a systematic review that found around two thirds of GD patients 

Baseline 
variable(s) 

ROCAUC 

(95% CI) 

Optimal 
Threshold 

Sensitivity 

(95% CI) 

Specificity 

(95% CI) 

PPV 

(95% CI) 

NPV 

(95%CI) 

MLR 0.66 

(0.49-
0.81) 

0.33   0.69 

(0.50 – 
0.85) 

0.63 

(0.46 – 1) 

0.38 

(0 – 1)  

0.86 

(0.68 – 
0.93) 

TRAb 0.72 

(0.60-
0.84) 

1.1 IU/L 

 

0.63 

(0.33 – 
0.82) 

0.80 

(0.72 – 
0.98) 

0.5 

(0.43 – 
0.86)  

0.87 

(0.79 – 
0.89) 
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experience relapse within 6-18 months after stopping ATD (Struja et al. 2017). 

However, there are many factors that may influence time to relapse including 

whether the TRAb titre was negative at the time of stopping ATD and the frequency 

of patient follow-up to detect a relapse.  Patients in this study were followed up 3 

monthly after the first two blood samples had been taken, and only one patient 

contacted in between appointments with symptoms suggestive of relapse 

necessitating an earlier blood test.  Therefore, documented time to relapse could 

vary depending on whether the individual patient proactively attends for a blood test if 

symptoms develop prior to their next appointment. However, the consistent and 

regular frequency of patient follow-up in this prospective study means that there was 

a greater accuracy in capturing the time of relapse for most patients.  

The timing of the second blood sample, most of which were taken at 6-10 weeks 

(60/65; 92%), aimed to capture the patient’s immune activity prior to a relapse 

developing to try and gain insight into the factors that could be driving or initiating a 

GD relapse. However, 4/65 (6%) patients had relapsed their GD before 10 weeks 

and therefore had relapsed by/at the time the second blood sample was taken. 

Therefore, any changes in the biomarkers of these patients may have occurred as a 

result of the ongoing immune activity or intercurrent thyrotoxicosis and may not be 

useful in the context of predicting relapse. 

4.7.4 Baseline predictors of Graves’ disease relapse 

The most clinically useful predictors of GD relapse would be those available at the 

time of stopping ATD when a clinical decision is made about whether it is the right 

time to stop treatment. There were two clinical variables associated with relapse at 

the time of stopping ATD, namely the TRAb titre and the MLR. Both these variables 

were also associated with time-to-relapse of GD on univariate cox regression 

analysis, however only the MLR and the presence of a size 2 goitre at the time of 

stopping ATD were significantly associated with time to relapse on the multivariate 

cox regression analysis. All these three variables are easily measurable in clinical 

practice, either through simple venepuncture (TRAb, MLR) or through routine clinical 

examination (goitre size).  
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TSH-receptor autoantibodies (TRAb) 

This study found that the presence of an elevated TRAb titre at the time of stopping 

ATD had the strongest association with the likelihood of a patient relapsing their GD 

and was also associated with a poorer relapse-free survival.  This is consistent with 

most previous studies that observed TRAb titre prior to stopping ATD as the most 

significant factor in predicting GD relapse (Chapter 1: Introduction).  Indeed, most of 

the patients in this study that had relapsed by 12 months had positive TRAb titres at 

the time of stopping ATD.  This explains the current guidance that advises using the 

TRAb titre prior to stopping ATD to determine which patients could consider ATD 

withdrawal (Kahaly et al. 2018).   

The presence of circulating TRAb suggests ongoing disease activity and therefore it 

is logical that TRAb levels are directly associated with the likelihood of a patient 

relapsing. However unfortunately, over half of GD patients will experience a relapse 4 

years after stopping ATD, despite having had low TRAb levels at the time of stopping 

ATD (Tun et al. 2016). Therefore, it is important to explore other measurable 

variables that may contribute to a more accurate prediction of relapse. 

Monocyte-lymphocyte ratio (MLR) 

This study found that an elevated MLR was associated with both relapse and time-to-

relapse, as well as a poorer relapse-free survival. The MLR has been proposed as a 

biomarker of inflammation for both acute and chronic disease states, and previous 

studies have observed an association with disease activity and outcome in 

autoimmune disease, including SLE and RA (Suszek et al. 2020, Du et al. 2017). 

Although monocytes are key components of the innate immune system, they also 

have a role in modulating the adaptive immune response by activating T and B 

lymphocytes through their capacity as antigen-presenting cells and their ability to 

produce proinflammatory cytokines (Kapellos et al. 2019).  Proinflammatory cytokines 

produced by monocytes include those previously observed to be elevated in GD, 

such as BAFF and IL-6 (Chapter 1: Introduction). Furthermore, circulating monocyte 

levels have been observed to be higher in GD patients, associated with active 

disease, and positively correlated to TRAb titres (Turan 2019, Chen et al. 2021). 

Monocytes have also been demonstrated to infiltrate the thyroid gland in GD (Chen 

et al. 2021). In the SPRING study although the absolute monocyte count 6-10 weeks 

after stopping ATD was associated with relapse, this association was not observed in 
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the sample taken at baseline prior to stopping ATD. However, this may be due to 

monocytic infiltration within the thyroid gland reducing circulating peripheral 

monocytes. 

The ratio of absolute monocyte to lymphocyte count is described as a biomarker of 

chronic systemic inflammation. An elevated MLR was associated with relapse and 

time-to-relapse in this study, which indicates it may be a biomarker of active GD and 

could reflect persistent inflammation within the thyroid gland, that if present at the 

time of stopping ATD, results in a higher likelihood of relapse. Given the previous 

association observed with MLR and autoimmune disease activity, the MLR may be 

directly correlated to the severity of inflammation which is why it may be associated 

with the time it takes patients to relapse. The wide confidence interval observed with 

the MLR as a variable likely reflects the small sample size in this study and therefore 

the findings would need to be validated on a larger scale. However, the MLR is an 

accessible and cost-effective biomarker, the measurement of which could easily be 

translated into routine clinical practice. 

Goitre size  

The presence of a goitre is a common clinical manifestation of GD where circulating 

TRAb stimulate the TSHR on thyroid follicular cells to promote thyroid hormone 

synthesis, resulting in diffuse enlargement of the thyroid gland.  Indeed, in this study 

even after completing at least 12 months of ATD, nearly three quarters of patients 

were observed to have a palpable goitre.  The presence of a large goitre at diagnosis 

and at the time of ATD withdrawal are well established risk factors for GD relapse 

(Chapter 1: Introduction).  A size 2 goitre (goitre visible with the head in a normal 

position) at the time of ATD withdrawal was significantly associated with time-to-

relapse on multivariate cox regression analysis. This is consistent with a previous 

study of 133 GD patients with mild to moderate goitres, which observed that those 

who had non-visible goitres after ATD treatment tended to have lower rates of 

relapse compared to those with a visible goitre (8.9% vs. 44.4%) (Liu et al. 2015).   

A quarter of patients in this study that had a size 2 goitre at the time of ATD 

withdrawal had relapsed by 12 months, with over 50% of these patients relapsing by 

24 months.  The persistent enlargement of the thyroid gland could indicate ongoing 

stimulation by TRAb, although the majority (73%) of patients with a size 2 goitre in 

this study also had negative TRAb concentrations. However, this could reflect the 
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fact that there may be circulating TRAb undetectable by current laboratory assays. 

Although in this study all the patients were clinically examined by one practitioner, the 

subjective nature of routine clinical examination and the presence of various different 

classifications of goitre size could potentially impact the usefulness of assessing 

goitre size in a standardised way. 

4.8 Summary 

The clinical and demographic features of patients in this study are consistent with the 

usual population of patients affected by GD and therefore the findings should be 

largely generalisable to most GD patients. Furthermore, the rates of relapse and 

time-to-relapse were consistent with previously reported data in the literature. 

This study emphasises the importance of TRAb concentration at the time of ATD 

withdrawal in predicting GD relapse, but also highlights that TRAb alone is 

inadequate in its predictive utility.  Similarly, goitre size is a more subjective measure 

and although associated with time-to-relapse was not able to adequately predict GD 

relapse. The MLR has not previously been studied in association with outcome in 

GD, but this study found it to be an independent biomarker for predicting relapse and 

time-to-relapse.  Additionally, the relationship between MLR and inflammation may 

provide insight into the immunopathology driving active and relapsing GD. 

All the three clinical variables discussed are easily measurable and cost-effective, as 

venepuncture and clinical examination are undertaken routinely in GD assessment. 

The use of a biomarker score encompassing different clinical variables may help to 

standardise and improve the accuracy of predicting relapse. 
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Chapter 5: Results 2 – Kappa-deleting recombination excision 

circles (KRECs) 

5.1 Introduction 

Kappa-deleting recombination excision circles (KRECs) are circular DNA molecules 

generated during B cell maturation in the bone marrow which remain present in B 

cells that have recently emigrated from the bone marrow, and therefore they provide 

a quantitative measure of B cell output.  They can also provide insight into the 

replicative activity of B cells in the peripheral compartment.  The aim of investigating 

humoral immune activity in GD using KRECs as a marker of B cell output and 

proliferation was to improve our understanding of the immunopathology driving GD, 

provide mechanistic insight into the relapse process and assess its utility as a 

potential biomarker of relapse.  

In this chapter, I present analysis of the KRECs data from SPRING study patient 

samples taken at baseline (on ATD withdrawal) and again 6-10 weeks later, aiming 

to explore differences in humoral activity between the relapse and remission patients.  

Furthermore, healthy control samples and additional hyper-and euthyroid GD 

patients were combined with the SPRING study patients to further examine the 

association between KRECs with GD and thyroid status. 

The KRECs analysis was also used in conjunction with the cytokine and flow 

cytometry data to provide insight into the contribution of these different factors to the 

underlying humoral immune activity observed in GD (Chapter 9: Integrative analysis). 

5.2 Quality control 

KRECs were quantified by real-time quantitative polymerase chain reaction (RT-

qPCR) using a comparator triple-insert plasmid (containing TREC and KREC signal 

joint (SJ) fragments and the T-cell receptor alpha constant gene (TCRAC) reference 

gene) supplied by Sottini and colleagues (Sottini et al. 2014). Both the standard 

curve and samples were run in triplicate, and 10% of samples were repeated to 

assess the inter- and intra-assay coefficient of variation.  Negative controls and 

standard curves were run on each plate and the PCR efficiency was maintained 

between 92-100% with a slope value between −3.5 ≥ −3.3. 
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5.2.1 Sample collection and processing 

The samples used in this experiment were from the blood samples collected at the 

timepoint of stopping ATD therapy and again 6-10 weeks later. The EDTA sample 

was collected at these timepoints and stored at -80OC before undergoing batch DNA 

extraction. 

DNA was available for all baseline samples, however some patients (7/65;11%) did 

not have the second 6–10-week blood sample taken either because they could not 

be contacted (3/65) or because they were unable to attend due to the COVID-19 

pandemic (4/65).   

Further analysis of KREC levels was undertaken using 67 samples of previously 

stored DNA from hyperthyroid and euthyroid GD patients recruited to an 

observational study of autoimmune disease (Pathogenesis and Treatment of 

Endocrinopathy Study). Hyperthyroidism was defined as having a suppressed TSH 

with an elevated FT3 (> 6.8pmol/L) and/or FT4 (> 22pmol/L)).  Euthyroidism was 

defined as a FT3 and FT4 within the normal reference range (FT3 3.1 – 6.8pmol/L 

and FT4 10 – 22pmol/L). 

In addition, DNA was also extracted from 140 healthy control samples provided by 

the NIHR BioResource Centre, Newcastle-upon-Tyne. Therefore, in total there were 

330 separate samples from which KREC levels were quantified (including 123 

samples from the SPRING study patients – baseline and 6-10 week samples). 

The quantity of KRECs is reported as number of KRECs per 106 cells and the 

replicative history of the B cells is reported as a ratio using the SJ and CJ Ct values.  

The calculations used for this are outlined in Chapter 3: Methods.   

5.3 Demographic and clinical data of the healthy control samples and 

hyperthyroid/euthyroid Graves’ disease samples 

The clinical and demographic characteristics of the SPRING study patients are 

presented in Chapter 4: Results 1 – Clinical. The demographic data of the healthy 

control samples used as part of this analysis is presented in Table 5.1. The age of 

the healthy control samples was closely aligned to the SPRING study patients 

(median 51 years vs. 46 years), although there were less female healthy controls 

(62% vs 82%). 
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Table 5.1 – The demographic characteristics of the healthy control samples 

compared to the SPRING patients.  

The demographic and clinical characteristics of the 67 GD patients (from the 

Pathogenesis and Treatment of Endocrinopathy Study as detailed above) used as 

part of this analysis is presented in Table 5.2. As expected, most of these GD 

patients were female which was comparable to the GD SPRING study patients (87% 

vs. 82%). 

Table 5.2 – The demographic characteristics and thyroid function results of the 

hyper- and euthyroid Graves’ disease patients, excluding the SPRING study patients.  

Demographic variable Healthy controls SPRING patients 

Total number of subjects 140 65 

Age (years): median (IQR) [range] 51 (39 – 57) [20 – 70] 49 (39 – 56) [20 – 80] 

Female: n (%) 87 (62%) 53 (82%) 

Demographic / Clinical variable Value 

Total number of hyperthyroid patients 46 

Total number of euthyroid patients 21 

Age (years): median (IQR) [range] 42 (32 – 51) [20 – 92] 

Female: n (%) 59 (87%) 

Thyroid function at time of sample (hyperthyroid 
patients): 

median (IQR) [range] 

        FT4 (pmol/L) 

        FT3 (pmol/L) 

        TRAb (IU/L) – 34/46 (74%) available 

        TPO Ab (IU/ml) – 11/46 (24%) available 

 

 

 

36 (28 – 54) [12.9 – 100] 

15.5 (10 – 30) [6.2 – 50] 

9.5 (5 – 28) [1.7 – 100] 

67 (8 – 318) [2 – 600] 

Thyroid function at time of sample (euthyroid patients): 

median (IQR) [range] 

        FT4 (pmol/L) 

        FT3 (pmol/L) 

        TRAb (IU/L) – 5/18 (28%) available 

        TPO Ab (IU/ml) – 2/18 (11%) available 

 

 

15 (13 – 18) [10.8 – 21.7] 

4.7 (4.2 – 5.5) [3.8 – 5.8] 

0 (0 – 3.6) [0 – 85.9] 

98 (81 – 116) [63 – 134] 
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5.4 KREC quantity and clinical characteristics 

5.4.1 Association of KRECs with demographic and clinical characteristics 

To evaluate the association between age and gender with KRECs, the total sample 

population was used (330 samples).  There was no significant difference in age 

between the GD and control cohorts (46 years vs. 51 years; P = 0.38), but there were 

more females represented in the GD cohort (84% vs. 62%; P = 0.00004).  However, 

there was no association found between KRECs and gender (P=0.50) or age 

(P=0.20) (Figure 5.1).  

 

Figure 5.1 – The association of gender (A) and age (B) with KRECs per 106 cells. 

There was no association observed between KRECs and smoking status (P=0.64) or 

presence of GO (P=0.83) in the 65 GD SPRING study patients where this data was 

available. 

A B 

P = 0.20 

P = 0.50 



 

 96 

5.4.2 Infective/vaccination status 

Infective status and recent vaccination both have the potential to influence dynamic B 

cell activity. In the SPRING study patients, intercurrent illness was objectively 

determined by measuring the level of the acute inflammatory marker CRP, which 

demonstrated no association with KREC level at either baseline or 6-10 weeks later 

(P=0.95, P=0.94, respectively). None of the SPRING study patients had received a 

vaccination within one month of having a sample taken. CRP levels and vaccination 

status were not available for the additional GD patient samples or the healthy 

controls. 

5.5 KRECs in Graves’ disease vs. healthy controls 

The association of KREC levels with disease status was evaluated by comparing GD 

patients with healthy controls, followed by comparisons between both hyperthyroid 

and euthyroid GD patients with healthy controls (Figure 5.2).  

There was a significantly higher quantity of KRECs per 106 cells in GD patients 

compared to controls (median 4952 vs. 2571; P= 1.5 x 10-9).  Furthermore, a Kruskal-

Wallis test revealed a significant difference between the 3 groups (controls, 

euthyroid, hyperthyroid; P= 4.5 x10-14).  Pairwise comparisons using Wilcoxon rank 

sum test with multiple test correction (false discovery rate: Benjamini & Hochberg 

(Benjamini et al. 1995)) revealed a significant difference in KRECs per 106 cells 

between controls vs. euthyroid (median 2571 vs. 4092; P= 5.7 x 10-4) and controls 

vs. hyperthyroid patients (median 2571 vs. 8614; P= 2.9 x 10-12).  There was also a 

significant difference observed between hyperthyroid vs. euthyroid GD patients 

(median 8614 vs. 4092; P= 8.8 x 10-9). This indicates that elevated thyroid hormones 

are associated with higher KREC levels, but also that regardless of thyroid hormone 

status, those with GD are more likely to have elevated KREC levels. 
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Figure 5.2– Association of KREC levels in controls vs. Graves’ disease patients 5.6 

Association of KRECs with thyroid status in Graves’ disease 

P = 1.5 x 10
-9

 

P = 2.9 x 10
-12

  

P = 5.7 x 10
-4
  P = 8.8 x 10

-9
  

A 

B 
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To further evaluate the association between thyroid status and KRECs, all 190 GD 

samples (123 from the SPRING study and 67 from the Pathogenesis and Treatment 

of Endocrinopathy Study) where thyroid biochemistry was available (FT4 (all 

samples), FT3 (187/190; 98%), TPOAb (134/190; 71%) and TRAb titre (168/190; 

88%) were entered into the correlation analysis. There was a positive correlation 

observed between KRECs and the log-transformed thyroid hormones and 

autoantibodies (FT4 (P = 1.99 x 10-5, rs = 0.30), FT3 (P = 1.77 x 10-7, rs = 0.37), 

TPOAb (P = 0.007, rs = 0.23) and TRAb (P = 1.34 x 10-5, rs = 0.33)) (Figure 5.3). 

The results of a univariate linear regression analysis to evaluate whether thyroid 

status significantly predicted KREC quantity are presented in Table 5.3. All the 

thyroid hormones and antibodies measured were significantly associated with KREC 

quantity on the univariate analysis.  

 

 

Table 5.3 – Association of the log-transformed (ln) thyroid hormones and 

autoantibodies with quantity of KRECs in Graves’ disease patients, using a univariate 

linear regression model.  

 

 

Thyroid 
hormone/antibody 

B SE B 95% CI B t Adj 
R2 

F Univariate P 
value 

ln(FT4) 38.7 11.3 16.4 – 61 3.4 0.05 11.7 7.5 x 10-4* 

ln(FT3) 42.9 9.4 24.4 – 61.5 4.6 0.10 20.9 9 x 10-6* 

ln(TRAb) 38.8 5.2 16.6 – 37.3  5.1 0.14 25.8 7.51 x 10-7* 

ln(TPO Ab) 9.3 3.9 1.6 – 17 2.4 0.03 5.7 0.019* 
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Figure 5.3 – Association between log-transformed (ln) thyroid hormones and serum autoantibodies (A FT4, B FT3, C TRAb, D TPO Ab) 

and KRECs per 106 cells. 

A B 

C D 

P = 1.99 x 10
-5
 P = 1.77 x 10

-7
 

P = 0.007 P = 7.51 x 10
-7
 



 

 100 

A multiple linear regression analysis including all four measures of thyroid status did 

not reach overall statistical significance (P=0.11), although TPO Ab remained 

statistically significant in this model (Table 5.4).  However, given the positive 

correlations that co-exist between both FT3 and FT4 thyroid hormones and 

autoantibodies it is likely that this multivariate model suffers from multicollinearity, 

which makes it challenging to distinguish between any individual effects of the thyroid 

hormones/antibodies on KRECs.  

 

 

 

 

 

 

Table 5.4 – Association of the log-transformed (ln) thyroid hormones and 

autoantibodies with quantity of KRECs in Graves’ disease patients, using a multiple 

linear regression model.  

Variance inflation factor (VIF) is used for detecting multicollinearity, which measures 

the correlation and strength of correlation between the independent variables in a 

regression model.  A value of VIF between 1-5 demonstrates a moderate degree of 

correlation which was observed with all the variables, more notable for FT4 and FT3 

with values exceeding 2 (FT4 2.05, FT3 2.002, TRAb 1.3, TPO 1.01) (Figure 5.4). 

 

Thyroid 
hormone/antibody 

B SE B 95% CI B t Multivariate 
P value 

ln(FT4) 7.9 24 -39 – 55.6 0.33 0.70 

ln(FT3) 13.7 20 -26.4 – 53.9 0.68 0.50 

ln(TRAb) -8.6 7.8 -16.4 – 14.7 -0.11 0.91 

ln(TPO Ab) 9.5 4.1 1.4 – 17.8 2.3 0.02* 
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Figure 5.4 – Barplot presenting the observed Variance inflation factor values (VIF) for 

all the variables in the multiple regression model.  

Given that FT4 and FT3 are highly correlated in this model, FT4 (which has the 

highest VIF) was removed from the regression model as its information is captured 

by including FT3 in the model. Following the removal of FT4, the VIF values for all 

the variables decreased (FT3 1.2, TRAb 1.2, TPO Ab 1.008) and this model 

demonstrated that TPOAb continued to be an independent predictor of KREC 

quantity (P=0.024) (Table 5.5). Within the 71% of patients that had a TPOAb 

measured, only 2 didn’t have a measurable value – one in each of the hypothyroid 

and hyperthyroid group. After removal of these patients from the analysis, alongside 

those that didn’t have a TPOAb measured, TPOAb remained significantly associated 

with KREC quantity (P=0.024) 

 

 

 

 

Table 5.5 – Association of the log-transformed (ln) thyroid hormones with quantity of 

KRECs in Graves’ disease patients, using a multiple linear regression model, 

excluding FT4.  

Thyroid 
hormone/antibody 

B SE B 95% CI B t Multivariate 
P value 

ln(FT3) 17.8 16 13.9 – 49.5 1.1 0.27 

ln(TRAb) -3.3 7.6 -15.4 – 14.8 -0.04 0.97 

ln(TPOAb) 9.5 4.1 1.4 – 16.7 2.3 0.024* 
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5.7 KRECs and Graves’ disease outcome 

The association between KRECs and the outcome of GD at 12 months was studied 

in the SPRING study patients both at the time of ATD withdrawal (baseline) and 6-10 

weeks later. There was no significant association between KRECs per 106 cells at 

baseline and outcome (P=0.87), however those with higher KREC levels at 6-10 

weeks were more likely to relapse (P=0.04) (Figure 5.5).  

 

Figure 5.5 – Association of KRECs per 106 cells 6-10 weeks after stopping ATD with 

outcome at one year. 

 

A multivariate logistic regression analysis was undertaken to investigate the ability of 

KRECs at 6-10 weeks to predict outcome in GD, including other factors already 

known to be associated with relapse of GD as used in previous analyses: age, 

gender, TRAb titre, smoking and goitre size (Chapter 4: Results 1 – Clinical).  This 

regression model did not demonstrate KRECs at 6-10 weeks to be independently 

 P = 0.04 
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associated with outcome (P=0.07), although as reported previously, high TRAb titre 

remained significantly associated with relapse in this model (P=0.02). 

As previously discussed in this Chapter, higher thyroid hormone levels are positively 

correlated to KRECs and it was also observed that patients at 6-10 weeks who had 

higher FT3, FT4 and TRAb were more likely to relapse (Chapter 4: Results 1 – 

Clinical).  Indeed, FT3 was positively correlated to KRECs per 106 cells in these 16 

relapsing patients (P=0.018, rs 0.58) (Figure 5.6). There was no association 

observed in these patients between KRECs and TRAb (P = 0.13) or FT4 

concentrations (P = 0.13). 

 

Figure 5.6 – Association between thyroid function and KRECs per 106 cells in the 16 

relapsing patients at 6-10 weeks.  

 

Of the 16 patients that relapsed at 12 months and 49 patients that remitted, there 

were 15/16 and 42/49 paired samples available, respectively, from both the timepoint 

of ATD withdrawal and 6-10 weeks later.  Of the relapsing patients, the majority 

(12/15; 80%) either had an increase (10/15; 67%) or stable (2/15; 13%) KREC levels 

from withdrawal of ATD to 6-10 weeks later (Figure 5.7A) compared to those that 

remitted where only 17/42 (40%) had an increase or stable KREC levels (Figure 

5.7B). This change in KRECs between the two outcome groups was nominally 

P=0.13 P=0.018 

A B 
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significant on chi-square analysis (P = 0.046). A change of less than 50 KREC copies 

from baseline to 6-10 weeks was used for the purposes of defining ‘stable’ KREC 

levels. There was a trend towards a quicker relapse in the patients that had an 

increasing or stable KREC trajectory following withdrawal of ATDs compared to those 

with falling KRECs (mean 165 vs. 243 days) (P=0.24). 

To evaluate whether KREC levels at baseline or 6-10 weeks were associated with 

the time it took patients to relapse their GD, a univariate cox regression analysis was 

performed which did not show any association between KREC levels and time to 

relapse (P=1). 
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Figure 5.7 – KRECs per 106 cells at the timepoint of stopping ATD and 6-10 weeks later in 15 of the Graves’ disease patients that 

relapsed (A) and 42 of the patients that remitted (B) at 12 months.   

A 

 

 

B 
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5.8 Longitudinal paired KRECs data 

The difference in KREC levels in the SPRING GD patients at baseline (prior to ATD 

withdrawal) and 6-10 weeks later was investigated, however there was no significant 

change in KRECs between the two timepoints (P=0.75).  This cohort was split by 

outcome to determine if there was any difference in longitudinal KREC levels 

between the relapse and remission patients.  Although there was an increase in 

KRECs observed in the relapse group from baseline to 6-10 weeks compared to a 

slight decrease in the remission group, this difference was not significant (P=0.12) 

(Figure 5.8).  

 

Figure 5.8 – KRECs per 106 cells at ATD withdrawal (Timepoint 1) and 6-10 weeks 

later (Timepoint 2), divided into relapse and remission groups. 
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Longitudinal data examining changing KREC levels following the diagnosis and 

treatment of GD was also investigated for 10 of the SPRING GD patients, where 

KREC levels were available from both diagnosis (sample storage from previous 

study) and at ATD withdrawal when they were later recruited into the SPRING study.  

The clinical and demographic characteristics of these 10 patients is presented in 

Table 5.6.  Paired analysis showed a significant decline in KRECs per 106 cells from 

diagnosis to the timepoint of stopping ATD (median 8119 vs. 3628, P= 0.0019) 

(Figure 5.9). 
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Table 5.6 – Demographic and clinical characteristics of the ten SPRING patients with 

available KREC levels at diagnosis and on stopping ATD. At 6-10 weeks after ATD 

withdrawal, there was an increase in KREC levels observed in the two patients in this 

cohort that relapsed their GD within 12 months after ATD withdrawal (Figure 5.9). 

Demographic / Clinical variable Value 

Total number of paired samples 10 

Age (years): median (IQR) [range] 46.5 (33 – 49.5) [27 – 66] 

Female: n (%) 8 (80%) 

Ethnicity: n (%) 

        White 

        Black African 

        Asian  

 

10 (100%) 

0 (0%) 

0 (0%) 

Smoking history: n (%) 

        Current smoker 

        Previous smoker 

        Never smoked 

 

3 (30%) 

4 (40%) 

3 (30%) 

Thyroid function at diagnosis:  

median (IQR) [range] 

        TSH (miU/L) 

        FT4 (pmol/L) 

        FT3 (pmol/L) 

        TRAb (IU/L) 

 

 

<0.05 [<0.01 – <0.05] 

56.6 (40.3 – 71.2) [25 – 76] 

24.9 (16.7 – 30.4) [9 – 35] 

6.9 (5.3 – 8.7) [2 – 26] 

Duration of ATD (months): median (IQR) 
[range] 

16 (14 – 16) [12 – 17] 

Thyroid function when stopping ATD:  

median (IQR) [range] 

        TSH (miU/L) 

        T4 (pmol/L) 

        T3 (pmol/L) 

        TRAb (IU/L) 

 

 

1.7 (0.6 – 2.8) [0.1 – 10] 

15.2 (14.4 – 17) [14 – 19] 

4.5 (4.2 – 5.1) [4 – 6] 

< 1 (0 – 1.1) [<1 – 2.8] 

KRECs per 106 cells at diagnosis:  

median (IQR) [range] 

8119 (4733 – 22120) [1832 – 28597] 

KRECs per 106 cells at stopping ATD:   

median (IQR) [range] 

3628 (1454 – 4406) [20 – 15540] 
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Figure 5.9 – Average number of KRECs per 106 cells at the timepoint of Graves’ 

disease diagnosis and stopping ATD in ten Graves’ disease patients (A) and 

individual longitudinal change in KRECs per 106 cells between three timepoints; 

diagnosis, stopping ATD and 6-10 weeks later (B). 5.9 Peripheral B cell replicative 

history 

As described in Chapter 3: Methods, measuring KRECs allows us to determine the 

total number of average cell divisions that B cells have undergone since their 

emigration from the bone marrow, and this reflects B cell proliferation in the 

peripheral compartment. 

To determine whether there was any association between B cell proliferation and 

outcome in GD, the average number of B cell divisions was compared between the 

relapse and remission SPRING GD patient groups at baseline and 6-10 weeks, but 

this did not reveal any significant difference (P=0.16, P=0.84, respectively). 

Unexpectedly, when healthy controls were compared to GD patients there was a 

significantly increased number of B cell divisions observed in healthy controls 

(median 1.5 vs. 0.6; P= <2 x 10-16) (Figure 5.10A).  Pairwise comparisons using 

P= 0.0019 

A 

 

 

B 
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Wilcoxon rank sum test with multiple test correction (false discovery rate: Benjamini & 

Hochberg (Benjamini et al. 1995)) revealed a significant difference in average 

number of B cell divisions between controls vs. euthyroid (median 1.45 vs. 0.74; P= 

<2 x 10-16) and controls vs. hyperthyroid patients (median 1.45 vs. 0.039; <2 x 10-16) 

(Figure 5.10B).  There was also a significant difference observed between 

hyperthyroid vs. euthyroid GD patients (median 0.74 vs. 0.039; P= 6.2 x 10-7) (Figure 

5.10B). Furthermore, a Kruskal-Wallis test revealed that overall there was a 

significant difference between the 3 groups (controls, euthyroid, hyperthyroid; P= 

<2.2 x 10-16).  These findings suggest that healthy controls have the highest 

peripheral B cell proliferative activity, followed by euthyroid and then hyperthyroid GD 

patients. 
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Figure 5.10 – Association of average number of B cell divisions in controls vs. Graves’ disease (A) and controls vs. euthyroid vs. 

hyperthyroid Graves’ disease patients (B) 

P = < 2 x 10
-16

 
P = < 2 x 10

-16
 P = 6.2 x 10

-7
 

P = < 2 x 10
-16

 

A B 
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5.10 Coding joint (B cell quantity) in Graves’ disease vs. controls 

The genomic coding joints (CJ) are found in all B cells and therefore represent 

number of circulating B cells.  The coding joint cycle threshold (Ct) values between 

GD patients and controls were statistically different with the GD patients having lower 

average Ct values (lower Ct values suggests a greater number of circulating B cells) 

(P=0.02) (Figure 5.11). There was no difference in CJ Ct values between the controls 

and hyperthyroid or euthyroid GD patients (P=0.06). 

 

Figure 5.11 – Association of coding joint cycle threshold (Ct) values in controls vs. 

Graves’ disease patients 

5.11 Discussion 

Although the importance of B cells is well-established in the immunopathology of GD, 

the specific mechanisms driving autoimmunity and relapse remain largely unknown. 

Despite their obvious relevance in autoimmune disease, KRECs are most widely 

studied alongside TRECs in the field of primary immunodeficiencies to detect B and 

P= 0.02 
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T cell developmental defects (Dasouki et al. 2020). However, in addition to the 

association of KRECs with disease status and activity in the B cell-mediated 

autoimmune condition ITP (Levy-Mendelovich et al. 2017), a recent proof-of-concept 

study demonstrated that KRECs, when used as a measure of oligoclonal peripheral 

B cell expansion, could predict response to the B-cell depleting agent Rituximab in 

children with the autoimmune disease, juvenile dermatomyositis (JDM) (Ochfeld et al. 

2022). Although KRECs have not previously been studied in GD, an increased 

concentration of TRECs has been observed in patients with GD and associated with 

thyroid status (Strawa et al. 2014).  

5.11.1 KRECs and Graves’ disease patient characteristics 

There was no association observed between KRECs and age or gender in the GD 

patients or healthy controls. This is consistent with the literature in adults reporting 

that unlike their T cell equivalent, TRECs, KRECs generally remain stable after 18 

years of age and show no association with gender (Sottini et al. 2014). There is some 

evidence that the B cell compartment can be modified by smoking and result in 

dysregulation of the humoral immune response (Qiu et al. 2017), however the lack of 

association observed between KRECs and smoking status of the GD patients in this 

study did not support any smoking-related variability in B cell activity.  

The ability of KRECs to reflect humoral immune activity indicates there is the 

potential for dynamic changes in KRECs to occur due to external factors that 

influence the activity of B cells, such as infection or vaccination.  However, there is 

limited literature on the magnitude, or not, of change in KRECs during intercurrent 

illness or after vaccination.  Recent data examining KREC levels in patients with 

acute COVID-19 infection revealed median KREC levels of 7050 per 106 cells 

(Khadzhieva et al. 2021), which is higher than the levels of both the GD patients 

(4952 per 106 cells) and healthy controls (2571 per 106 cells) observed in this study.  

Nevertheless, as indicated by the lack of association between KRECs and circulating 

CRP observed in this study, there appeared to be no relationship between KRECs 

and detectable intercurrent inflammation/infection of the SPRING study patients.  

Furthermore, none of the SPRING patients received a vaccination within 4 weeks of 

their samples being taken so vaccination is unlikely to have contributed to any 

changes observed in humoral activity in these patients. 
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5.11.2 KRECs in Graves’ disease vs. healthy controls 

In this study, elevated KRECs were observed in GD patients compared to healthy 

controls, suggesting an association with GD and increased B cell output from the 

bone marrow. Indeed, the lower average CJ Ct value observed in the GD patients 

compared to controls is consistent with this finding, as a lower CJ Ct value indicates 

increased circulating B cells. Elevated circulating B cells have previously been 

described in both untreated and treated GD patients compared to healthy controls 

(Iwatani et al. 1989, Bossowski et al. 2003).  Iwatani et al. demonstrated that the 

highest quantity of circulating B cells was observed in individuals that were 

hyperthyroid, however even those that had received ATD and were euthyroid 

continued to have higher circulating B cells compared to controls, suggesting that 

thyroid status is not the sole factor in determining B cell output. 

5.11.3 KRECs and thyroid status in Graves’ disease  

My study demonstrated that thyroid status was associated with KREC levels, as 

those with hyperthyroid GD had elevated KRECs compared to euthyroid GD patients. 

The association with thyroid status is also reflected in the notable decline in KREC 

levels observed in the untreated GD patients from diagnosis to ATD withdrawal, likely 

reflecting the fact that these patients are being rendered biochemically euthyroid by 

the ATD, and therefore KRECs are declining as the GD becomes increasingly 

inactive. Indeed, both FT3 and FT4 thyroid hormones and TRAb and TPO 

autoantibodies were observed to be positively associated with KREC levels. 

There is growing evidence of ‘bidirectional crosstalk’ between thyroid hormones and 

the immune system, with thyroid hormones proposed as direct regulators of the 

adaptive immune response and essential for primary B cell development and 

activation (Torimoto et al. 2022, Wenzek et al. 2022, Liu et al. 2022, Jaeger et al. 

2021). Specifically, FT4 concentrations have been demonstrated to be positively 

associated with circulating B lymphocytes and induce the proliferation of B cell 

subsets, including the naïve B cells (Jaeger et al. 2021). Furthermore, 

immunophenotyping studies investigating the impact of thyroid hormones on immune 

homeostasis have demonstrated the enrichment of thyroid hormone sensitive gene 

expression in B-cell functional pathways, highlighting the role of thyroid hormones in 

regulating B lymphocyte function (Jaeger et al. 2021). The increased B cell output, as 

quantified by KRECs, observed in this study of GD patients may reflect bone marrow 
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hyperactivity that could be partially secondary to hyperthyroidism.  Indeed, thyroid 

hormones are reported to be positively correlated to transitional and naïve B cells 

(Van der Weerd et al. 2013), and hyperthyroidism has been associated with the 

presence of hypercellular bone marrow, lymphocytosis, and splenomegaly, with a 

direct effect demonstrated on bone marrow activity (Axelrod et al. 1951, Foster et al. 

1999, Bloise et al. 2014). 

However, the euthyroid GD patients still had significantly higher KREC levels 

compared to controls, suggesting that regardless of thyroid hormone status, those 

with GD are more likely to have elevated circulating KREC levels.  This indicates that 

KREC levels are not only influenced by thyroid status, and they may highlight 

additional factors that have a role in disease pathogenesis. These findings provide 

insight into the influence of thyroid status on B cell activity and may facilitate our 

understanding of the impact of thyroid hormones on clinical outcome in GD. 

5.11.4 KRECs and Graves’ disease outcome following ATD treatment 

It is well-established that higher thyroid hormone and TRAb concentrations at the 

time of ATD withdrawal are associated with a greater risk of relapse in GD (Sjolin et 

al. 2019). Indeed, this study demonstrated that KREC levels at 6-10 weeks were not 

only associated with relapse by 12 months but were also positively correlated to FT3 

concentration. This indicates that elevated KRECs are, at least partially, reflecting the 

rising FT3 levels seen in patients that are beginning to relapse their GD.  

Furthermore, individuals that had falling KREC levels 6-10 weeks after ATD 

withdrawal were more likely to remit their GD, highlighting the potential association 

between KRECs and GD activity. However, the multivariate regression model 

adjusted for other factors associated with relapsing GD did not reveal KRECs as an 

independent biomarker of outcome in GD. 

5.11.5 Peripheral B cell replicative history 

Unexpectedly, this study demonstrated that those with hyperthyroid GD had the 

lowest level of peripheral B cell proliferation, followed by the euthyroid GD group, and 

then the healthy control group which had the highest B cell proliferative activity. The 

individual B cell subpopulations have differing levels of replicative activity, with 

immature B cells demonstrating substantially lower proliferative activity compared to 

their mature counterparts that have exited the highly replicative germinal centres (van 
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Zelm MC et al. 2007, Tangye SG et al. 2003). Specifically, the CD5+ naïve B 

lymphocytes have been demonstrated not to undergo proliferation in the peripheral B 

cell compartment (van Zelm MC et al. 2007). This could therefore explain why 

individuals with active hyperthyroid or inactive euthyroid GD, whom may have an 

expanded immature B cell population relative to healthy controls, might demonstrate 

lower levels of peripheral B cell replicative activity. It may also be that those with GD 

that have a greater B cell output and potentially more circulating autoreactive B cells, 

have lower levels of peripheral proliferation in order to maintain B cell homeostasis 

(Lee et al. 2020).  

An overall summary of the findings of this study including the relationship between 

GD and thyroid status with KREC levels and B cell output/proliferation is presented in 

Figure 5.12. 

 

Figure 5.12 – Summary of the findings of the KREC study examining the expansion 

of the immature B lymphocyte compartment in Graves’ disease (Lane LC et al. 2023). 

 

Further analysis to explore these observed differences is detailed in Chapter 9: 

Integrative Analysis, which analyses the KRECs in conjunction with the flow 

cytometry data of B cell subpopulations. 
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5.12 Limitations 

As this study was performed in a relatively small cohort of GD patients, the findings 

should be validated on a larger scale. Wider analysis of B cell subpopulations at 

different stages of disease activity would help to establish the role of immature B cell 

subsets in relation to GD activity. To further explore the underlying mechanism of 

KRECs and peripheral B cell replicative activity in GD, analysis of KRECs on sorted 

B cell subpopulations may provide greater insight into the functional roles of specific 

B cell subsets in the immunopathology of GD.  

5.13 Summary 

This Results Chapter presents a robust association between KRECs and GD, with 

the findings highlighting the importance of B cells in the pathogenesis of GD and the 

influence of thyroid status on B cell activity. The association between KRECs and 

thyroid status indicate a potential role for KRECs as a marker of disease activity and 

outcome in GD, although the true value of KRECs may lie in their ability to provide 

insight into the humoral immune activity of GD, rather than as a predictive biomarker 

of relapse. 
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Chapter 6: Results 3 – Cytokine and Chemokine analysis 

6.1 Introduction 

Circulating cytokines and chemokines have a key role in modulating B cell activity 

and although they are described in the pathogenesis of GD, their potential role in 

disease relapse is currently unknown.  They can be easily measured by 

venepuncture and following a simple centrifugation step to produce serum, patient 

samples can be stored frozen for periods of time, providing an appealing potential 

biomarker that could translate to clinical practice and inform patient management. 

In this Chapter I present the analysis of the cytokine and chemokine data from 

samples taken at baseline (on stopping ATD medication) and again 6-10 weeks later. 

The aim of this work was to measure the B cell cytokines/chemokines at these 

timepoints to see if they were able to differentiate between those patients who 

relapsed or remitted one year after stopping ATD treatment. Furthermore, this 

analysis was used in conjunction with the KRECs and FACs data to better 

understand the contribution of these factors to the underlying humoral immune 

activity in GD (Chapter 9: Integrative analysis). 

6.2 Quality control 

Commercially available solid phase ELISA kits were used for the detection of five 

cytokines and one chemokine (Chapter 3: Methods 3.5.10). These validated kits are 

based on the two-site sandwich principle in which two highly specific antibodies are 

used to detect the target analyte. Each cytokine/chemokine measurement was 

performed in triplicate, with negative controls on every plate. 10% of samples were 

repeated. 

6.2.1 Sample collection and processing 

The samples used in this experiment were from the first blood sample collected at 

the timepoint of stopping ATD therapy and the second blood sample collected 6-10 

weeks later. The fresh sample underwent centrifugation, and the separated serum 

was aliquoted and stored at -80OC for future batch analysis. 
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Serum was available for all baseline samples, however as discussed previously, 7/65 

(11%) of patients did not have the second 6–10-week blood sample. Cytokines and 

chemokines can degrade if left to stand at room temperature for prolonged periods of 

time. Therefore, the time from venepuncture to centrifugation was recorded for all the 

baseline and 41/65 (63%) of the 6–10-week serum samples collected, with a median 

value of 60 (IQR: 45 – 90, range 30 – 180) minutes. There was no significant 

difference between the relapse and remission groups and time to serum 

centrifugation (P=0.52) (Figure 6.1). 

Figure 6.1 – Time to commencement of serum centrifugation from the time of sample 

collection in both outcome groups. 

 

6.2.2 Coefficient of variation of ELISA kits 

The reproducibility of results obtained within and between ELISA plates is important 

to ensure that the results generated throughout an experiment are accurate and 

enable the comparison of results between samples. 

 P = 0.52 
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This reproducibility is measured as a coefficient of variation (CV) from the mean 

value. Two types of precision were considered in this experiment: the intra-assay CV 

and the inter-assay CV. Intra-assay CV describes the reproducibility between wells 

within an assay, whereas the inter-assay CV is the reproducibility between assays.  

The manufacturer stated average intra- and inter-assay CVs of the ELISA kits are 

presented in Table 6.1 (where available), alongside the CVs generated in this 

experiment for each cytokine and chemokine. 

 

Cytokine/chemokine Manufacturer This experiment 

  Mean 
Intra-assay 
CV (%) 

Mean 
Inter-assay 
CV (%) 

Mean 
Intra-assay 
CV (%) 

Mean 
Inter-assay 
CV (%) 

BAFF 5.7 10.5 4.8 11.7 

APRIL 8.1 7.1 8 11.6 

CXCL13 3.4 9.2 4.8 5.2 

sTACI NA NA 5.7 9.5 

sBCMA NA NA 5.5 11.7 

IL-6 4.1 6.5 6.2 14 

Table 6.1 – The manufacturer ELISA kits stated mean coefficient of variations (CV) 

compared to those generated in this experiment.  

 

The CVs generated from this experiment meet the acceptable limits for ELISA intra- 

and inter-assay CVs, which are <10% and <20%, respectively (Reed et al. 2002, 

Tighe et al. 2015).  

6.2.3 Limits of detection of ELISA kits 

The assay range including the upper (ULOD) and lower limits of detection (LLOD) for 

each ELISA kit is presented in Chapter 3: Methods 3.5.10. In total, there were 1474 

measurements of cytokines/chemokines recorded (including the duplicate results and 

excluding negative controls and repeats). Out of these measurements, four sample 

concentrations (all APRIL) exceeded the ULOD, whereas forty samples (9/40 APRIL, 

31/40 sTACI) had a concentration below the LLOD.   

When the sample was above the ULOD, the sample was re-diluted to a greater 

degree to achieve a value that was on the standard curve.   When the sample 

concentration was below the LLOD the sample was assigned the concentration of the 
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stated LLOD for the kit.  All the BAFF, CXCL13, IL-6, sBCMA and 92.7% of APRIL 

and 75% of sTACI had sample concentrations that were above the LLOD (Figure 

6.2). 

Figure 6.2 – The proportion of cytokine and chemokine samples which measured 

above the LLOD.  

 

6.2.4 Logarithmic data transformation 

The cytokine and chemokine values generally demonstrated a positively skewed 

dataset, and therefore the data was standardised by natural log transformation.  An 

example of this logarithmic transformation is presented in Figure 6.3. 
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Figure 6.3 – Density plots and quantile-quantile (Q-Q) plots of baseline APRIL 

concentration before (A) and after (B) natural logarithmic data transformation  

6.3 Cytokines/chemokines and clinical characteristics 

Analysis was performed to investigate for any relationships between the cytokines 

and age, gender, or smoking status. None of the cytokines or chemokines measured 

were associated with gender at any timepoint.  However, although none of the 

cytokines at baseline were associated with age, APRIL and sTACI concentrations at 

6-10 weeks, were positively and negatively correlated with age (P=0.02, rs=0.32; 

P=0.04, rs= -0.27), respectively (Figure 6.4).  

           

 

 

 

A 

B 
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Figure 6.4 – Correlations between log transformed (ln) APRIL (A) and sTACI (B) with 

age 6-10 weeks after stopping ATD.  

 

The relationship between serum cytokine concentrations and smoking status was 

explored, with a significant increase in serum APRIL concentrations found in smokers 

compared to non-smokers (P=0.002) (Figure 6.5). None of the other cytokines or 

chemokine were associated with smoking status. 

 

 

 

 

 

 

 

P=0.02  P=0.04  

A B 
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Figure 6.5 – Smoking status and log transformed (ln) APRIL concentrations 

6.4 Association of cytokines/chemokines with thyroid hormones  

The association between circulating thyroid hormones and cytokine/chemokine 

concentration was studied.  There was a positive correlation between BAFF 

concentrations and FT4 at baseline (P=0.008, rs=0.32) and FT3 (P=0.014, rs=0.32) 

at 6-10 weeks after stopping ATD (Figure 6.6), however BAFF wasn’t observed to be 

correlated with FT3 at baseline (0.42) nor FT4 at 6-10 weeks (0.069).  When the data 

from baseline and 6-10 weeks later was analysed together, BAFF was positively 

correlated with both FT4 (P=0.018, rs=0.28) and FT3 (P=0.019, rs=0.21).  There was 

no correlation between TRAb (P=0.16, P=0.97) or TPOAb (P=0.46, P=0.82) and 

BAFF at either timepoint. 

 

 

 

 

P=0.002 
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Figure 6.6 – Correlations between log transformed (ln) BAFF concentration and FT4 

at baseline (A) and FT3 at 6-10 weeks (B). 6.5 Association of 

cytokines/chemokines with CRP 

Given the dynamic nature of B cell activity with potential intercurrent illness/infection, 

a CRP was taken from the patients at both timepoints to consider any underlying 

infective illness that may have been modulating the B cell activity and affecting 

cytokine production independently of autoimmune activity. Most patients had a 

negative CRP (<1 mg/L) at both baseline (54/65; 83%) and 6-10 weeks later (46/58; 

79%). The IL-6 cytokine was found to be positively associated with CRP at both 

timepoints (P=0.002, rs=0.37; P=0.0002, rs=0.47), including after those with negative 

CRP values had been excluded (P=0.02, rs=0.68, P=0.03, rs=0.60) (Figure 6.7). 

None of the other cytokines or chemokine were associated with CRP concentration. 

 

 

 

 

 

 

P=0.014  P=0.008  

A B 

A B 

P=0.002  P=0.0002  



 

 126 

 

 

 

 

 

 

 

 

 

 

Figure 6.7 – Correlations between log transformed (ln) IL-6 concentration and CRP at 

baseline (A) and at 6-10 weeks (B), and including only those with a detectable CRP 

at baseline (C) and 6-10 weeks (D). 6.6 Association between the 

cytokines/chemokines 

Analysis was undertaken to determine the relationships between the circulating 

cytokines and chemokine concentrations at baseline and 6-10 weeks (Table 6.2).  

Circulating BAFF and CXCL13 were positively correlated at baseline and 6-10 weeks 

later (P= 0.02, P= 0.04, respectively), and IL-6 was positively correlated with both 

BAFF and CXCL13 at both timepoints (P=0.03, P=0.01; P=0.03, P=0.047, 

respectively). However, it was the soluble BAFF receptors, sBCMA and sTACI, that 
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were observed to demonstrate the strongest significant positive correlation with each 

other at both timepoints (P= 6.3x10-5, P= 2.1x10-5, respectively) (Figure 6.8).  

 

Table 6.2 – Spearman’s correlation of each log transformed (ln) B cell 

cytokine/chemokine.  

Log transformed B cell 
cytokine/chemokine 

BAFF CXCL13 sBCMA APRIL sTACI IL-6 

BASELINE ln(BAFF) rs 
P 

. 0.28 
 0.02* 

-0.29 
 0.02* 

0.22 
0.08 

-0.12 
 0.31 

0.27 
0.03* 

ln(CXCL13) rs 
P 

 . 0.18 
0.13 

-0.06 
0.62 

-0.07 
0.60 

0.31 
0.01* 

ln(sBCMA) rs 
P 

  . -0.10 
0.38 

0.47 
6.3x10-5* 

0.03 
0.80 

ln(APRIL) rs 
P 

   . 0.008 
0.94 

0.007 
0.95 

ln(sTACI) rs 
P 

    . 0.06 
0.62 

In(IL-6) rs 
P 

     . 

6-10 WEEKS ln(BAFF) rs 
P 

. 0.26 
0.04* 

-0.15 
0.24 

-0.20 
0.11 

-0.31 
0.02* 

0.29 
0.03* 

ln(CXCL13) rs 
P 

 . 0.22 
0.09 

0.04 
0.76 

0.02 
0.87 

0.26 
0.047* 

ln(sBCMA) rs 
P 

  . 0.08 
0.52 

0.53 
2.1x10-5* 

0.50 
-0.09 

ln(APRIL) rs 
P 

   . -0.002 
0.98 

0.09 
0.50 

ln(sTACI) rs 
P 

    . 0.01 
0.91 

In(IL-6) s 
P 

     . 
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Figure 6.8 – Correlations between log transformed (ln) sBCMA and sTACI 

concentrations at baseline (A) and 6-10 weeks (B). 6.7 Comparison of the 

cytokine/chemokine concentrations between the relapse and remission groups 

The cytokine and chemokine concentrations were compared between the relapse 

and remission outcome groups, at the baseline timepoint of stopping ATD treatment 

(Timepoint 1) and 6-10 weeks later (Timepoint 2). Statistical analysis of differences in 

cytokine and chemokine concentrations between the two outcome groups was 

evaluated by univariate binary logistic regression analysis at both timepoints (Table 

6.3). 
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P=6.3x10
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(b) 

 

Table 6.3 – Association of cytokines and chemokines with Graves’ disease relapse 

by univariate binary logistic regression, at (a) Timepoint 1: the time of ATD 

withdrawal (b) Timepoint 2: 6-10 weeks after ATD withdrawal.  

 

On univariate analysis, it was only the sTACI concentration at the time of stopping 

ATD that was significantly associated with relapse in GD (P=0.02), although this did 

not remain significant after Benjamini-Hochberg multiple test correction (P=0.12). The 

distributions of the cytokines at baseline by outcome are summarised in Figure 6.9. 

Cytokines at baseline with P=<0.2 on univariate analysis (sTACI, sBCMA and BAFF) 

were entered into separate multivariate binary logistic regression analyses to include 

other variables that are widely reported in the literature to be related to GD outcome 

and used in previous multivariate analyses in this study (age, gender, goitre size, 

smoking, TRAb level prior to stopping ATD) (Table 6.4).  

  

Log 
transformed 

cytokine 
(Timepoint 1) 

 
B 

 
ORrelapse 

 
95% CI ORrelapse 

 
Univariate P value 

sTACI 0.57 1.77 1.08 – 2.88 0.02* 

BAFF 2.06 7.8 0.97 – 63.6 0.05 

sBCMA 0.96 2.6 0.7 – 9.4 0.14 

CXCL13 1.27 3.6 0.45 – 28.7 0.23 

IL-6 0.46 1.58 0.73 – 3.6 0.24 

APRIL 0.34 1.4 0.74 – 2.7 0.30 

Log 
transformed 

cytokine 
(Timepoint 2) 

 
B 

 
ORrelapse 

 
95% CI ORrelapse 

 
Univariate P value 

sTACI 0.14 1.15 0.73 – 1.8 0.54 

BAFF 1.02 2.7 0.46 – 16.7 0.26 

CXCL13 1.4 3.9 0.5 – 31 0.20 

sBCMA 1.5 4.7 0.8 – 26 0.08 

IL-6 0.11 1.11 0.46 – 2.67 0.80 

APRIL 0.02 1.02 0.5 – 1.9 0.94 
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Figure 6.9 – Association of the log transformed (ln) cytokines at baseline in the 

univariate logistic regression analysis and their relation to outcome in Graves’ 

disease 

P=0.02 P=0.23  

P=0.30  P=0.14  

P=0.05  P=0.24  

 

P=0.24  
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(a) 

(b) 

 

Table 6.4 – Association of baseline cytokines with occurrence of Graves’ disease 

relapse following ATD withdrawal, using two multivariate binary logistic regression 

models, including (a) sTACI (b) sBCMA.  

 

Following multivariate binary logistic regression analyses, although BAFF was not 

independently associated with relapse (P=0.08), both the baseline sTACI (P=0.007) 

and sBCMA (P=0.036) individually were independently associated with the 

occurrence of a GD relapse alongside TRAb titre at time of stopping ATD (Figure 

6.10). Baseline sTACI on multivariate analysis remained significant (P=0.04) after 

Benjamini-Hochberg multiple test correction, unlike sBCMA (P=0.20). Goitre size 

remained non-significant on multivariate analysis with both sTACI (P=0.12) and 

sBCMA (P=0.09) when the cohort was split into two groups for analysis based on the 

presence of a goitre (Grade 0 vs. Grade 1 and 2). 

  

 
Baseline 
variable 

 
B 

 
ORrelapse 

 
95% CI 

ORrelapse 

 
Multivariate P value 

ln(sTACI) 0.85 2.3 1.3 – 4.6 0.007* 

TRAb 1.2 3.3 1.5 – 9.9 0.01* 

Goitre size 
1 
2 

 
0.5 

1.64 

 
1.6 
5.2 

 
0.28 – 11.3 
0.57 – 58.7 

 
0.59 
0.16 

Gender (Male) 1.2 3.5 0.54 – 23 0.18 

Age 0.007 1 0.94 – 1.09 0.83 

Current smoker -0.02 0.97 0.15 – 5.1 0.97 

 
Baseline 
variable 

 
B 

 
ORrelapse 

 
95% CI 

ORrelapse 

 
Multivariate P value 

ln(sBCMA) 1.82 6.1 1.3 – 39.8 0.036* 

TRAb 1.23 3.4 1.4 – 10.5 0.016* 

Goitre size 
1 
2 

 
0.97 
2.11 

 
2.6 
8.3 

 
0.45 – 18 

0.88 – 108 

 
0.28 
0.07 

Gender (Male) 1.5 4.7 0.74 – 33.3 0.10 

Age 0.001 1 0.94 – 1.08 0.78 

Current smoker 0.03 1.03 0.18 – 4.8 0.97 
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Figure 6.10 – Forest plots summarising the association of baseline sTACI (A) and 

sBCMA (B) with the occurrence of Graves’ disease relapse following ATD 

withdrawal, using a multivariate binary logistic regression model.  
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The logistic regression analysis of sTACI was repeated to exclude the 25% of values 

that were below the LLOD and had been assigned the manufacturer LLOD 

concentration in case this had affected the results. However, once these patients 

were excluded, sTACI remained associated with GD outcome on both univariate 

(P=0.016) and multivariate analysis (P=0.024). 

6.8 Heatmap analysis of cytokine expression and outcome 

Using the hierarchical clustering method as set out in Chapter 3: Methods, a 

heatmap was generated to visualise clustering of samples based on cytokine 

expression. Following hierarchical clustering there were four clusters identified within 

the heatmap (Figure 6.11). 
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Figure 6.11 – A: Silhouette plot used to determine the optimal number of clusters in 

the dataset B: Cluster dendrogram produced following hierarchical clustering to 

identify four separate clusters 

 

The clustered heatmap of cytokine/chemokine expression of all 65 patients at the 

time of stopping ATD is presented in Figure 6.12.  This clustered heatmap shows 

four separate clusters, including one (labelled ‘Group 1’) which demonstrates a group 

of patients (mainly containing relapsing patients (5/7; 71%)) with higher sTACI and 

sBCMA expression, consistent with the findings from the multivariate analysis that 

demonstrated an association with both sTACI and sBCMA and outcome (Figure 

6.10). Apart from one relapsing patient that is in a separate cluster (related to 

isolated high levels of BAFF), the other relapsing patients all fall within the same 

cluster as remission patients (labelled ‘Group 2’) and there is no discernible 

difference in cytokine expression visualised within this group of patients.   
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Figure 6.12 – Clustered heatmap of cytokine/chemokine expression at the time of 

stopping ATD.  

The two groups identified on Figure 6.12 included five (Group 1) and eleven (Group 

2) relapsing patients respectively. Additional analysis was undertaken to further 

characterise these two groups of relapsing patients (Chapter 9: Integrative analysis).  
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A heatmap was also generated to examine any clustering of cytokine/chemokine 

expression based on the time it took patients to relapse after stopping ATD. 

However, there was no clear association of cytokine/chemokine expression with 

timing of relapse (Figure 6.13).  

Figure 6.13 – Heatmap of cytokine/chemokine expression including only relapsing 

patients at the time of stopping ATD. 6.9 Longitudinal analysis: Baseline to 6-10 

weeks after ATD cessation 

Paired analysis was undertaken to investigate the change in cytokines/chemokine 

from stopping ATD to 6-10 weeks later. There was a decline in sBCMA 

concentrations from baseline to 6-10 weeks later (P=0.01), but when split into relapse 

and remission patient groups this decline was only observed as significant in the 

remission patients (P= 0.004) (Figure 6.14). For all the other cytokines/chemokine, 

there was no significant change in concentrations in the 6–10-week period following 

ATD withdrawal. 
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Figure 6.14 – Log-transformed (ln) sBCMA concentrations at ATD withdrawal 

(Timepoint 1) and 6-10 weeks later (Timepoint 2), divided into relapse and remission 

groups.  

6.10 Survival analysis 

The association between the cytokines/chemokine concentration and time-to-relapse 

following ATD withdrawal was assessed using univariate Cox regression analysis 

(Table 6.5). The assumptions of the Cox Proportional Hazards Model were tested for 

each variable using Schoenfeld Residuals to assess proportionality of hazards (as 

described in Chapter 3: Methods). The proportional hazard assumption was 

supported by a non-significant relationship between residuals and time for each 

cytokine/chemokine.   

 

P=0.42 P=0.004 
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 (a) 

 

(b) 

 

Table 6.5 – Association of cytokines/chemokines at baseline (a) and 6-10 weeks (b) 

with timing of Graves’ disease relapse following ATD withdrawal, using a univariate 

Cox regression model.  

Cytokines at baseline with P=<0.2 on univariate cox regression analysis (sTACI, 

sBCMA, IL-6 and BAFF) were entered into separate multivariate cox regression 

analyses.  These models included additional variables used in the previous logistic 

regression analysis, which are known to be associated with GD outcome (age, 

gender, goitre size, smoking, TRAb level prior to stopping ATD) (Table 6.6). 

  

(a) 

Baseline log-transformed 
cytokine/chemokine 

B HRrelapse 95% CI 
HRrelapse 

Univariate 
P value 

ln(sTACI) 0.46 1.6 1.08 – 2.3 0.019* 

ln(BAFF) 1.7 5.2 1.3 – 21 0.023* 

ln(sBCMA) 0.78 2.2 0.8 – 5.9  0.12 

In(IL-6) 0.43 1.5 0.8 – 2.9  0.18 

ln(CXCL13)  1.1 2.9 0.5 – 16 0.2 

ln(APRIL)  1.3 1.1 0.78 – 2.2 0.29 

6-10 weeks log-transformed 
cytokine/chemokine 

B HRrelapse 95% CI 
HRrelapse 

Univariate 
P value 

ln(sTACI) 0.12 1.1 0.76 – 1.7 0.54 

ln(BAFF) 0.98 2.7 0.64 – 11 0.18 

ln(sBCMA) 1.2 3.2 0.9 – 10  0.06 

ln(IL-6) 0.09 1.1 0.5 – 2.22 0.79 

ln(CXCL13)  1.1 3.1 0.6 – 15 0.16 

ln(APRIL)  0.02 1 0.6 – 1.7 0.94 
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(b) 

 

 

 

  

Baseline cytokine B HRrelapse 95% CI 
HRrelapse 

Multivariate P value 

ln(sTACI) 0.62 1.86 1.2 – 2.9 0.007* 

TRAb  0.55 1.7  1.1 – 2.6 0.009* 

Goitre size 

1 

2 

 

0.3 

1.29 

 

1.4 

3.6 

 

0.3 – 6 

0.6 – 21  

 

0.69 

0.14 

Gender (Male) 0.73 2 0.5 – 8 0.29 

Age 0.01 1 0.95 – 1.08  0.70 

Current smoker -0.06 0.94 0.2 – 3.8 0.93 

 

Baseline cytokine 

 

B 

 

HRrelapse 

 

95% CI 
HRrelapse 

 

Multivariate P value 

ln(sBCMA) 1.1 3 0.9 – 10.6 0.09 

TRAb  0.37 1.5  1.01 – 2.07  0.04* 

Goitre size 

1 

2 

 

0.46 

1.6 

 

1.6 

5.1 

 

0.4 – 6.9 

0.9 – 30  

 

0.54 

0.07 

Gender (Male) 1.6 2.5 0.7 – 9.4  0.17 

Age 0.00
7 

1 0.95 – 1.07  0.71 

Current smoker -0.07 0.92 1.07 – 2.05 0.97 
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(c) 

 

(d) 

Table 6.6 – Association of the cytokines (a) sTACI (b) sBCMA (c) BAFF (d) IL-6, with 

timing of Graves’ disease relapse following ATD withdrawal, using multivariate Cox 

regression models.  

 

The multivariate Cox regression models demonstrated that sTACI, BAFF and IL-6 

were independently associated with time to GD relapse, and in each model the TRAb 

concentration at the time of stopping ATD was the only other factor consistently 

associated with time-to-relapse. These three cytokines that remained significantly 

 

Baseline cytokine 

 

B 

 

HRrelapse 

 

95% CI 
HRrelapse 

 

Multivariate P value 

ln(BAFF) 1.8 5.8 1.3 – 26.3 0.02* 

TRAb  0.4 1.5  1.03 – 2  0.03* 

Goitre size 

1 

2 

 

0.76 

1.73 

 

2.1 

5.6 

 

0.43 – 8.9 

0.9 – 34  

 

0.33 

0.06 

Gender (Male) 0.97 2.7 0.7 – 10.6  0.17 

Age 0.02 1 0.96 – 1.06  0.53 

Current smoker -0.55 0.57 0.15 – 2.2 0.42 

 

Baseline cytokine 

 

B 

 

HRrelapse 

 

95% CI 
HRrelapse 

 

Multivariate P value 

ln(IL-6) 0.76 2.14 1.02 – 4.5 0.04* 

TRAb  0.41 1.5  1.1 – 2.2 0.03* 

Goitre size 

1 

2 

 

0.73 

1.85 

 

2.08 

6.4 

 

0.46 – 9.4 

1.10 – 36.9  

 

0.34 

0.038* 

Gender (Male) 0.76 2.13 0.5 – 8.8  0.30 

Age 0.01 1 0.96 – 1.06  0.56 

Current smoker -0.35 0.70 0.18 – 2.7 0.61 
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associated with time-to-relapse on individual multivariate Cox regression models 

were then all entered together into a multivariate cox regression analysis (Table 6.7). 

 

Table 6.7 – Association of the cytokines (sTACI, IL-6 and BAFF) together, with timing 

of Graves’ disease relapse following ATD withdrawal, using a multivariate Cox 

regression model.  

 

Following this analysis, baseline sTACI, and TRAb titre remained independently 

associated with a shorter time-to-relapse (P=<0.05). The results of the multivariate 

cox regression analysis are summarised in Figure 6.15.   

  

 

Baseline variable 

 

B 

 

HRrelapse 

 

95% CI HRrelapse 

 

Multivariate P value 

ln(sTACI) 0.83 2.23 1.35 – 3.89 0.002* 

TRAb  0.65 1.9  1.2 – 3 0.006* 

ln(BAFF) 1.42 4.13 0.63 – 27 0.14 

ln(IL-6) 0.69 2 0.75 – 5.34 0.16 

Goitre size 

1 

2 

 

0.75 

1.38 

 

2.1 

3.9 

 

0.39 – 11.6 

0.5 – 26.9  

 

0.39 

0.16 

Gender (Male) 0.51 1.7 0.37 – 7.5  0.50 

Age 0.009 1.009 0.95 – 1.08  0.77 

Current smoker -0.30 0.74 0.21 – 2.9 0.71 
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Figure 6.15 – Forest plot summarising the association of baseline sTACI, IL-6 and 

BAFF with the timing of Graves’ disease relapse following ATD withdrawal, using a 

multivariate cox regression model. 6.11 Cytokine ROC curve analysis 

ROC curve analysis was undertaken to assess the performance of different 

cytokine/chemokine biomarker(s) in distinguishing between the outcome of relapse 

vs. remission. The R programme ‘cutpointr’ generated the optimal cytokine 

concentration cut-off which produced the highest sensitivity and specificity of a 

specific cytokine for the prediction of relapse or remission (Chapter 3: Methods).  

Given their observed significance in the multivariate logistic and/or cox regression 

model, baseline sBCMA, sTACI, BAFF and IL-6 levels were analysed. The study 

ln(sTACI)

TRAb

ln(sBAFF)

ln(IL6)

Goitre size 2

Male gender
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Current smoker
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cohort was dichotomised into high/low cytokine concentrations as described 

previously (Chapter 3: Methods). The survival distributions of these cytokines were 

analysed by the log-rank test and are presented in Kaplan-Meier plots, including the 

ROC curves for each cytokine in Figure 6.16. 
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Figure 6.16 – Kaplan-Meier plots of survival following ATD cessation stratified by 

high (blue) or low (red) level of cytokine. A: sTACI; B: BAFF; C: sBCMA, D: IL-6.  

ROCAUC values for each cytokine to predict relapse, including their sensitivity, 

specificity, and positive and negative predictive values, is presented in Table 6.8. 
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1.58 

 

AUC 0.58 
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Table 6.8 – ROC curve analysis of the predictive utility of sTACI, BAFF, sBCMA and 

IL-6 biomarker thresholds to predict Graves’ disease relapse following cessation of 

ATD.  

 

The difference in survival distributions for the presence of an increased sTACI 

(>360.4 pg/ml) and sBCMA (>56000 pg/ml) met statistical significance.  For sTACI, 

this difference was particularly apparent beyond the first 2 months after stopping 

ATD, whereas with sBCMA, the survival difference was more notable from around 7 

months after stopping ATD. In contrast, there was no significant difference in survival 

distributions for BAFF or IL-6, although this was on the borderline of statistical 

significance in the former (P=0.05). ROC curve analysis was also performed to 

assess the performance of these cytokines when used in combination with each 

other and other variables (Chapter 9: Integrative analysis). 

6.12 Discussion 

Cytokines form a crucial part of the autoimmune response and have an important 

role in modulating adaptive immunity (Moudgil KD et al. 2011). Circulating peripheral 

cytokines can interact synergistically to drive inflammation and autoimmunity, 

 

Baseline 
variable(s) 

 

ROCAUC 

(95% CI) 

 

Optimal 
Threshold 

 

Sensitivity 

(95% CI) 

 

Specificity 

(95% CI) 

 

PPV 

(95% CI) 

 

NPV 

(95%CI) 

sTACI  0.66 

(0.52-
0.86) 

360.4 pg/ml   0.68 

(0.5 – 0.8) 

0.65 

(0.47 – 1) 

0.39 

(0.32 – 
0.8)  

0.86 

(0.77 – 
0.90) 

BAFF 0.64 

(0.49-
0.77) 

1171 pg/ml 0.75 

(0.37 – 1) 

0.53 

(0.20 – 
0.93)  

0.34 

(0.29 – 
0.8)  

0.87 

(0.77 – 1) 

sBCMA 0.59 

(0.43-
0.76) 

56000 pg/ml 0.44 

(0.27 – 
0.75) 

0.90 

(0.73 – 
0.98) 

0.58 

(0.31 – 
0.68)  

0.83 

(0.78 – 
0.91) 

IL-6 0.58 

(0.43-
0.71) 

1.58 pg/ml 0.56 

(0.27 – 
0.76) 

0.63 

(0.10 – 1) 

0.33 

(0.22 – 
0.80) 

0.82 

(0.76 – 1) 
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creating a pro-inflammatory state often described in autoimmune disease (Cassese 

G et al. 2003, Wahren-Herlenius et al. 2013). Several different cytokines, including 

IL-6 studied in this Chapter, have been implicated in GD pathogenesis and 

suggested as potential biomarkers for disease activity (Pedro AB et al. 2011).  

Despite their relevance as a reflection of autoimmune activity, the use of cytokines as 

a predictive tool for GD outcome following the cessation of ATD has not previously 

been studied. In this Chapter, the relationship between cytokine/chemokine activity 

and outcome of GD was explored. The association between inflammatory status and 

thyroid hormones/autoantibodies with cytokines was also investigated.  

6.12.1 Cytokines and Graves’ disease patient characteristics  

Age, gender, and smoking status are all variables that have been described to 

influence an individual’s cytokine dynamics (Ter Horst R et al. 2016). There is a 

growing body of evidence regarding the presence of sex-based differences in forming 

an immune response, through genetic or hormonal mediators, that result in variations 

to the activity, distribution and production of cytokines and chemokines (Klein et al. 

2016). Indeed, oestrogen has been implicated as a factor modulating BAFF 

expression in GD (Cheng CW et al. 2021).  However, my study found no relationship 

between any of the cytokine concentrations and gender of the patients.  Regardless, 

as male gender is associated with an increased risk of relapse in GD, gender was 

included as a factor in all multivariate analysis of the cytokines. 

Immunosenescence associated with increasing age has also been suggested to 

trigger cytokine dysregulation resulting in a pro-inflammatory state (Rea et al. 2018).  

Although my study did find a weak positive correlation between APRIL and patient 

age, this finding was only apparent at the 6-10 week sample and conversely, at this 

timepoint there was also a negative correlation found with age and sTACI. Despite 

these unclear findings, as age is a clinical variable already known to be associated 

with likelihood of relapse in GD, it was included as a factor in all multivariate analyses 

of the cytokines. 

Smoking status is another factor known to be associated with relapse in GD.  

Exposure to cigarette smoke is described to affect both the innate and adaptive 

immune response and directly affect cytokine secretion, with current smokers 

demonstrating an increased inflammatory response to stimulation (Saint-André et al. 

2024). My study found that out of the cytokines measured it was only APRIL that was 
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found to be associated with smoking status, with significantly elevated levels 

demonstrated in those described as current smokers. Serum APRIL has previously 

been found to be elevated in smokers compared to non-smokers (Gümüş P et al. 

2014). As well as age and gender, smoking status was also included as a factor in all 

multivariate analyses of the cytokines. 

6.12.2 Cytokines and thyroid status 

The proposed bidirectional ‘crosstalk’ between thyroid hormones and the immune 

system suggest that thyroid status can directly affect immune homeostasis, and 

conversely components of the immune system may interfere with the regulation of 

systemic thyroid hormone levels (Wenzek C et al. 2022). Serum BAFF in patients 

with GD has been described as elevated compared to healthy controls and positively 

correlated with FT4, FT3 and TRAb (Liu S et al. 2022, Cheng CW et al. 2021). 

Elevated levels of FT3 have been described to induce overexpression of BAFF in 

thyroid follicular cells affecting adaptive immunity by promoting the differentiation of 

autoreactive B cells (Liu S et al. 2022). In my study BAFF was found to be positively 

correlated with both FT3 and FT4, although there was no correlation with the thyroid 

autoantibodies. Therefore, it is possible that patients with higher thyroid hormone 

concentrations which are potentially driving BAFF secretion, may be more likely to 

demonstrate dysregulated autoreactive B cell differentiation affecting GD activity. 

6.12.3 Cytokines and inflammatory status 

Cytokines have a diverse and pleotropic role in orchestrating antigen-specific 

immune responses and inflammatory reactions (Kany S et al. 2019). They are used 

in clinical practice to monitor inflammatory disease activity and have been shown to 

correlate with disease activity in GD (Pedro AB et al. 2011). Elevated levels of IL-6 

and IL-6 receptor have been reported in the serum of GD patients (Salvi et al. 1996), 

and Pedro et al. reported that untreated GD patients had higher IL-6 levels compared 

to controls (3.0 vs. 5.0 pg/ml), which fell significantly once euthyroid on during ATD 

treatment. Most of the patients in my study were euthyroid at the time the sample 

was taken, as they were either still taking or had recently finished ATD which may 

explain why the IL-6 was not elevated in most of these patients.  

Although IL-6 was not associated with GD outcome in my study, it was found to be 

positively correlated with CRP at both measured timepoints. Consistent with this, IL-6 
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is known to stimulate the secretion of the acute phase reactant CRP and has been 

implicated in activating and maintaining an inflammatory response in both acute and 

chronic inflammation in autoimmunity (Hirano T 2021).  Cytokines including IL-6 have 

been demonstrated to be produced by both intrathyroidal lymphocytes and thyroid 

follicular cells (Weetman AP et al. 1997) and have been proposed as a target for 

novel immunomodulatory therapies in GD and GO (Lane et al. 2020, Fallahi P et al. 

2021). Secretion of IL-6 by thyroid follicular cells has been associated with the 

degree of lymphocytic infiltrate within the thyroid (Grubeck-Loebenstein B et al. 

1989).  ATD have been shown to inhibit IL-6 production from the thyroid follicular 

cells and reduce thyroid lymphocytic infiltrate, highlighting the potential 

immunomodulatory role of ATD in enabling remission of GD and possibly explaining 

the low levels of IL-6 seen in patients in my study on ATD (Weetman AR et al. 1992).  

The elevated levels of IL-6 associated with CRP in my study may suggest that these 

patients were experiencing an acute intercurrent illness, however in only one case 

did a patient subjectively report a recent history of illness and there was no history of 

recent vaccinations (< 4 weeks) that could account for these elevated levels.  As both 

CRP and IL-6 can be raised in both acute and chronic inflammatory states, elevated 

levels in these patients may reflect lymphocytic infiltrate and inflammation of the 

thyroid gland. 

6.12.4 Relationships between circulating cytokines 

Cytokines are often secreted together by the same immune cells and work 

synergistically or antagonistically to produce an immune response. The cytokines 

measured in this study are all closely related to B cell activity.  BAFF was found to be 

positively correlated to both CXCL13 and IL-6 at both timepoints in my study, which 

is consistent with previous findings in autoimmune disease (Salazar-Camarena DC et 

al. 2020, Traianos EY et al. 2020). BAFF, CXCL13 and IL-6 all have roles in 

enhancing B cell activity (Chapter 1: Introduction).  CXCL13 forms a chemokine axis 

with the receptor CXCR5 expressed on B cells, and promotes chemotaxis, germinal 

centre formation and differentiation of B cells into memory and plasma cells (Pan Z et 

al. 2022).  CXCL13 and CXCR5 mRNA levels in thyroid tissue have been 

demonstrated to directly correlate with the number of focal lymphocytic infiltrates and 

germinal centres in the thyroid (Aust G et al. 2004).  Similarly, IL-6 is produced by 

activated B cells and thyroid follicular cells and has been demonstrated as critical for 
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germinal centre formation (Arkatkar T et al. 2017). The production of IL-6 in the 

thyroid may promote ectopic germinal centre formation and contribute to the thyroid 

as a site for autoantibody synthesis in GD (Weetman AP et al. 1997).  

BAFF has been demonstrated to induce both IL-6 production and enhance the 

chemotactic response of B cells to CXCL13, specifically notable in increasing the 

chemotaxis of memory B cells (Yoshimoto K et al. 2011, Badr G et al. 2008). 

Therefore, the positive association of both these cytokines with BAFF may reflect 

their apparent synergistic role in promoting autoreactive B cell proliferation and 

survival through enhanced ectopic germinal centre activity in the thyroid.  

Both BAFF and APRIL regulate B cell homeostasis by binding to their receptors 

BAFFR, TACI and BCMA (Meinl E et al. 2021). The soluble forms of the latter two 

receptors measured in this study, sTACI and sBCMA, are cleaved and shed from the 

membrane of activated late-stage B cells (memory/plasma cells) (Meinl E et al. 

2021).  In my study, both these soluble receptors were found to be strongly positively 

correlated with each other at both timepoints, which would be consistent in the 

context of their likely joint secretion in an activated B cell environment.  Indeed, 

previous studies have also reported this positive correlation between sTACI and 

sBCMA (Thaler FS et al. 2017). Once secreted, sBCMA and sTACI are reported to 

act as decoy receptors blocking BAFF and APRIL (Meinl E et al. 2021), which may 

explain why there was some negative correlation found in my study between BAFF 

and sBCMA and sTACI, although this wasn’t consistent at both timepoints and isn’t a 

consistent finding in previous studies (Alfaro R et al. 2022). 

6.12.5 Cytokines and Graves’ disease outcome following ATD treatment 

As discussed previously, the cytokines measured in this study have key roles in 

modulating the humoral immune response and therefore may be important 

biomarkers of outcome in GD.  In multivariate analysis, both sTACI and sBCMA at 

the time of stopping ATD were independently associated with relapse of GD.  As 

expected, an elevated TRAb level at the time of stopping ATD was also consistently 

associated with relapse in all multivariate analysis.  

On longitudinal analysis, sBCMA only fell significantly in the remission patients but 

remained high in the relapse patients at 6-10 weeks after stopping ATD, again 

suggesting a potential role of sBCMA in GD relapse. In addition, survival analysis 

also demonstrated that those with a high sBCMA or sTACI at the time of stopping 
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ATD had a poorer relapse free survival.  This suggests that alongside TRAb, sTACI 

and sBCMA concentration at the time of stopping ATD are potential biomarkers of 

relapse in GD. Indeed, although not previously studied in GD, both sTACI and 

sBCMA have been found elevated in other autoimmune conditions including SLE, RA 

and MS and suggested as potential biomarkers of disease activity (Salazar-

Camarena DC et al. 2020, Hoffmann FS et al. 2015, Rodríguez-Carrio J et al. 2018, 

Laurent, S et al. 2015, Vincent FB 2019). Salazar-Camarena DC et al. demonstrated 

that sBCMA was elevated in SLE patients compared with healthy controls (49.03 vs. 

25.60 ng/mL; p < 0.05) and active SLE patients who achieved low disease activity 

demonstrated decreased sBCMA (53.30 vs 35.30 ng/mL; p < 0.05).   

Circulating levels of sTACI and sBCMA may be a direct reflection of B cell activation 

considering they are both cleaved and shed once B cells become activated. 

Therefore, the presence of elevated sTACI and sBCMA observed in relapsing GD 

patients in my study suggests that an activated B cell state is associated with relapse 

and highlights the potential use of these soluble receptors as biomarkers of outcome. 

A proposed model of mechanistic insight into how these soluble receptors could be 

biomarkers for relapse in GD is presented in Figure 6.17.  
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Figure 6.17 – A proposed model of how sTACI and sBCMA could be biomarkers of 

Graves’ disease relapse. 

 

Briefly, membrane bound TACI and BCMA receptors which are expressed on late-

stage B cells (memory and plasma cells) are shed once these cells become 

activated. These B cells differentiate into antibody secreting cells producing, in the 

case of GD, TRAb.  Therefore, the soluble receptors cleaved from these activated B 

cells could reflect an increase in antibody secreting B cell activity – which may 

explain why elevated sBCMA and sTACI are associated with GD relapse. 

6.12.6 Cytokines and time-to-relapse of Graves’ disease following ATD treatment 

Alongside BAFF and IL-6, both sTACI and TRAb were also associated with time-to-

relapse as elevated levels of these cytokines at the time of stopping ATD were 

associated with a shorter time-to-relapse. As discussed previously, it is possible that 

circulating sTACI and TRAb are reflective of a state of B cell activation, the severity 

of which could be directly linked to how quickly a patient may relapse their GD. 

Although the absolute concentrations of BAFF and IL-6 weren’t independently 

associated with the binary outcome of GD, it may be that BAFF-induced IL-6 is 

contributing to ectopic germinal centre formation in the thyroid thereby enhancing 

TRAb production and resulting in a faster time-to-relapse.  In addition, decreased 

methylation levels of the IL-6 gene have been associated with intractable GD, 

hypothesised to result from increased IL-6 production (Hirai, N et al. 2019). 
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Considering the role of IL-6 in acute and chronic inflammation (Hirano T 2021), and 

the previous association found in my study with another biomarker of systemic 

inflammation, MLR, and the speed of relapse (Chapter 4: Results 1 Clinical), an 

elevated IL-6 may also reflect severity of inflammation within the thyroid which could 

potentially be driving a faster relapse.  

6.13 Limitations 

As my study was performed on a relatively small cohort of patients, most of whom 

were female, it may be difficult to detect differences in sex-specific cytokine 

responses that may have provided mechanistic insight into known sex-specific 

differences in relapse rates. Therefore, to address this issue the study would need to 

be repeated on a larger scale using an independent patient cohort, including more 

male participants, to validate the findings. In addition, repeating the cytokine 

measurements on a more frequent basis in the first year after stopping ATD may 

provide greater insight into the pathophysiological cytokine dynamics indicating 

pending relapse. 

Regarding the measurements of cytokines, it is worth noting that the peripheral 

compartment of cytokines may not accurately reflect the cytokines present within the 

thyroid tissue.  Ideally, additional cytokine analysis of thyroid tissue in conjunction 

with peripheral analysis would provide more in-depth insight into the pathophysiology 

of cytokine dynamics and relapse. However, in terms of the objective of this study 

which is to find a suitable biomarker(s) to inform clinical management, peripheral 

cytokines are more accessible and easier to process for routine clinical practice. 

The assay technology meant that although most cytokine measurements were within 

the limits of detection, 25% and 8% of the sTACI and APRIL measurements, 

respectively, were below the LLOD. Due to the relatively small cohort of patients, 

these were assigned the lowest detectable concentration as per the manufacturers 

kit for the purposes of including them in the analysis. Therefore, although it may be 

that these limited number of measurements do not provide precise quantitative data 

the results of the univariate and multivariate analysis remained significant even with 

these cases excluded.  

As with any immunological studies, cytokines are dynamic and may change in 

relation to factors other than that related to autoimmune disease, such as intercurrent 
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illness and vaccinations. CRP level and subjective questioning regarding illness and 

recent vaccinations was explored with patients to try and account for this. 

The specific B cell cytokines studied in this thesis were chosen due to their well-

established, synergistic role in B cell immunity and their specific relevance in 

autoimmunity.  However, there are a number of additional B cell cytokines 

demonstrated to be associated with GD activity such as IL-1β, soluble IL-2R, IL-5 

and tumour necrosis factor-α (Pedro AB et al. 2011) that would also be relevant to 

study and may contribute additional information about humoral immunity in GD 

relapse. Furthermore, tolerogenic interleukins, such as IL-10 and IL-35, have been 

implicated in GD (Saeed, M et al. 2021, Takeoka, K et al. 2004), and may be relevant 

in the context of their anti-inflammatory role. 

6.14 Summary 

This Results Chapter presents the findings of the cytokine analysis that suggests an 

association between B-cell related cytokines with thyroid hormones, inflammation, 

and outcome in GD. Cytokines may work in synergy to promote lymphocytic infiltrate 

and inflammation within the thyroid, resulting in ectopic germinal centre formation, 

autoantibody synthesis and ultimately GD relapse. The association of baseline sTACI 

and sBCMA at the time of stopping ATD with relapse not only provides mechanistic 

insight into the presence of an activated B cell environment, but also indicates a 

potential role for these cytokines as predictive biomarkers of outcome in GD. 
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Chapter 7: Results 4 – Flow Cytometry  

7.1 Introduction 

The purpose of undertaking flow cytometry in this study was to determine the purity 

of the isolated CD19+ B cells and to undertake immunophenotyping to identify the 

CD19+ B lymphocyte subpopulations.  Each B cell subpopulation has a distinct role in 

the humoral immune response and therefore it is important that B cell phenotypes 

are examined alongside the other humoral immune markers, as well as the CD19+ 

transcriptome, to gain an in-depth understanding of the pathophysiological 

mechanisms underlying B cell activity. Additionally, it is important to consider the 

purity of the isolated CD19+ B cell population as contaminating T cells and 

monocytes may affect interpretation of the RNA sequencing data. 

The peripheral B cell compartment has been described in active GD (Chapter 1: 

Introduction), but detailed phenotypic studies on peripheral blood B cell 

subpopulations related to outcome in GD are lacking. Variations in certain B cell 

subpopulations may signify a more ‘active’ state of humoral immunity which could 

reflect an impending relapse and provide mechanistic insight into the relapse 

process. 

In this Results Chapter, I present the analysis of flow cytometry data from samples 

taken at the timepoint of ATD withdrawal. The aim of this work was to compare the 

composition of peripheral B cell subpopulations between patients who relapsed or 

remitted one year after stopping ATD. Furthermore, the flow cytometry data was used 

in combination with the KRECs and cytokine data to provide insight into the 

contribution of these different factors to the underlying humoral immune activity 

observed in GD (Chapter 9: Integrative analysis). 

7.2 Quality control 

7.2.1 Sample collection and processing 

The samples used in this flow cytometry experiment were the blood samples 

collected at the timepoint of stopping ATD. The isolated PBMCs and CD19+ B cells 

were stored overnight at 4oC and were processed the following day, normally by 24 

hours of sample collection, median 24 (23 – 27 hours) (Figure 7.1). As noted on 

Figure 7.1, there was one sample that was delayed by 24 hours due to a mechanical 
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fault in the flow cytometry machine. However, this sample still demonstrated high cell 

viability (92.7%) and therefore it was analysed with the other samples. There was no 

significant difference between the relapse and remission groups and time to flow 

cytometry (P=0.81). 

 

 

Figure 7.1 – Time to commencement of flow cytometry processing from the time of 

sample collection in both outcome groups. 

 

7.2.2 Flow cytometry compensation and controls 

Controls are essential in flow cytometry to reliably distinguish cell data from 

background fluorescence and non-specific binding. Dead cells can bind non-

specifically to antibodies and have a high level of autofluorescence, which can lead 

to false positives and make it challenging to detect rare cell populations.  Therefore, 

a viability dye (Zombie Aqua™) was included in the B cell subset flow cytometry 

panel to exclude dead cells. Overall cell viability was satisfactory with a median of 
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90.3% (IQR: 86.3 – 92.4%, range 77.1 – 96.3%) of live CD19+ B cells.  The cell 

viability did not differ between the two outcome groups (P=0.4) (Figure 7.2).  

 

 

Figure 7.2 – Percentage of live CD19+ B cells determined by flow cytometry in both 

relapse and remission outcome groups. 

 

Compensation control beads (BD™ CompBeads) were used to optimise the 

fluorescence compensation settings for the multicolour B cell phenotyping.   The 

purpose of this was to establish compensation corrections for spectral overlap for the 

specific combination of fluorochrome-labelled antibodies used in this experiment. 

Fc receptors found on B cells bind to antibodies via the constant Fc domain, rather 

than the antigen-specific Fab domain, resulting in antibodies binding to unwanted 

targets (Andersen MN et al. 2016). This can lead to false positives and therefore 

Human IgG immunoglobulin was used in this experiment to block the Fc receptors.  
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7.3 Peripheral blood mononuclear cell (PBMC) recovery 

Isolated PBMCs were used to determine the initial quantities of CD3+CD4+ and 

CD3+CD4- T cells and CD19+ B cell populations. The cell populations as a median 

percentage of the total lymphocyte count were 41.4 (IQR 32 – 50%), 20 (IQR 15 – 

25%) and 12 (IQR 6 – 16%), respectively (Figure 7.3). There was no significant 

difference in the absolute quantities of the CD3+CD4+ and CD3+CD4- T cells (P=0.46, 

P=0.41, respectively) or CD19+ B cells (P=0.40) between the relapse and remission 

groups. 

 

Figure 7.3 – Quantity of CD3+CD4+ and CD3+CD4- T cells and CD19+ B cells, as a 

percentage of the total lymphocyte count. 

 

The PBMCs were manually gated and then analysed using the unsupervised 

clustering and dimension reduction programme (FCS Express™ 7) to generate 

distinct clusters based on cell surface marker expression, including the T and B cells 

and monocytes (Figure 7.4). As expected, the largest proportion of the lymphocyte 
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population was the CD3+CD4+ T cells, followed by the CD3+CD4- T cells, the CD19+ 

B cells and lastly, the CD14+ monocytes (Kokuina E et al. 2019). 

 

 

Figure 7.4 – UMAP (Uniform Manifold Approximation and Projection) plot created 

using the concatenated isolated PBMCs from all patient groups, demonstrating 

clustering of the main cell populations.  

7.4 CD19+ B cell purity 

Prior to B cell immunophenotyping, the isolated CD19+ B cells were assessed for 

purity and presence of contaminating T cells and monocytes. The median percentage 

of CD19+ B cells in the isolated B cell sample was 96.1 (IQR 93 – 96%).  There was 

no significant difference in B cell purity between the relapse and remission groups 

(P=0.84) (Figure 7.5). The cell isolation kit used is designed to provide >90% purity of 

positively selected B cells (Miltenyi et al., 1990), however three samples, all in the 

remission group, had <90% purity. Overall, the median percentage of contaminating 

T cells and monocytes was acceptable at 2.3 (IQR 1.4 – 4%) and 0.5 (0.2 – 0.9%), 

respectively.  
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Figure 7.5 – Percentage purity of CD19+ B cells present in the isolated B cell 

samples in both relapse and remission outcome groups. 

7.5 B cell immunophenotyping 

The B lymphocyte subpopulations studied correspond to different stages of 

maturation, activation, and differentiation.  They encompass the progressive stages 

of B cell lineage beginning with the exit of immature B cells from the bone marrow to 

the development of mature, activated B cells (Chapter 1: Introduction).   

The different B cell subpopulations and their phenotypes studied in this flow 

cytometry experiment are presented in Table 7.1.  

 

There were two different phenotypes of B regulatory cells studied. The true origin and 

phenotype of B regulatory cells remains controversial with no robust B regulatory 

cell-specific transcription factor identified and most studies suggesting they are 
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unlikely to originate from a unique cell lineage and instead differentiate from various 

B cell subsets upon environmental stimulation (Rosser EC et al. 2015). However, the 

phenotypes used in this study are the common phenotypes previously identified to 

produce the anti-inflammatory cytokines, IL-10 and transforming growth factor beta, 

and have been previously studied in autoimmune disease including GD (Iwata Y et 

al. 2011, Karim MR et al. 2019, Stożek K et al. 2020) 

 

B cell subset Phenotype 

Transitional CD19+ CD38++ CD24++ CD5+ CD27- 

Naïve  CD19+ IgD+ CD27- 

Plasmablast CD19+ CD27++ CD38++ CD20- 

Memory (switched) CD19+ CD27+ IgD-CD38low 

Memory (unswitched) CD19+ CD27+ IgD+CD38low 

Double negative CD19+ CD27- IgD- 

B regulatory cells 1 CD19+ CD27+ CD24++ 

B regulatory cells 2 CD19+ CD5+CD1d+ 

 

Table 7.1 – The phenotypes of B cell subpopulations studied by flow cytometry. 

 

7.5.1 B cell subpopulations and clinical characteristics 

Analysis was performed to investigate for any relationships between age, gender, 

and smoking status with B cell subpopulations. Age was only associated with double 

negative B cells, where there was a weak positive correlation found (P=0.02; 

rs=0.28) (Figure 7.6). 
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Figure 7.6 – Correlation between the double negative B cells and age at ATD 

cessation 

 

None of the B cell subpopulations were associated with gender of the patient.  

Smoking was associated with an increased percentage of circulating Breg1 cells 

(P=0.04) (Figure 7.7). 

 

 

 

 

 

 

 

P=0.02  
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Figure 7.7 – Percentage of Breg1 cells present in the isolated B cell samples in the 

smoking and non-smoking cohorts 

 

7.5.2 B cell subpopulation analysis 

Correlation analysis was undertaken to determine the relationships between the 

peripherally circulating B cell subpopulations (Table 7.2).   

P = 0.04 
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Table 7.2 – Spearman’s correlation of each B cell subpopulation. Spearman’s rho correlation coefficients (rs) and P value (P) are 

presented for each of the correlations. 

B cell 
subpopulation 

Transitional Naïve  Unsw memory Sw 

memory 

Plasma-blast Double negative B reg cells 
1 

B reg 
cells 2 

Transitional rs 

P 

. 0.3 

0.01* 

-0.11 

0.37 

-0.19 

0.13 

0.04 

0.78 

-0.05 

0.67 

-0.33 

0.007* 

0.04 

0.76 

Naïve rs 

P 

 . -0.29 

0.01* 

-0.61 

5.9x10-8* 

-0.46 

0.0001* 

-0.55 

1.2x10-6* 

-0.54 

2.9x10-6* 

-0.02 

0.87 

Unswitched 
memory 

rs 

P 

  . 0.28 

0.02* 

0.34 

0.005* 

-0.36 

0.003* 

0.48 

4.6x10-5* 

-0.06 

0.63 

Switched 
memory 

rs 

P 

   . 0.53 

4.5x10-6* 

0.04 

0.75 

0.64 

1.3x10-8* 

-0.12 

0.33 

Plasmablast rs 

P 

    . 0.12 

0.36 

0.28 

0.02* 

-0.07 

0.57 

Double 
negative 

rs 

P 

     . -0.1 

0.43 

0.05 

0.64 

B reg cells 1 rs 

P 

      . 0.08 

0.54 

B reg cells 2 rs 

P 

       . 
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There were 14 significant correlations between the B cell subpopulations, with a 

mixture of positive and negative associations (Figure 7.8). The naïve B cell 

subpopulation was negatively correlated to all other B cell subsets (Figure 7.8(A)), 

apart from the B regulatory 2 phenotype. Both switched and unswitched memory cell 

populations were positively correlated to each other, plasmablasts and B regulatory 1 

cells (Figure 7.8(B,C)). In addition to the correlations described above, the B 

regulatory 1 cells were positively correlated to plasmablasts and negatively 

correlated to transitional cells (Figure 7.8(D)). 

On multiple test correction (Benjamini & Hochberg), many of the correlations 

described remained significant. Namely, the naïve B cells with switched memory cells 

(P=4.2 x 10-7), plasmablasts (P=0.0008), double negative (P=9.6 x 10-5), and Breg1 

cells (P=2.3 x 10-4). In addition, the unswitched memory cells remained correlated to 

the plasmablasts (P=0.04), double negative (P=0.024) and Breg 1 cells (P=0.0004). 

The switched memory cells also remained significantly correlated to the plasmablasts 

(P=0.0004) and Breg 1 cells (P=1.04 x 10-7). 
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  A Naïve B cells   
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B Memory B cells (unswitched)  
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C Memory B cells (switched)  

D B regulatory 1 cell 

 

 

Figure 7.8 – Correlations between the different B cell subpopulations as determined 

by flow cytometry. (A) Naïve (B) Memory cells (unswitched) (C) Memory cells 

(switched) (D) B regulatory 1 cell phenotype.   
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7.5.3 B cell subpopulations with thyroid status and C-reactive protein (CRP) 

There was no correlation found between the absolute B cell number or the different B 

cell subpopulations with thyroid hormone or autoantibody concentrations (FT4, FT3, 

TRAb, TPO Ab) at the time of ATD withdrawal.  Furthermore, none of the B cell 

subpopulations correlated with CRP. 

7.5.4 B cell subpopulations in the relapse and remission groups 

The isolated CD19+ B cells included differing individual quantities of the various 

subpopulations, presented in Table 7.3. As expected, overall, the naïve B cells 

comprised the vast majority of the CD19+ B cell compartment with a median 

percentage of 68 (IQR 62 – 76%), whilst other cell populations such as plasmablasts 

were rare, with a median percentage of 0.5 (IQR 0.2 – 0.7%). 

The association between B cell subpopulations and outcome of GD was assessed by 

univariate binary logistic regression analysis.  The largest difference between B cell 

subpopulations and outcome was in the transitional cell population, with a larger 

percentage of transitional cells present in the relapse group (8.8% vs. 5.4%).  

However, this did not reach statistical significance in the univariate analysis (P=0.16) 

(Figure 7.9).  
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Table 7.3 – The B cell subpopulations as a percentage of the total CD19+ B cell 

population in both outcome groups, and their association with Graves’ disease 

outcome by univariate logistic regression.  

 

B cell 
subpopulation 

Relapse 
group (n=16)  

(% of CD19+ 

cells) 

Remission 
group (n = 49) 

(% of CD19+ 

cells) 

 

B 

 

ORrelapse 

 

95% CI 
ORrelapse 

 

Univariate 
P value 

Median 

Transitional 

8.8 5.4 -0.06 0.94 0.86 – 1.02 0.16 

Median B reg 
cells 2 

3.49 3.75 -0.15 0.86 0.66 – 1.11 0.25 

Median double 
negative 

17.08 18.56 0.02 1.01 0.95 – 1.08 0.62 

Median 
memory 

(unswitched) 

6.89 7.56 0.02 1.02 0.91 – 1.14  0.71 

Median 
plasmablast 

0.54   0.49 -0.12 0.88 0.35 – 2.24 0.79 

Median naïve  69.1 68.4 -0.007 0.99 0.94 – 1.05 0.80 

Median 
memory 

(switched) 

3.07 3.15 -0.007 0.99 0.90 – 1.09 0.88 

Median B reg 
cells 1 

2.6 2.5 -0.002 0.99 0.85 – 1.17 0.98 
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Figure 7.9 – Transitional cells as a percentage of the CD19+ B cells present in both 

relapse and remission outcome groups. 

 

The B cell subpopulations were manually gated and then presented using the 

unsupervised clustering and dimension reduction programme (UMAP) (FCS 

Express™ 7) to generate distinct clusters based on cell surface marker expression 

comparing the relapse and remission groups (Figure 7.10). There is no clear visible 

distinction between the cell clusters of the relapse and remission groups. 
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A 

 

B 

Figure 7.10 – UMAP (Uniform Manifold Approximation and Projection) plot created 

using the concatenated isolated B cells split into the relapse (A) and remission (B) 

patient groups, demonstrating clustering of the main cell populations.  
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7.6 Survival analysis 

The association between the B cell subpopulations at baseline and time-to-relapse 

following ATD withdrawal was assessed using univariate Cox regression analysis 

(Table 7.4). Using Schoenfeld Residuals, there was no significant departure from 

proportional hazards observed for any of the B cell subpopulations. 

 

Table 7.4 – Association of B cell subpopulations at baseline with timing of Graves’ 

disease relapse following ATD withdrawal, using a univariate Cox regression model.  

 

Although in the univariate cox regression analysis none of the B cell subpopulations 

were significantly associated with time-to-relapse, there was a trend towards the 

negative correlation of transitional cells and the number of days it took a patient to 

relapse by Spearman’s correlation (P=0.14; rs= -0.38) (Figure 7.11).  Therefore, the 

transitional cell population was entered into a multivariate cox regression analysis to 

include age, gender, smoking status, goitre size and TRAb at ATD withdrawal (Table 

7.5). 

B cell subpopulation  

 

B HRrelapse 95% CI 
HRrelapse 

Univariate 
P value 

Transitional 0.05 1.1 0.99-1.12 0.12 

B reg cells 2 0.04 1 0.97-1.13 0.26 

Double negative -0.014 0.99 0.93-1.04 0.62 

Memory (unswitched) -0.019 0.98 0.89-1.09 0.72 

Plasmablasts 0.096 1.1 0.51-2.39 0.81 

Naïve  0.01 1 0.96-1.06 0.71 

Memory (switched) -0.001 1 0.92-1.08 0.98 

B reg cells 1 -0.008 0.99 0.86-1.14 0.90 
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Figure 7.11 – Correlation between transitional B cells (as percentage of CD19+ B 

cells) and time to relapse (in days).  

 

Table 7.5 – Association of baseline clinical variables and transitional B cells with 

timing of Graves’ disease relapse following ATD withdrawal, using a multivariate Cox 

regression model. Out of the variables entered into the multivariate cox regression 

analysis, it was only the TRAb level prior to ATD withdrawal that was significantly 

associated with the time it took patients to relapse (Figure 7.12). 

Variable 

 

B HRrelapse 95% CI 
HRrelapse 

Multivariate 
P value 

TRAb on stopping ATD 0.35 1.4 1.01 – 1.99  0.04* 

Gender (Male) 0.90 2.46 0.62 – 9.6 0.20 

Transitional cells   0.05 1.05 0.97 –1.14 0.19 

Goitre size 

1 

2 

 

0.50 

1.50 

 

1.6 

4.5 

 

0.39 – 6.9 

0.83 – 24.8 

 

0.50 

0.08 

Current smoker -0.3 0.75 0.20 – 2.82 0.68 

Age 0.02 1.01 0.97 – 1.07 0.50 
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Figure 7.12 – Forest plot presenting the association of baseline clinical variables and 

transitional B cells with timing of Graves’ disease relapse following ATD withdrawal, 

using a multivariate Cox regression model.  

7.7 Discussion 

B cell subsets have distinct roles in modifying the humoral immune response, either 

through secretion of pro-inflammatory cytokines or alternatively, as in the case of B 

regulatory cells, contributing to the maintenance of peripheral tolerance through the 

secretion of anti-inflammatory cytokines. The phenotype and frequency of various B 

Goitre size 2

Male gender

Goitre size 1

TRAb

Transitional cells

Age

Current smoker

0.3 1.0 3.0 10.0 30.0
Hazard ratio (95% CI)
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cell subpopulations has been studied in GD, although there is a paucity of data 

investigating their relationship with clinical outcome.  

In this Chapter, humoral immune activity was explored in GD using flow cytometry to 

gain insight into the circulating B cell subpopulations at the time of ATD withdrawal 

and investigate a potential pathophysiological link. The association between the B 

cell subpopulations with patient’s characteristics, thyroid status and clinical outcome 

was explored.  

7.7.1 Peripheral B cell compartment in Graves’ disease  

The composition of the peripheral B cell compartment generally involves naïve B 

cells as the largest component (58-72%) with plasmablasts occurring in the lowest 

frequency (<5%) (Morbach et al. 2010).  This is consistent with the findings in my 

study where naïve B cells and plasmablasts contributed on average 68% and 0.5% 

to the total CD19+ B cell pool, respectively. The relative rarity of plasmablasts and the 

very low frequency of plasma cells within the peripheral blood compartment, means 

that direct analysis of these precursors to antibody-secreting cells by flow cytometry 

is challenging.  

The absolute quantity of circulating B cells has been implicated in the 

immunopathology of GD, with increased total B cells observed in both treated and 

untreated GD compared to healthy controls (Liu HY et al. 2022, Liu Y et al. 2022, 

Iwatani et al. 1989, Bossowski et al. 2003). Although there were no healthy controls 

included in my study, the median percentage of B cells (12%) (as a percentage of the 

total lymphocyte count) in the GD patients was comparatively lower than the median 

percentage of B cells in healthy controls (14.4%), euthyroid (17.7%) and hyperthyroid 

(22.9%) GD patients described in a previous study (Iwatani et al. 1989). However, 

elevated total B cells is not a consistent finding in GD, and other studies suggest that 

rather than just absolute B cell numbers, it is defects in the functional activity of 

specific B cell subsets that may be involved in the pathogenesis of GD (Cao Y et al. 

2022, Van der Weerd K et al. 2013).  

7.7.2 B cell subpopulations and Graves’ disease patient characteristics  

Age, gender, and smoking status are all factors that have been described to 

influence the composition of the peripheral blood lymphocyte compartment (Morbach 

H et al. 2010, Feng R et al. 2022, Pinto TNC et al. 2024). Ageing has been reported 
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to alter the composition of the B cell repertoire and contribute to the development of 

autoimmunity (Mouat IC et al. 2022). Specific ‘Age-associated B Cells’ (ABCs) with 

the phenotype, CD19+ BAFFR+ CD11b+ CD11c+ CD21- (T-bet+), are a unique 

population of class-switched, antigen-specific memory cells reported to accumulate 

with age and have been found to be expanded in autoimmune disease (RA and SLE) 

(Adlowitz DG et al. 2015, Wang S et al. 2018).  

The composition of the ageing B cell compartment has been reported to involve a 

reduction in the naïve B cells and a gradual increase in the proportion of switched 

and non-switched memory B cells (Morbach H et al. 2010). However conversely, 

other studies report a decrease in the percentage of switched memory B cells, and a 

significant increase in the percentage of naïve and double negative (CD27-IgD-) B 

cells (Frasca D et al. 2017). Indeed, in my study although there was no relationship 

found with age and naïve or memory cells, there was a positive correlation found 

between age and double negative B cells. Double negative B cells have been 

proposed to be an intermediate cell state between ABCs and plasma cells and are 

shown to accumulate in chronic inflammation and autoimmunity (Jenks SA et al 

2020). These cells have demonstrated an ability to secrete antibody with 

autoimmune reactivity which may explain how ageing could be a factor in the 

development of autoimmunity (Frasca D et al. 2019).  

Sex-specific differences have been reported to influence composition of the 

peripheral B cell compartment, with females reported to have a higher proportion of 

naïve B cells and decreased switched memory B cells compared to males (Feng R et 

al. 2022). However, studies have also reported no gender-specific differences in B 

cells (Kverneland AH et al. 2016), which is consistent with my study which found no 

relationship between the total B cell count or any of the B cell subpopulations and 

gender.   

Exposure to cigarette smoke is reported to affect adaptive immunity partly by altering 

the composition of the B cell compartment, with higher percentages of switched 

memory B-cells and decreased naïve B-cells found in smokers compared to non-

smokers (Pinto TNC et al. 2024). However, in my study, smoking was not found to 

correlate with naïve or memory B cells, but current smokers were found to have 

increased B regulatory cells (CD19+ CD27+ CD24++) compared to non-smokers. 

There is limited literature on smoking and B regulatory cells, although a previous 

study did find a decrease in IL-10+ B regulatory cells in smokers (Jacobs M et al. 
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2022). An increase in B regulatory cells has been described to occur in response to a 

pro-inflammatory environment which is well-described in smokers and could explain 

the positive association seen in my study (Rosser EC et al. 2021). Of note, none of 

the B cell subpopulations correlated with CRP which is in-keeping with previous 

reports (Li J et al. 2021). 

7.7.3 B cell subpopulations and thyroid status 

Thyroid hormones are essential for the normal development, differentiation, and 

production of B cells from the bone marrow (Torimoto K et al. 2022). Studies have 

shown a positive association between FT4 and FT3 with the total B cell count and 

both naïve and memory B cell subsets (Jaeger et al. 2021, Bossowski A et al. 2003). 

Furthermore, levels of CD5+ B cells have been demonstrated to correlate with thyroid 

hormones and TRAb in untreated hyperthyroid GD (Iwatani Y et al. 1989). However, 

my study did not demonstrate any association between the thyroid hormones and the 

different B cell subpopulations. This may reflect the fact that the study patients were 

on ATD treatment and euthyroid at the time of the baseline sample, with most having 

a FT4 and FT3 in the normal range and therefore the thyroid hormones may have 

had minimal impact on B cell homeostasis at this time. 

7.7.4 Relationships between B cell subpopulations 

Humoral immune homeostasis is maintained through the balance of various B cell 

phenotypes working synergistically or antagonistically. In my study the naïve B cells 

were negatively correlated to most of the other B cell subsets which is similar to 

patterns observed in a previous B cell immunophenotyping study which found strong 

negative correlations between naïve B cells with plasmablasts (rs -0.82) and 

switched memory cells (rs -0.77) (Li J et al. 2021). This may represent the balance 

between a mature and immature B cell compartment with the presence of more 

circulating naïve cells indicating less cells are differentiating into mature B cells such 

as memory cells and plasmablasts.  

Unswitched and switched memory cells were both positively correlated to the 

plasmablast population, which likely reflects the fact that upon antigen exposure 

memory cells are activated and differentiate into plasmablasts and therefore an 

expanded memory cell population may lead to greater production of plasmablasts.  
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Unswitched and switched memory cells were also found to correlate to Breg1 cells 

positively and negatively, respectively. Both switched and unswitched memory cells 

have been previously found to negatively correlate with B regulatory cells (Li J et al. 

2021). As discussed previously, it is likely that Breg cells differentiate from various B 

cell subsets upon environmental stimulation, including from the CD27+ memory cells 

(Jansen K et al. 2021).  Indeed, CD27+ memory cells have been found to be a major 

source of IL-10 producing immunoregulatory B cells in RA (Bankó Z et al. 2017). 

Therefore, their relationship with the memory cell populations may be dynamic and 

change depending on the immune environment. 

7.7.5 B cell subpopulations and Graves’ disease outcome following ATD treatment 

The relationship between B cell subpopulations and outcome in GD has not 

previously been described. In my study, there was no evidence of an association with 

absolute numbers of circulating B cells or between any of the B cell subpopulations 

at ATD withdrawal and outcome in GD.  However, it is possible that samples taken at 

baseline, which are reflecting a state of inactive, euthyroid GD, may not provide 

insight into the B cell compartment of a relapsing patient that may rapidly change 

once the ATD is withdrawn.  

Indeed, transitional B cells have been demonstrated to be significantly increased in 

newly diagnosed untreated GD patients when compared to healthy controls (Van der 

Weerd K et al. 2013), and serial analysis of B cells following administration of ATD 

observed that total B cell numbers are reduced in treated euthyroid compared to 

treated hyperthyroid GD patients (Corrales et al. 1996). In addition, methimazole 

treatment in paediatric GD has been shown to significantly alter the B regulatory cell 

population from baseline and have prognostic implications (Grubczak K et al. 2021). 

This indicates that both thyroid status and ATD treatment can affect B cell 

subpopulations and therefore samples taken prior to ATD, either at initial diagnosis or 

after ATD withdrawal, might be more informative in terms of understanding a possible 

pathological role of B cell subsets and their relationship with outcome in GD. 

Given the relationship between TRAb levels and GD relapse, it may be expected that 

circulating plasmablasts, which differentiate into TRAb-secreting plasma cells, would 

correlate with relapse. However, the lack of association observed in this study 

between plasmablasts and outcome suggests that the plasma cells secreting TRAbs 
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are not located in the blood, but instead could be located in the thyroid or bone 

marrow.  

7.8 Limitations 

The samples used for analysis in this flow cytometry study were all from the timepoint 

of ATD withdrawal and therefore they only provide a limited depiction of B cell subset 

activity in treated euthyroid GD patients. Future analysis of the 6–10-week PBMCs 

taken after cessation of ATD may provide further insight into the activity of B cell 

subpopulations in those patients that relapsed. Although this may provide 

mechanistic insight into GD relapse, the timing of a sample to determine predictive 

biomarkers of outcome would preferably be taken prior to ATD withdrawal.  

B cell subpopulation data from euthyroid healthy control samples would have been 

valuable to compare with the euthyroid GD cohort to assess for any differences in the 

peripheral B cell compartment that may provide mechanistic insight into Graves’ 

immunopathology and the potential immunomodulatory influence of ATD treatment 

on B cell subsets. 

As discussed previously the phenotype of B regulatory cells remains controversial 

and difficult to define. Although most studies describe CD19+ CD27+ CD24++ as the 

commonest B regulatory phenotype, functional studies or staining for anti-

inflammatory cytokines such as IL-10 may have increased the sensitivity in detecting 

B regulatory cells in this study. In addition, immunophenotyping B cells from thyroid 

tissue in conjunction with peripheral B cells may provide additional insight into the 

distribution of B cells in GD. 

7.9 Summary  

The balance between various B cell subpopulations is crucial to maintain B cell 

homeostasis. In the context of inflammation and autoimmunity, this balance can be 

disrupted and reflect an individual’s humoral immune response to pathology. This 

Results Chapter presents the findings of the FACs analysis and highlights a lack of 

predictive biomarkers of outcome in the peripheral B cell subsets at the time of ATD 

withdrawal. This may reflect a lack of active humoral immunity in treated euthyroid 

GD. The significant correlations between different B cell subpopulations provide 
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insight into the potential B cell dynamics involved in maintaining immune 

homeostasis. 
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Chapter 8: Results 5 – CD19+ B cell RNAseq  

8.1 Introduction 

In the previous results chapters I have discussed various components of the humoral 

immune system that were studied with the aim of gaining mechanistic insight into the 

immunological pathways leading to GD relapse. Humoral immunity is a dynamic 

process and capturing the specific contributing factors involved in the relapse of GD 

is challenging. CD19+ B cells are fundamental in the pathogenesis of GD (Chapter 1: 

Introduction).   

The transcriptional profiling of CD19+ B cells at the timepoint of stopping ATD aimed 

to capture the precise variations in gene expression to enable a molecular 

understanding of the factors determining relapse or remission in GD.  Ultimately, this 

may enable the use of an individual’s transcriptomic profile to predict their disease 

outcome with translational potential for clinical management.  Furthermore, in-depth 

pathway analysis of the most differentially expressed genes (DEG) observed in 

relapse and remission patients may identify biomarkers and molecular pathways that 

could uncover immunopathological insights into GD relapse and reveal novel 

therapeutic targets. 

Previous gene expression profiling of B cells in GD has utilised microarray platforms, 

however next-generation sequencing allows improved sensitivity and an exploratory 

approach without the need for pre-defined transcripts. 

In this results chapter, I will present the CD19+ B cell RNAseq analysis. The aim of 

this analysis was to: 

1. Explore differences in the CD19+ B cell gene expression between the relapse 

and remission patients at the timepoint of stopping ATD. 

2. Analyse whether transcriptomic patterns can predict outcome in GD. 

3. Undertake pathway analysis to identify potential novel molecular mechanisms 

in the relapse of GD.  
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8.2 Quality control  

8.2.1 Sample collection and processing 

The samples used in this sequencing experiment were the blood samples collected 

at the timepoint of stopping ATD therapy. The freshly collected blood sample 

underwent processing to isolate the PBMCs, followed by positive selection of the 

CD19+ B cells (Chapter 3: Methods).  These CD19+ B cells were then lysed and 

stored immediately at -80oC until RNA batch extraction. 

Blood samples were available for all 65 patients at the timepoint of stopping ATD and 

therefore sequencing data was available for all the study patients. The median time 

from taking the patient’s blood to freezing of the lysate was recorded for all 65 

patients and was 5.5 hours (4.5 – 6 (IQR), 3.25 – 7.5 (range)) (Figure 8.1). There 

was no difference in the time taken from sample collection to freezing of the lysate 

between the relapse and remission patient samples (P=0.12). 

 

Figure 8.1 – Time to freezing of CD19+ B cell lysate from the time of sample 

collection in both outcome groups. 
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8.2.2 Cellular yield and purity  

The cellular yield of the CD19+ B cells isolated from 100mls of blood was variable 

between patients, but there was no difference between patient outcome groups 

(P=0.34) (Figure 8.2).   

 

Figure 8.2 – The cellular yield of CD19+ B cells isolated in both outcome groups 

 

The purity of the CD19+ B cells isolated are important in the context of interpreting 

the transcriptome.  As reported previously in Chapter 7: Results 4 – FACS, the 

median percentage of CD19+ B cells in the isolated B cell sample was 96.1 (IQR 93 – 

96%), with low levels of contaminating T cells and monocytes: median percentage 

2.3 (IQR 1.4 – 4%) and 0.5 (0.2 – 0.9%), respectively.  There was no significant 

difference observed in B cell purity between the relapse and remission groups 

(P=0.84). 

8.2.3 RNA quantity and integrity   

High quality, non-degraded RNA is essential to perform a robust RNA sequencing 

experiment (Chapter 3: Methods). The quality (integrity) and quantity of RNA was 

P = 0.34 
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measured by electrophoretic separation using a Tapestation™ 4200 machine 

(Agilent) (Figure 8.3A). RNA integrity was assessed using the RIN algorithm (Chapter 

3: Methods).  Part of the RNA integrity assessment by the Tapestation™ 4200 

involves evaluating the 28S to 18S ribosomal RNA ratio, with a 2:1 ratio being 

considered the benchmark for intact RNA (Schroeder A et al. 2006) (Figure 8.3B).  

 

Figure 8.3 – An example of the assessment of RNA integrity for three of the study 

samples using the Tapestation™ 4200 with RINe values generated (A). 

Electrophoretogram demonstrating the 18s and 28s ribosomal peaks used to 

calculate the 28s/18s ribosomal RNA ratio (B).  

The median RIN value for the RNA samples was 9.3 (9.2 – 9.5 (IQR), 5.2 – 10 

(range)). Illumina® recommends using RNA with a RIN value of ≥ 8 and all these 

samples, apart from the single one valued at 5.2, had a RIN ≥ 8.9 (Figure 8.4A). This 

sample with a low RIN value was excluded from analysis. The fragment size 

distribution of RNA samples has a substantial influence on the library yield and is 

another determinant of RNA quality.  It can be represented as the percentage of RNA 

fragments above 200 nucleotides by the DV200 (Distribution value) quality metric 

(Matsubara T et al. 2020). The median percentage DV200 value for the RNA samples 

was 91.5 (73.1 – 95.6 (IQR), 12.6 – 97.9 (range)) (Figure 8.4B).  

18s 

 

 

28s 

 

 

A 

 

 

B 
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Figure 8.4 – Median RNA integrity number (RIN) for each sample (A). DV200 (% of 

total RNA fragments > 200 nucleotides) (B) 

 

The median yield of RNA extracted was 20.6 ng/µL (5.6 – 68.6 (IQR), 1.3 – 2410 

(range)).  There was a positive correlation between the yield of B cells isolated from 

each patient and the quantity of RNA that was extracted (P=6.5 x 10-5, rs=0.48) 

(Figure 8.5).  As some of the samples contained low quantities of RNA, mRNA 

sequencing was performed using a low input RNAseq platform (NEBNext® Low Input 

RNA Library Prep Kit for Illumina®) which accepts quantities of RNA between 2 pg – 

200 ng.   



 

 186 

 

 

Figure 8.5 – Association between the cellular yield of CD19+ B cells (per 

100mls/blood) and the quantity of RNA extracted.  

As the RNAseq was performed after all the study samples had been collected and 

RNA extracted, each sample of frozen lysate was stored for a variable amount of 

time at -80oC, with a median storage time of 31 months (24 – 34 (IQR), 23 – 39 

(range)).  However, there was no difference observed between the length of storage 

time prior to sequencing and the RIN value (P=0.41).  There was also no difference 

noted in the time taken to freeze the lysate and the RIN value (P=0.34).  These 

findings indicate that the differences in the laboratory cellular processing and storage 

times did not affect the quality of the RNA. 

 

 

P=6.5 x 10
-5
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8.2.4 RNA sequencing depth and power 

Sequencing depth describes the number of times that a given nucleotide has been 

read during an experiment.  A higher sequencing depth generates more reads, which 

increases the statistical power to detect differential expression particularly among 

genes with lower expression levels.  RNA sequencing in this experiment was 

performed to a depth of 60 million reads per sample, with 100 base pair paired-end 

reads.  As per the power calculation described in Chapter 3: Methods, with 16 

samples in the relapse cohort sequenced to a depth of 60 million reads, the study 

was well powered (99%) to detect effect (fold change) sizes of around 1.9 and 

adequately powered to detect those around 1.6 (90%), depending on transcript 

abundance. 

8.3 RNA sequencing analysis  

The RNAseq analysis was initially performed using a P value (<0.05) adjusted for 

false-discovery rate (FDR), before secondary analysis was undertaken using an 

unadjusted P value of <0.001 to capture genes with a fold change of ≥ 1.6 which did 

not reach statistical significance when adjusted for FDR. Log2 fold changes are 

reported as these are easier to interpret with a symmetrical distribution in the 

magnitude of up- and down-regulated genes. Shrinking the log2 fold change may 

allow for more accurate log2 fold change estimates for low count genes or if high 

dispersion (variation) present without changing the total number of genes that are 

differentially expressed (Love MI et al. 2014). However, as there was low differential 

gene expression detected in my dataset, the unshrunken log2 fold change values 

were used to detect subtle changes in gene expression for genes that were 

significantly differentially expressed.  

The initial bioinformatic analysis including R computer programming scripts, and 

generation of the PCA/violin plots was performed by Ann Hedley, Senior 

Experimental Scientific Officer, Bioinformatics Support Unit, Newcastle University.   

8.3.1 Relapse vs. remission 

Transcriptomic profiling of differentially expressed genes (DEG) between the relapse 

and remission groups was the primary focus of the RNAseq analysis. 
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The initial RNA sequencing output using the FDR-adjusted P values demonstrated 

minimal DEG between the relapse and remission groups, as demonstrated in 

Principal Component Analysis (PCA) plots (Figure 8.6).   

 

Figure 8.6 – Principal component analysis (PCA) plots showing minimal clustering of 

the relapse (blue) or remission (red) cohorts.  

There were only two genes which were significantly differentially expressed once 

multiple test correction was applied (FDR-corrected P=<0.05) with a fold change ≥1.6 

(Figure 8.7). However, these genes (DDX3Y and USP9Y) are Y-linked and therefore 

could potentially be false positives where the model has struggled to control for 

gender.  Once the model was reanalysed split by gender, these genes were no 

longer differentially expressed. Therefore, further secondary analysis was performed 

using the unadjusted P value at a threshold of <0.001. Although the standard P value 

threshold is ideally an FDR-adjusted P=<0.05, the lower unadjusted P value 

threshold of <0.001 was chosen due to the lack of differential gene expression 

demonstrated and to permit the analysis of potentially significant genes whilst 

reducing the rate of false positives. 
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Figure 8.7 – Volcano plot (with FDR-corrected P values and unshrunken Log2 fold 

change) presenting baseline differential gene expression in CD19+ B cells between 

patients that relapsed or remitted following ATD cessation.  

Using the unadjusted P value at a threshold of <0.001, there were 33 genes that 

were significantly differentially expressed between the relapse and remission patient 

groups.  Within these 33 genes, there were 28 genes with a fold change ≥1.6 (Figure 

8.8 and Table 8.1). 
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Figure 8.8 – Volcano plot (with unadjusted P values and unshrunken Log2 fold 

change) presenting baseline differential gene expression in CD19+ B cells between 

patients that relapsed or remitted following ATD cessation.  
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Gene expression Ensembl gene ID HGNC symbol Gene description Log2FC FC 

 

Unadjusted P value 

Up-regulated ENSG00000114374 USP9Y ubiquitin specific peptidase 9 Y-

linked 

6.9 125.4 7.1 x 10-9 

ENSG00000067048 DDX3Y DEAD-box helicase 3 Y-linked 5.4 43.6 1.5 x 10-7 

ENSG00000198692 EIF1AY eukaryotic translation initiation 

factor 1A Y-linked 

3.6 11.8 1.9 x 10-5 

ENSG00000288253 - novel transcript 1.9 3.8 4.2 x 10-5 

ENSG00000131002 TXLNGY taxilin gamma pseudogene, Y-

linked 

4.3 19.7 0.0002 

ENSG00000112096 SOD2 superoxide dismutase 2 0.5 1.4 0.0003 

ENSG00000172159 FRMD3 FERM domain containing 3 1.2 2.3 0.0003 

ENSG00000276476 LINC00540 long intergenic non-protein coding 

RNA 540 

1.4 2.7 0.0005 

ENSG00000125538 IL1B interleukin 1 beta 1.3 2.5 0.0007 

ENSG00000117400 MPL MPL proto-oncogene, 

thrombopoietin receptor 

0.99 2.00 0.0007 

Down-regulated ENSG00000165633 VSTM4 V-set and transmembrane domain 

containing 4 

-2.2 -4.5 3.9 x 10-5 

ENSG00000132204 LINC00470 long intergenic non-protein coding 

RNA 470 

-2.5 -5.9 4.3 x 10-5 

ENSG00000120093 HOXB3 homeobox B3 -1.3 -2.5 6.2 x 10-5 

ENSG00000174429 ABRA actin binding Rho activating 

protein 

-1 -2 7 x 10-5 

ENSG00000204946 ZNF783 zinc finger protein 783 -1.2 -2.36 7.7 x 10-5 

ENSG00000223823 LINC01342 long intergenic non-protein coding 

RNA 1342 

-2.1 -4.3 0.0001 

ENSG00000215559 ANKRD20A11P ankyrin repeat domain 20 family 

member A11, pseudogene 

-1.09 -2.13 0.0002 

ENSG00000270344 POC1B-AS1 POC1B antisense RNA 1 -0.5 -1.4 0.0002 

ENSG00000280216 TEC Tec Protein Tyrosine Kinase -2.1 -4.3 0.0002 

ENSG00000280037 TEC Uncategorized -0.6 -1.56 0.0003 
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ENSG00000158023 CFAP251 cilia and flagella associated 

protein 251 

-0.95 -1.9 0.0004 

ENSG00000269967 - novel transcript -1.2 -2.3 0.0005 

ENSG00000164406 LEAP2 liver enriched antimicrobial 

peptide 2 

-0.9 -1.9 0.0005 

ENSG00000278931 ANKRD20A3 ankyrin repeat domain 20 family, 

member A3 (ANKRD20A3) 

pseudogene 

-1.5 -2.8 0.0006 

ENSG00000133028 SCO1 synthesis of cytochrome C 

oxidase 1 

-0.2 -1.2 0.0006 

ENSG00000232684 ATP11A-AS1 ATP11A antisense RNA 1 -1.7 -3.2 0.0006 

ENSG00000233623 PGAM1P11 phosphoglycerate mutase 1 

pseudogene 11 

-1.2 -2.3 0.0008 

ENSG00000144426 NBEAL1 neurobeachin like 1 -0.5 -1.4 0.0008 

ENSG00000270104 - novel transcript -2.4 -5.4 0.0008 

ENSG00000259648 HMGB1 high mobility group box 1 

pseudogene 

-2.3 -4.8 0.0008 

ENSG00000170074 FAM153A family with sequence similarity 

153 member A 

-1.5 -2.7 0.0008 

ENSG00000275488 ZNF337 zinc finger protein 337 

pseudogene 

-1.07 -2.1 0.0009 

ENSG00000231859 - novel pseudogene -2.08 -4.2 0.0009 

Table 8.1 – Differentially expressed genes at baseline between the relapse and remission cohorts, using an unadjusted P value of 

<0.001.   
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8.3.2 Controlling for variables 

To evaluate whether any variance in gene expression levels could be explained by 

other co-variates, a secondary analysis of the RNAseq data was performed adjusting 

for clinical variables including age, gender, ethnicity, smoking status, presence of 

GO, CRP concentration, thyroid function, and date of sample collection. This analysis 

is presented as violin plots in Figure 8.9.  

Although smoking has the biggest effect on gene expression affecting many genes 

by a small amount, the mean is only approximately 5% of the total within gene 

variance.  Ethnicity has one, and gender a few, genes where the variance of the 

gene is close to 100% due to factor effects. Residuals is the variance of gene 

expression that is not explained by any of the clinical factors entered into the 

analysis.  Therefore, most of the genetic variance (mean 77%) in the dataset cannot 

be explained by these clinical factors.   

Figure 8.9 – Violin plots showing the variability of gene expression in relation to each 

clinical factor. 8.3.3 Heatmap analysis of gene expression and outcome 
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Using the hierarchical clustering method as set out in Chapter 3: Methods, a 

heatmap was generated to visualise clustering of samples and genes based on gene 

expression. A heatmap of the 33 genes that were significantly differentially expressed 

(unadjusted P value <0.001) between the relapse and remission patient groups is 

presented in Figure 8.10.  Following hierarchical clustering there were two clusters of 

patient cohorts and three clusters of genes identified within the heatmap (Figure 

8.10).   

As visualised on the heatmap, the two clusters of patients identified correlates closely 

with gender (all males patients are in the same cluster) and this is also reflected in a 

cluster of highly expressed Y-linked genes (USP9Y, EIF1AY, DDX3Y, TXLNGY) in 

these patients.  Therefore, the clustering of this heatmap may be representative of 

the differences in gene expression between genders rather than GD outcome. 
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Figure 8.10 – Hierarchical clustered heatmap of log2(+1) transformed normalised 

read counts of the 33 genes that were significantly differentially expressed 

(unadjusted P value <0.001) between the relapse and remission groups.  

To further explore the relative differences in gene expression between outcome 

groups, the highly expressed Y-linked genes found clustered among the male 

patients were excluded from the analysis. Hierarchical clustering was undertaken as 

previously discussed, which identified two distinct clusters within the heatmap (Figure 

8.11).   
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Figure 8.11– A: Silhouette plot used to determine the optimal number of clusters in 

the dataset B: Cluster plot produced using principal component analysis (PCA) 

showing the two separate gene clusters. 

 

The clustering of this secondary heatmap shows gender more evenly spread 

between the two patient clusters: ‘Group 1’ and ‘Group 2’ (Figure 8.12).  

Furthermore, all the relapse patients are found within the same cluster (Group 2). 

There are two separate groups of gene clusters identified, with one cluster containing 

6 genes and the other 27 genes. Overall, between the two patient groups, the 6 gene 

cluster appears more upregulated in ‘Group 2’ compared to ‘Group 1’, whereas the 

27 gene group appears more upregulated in ‘Group 1’. 

The two groups identified on Figure 8.12 included 33 (Group 1) and 32 (Group 2) 

patients respectively. Additional analysis was undertaken to further characterise 

these two groups of patients (Chapter 9: Integrative analysis).  

 

A B 
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Figure 8.12 – Hierarchical clustered heatmap of log2(+1) transformed normalised 

read counts of 29 genes (USP9Y, EIF1AY, DDX3Y, TXLNGY excluded) that were 

significantly differentially expressed (unadjusted P value <0.001) between the relapse 

and remission groups.  

8.3.4 Canonical Pathway Analysis: relapse vs. remission 

To investigate the molecular mechanisms underlying GD relapse, pathway analysis 

of the RNAseq data was performed using Ingenuity Pathway Analysis (IPATM) 

software (Qiagen) to elucidate significantly involved pathways 

(https://www.qiagenbioinformatics.com/ products/ingenuity-variant-analysis).  All DEG 

identified between the relapse and remission groups with an unadjusted P value of 

<0.01 were included in this analysis (258 genes).  The DEG were categorised to 

related canonical pathways based on the Ingenuity pathway knowledge base (IPKB). 

Group 1 Group 2 
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IPKB is a database of biological and functional observations generated using 

modelled relationships between proteins, genes, cells, tissues, and disease (Krämer 

A et al. 2014). The top enriched categories of canonical pathways with a P value 

<0.05 are presented in Figure 8.13. The significance values (p-value of overlap) for 

the canonical pathways are calculated by the right-tailed Fisher's Exact Test. This 

test measures the overlap of observed and predicted regulated gene sets (Krämer A 

et al. 2014). 

Ingenuity pathway analysis indicated that ‘Cytokine Signalling’ and ‘Disease-Specific’ 

pathways were significantly activated prior to GD relapse and contained the greatest 

number of overlapping genes. The four canonical pathways found within ‘Cytokine 

Signaling’ and ‘Disease-specific’ categories as predicted by Ingenuity Pathway 

Analysis, along with their representative DEG are presented in Table 8.2. The 

remaining significantly enriched canonical pathways and their associated genes are 

listed in Appendix C. Many of these pathways that were identified included genes 

involved in the cellular and humoral immune response. The most significantly 

enriched canonical pathway within both the ‘Cytokine Signalling’ and ‘Disease-

Specific’ categories was the ‘Airway Pathology in Chronic Obstructive Pulmonary 

Disease’ (-log P= 3.79). Both IL-1β and IL-13 were found to be associated with all the 

top enriched categories of canonical pathways. 
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Figure 8.13 – Bubble chart of significant canonical pathways (P <0.05) enriched in the dataset. 
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Ingenuity Canonical Pathway  Ingenuity 
Canonical 
Pathway 

Category (s) 

-Log  

(P-value) 

Representative genes 

Airway Pathology in Chronic 
Obstructive Pulmonary Disease 

Cytokine 
signalling and 

disease-specific 
pathways 

3.79 APOD, FGF12, IL-13, IL17D, 

 IL-1β 

Differential Regulation of 
Cytokine Production in 

Macrophages and T Helper 
Cells by IL-17A and IL-17F 

Cytokine 
signalling 

 

2.57 IL-13, IL-1β 

Differential Regulation of 
Cytokine Production in 

Intestinal Epithelial Cells by IL-
17A and IL-17F 

Cytokine 
signalling 

 

2.36 IL-13, IL-1β 

Role of Cytokines in Mediating 
Communication between 

Immune Cells 

 

Cytokine 
signalling 

 

1.64 

 

IL-13, IL-1β  

Table 8.2 – Canonical Pathways and categories as predicted by Ingenuity Pathway 

Analysis. 8.3.5 Causal analysis (upstream analysis) 

Causal analysis aims to identify upstream transcriptional regulators that can provide 

biological insight into the observed gene expression changes. Upstream Regulator 

Analysis is based on expected causal effects between upstream regulators and 

targets, with the expected causal effects derived from the literature compiled in the 

IPKB.  The Ingenuity Pathway Analysis definition of a transcriptional regulator is any 

molecule that can affect the expression of other molecules, and therefore upstream 

regulators can include various types of molecules, such as transcription factors and 

microRNAs (Krämer A et al. 2014). 

 

The top transcriptional regulators (overlap P-value < 0.01) as predicted by Ingenuity 

Pathway Analysis and their predicted activation states (z-score) are presented in 

Table 8.3. The overlap P‐value measures whether there is a statistically significant 

overlap between the dataset genes and the genes that are regulated by a 

transcriptional regulator (calculated using Fisher’s Exact Test). The activation z‐score 

is used to infer likely activation states of upstream regulators by assessing the 

pattern of observed and predicted up/down regulation states (Krämer A et al. 2014). 
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There were no significant upstream regulators that were predicted to have an 

inhibitory action. 

 

Table 8.3 – Transcriptional regulators as predicted by Ingenuity Pathway Analysis.  

This causal analysis indicates that the expression pattern in the dataset is consistent 

with six upstream regulators that are predicted to have downstream activating or 

inhibitory effects on some of the differentially expressed genes identified in the GD 

outcome groups. The top predicted transcriptional regulator which had the greatest 

activation z-score (2.4) was IL-6. The mechanistic network of IL-6 as an upstream 

regulator is presented in Figure 8.14.  The different node shapes represent different 

types of molecules, as presented in Appendix E.   

Upstream 
Transcriptional 

Regulator 

Molecule 
Type 

 

Predicted 
Activation 

State  

Activation 
z-score 

Overlap 
P-value 

Target Genes in 
Dataset 

IL-6 

 

Cytokine Activated 

 

2.406 

 

0.008 

 

IL-13, I IL-1β, SOD2, 
ADAMTS13, 

CCL3L1, CYP1A2, 
FCGR1A, 

GADD45B, IGFBP4,  

miR-3160-3p 
(miRNAs w/seed 

GAGCUGA) 

 

Mature 
microRNA 

 

Activated 

 

2.236 

 

0.0006 

 

CYP1A2, 
FAM153A/FAM153B, 

FOXC1, NPIPA9, 
TTBK2 

 

miR-550b-2-5p 
(and other miRNAs 

w/seed 
UGUGCCU) 

 

Mature 
microRNA 

 

Activated 

 

2.236 

 

0.003 

 

ABRA, AC004076.7, 
B3GALT2, HOXB3, 

MESP1 

 

REL 

 

Transcription 
regulator 

 

Activated 

 

2.17 

 

0.0006 

 

IL-13, IL-1β, SOD2, 
NR4A3, DCLRE1B, 

GADD45B,  

 

IL-1A 

 

Cytokine Activated 

 

2.167 

 

0.004 

 

IL-13, IL-1β, SOD2, 
APOD, CYP1A2 

 

E. coli B4 
lipopolysaccharide 

 

Chemical 
toxicant 

 

Activated 

 

2.132 

 

0.00717 

 

IL-13, IL-1β, SOD2, 
ABCG8, FCGR1A 
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Figure 8.14 – Mechanism of action of IL-6 as an activated upstream regulator. 8.3.6 

Disease and Function Analysis (downstream analysis) 

Downstream analysis aims to identify biological functions or diseases that are 

expected to be increased or decreased given the observed gene expression 

changes.  Biological functions and diseases (focused on cellular function and 

immune response) predicted to be significantly (P=<0.01) affected by the DEG in the 

GD dataset are presented in Figure 8.15. The individual P values and the genes 

involved in each biological function is detailed in Appendix D.  
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Figure 8.15 – Bar chart (focused on cellular function and immune response) displaying significant biological functions and diseases 

(P=<0.01), predicted to be affected by the differentially expressed genes within the Graves’ disease dataset. 
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The identified biological impact predicted to be influenced by the DEG include 

inflammatory and immunological functions that are likely to be relevant in the context 

of an autoimmune disease, such as GD.  With particular focus on B cells, relevant 

processes include ‘Antigen presentation’ (P= 0.004) and the ‘Humoral immune 

response’ (P= 0.009).  

An example of how antigen presentation is affected by some of the DEG upregulated 

in the GD relapse patients is presented in Figure 8.16.  

 

Figure 8.16 – The influence of differentially expressed genes in the dataset on the 

development of antigen presenting cells.  

The most significant disease type associated with the DEG observed in the GD 

dataset was ‘Immunological Disease’ (Figure 8.15). The top three diseases 

associated with the observed pattern of DEG were SLE (P = 4.97 x 10-5), an active 

stage immunological disorder (P = 5.7 x 10-4), and refractory chronic primary immune 

thrombocytopenia (P = 8.14 x 10-4).  The 19 immunological diseases and their 

associated genes are presented in the Appendix D. A graphical representation of 

how the DEG in the GD dataset are related to SLE is presented in Figure 8.17. 
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Figure 8.17 – Association of the differentially expressed genes observed in the 

Graves’ disease dataset with systemic lupus erythematosus. The significant overlap 

of DEG in the GD dataset with another B cell mediated autoimmune disease, SLE, 

may help distinguish which specific genes are involved in the pathological 

autoimmune humoral immune response.  

8.3.7 Molecular network analysis 

Using the Ingenuity Pathway Analysis (IPATM) software, molecular network analysis 

was performed to explore the interactions between the DEG in the dataset and gain 

insight into the biologically relevant molecular networks and pathways leading to GD 

relapse. The top identified network was defined by the functions “Cell-To-Cell 

Signaling and Interaction, Cellular Function and Maintenance, Haematological 

System Development and Function, and Inflammatory Response” (P=2.43 × 10-7). A 

graphical hierarchical representation of this network is presented in Figure 8.18. 
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The findings from this network analysis indicate that IL-β is a key upstream regulator 

for many of the other genes differentially expressed in the GD dataset, and therefore 

it may be an essential component of molecular pathways leading to GD relapse.  
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Figure 8.18 – IPA molecular network of differentially expressed genes within the ‘Cell-To-Cell Signalling and Interaction, Cellular Function 

and Maintenance, Haematological System Development and Function, and Inflammatory Response’ network between patients who 

relapsed their Graves’ disease and those that went into remission. 
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8.4 Survival analysis 

The aim of survival analysis was to explore the association between DEG at the 

timepoint of stopping ATD and the time to relapse of GD. 

After performing a univariate cox regression analysis, 11 genes were significantly 

associated with time to GD relapse, using an unadjusted p-value threshold of <0.001 

(Table 8.4). However, none of the genes were significant after Benjamini-Hochberg 

multiple test correction.  The proportional hazard assumption was supported by a 

non-significant relationship between residuals and time for each gene.  

Out of these 11 genes associated with time-to-relapse, 2 genes (SOD2 and POC1B-

AS1) and a further 7 genes (CCL3L3, DDX11L17, TMEM86A, GADD45B, NRADDP, 

PFKFB3, FCGR1A) were also significantly (unadjusted P=<0.001, unadjusted 

P=<0.01, respectively) differentially expressed between the relapse and remission 

patients (Table 8.1). 

The 11 genes that were significantly associated with time to GD relapse on univariate 

analysis were entered into a multivariate Cox regression analysis. Following the 

multivariate analysis, only one gene, DDX11L17, remained significant (unadjusted 

P=0.01). 
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Ensembl gene ID HGNC symbol Gene description HRrelapse 

(CI 95%) 

B 

 

Unadjusted P value Adjusted P value 

ENSG00000276085 
CCL3L3 

 
C-C motif chemokine 

ligand 3 like 1 
1.4  

(1.2-1.6) 
0.32 4 × 10−5 0.79 

ENSG00000279928 
DDX11L17 DEAD/H-box helicase 11 

like 17 (pseudogene) 
1.5  

(1.2-1.8) 
0.41 3.5 x 10-11 0.79 

ENSG00000151117 
TMEM86A transmembrane protein 

86A 
1.1  

(1.02-1.1) 
0.05 

 
2.2 × 10-4 0.98 

ENSG00000099860 
GADD45B growth arrest and DNA 

damage inducible beta 
1  

(1.001-1.002) 
0.001 2.8 × 10-4 0.98 

ENSG00000170345 

FOS Fos proto-oncogene, AP-
1 transcription factor 

subunit 

1.01  
(1-1.01) 

0.0001 5.3 × 10-4 0.98 

ENSG00000236409 

NRADDP neurotrophin receptor 
associated death domain, 

pseudogene 

1.1  
(1.05-1.2) 

0.12 5.7 × 10-4 0.98 

ENSG00000170525 

PFKFB3 6-phosphofructo-2-
kinase/fructose-2,6-

biphosphatase 3 

1  
(1.002-1.006) 

0.004 5.8 × 10-4 0.99 

ENSG00000270344 
POC1B-AS1 POC1B antisense RNA 1 0.99  

(0.98-0.99) 
-0.014 6.963 × 10-4 0.99 

ENSG00000112096 
SOD2 superoxide dismutase 2 1  

(1.001-1.002) 
0.0013 7.088 × 10-4 0.99 

ENSG00000150337 
FCGR1A Fc gamma receptor Ia 1  

(1.01-1.05) 
0.03 7.699 × 10-4 0.99 

ENSG00000197272 
IL27 interleukin 27 1.1  

(1.05-1.2) 
0.11 9.874 × 10-4 0.99 

Table 8.4 – Association between gene expression at time of stopping ATD and time-to-relapse of Graves’ disease by univariate Cox 

regression analysis, using an unadjusted significance threshold of P<0.001. 
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8.4.1 Composite gene scores to predict outcome in Graves’ disease  

The performance of selected genes to predict GD relapse was assessed using a 

composite biomarker score. The genes selected to further explore their potential role 

in predicting GD relapse included all the 33 DEG genes (unadjusted P=<0.001) and 

additionally DDX11L17 which was the only gene observed to be significant on 

multivariate cox regression (unadjusted P=0.01). 

Firstly, lasso regression was performed (as described in Chapter 3: Methods) to 

select the genes with the greatest predictive value to simplify the model and enhance 

prediction accuracy. Following lasso regression, 28 genes were removed from the 

analysis leaving 6 genes remaining (ANKRD20A3: Ankyrin Repeat Domain 20 Family 

Member A3, DDX11L17: DEAD/H-Box Helicase 11 Like 17, POC1B-AS1; POC1B 

Antisense RNA 1, SCO1: Synthesis Of Cytochrome C Oxidase 1, SOD2: Superoxide 

dismutase 2, TEC: Tec Protein Tyrosine Kinase). The coefficients generated from the 

lasso regression provided a balanced weight for each gene, which was then 

multiplied by the respective gene value and added to the other genes to create a 

composite score. An example of the formula used to generate the regression-

weighted composite scores is presented in Chapter 3: Methods. 

8.4.2 ROC curve analysis using gene composite scores 

The composite scores were used to analyse different combinations of the 6 genes 

and compare their predictive utility for GD relapse with each individual gene alone 

(63 potential combinations). ROC curve analysis was undertaken which generated an 

AUC score to determine the best gene(s) to predict the outcome of relapse vs. 

remission. The R programme ‘cutpointr’ generated the optimal composite score cut-

off which produced the highest sensitivity and specificity of a specific gene or 

combination of genes for the prediction of relapse or remission (Chapter 3: Methods). 

The different combinations of variables and their respective ROCAUC are presented in 

Table 8.5. The complete list of variable combinations and their respective ROCAUC is 

presented in Appendix F. 
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Table 8.5 – The top 20 different combinations of biomarker composite scores ranked 

by their ROCAUC.  

There were 7 different combinations of genes that had the highest score for 

predicting relapse in GD (ROCAUC = 0.95), including the composite score that 

incorporated all 6 genes and three scores that included only 4 of the genes.  

Therefore, excluding the combinations of DDX11L17 +/- SCO1 or excluding POC1B-

 

POC1B-AS1 

 

SOD2 

 

TEC 

 

ANKRD20A3 

 

SCO1 

 

DDX11L17 

 

ROCAUC 

✓ ✓ ✓ ✓ ✓ ✓ 0.95 

✓ ✓ ✓ ✓ ✓  0.95 

✓  ✓ ✓ ✓ ✓ 0.95 

 ✓ ✓ ✓ ✓ ✓ 0.95 

✓ ✓ ✓ ✓   0.95 

✓  ✓ ✓ ✓  0.94 

  ✓ ✓ ✓ ✓ 0.94 

✓ ✓ ✓ ✓  ✓ 0.94 

✓ ✓ ✓  ✓ ✓ 0.94 

✓ ✓  ✓ ✓ ✓ 0.94 

✓  ✓ ✓  ✓ 0.94 

✓ ✓  ✓ ✓  0.93 

✓  ✓ ✓   0.93 

✓   ✓ ✓ ✓ 0.93 

✓   ✓ ✓  0.93 

✓ ✓  ✓  ✓ 0.92 

  ✓ ✓ ✓  0.92 

 ✓  ✓ ✓ ✓ 0.92 

 ✓ ✓ ✓ ✓  0.92 

✓ ✓ ✓   ✓ 0.91 
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AS1 + SOD2 didn’t affect the ROCAUC. The ROC curves of the top performing 

biomarker composite scores that incorporate differing numbers of genes (2 – 6 gene 

combinations) for comparison are presented in Figure 8.19.  
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Figure 8.19 – ROC curve analysis of the top performing 

biomarker composite scores including different numbers of 

genes: A: 6 genes; B: 5 genes; C: 4 genes; D: 3 genes; E: 2 

genes. 
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The difference observed in ROCAUC between the 6 gene score (0.95) and 2 gene 

(0.89) is minimal despite the lower number of genes included. The single genes all 

had similar ROCAUC scores between 0.71-0.79, with SCO1 reported to be the best 

performing single gene. However, there was a significantly improved ROCAUC (0.95) 

if these genes were combined with additional genes. Furthermore, the positive 

predictive value (PPV) fell with each gene removed from the composite score (0.83 

(5-gene) vs. 0.55 (2-gene)).  The predictive performance of the gene combinations 

incorporating different numbers of genes including sensitivity, specificity, and positive 

and negative predictive values is presented in Table 8.6. 

 

Table 8.6 – Predictive value of the top (highest ROCAUC) performing six, five, four, 

three and two gene combination composite scores, including the sensitivity, 

specificity, positive predictive (PPV) and negative predictive value (NPV).  

Overall, the highest performing 4-gene (POC1B-AS1+SOD2+TEC+ANKRD20A3) 

combination with a ROCAUC 0.95 had the highest sensitivity (1.0) and negative 

predictive value (1.0) while retaining a satisfactory PPV (0.73) and specificity (0.88) 

compared to other scores including those with a greater or fewer number of genes. 

 

No. of 
genes 

included 

 

Genes  

 

Threshold 
value 

 

Sensitivity 

(95% CI) 

 

Specificity 

(95% CI) 

 

PPV 

(95% CI)  

 

NPV 

(95% CI) 

 

ROCAUC 

(95% CI) 

6 POC1B-AS1 
+SOD2+TEC+ 
ANKRD20A3 

+SCO1+ 
DDX11L17 

 

 

-0.2105 

 

0.94 

(0.85 – 1) 

 

0.90 

(0.79 – 0.98) 

 

0.75 

(0.57 – 1) 

 

0.98 

(0.94 – 1) 

 

0.95 

(0.91 – 0.99) 

5 POC1B-AS1 
+SOD2+TEC+ 
ANKRD20A3 

+SCO1  

 

-0.2163 

0.94 

(0.83 – 1) 

0.94 

(0.86 – 1) 

0.83 

(0.65 – 1) 

0.98 

(0.94 – 1) 

0.95 

(0.90 – 0.99) 

4 POC1B-AS1 
+SOD2+TEC+ 
ANKRD20A3  

 

-0.0766 

1.0 

(1 – 1) 

0.88 

(0.81 – 0.96) 

0.73 

(0.59 – 0.90) 

1.0 

(1 – 1) 

0.95 

(0.90 – 0.98) 

3 POC1B-AS1 
+TEC+ 

ANKRD20A3 

 

-0.1607 

0.94 

(0.88 – 1) 

0.84 

(0.72 – 0.94) 

0.65 

(0.36 – 0.86) 

0.98 

(0.95 – 1) 

0.93 

(0.87 – 0.97) 

2 POC1B-AS1+ 
ANKRD20A3 

 

-0.1319 

1.0 

(0.88 – 1) 

0.73 

(0.65 – 0.89) 

0.55 

(0.42 – 0.75) 

1.0 

(0.96 – 1) 

0.89 

(0.82 – 0.95) 
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8.4.3 Survival analysis using gene composite scores 

The survival distributions of the top (highest ROCAUC) performing gene combinations 

with differing numbers of genes (2-6) as presented in Table 8.6 were analysed by the 

log-rank test. The Kaplan-Meier plots are presented in Figure 8.20. All the survival 

distributions for these gene combinations were significant (P=<0.0001).  

Those assigned to the ‘positive’ cohort indicated that the patient’s gene score was 

above the optimal composite score cut-off threshold as determined by ‘cutpointr’ e.g., 

-0.2105 (for the 6-gene score) with any under this threshold considered ‘negative’. 

The thresholds used are presented in Table 8.6. 
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Figure 8.20 – Kaplan-Meier plots of 

survival following ATD cessation stratified 

by positive (blue) or negative (red) 

composite biomarker score for different 

gene combinations.  

 

 

A B C 

D E 
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8.5 Discussion 

The primary aim of the gene expression analysis was to determine whether there 

was differential gene expression between the relapse and remission patients at the 

time of stopping ATD. However, only two of the DEG, both Y-linked genes, were 

robust to multiple test correction.  The lack of transcriptomic variation observed in the 

B cells of the GD study patients may reflect the fact that peripheral B cells are largely 

quiescent in patients taking ATD, and thus ATD are effective in suppressing the B 

cell activation that is presumably present at the onset of hyperthyroid GD.  

Secondary analysis was performed to accept an unadjusted P value of <0.001 which 

identified 33 DEG. Of these 33 genes, 28 had a fold change ≥ 1.6 as previously 

specified in the power calculation. In addition, pathway analysis was performed on 

258 DEG with an unadjusted P value of <0.01. 

A review of the literature for the 33 DEGs with P<0.001 was undertaken to 

investigate their functional and biological characteristics with relevant findings 

discussed below. Further investigation of contributing genes involved in the pathway 

and network analysis is also discussed. 

8.5.1. Differential gene expression of relapse and remission patients at ATD 

withdrawal 

Y-linked genes 

Two Y-linked genes remained significantly differentially expressed after multiple test 

correction, namely DEAD-box helicase 3 Y-linked (DDX3Y) and Ubiquitin specific 

peptidase 9 Y-linked (USP9Y).  Although GD is commoner in females, men are more 

likely to relapse (Suzuki N et al. 2021). Therefore, although these genes may 

represent sex-biased gene expression rather than true differential gene expression, 

given that sexually dimorphic immune responses are well-described (Gal-Oz ST et al. 

2019) and gender is associated with outcome in GD, further investigation of Y-linked 

genes is warranted.  

USP9Y is a member of the peptidase C19 family and prevents the degradation of 

specific proteins through the removal of conjugated ubiquitin, with a role in the TGF 

(transforming growth factor)-beta(β)/BMP(bone morphogenetic protein) signalling 

cascade (UniProt Consortium (2023)). TGF-β is a key cytokine with a crucial 
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immunoregulatory role causing both suppression and activation, including specific 

effects on humoral immunity that involve the inhibition of B cell activation and 

reduction of antibody synthesis and production (Kardalas E et al. 2021).  The 

deficiency of TGF-β has been implicated in promoting GD by causing an increase in 

IFN (interferon) γ-induced expression of MHC (Kardalas E et al. 2021). Interestingly, 

USP9Y has been identified as a potential diagnostic biomarker for multiple sclerosis 

in males and found to be positively correlated to memory B cells (Zhang S et al. 

2024). Therefore, the upregulation of USP9Y observed in relapse patients may result 

in disruption of the TGF-β signalling pathway resulting in dysregulated TGF-β and an 

increase in B cell autoreactivity and a breakdown of immune tolerance. 

DDX3Y is a member of the DEAD-box RNA helicase family and has also been 

reported to have an immunoregulatory role by enhancing IFN- β1 expression via IRF 

(Interferon regulatory factor) 3/IRF7 pathway (UniProt Consortium (2023)). Due to the 

aberrant production of type-I interferon, IRF7 is implicated in the pathogenesis of a 

number of autoimmune diseases including SLE and type I diabetes (Fu Q et al. 2011, 

Heinig M 2010, Honda K et al. 2005). Indeed, in the disease and functional 

downstream analysis using my dataset, all four Y-linked differentially expressed 

genes were identified to be related to and upregulated in SLE. These Y-linked genes 

may have important links to immunoregulatory signalling pathways and therefore 

their upregulation in relapsed patients could have a potential role in GD relapse and 

provide mechanistic insights into the increased relapse risk in males. 

SOD2 

SOD2 (Superoxide dismutase 2) is an isoform of the SOD antioxidant enzymes and 

is expressed in human mitochondria (UniProt Consortium (2023)). In my dataset it 

was found to be significantly upregulated in the relapse group with a Log2FC of 0.5 

(FC 1.4). Reactive oxidative species (ROS) produced because of oxidative stress are 

neutralised by these enzymes through catalysing the conversion of superoxide anion 

radicals to hydrogen peroxide and oxygen (Palma FR et al. 2020). Therefore, they 

have a protective role in preventing the accumulation of ROS and consequent 

cellular and tissue damage.  

ROS are closely linked to thyroid hormones and can both affect and be affected by 

thyroid hormone status. ROS are essential in the initial stage of thyroid hormone 

synthesis during iodide oxidation (Massart C et al. 2011), and the hypermetabolic 
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state of thyrotoxicosis consumes antioxidants and promotes the accumulation of 

ROS in peripheral tissues and the thyroid.  This may potentially cause damage to 

thyroid cells and drive thyroid autoimmunity through exposure of thyroid autoantigens 

(Saban et al. 2022). Indeed, GD and GO have been associated with increased 

markers of oxidative stress (Saban et al. 2022, Diana T et al. 2018, Tsai C et al. 

2009), and the increased synthesis of ROS has been observed in GD compared to 

healthy controls with serum TRAbs demonstrated to augment the generation of ROS 

(Diana T et al. 2018). Furthermore, increased synthesis of ROS has been observed 

in Graves’ disease relapse compared to euthyroid GD (Dudina et al. 2022). 

Consistent with the finding of increased oxidative stress in GD, several studies have 

described significantly greater SOD activity in patients with hyperthyroidism 

compared with control groups, which gradually decreased with ATD therapy 

(Komosinska-Vassev K et al. 2000, Zarković M. 2012, Guerra LN et al. 2001). A 

polymorphism in SOD2 (rs2758332) has been associated with increased 

susceptibility to SLE in children (Abd El Azeem R et al. 2021). 

Therefore, SOD2 is a biomarker of oxidative stress with elevated levels suggesting 

the increased presence of ROS.  The upregulation of SOD2 in the relapse group in 

my dataset may directly reflect a hypermetabolic state caused by higher thyroid 

hormones concentrations in these patients. However, as discussed previously, 

thyroid inflammation may be a contributing factor to relapse in GD and high oxidative 

stress may induce and augment inflammation in the thyroid, leading to thyroid cell 

damage, the release of pro-inflammatory cytokines and the breakdown of self-

tolerance, ultimately driving relapse (Marcocci C et al. 2012, Ranneh Y et al. 2017). 

IL-1β 

IL-1β (interleukin-1 beta) is a key proinflammatory cytokine produced by various 

immune cells including B cells and has been shown to induce the production of 

another inflammatory cytokine implicated in GD, IL-6 (Tosato G et al. 1990). In my 

dataset IL-1β was found to be significantly upregulated in the relapse group with a 

Log2FC of 1.3 (FC 2.5) and it was also a key representative gene in the top 

significantly enriched canonical pathways in my dataset. 

IL-1β beta has been described to disrupt immune tolerance through expansion of 

CD25+ effector T cells (O'Sullivan BJ et al. 2006), and elevated serum levels of IL-1β 

have been found in several autoimmune diseases, including GD (Buldygina YV et al. 
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2021, Pedro AB et al. 2011). IL-1β levels have been demonstrated to normalise 

following ATD treatment (Pedro AB et al. 2011), suggesting a potential role for IL-1β 

as a biomarker of GD activity.  Therapeutics that involve the inhibition of IL-1β have 

been used successfully to reduce disease severity in autoinflammatory diseases e.g., 

the IL-1 receptor antagonist, Anakinra (Kaneko N et al. 2019). Furthermore, IL-1β 

polymorphisms (-511 C/T and rs16944, rs1143634) have been associated with 

susceptibility to GD (Chen RH et al. 2005, Liu N et al. 2010, Shehjar F et al. 2018).  

The increased expression of IL-1β in the relapse patients in my dataset may reflect 

the presence of an inflammatory environment which is driving the breakdown of 

immune tolerance. Indeed, a previous RNA sequencing study of PBMCs in GD 

demonstrated an increased expression of IL-1β in patients with persistent TRAbs (>5 

years) (Chen Z et al. 2021). Furthermore, IL-1β has been shown to stimulate 

intracellular SOD activity in Graves' retroorbital fibroblast cultures in a dose-

dependent manner (Zarković M. 2012), suggesting a potential role for IL-1β in 

upregulating SOD2 in the context of inflammatory-induced oxidative stress 

perpetuating autoimmunity as discussed above. Interestingly, both IL-1β and SOD2 

are part of a distinct cluster of 6 genes in the heatmap analysis that contain all the 

relapse patients again suggesting a potential contributing role for these genes in the 

relapse of GD. 

 

POC1B-AS1 

POC1B-AS1 (POC1B Antisense RNA 1) is a long non-coding RNA gene (lncRNA), 

that was significantly downregulated in my dataset with a Log2FC of -0.5 (FC -1.4). 

lncRNA is an important regulator of gene expression in immune cells and several 

lncRNAs have been identified to have immunoregulatory roles including receptor 

signalling, immune cell proliferation and differentiation and cytokine expression 

(Atianand MK et al. 2014, Aune TM et al. 2017, Wang J et al. 2016). Indeed, a 

microarray profile of the B cells in GD has found lncRNA to be associated with 

modulating B cell proliferation and survival (Jiang X et al. 2020).  Furthermore, a 

lncRNA (HCP5) has been implicated in susceptibility to GD and associated with age 

of GD onset (Lane LC et al. 2020). 

Interestingly, POC1B-AS1 has been demonstrated to be positively correlated to Treg 

cells (Liu J et al. 2022).  In GD a lower percentage of circulating Treg cells has been 
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associated with a lower remission rate due to persisting TRAbs (Teniente-Serra A et 

al. 2019, Chen Z et al. 2021). Therefore, reduced expression of POC1B-AS1 in my 

dataset may suggest a lower Treg population in the relapsing patients which 

highlights their potential role in the immune dysregulation driving relapse.   

VSTM4 

VSTM4 (V-set and transmembrane domain-containing 4) is part of an 

immunoglobulin superfamily of 8 transmembrane proteins. It was found to be 

significantly downregulated in my dataset, with a Log2FC of -2.2 (FC -4.5). It has 

recently been demonstrated to act as a negative regulator of T cell activation and 

significantly reduce the T cell production of pro-inflammatory cytokines IFN-γ, IL-2, 

and IL-17 (Wang J et al. 2019). Therefore, the reduced expression of VSTM4 

observed in the relapse cohort in my dataset may reflect a lack of 

immunosuppressive activity in these patients contributing to a resurgence of 

autoimmunity. 

LEAP2 

LEAP2 (liver-expressed antimicrobial peptide 2) is produced in the liver and small 

intestine and is described to have antibacterial activity and act as an endogenous 

antagonist of the ghrelin receptor (Ge X et al. 2018). It was found to be significantly 

downregulated in the relapse patients my dataset, with a Log2FC of -0.9 (FC -1.9). 

Contrary to this, elevated serum levels of LEAP2 have been found in RA and shown 

to correlate with the inflammatory markers, CRP and IL-6, suggesting that LEAP2 is 

associated with inflammatory status in RA patients and could be a potential 

biomarker of disease activity (Francisco V et al. 2020). LEAP2 has not previously 

been studied in GD but did demonstrate reduced expression in the relapse patients 

in my dataset, which unlike my findings above is not necessarily consistent with an 

inflammatory environment. 

HMGB1 

HMGB1 is a member of the High-mobility group (HMG) family of proteins expressed 

in most human cells (Ge Y et al. 2021). It was found to be significantly downregulated 

in my dataset, with a Log2FC of -2.3 (FC -4.8). HMGB1 functions as a damage-

associated molecular pattern (DAMP) molecule which activates Toll-like receptors 

(TLRs) expressed on immune cells resulting in secretion of pro-inflammatory 
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cytokines via nuclear factor (NF)-κB signaling (Ge Y et al. 2021). HMGB1 has also 

been reported to form synergistic complexes with inflammatory cytokines, including 

IL-1β, to enhance proinflammatory activity (Sha Y et al. 2008). Both HMGB1 and 

TLRs have been suggested as potential therapeutic targets for autoimmune disease 

(Ren W et al. 2023). Elevated levels of circulating HMGB1 have been reported in 

several autoimmune diseases, including autoimmune thyroid disease (Li, C et al. 

2017, Schierbeck H et al. 2013). Increased mRNA expression of HMGB1 has been 

demonstrated in a murine model of autoimmune thyroiditis with reduced thyroid 

inflammation and lymphocytic infiltrate following the addition of a direct inhibitor of 

HMGB1 (Li, C et al. 2017).  

HMGB1 was found to be downregulated in the relapse patients in my dataset.  In the 

context of a potentially inflammatory environment in these relapsing patients, it may 

be expected that HMGB1 expression would be increased in this group compared to 

the remission patients. The functional activity of HMGB1 has been shown to be 

closely related to oxidative stress and ROS have been demonstrated to directly 

promote the release of HMGB1 and perpetuate inflammation (Zhang B et al. 2017). 

To counteract this, antioxidants are released which have been demonstrated to 

inhibit oxidative stress-induced HMGB1 release through a feedback loop (Zhang B et 

al. 2017, Tang D et al. 2011, Janko C et al. 2014).  Therefore, the increased 

expression of the antioxidant SOD2 observed in the relapse patients in my dataset 

may alter the redox state and prevent the accumulation of ROS, thereby reducing 

HMGB1 expression particularly if inflammation is chronic. 

8.5.2 Canonical Pathway Analysis: enriched genes 

Cytokines are a fundamental part of the humoral immune response in GD. Consistent 

with this, the canonical pathway analysis revealed that the ‘Cytokine Signalling’ 

category formed the most significant pathways modulated by the DEG in my dataset. 

The genes represented in these pathways include IL-1β and IL-13 which are both 

found to be present in most of the top enriched canonical pathways. IL-1β was also 

found to be differentially expressed in the relapse patients and is discussed above.  

The increased expression of both IL-1β and IL-13 in persisting GD (the presence of 

TRAb > 5 years), has been demonstrated on RNA sequencing of PBMCs suggesting 

an inflammatory role in driving autoimmunity (Chen Z et al. 2021). IL-13 has been 

implicated as a B cell stimulating factor, with a role in upregulating MHC II expression 
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and directing naïve B cells to switch to IgG4 (Defrance T et al. 1994, Punnonen J et 

al. 1993). Elevated levels of serum IL-13 has been associated with GD recurrence 

(Komiya I et al. 2001). Furthermore, a Japanese study found an IL-13 polymorphism 

(rs1800925) was associated with susceptibility to GD (Hiromatsu Y et al. 2005), with 

the T allele of this polymorphism found to be more frequent in controls and GD 

remission patients (Inoue N et al. 2011).  Conversely, the T allele has been observed 

to be associated with enhanced IL-13 promoter activity in T helper type 2 

lymphocytes (Cameron L et al. 2006). IL-13 has been described as an ‘anti-

inflammatory’ cytokine because of its capacity to inhibit proinflammatory cytokines 

(de Vries JE 1998), which may explain why there could be increased IL-13 activity in 

some GD remission patients.  

Another significant cytokine signalling canonical pathway identified involves the IL-17 

cytokines, IL-17A, IL17D and IL-17F.  Both IL-17A and IL-17F are produced by T 

helper (Th)17 cells which differentiate from naïve CD4+ T cells following stimulation 

from TGF-β, IL-6, IL-23, and IL-1β (Veldhoen M et al. 2006). The pathogenic role of 

Th17 cells in autoimmune disease has been described as maintaining and amplifying 

inflammatory reactions (Wang Y et al. 2023), and they have been shown to directly 

provide B cell help by driving B cell proliferation and promoting the formation of 

germinal centres and antibody production (Mitsdoerffer M et al. 2010). Several 

studies have found increased proportions of Th17 cells in GD compared to controls, 

with GD patients demonstrating elevated serum IL-17A with positive associations to 

both circulating TRAb concentration and intractable GD (Nanba T et al. 2009, Peng 

et al. 2013, Li JR et al. 2013). IL-1β has been described as the dominant cytokine 

driving the differentiation of naïve T cells into Th17 cells (Acosta-Rodriguez EV et al. 

2007, Lasigliè D et al. 2011). The reported association of Th17 cells with GD and the 

upregulation of IL-1β observed in the relapse patients in my dataset may suggest a 

pathogenic role for the IL-1/IL-17 axis and the associated B cell activation and 

germinal centre development in GD relapse. 

The APOD (Apolipoprotein D) gene which was also represented in the top canonical 

pathway encodes a small glycoprotein (ApoD) that is described to function as an 

antioxidant, modulating oxidative stress and inflammation, by binding to and blocking 

arachidonic acid signalling which reduces the production of pro-inflammatory 

molecules (Fyfe-Desmarais G et al. 2023). Transcriptomic and proteomic studies 

have found that APOD demonstrates Th17-specific expression and is upregulated in 
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Th17 cells suggesting ApoD as a potential biomarker of Th17-mediated inflammation 

(Sałkowska A et al. 2020, Tripathi SK et al. 2019).  Given the potential role of Th17 

cells in GD, ApoD could be relevant in the context of monitoring disease activity and 

suggests a potential mechanism for oxidative stress and inflammation in GD relapse. 

Overall, the enriched cytokine signalling pathways and representative genes are 

suggestive of an active immune inflammatory environment with associated oxidative 

stress, providing potential mechanistic insight into the pathways driving GD relapse.  

8.5.3 Causal analysis: upstream transcriptional regulators 

In causal analysis of my dataset, IL-6 was the top predicted upstream transcriptional 

regulator.  As previously discussed, IL-6 is a key component of the proinflammatory 

cytokine pattern observed in GD and has been associated with susceptibility and 

severity (Chapter 6: Results 3 – Cytokine and Chemokine data). Although the IL-6 

gene itself was not detected as differentially expressed in the RNAseq dataset, this 

may reflect the sensitivity of the causal analysis (Krämer A et al. 2014).   

IL-6 activates both the pro-inflammatory cytokine IL-1β and the antioxidant enzyme 

SOD2, suggesting a pattern of perpetuating inflammation and a compensatory 

response of increasing SOD2 expression to counteract the accompanying 

inflammatory-mediated oxidative stress. IL-6 has also been shown to inhibit 

downstream ADAMTS13 (a disintegrin and metalloprotease with a thrombospondin 

type 1 motif, member 13). Autoantibodies against ADAMTS13 lead to the 

development of the autoimmune disorder, thrombotic thrombocytopenic purpura 

(TTP) and there are rare case reports of an association between TTP and GD 

occurring concurrently (Lhotta K et al. 2018). ADAMTS13 has been proposed to have 

an anti-inflammatory role as decreased levels are associated with systemic 

inflammation and MS (Ziliotto N et al. 2018, Kashiwakura Y et al. 2006), and 

exogenous ADAMTS13 treatment in a murine model has been demonstrated to 

ameliorate the inflammatory response in experimental autoimmune 

encephalomyelitis (Lu K et al. 2020). Therefore, the inhibition of ADAMTS13 by IL-6 

would reduce the regulation of inflammation. 

GADD45β (Growth Arrest And DNA Damage Inducible Beta) which is activated 

downstream from IL-6 has been implicated in regulating autoimmunity and has a role 

in perpetuating inflammatory signals in T cells and promoting the release of pro-

inflammatory cytokines (Li RN et al. 2019, Lu B et al. 2004, Liu L et al. 2005). 
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GADD45β is also expressed on germinal centre B cells and has been demonstrated 

to promote CD40-induced prosurvival signalling resulting in reduced apoptosis of 

activated B cells (Zazzeroni F et al 2003). In GD this has the potential to promote the 

survival of activated autoantibody-secreting B cells. 

This upstream analysis highlights potential pathways of immune dysregulation within 

the adaptive immune response caused by IL-6 and its interaction with other 

downstream inflammatory mediators that result in a cycle of perpetual inflammation. 

8.5.4 Molecular network analysis 

Network analysis determined the top network to involve “Cell-To-Cell Signalling and 

Interaction, Cellular Function and Maintenance, Haematological System 

Development and Function, and Inflammatory Response”. The connected pathways 

identified in this network provide biological insights into the relationships between 

various DEG in the RNAseq dataset. The network highlights IL-1β as a key upstream 

regulator, and includes upregulated genes discussed previously such as IL-13 and 

SOD2. Furthermore, both IL-1β and IL-13 are also identified in the downstream 

functional analysis as key genes involved in the biological process of ‘Antigen 

presentation’ and the development of antigen-presenting cells, highlighting their 

potential pathogenic role in the humoral immune response and relapse of GD. 

Indeed, a single cell transcriptomic study of thyroid follicular cells in GD has 

highlighted the enrichment of genes and pathways involved with antigen processing 

and presentation (Álvarez-Sierra D et al. 2023).  

CCL3L1 (chemokine ligand 3-like1) is also identified to be upregulated in the 

network.  This chemokine binds to pro-inflammatory cytokine receptors to enhance 

inflammatory responses and increased CCL3L1 expression has been demonstrated 

in RA and SLE (McKinney C et al. 2008, Mamtani M et al. 2008), although a study of 

copy number variations in CCL3L1 was not associated with the development of GD 

(Song RH et al. 2017). 

8.5.5 Gene composite scores survival analysis 

The gene composite score analysis demonstrated that generally the gene 

combinations had high ROCAUC (0.71-0.95).  When translating a predictive score into 

clinical practice, as well as the effectiveness of the score, it is important to consider 

the cost effectiveness.  By reducing the gene score to include only 4 out of the 6 
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genes, the ROCAUC remained high (0.95) and retained good sensitivity, specificity and 

PPV/NPV. Survival analysis of the gene composite scores also demonstrated 

significant survival distributions.  

Some of the genes included in the composite score are described to have potential 

immunoregulatory roles as discussed above (SOD2 and POC1B-AS1) and therefore 

could be biomarkers of disease activity and outcome. ANKRD20A3 and DDX11L17 

are both pseudogenes, however the role of pseudogenes exerting biological effects 

by regulating expression of coding genes is well described (Pink RC et al. 2011). 

There is no current literature on the role of these pseudogenes or that of the TEC 

gene (ENSG00000280216) in immune disease states, however other pseudogenes 

have been found associated with autoimmune thyroid disease so they may have 

undiscovered functional capabilities (Li CW et al. 2021). Although SCO1 is also not 

described to have any direct effects on the immune system, it is reported to have a 

role regulating copper homeostasis which may indirectly affect the immune response 

(Festa RA et al. 2012).  

Further analysis aiming to improve the composite score by integrating other 

significant variables from my study is presented in Chapter 9: Results 6 – Integrative 

Analysis. 

8.6 Limitations 

A key limitation of this RNA sequencing study is that only two of the DEG, both Y-

linked genes, were robust to multiple test correction. This is likely related to the small 

sample size and magnitude of differential gene expression between the relapse and 

remission groups.  In addition, although the model was corrected for gender, there is 

likely to have remained some sex-biased gene expression and distinguishing 

between whether differential gene expression is related to GD relapse, for which 

gender is described as a risk factor, and not just due to sexual dimorphism is 

challenging. Despite this, on further analysis many immunoregulatory biological 

molecules and pathways were identified that are relevant in the context of 

autoimmunity. 

The sample analysed by RNA sequencing was taken whilst all the patients remained 

on ATD.  It is unknown whether there is any specific effect of ATD on the CD19+ B 

cell transcriptome, however ATD is described to potentially have an 
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immunomodulatory effect and therefore could potentially alter immune-related gene 

expression. However, it was important to sequence the B cells prior to stopping ATD 

treatment as this is the time a clinical decision would be made regarding 

management and therefore would allow the results to have greater translational 

potential. 

Bulk RNA sequencing of the CD19+ B cells provides useful information on the activity 

of the total population of CD19+ B cells. However, this doesn’t allow insight into the 

individual expression and functional activity of the specific B cell subpopulations. The 

advancement in technology now enables the use of single-cell and spatial 

transcriptomic approaches which may provide more accurate data and identify 

precise novel pathways and therapeutic targets. 

8.7 Summary 

This study of the CD19+ B cell transcriptome highlights components of the humoral 

immune system that may be relevant in advancing our understanding of the 

mechanisms driving GD relapse. Although few genes were robust to multiple test 

correction, pathway, and network analysis of the DEG has identified potentially 

pertinent immune mediators and pathways involved in cytokine cell signalling, 

inflammation, and oxidative stress. The B cell signature highlights the balance of 

various humoral immune components that are functioning in synergy or 

antagonistically in reaction to inflammatory environmental stimuli to maintain immune 

homeostasis. Many cytokines and inflammatory mediators have the capacity to 

induce each other in a perpetuating cycle of inflammation that may serve to enhance 

autoimmunity.  

Analysis of the gene composite scores in predicting GD relapse highlights the 

potential for the inclusion of genes in a predictive model. Further analysis using these 

genes in conjunction with other markers of humoral immunity studied is presented in 

the next chapter.    
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Chapter 9: Results 6 – Integrative Analysis 

In the previous Results Chapters I have presented the results from the specific 

clinical, biochemical, immunological, and transcriptomic analyses. The aim of this 

chapter is to integrate the results from the previous Results Chapters to investigate 

how the individual components of the humoral immune system interact and use this 

information to form a composite biomarker score that encompasses the significant 

factors associated with outcome in GD, with the potential to translate to clinical 

practice.  

9.1 Cytokines and monocytes  

Monocytes are key components of the innate immune system, but they also have an 

important role in the adaptive immune system activating B and T cells through their 

ability to present antigen. They are also responsible for producing proinflammatory 

cytokines studied in this thesis, such as BAFF and IL-6. 

In the previous Results chapters of this thesis, an elevated BAFF concentration and 

MLR were both independently observed to be associated with time-to-relapse in GD 

using the multivariate Cox regression model.  Therefore, further analysis was 

undertaken to determine whether there was any relationship between BAFF levels 

and the absolute monocyte count or MLR at baseline and 6-10 weeks.  However, the 

BAFF concentration was not observed to be significantly correlated to the absolute 

monocyte count or MLR at baseline or 6-10 weeks.  

On the contrary, IL-6 levels were found to be positively associated with the absolute 

monocyte count both at baseline (P=6.2 x 10-4, rs 0.41) and at 6-10 weeks (P=3.1 x 

10-3, rs 0.38) (Figure 9.1) and there was a positive correlation between IL-6 and MLR 

at baseline (P=0.026, rs 0.28) (Figure 9.2).  
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Figure 9.1 – Association between log transformed (ln) serum IL-6 levels and absolute 

monocyte count at ATD withdrawal (A) and 6-10 weeks later (B).  

P = 6.2 x 10
-4

  

P = 3.1 x 10
-3
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Figure 9.2 – Association between log transformed (ln) serum IL-6 levels and 

monocyte-lymphocyte ratio at ATD withdrawal.  

Given the positive association between IL-6 and monocytes, alongside the previous 

observation of a positive association between IL-6 and CRP (Chapter 6: Results 3 – 

Cytokine and Chemokine data), the relationship between monocytes and CRP was 

also investigated.  There was a positive association observed between CRP and 

absolute monocyte count (P=6.04 x 10-6, rs 0.40) and the MLR (P=0.018, rs 0.21) 

(Figure 9.3). 

 

P=0.026  
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Figure 9.3 – Association between serum CRP levels and absolute monocyte count 

(A) and the monocyte-lymphocyte ratio (B). 9.2 Cytokines and B cell 

subpopulations 

A 

 

 

P=6.04 x 10
-6
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P=0.018  



 

 233 

Analysis was undertaken to determine the relationships between the peripherally 

circulating B cell subpopulations and cytokine concentrations at baseline prior to ATD 

withdrawal.  Serum BAFF was positively correlated to the transitional cell population 

and the B regulatory cell 2 phenotype (P=0.0002, rs 0.44; and P=0.017, rs; 0.29, 

respectively) but was negatively correlated to the B regulatory cell 1 phenotype 

(P=0.012, rs;-0.31) (Figure 9.4).  There was a weak positive and negative correlation 

between IL-6 and naïve B cells (P=0.04, rs 0.25) and switched memory cells 

(P=0.03, rs-0.27), respectively. There was a positive correlation observed between 

sTACI and the total CD19+ B cell count (P=0.04, rs 0.25) (Figure 9.4). There was no 

observed association between CXCL13, APRIL, sBCMA or sTACI and any B cell 

subpopulation.  

Following multiple test correction (Benjamini-Hochberg), the correlation between 

BAFF and transitional cells remained significant (P=0.01; rs 0.44). 
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Figure 9.4 – Correlations between the different B cell subpopulations and log 

transformed (ln) cytokines.  

P=0.0002 P=0.017 

P=0.012 
P=0.04  
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9.3 Cytokine heatmap integrated analysis 

The cytokine heatmap presented in Chapter 6: Results 3 – Cytokine and Chemokine 

data, highlighted two clustered groups of relapse patients (Group 1 and 2). The aim 

of examining separate groups of relapsing patients was to determine if there were 

any cytokine biomarkers that could discriminate relapse subtypes which could 

translate into a greater understanding of clinical prognosis. The main difference 

noted visually between the groups was the increased expression of sTACI and 

sBCMA in Group 1 patients. Indeed, further analysis showed elevated levels of both 

sTACI (P=0.006) and sBCMA (P=0.02) in Group 1 compared to Group 2 (Figure 9.5).  

 

 

 

 

 

 

 

 

 

 

 

Figure 9.5 – Association between two groups of relapse patients (as clustered on 

cytokine heatmap analysis) with log transformed (ln) sTACI (A) sBCMA (B)  

 

To further characterise these two separate identified clusters of relapse patients, 

clinical and biochemical parameters (patients demographics, thyroid function, B cell 

subpopulations and KRECs) were compared between the two groups. 

There was no observed difference in most demographic and clinical characteristics 

including age, gender, smoking status, goitre size, CRP, or duration of ATD 

treatment.  However, patients in Group 1 were observed to have lower levels of FT3 

at the time of ATD withdrawal (P=0.01) (Figure 9.6), with no significant difference in 

A B 

P=0.006  P=0.02  
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FT4 (P=0.46) or TRAb (P=0.10) concentrations.  Group 1 was also observed to have 

a lower switched B memory cell (P=0.023) and plasmablast (P=0.025) population, 

and a higher naïve B cell population (P=0.04) (Figure 9.6). Time-to-relapse did not 

differ between the two groups (Group 1 = 189 days (median), Group 2 = 185 days 

(median), P= 1).  As there was an expanded naïve cell population in Group 1, KRECs 

were assessed for any variation between the groups, however there was no 

difference in KRECs observed (P=0.47). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 237 

 

Figure 9.6 – Association between two subgroups of relapse patients (as clustered on 

heatmap analysis) with Free T3 (A) plasmablasts (B) switched memory B cells (C) 

and naïve B cells (D) 

 

The gene expression levels of the 33 most DEG observed between relapse and 

remission groups were investigated in the two groups of clustered relapsed patients 
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in the heatmap for variations that may distinguish relapse subtypes, however no 

significant differences were observed.  

9.4 Gene expression heatmap integrated analysis 

The gene expression heatmap presented in Chapter 8: Results 5 – CD19+ B cell 

RNAseq highlighted two clustered groups of patients (Group 1 and 2), which 

appeared to have variations in their gene expression levels in two distinct clusters of 

genes. All the relapse patients were found in Group 2 and therefore comparisons 

were made between the remission patients in the two groups to determine if there is 

a specific gene expression profile associated with other components of the humoral 

immune system in patients that remain immune tolerant at one year after ATD 

withdrawal. This may provide mechanistic insights that could translate into a greater 

understanding of clinical prognosis.  

To further characterise these two separate identified clusters of remission patients, 

clinical and biochemical parameters (patients demographics, thyroid function, B cell 

subpopulations and KRECs) were compared between the two groups. 

The duration of taking ATD treatment (months) was significantly shorter in the 

remission patients in ‘Group 1’ (median 15.7) compared to ‘Group 2’ (median 18.2) 

(P=0.0008) (Figure 9.7).  Furthermore, the patients in ‘Group 1’ had more circulating 

CD19+ B cells (/µl whole blood) (median 103.6 vs. 211.5: P=0.0015) and sTACI 

(median 224.6 vs. 354 :P=0.03) (Figure 9.8). There was no observed difference in 

clinical or demographic characteristics including age, gender, smoking status, goitre 

size, CRP, thyroid status, KRECs, or B cell subpopulations.   
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Figure 9.7 – Association between two groups of patients (as clustered on gene 

expression heatmap analysis) with duration of antithyroid drug (ATD) treatment 

(months)  

 

Figure 9.8 – Association between two groups of remission patients (as clustered on 

gene expression heatmap analysis) with total CD19+ B cell count (A) and log 

transformed (ln) sTACI (B)  

P=0.0015  P=0.03  

B A 
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9.5 KRECs and B cell subpopulations 

The KRECs analysis in Chapter 5: Results 2 – Kappa-deleting recombination 

excision circles (KRECs) highlighted the importance of B cells in GD and 

demonstrated a robust association between KRECs and GD activity. Further analysis 

was undertaken to determine the relationships between the quantity of KRECs and 

the peripherally circulating B cell subpopulations. KRECs were positively correlated 

to the total CD19+ B cell count (P=3.2 x 10-7) and with most of the B cell 

subpopulations, excluding the plasmablast population (Table 9.1 and Figure 9.9). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 9.1 – Spearman’s correlation of each B cell subpopulation and KRECs quantity 

per 106 cells.  

 

B cell subpopulation  

(per µl whole blood) 

KRECs per 
106 cells 

Transitional rs 

P 

0.52 

1.5 x 10-5* 

Naïve rs 

P 

0.60 

3.7x10-7* 

Unswitched 
memory 

rs 

P 

0.53 

9.9 x 10-6* 

Switched 
memory 

rs 

P 

0.28 

0.03* 

Plasmablast rs 

P 

0.17 

0.17 

Double 
negative 

rs 

P 

0.34 

0.006* 

B reg cells 1 rs 

P 

0.27 

0.03* 

B reg cells 2 rs 

P 

0.52 

1.4 x 10-5* 
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The strongest correlations were observed between KRECs and the early-stage B cell 

populations (transitional and naïve B cell subsets). Although there was no direct 

correlation observed between KRECs and plasmablasts, both the switched and 

unswitched memory B cell subsets were positively associated with plasmablasts 

(unswitched: P = 1.3 × 10−5, rs 0.52, switched: P = 1.7 × 10−8, rs 0.65). Additionally, 

the double negative (DN) B cells were positively associated with both KRECs (P = 

.006, rs 0.34) and plasmablasts (P = .018, rho rs 0.29). 

 

P=3.2 x 10
-7

 P=1.5 x 10-5 

P=3.7x10
-7

 P=9.9 x 10
-6
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Figure 9.9 – Association between the total CD19+ B cell count and the various B cell 

subpopulations with KRECs quantity per 106 cells.  

 

There was no association between the KREC quantity and any of the cytokines 

measured in this study.  

P=0.006 P= 0.03 

P=0.03 P=1.4 x 10
-5
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9.6 Composite biomarker scores to predict outcome in Graves’ disease 

(excluding gene expression data) 

After ATD has been started, the ideal timepoint to predict whether a patient is going 

to relapse their GD is after completing a 12-18 month course of ATD when the 

clinical decision is made about whether to stop treatment or continue. If a test, or 

combination of tests, existed that could reliably predict the likelihood of a patient 

relapsing after stopping ATD it would help to inform patient management and 

ultimately may prevent the patient relapsing. 

A composite biomarker score, excluding the gene expression data, was used to 

analyse whether a combination of the significant variables demonstrated in this thesis 

could have predictive value for GD relapse. The advantage of excluding the CD19+ B 

cell gene expression data in this initial analysis, which involves taking a larger 

volume of blood and requires costly processing, is that it makes the score more 

translational to clinical practice. 

The variables selected to compose the biomarker score were based on their 

statistical significance (P=<0.05) in the previous multivariate logistic and/or cox 

regression analyses (Chapter 4: Results 1 – Clinical data and Chapter 6: Results 3 – 

Cytokine and Chemokine data). In total, six variables at baseline reached the level of 

significance to be selected for integrative analysis (Table 9.2). No variables were 

included from the flow cytometry or KRECs data as none of these were significantly 

associated on regression analyses.   
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Table 9.2 – The six variables selected for integrative analysis based on their 

significance (P=<0.05) in the previously reported multivariate logistic and/or cox 

regression analysis.  

9.6.1 Generating a composite biomarker score 

The performance of these combined biomarkers to predict GD relapse was assessed 

using a composite biomarker score. Firstly, all cytokines were tested for significance 

by using lasso regression (as described in Chapter 3: Methods) to select the 

biomarkers with the greatest predictive value to simplify the model and enhance 

prediction accuracy. Following lasso regression, IL-6 was removed from the analysis. 

The coefficients generated from the lasso regression provided a balanced weight for 

each variable, which was then multiplied by the respective biomarker value and 

added to the other variables to create a composite score. An example of the formula 

used to generate the regression-weighted composite scores is presented in Chapter 

3: Methods. 

 

9.6.2 ROC curve analysis using biomarker composite scores 

The composite scores were used to analyse different combinations of five variables 

(31 potential combinations) and analyse their ability to predict GD relapse. ROC 

curve analysis was undertaken which generated an AUC score to determine the best 

biomarker(s) to predict the outcome of relapse vs. remission. The R programme 

‘cutpointr’ generated the optimal composite score cut-off which produced the highest 

sensitivity and specificity of a specific biomarker for the prediction of relapse or 

remission (Chapter 3: Methods).  

 

Variable type 

 

Baseline variable 

 

Regression Test 

 

Multivariate P value 

Clinical MLR Logistic and Cox  0.04* 

TRAb  Logistic and Cox  0.027* 

Cytokine sTACI Logistic and Cox 0.007* 

BAFF Cox 0.025* 

sBCMA Logistic 0.029* 

IL-6 Cox 0.04* 
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The top 10 different combinations of variables and their respective ROCAUC are 

presented in Table 9.3. The complete list of variable combinations and their 

respective ROCAUC is presented in Appendix G. 

Table 9.3 – The top 10 different combinations of biomarker composite scores ranked 

by their ROCAUC.  

 

The highest scoring composite biomarker scores (ROCAUC = 0.86) for predicting 

relapse in GD included the score that incorporated all five variables and two scores 

that included four of the variables. Excluding MLR or sBCMA did not affect the 

ROCAUC. The ROC curves of the highest scoring composite scores are presented in 

Figure 9.10, alongside the top (highest ROCAUC) 3-variable and 2-variable scores for 

comparison. The difference observed between the ROCAUC between these composite 

scores is minimal despite the lower number of variables included.  

Notably, TRAb was the best performing single biomarker (ROCAUC 0.72) (currently 

the gold standard for predicting relapse in GD), however there was a significantly 

improved ROCAUC (0.86) when combined with the additional biomarkers. 

Furthermore, TRAb alone as a single predictive biomarker had lower sensitivity (0.63 

vs. 0.88), and positive (0.5 vs. 0.57) and negative (0.87 vs. 0.95) predictive values 

 

ln(MLR) 

 

ln(TRAb) 

 

ln(sTACI) 

 

ln(BAFF) 

 

ln(sBCMA) 

 

ROCAUC 

✓ ✓ ✓ ✓ ✓ 0.86 

 ✓ ✓ ✓ ✓ 0.86 

✓ ✓ ✓ ✓  0.86 

 ✓ ✓ ✓  0.85 

✓ ✓ ✓  ✓ 0.84 

✓ ✓ ✓   0.84 

 ✓ ✓   0.84 

 ✓ ✓  ✓ 0.82 

✓  ✓ ✓  0.82 

✓  ✓ ✓ ✓ 0.81 
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compared to the best performing composite score (Table 9.4). TRAb as a single 

biomarker did have a slightly higher specificity (0.80 vs. 0.79). 
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Figure 9.10 – ROC curve analysis of the top two performing biomarker composite 

scores  

 

The predictive performance of the biomarker composite scores, including the 

sensitivity, specificity and positive and negative predictive values is detailed in Table 

9.4. 

 

 

Composite 
score 

 

Variables 
included 

 

Threshold 
value 

 

Sensitivity 

(95% CI) 

 

Specificity 

(95% CI) 

 

PPV 

(95% CI)  

 

NPV 

(95% CI) 

 

ROCAUC 

(95% CI) 

TRAb + 
sTACI + 
BAFF + 
sBCMA + 
MLR  

 AUC 0.86 

TRAb + 
sTACI + 
BAFF+ 
sBCMA 
 
AUC 0.86 

TRAb+ 
sTACI + 
BAFF   
  
AUC 0.86 

TRAb + 
sTACI 
 
AUC 0.84 

A B 

C D 
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Table 9.4 – Predictive performance of the top (highest ROCAUC) performing 2-5 

variable combination composite scores including the sensitivity, specificity, positive 

predictive (PPV) and negative predictive value (NPV).  

 

Although the ROCAUC is similar for all the variable composite scores in Table 9.4, the 

five- and four-variables scores had the highest sensitivity and negative predictive 

values, with slightly lower specificity and positive predictive values than the 3-variable 

score. Given the very similar predictive performance of the five- and four-variables 

scores there appears to be minimal benefit in including the MLR +/- sBCMA in the 

composite score.  It is also worth noting that all the composite scores have low PPV 

(maximum of 0.57 in the 3-variable score). 

 

9.6.3 Survival analysis using biomarker composite scores 

The survival distributions of the high performing composite biomarker scores 

presented in Table 9.4 were analysed by the log-rank test. The Kaplan-Meier plots of 

these scores are presented in Figure 9.11. The survival distributions and log-rank P 

values were all significant (P = <0.0001). Being assigned to the ‘positive’ cohort 

indicated that the patient’s biomarker score was above the optimal composite score 

cut-off threshold as determined by ‘cutpointr’ e.g., 0.4912 (for the 5-variable score) 

with any under this threshold considered ‘negative’. The thresholds used are 

presented in Table 9.4. 

5-variable 
TRAb + 
sTACI + 
BAFF +  

sBCMA+ 
MLR 

 

0.4912 

0.88 

(0.64– 1.0) 

0.75 

(0.64– 1.00) 

0.54 

(0.40 – 0.87) 

0.95 

(0.87 – 1.0) 

0.86 

(0.77 – 0.94) 

4-variable TRAb + 
sTACI + 
BAFF+ 
sBCMA 

 
0.4117 

0.88 
(0.64– 1.0) 

0.75 
(0.67 – 0.97) 

0.54 
(0.41 – 0.88) 

0.95 
(0.88 – 1.0) 

0.86 
(0.77 – 0.94) 

3-variable TRAb + 
sTACI + 
BAFF 

 

0.3925 

0.81 

(0.60 – 1.0) 

0.79 

(0.61 – 0.98) 

0.57 

(0.40 – 0.92) 

0.93 

(0.85 – 1.0) 

0.86 

(0.75 – 0.93) 

2-variable TRAb + 
sTACI + 

 

0.1374 

0.81 

(0.58 – 1.00) 

0.73 

(0.60 – 0.96) 

0.5 

(0.40 – 1.0) 

0.92 

(0.38 – 0.95) 

0.84 

(0.75 – 0.9) 
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Figure 9.11 – Kaplan-Meier plot of survival following ATD cessation stratified by positive (blue) or negative (red) composite biomarker 

score. 

A B 

C D 
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9.7 Composite biomarker score to predict outcome in Graves’ disease 

(including gene expression data)  

A composite biomarker score, including the gene expression data and biomarkers, 

was used to analyse whether a combination of the significant variables demonstrated 

to be significant in this thesis could have predictive value for GD relapse. The aim of 

using the genetic data as well as the biomarkers was to examine whether there was 

any additional predictive value of including genes in the composite score. 

The genes included in the initial analysis were all the 33 DEG and the additional 

gene that was positive on multivariate cox regression analysis (DDX11L17). The 

biomarkers included alongside the genes were those found significantly associated 

with outcome as discussed in the previous section (MLR, TRAb, BAFF, sTACI, 

sBCMA, IL-6) (Section 9.6). Therefore, in total 40 variables at baseline were selected 

for the initial analysis to generate a predictive model.  

9.7.1 Generating a composite biomarker score 

The performance of these combined variables to predict GD relapse was assessed 

using a composite biomarker score. Firstly, all the biomarkers and genes were tested 

for significance by using lasso regression (as described in Chapter 3: Methods). 

Following lasso regression, 32 variables were removed from the analysis and 8 

remained in the model.  A relaxed lasso regression was then performed, and the 

coefficients generated from this provided a balanced weight for each variable, which 

was then multiplied by the respective biomarker/gene value and added to the other 

variables to create a composite score. An example of the formula used to generate 

the regression-weighted composite scores is presented in Chapter 3: Methods. 

9.7.2 ROC curve analysis using biomarker composite scores 

The composite scores were used to analyse different combinations of the eight 

remaining variables in the predictive model (255 potential combinations) and analyse 

their ability to predict GD relapse. ROC curve analysis was undertaken which 

generated an AUC score to determine the best combination of biomarker(s) and 

genes to predict the outcome of relapse vs. remission. The R programme ‘cutpointr’ 

was used as discussed previously (Chapter 3: Methods).  
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The composite scores that included combinations of 1-8 variables ranked by their 

respective ROCAUC are presented in Table 9.5. The complete list of variable 

combinations and their respective ROCAUC is presented in Appendix H. 
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Table 9.5 – The top combinations of gene/biomarker composite scores including 1-8 variables ranked by their ROCAUC.  

 

 

POC1B-AS1 SOD2 TEC ANKRD20A3 SCO1 DDX11L17 TRAb sTACI ROCAUC 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.99 

✓  ✓ ✓ ✓ ✓ ✓ ✓ 0.99 

✓  ✓ ✓  ✓ ✓ ✓ 0.99 

✓  ✓ ✓   ✓ ✓ 0.99 

  ✓ ✓   ✓ ✓ 0.96 

✓  ✓ ✓     0.92 

✓   ✓     0.88 

✓        0.78 
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There were 7 different combinations of gene/biomarkers that scored with a ROCAUC = 

0.99 for predicting relapse in GD including the combination that incorporated all eight 

variables. However, a ROCAUC = 0.99 was also achieved when only 5 variables were 

included (SOD2, SCO1, DDX11L17 removed). Therefore, excluding these variables 

did not affect the ROCAUC. The ROC curves of these eight highest scoring 

combinations of genes and biomarkers that included different numbers of variables 

are presented in Figure 9.12. There is minimal difference in the ROCAUC between the 

eight (0.99) and 4 (0.96) variable combinations.   

 

POC1B-AS1+ 
SOD2+TEC+ 
ANKRD20A3+
SCO1+ 
DDX11L17+ 
TRAb + sTACI 

AUC 0.99 

AUC 0.99 

POC1B-AS1+ 
TEC+ 
ANKRD20A3+  
DDX11L17+ 
TRAb + sTACI 

POC1B-AS1+ 
TEC+ANKRD2
0A3+SCO1+ 
DDX11L17+ 
TRAb + sTACI 

AUC 0.99 

POC1B-AS1+ 
TEC+ANKRD2
0A3+TRAb+ 
sTACI 

AUC 0.99 

A B 

C D 
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Figure 9.12 – ROC curve analysis of the top performing 1-8 variable gene/biomarker 

composite scores  

 

 

The predictive performance of the gene/biomarker composite scores, including the 

sensitivity, specificity and positive and negative predictive values is detailed in Table 

9.6. 

POC1B-AS1+  
ANKRD20A3 

AUC 0.88 

SCO1 

TEC+ 
ANKRD20A3+ 
TRAb+sTACI 

AUC 0.96 

POC1B-AS1+ 
TEC+ 
ANKRD20A3 

AUC 0.92 

AUC 0.79 

E F 

H G 
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Table 9.6 – Predictive performance of the top (highest ROCAUC) performing one-eight 

variable combination composite scores, including the sensitivity, specificity, positive 

predictive (PPV) and negative predictive value (NPV).  

The combination that included all 8 variables had the highest ROCAUC and the highest 

level of sensitivity, specificity, PPV and NPV.  However, the five variables score that 

had the same high ROCAUC demonstrated similar predictive performance with only 

slightly reduced specificity (0.96 vs. 0.98) and PPV (0.89 vs. 0.94). 

 

Composite 
score 

 

Variables 
included 

 

Threshold 
value 

 

Sensitivity 

(95% CI) 

 

Specificity 

(95% CI) 

 

PPV 

(95% CI)  

 

NPV 

(95% CI) 

 

ROCAUC 

(95% CI) 

8-variable POC1B-AS1+ 
SOD2+TEC+ 
ANKRD20A3+

SCO1+ 
DDX11L17+ 

TRAb + sTACI 

 

 

-0.4649 

 

1.0 

(0.60– 1.0) 

 

0.98 

(0.60– 1.0) 

 

0.94 

(0.75 – 1.0) 

 

1.0 

(0.88 – 1.0) 

 

0.99 

(0.98 – 1.0) 

7-variable POC1B-AS1+ 
TEC+ 

ANKRD20A3+
SCO1+ 

DDX11L17+ 
TRAb + sTACI 

 

-0.5141 

1.0 

(0.57– 1.0) 

0.96 

(0.89 – 1.0) 

0.89 

(0.67 – 1.0) 

1.0 

(0.87 – 1.0) 

0.99 

(0.96 – 0.94) 

6-variable POC1B-AS1+ 
TEC+ 

ANKRD20A3+
DDX11L17+ 

TRAb + sTACI 

 

-0.3493 

1.0 

(0.60 – 1.0) 

0.96 

(0.89 – 1.0) 

0.89 

(0.67 – 1.0) 

1.0 

(0.87 – 1.0) 

0.99 

(0.96 – 1.0) 

5-variable POC1B-AS1+ 
TEC+ 

ANKRD20A3+
TRAb + sTACI 

 

-0.3493 

1.0 

(0.60 – 1.0) 

0.96 

(0.89 – 1.0) 

0.89 

(0.67 – 1.0) 

1.0 

(0.87 – 1.0) 

0.99 

(0.96 – 1.0) 

4-variable  TEC+ 
ANKRD20A3+
TRAb + sTACI 

 

-0.0881 

0.94 

(0.50 – 1.0) 

0.88 

(0.70 – 1.0) 

0.71 

(0.42 – 1.0) 

0.98 

(0.83 – 1.0) 

0.96 

(0.90 – 1.0) 

3-variable POC1B-AS1+ 
TEC+ 

ANKRD20A3+ 

 

-0.575 

1.0 

(0.50 – 1.0) 

0.76 

(0.64 – 0.95) 

0.57 

(0.33 – 0.86) 

1.0 

(0.82 – 1.0) 

0.92 

(0.83 – 0.99) 

2-variable POC1B-AS1+ 
ANKRD20A3 

 

-0.3961 

1.0 

(0.43 – 1.0) 

0.69 

(0.56 – 0.89) 

0.52 

(0.27 – 0.73) 

1.0 

(0.80 – 1.0) 

0.88 

(0.78 – 0.97) 

1-variable SCO1  

-0.17 

0.81 

(0.25 – 1.0) 

0.71 

(0.44 – 0.92) 

0.48 

(0.20 – 0.70) 

0.92 

(0.74 – 1.0) 

0.79 

(0.63 – 0.94) 
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9.7.3 Survival analysis using biomarker composite scores 

The survival distributions of the eight different gene/biomarker combinations 

presented in Table 9.6 were analysed by the log-rank test. The Kaplan-Meier plots of 

these scores are presented in Figure 9.13. The survival distributions and log-rank P 

values were all significant (P = <0.0001). Being assigned to the ‘positive’ cohort 

indicated that the patient’s biomarker score was above the optimal composite score 

cut-off threshold as determined by ‘cutpointr’ e.g., -0.3493 (for the 5-variable score) 

with any under this threshold considered ‘negative’. The thresholds used are 

presented in Table 9.6.
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Figure 9.13 – Kaplan-Meier plot of survival following ATD cessation stratified by 

positive (blue) or negative (red) composite biomarker score.  

9.8 Discussion 

9.8.1 Association of IL-6 and CRP with monocytes 

As previously discussed in Chapter 4: Results 1 – Clinical data, circulating 

monocytes have been observed to be elevated in GD, associated with disease 

activity, and positively correlated to TRAb titres (Turan 2019, Chen et al. 2021). 

Monocytes have a role in synthesising and inducing IL-6 in response to inflammatory 

mediators, including IL-1β (Tosato G et al. 1990). The positive association 

demonstrated in my study between the monocyte count and IL-6 concentration 

suggests that circulating monocytes could potentially be contributing to IL-6 

production. Indeed, previous studies in RA have found a similar correlation and have 

also demonstrated that CD14+ monocytes in RA are metabolically re‐programmed to 

promote a pro‐inflammatory response (McGarry T et al. 2021, Tsukamoto M et al. 

2017).   

CRP has been demonstrated to induce pro-inflammatory cytokines, including IL-6 

and IL-1β, from monocytes in a dose-dependent manner (Ballou SP et al. 1992). This 

is consistent with the finding in my dataset of a positive association between CRP, IL-

6, and monocytes, suggesting that CRP may be inducing IL-6 production by 

monocytes in the GD patients. Neither CRP nor IL-6 was independently associated 

with outcome of GD, however IL-6 was associated with time-to-relapse on 

multivariate analysis suggesting a potential role in the relapse process. Only a few 

patients demonstrated CRP positivity and therefore further studies may need to 

include high sensitivity CRP to detect more subtle changes for analysis.  

Both CRP and IL-6 were also positively associated with the MLR which was 

independently associated with relapse and time-to-relapse on multivariate analysis 

(Chapter 4: Results 1 – Clinical data). MLR is described as a marker of systemic 

inflammation, and therefore the concurrent finding of elevated inflammatory cytokines 

would be expected and suggests the presence of an inflammatory immune 

environment in relapsing patients. These findings could provide mechanistic insight 

into the interplay of cytokines and monocytes in the relapse process. 
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9.8.2 Cytokines and B cell subpopulations 

There is a complex interplay between cytokines and B cell subpopulations which 

aims to maintain or restore immune homeostasis. In my dataset, BAFF was positively 

correlated with the transitional B cell subpopulation, consistent with previous studies 

in SLE and MS (Landolt-Marticorena C et al. 2011, Smets I et al. 2021).  Transitional 

cells comprise a higher proportion of autoreactive B cells, with negative selection 

providing a peripheral checkpoint promoting the apoptosis of autoreactive transitional 

B cells (Carsetti R et al. 1995). Both transitional cells and BAFF have been found to 

be elevated in autoimmune disease, including GD (Van der Weerd K et al. 2013, 

Wang X et al. 2021). The dominant BAFF receptor, BAFF-R, is expressed at high 

levels on transitional cells, and BAFF has been demonstrated to mediate the survival 

of peripheral transitional B cells, many of which are autoreactive (Rowland SL et al. 

2010, Meyer-Bahlburg A et al. 2008, Batten M et al. 2000). Specifically in GD there is 

also reported to be an increased expression of BAFF-R on peripheral B cells 

suggesting that enhanced BAFF-R receptor signalling activity could be promoting 

BAFF-induced B cell survival, including that of autoreactive transitional cells where 

BAFF-R is the predominant BAFF receptor (Wang X et al. 2021).  Indeed, anergy of 

autoreactive B cells was restored in SLE patients treated with the anti-BAFF 

antibody, Belimumab, suggesting that BAFF could be promoting autoreactive B cell 

survival through blocking anergy induction of autoreactive B cells (Malkiel et al. 

2016). 

In my dataset, BAFF was associated with timing of GD relapse following ATD 

withdrawal using a multivariate Cox regression model and there was a larger 

proportion of transitional cells present in the relapse group (8.8% vs. 5.4%). 

Increased BAFF-R expression on transitional cells promoting the BAFF-induced 

survival of autoreactive B cells may explain the positive correlation observed 

between BAFF and transitional cells and suggest a potential pathway for the re-

emergence of TRAbs in relapsing GD. 

The transitional cell population is enriched with B regulatory cells, capable of 

producing immunosuppressive cytokines such as IL-10.  Changes in the immune 

microenvironment are proposed to induce B regulatory cells through activation of B 

cells via receptors such as BAFF-R (Mauri C et al. 2012). In a murine model, BAFF 

has been demonstrated to induce IL-10-producing B cells specifically with a 

CD1d(hi)CD5(+) phenotype (Yang M et al. 2010).  This is consistent with the finding 
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in my dataset of a positive correlation between BAFF and Breg2 (CD19+ 

CD5+CD1d+) cells. However, conversely BAFF was found to be negatively correlated 

to the Breg1 phenotype (CD19+ CD27+ CD24++). The role of B regulatory cells in GD 

remains controversial with studies observing both elevated and reduced circulating B 

regulatory cells with/without functional impairment, using a variety of phenotypes 

(Grubczak K et al. 2021, Rosser EC et al. 2015, Kristensen B et al. 2015, Zha B et al 

2012).  Functionally defective Bregs have also been suggested as responsible for the 

pathogenesis of GO (Chen G et al. 2019). This therefore highlights the need for 

further work to accurately immunophenotype B regulatory cells to investigate their 

role and interaction with cytokines in GD. 

sTACI is cleaved and shed from the membrane of activated B cells and therefore 

functions as a soluble biomarker of B cell activation (Meinl E et al. 2021). Although 

sTACI wasn’t associated with any of the B cell subpopulations in my dataset, it was 

weakly positively correlated with the total CD19+ B cell population and was 

independently associated with relapse and time-to-relapse of GD. sTACI has been 

proposed as an immunoregulator, functioning as a decoy to block BAFF-APRIL-

mediated B cell survival to regulate the expansion of activated B cells (Hoffman et al. 

2015) and TACI receptor deficient mice have elevated B cells (Yan M et al. 2001). 

This suggests that the B cell population should fall with increasing sTACI attenuating 

B cell survival via BAFF and APRIL. However, switched memory B cells are relatively 

independent of BAFF or APRIL for survival (Smulski CR et al. 2018, Benson MJ et al. 

2008). This is demonstrated by the administration of soluble TACI-Ig (Atacicept), a 

fusion protein which blocks BAFF and APRIL, that has been demonstrated to target 

mature B cells and antibody-producing plasma cells but spare memory cells in RA 

(Bracewell C et al. 2008). Therefore, in an activated B cell state sTACI may affect 

selected B cell populations but the switched memory B cells may continue to survive 

and differentiate into plasma cells, increasing the B cell population.  

9.8.3 Cytokine heatmap integrated analysis 

The heatmap of cytokine expression at the time of ATD withdrawal demonstrated 

distinct clusters of relapsing patients, as presented in Chapter 6: Results 3 – 

Cytokine and Chemokine data, (Group 1 and Group 2), the former of which was 

noted to visually have greater expression of sTACI and sBCMA. These two groups 
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were explored in detail with other humoral immune markers and clinical/demographic 

features to further characterise and explore potential relapsing subtypes. 

The Group 1 relapsing cohort were confirmed to have significantly higher levels of 

sTACI and sBCMA compared to Group 2. Group 1 was also observed to have a 

significantly increased proportion of naïve B cells, with a lower switched memory B 

cell and plasmablast population. Neither sTACI nor sBCMA were found to be directly 

correlated with any of these B cell subpopulations. As well as indirectly affecting the 

survival of B cell populations through their interaction with BAFF, elevated sTACI and 

sBCMA reflect a state of B cell activation, and therefore there may be fewer 

circulating memory cells and plasmablasts as they are differentiating into 

unmeasured antibody-secreting plasma cells. 

Three patients on the heatmap were noted to have relatively higher levels of IL-6, 

however only one of these patients relapsed at one year. Out of these 3 patients, 2 

also had an elevated CRP (20,26 mg/L) which is consistent with the positive 

correlation demonstrated earlier in this Chapter between IL-6 and CRP and may 

indicate an acute phase inflammatory response in these patients. 

9.9 Gene expression heatmap integrated analysis 

The heatmap of gene expression at the time of ATD withdrawal presented in Chapter 

8: Results 5 – CD19+ B cell RNAseq demonstrated one cluster containing remission 

patients only (Group 1) and a second cluster containing all the relapse patients and 

16 of the remission patients (Group 2). These two groups were explored in detail in 

conjunction with other measured clinical and humoral immune markers as previously 

described to examine whether there were differences in the 16 remission patients 

clustered with the relapse patients.  

 

The remission patients in ‘Group 2’ had lower circulating CD19+ B cells and sTACI 

which was unexpected considering they were grouped with the rest of the relapse 

patients for whom sTACI was an independent biomarker of relapse. However, this 

group of remission patients had also received a longer duration of ATD compared to 

the remission patients in ‘Group 1’ which suggests they had experienced a longer 

disease course and had a greater exposure to ATD which may have affected the 
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quantity of circulating B cells and their level of activation considering the changes in 

immunophenotypes demonstrated after treatment with ATD (Torimoto K et al. 2022). 

9.9.1 KRECs and B cell subpopulations 

Data presented in Chapter 5: Results 2 – Kappa-deleting recombination excision 

circles demonstrated that KRECs have a potential role as a marker of activity and 

outcome in GD. Further analysis demonstrated a strong association between KRECs 

and the early-stage B cell populations that are present shortly after emigration from 

the bone marrow (transitional and naïve B cell subsets). 

Although there was no direct correlation observed between KRECs and 

plasmablasts, both the switched and unswitched memory B cell subsets were 

positively associated with plasmablasts. Additionally, the DN B cells were positively 

associated with both KRECs and plasmablasts. This indicates that although the 

plasmablasts are not directly correlated to KRECs, the positive association of 

memory and DN B cells with KRECs, may be consistent with their roles as 

precursors of antibody-secreting plasma cells. 

Previous evidence has suggested that patients with GD, particularly in the untreated 

hyperthyroid phase, have an expanded immature B cell population, with increased 

numbers of CD5+ transitional cells and naïve B cells (Iwatani Y et al. 1989, Torimoto 

K et al. 2022). Within this immature B cell population, even after passing the central 

tolerance checkpoint in the bone marrow, around 50% of transitional cells continue to 

demonstrate autoreactivity which only reduces once they differentiate into mature B 

cells (Wardemann H et al. 2003, Giltiay NV et al. 2012). This circulating pool of 

autoreactive B cells was studied in SLE, where analysis of antinuclear antibodies 

(ANA) demonstrated that they were mostly of the naïve B cell subset with the 

potential to become activated due to a failure of anergy induction (Malkiel S et al. 

2016). This was observed to have a direct effect on disease activity in SLE, as 

increased frequencies of anergic ANA+ B cells was associated with decreased 

disease activity (Malkiel S et al. 2016). Additional studies have demonstrated the 

association of autoimmune conditions, such as JDM and systemic sclerosis, with an 

expanded immature transitional B cell population (Piper CJM et al. 2018, Liu M et al. 

2019, Taher TE et al. 2018). The increased KRECs and their strongly positive 

association with early-stage B cells observed in this study of GD patients, may reflect 
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this expanded autoreactive immature B cell population that ultimately gives rise to 

TRAb-producing B lymphocytes.  

The differentiation of B lymphocytes into IgG+ plasma and memory cells in 

autoimmunity is classically described to occur through the germinal centre pathway 

(Suurmond J et al. 2019).  However, the activation and differentiation of naïve B 

lymphocytes into plasma cells has also been demonstrated to occur directly through 

the extrafollicular pathway in SLE (Suurmond J et al. 2019). The germinal centre 

response results in memory cell formation and is also reported to produce higher 

affinity plasma cells (Jenks SA et al. 2019), however it is slower to develop and 

therefore may be less important during an acute relapse of GD.  Indeed, a large 

proportion of the circulating plasma cells during an active flare of SLE have been 

observed to be clonally related to naïve B cells rather than IgG+ memory B cells, 

suggesting they originate from an extrafollicular, rather than germinal centre, 

response (Jenks SA et al. 2019, Tipton CM et al. 2015).  Therefore, the extrafollicular 

pathway may activate the expanded immature naïve B lymphocytes in GD into 

TRAb-producing plasma cells and play a critical role in the humoral immune 

response during active and acutely relapsing GD. Thus, the association of KRECs 

with early-stage B lymphocytes suggests that they could represent a biomarker for 

disease activity in GD, with increased levels associated with active or relapsing GD.  

DN B cells, characterised by the absence of both naïve (IgD) and conventional 

memory markers (CD27), have been observed to be an expanded cell population in 

SLE, MS and RA (You X et al. 2020, Moura RA et al. 2017, Fraussen J et al 2019). 

Furthermore, DN B cells have been demonstrated to generate antibody-secreting 

plasmablasts in response to antigenic stimulation (Ruschil C et al. 2020). In 

particular, the ‘DN2’ subtype (phenotype IgD–CD27– CD38– CD24–) is described as 

having a specific role in the extrafollicular pathway, as an extrafollicular antibody-

secreting cell precursor (Stewart A et al. 2021, Sanz I et al. 2019). B cells expressing 

the surface marker CD11c, which is found highly expressed on DN2 cell subsets, 

have been demonstrated to be of increased frequency and correlate with serum 

TRAb levels in GD (Cao Y et al. 2022). The positive association of DN B cells with 

KRECs and plasmablasts observed in this study could be consistent with the 

differentiation of the naïve B cell subset into DN B cells via the extrafollicular 

pathway, which further differentiate into TRAb-secreting plasma cells. 
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Breg cells are immunosuppressive cells that help maintain immunological tolerance 

(Rosser EC et al. 2015). In this study, Breg cells as defined by CD24++CD27+ 

expression (otherwise known as ‘B10’ cells (Kalampokis I et al. 2013), were positively 

associated with KRECs. There is reported to be a higher frequency and increased 

suppressive ability of these ‘B10’ Breg cells in autoimmune disease in response to an 

inflammatory environment (Rosser EC et al. 2014, Iwata Y et al. 2011). Furthermore, 

FT3 levels have been demonstrated to be positively correlated with B cells that 

express interleukin 10 (IL-10) in GD (Kristensen B et al. 2015). However, various 

phenotypes of Breg cells are described, highlighting their unclear lineage of origin, 

and suggesting that it is environmental stimuli that drives the differentiation of B cells 

into a regulatory phenotype. Indeed, stimulation with pro-inflammatory cytokines such 

as IL-6 and IL-1β, is demonstrated to directly promote the differentiation of IL-10 

producing B cells (Rosser EC et al. 2014). Therefore, the positive association of 

Bregs and KRECs observed in this study could reflect the presence of an 

inflammatory autoimmune environment, inducing the differentiation of newly 

produced B cells into a regulatory phenotype.     

These findings demonstrate the relationship between KRECs and B cell subsets and 

provide mechanistic insights into the possible immunopathology driving GD relapse. 

9.9.2 Predictive composite scores 

There is currently no robust method of accurately predicting outcome for most people 

with GD. The purpose of developing a composite biomarker +/- gene score was to 

translate the results generated by this thesis into a method of predicting outcome in 

GD at the timepoint of stopping ATD.  

Using a score that incorporates a low number of biomarkers and excludes the genes 

would be advantageous in terms of cost and laboratory processing time. The highest 

performing combination biomarker score excluding the genes was the 4-variable 

score that included TRAb, sTACI, BAFF and sBCMA. This combination of biomarkers 

had a good sensitivity (0.88) and high ROCAUC (0.86) for predicting relapse but like 

the other top scoring biomarker combinations had a poor PPV (0.57). Therefore, 

using this test in isolation would result in only around half of those testing ‘positive’ 

proceeding to relapse their GD at one year. It is also notable that the 2-variable score 

that includes only TRAb and sTACI had a very similar predictive value (ROCAUC 

=0.84) with minimal compromise of sensitivity, specificity, PPV and NPV compared to 
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the 4-variable score. The involvement of these two specific biomarkers in a predictive 

model of relapse is consistent with the earlier findings in my thesis that an elevated 

TRAb and sTACI at the time of stopping ATD were the most significant biomarkers 

for predicting relapse and time-to-relapse occurring.  

An elevated TRAb level at the end of ATD treatment is consistently demonstrated to 

be a sensitive biomarker of GD outcome and is currently the ‘gold standard’ for 

predicting relapse (Kahaly GJ et al. 2018). However, a negative TRAb on ATD 

withdrawal does not necessarily accurately predict long-term outcome (Carella C et 

al. 2006). My findings demonstrate that although TRAb was the best performing 

single biomarker (ROCAUC 0.72), when incorporated with sTACI the predictive 

performance of the score was enhanced (ROCAUC 0.84), with improved sensitivity, 

specificity, PPV and NPV. sTACI can be measured using a small volume of serum 

and is therefore a good potential candidate biomarker to be used in addition to TRAb. 

Further analysis of my data to produce a composite score that included genes as well 

as immunological biomarkers was performed with the aim of improving the predictive 

value of the model and reducing the risk of false positives. The only validated 

predictive scoring tool available for GD that incorporates genetic data is the GREAT+ 

score that incorporates PTPN22 C/T polymorphism and HLA subtypes DQB1*02, 

DQA1*05 and DRB1*03 (Vos et al. 2016). However, these genotypes were not found 

to be useful for predicting outcome in those with a low or high risk of disease 

reoccurrence (Vos et al. 2016). Furthermore, when the GREAT score was applied to 

my dataset (without the genetic data) this did not accurately predict outcome in this 

cohort (Chapter 4: Results 1 – Clinical data).  

The initial analysis performed to construct a combined biomarker and genetic 

predictive model included all the 33 DEG, the one gene found positive on multivariate 

cox regression and all the 6 significant biomarkers discussed earlier in this Chapter 

to ensure that all relevant variables were included.  The 8 variables which remained 

after independent variable selection by lasso regression included 6 genes (POC1B-

AS1, SOD2, TEC, ANKRD20A3, SCO1, DDX11L17) alongside TRAb and sTACI. 

The highest performing combined gene/biomarker score was the 8-variable score 

(ROCAUC 0.99), however if three of the variables were removed from the model it 

continued to demonstrate the same high ROCAUC with similar predictive performance. 

In addition to TRAb and sTACI, the genes in this 5-variable score were POC1B-AS1, 
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TEC and ANKRD20A3. These genes were all found to be downregulated in the GD 

relapse cohort. 

Variants in these genes are not known to have any direct association with GD, 

although the positive association of downregulated POC1B-AS1 with circulating 

Tregs may indicate a reduced circulating population of Tregs in those that relapse 

their GD.  These genes require further investigation to determine possible functional 

or mechanistic association with GD relapse. Furthermore, this predictive score would 

need to be tested in another larger population of GD patients to validate the findings.  

The composite score in its current form including the genetic data may be 

challenging to implement in NHS laboratories and from a clinical perspective, due to 

the requirement for a large volume of blood and the high cost of RNA sequencing. 

However, the cost of RNA sequencing continues to fall, and this may become more 

feasible in future practice. The composite score excluding the CD19+ B cell gene 

expression data would be more translational to clinical practice at the current time, as 

it would only require a small volume of blood and procedures that are already 

routinely undertaken in NHS laboratories. 

9.10 Summary 

This Chapter highlights the complex interplay between various components of the 

humoral immune system.  The association of MLR, an independent predictor of 

outcome, with acute phase inflammatory markers suggests the presence of an 

inflammatory environment preceding relapse. The development of a predictive model 

for GD relapse including three genes and two biomarkers demonstrated good 

predictive value and if validated, has translational potential to help facilitate clinical 

decision making on ATD withdrawal.  
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Chapter 10: General Discussion and Future perspectives  

This Chapter summaries the key findings from my thesis and discusses the potential 

for future work aimed at gaining greater insight into the determinants of GD outcome. 

The key findings are summarised in the points as below: 

1. TRAb is well-described as the most effective biomarker currently available to 

predict outcome in GD at the timepoint of stopping ATD. This is consistent 

with the findings from my thesis which also demonstrates TRAb (at the end of 

ATD treatment) as an important independent predictive biomarker for 

outcome, evidenced by its significance in all predictive models and inclusion in 

the overall final predictive model including genetic factors. This thesis also 

demonstrates the significance of TRAb as a biomarker in predicting timing of 

GD relapse, with higher TRAb levels resulting in a quicker onset of relapse. 

However, as previously reported and observed in this thesis, the presence of a 

negative TRAb at the timepoint of stopping ATD does not accurately predict 

relapse in all patients (nearly 40% with a negative TRAb had relapsed by one 

year in this thesis). A positive TRAb likely reflects ongoing GD activity and 

therefore if the ATD is withdrawn while the disease remains active relapse 

ensues. Those testing negative may have circulating TRAb not detectable on 

the currently available assays and therefore still have the potential to relapse, 

albeit at a later timepoint as demonstrated in this thesis. The limitations of 

TRAb in isolation as a predictor of GD outcome highlight the need for 

additional predictive biomarkers. 

2. This thesis revealed sTACI to be a good predictor of GD outcome, and like 

TRAb, an elevated sTACI at the timepoint of stopping ATD was consistently 

associated with relapse. sTACI also featured in the final predictive model 

alongside the genetic factors. sTACI has not previously been studied in GD 

but is an important biomarker reflecting B cell activation. The association of 

sTACI with relapse at the timepoint of stopping ATD highlights that even at a 

time of seemingly ‘quiet’ immunity, there is an undercurrent of previously 

unmeasured B cell activity present in those that will relapse by one year. 

sTACI can be measured with a small sample of serum and a simple laboratory 

test similar to the routine measurement of TRAb prior to stopping ATD, giving 

it great translatable potential to the clinical setting as a biomarker of outcome. 
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3. The importance of humoral activity in GD was also highlighted in this thesis by 

KRECs which provided insight into the effect of thyroid status on B cell activity, 

with hyperthyroidism associated with increased central B cell output and 

reduced peripheral B cell proliferation. The strong association between 

KRECs and early-stage B cell populations suggests an expanded autoreactive 

immature B cell population in patients with elevated KRECs that may 

ultimately give rise to the TRAb-producing B cells. Indeed, elevated KRECs 6-

10 weeks after stopping ATD was associated with relapse indicating an 

emergence of B cell activity after withdrawal of treatment that could distinguish 

which patients will relapse by one year. This observation of increased B cell 

output centrally from the bone marrow after ATD withdrawal provides possible 

mechanistic insight into the relapse process, however the inability of KRECs to 

detect relapse prior to stopping ATD means that, unlike TRAb and sTACI, it is 

not an ideal biomarker of predicting relapse that would help facilitate clinical 

decision making. 

4. The B cell RNA sequencing revealed minimal B cell transcriptomic variation at 

the timepoint of stopping ATD between outcome groups. This may be because 

these genes were measured at a time of ‘quiet’ immunity prior to the ATD 

being withdrawn and therefore I may have observed greater DEG between 

groups if captured whilst the relapse process was occurring. However, the 

purpose of RNA sequencing in this thesis was to generate a B cell 

transcriptomic signature that could predict relapse at the time when the clinical 

decision about ATD treatment is made, which is prior to the treatment 

stopping. Using unadjusted P values there were 33 DEG which provided some 

potential molecular mechanistic insights into signalling and pathways involved 

in GD relapse. Some of the top DEG were sex-specific genes which 

highlighted the possibility of the model failing to adequately correct for gender. 

However, considering the sexual dimorphism of the immune system and the 

known gender-related risk of relapse, the expression of sex-specific genes is 

important to consider as potential pathways involved in the relapse process. 

5. Analysis of over 250 of the top DEG revealed that the most enriched canonical 

pathway was associated with cytokine signalling, with significant humoral and 

cellular immune response pathways also implicated, indicating the potential 

immune mechanisms associated with relapse. Investigation of the functional 

and biological characteristics of the DEG revealed a possible pathway of 
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oxidative stress (upregulated SOD2) potentially resulting from an inflammatory 

environment (upregulated IL-B) or vice versa, that results in a perpetual cycle 

of inflammatory-induced oxidative stress. This may involve thyroid 

inflammation with associated thyroid cellular damage and the exposure of 

autoantigen driving the breakdown of self-tolerance (Figure 10.1). 

6. The final 5-variable predictive model that provided good predictive value 

(ROCAUC = 0.99), sensitivity, specificity, PPV and NPV, included TRAb and 

sTACI, and 3 downregulated genes (POC1B-AS1, TEC, ANKRD20A3). It is 

unclear how TEC or ANKRD20A3 may contribute to GD relapse as there is no 

functional data to support them having an immune-related role or otherwise. 

However, the previously observed positive association of POC1B-AS1 with 

circulating Tregs suggests down-regulated POC1B-AS1 in relapse patients 

may indicate a reduced circulating population of Tregs which has previously 

been associated with a greater risk of GD relapse. Further work to 

characterise the biological functions of these genes and explore their 

association with GD relapse is warranted. 
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Figure 10.1 – Summary of proposed pathways to Graves’ disease relapse. 
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Future work 

1. Applying the predictive model in another larger cohort of GD patients is 

essential to validate the findings from this thesis and ensure good predictive 

value is maintained. 

2. The DEG generated by the sequencing analysis could be validated by qPCR, 

however RNA-sequencing methods and data analysis are usually robust 

enough to not require validation, unlike previously used microarray methods 

(Coenye T. 2021) 

3. Genomic association studies examining B cell eQTLs in the top identified DEG 

could be further investigated to explain variation in expression levels. The B 

cell eQTLs identified in the top DEG are presented in Appendix I. 

4. The RNA sequencing canonical pathway analysis revealed other potentially 

relevant cytokines that could be studied in relation to GD outcome such as IL-

1B, IL-A, IL-13, and IL-17. 

5. Functional work of the DEG identified in this thesis may enable greater 

mechanistic insight into the pathogenesis of thyroid autoimmunity and 

specifically assist in understanding the immune pathways involved in GD 

relapse.  

6. The application of single-cell RNA sequencing would allow greater insight into 

the contribution of individual B cell phenotypes in GD relapse and therefore 

provide a more in-depth understanding of the complex B cell dynamics and 

additionally may help to identify specific novel therapeutic targets. 

In summary, there is clinical imperative for an effective predictive tool that can be 

used at the end of ATD treatment to support the clinical decision on timing of ATD 

withdrawal and enable a ‘precision-medicine’ approach to the management of GD. 

The predictive score developed in this thesis, if validated, could provide a tool that 

can translate to the clinical setting and assist in personalised decisions about the 

timing of ATD withdrawal. 
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Appendix A: Laboratory reagents and equipment 

The following list details the laboratory reagents and equipment used in this study, 

including the manufacturer and catalogue number, where applicable. 

Serum separation 

BD Vacutainer 

Serum Tube, 10ml, 

Red  

Becton Dickinson MD367895 

Megafuge™ 16R Centrifuge ThermoFisher Scientific 75004270 

DNA extraction and quantification 

BD Vacutainer 

K2EDTA Tube, 

10ml, Lavender 

Becton Dickinson MD367525 

Gibco™ Trypsin-EDTA 

(0.05%), phenol red 

ThermoFisher Scientific 25300054 

NanoDrop™ 8000 

Spectrophotometer 

ThermoFisher Scientific ND-8000-GL 

Kappa light chain excision circles (KRECs) 

KREC CJ/SJ primers and 

probes 

Integrated DNA 

technologies 

Custom 

TCRAC primers and probe ThermoFisher Scientific Custom 

TaqMan™ Universal PCR 

Master Mix 

ThermoFisher Scientific 4304437 

QuantStudio™ 7 Flex Real-

Time PCR System 

ThermoFisher Scientific 4485701 

PBMC isolation 

Hanks' Balanced Salt 

Solution (HBSS) with phenol 

red without 

Calcium/Magnesium  

500 ml 

Lonza LZBE10-543F 

Lymphoprep™ STEMCELL Technologies 07851 

SepMate™ tubes STEMCELL Technologies 85450 

EASYstrainer™ sterile cell 

strainer 70 µM 

Greiner Bio-One 542070 

CD19+ B cell isolation 
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CD19 magnetic 

Microbeads® 

Miltenyi Biotec 130-050-301 

MACS® LS columns Miltenyi Biotec 130-042-401 

QuadroMACS™ Separator Miltenyi Biotec 130-090-976 

Acrodisc ® 0.2µm Syringe 

Filter 

ThermoFisher Scientific NC0784274 

CD19+ B cell lysis 

RNaseZap™ ThermoFisher Scientific AM9780 

TRIzol™ ThermoFisher Scientific 15596026 

CD19+ B cell RNA extraction 

RNeasy® Mini Kits Qiagen 74106 

Qubit™ 4 Fluorometer ThermoFisher Scientific Q33238 

Flow cytometry 

Anti-Mouse Ig, κ/Negative 

Control Compensation 

Particles Set 

BD Biosciences 552843 

Fluorescein isothiocyanate 

(FITC) Mouse anti-human 

CD19 Antibody (clone 

HIB19) 

BioLegend 302206 

Pacific Blue (PE) Mouse 

anti-human CD1d Antibody 

(clone 51.1) 

BioLegend 350306 

Phycoerythrin (PE)/ 

Cyanine7 (Cy7) Mouse anti-

human 

CD5 (clone L17F12) 

BioLegend 364008 

Allophycocyanin (APC) 

Mouse anti-human CD24 

Antibody (clone ML5) 

BioLegend 311118 

APC/Cyanine7 Mouse anti-

human CD20 Antibody 

(clone 2H7) 

BioLegend 302314 

Brilliant Violet 650™ Mouse 

anti-human CD27 Antibody 

(clone O323) 

BioLegend 302828 

Peridinin Chlorophyll Protein 

Complex 

(PerCP)/Cyanine5.5 Mouse 

BioLegend 348208 
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anti-human IgD Antibody 

(clone IA6-2) 

PE Mouse anti-human 

CD14 Antibody (clone 

M5E2) 

BioLegend 301806 

APC Mouse anti-human 

CD4 Antibody (clone OKT4) 

BioLegend 317416 

Brilliant Violet 421™ Mouse 

anti-human CD3 Antibody 

(clone OKT3) 

BioLegend 317344 

Zombie Aqua™ Fixable 

Viability Kit 

BioLegend 423101 

LSRFortessa™ Cell 

Analyzer 

BD Biosciences 23-11947-01 

Cytokine ELISAs 

Human 

BAFF/BLyS/TNFSF13B 

Quantikine ELISA Kit 

R&D Systems DBLYS0B 

Human CXCL13/BLC/BCA-

1 Quantikine ELISA Kit 

R&D Systems DCX130 

APRIL Human ELISA Kit ThermoFisher Scientific BMS2008 

Human TACI/TNFRSF13B 

DuoSet ELISA 

R&D Systems DY174 

Human BCMA/TNFRSF17 

DuoSet ELISA 

R&D Systems DY193 

Human IL-6 HS ELISA - 

Quantikine 

R&D Systems HS600C 

Varioskan™ LUX multimode 

microplate reader 

ThermoFisher Scientific 

 

VL0000D0 

mRNA-sequencing 

Tapestation™ 4200  Agilent G2991BA 

NEBNext® Low Input RNA 

Library Prep Kit for 

Illumina® 

New England Biolabs E6420L 

NovaSeq 6000 S2 flow cell  llumina 20012850 
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Appendix B: Probes and primers used in the KRECs experiment 

 

  

Target Forward primer (5’-3’) Reverse primer (5’-3’) Probe (FAM/VIC-TAMRA) (5’-3’) 

KREC-

SJ 

TCAGCGCCCATTACG

TTTCT 

GTGAGGGACACGCA

GCC 

CCAGCTCTTACCCTAGAGTTT 

CTGCACGG 

 

KREC-

CJ 

CCCGATTAATGCTGC

CGTAG 

CCTAGGGAGCAGGG

AGGCTT 

AGCTGCATTTTTGCCATATCC 

ACTATTTGGAGT 

 

TCRAC TGGCCTAACCCTGAT

CCTCTT 

GGATTTAGAGTCTCT

CAGCT 

GGTACAC 

TCCCACAGATATCCAGAACCC 

TGACCC 
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Appendix C: Canonical Pathway Analysis: relapse vs. remission 

Ingenuity 

Canonical 

Pathway  

Ingenuity 

Canonical 

Pathway 

Category (s) 

-log  

(P-value) 

Representative gene 

Granulocyte 

Adhesion and 

Diapedesis 

Cellular immune 

response 

 

2.04 

 

ACKR3, CCL3L1, CLDN4, 

IL1B 

Hepatic 

Cholestasis 

Ingenuity toxicity 

pathway 

 

2.02 

 

ABCG8, IL13, IL17D, IL1B 

Agranulocyte 

Adhesion and 

Diapedesis 

 

Cellular immune 

response 

 

1.88 

 

ACKR3, CCL3L1, CLDN4, 

IL1B 

LXR/RXR 

Activaton 

Nuclear receptor 

signalling 

 

1.79 

 

ABCG8, APOD, IL1B 

FXR/RXR 

Activation 

Nuclear receptor 

signalling 

1.76 

 

ABCG8, APOD, IL1B 

 

Atherosclerosis 

Signaling 

Cardiovascular 

signalling 

 

1.7 APOD, IL1B, PLAAT1 

GADD45 

Signaling 

 

Cell cycle regulation 

 

1.56 

 

GADD45B, IL1B 

 

Role of Pattern 

Recognition 

Receptors in 

Recognition of 

Bacteria and 

Viruses 

Cellular immune 

response 

 

1.52 

 

IL13, IL17D, IL1B 

 

Superoxide 

Radicals 

Degradation 

Detoxification 

 

1.47 

 

SOD2 

 

HMGB1 Signaling Humoral immune 

response 

1.44 

 

IL13, IL17D, IL1B 
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Erythropoietin 

Signaling 

Pathway 

Growth factor 

signalling 

 

1.38 

 

IL13, IL17D, IL1B 

 

Embryonic Stem 

Cell 

Differentiation 

into Cardiac 

Lineages 

Organismal growth 

and development 

 

1.37 

 

MESP1 

 

Tumor 

Microenvironment 

Pathway 

 

Cancer 

 

1.37 

 

FGF12, IL13, IL1B 

 

Role of MAPK 

Signaling in 

Inhibiting the 

Pathogenesis of 

Influenza 

Pathogen 

influenced signalling 

 

1.34 

 

IL1B, PLAAT1 

 

IL-17 Signaling 

 

Cellular immune 

response 

1.32 

 

IL13, IL17D, IL1B 

 

Macrophage 

Classical 

Activation 

Signaling 

Pathway 

Cellular immune 

response 

 

1.31 

 

IL13, IL17D, IL1B 

 

NOD1/2 Signaling 

Pathway 

Cellular stress and 

injury 

 

1.31 

 

IL13, IL17D, IL1B 

 

 

Table – Canonical Pathways and categories as predicted by Ingenuity Pathway 

Analysis. The table shows the significantly enriched canonical pathways (P <0.05) 

across the differentially expressed genes identified between the relapse and 

remission groups with an unadjusted P value of <0.01. Those representing the 

‘Cytokine Signaling’ and ‘Disease-specific’ categories are found in Chapter 8: Table 

8.2. 
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Appendix D: Disease and Function Analysis (downstream analysis) 

Figure – Bar chart displaying the most significant biological functions predicted to be 

affected by the differentially expressed genes within the Graves’ disease dataset. 

The orange horizontal threshold line denotes the cut-off for significance (P-value 

0.05). Figure generated using QIAGEN Ingenuity Pathway AnalysisTM software.  
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Table – Biological functions and diseases (focused on cellular function and immune response) predicted to be significantly (P=<0.01) 

associated with the pattern of differentially expressed genes in the Graves’ disease dataset 

Biological 
function/ 
Disease   

P-value Representative genes 

Cell Cycle 1.85E-05 GADD45B,HES1,HOXB3,IL13,IL1B,MPL,NR4A3,PFKFB3,SMC1B,SOD2 

Immunological 
Disease 

4.97E-05 B3GALT2,CADM2,CCL3L1,CHRNB2,CYP1A2,DDX3Y,EIF1AY,FAM153A/FAM153B,FCGR1A,GADD45B,GPR18, 

IGFBP4,IL13,IL1B,LINC-PINT,MPL,NEO1,NR4A3,SOD2,TXLNGY,USP9Y 

Inflammatory 
Disease 

4.97E-05 ACKR3,CADM2,CCL3L1,CHRNA9,CHRNB2,CTHRC1,CYP1A2,DDX3Y,EIF1AY,FAM153A/FAM153B,FCGR1A, 

GADD45B,IGFBP4,IL13,IL1B,LINC-PINT,MPL,NR4A3,SOD2,TXLNGY,USP9Y 

Organismal 
Injury and 

Abnormalities 

4.97E-05 ABCG8,ABRA,ACKR3,ACOT1,ADAMTS13,ALG10B,APOD,ARPP21,B3GALT2,C18orf54,C1orf43,CADM2, 

CCDC148,CCDC22,CCL3L1,CFAP251,CHRNA9,CHRNB2,CLDN4,CTHRC1,CYP1A2,DCLRE1B,DDX3Y, 

DENND2A,DENND2B,DMAC2,DNAH3,EIF1AY,EPB41L4AAS1,FAM153A/FAM153B,FAXC,FCGR1A,FGF12, 

FOXC1,FRMD3,GADD45B,GCOM1,GPC5,GPR137C,GPR18,HELB,HES1,HOXB3,IGFBP4,IL13,IL17D,IL1B 

,KCNC4,KCTD16,KCTD2,LEAP2,LHFPL4,LINC-
PINT,LRRC75B,MESP1,MPL,MRPL11,MYOF,NBEAL1,NEDD4L, 

NEO1,NOG,NR4A3,OMD,PFKFB3,RBPMS,RFTN2,RUFY4,SCO1,SDE2,SERTAD1,SETSIP,SLC10A3,SLC41A3, 

SMC1B,SMG1,SOD2,SPX,TANC1,TDRD1,TMEM40,TMEM86A,TRABD2A,TSEN34,TSPYL6,TTBK2,TXLNGY, 

USP9Y,VSTM4,ZBTB8A,ZIM2,ZNF474,ZNF578,ZNF609,ZNF630,ZNF783,ZNF846 

Cellular 
Assembly and 
Organization 

1.76E-04 CHRNA9,CHRNB2,CLDN4,CTHRC1,FGF12,HES1,IL13,IL1B,MYOF,NEDD4L,NEO1,TANC1 

Cellular 
Function and 
Maintenance 

1.76E-04 CCDC22,CCL3L1,CHRNA9,CHRNB2,CLDN4,CTHRC1,FCGR1A,FGF12,GPR18,HES1,IL13,IL17D,IL1B,MPL, 

NEDD4L,NEO1,PFKFB3,SCO1,SOD2 
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Cell-To-Cell 
Signaling and 

Interaction 

1.83E-04 ADAMTS13,CCL3L1,CHRNB2,CLDN4,CTHRC1,CYP1A2,FCGR1A,GPR18,HES1,IL13,IL1B,KCNC4,MYOF, 

NEDD4L,NEO1,NOG,NR4A3,PFKFB3,SOD2,TANC1 

Inflammatory 
Response 

1.83E-04 ACKR3,ACOT1,ADAMTS13,CCL3L1,CHRNA9,CHRNB2,CYP1A2,FCGR1A,GADD45B,GPR18,IL13,IL17D,IL1B, 

LINC-PINT,MPL,NEDD4L,NEO1,NR4A3,PFKFB3,SOD2 

Connective 
Tissue 

Development 
and Function 

3.23E-04 ACKR3,ADAMTS13,CTHRC1,CYP1A2,FCGR1A,FOXC1,GADD45B,HES1,HOXB3,IGFBP4,IL13,IL1B,MYOF, 

NOG,NR4A3,PFKFB3, 

PLAAT1,SERTAD1,SOD2 

Free Radical 
Scavenging 

3.83E-04 CYP1A2,IL13,IL1B,SOD2 

Cellular 
Development 

4.44E-04 ACKR3,APOD,ARPP21,CLDN4,CTHRC1,CYP1A2,FCGR1A,FGF12,FOXC1,GADD45B,HES1,HOXB3, 

IGFBP4,IL13,IL1B,MESP1,MPL,MYOF,NEO1,NOG,NR4A3,PFKFB3,PLAAT1,SERTAD1,SETSIP,SOD2, 

ZNF609 

Cellular 
Growth and 
Proliferation 

5.09E-04 ACKR3,APOD,CHRNB2,CLDN4,CTHRC1,CYP1A2,FCGR1A,FGF12,FOXC1,GADD45B,HES1,HOXB3, 

IGFBP4,IL13,IL17D,IL1B,MESP1,MPL,MYOF,NEDD4L,NOG,NR4A3,PFKFB3,PLAAT1,SERTAD1,SOD2, 

ZNF609 

Immune Cell 
Trafficking 

5.09E-04 ACKR3,ADAMTS13,CCL3L1,CYP1A2,IL13,IL1B,NEDD4L,NR4A3,SOD2 

Connective 
Tissue 

Disorders 

8.14E-04 ABCG8,ADAMTS13,CCL3L1,FCGR1A,GADD45B,HOXB3,IGFBP4,IL1B,MPL,NOG,NR4A3,SOD2 

Molecular 
Transport 

1.09E-03 ABCG8,APOD,CCDC22,CHRNB2,CLDN4,CYP1A2,FCGR1A,FGF12,IL13,IL1B,KCNC4,NEDD4L, 

NEO1,PFKFB3,PLAAT1,SCO1,SOD2 

Cell Death and 
Survival 

1.87E-03 ABCG8,ACKR3,ADAMTS13,CLDN4,FCGR1A,GADD45B,IL13,IL1B,MPL,NR4A3,PFKFB3,SOD2 
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Lymphoid 
Tissue 

Structure and 
Development 

2.67E-03 ACKR3,CYP1A2,FCGR1A,GPR18,HES1,HOXB3,IL13,IL1B,MPL 

Cellular 
Movement 

3.01E-03 ACKR3,ADAMTS13,CCL3L1,CYP1A2,HES1,IL13,IL1B,NEDD4L,NOG,NR4A3,SOD2 

Antigen 
Presentation 

4.32E-03 FCGR1A 

Cell 
Morphology 

4.32E-03 CHRNA9,CYP1A2,HES1,IL13,IL1B,MESP1 

Cellular 
Compromise 

4.32E-03 FCGR1A,IL13,IL1B,NR4A3,PFKFB3,SOD2 

Infectious 
Diseases 

4.32E-03 B3GALT2,CCL3L1,FAM153A/FAM153B,IL13,NEO1 

Cell Signaling 8.61E-03 CLDN4,FCGR1A,IL1B 

Humoral 
Immune 

Response 

8.62E-03 ACKR3 
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Table – Specific immunological diseases predicted to be significantly associated with the differentially expressed genes in the Graves’ 

disease dataset 

Immunological 
Disease   

P-value Representative genes 

Systemic lupus 
erythematosus 

0.0000497 CADM2,CCL3L1,CHRNB2,DDX3Y,EIF1AY,FCGR1A,IL1B,LINC-PINT,NR4A3,SOD2,TXLNGY,USP9Y 

Active stage 
immunological 

disorder 

0.000571 DDX3Y,EIF1AY,IL1B,TXLNGY,USP9Y 

Refractory chronic 
primary immune 

thrombocytopenia 

0.000814 FCGR1A,MPL 

Active stage 
systemic lupus 
erythematosus 

0.000903 DDX3Y,EIF1AY,TXLNGY,USP9Y 

Polyarticular 
juvenile rheumatoid 

arthritis 

0.00138 CCL3L1,GADD45B,IL1B,NR4A3 

Immune 
thrombocytopenic 

purpura 

0.00334 FCGR1A,MPL 

Secondary immune 
thrombocytopenia 

0.00432 MPL 

Familial CD64 
phagocytic 
deficiency 

0.00432 FCGR1A 

Susceptibility to 
HIV/AIDS 

0.00432 CCL3L1 

Antisynthetase 
syndrome 

0.00432 IL1B 
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Primary immune 
thrombocytopenic 

purpura 

0.00432 MPL 

Systemic 
autoimmune 

syndrome 

0.0045 CADM2,CCL3L1,CHRNB2,CYP1A2,DDX3Y,EIF1AY,FCGR1A,GADD45B,GPR18,IGFBP4,IL13,IL1B,LINC-
PINT,MPL,NR4A3,SOD2,TXLNGY,USP9Y 

Bullous pemphigoid 0.0052 FCGR1A,IL13 

Severe 
splenomegaly 

0.00862 MPL 

Mild splenomegaly 0.00862 MPL 

Immune mediated 
inflammatory 

disease 

0.00901 CADM2,CCL3L1,CHRNB2,CYP1A2,DDX3Y,EIF1AY,FAM153A/FAM153B,FCGR1A,GADD45B,IGFBP4,IL13,IL1B,LINC-
PINT,MPL,NR4A3,SOD2,TXLNGY,USP9Y 

Severe 
hypersensitive 

reaction 

0.01 FCGR1A,IL13 

X-linked 
immunodeficiency 
with magnesium 

defect, Epstein-Barr 
virus infection and 

neoplasia 

0.0107 B3GALT2,FAM153A/FAM153B,NEO1 

Continuously active 
disease stage 

systemic juvenile 
idiopathic arthritis 

0.0129 IL1B 
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 Appendix E: Full list of molecular shapes used in QIAGEN 

Ingenuity Pathway AnalysisTM canonical pathways 

 

Figure – Legend describing the node shapes used to represent different molecules in 

the canonical pathways generated by the QIAGEN Ingenuity Pathway AnalysisTM 

software. IPA legend downloaded from QIAGEN, https://qiagen.my.salesforce-

sites.com/KnowledgeBase/articles/Knowledge/Legend. Accessed 19.08.2024.  
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Appendix F: Full list of composite gene scores ranked by ROCAUC 

 

POC1B-AS1 

 

SOD2 

 

TEC 

 

ANKRD20A3 

 

SCO1 

 

DDX11L17 

 

ROCAUC 

✓ ✓ ✓ ✓ ✓ ✓ 0.95 

✓ ✓ ✓ ✓ ✓  0.95 

✓  ✓ ✓ ✓ ✓ 0.95 

 ✓ ✓ ✓ ✓ ✓ 0.95 

✓ ✓ ✓ ✓   0.95 

✓  ✓ ✓ ✓  0.94 

  ✓ ✓ ✓ ✓ 0.94 

✓ ✓ ✓ ✓  ✓ 0.94 

✓ ✓ ✓  ✓ ✓ 0.94 

✓ ✓  ✓ ✓ ✓ 0.94 

✓  ✓ ✓  ✓ 0.94 

✓ ✓  ✓ ✓  0.93 

✓  ✓ ✓   0.93 

✓   ✓ ✓ ✓ 0.93 

✓   ✓ ✓  0.93 

✓ ✓  ✓  ✓ 0.92 

  ✓ ✓ ✓  0.92 

 ✓  ✓ ✓ ✓ 0.92 

 ✓ ✓ ✓ ✓  0.92 

✓ ✓ ✓   ✓ 0.91 

✓  ✓ ✓  ✓ 0.91 

✓ ✓  ✓   0.91 

 ✓ ✓ ✓  ✓ 0.91 

 ✓ ✓  ✓ ✓ 0.90 

✓ ✓ ✓  ✓  0.90 

✓  ✓  ✓  0.90 

✓  ✓   ✓ 0.90 

  ✓  ✓ ✓ 0.90 

   ✓ ✓ ✓ 0.90 

 ✓ ✓ ✓   0.89 

✓ ✓   ✓ ✓ 0.89 

  ✓ ✓  ✓ 0.89 

✓   ✓  ✓ 0.89 
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✓   ✓   0.89 

✓ ✓ ✓    0.88 

 ✓  ✓ ✓  0.88 

 ✓ ✓  ✓  0.88 

✓    ✓ ✓ 0.88 

✓ ✓    ✓ 0.87 

   ✓ ✓  0.87 

  ✓  ✓  0.87 

 ✓  ✓  ✓ 0.87 

 ✓ ✓   ✓ 0.87 

✓ ✓   ✓  0.86 

 ✓   ✓ ✓ 0.86 

 ✓   ✓ ✓ 0.86 

✓  ✓    0.86 

✓    ✓  0.86 

  ✓ ✓   0.85 

 ✓ ✓    0.83 

  ✓   ✓ 0.83 

    ✓ ✓ 0.83 

 ✓  ✓   0.83 

✓ ✓     0.82 

✓     ✓ 0.82 

 ✓   ✓  0.81 

   ✓  ✓ 0.81 

 ✓    ✓ 0.79 

    ✓  0.79 

✓      0.78 

  ✓    0.77 

   ✓   0.77 

 ✓     0.72 

     ✓ 0.71 
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Appendix G: Full list of composite biomarker scores ranked by 

ROCAUC 

 

ln(MLR) 

 

ln(TRAb) 

 

ln(sTACI) 

 

ln(BAFF) 

 

ln(sBCMA) 

 

ROCAUC 

✓ ✓ ✓ ✓ ✓ 0.86 

 ✓ ✓ ✓ ✓ 0.86 

✓ ✓ ✓ ✓  0.86 

 ✓ ✓ ✓  0.85 

✓ ✓ ✓  ✓ 0.84 

✓ ✓ ✓   0.84 

 ✓ ✓   0.84 

 ✓ ✓  ✓ 0.82 

✓  ✓ ✓  0.82 

✓  ✓ ✓ ✓ 0.81 

 ✓  ✓ ✓ 0.79 

✓ ✓   ✓ 0.79 

✓ ✓  ✓ ✓ 0.78 

 ✓   ✓ 0.78 

✓ ✓  ✓  0.77 

  ✓ ✓ ✓ 0.77 

  ✓ ✓  0.76 

✓  ✓   0.76 

 ✓  ✓  0.75 

✓   ✓ ✓ 0.74 

✓  ✓  ✓ 0.73 

✓ ✓    0.73 

 ✓    0.72 

✓   ✓  0.70 

   ✓ ✓ 0.70 

✓    ✓ 0.70 

  ✓   0.66 

✓     0.66 

  ✓  ✓ 0.65 

   ✓  0.64 

    ✓ 0.64 
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Appendix H: Full list of composite gene/biomarker scores ranked by ROCAUC 

POC1B-AS1 SOD2 TEC ANKRD20A3 SCO1 DDX11L17 TRAb sTACI ROCAUC 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.99 

✓ ✓ ✓ ✓  ✓ ✓ ✓ 0.99 

✓  ✓ ✓ ✓ ✓ ✓ ✓ 0.99 

✓ ✓ ✓ ✓   ✓ ✓ 0.99 

✓  ✓ ✓ ✓  ✓ ✓ 0.99 

✓  ✓ ✓  ✓ ✓ ✓ 0.99 

✓  ✓ ✓   ✓ ✓ 0.99 

✓ ✓ ✓ ✓ ✓ ✓ ✓  0.97 

✓ ✓ ✓ ✓ ✓ ✓  ✓ 0.97 

✓ ✓ ✓ ✓ ✓  ✓  0.97 

 ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.97 

✓  ✓ ✓ ✓ ✓ ✓  0.97 

 ✓ ✓ ✓ ✓  ✓ ✓ 0.97 

 ✓ ✓ ✓  ✓ ✓ ✓ 0.97 

  ✓ ✓ ✓ ✓ ✓ ✓ 0.97 

✓ ✓  ✓   ✓ ✓ 0.97 

✓  ✓ ✓ ✓  ✓  0.97 
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 ✓ ✓ ✓   ✓ ✓ 0.97 

  ✓ ✓ ✓  ✓ ✓ 0.97 

  ✓ ✓   ✓ ✓ 0.96 

✓ ✓  ✓ ✓ ✓ ✓ ✓ 0.96 

✓ ✓ ✓ ✓ ✓   ✓ 0.96 

✓ ✓ ✓ ✓  ✓ ✓  0.96 

✓ ✓ ✓ ✓  ✓  ✓ 0.96 

✓ ✓  ✓ ✓  ✓ ✓ 0.96 

✓ ✓ ✓  ✓  ✓ ✓ 0.96 

✓ ✓  ✓  ✓ ✓ ✓ 0.96 

✓   ✓ ✓ ✓ ✓ ✓ 0.96 

✓  ✓ ✓ ✓ ✓  ✓ 0.96 

✓  ✓ ✓  ✓ ✓  0.96 

✓  ✓  ✓  ✓ ✓ 0.96 

✓   ✓ ✓  ✓ ✓ 0.96 

✓   ✓  ✓ ✓ ✓ 0.96 

  ✓ ✓  ✓ ✓ ✓ 0.96 

✓  ✓ ✓   ✓  0.96 

✓   ✓   ✓ ✓ 0.96 

✓ ✓ ✓  ✓ ✓ ✓ ✓ 0.95 

✓ ✓ ✓ ✓ ✓ ✓   0.95 
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✓ ✓ ✓   ✓ ✓ ✓ 0.95 

✓  ✓  ✓ ✓ ✓ ✓ 0.95 

 ✓ ✓ ✓ ✓ ✓ ✓  0.95 

 ✓ ✓ ✓ ✓ ✓  ✓ 0.95 

✓ ✓ ✓ ✓   ✓  0.95 

✓ ✓ ✓ ✓    ✓ 0.95 

✓ ✓ ✓ ✓ ✓    0.95 

✓ ✓ ✓    ✓ ✓ 0.95 

✓ ✓  ✓ ✓ ✓   0.95 

✓  ✓ ✓ ✓ ✓   0.95 

✓  ✓ ✓  ✓  ✓ 0.95 

✓  ✓ ✓ ✓   ✓ 0.95 

✓  ✓   ✓ ✓ ✓ 0.95 

✓  ✓    ✓ ✓ 0.95 

✓ ✓  ✓ ✓ ✓ ✓  0.94 

✓ ✓  ✓ ✓ ✓  ✓ 0.94 

✓ ✓ ✓ ✓  ✓   0.94 

 ✓ ✓ ✓ ✓ ✓   0.94 

 ✓ ✓ ✓ ✓  ✓  0.94 

  ✓ ✓ ✓ ✓ ✓  0.94 

  ✓ ✓ ✓ ✓  ✓ 0.94 
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✓ ✓ ✓ ✓     0.94 

✓  ✓ ✓ ✓    0.94 

✓  ✓ ✓    ✓ 0.94 

  ✓ ✓ ✓  ✓  0.94 

✓ ✓ ✓  ✓ ✓  ✓ 0.93 

 ✓ ✓  ✓ ✓ ✓ ✓ 0.93 

 ✓  ✓ ✓ ✓ ✓ ✓ 0.93 

✓ ✓ ✓  ✓   ✓ 0.93 

✓ ✓  ✓ ✓  ✓  0.93 

✓ ✓  ✓ ✓   ✓ 0.93 

✓   ✓ ✓ ✓ ✓  0.93 

✓   ✓ ✓ ✓  ✓ 0.93 

✓ ✓  ✓  ✓ ✓  0.93 

✓ ✓  ✓  ✓  ✓ 0.93 

✓ ✓ ✓   ✓  ✓ 0.93 

✓  ✓  ✓ ✓  ✓ 0.93 

 ✓ ✓  ✓  ✓ ✓ 0.93 

 ✓  ✓ ✓  ✓ ✓ 0.93 

✓ ✓ ✓     ✓ 0.93 

✓  ✓ ✓  ✓   0.93 

✓  ✓  ✓   ✓ 0.93 
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✓   ✓ ✓ ✓   0.93 

✓   ✓ ✓  ✓  0.93 

 ✓ ✓ ✓   ✓  0.93 

 ✓ ✓    ✓ ✓ 0.93 

  ✓  ✓  ✓ ✓ 0.93 

  ✓ ✓ ✓   ✓ 0.93 

  ✓ ✓  ✓ ✓  0.93 

✓ ✓   ✓ ✓ ✓ ✓ 0.92 

✓ ✓ ✓  ✓ ✓   0.92 

✓ ✓   ✓  ✓ ✓ 0.92 

✓ ✓    ✓ ✓ ✓ 0.92 

✓  ✓  ✓ ✓ ✓  0.92 

✓    ✓ ✓ ✓ ✓ 0.92 

 ✓ ✓ ✓  ✓  ✓ 0.92 

 ✓ ✓ ✓  ✓ ✓  0.92 

 ✓ ✓  ✓ ✓  ✓ 0.92 

 ✓ ✓   ✓ ✓ ✓ 0.92 

 ✓  ✓  ✓ ✓ ✓ 0.92 

  ✓  ✓ ✓ ✓ ✓ 0.92 

   ✓ ✓ ✓ ✓ ✓ 0.92 

✓ ✓  ✓    ✓ 0.92 
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✓ ✓     ✓ ✓ 0.92 

✓  ✓  ✓ ✓   0.92 

✓   ✓  ✓ ✓  0.92 

 ✓  ✓   ✓ ✓ 0.92 

  ✓ ✓ ✓ ✓   0.92 

  ✓   ✓ ✓ ✓ 0.92 

   ✓ ✓  ✓ ✓ 0.92 

✓  ✓ ✓     0.92 

✓   ✓ ✓    0.92 

✓   ✓   ✓  0.92 

  ✓ ✓   ✓  0.92 

  ✓    ✓ ✓ 0.92 

✓ ✓ ✓  ✓ ✓ ✓  0.91 

✓ ✓ ✓  ✓  ✓  0.91 

✓ ✓ ✓   ✓ ✓  0.91 

✓ ✓  ✓   ✓  0.91 

✓  ✓  ✓  ✓  0.91 

✓  ✓   ✓ ✓  0.91 

✓  ✓   ✓  ✓ 0.91 

✓   ✓ ✓   ✓ 0.91 

✓   ✓  ✓  ✓ 0.91 
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✓    ✓  ✓ ✓ 0.91 

✓     ✓ ✓ ✓ 0.91 

 ✓ ✓ ✓ ✓    0.91 

 ✓ ✓  ✓   ✓ 0.91 

  ✓ ✓  ✓  ✓ 0.91 

   ✓  ✓ ✓ ✓ 0.91 

✓  ✓     ✓ 0.91 

✓      ✓ ✓ 0.91 

✓ ✓   ✓ ✓ ✓  0.90 

✓ ✓ ✓  ✓    0.90 

 ✓  ✓ ✓ ✓ ✓  0.90 

✓ ✓ ✓    ✓  0.90 

 ✓ ✓ ✓ ✓    0.90 

 ✓ ✓ ✓    ✓ 0.90 

 ✓ ✓  ✓ ✓   0.90 

 ✓ ✓   ✓  ✓ 0.90 

 ✓  ✓ ✓ ✓   0.90 

  ✓  ✓ ✓  ✓ 0.90 

✓ ✓  ✓     0.90 

✓  ✓    ✓  0.90 

✓   ✓  ✓   0.90 
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  ✓ ✓ ✓    0.90 

  ✓ ✓    ✓ 0.90 

  ✓  ✓   ✓ 0.90 

   ✓   ✓ ✓ 0.90 

✓ ✓   ✓ ✓  ✓ 0.89 

 ✓ ✓  ✓ ✓ ✓  0.89 

 ✓  ✓ ✓ ✓  ✓ 0.89 

✓ ✓   ✓  ✓  0.89 

✓    ✓ ✓ ✓  0.89 

   ✓ ✓ ✓ ✓  0.89 

✓  ✓  ✓    0.89 

✓  ✓   ✓   0.89 

✓   ✓    ✓ 0.89 

  ✓ ✓  ✓   0.89 

 ✓   ✓ ✓ ✓ ✓ 0.88 

✓ ✓   ✓   ✓ 0.88 

✓ ✓    ✓ ✓  0.88 

 ✓ ✓  ✓  ✓  0.88 

 ✓  ✓ ✓  ✓  0.88 

 ✓  ✓ ✓   ✓ 0.88 

 ✓  ✓  ✓ ✓  0.88 
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 ✓  ✓  ✓  ✓ 0.88 

   ✓ ✓ ✓  ✓ 0.88 

✓ ✓ ✓      0.88 

✓ ✓   ✓    0.88 

  ✓  ✓ ✓ ✓  0.88 

✓    ✓  ✓  0.88 

✓     ✓ ✓  0.88 

 ✓ ✓     ✓ 0.88 

   ✓ ✓ ✓   0.88 

   ✓ ✓  ✓  0.88 

  ✓  ✓ ✓   0.88 

✓   ✓     0.88 

✓ ✓    ✓  ✓ 0.87 

✓    ✓ ✓  ✓ 0.87 

 ✓   ✓  ✓ ✓ 0.87 

 ✓    ✓ ✓ ✓ 0.87 

    ✓ ✓ ✓ ✓ 0.87 

✓ ✓     ✓  0.87 

 ✓ ✓ ✓     0.87 

 ✓ ✓  ✓    0.87 

 ✓  ✓   ✓  0.87 
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  ✓   ✓  ✓ 0.87 

 ✓ ✓   ✓ ✓  0.86 

✓ ✓      ✓ 0.86 

✓    ✓ ✓   0.86 

✓    ✓   ✓ 0.86 

 ✓ ✓   ✓   0.86 

 ✓  ✓  ✓   0.86 

 ✓     ✓ ✓ 0.86 

  ✓  ✓  ✓  0.86 

  ✓   ✓ ✓  0.86 

   ✓  ✓ ✓  0.86 

   ✓  ✓  ✓ 0.86 

✓  ✓      0.86 

✓      ✓  0.86 

  ✓     ✓ 0.86 

 ✓   ✓ ✓  ✓ 0.85 

✓ ✓    ✓   0.85 

✓     ✓  ✓ 0.85 

 ✓  ✓ ✓    0.85 

 ✓   ✓ ✓   0.85 

    ✓  ✓ ✓ 0.85 
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     ✓ ✓ ✓ 0.85 

   ✓ ✓   ✓ 0.85 

  ✓ ✓     0.85 

   ✓   ✓  0.85 

 ✓ ✓    ✓  0.84 

 ✓   ✓  ✓  0.84 

✓    ✓    0.84 

      ✓ ✓ 0.84 

 ✓   ✓ ✓ ✓  0.83 

 ✓  ✓    ✓ 0.83 

    ✓ ✓ ✓  0.83 

✓     ✓   0.83 

✓       ✓ 0.83 

 ✓ ✓      0.83 

  ✓  ✓    0.83 

  ✓   ✓   0.83 

  ✓    ✓  0.83 

   ✓ ✓    0.83 

   ✓  ✓   0.83 

    ✓ ✓   0.83 

✓ ✓ ✓   ✓   0.82 

 ✓  ✓     0.82 
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    ✓ ✓  ✓ 0.82 

✓ ✓       0.82 

    ✓  ✓  0.82 

✓ ✓   ✓ ✓   0.81 

 ✓    ✓ ✓  0.81 

 ✓   ✓    0.81 

   ✓    ✓ 0.81 

✓ ✓  ✓  ✓   0.80 

 ✓     ✓  0.80 

✓ ✓  ✓ ✓    0.79 

 ✓   ✓   ✓ 0.79 

 ✓    ✓   0.79 

    ✓    0.79 

✓        0.78 

 ✓    ✓  ✓ 0.78 

    ✓   ✓ 0.77 

  ✓      0.77 

   ✓     0.77 

 ✓      ✓ 0.72 

     ✓ ✓  0.72 

     ✓  ✓ 0.72 

 ✓       0.72 
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      ✓  0.72 

     ✓   0.71 

       ✓ 0.66 
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Appendix I: B cell eQTLs  

This table details B-cell specific eQTLs associated with the top DEG (unadjusted P= 

<0.001) in my thesis that could be explored to explain the variation in gene 

expression (Fairfax BP et al. 2012) 

 

Gene  P value DEG 

(unadjusted) 

eQTL MAF Alleles eQTL  

P value  

ZNF783 <0.001 rs4727046 0.5 T/C 4.46E-06 

rs13236978 0.37 A/G 0.0001225 

SOD2 <0.001 rs1789990 0.47 G/T 4.17E-05 

FRMD3 <0.001 rs11139944 0.2 A/G 0.0009875 

SCO1 <0.001 rs2322788 0.41 C/T 0.0003765 

MPL <0.001 rs11210339 0.28 A/G 0.0006442 

 

eQTL; expression quantitative trait loci, MAF; minor allele frequency 

 

Of note, there are also single nucleotide polymorphisms in SOD2 (rs2758332) and 

IL-1B (rs1143634, rs1143627, rs16944, rs2853550, rs1143643) (both SOD2 and IL-

1B are DEG, unadjusted P= <0.001) that have been observed to be associated with 

risk of autoimmunity (SLE, RA and GD) (Abd El Azeem RA et al. 2021, Heidari Z et 

al. 2021, Rong, H et al. 2020), including an IL-1B polymorphism (rs1143627) that is 

associated specifically with GD prognosis (Hayashi F et al. 2009).  
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Appendix J: Relevant publications 

Grixti, L, Lane, LC, & Pearce, SH (2024). The genetics of Graves' disease. Reviews 

in endocrine & metabolic disorders, 25(1), 203–214. 

Lane, LC, Cheetham, TD, Razvi, S, Allinson, K, & Pearce, SHS (2023). Expansion of 

the immature B lymphocyte compartment in Graves' disease. European journal of 

endocrinology, 189(2), 208–216.  

Lane, LC, Wood, CL, & Cheetham, T (2023). Graves' disease: moving forwards. 

Archives of disease in childhood, 108(4), 276–281. 

Lane, LC, Pearce, SH, Mitchell AL. Autoimmune Thyroid disease (Chapter 70). 

Clinical Immunology Principles and Practice 6th Edition. Published August 2022. 

Lane, LC, Cheetham, TD, Perros, P, & Pearce, SHS (2020). New Therapeutic 

Horizons for Graves' Hyperthyroidism. Endocrine reviews, 41(6), 873–884. 

Lane, LC, Rankin, J, & Cheetham, T (2021). A survey of the young person's 

experience of Graves' disease and its management. Clinical endocrinology, 94(2), 

330–340. 

Lane, LC, Kuś, A, Bednarczuk, T, Bossowski, A, Daroszewski, J, Jurecka-

Lubieniecka, B, Cordell, HJ, Pearce, SHS, Cheetham, T, & Mitchell, AL (2020). An 

Intronic HCP5 Variant Is Associated With Age of Onset and Susceptibility to Graves’ 

Disease in UK and Polish Cohorts. The Journal of clinical endocrinology and 

metabolism, 105(9), e3277–e3284. 

Lane, LC, & Cheetham, T. (2020). Graves' disease: developments in first-line 

antithyroid drugs in the young. Expert review of endocrinology & metabolism, 15(2), 

59–69. 

Lane, LC, Allinson, KR, Campbell, K, Bhatnagar, I, Ingoe, L, Razvi, S, Cheetham, T, 

Cordell, HJ, Pearce, SH, & Mitchell, AL (2019). Analysis of BAFF gene 

polymorphisms in UK Graves' disease patients. Clinical endocrinology, 90(1), 170–

174. 
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Oral presentations 

‘Can systemic cytokines predict relapse of Graves' Disease?’ Presented at the British 

Endocrine Society meeting, November 2022, Harrogate, UK. 

‘Can lymphocyte subsets and B cell cytokines predict clinical response to Rituximab 

in paediatric graves' disease?’. Presented at the British Society for Paediatric 

Endocrinology and Diabetes meeting, November 2022, Belfast, UK.  (Awarded prize 

for Best Basic Abstract) 

‘Chronic inflammation and relapse in Graves’ disease’. Presented at the British 

Society of Immunology Northeast symposium, June 2022, Newcastle-upon-Tyne, 

UK. (Awarded prize for Best short oral presentation) 

‘Does chronic inflammation drive relapse in Graves’ disease?’. Presented at the 

British Thyroid Association meeting, May 2022, London, UK. 
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