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2 ABSTRACT 

2.1 BACKGROUND 

ANA-associated Rheumatic Musculoskeletal Diseases (ANA-RMDs), including Systemic 

Lupus Erythematosus, Primary Sjogren’s Syndrome, Scleroderma, Myositis, and 

mixed/undifferentiated connective tissue disease, vary in access to therapeutics despite 

overlapping clinical/immunological features. These diseases are currently classified 

according to historical clinical criteria mated to basic laboratory tests.  Many patients fulfil 

multiple diagnostic criteria, and a larger proportion fail to fulfil any criteria at all, being termed 

undifferentiated disease. These criteria are imperfect and could be replaced with more 

modern data driven approaches. 

2.2 AIMS 

This doctorate set out to address the problem of reclassification through several approaches, 

with increasing complexity. Basic clustering of flow cytometric parameters, derivation of the 

clinical basket ANA-arthritis, assessment of gene expression-based disease stratification 

and finally the use of deep learning-based data compression techniques in two large well 

phenotyped cohorts. 

2.3 METHODS 

Within this thesis basic clustering, Gaussian mixture modelling, variational autoencoder 

based data compression and linear mixed effects modelling are used to manipulate and 

analyse data. This is supported with causal inference approaches including directed acyclic 

graph analysis. Work is carried out in the multi diagnosis DEFINITION and the European 

PRECISESADS cohorts. 

2.4 RESULTS/CONCLUSIONS 

This work defines the first clinical basket indication in ANA-RMDs, the ANA-arthritis basket. 

It also reclassifies ANA-RMDs into 5 classes using deep learning-based approaches, with 

differential long-term outcomes. This represents the first application of these approaches 

within rheumatology and has implications both within the field and more broadly in answering 

similar questions in other medical specialties
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10 INTRODUCTION 

10.1 BACKGROUND AND AIMS 

The image on cover page of this thesis encapsulates both the primary question and several 

of the potential solutions. ANA-associated rheumatic musculoskeletal disease (ANA-RMD) 

are a family of autoimmune disorders united by a common blood test and with broad ranging 

clinical manifestations. The word cloud image on the cover of this thesis comprises the most 

common words written in the case report forms of a cohort of ANA-RMD patients within the 

DEFINITION study. This demonstrates the broad range of manifestations and illustrates 

through the size of the words their frequency. Problems such as arthritis, fatigue, rashes and 

ulcers are common and overlap with other features such as osteoarthritis and depression. 

This creates a complex and overlapping family of diseases which are difficult to subclassify.  

Currently this ANA-RMD family is subdivided into historically defined diagnoses based on 

predominantly clinical features with the addition of several immunological markers. However, 

there is considerable overlap between these features and many people fulfil multiple 

diagnostic criteria or none at all, being termed undifferentiated disease.  

More precise disease classification within ANA-RMDs could be achieved with the use of 

modern biomarkers and clinical data using machine learning based data compression and 

clustering algorithms. This aims to increase the homogeneity of each disease label in terms 

of disease outcomes, responsiveness to therapies and the patient experience. Classification 

could be based around shared biomarkers, shared clinical manifestations as explored or a 

hybrid approach involving both. The overarching theme throughout is to assess whether 

these approaches outperform legacy diagnoses and, in the future, whether these newly 

derived classes may be appropriate for evaluation in clinical trials, targeted therapies and 

risk stratification. 
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11 LITERATURE REVIEW 

11.1 ANA-ASSOCIATED RHEUMATIC MUSCULOSKELETAL DISEASES 

ANA-associated rheumatic musculoskeletal disease (ANA-RMD) are a group of diagnoses 

that are unified by the presence of anti-nuclear antibodies (ANA) and overlapping clinical 

features. These diagnoses have classification criteria based on symptoms, signs and routine 

immunology. 

11.1.1 Anti-nuclear antibodies 

Autoantibodies against nuclear antigens  were first described in the context of Systemic 

Lupus Erythematosus in 1948 in 1957 with the description of anti-double stranded DNA 

antibodies(1). Since this initial description a plethora of antibodies against cell nucleus and 

cytoplasmic autoantigens. have been described across a range of autoimmune disease both 

within and outside the remit of rheumatology. Collectively this family of antibodies are termed 

Anti-nuclear antibodies (ANA) and they represent a key unifying diagnostic test across a 

broad family of autoimmune rheumatic diseases with the overarching term ANA- associated 

Rheumatic Musculoskeletal diseases (ANA-RMDs)(1–3). 

11.1.2 Systemic Lupus Erythematosus (SLE) 

SLE is a multisystemic autoimmune disorder resulting from a generalized breakdown in 

immune tolerance and affects approximately 1 in 2000 women and 1 in 20,000 men. 

Generally, disease onset is in the 1st-4th decade and disproportionately affects those of 

African and Asian ancestry(4,5).  SLE is profoundly heterogeneous in its clinical presentation 

ranging from mild mucocutaneous features to life threatening neurological, renal or 

haematological presentations. 

Common manifestations of SLE include skin rashes, arthritis, alopecia and photosensitivity. 

The kidneys are commonly affected ranging from mild proteinuria to end stage renal failure. 

Serosal involvement is not uncommon with pleural effusions, pericarditis and enteritis all 

noted features. Autoimmune cytopenias are also common. Multiple classification criteria 

have been developed, including the ACR 1982, 1997 and 2019 criteria and the Systemic 

Lupus International Collaborating Clinics (SLICC) 2012 criteria. All these criteria attempt to 

preserve brevity whilst incorporating the full spectrum of SLE related pathology. The most 

modern of these criteria, the 2019 EULAR/ACR criteria require a positive ANA (titre ≥1:80) 

and a combined score of ≥10(6). 
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Table 1: EULAR/ACR 2019 SLE classification criteria, reproduced from the original paper by Aringer et al(6). 
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The key pathophysiological mechanism in SLE is the production of autoantibodies against 

nuclear antigen, a factor shared across the spectrum of ANA-RMDs, resulting in immune 

complex deposition, activation of complement mediated pathways and organ damage(7). 

The other key pathological mechanism is the type I IFN pathway (IFN-I). The association 

between IFN-I and SLE has been known for some time(8), and research has linked high 

IFN-I levels to increased rates of neuropsychiatric, renal and dermatological features(8–11). 

Key genes in this pathway are variants in HLA and Fcɣ receptor genes and clinically other 

type I interferonopathies such as Aicardi–Goutières syndrome present with striking lupus-like 

presentations(12). Within SLE mRNA sequencing analysis has identified separate signatures 

associated with disease “susceptibility”, “activity” and “severity”. Severity signatures were 

shown to be associated with lupus nephritis and enrichment of plasmablast associated 

pathways. Interestingly within this work, “susceptibility” signatures were shown not to 

normalize, even in patients in clinical remission(13).  

Morbidity and mortality as mentioned varies greatly between individuals. The general 

disease course is generally relapsing and remitting with periods of low activity interspersed 

with acute flare episodes. In the USA mortality in African American patients with SLE is 

higher than those with European ancestry, irrespective of socioeconomic status(4,5). Across 

SLE prevalent cases mortality has been estimated at 18.6 per 1000 person/year, but in 

incident SLE cases the mortality rate is higher at 26.5 per 10,000 person/month peaking in 

the first year after diagnosis(14). Five- and eight-year survival rates are estimated 91% and 

89%, respectively(14). Patient reported outcomes are similarly impaired and have shown to 

be predictive of mortality outcomes in SLE(15). Anxiety and depression are common, 

associated with impaired medication adherence and have been shown to persist even after 

objective disease activity measurements improve(16). 

11.1.3 Primary Sjogren Syndrome (pSS) 

Primary Sjogren’s Syndrome (pSS) is an ANA-RMD characterised by lymphocytic infiltration 

of the exocrine glands, xerostomia and xerophthalmia and the presence of anti-Ro and anti-

La antibodies. The initial clinical triad of xerostomia, keratoconjunctivitis sicca and 

polyarthritis was first described by Henrik Sjögren in 1925 and the association with Ro and 

La antibodies was first described in 1961(17,18).  

Disease onset is generally later than SLE, with a high incidence in perimenopausal women. 

Other features and internal organ involvement may also be present with significant clinical 

overlap with SLE. Approximately 50% of patients with pSS develop extra glandular features. 

Sjögren syndrome can exist as its own entity (pSS) or in combination with other autoimmune 
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diseases such as SLE or Systemic Sclerosis (Secondary SS)(19). Complicating this further 

is the clinical overlap with chronic pain and depressive disorders in pSS(20).  

Interferon stimulated gene expression has been noted to be upregulated in pSS patients and 

murine models of pSS(21). This was first documented in the 1970s when type II IFN was 

detected in the serum of patients with SLE, pSS, systemic sclerosis and rheumatoid arthritis 

patients(22). Salivary gland biopsy analysis has shown high levels of IFN pathway activation 

and plasmacytoid dendritic cell recruitment in tissue samples from pSS patients(23). 

Systemic IFN-I signatures have been detected in PBMCs and whole blood samples with 3 

IFN patterns detected: type 1 dominant, type 1 and 2 mixed pattern and an inactive 

pattern(24,25). In totality between 53-81% of pSS patients have been shown to express high 

levels of type 1 IFN(26). In the same manner as SLE apoptotic autoantigens are thought to 

provide the initial immunogenic stimulus which drives IFN-I production, possibly via 

plasmacytoid dendritic cell activation in exocrine gland tissue 

pSS is currently classified according to the 2016 ACR/EULAR criteria which require a score 

of ≥4 from the following: 

• Labial salivary gland with focal lymphocytic sialadenitis and focus score ≥ 1 (3 points) 

• Anti-SSA (Ro) + (3 points) 

• Ocular staining score ≥ 5 (or van Bijsterfeld score ≥ 4) on at least one eye (1 point) 

• Schirmer ≤ 5 mm/5min on at least one eye (1 point) 

• Unstimulated whole saliva flow rate ≤ 0.1 ml/min (1 point) 

Anti-Ro antibody positivity is common across multiple ANA-RMDs, particularly SLE, IM and 

UCTD and makes up 3 points of the criteria, the remaining oral and ocular sicca features are 

critical(27). However, sicca features and positive Schirmer tests have been documented in 

SLE, RA and SSc patients within a Thai study(28). Given the porous nature of these criteria 

other techniques such as salivary gland ultrasound have been employed to try to 

differentiate glandular pSS from other ANA-RMDs and coexistent pSS with other ANA-RMD 

diagnoses is commonplace(29). 

Therapeutic approaches focus on topical management of mucosal and ocular sicca 

symptoms with eyedrops, lubricants and occasionally systemic pilocarpine drops. Extra 

glandular involvement is commonly managed with hydroxychloroquine (HCQ), non-steroidal 

anti-inflammatory drugs (NSAIDs) and occasionally other disease modifying anti-rheumatic 

drugs (DMARDs). Refractory disease may require treatment with B-cell depleting therapy, 

though this is currently not licensed for pSS patients in the UK and must be applied for with 
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an individual funding request (IFR)(30). Lack of parity in treatment provision between SLE 

patients with Sicca and Ro antibodies and comparable pSS patients is an exemplar of the 

need for disease reclassification in ANA-RMDs. 

Although for many pSS patients the disease runs an indolent course there is an association 

between glandular pSS and non-Hodgkin’s lymphoma. Over 25 years of follow up non-

Hodgkin’s lymphoma incidence was 10.5% in pSS patients, a 20-fold increase over the 

general population. Concurrence of other autoimmune diseases is common with 15.8% of 

patients developing thyroid disease, 7.2% developing pulmonary fibrosis and 10.5% 

developing a form of vasculitis in the same study(31). Further registry data has shown that 

the presence of cryoglobulins and high disease activity scores are associated with increased 

all-cause mortality risk in pSS.  

11.1.4 Inflammatory Myopathy (IIM) 

Inflammatory Myopathy (IIM) comprises a group of disorders characterised by autoimmune 

inflammation of striated muscle. This may be associated with cutaneous features in the case 

of dermatomyositis (DM), and patients may also be affected by systemic features, notably 

interstitial lung disease. IIM is rare with an annual incidence of approximately 2-19 

cases/million in the US(32). There is a bimodal peak incidence at between 5-15 years if and 

45-60 years. Within the USA those of African ancestry are more commonly affected 

compared to European ancestry patients at a ratio of between 3 to 4:1(32).  

Multiple autoantibodies are known to be associated with IIM. Both myositis associated 

antibodies (MAAs) and myositis specific antibodies (MSAs) have been described. Certain 

antibodies are associated with specific clinical syndromes. For example, antibodies against 

histidyl tRNA synthetase (Anti-Jo1) are associated with antisynthetase syndromes whereas 

anti-PL12, anti-MDA5, anti-OJ and anti-EJ antibodies are associated with higher rates of 

interstitial lung disease. Others such as anti-TIF1ɣ have been associated with paraneoplastic 

myositis overlaps(33). 

Clinical diagnosis is based around a combination of clinical factors, immunological findings 

such as MSA and MAAs and histological appearances on muscle biopsy. MRI imaging of 

affected muscle groups may also show inflammatory changes. Joint classification criteria 

between EULAR and ACR were developed in 2017 and permit classification of definite, 

probable and possible IIM with further criteria aiding the diagnosis of IIM subgroups(34). The 

EULAR/ACR criteria for IIM are detailed in Table 2 . In those with a muscle biopsy available 

probable IIM requires a score ≥6.7 and <8.7, and definite IIM is defined as an aggregated 
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score ≥8.7. In those without a biopsy probable IIM is defined as an aggregate score ≥5.5 and 

<7.5 and definite IIM ≥7.
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Variable Score Points Definition 

  Without 

muscle 

biopsy 

With 

muscle 

biopsy 

 

Age of onset 

Age of onset of first symptom assumed to be 

related to the disease ≥ 18 years and < 40 years 

1.3 1.5 18 ≤ Age (years) at onset of first symptom assumed to be related to the disease < 

40 

Age of onset of first symptom assumed to be 

related to the disease ≥ 40 years 

2.1 2.2 Age (years) at onset of first symptom assumed to be related to the disease ≥ 40 

Muscle weakness 

Objective symmetric weakness, usually 

progressive, of the proximal upper extremities 

0.7 0.7 Weakness of proximal upper extremities as defined by manual muscle testing or 

other objective strength testing, which is present on both sides and is usually 

progressive over time 

Objective symmetric weakness, usually 

progressive, of the proximal lower extremities 

0.8 0.5 Weakness of proximal lower extremities as defined by manual muscle testing or 

other objective strength testing, which is present on both sides and is usually 

progressive over time 

Neck flexors are relatively weaker than neck 

extensors 

1.9 1.6 Muscle grades for neck flexors are relatively lower than neck extensors as defined 

by manual muscle testing or other objective strength testing 



 

Page 36 of 265 

 

Variable Score Points Definition 

In the legs proximal muscles are relatively weaker 

than distal muscles 

0.9 1.2 Muscle grades for proximal muscles in the legs are relatively lower than distal 

muscles in the legs as defined by manual muscle testing or other objective strength 

testing 

Skin manifestations 

Heliotrope rash 3.1 3.2 Purple, lilac-coloured or erythematous patches over the eyelids or in a periorbital 

distribution, often associated with periorbital oedema 

Gottron´s papules 2.1 2.7 Erythematous to violaceous papules over the extensor surfaces of joints, which are 

sometimes scaly. May occur over the finger joints, elbows, knees, malleoli and toes 

Gottron’s sign 3.3 3.7 Erythematous to violaceous macules over the extensor surfaces of joints, which are 

not palpable 

Other clinical manifestations 

Dysphagia or oesophageal dysmotility 0.7 0.6 Difficulty in swallowing or objective evidence of abnormal motility of the oesophagus 

Laboratory measurements 

Anti-Jo-1 (anti-histidyl-tRNA synthetase) 

autoantibody present 

3.9 3.8 Autoantibody test in serum performed with standardized and validated test, showing 

positive result 

Elevated serum levels of creatine kinase 

(CK)* or lactate dehydrogenase (LDH)* or aspartate 

aminotransferase  ASAT/AST/SGOT)* or alanine 

aminotransferase(ALAT/ALT/SGPT) 

1.3 1.4 The most abnormal test values during the disease course (highest absolute level of 

enzyme) above the relevant upper limit of normal 



 

Page 37 of 265 

 

Table 2: 2017 EULAR/SCR classification criteria for adult and juvenile idiopathic inflammatory myopathies 

Variable Score Points Definition 

Muscle biopsy features- presence of: 

Endomysial infiltration of mononuclear cells 

surrounding, but not invading, myofibres 

  1.7 Muscle biopsy reveals endomysial mononuclear cells abutting the sarcolemma of 

otherwise healthy, non-necrotic muscle fibres, but there is no clear invasion of the 

muscle fibres 

Perimysial and/or perivascular infiltration of 

mononuclear cells 

  1.2 Mononuclear cells are located in the perimysium and/or located around blood 

vessels (in either Perimysial or endomysial vessels) 

Perifascicular atrophy   1.9 Muscle biopsy reveals several rows of muscle fibres which are smaller in the 

perifascicular region than fibres more centrally located 

Rimmed vacuoles   3.1 Rimmed vacuoles are bluish by Haematoxylin and Eosin staining and reddish by 

modified Gomori- Trichrome stains 
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As a ready reckoner the original Peter and Bohan criteria (Used in the inception of this 

thesis’ DEFINTION cohort) remain helpful in summarizing the key clinical features of IIM(35–

38). They are as follows: 

1 Symmetrical weakness of limb-girdle muscles and anterior neck flexors 

2 Muscle biopsy evidence typical of myositis 

3 Elevation of serum skeletal muscle enzymes, particularly CK 

4 Typical EMG features of myositis 

5 Typical DM rash, including heliotrope and Gottron’s papules 

For the diagnosis of PM For the diagnosis of DM 

Definite All of items 1–4 Definite Item 5 plus 3 of items 1–4 

Probable 3 of items 1–4 Probable Item 5 plus 2 of items 1–4 

Possible 2 of items 1–4 Possible Item 5 plus 1 of items 1–4 

 

 
Table 3: Bohan and Peter criteria for IIM(36) 

Core features of myositis are observed in other ANA-RMDs, continuing the theme of bleed-

through between diagnoses. These include elevations in muscle CK levels which occur 

within disease activity measurements for SLE, interstitial lung disease in IM and Systemic 

sclerosis and scleromyositis (overlap between Systemic Sclerosis and IIM)(39–41).  

The role of type 1 IFN pathways in IIM is well documented, initially described by Isenberg et 

al in 1986.(42) Plasmacytoid dendritic cell (pDC) infiltration of striated muscle tissue, 

secretion of IFN-I and upregulation of interferon stimulated genes in muscle and peripheral 

blood mononuclear cells (PBMCs) has been observed(43). The skin is also affected with 

21/25 of the most overexpressed genes in DM patients being ISGs(44). The exact 

mechanisms underpinning IFN-I upregulation are not entirely clear however from a 

pathological perspective in vitro studies have suggested that IFN-I is able to induce 

myotubule atrophy, impair capillary networks and induce mitochondrial dysfunction in 

dermatomyositis (45–47). Indeed, some of the most active IIM patients, the anti-MDA5 
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subset have been shown to have among the most pronounced elevations in their IFN-I 

signatures(43) 

Treatment of IIM is with oral immunosuppressants and glucocorticoids in the acute phase 

with tapering as disease control is obtained. Trials of targeted biologic therapies such as 

Janus kinase inhibitors are underway(48). Intravenous immunoglobulin and rituximab are 

used for treatment refractory disease in the UK(49). In the UK rituximab therapy is available 

for IIM and indeed Scleromyositis, who fulfil IIM criteria, but not for systemic sclerosis 

patients. This again emphasizes disparity in treatment provision between very phenotypically 

similar patient groups. 

Despite current therapies treatment outcomes remain poor. Estimates of 10-year survival 

vary greatly ranging from between 20-90%, with death primarily occurring due to 

malignancy, cardiovascular disease and respiratory disease(50,51).  

11.1.5 Antiphospholipid syndrome (APLS) 

Antiphospholipid syndrome (APLS) is an autoimmune coagulopathy which can occur as a 

primary disease (Primary APLS or PAPs) or secondary to coexisting autoimmunity 

(Secondary APLS). The most common secondary cause of APLS is concurrent SLE. It is 

most characterised by the presence of autoantibodies to cardiolipin, β2 glycoprotein 1 or 

lupus anticoagulant. RNA sequencing analysis has however identified differentially 

expressed genes which separate SLE with secondary APLS from non-APLS SLE. SLE with 

secondary APLS was characterised by downregulation of IFNα and IFNɣ expression, and 

venous thromboembolic events associated with upregulation of neutrophil/myeloid response 

modules when compared to pure SLE samples(52). 

The disease can be classified according to the International Consensus Statement criteria or 

the 2023 EULAR/ACR classification criteria(53). For brevity the International Consensus 

Statement criteria require the presence of 1 clinical criterion (Vascular thrombosis or 

pregnancy morbidity) and  positivity on 2 separate occasions ≥12 weeks apart to one of the 

associated antiphospholipid antibodies(54).  

Patients may be diagnosed following presentation with an acute thrombus or pregnancy loss 

or may present with multiorgan failure secondary to Catastrophic APLS (cAPS). Skin rashes 

such as livedo reticularis are common and MSK features may be present. 

Treatment is primarily with anticoagulation to reduce the risk of further thrombus formation, 

more severe manifestations such as cAPS can require treatment with oral glucocorticoids 
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and other immunosuppressants such as Rituximab. Outcomes vary widely, with cAPS 

carrying a poor prognosis, in comparison to single VTE events in susceptible individuals. 

The type I IFN pathway also appears to be upregulated in PAPs even in the absence of 

concurrent SLE or other ANA-RMDs, more notably in those with anti-. β2 glycoprotein 1 

antibodies(55). Therapeutic intervention with antimalarial therapy appears to reduce this. 

However other studies have shown this IFN-I signature not to be as durable as those noted 

in SLE(56). However elevated IFN-I expression has been linked to endothelial damage and 

atherosclerosis formation in APLS, driven by defective endothelial progenitor cell 

function(57). More work is needed in this area to clarify these associations.  

11.1.6 Systemic Sclerosis (SSc) 

Systemic sclerosis (SSc), or scleroderma, is an ANA-RMD characterised by microvascular 

disease and excessive fibrotic collagen deposition in the skin and internal organs.  

Raynaud’s and skin thickening are the most common presenting symptoms. 93.4% of 

patients are ANA positive with the most common subtypes being anti-centromere antibody 

(32.3%) and anti-Scl70 (36.8%)(58).  

The cause of SSc has not been fully elucidated, but the presence of anti-nuclear antibodies 

and activation of innate immunity suggests an autoimmune cause(59). Type 1 IFN 

signatures similar to other ANA-RMDs have been identified in SSc and appears to correlate 

with increased vascular and lung involvement, chief drivers of mortality in the disease(60–

64). Moreover, skin and lung tissue in SSc patients has been shown to overexpress IFN 

stimulated genes(64–66). 

The most common classification criteria in place for SSc are the 2013 ACR-EULAR 

criteria(67). Patients with a score of ≥9 from Table 4 can be classified as systemic sclerosis: 

Disease Item Sub Item Weight 

Skin thickening of the fingers of both hands 

extending proximal to the 

metacarpophalangeal joints 

(sufficient criterion) 

 9 

Skin thickening of the fingers (only count 

the higher score) 

Puffy fingers 2 

Sclerodactyly of the fingers (distal 

to the metacarpophalangeal joints 
4 
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Disease Item Sub Item Weight 

but proximal to the proximal 

interphalangeal joints) 

Fingertip lesions (Only count the higher 

score 

Digital tip ulcers 2 

Fingertip pitting scars 3 

Telangiectasia  2 

Abnormal nailfold capillaries  2 

Pulmonary arterial hypertension and/or 

interstitial lung disease (maximum score is 

2) 

Pulmonary artery hypertension 2 

Interstitial lung disease 2 

Raynaud’s phenomenon  3 

SSc related autoantibodies (maximum 

score is 3) 

Anticentromere 3 

Anti-topoisomerase I 3 

Anti-RNA polymerase III 3 

Table 4: 2013 ACR-EULAR classification criteria for systemic sclerosis 

Approximately 39% of patients within the EULAR Scleroderma Trials and Research Group 

(EUSTAR) database were on treatment with glucocorticoids, 8.3% required treatment with 

the broadly immunosuppressive drug cyclophosphamide, a drug generally reserved for 

severe or refractory ANA-RMDs(58).Mortality is most commonly due to interstitial lung 

disease and renal disease, although angiotensin II inhibition has substantially improved 

outcomes in scleroderma renal crises(58,68). Despite advanced in therapy outcomes remain 

poor. Cumulative survival from diagnosis at 5 years is 74.9% dropping to 62.5% at 10 years 

with lung involvement being the main cause of mortality(69). 

11.1.7 Mixed Connective Tissue Disease (MCTD) 

Mixed connective tissue disease was originally described in 1972 by Sharp et al as an 

association of Raynaud’s phenomenon, puffy fingers, oesophageal dysmotility and 

arthralgia/arthritis(70,71). Generally, these have been associated with the presence of anti-

ribonuclear protein (anti-RNP) antibodies(71–73).  However, it should be noted that review of 

the original Sharp cohort did not show evidence of this as a hallmark feature and moreover 

that anti-RNP antibodies are known to be expressed in other ANA-RMDs(74).  

The aetiology of MCTD remains unclear, several HLA subtypes have been associated with 

an increased risk of disease onset with DRB1*04:01 noted as a major risk factor(75).  
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A review of the MCTD literature by Isenberg et al analysed 4 studies with >100 MCTD 

patients and >5 years of clinical follow up to try to address the issue of heterogeneity within 

MCTD and the variable expression of “cardinal” features(71). In this sense the 

standardisation of classification and diagnostic criteria for MCTD has been an ongoing 

problem with 4 different criteria proposed(76). Subsequent work has compared the 

specificity/sensitivity of these criteria in anti-RNP positive patients and demonstrated the 

Khan and Alarcón-Segovia criteria to have the maximum specificity when diagnosing 

MCTD(77). The Alarcón-Segovia criteria are utilised within the PRECISESADS cohort within 

this thesis and comprise the following: 

• Positivity to anti-RNP (anti-U1RNP) antibody and at least 3/5 of the following clinical 

features. 

o Hand oedema 

o Synovitis 

o Histologically or biologically proven myositis 

o Raynaud phenomenon 

o Acrosclerosis with or without proximal systemic sclerosis 

In terms of therapeutic approaches to MCTD these have been similarly mixed, in a 280-

patient study by Hajer et al 78.2% of MCTD patients received glucocorticoids, 74.6% 

patients received a cytotoxic agent  (Defined as methotrexate, cyclophosphamide or 

azathioprine) and interestingly 15% were treated with tumour necrosis factor inhibition (Ant-

TNF). Anti-TNF treatment is particularly curious given the association between these agents 

and drug induced lupus syndromes which overlap clinically with MCTD(78). Another cohort 

collated by Capelli et al showed similar levels of glucocorticoid use in MCTD (82%), 58% 

treated with oral immunosuppressants and 45% in receipt of an oral antimalarial(79). To date 

no targeted biologic therapies are in use for MCTD in the UK, again this is suboptimal given 

that many SLE patients (Who would fulfil MCTD criteria) are eligible for such therapies. 

A somewhat dated 1999 study demonstrated a favourable outcome in 62% of MCTD 

patients over 3-29 years of follow up with 38% having on-going disease/death(80). 

pulmonary artery hypertension (PAH) was a notable cause of mortality in these patients and 

a subsequent meta-analysis in 2023 showed a PAH prevalence of 12.53% in MCTD 

patients(81). A Hungarian retrospective study in 2013 of 280 patients identified 5, 10, and 

15-year survival rates of 98%, 96%, and 88% respectively. Negative prognostic factors 

included antiphospholipid antibody positivity and malignancy rates were also noted to be 

higher in MCTD patients(82). 
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In a sense the difficulties in classification and characterisation of MCTD are a microcosm of 

the wider difficulties across the family of ANA-RMDs. An initial postulated phenotype in 

MCTD has grown to demonstrate widening heterogeneity in its clinical features and 

associated biomarkers as our understanding of it has increased. A factor that traditional 

diagnostic approaches have failed to keep pace with. 

11.1.8 Undifferentiated CTD (UCTD) 

Undifferentiated CTD (UCTD) comprises patients with a positive ANA and some clinical 

features of ANA-RMDs but not satisfying any of the existing diagnostic criteria for 

differentiated disease(83). The most commonly accepted criteria for UCTD were developed 

my Mosca et al and comprises the following(84): 

• ≥1 ANA-RMD clinical disease manifestation 

• A positive Antinuclear antibody  

• Does not fulfil classification criteria for another ANA-RMD diagnosis.  

The existence of UCTD as a distinct disease entity, or a as a progression stage to criteria 

ANA-RMD is debated and changes to diagnostic criteria unsurprisingly impact UCTD 

prevalence. A 2021 study applied the ACR/EULAR SLE criteria to an existing UCTD cohort 

and were able to reclassify 20.2% of patients as criteria SLE(85).  

UCTD itself can retrospectively be subdivided into Evolving UCTD (eUCTD)  defined as 

UCTD where there is development of criteria disease within 3 years and Stable UCTD 

(sUCTD) where there is not(83). A systematic literature review carried out in 2023 reviewed 

1118 UCTD patients. Anti-Ro (35%) and anti-RNP (29%) were the most prevalent ANAs 

within the cohort(83). Follow-up ranged from 1-15 years and noted that 18% of UCTD 

patients achieved remission with others progressing to RA (29%), SLE (25%), pSS (18%) 

MCTD/SSc (9%) and IIM (1%)(83). Other work has suggested that 50% of systemic 

autoimmune diseases have an undifferentiated profile at onset with up to 40% of UCTD 

patients evolving into criteria ANA-RMD(84). Work in SLE applying the SLE Risk Probability 

Index (SLERPI) to a cohort of 422 UCTD patients identified 39 patients as non-criteria 

SLE(86)  This algorithm has previously been developed in SLE patients where it 

demonstrated a 94.2% accuracy for detecting SLE within a cohort of 802 adults with SLE or 

control rheumatological conditions(87). These finding reinforce the idea that a large 

proportion of UCTD exists on a continuum between asymptomatic autoimmunity and criteria 

ANA-RMDs, isolated more by historical convention than pathophysiological differences. 
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The most common therapeutic interventions in UCTD are oral antimalarials and intermittent 

low dose glucocorticoids, with oral DMARDs being less common(88,89). Mortality was 

estimated by Mosca et al as 2% within a cohort of 91 patients over 15 years of follow up(90). 

In terms of long-term damage accrual and therapeutic intervention in stable UCTD a 

monocentric inception cohort study of 141 patients has been conducted(91). At final follow 

up 10% of patients were on glucocorticoids and 6% were on immunosuppressive therapy, 

27.3% had ≥1 organ system damaged(91). Younger age at diagnosis, not taking antimalarial 

or oral immunosuppressive therapy and young age at first symptom onset were identified as 

markers of increased organ damage at 5-year follow up(91). 

11.1.9 Overlap in disease activity scoring measures 

As discussed, there is substantial overlap between the clinical phenotypes of different ANA-

RMD diagnoses. Features such as arthritis and skin rashes are represented across multiple 

diagnoses. This is summarised in Figure 1 which shows shared clinical features from 

validated disease activity measures in ANA-RMDs. BILAG-2004, SLEDAI-2K, ESSDAI and 

MITAX overlap considerably, but heterogeneity remains with the EUSTAR activity index 

minimally overlapping with the other diseases. 
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Figure 1: Overlap in ANA-RMD disease activity measurements 
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11.2 “AT RISK” ANA POSITIVITY  

ANA associated rheumatic musculoskeletal disease comprises a broad spectrum of clinical 

disease as discussed. Patients with symptoms suggestive of an underlying connective tissue 

disorder are generally screened with an ANA test in primary care. 25% of the population can 

have a low titre positive ANA, but of those only a small percentage progress to clinically 

detectable autoimmune disease (92,93). ANA positivity is more common in women and in 

certain ethnic groups such as those of African and South Asian heritage suggesting a 

genetic component. Indeed, within established disease more aggressive SLE is noted within 

certain ethic subgroups, such as the African diaspora (94). However, not all those with a 

positive ANA go on to develop frank ANA-RMDs. In those that progress, a positive ANA test 

may predate the onset of clinically detectable symptoms by many years. Consequently, 

there is significant interest in detection and risk stratification for progression within this “At 

Risk” cohort. 

Within the NHS the natural trajectory for these patients is initial evaluation within the 

community for symptoms compatible with an underlying ANA-RMD. This is followed by 

screening with an ANA blood test and other baseline laboratory markers before onward 

referral to tertiary care rheumatologists if these blood tests are suggestive of an underlying 

connective tissue disorder. Expedient onward referral here is critical to prevent poor 

outcomes associated with delays in diagnosis and immunosuppressive management.  

Longitudinal work by Yusof et al identified a positive family history of ANA-RMDs and a two 

factor interferon gene expression score as predictor of progression to frank SLE in at risk 

patients(95). Other work has demonstrated IFN-ɣ associated protein and Galectin-9 as 

predictors of disease progression in ANA positive individuals(96). These are not central to 

this work but help emphasise the ANA-RMD disease continuum from At Risk through to 

UCTD and then criteria ANA-RMD, with somewhat arbitrary cutoffs between undifferentiated 

and differentiated CTD. 

11.3 SHARED CLINICAL AND BIOMARKER VARIABLES 

As noted previously ANA-RMDs have common features including some organ features and 

symptoms, onset in adolescence to middle age, a lifelong disease course and fluctuating 

disease activity with flares and remissions. They share common immunopathogenic features 

and all are treated with a similar range of mostly unlicenced immunosuppressive therapies 
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that range in intensity and effectiveness.  Since we aim to replace them, in this thesis we 

term the above diagnoses as “legacy diagnoses”. 

11.4 UNMET NEED FOR BETTER THERAPIES FOR ANA-RMDS 

Although ANA-RMDs are uncommon (prevalence approximately 1 in 1000), they have 

substantial unmet needs since (i) mortality in people with SLE, SSc and IM is increased 

more than 3-fold compared to general population despite current best therapy(97–102); (ii) 

long-term complications such as cardiovascular disease are increased up to 50 times, 

particularly since therapy with glucocorticoids worsens long-term outcomes(103,104); (iii) 

SLE costs the UK economy around £8,000 per patient annually in direct and indirect 

healthcare costs(105,106); (iv) SLE and pSS impair quality of life significantly, comparable to 

other chronic diseases such as diabetes, hypertension and heart failure(107–109). Despite 

this widely known unmet need, development of new therapies has been slow. Clinical trials 

have mostly been performed in SLE. Many of these trials have been negative despite 

promising phase II data or have resulted in small effect sizes deemed not cost-effective by 

NICE(110). One reason for these poor trial outcomes may be the use of composite outcome 

measures that try to assess a wide range of different symptoms and signs. A recent study 

identified the symptoms prioritised most highly by patients with SLE and these are not 

always addressed in trial eligibility and endpoints. That may explain why quality of life 

endpoints are often not met(111). In most trials, subpopulations of higher responding 

patients have been identified. We believe that these problems would be better addressed by 

replacing these legacy diagnoses with new classes of ANA-RMD that are aligned to patients 

needs and therapeutic options available. 

11.5 A SHARED FEATURE ACROSS ANA-RMDS – ARTHRITIS 

11.5.1 Arthritis within the single disease paradigm – SLE arthritis 

As noted previously, multiple clinical features are represented across the spectrum of ANA-

RMDs. One of the most prominent of these is the presence of inflammatory arthritis which 

commonly affects the full spectrum of ANA-RMD disease. To date limited work has been 

done contrasting the impact of ANA-RMD associated arthritis (ANA-arthritis) across 

diagnoses. Formalised assessment of this area would be very helpful in guiding prospective 

work. Currently there are no published works assessing the utility of clinical baskets within 

ANA-RMDs. Therefore, I plan to assess the utility of the high prevalence feature of 

inflammatory joint/tendon disease as a potential basket indication.  
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Within the current single disease paradigm our group has published 4 key works on 

improving the care of arthritis within SLE. Prevalence was assessed with ultrasonography in 

a cohort of 88 SLE patients with inflammatory MSK symptoms and compared to 24 SLE 

controls. 68% of those with MSK symptoms had active inflammation on ultrasound scanning 

(USS) compared to 17% of asymptomatic patients. 27% of those with inflammatory 

symptoms had subclinical inflammation only detected on ultrasound, suggesting the utility of 

ultrasound assessment in SLE related arthritis(112). Building on this further ultrasound-

based assessment was shown to be highly sensitive in detecting improvements in MSK SLE. 

In contrast SLEDAI and joint counts were shown to be less effective and may underestimate 

the efficacy of MSK targeted therapies in SLE. The USEFUL study by the BILAG group 

further demonstrated the value of ultrasound in the assessment of SLE arthritis 

demonstrating that only 68% of lupus arthritis patients with a positive ultrasound had 

clinically detectable synovitis. Those with a positive ultrasound demonstrated a superior 

response to glucocorticoid therapy suggesting a role for MSK USS in the enrichment of trial 

cohorts for future therapeutic trials.(113). Finally, data from the USEFUL study was 

repurposed to develop the Lupus Arthritis and Musculoskeletal Disease Activity Score 

(LAMDA) which was subsequently validated in lupus patients. The LAMDA composite score 

comprises a swollen joint count, physician and patient scored visual analogue scores and an 

erythrocyte sedimentation rate (114). As LAMDA was shown to outperform traditional lupus 

joint MSK assessments (SLEDAI-2K and BILAG-MSK domains) in terms of effect sizes it is 

currently under evaluation for its applicability across ANA-RMDs. 

11.5.2 Inequitable access to targeted treatments across ANA-RMDs – ANA+ arthritis 

Despite the clinical homogeneity within ANA+ arthritis and shared pathological mechanisms 

such as IFN-I pathway activation there is significant inequity in access to targeted therapies. 

Inclusion criteria for trials have concentrated on legacy diagnosis and therefore licencing of 

therapeutics has followed suit. For example, SLE patients with anti-Ro+, low complement 

and arthritis would have access to Belimumab, Rituximab and Anifrolumab while no licensed 

therapy is available for Sjogren’s patients with similar antibodies and arthritis. 

Table 5 is a brief summation of the prevalence of articular involvement and arthritis across 

the spectrum of ANA-RMD, illustrating the scale of the problem in question.
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Condition Study type % Articular 

involvement  

Key findings Location Western 

Prevalence 

SLE Systemic literature 

review(115) 

69-95% Heterogeneous presentation. Arthralgia, tenosynovitis and 

erosive disease(116). Poorly treated relative to other organ 

manifestations. Poor body of evidence and classification 

system for lupus arthritis in general(116). 

NA 0.1% UK adults 

UCTD Retrospective cohort 

study(117)  

30-49% 5 year follow up, n = 716(117). 49% presented with 

arthralgia(117). 30% presented with arthritis(117). 

Hungary Unclear 

Sjogren’s Syndrome Retrospective cohort 

study(118) 

30-60%  Bicentric French cohort study, n = 419(118). 30-60% 

demonstrate articular involvement. 35% had frank synovitis 

and 70% were treated with immunosuppression(118). 

France 0.25% of Spanish 

adults(119) 

Sjogren’s Syndrome Retrospective cohort 

study(120) 

NA Retrospective French cohort study, n = 57(120). 57 pSS 

patients with synovitis(120). Previous treatment: Steroid 

monotherapy (3.5%); Steroid + HCQ (79%); HCQ 

monotherapy (49%); MTX (35%); RTX (5.3%) 

France Unavailable 

Systemic Sclerosis Retrospective cohort 

study  

31%  German cohort, n=57(101). 31% showed evidence of 

arthritis (19% clinically & 26% radiographic)(101). 

Germany 307 cases per 

million (Data from 

2013)  

Systemic Sclerosis Systemic literature 

review(101) 

23% Meta analysis of 7 studies, n = 547(101). Showed 23% 

prevalence of clinical arthritis(101). 

NA Unavailable 
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Condition Study type % Articular 

involvement  

Key findings Location Western 

Prevalence 

Inflammatory Myositis Literature 

review(121) 

18-53%  Literature review of 17 studies containing at least 20 pts 

each(121). Arthritis occurs in 18-53% of patients according 

to previous studies(121,122). Most commonly non erosive 

polyarthritis, may precede muscle involvement  

NA 17.6 per 1000,000 

patient years in 

UK 

Inflammatory Myositis 10 year 

observational 

study(122) 

19% 10-year observational study of Salford cohort(122). 19%  

had visible arthritis at presentation (122) 

UK Unavailable 

MCTD Literature 

review(123) 

50-90% 90% describe arthralgia(123). 

50-60% develop arthritis(123). 

NA 3.8 per 100,000 in 

Norway in 

2008(124) 

Table 5: Scoping literature review of ANA arthritis prevalence across ANA-RMDs 
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11.6 THE CHALLENGE OF CLINICAL TRIAL DESIGN IN ANA-RMDS 

11.6.1 Trial recruitment 

Recruitment to ANA-RMD trials is a significant problem due to their comparatively low 

prevalence. Recruitment to these trials is often slow and total numbers of patients are often 

insufficient. This was highlighted in SLE during a recent Open Space meeting of 

experts(125). Consensus opinion was that multi-site trials involving multiple specialist 

centres are necessary to generate the power needed for the small, expected effect sizes. 

These effect sizes may be small due to the eligibility criteria and outcome measure problems 

in these heterogeneous populations as discussed below. 

11.6.2 Subgroup analysis 

Work within pSS has shown that subgroups defined by hierarchical clustering of data from 

the UK Primary Sjogren’s Syndrome Registry (UKPSSR) within the failed TEARS and 

TRACTISS trials would have demonstrated a positive result(126–128). This suggests that 

current disease label-based stratification fails to identify those most likely to benefit from 

specific targeted interventions. 

11.6.3 Outcome measures are problematic 

The use of composite endpoints to represent the wide clinical phenotypes of diseases such 

as SLE, IM and pSS in clinical trials is a key feature underpinning disappointing results in 

promising therapeutics. In SLE Rituximab has had 2 large phase 3 studies which failed to 

meet their primary endpoints in, EXPLORER and LUNAR.  

EXPLORER was a phase III randomised controlled trial assessing non-renal and non-CNS 

lupus in 257 North American patients. Patients were randomised to receive either Rituximab 

(2 x 1000mg doses 2 weeks apart) or placebo alongside 0.5-1mg/kg prednisolone tapering 

to 10mg daily by week 10 of the study(129). The primary endpoint was remission and 

maintenance of remission by week 52 as defined by the BILAG criteria (BILAG C or better in 

all domains). Unfortunately, this study failed to meet its primary endpoint as no significant 

difference was shown in major or partial clinical responses at 6 months. Subgroup analysis 

did show some RTX superiority for post hoc endpoints, RTX was shown to be superior for 

African American and Hispanic groups and there were reduced incidences of BILAG A 

category disease flares.  

LUNAR was another phase 3 randomised controlled trial designed to investigate the use of 

RTX in lupus nephritis(130,131). 144 patients were randomised 1:1 to receive either RTX or 
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placebo in combination with mycophenolate mofetil (MMF) and prednisolone. This too failed 

to meet its primary endpoint of renal response at week 52. The failure of this trial has been 

discussed extensively. The relatively short follow up time of 52 weeks has been criticised as 

RTX has been shown to improve proteinuria at 72 weeks in other studies(130,132). 

Additionally, the relatively small sample size in LUNAR prevented statistically significant 

analysis of differences in partial treatment response between the treatment arms.  

There were issues common to both studies which may also explain their failure to meet their 

primary endpoints. Both studies allowed high prednisolone doses and LUNAR additionally 

added in 3g MMF alongside RTX. This is understandable in the face of organ threatening 

disease but may have masked any RTX related treatment effect(129–132). 

Disease activity scores have been an issue in lupus trials for some time, involving anti-CD20 

monoclonals and other biologic therapies. The British Isles Lupus Assessment Group 

(BILAG) scoring system was utilised in both trials. In EXPLORER many patients had far 

greater disease activity well above the BILAG 1A and BILAG 2B scores required as inclusion 

criteria(129,131,133). BILAG B scores were shown to be poor at differentiating partial RTX 

responders. A good example of this was a mild malar rash scoring the same as a scarring 

discoid lupus rash. Likewise, the SLEDAI scoring system can also be poor at picking up 

partial drug responders. Consequentially composite scores such as the BILAG-based 

combined lupus assessment (BICLA) and systemic lupus erythematosus responder index 

(SRI) have been developed to address this issue. The BICLA was used successfully in the 

TULIP2 trial of anifrolumab in SLE when the parent study TULIP1 failed to meet an SRI 

response as its primary endpoint. The BICLA is based upon improvement of baseline BILAG 

disease activity without any worsening of individual BILAG domains. In comparison the SRI 

requires a ≥4 point reduction in the SLEDAI score with no new BILAG- A features and no 

more than 1 new BILAG-B score. In addition, an SRI response precludes any significant 

deterioration in the physician global assessment. Practically these differences mean that the 

SRI demonstrates complete response in at least 1 organ system more effectively than the 

BICLA. The BICLA more effectively demonstrates composites of partial response in several 

organ systems better than the SRI-4(134) 

As major organ involvement such as active lupus nephritis and neuropsychiatric disease are 

excluded from trials in SLE, drug efficacy tends to be determined by the response in 

musculoskeletal and mucocutaneous organ systems within clinical trials(135). These 

patients represent the cohort of stably unstable disease amenable to clinical trial inclusion 

but do not represent the real-world spectrum of SLE one might encounter in clinic. Moreover, 



 

Page 53 of 265 

 

certain features such as immune mediated fatigue which predominate in pSS patients are 

poorly characterised by existing disease activity scores or absent altogether as in the case of 

the EULAR Sjögren's syndrome disease activity index (ESSDAI), a common composite 

endpoint in pSS trials(136). 

11.6.4 Classification and labelling bias 

Classification of disease is a common problem in pSS trials wherein patients with extra 

glandular features are commonly mislabelled as SLE due to significant clinical overlap and 

therefore excluded from trials(137). This was noted in a 2015 study which determined that 

more than half of the most unwell pSS patients were incorrectly labelled as RA or SLE(138).   

Additionally, patients with UCTD who make up a substantial proportion of the ANA-RMD 

population do not currently qualify for any clinical trials and are instead treated in an off-label 

manner as they fail to fulfil any diagnostic criteria. Trials in rarer diseases within the ANA-

RMD spectrum such as IM have previously had difficulty recruiting requisite numbers and 

therefore may benefit from broader basket-based approaches. 

11.7 THE CASE TO RE-CLASSIFY THE SPECTRUM OF ANA-RMDS 

11.7.1 Clinical and demographic variables stratify ANA-RMDs 

Previous studies evaluated predictors of clinical outcomes within individual ANA-RMD 

diagnoses. Demographic, clinical, immunological characteristics and co-morbid conditions 

predicted many of these outcomes, such as mortality in myositis, systemic features in pSS 

and fatigue across multiple diseases. Many of these predictors were similar in each 

diagnosis (139–142). The effect of ancestry is particularly important with African ancestry 

patients responding worse to licensed therapy despite experiencing more severe 

disease(143). These results suggest that a common set of clinical and demographic features 

may have value in defining clinically relevant subgroups across the disease spectrum. This 

is important to address healthcare inequalities. 

11.7.2 Subdivision of existing diseases linked to increased efficacy of therapy 

Specific biologic therapies are more efficacious within existing subgroups of ANA-RMD 

diagnoses 

Belimumab and anifrolumab are the only two drugs licensed for ANA-RMD, both for SLE. 

Belimumab targets BAFF and is more effective in patients with high disease activity 

(measured by SLEDAI), positive DNA-antibodies and low complement(144). Anifrolumab 
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targets Type I interferon and is more effective in patients with a positive interferon gene 

signature (IFNGS)(145–147). In belimumab-treated patients IFNGS had only a trend to 

association with response(148). Rituximab is not licensed but is commissioned by NHSE for 

SLE, myositis, and sometimes used in individual cases of other ANA-RMDs. Predictors of 

better clinical response to rituximab in SLE were investigated in an MRC-funded consortium. 

In this, our group showed that number of ANA subtypes and an optimised interferon score 

predict better response to rituximab(149). Older patients, patients with non-European 

ancestry, higher disease activity and cutaneous manifestations were associated with inferior 

responses(150). In pSS, although the primary endpoint of a trial of rituximab was not met, re-

analysis of trial data into four subgroups by Prof Ng suggested a treatment effect with 

hydroxychloroquine in the High Symptom Burden subgroup and with rituximab in the 

Dryness-Dominant with Fatigue subgroup compared with placebo(151). 

11.7.3 Shared genetic signatures across ANA-RMDs 

There is considerable evidence for shared genetic signatures across ANA-RMDs. Previous 

genome wide association studies (GWAS) have identified shared risk loci spanning SLE, 

pSS and SSc(152–154) . Moreover, there are multiple HLA associations with ANA-RMD, 

and specific polymorphisms have been associated with SLE, pSS and SSc in the same 

manner(155–163). Therefore, given this significant homogeneity within 3 disease groups it is 

logical to assume some further overlap with UCTD, IM and MCTD.  

Interferon (IFN) signatures have shown to be elevated in peripheral blood samples of 

patients with multiple different ANA-RMDs. Multiple studies have demonstrated an elevated 

IFN signature in SLE, pSS and SSc(164,165). A more recent epigenome wide comparative 

study has demonstrated a similar signature in MCTD(166). Additional markers of IFN activity 

such as cell surface SIGLEC-1 and Tetherin have been shown to be elevated in ANA-RMDs 

and, in the case of pSS, SIGLEC-1 expression may help discriminate between glandular and 

extra glandular involvement(167,168). Indeed, high interferon expression has been linked to 

increase rates of progression to active ANA-RMDs in asymptomatic ANA+ patients(169).  

11.7.4 The same clinical subpopulations may exist within multiple diagnoses 

Subpopulations who may be most clinically relevant or respond best to therapy in SLE trials 

may be represented in each legacy diagnosis. For example, belimumab and anifrolumab are 

known to be effective for synovitis in SLE patients. There are patients with synovitis within 

each of the other legacy diagnoses who are not currently eligible for these treatments 

despite the same clinical problem. Grouping these together may result in a trial population 

that is more homogenous than the legacy diagnosis approach. This facilitates more effective 
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trial designs. For example, in a basket trial for ANA-RMD patients with arthritis, appropriate 

eligibility criteria, standard of care, and a more responsive organ-specific outcome measure 

could be used, as known to be successful in rheumatoid arthritis trials. 

11.7.5 There are common pathogenic processes in each disease with corresponding 

therapies and biomarkers 

There are many common pathogenic mechanisms in ANA-RMDs, such as B cells that lead 

to production of autoantibodies, or type I interferon pathway activation(170). Analysis of the 

B cell-targeted therapies belimumab and rituximab both show that markers of B cell 

activation, such as autoantibody profiles, complement levels, or plasmablast levels, can 

predict clinical response. Such profiles can be identified within many ANA-RMD legacy 

diagnoses. IFNGS is a biomarker for better response to anifrolumab. Each legacy diagnosis 

also contains an IFNGS-positive and -negative subpopulation so grouping these together 

may result in higher effect sizes since all patients included are the “biomarker-positive” 

subset of their legacy diagnosis(171). This was the original objective of the DEFINITION 

study used in this application. 

11.7.6 Machine learning has been used to reclassify patients within existing 

diagnoses 

Both supervised and unsupervised machine learning approaches have been applied within 

individual ANA-RMD disease cohorts. For example: in rheumatoid arthritis machine learning 

approaches have been applied to predict disease flares on tapering biologic drugs(172). 

Professor Morand’s group applied machine learning methods to subtyping within SLE; 

analysis of whole blood RNAseq data revealed four overlapping clusters that differed in 

terms of SLE classification criteria and flares, with some suggestion of appropriate 

therapeutic targets(173). In a second study, analysis of routinely available clinical data was 

used to identify high-disease activity SLE patients in need to escalation of 

immunosuppression(174). Professor Bertsias’ lab have applied similar machine learning 

approaches including K-means and extreme gradient boosting to identify subsets of SLE 

patients at greater risk of early damage accrual(175). Whole blood RNA sequencing and 

hierarchical clustering techniques have also been used to identify 5 distinct SLE endotypes 

(Neutrophilic, B-cell, metabolic and 2 mild disease subtypes). Interestingly targeted 

intervention with Bortezomib in the neutrophilic cluster, azathioprine/ixazomib in the B-cell 

cluster and fostamatinib in the metabolic cluster was predicted to reverse these 

derangements, suggesting a potential avenue for targeted intervention(176). Professor 

Jury’s team applied a k-means clustering approach in the immune cell profile of juvenile SLE 
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patients and stratified the disease into 4 distinct subgroups(177). Logistic Regression and 

Decision Trees methods with the forward wrapper selection technique were used to identify 

factors associated with ultrasound detected damage in 120 adult SLE patients(178). As well 

as machine learning, within SLE there have been several studies describing the use of gene 

expression has to define subsets of SLE patients that differ in disease activity 

progression(179–182).  

11.7.7 Undifferentiated connective tissue disease not addressed by research or trials 

in any legacy diagnosis 

Many patients with ANA-RMDs do not meet the classification criteria for any one legacy 

diagnosis. These patients are termed “undifferentiated connective tissue disease”. This 

population has been studied in detail by Professor Marta Mosca(183–185). These patients 

have a diverse range of clinical features, poor quality of life, and are not eligible for any trial 

or licensed therapy. Reclassification would allow the option for these patients to be included 

in new patient groupings and a large number were included in DEFINITION and 

PRECISESADS. 

11.7.8 Gene expression-based ANA-RMD reclassification  

The need for stratification within and across ANA-RMDs, and for basket trial approaches 

was emphasised in a recent Open Space meeting of international lupus experts(23). Given 

this novel approach there has been considerable interest in further application of these 

methods to the field with several review articles summarising the strengths of such an 

approach(186–188).  

The PRECISESADS EU-funded project (2014-19) led by Prof Alarcon-Riquelme, aimed to 

reclassify autoimmune rheumatic disease according to a molecular taxonomy(154). 2500 

autoimmune rheumatic disease patients were compared to 600 healthy controls using 

genotype, transcriptomic and metabolic analysis followed by unsupervised clustering 

methods. This defined four patient clusters: “inflammatory”, “lymphoid”, “interferon” and “low-

disease activity”. However, this study did not analyse patient types in terms of clinical 

significance such as quality of life or requirement for glucocorticoids or other therapies, 

which is the key focus of this work. In another study, analysis of flow cytometric data from 

pSS and SLE using unsupervised machine learning revealed subtypes that spanned 

diagnoses, although again detailed clinical phenotyping was not included in the 

analysis(189,190).  Machine learning methods have been used to identify a specific 

inflammatory signature of interferon stimulated genes in patients with several ANA-RMDs 

(SLE, pSS and UCTD) with a common positive blood test (Ro60)(191). This demonstrates 



 

Page 57 of 265 

 

the application of these techniques in smaller sample sizes and the utility of a combined 

clinical, imaging and laboratory-based ML model. 

Certain gene expression signatures have attracted significant interest due to shared 

pathological mechanisms spanning multiple ANA-RMDs. Dysregulation of type 1 interferons 

is a cardinal feature of multiple ANA-RMDs. Interferons are subdivided into 3 families (Type 

I, type II and type III). Type I IFNs have been implicated in the body’s response to viral 

pathogens and tumour surveillance. In the context of ANA-RMDs type I IFNs have been 

shown to be potent immunostimulators, driving B-cell activation, antibody production and 

immunoglobulin class switching(192–195). Anifrolumab is a type I IFN blocking medication 

which works by blocking the IFNAR receptor. Anifrolumab has shown positive trial and real-

world evidence in SLE and is currently undergoing clinical trials in SSc and pSS(196–199). 

Within the single disease paradigm of SLE microarray analysis of the transcriptome has 

allowed for the assembly of functionally annotated modules that distinguish by disease 

activity, autoantibody status, renal involvement and cutaneous disease(200–203). Within my 

lab two IFN scores (IFN Score A and IFN Score B) have been derived using factor analysis 

from these interferon annotated modules, with IFN Score B predicting progression from the 

At-Risk state to SLE(95,204). Ancestry has been shown to be a strong influence on these 

gene expression and may in part explain the failure of the EMBRACE trial for Belimumab, 

which is known to be efficacious in those of European ancestry(205,206). Within this thesis 

modules annotated to interferon, myeloid, inflammation, plasmablast and erythropoiesis 

function were included based on this preceding work.  Indeed, rituximab response has been 

stratified by hierarchical clustering analysis of these gene expression scores in non-

European ancestry patients(203). Additionally, within European ancestry patients 

hierarchical clustering based on these scores produce clusters which were able to segregate 

global disease activity and renal involvement, but not responsiveness to rituximab(203). 

The above suggests that gene expression-based disease reclassification is a viable and 

effective tool in better subdividing ANA-RMD. However currently hybridised methods taking 

in more clinical and basic laboratory data may have a role in enhancing its efficacy. 
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11.8 THE APPLICATION OF MACHINE LEARNING TECHNIQUES TO RECLASSIFY 

CLINICAL DATASETS 

11.8.1 K-means, hierarchical clustering and Gaussian mixture modelling  

Traditional k-means clustering has been in used in clinical and non-clinical reclassification 

projects for many years having been first described by MacQueen in 1967(207).  It is a 

partitional clustering technique which divides data points up into non-overlapping 

clusters(208,209). Each cluster is represented by a mean of cluster members (centroid) and 

a similarity measure that quantifies the difference between multivariable data. The 

expectation maximisation algorithm is used to calculate the cluster membership that 

minimises the Sum of Squared Errors (SSE). A key limitation of k-means clustering is its 

inability to handle uncertainty when a single datapoint sits on the boundary between two 

centroids(208,209). Additionally, k-means clustering can only generate circular or 

hypersphere-based clusters, therefore when clusters are ellipsoid in shape they are poorly 

handled by k-means(210). Finally the process by which clusters are derived by k-means 

clustering is inherently random, and therefore multiple iterations of the same process can 

yield slightly different results. 

Gaussian mixture modelling (GMM) is a partitional clustering technique which generates 

density based ellipsoidal clusters based on probability density estimations using expectation 

maximisation(208,209). Clusters are modelled in a Gaussian distribution. The chief 

disadvantage of GMM is its higher computational cost compared to k-means. A recent study 

showed k-means to require approximately 1/6 the computational cost of GMM(208). The key 

advantage of GMM over k-means is that it assigns probabilities to each data point belonging 

to a specific cluster. This is termed “soft clustering” and allows greater nuance within 

clustering attribution in comparison to the hard probabilistic attribution of k-means. 

Within the paradigm of rheumatology k-means clustering has been used extensively. It has 

been applied to identify osteoarthritis endotypes based on biomarker stratification, identifying 

3 dominant endotypes with 3 different disease phenotypes which may aid in patient 

stratification for clinical trials(211). It has been applied to multiple different datasets including 

clinical , flow cytometric and metabolomic data to good effect(212–214) Within ANA-RMDs it 

was recently applied to identify antibody profiles predictive of SLE disease outcomes in a 

cohort of 805 patients(215). GMM has also been utilised to address a similar clinical 

question to this doctorate in reclassification efforts using data from 6 national registries of 
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ANCA-Associated Vasculitis patients(216). It has also been used in Juvenile Idiopathic 

Arthritis and Rheumatoid Arthritis research(217,218). 

As discussed previously conventional hierarchical clustering methods were applied to 5 key 

clinical symptoms in registry data from the UK Primary Sjogren’s syndrome Registry 

(UKPSSR) in a highly cited paper(151). In addition to the clinical and trial data outcomes, 

this study suggests that to an extent reclassification and sub stratification of ANA-RMDs can 

be carried out using commonly described variables, leading to potentially significant 

treatment implications.  

11.8.2 Spectral clustering 

An alternative approach to k-means and GMM is to apply spectral clustering techniques. 

These generally allow greater flexibility within the distance metrics leading to improved 

performance over k-means and GMM, at the cost of greater computational 

requirements.(219,220). 

Spectral clustering techniques generally involve the creation of a similarity matrix from the 

dataset which is then represented graphically. A Laplacian matrix representing the 

relationships between data points is then generated, which allows for eigenvectors to be 

derived and used with traditional clustering methods(219,221,222). 

High computational requirements involved in the generation of Laplacian matrices can limit 

the application of spectral clustering to large datasets without the use of dedicated high 

power computing systems. Hybrid approaches to spectral clustering have been applied 

which substitute the eigenvector decomposition component for deep learning techniques  but 

further increase computational requirements.(219,223). Therefore, due to their high 

computational cost and limited utility over traditional and deep learning-based approaches a 

spectral clustering approach was considered but ultimately not pursued within this doctorate. 

11.8.3 Deep learning and variational autoencoders (VAEs) 

Machine learning models at their core discover rules within data to perform a processing 

task(224). This is achieved through the manipulation of input data with a-priori examples of 

the expected output and a metric by which the effectiveness of the model can be measured 

known as a loss function(224). This is achieved by sequential geometric transformations of 

the data within a latent space measured against a loss function with the aim of sequentially 

reducing loss and therefore optimising the model against a known expected output. A large 

volume of pre-defined data transformations can be applied limited only by computational 

power.  
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An extension of this process is deep learning whereby these data transformations are 

stacked on top of each other within successive layers of nodes to form a neural network. 

Models built in this way with 1-2 layers of data are termed “shallow learning” whereas 

models with more layers are termed “deep learning”(224). The data transformations carried 

out within each processing layer are termed “weights” or less frequently “parameters”. Within 

deep learning models these weights are adjusted by an optimiser based the loss function of 

the network as described previously. This function generally computes a distance score from 

the predictions created by a network from a known gold standard target.  

There are two key algorithms which are central to the application of deep learning models in 

general. Backpropagation is central to how the optimiser can sequentially adjust and 

improve the model by reducing the loss function. Backpropagation was initially described by 

Werbos in 1974 and later expanded upon in a paper by Rumelhart in 1986(225–227). Initial 

weight attributions within a deep learning model are random and are sequentially improved 

through backpropagation. In mathematical terms this process computes the gradient of a 

loss function within a neural network with respect to the weights of said network(228). 

Computing this loss is termed a “backward pass”, following which parameters are adjusted in 

the opposite direction to the gradient to reduce loss. This can be performed in high 

dimensionality latent spaces and optimisers such as stochastic gradient descent can be 

helpful when dealing with large and highly dimensional datasets(228,229). Within a neural 

network the chain rule can be applied to compute the contribution of each weight to the 

ultimate loss value and therefore act to reduce it through optimisation. From a mechanistic 

perspective this process is summarised in Figure 2, adapted from(224). 
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Figure 2: Basic neural network architecture 

Variational autoencoders (VAEs) are a subtype of neural network first described in 

2014(225,230,231). Autoencoders in macro are a combination of two neural networks, an 

encoder and a decoder. The encoder aims to compress the data into a lower dimensionality 

latent space before the decoder attempts to reconstruct the original input. In themselves 

autoencoders compress to unstructured latent spaces, so aren’t generally favoured for data 

compression where generalisation to unseen data is required(232,233).  

Variational autoencoders build on this process by combining Bayesian variational inference 

with autoencoders(234). VAEs transform the input data into a mean value “µ” and a variance 

value “σ” rather than fixed code, thereafter during the decoding process the model samples 

an element of the distribution and can decode it back to its original input(232,235). This 

adjustment reduces overfitting and ensures that the latent space generated during encoding 

is sufficiently structured to allow for effective decoding. Because of the incorporation of 

variational inference, the loss function in VAEs is comprised of a reconstruction loss on the 

final layer and a regularisation loss in the latent layer which drives the distributions 

generated by the encoder toward a normal standard distribution. This regularisation loss is 
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commonly expressed as the Kullback-Leibler (KL) divergence(233,235). The basic structure 

of VAEs is summarised in Figure 3. Data compression using VAEs in this way can be useful 

for a myriad range of tasks including financial options trading, electrocardiogram analysis 

and image denoising(234). Within the biomedical field this approach has been applied to 

identify small molecule metabolites within complex samples using the DarkChem 

algorithm(236) and the analysis of single cell gene expression data(237) among others. 

Oncology research has utilised VAEs extensively in disease prediction and 

stratification(238). Combined datasets comprising gene expression, DNA methylation, and 

Micro-RNA data were analysed by VAEs and other autoencoder types before clustering was 

performed using partitioning around medoids (PAM) and k-means clustering on the 

bottleneck layer. Autoencoders in general (Including VAEs) were shown to outperform 

traditional data compression techniques such as PCA, kernel PCA, and sparse PCA in the 

subtype detection of four malignancies: Glioblastoma multiforme, colonic adenocarcinoma, 

renal clear cell carcinoma, and invasive breast cancer(239). A similar approach of combining 

VAEs with k-means clustering was applied to multi-omics data in neuroblastoma, identifying 

two prognostic subtypes which were validated in two independent datasets(240). The 

application of VAE architecture on a transcriptomic dataset (DR.VAE algorithm) was also 

shown to outperform standard classification methods in predicting drug responsiveness in 

cancer patients in a Toronto cohort(241). This process of data compression using the VAE 

followed by Gaussian mixture modelling (GMM) based clustering techniques to the latent 

space has also been replicated elsewhere(242). A combined approach using a VAE and 

GMM has been used with single-cell RNA sequencing data to determine the cell 

developmental trajectories of human preimplantation embryos(243). 

Another approach to data compression and clustering is to use deep generative models 

such as VAEs to preserve hidden hierarchical dependencies in data structures and then use 

GMM based clustering on the resultant latent space. This is termed deep embedded 

clustering (DEC)(219). Given the unsupervised nature of the application the network is 

trained using an iterative auxiliary target distribution derived from the present soft cluster 

assignment. This utilises a method similar to t-distributed stochastic neighbour embedding (t-

SNE) whereby a centroid-based probability distribution is derived, and the KL divergence is 

minimised in order to improve cluster assignment and feature representation(219). 

The extensive application of VAE models within oncology and their inherent superiority to 

classical autoencoders in latent space projection and subsequent clustering analysis 

suggest they are an appropriate methodological approach to the problem of ANA-RMD 
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classification. Within rheumatology the application of VAE models is more limited with a 

PubMed search yielding only one result for the terms “variational autoencoder” and 

“rheumatology”. This being an analysis of salivary gland DNA methylation profiles using VAE 

encoding and hierarchical clustering applied to the bottleneck latent space. This was able to 

identify a high and low disease activity cluster with associated differences in DNA 

methylation status(244). This and the synergy between the roles of targeted therapeutics in 

rheumatology and oncology support the novelty and suitability of applying this methodology 

to ANA-RMD reclassification.  

 

Figure 3: Variational autoencoder basic structure 

11.8.4 Traditional dimensionality reduction techniques : Principal Component 

Analysis  

Dimensionality reduction and data compression can be achieved without the use of 

advanced computational methods through principal component analysis (PCA). This process 

applies linear transformations to a dataset to create projections of the original data and is 

discussed in more detail within the general methods section of this thesis. 

11.8.5 Natural language processing as an adjunct to biomarker-based reclassification  

To date the few attempts made to reclassify ANA-RMDs, and indeed many other disease 

areas focus largely on biomarker-based strategies. These approaches overlook the 

significant quantity of clinical data gathered within clinical consultations.  

At its core NLP maps the statistical structure of language by examining relationships 

between words, sentences, and paragraphs. Preparation of text for processing in this way 
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involves segmentation of the text into words, characters or overlapping groups of multiple 

words or characters termed N-grams(245).  This process is termed tokenization and 

generally uses one of two approaches, 1-hot encoding or word embedding.  

11.8.6 Text tokenization approaches 

1-hot encoding is where a unique integer index is associated with each word within a text 

string and the integer index is converted into a binary vector of size N where N is the size of 

the vocabulary in question(245). This generates very sparsely populated datasets with very 

high dimensionality data which may not be desirable where data compression is preferred. 

However, in some applications this may be sufficient. 

Alternatively, tokenisation with word-embedding techniques results in lower dimensionality 

floating point vectors which are densely populated. Word embeddings can be generated 

using pre-trained model architectures such as Word2Vec(246) or Global Vectors for Word 

Representation (GloVe)(247). Word2vec was developed in 2016 by Mikolov et al(246). At its 

core it is a feedforward unsupervised shallow neural network consisting of a single hidden 

layer and a single dense layer trained with backpropagation. Word2vec identifies semantic 

relationships between using two key algorithms. With continuous bag of words (CBOW) the 

surrounding words are used to predict the word of interest. Both approaches can be applied 

to tokenise text for subsequent analysis. Data input validation approaches such as spell 

checking can be applied when using these algorithms, however these may struggle with 

spelling errors in complex medical terminology, which can limit their effectiveness. 

Natural language processing (NLP) through 1-hot encoding, pre-trained embeddings such as 

Word2Vec or via tailored embedding in neural networks provides the means with which this 

data can be incorporated into data compression approaches (VAEs) and subsequent 

traditional clustering algorithms such as k-means and hierarchical clustering. 

11.8.7 Applications of NLP within rheumatology 

Within the field of rheumatology this technique has been used to extract key rheumatoid 

arthritis outcomes from clinical notes and to process patient narrative data within a Japanese 

SLE cohort(248,249). NLP pipelines were shown to extract rheumatoid arthritis outcomes 

from multiple electronic record systems effectively(248). Within the SLE cohort the 

incorporation of NLP applied to patient narratives provided additional insight into the patient 

experience by identifying recurring key concerns such as pain, disability and mobility 

issues(249). 
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The closest parallel to this project was the application of NLP techniques to a 7853-patient 

cohort of potential axial spondyloarthritis patients from two large Boston tertiary care 

hospitals(250). Within this study traditional ICD-10 codes for diagnosing axial 

spondyloarthritis were compared to NLP based algorithms. Both supervised and 

unsupervised algorithms were created to identify high probability axial spondyloarthritis 

patients from this cohort. Both supervised and unsupervised algorithms incorporating NLP 

outperformed traditional ICD-10 criteria (AUROC 0.80-0.87)(250). This suggests that this 

methodology either alone, or in combination with biomarker variables could be effective in 

reclassifying ANA-RMDs in a similar manner.  

11.8.8 The limitations of a deep learning-based approach  

Although deep learning and machine learning techniques in general are well suited to the 

proposed task of reclassification they are not without limitations. It is important to note that 

deep learning models have no functional understanding of their inputs, they merely minimise 

a loss function through modifying the weights ascribed to different functional layers via 

backpropagation(251). 

Moreover, any outputs from a deep learning model need to be analysed in the context of 

their clinical and patient reported outcomes. Adversarial examples can be fed into a deep 

learning network with the specific intention of tricking the network into misclassifying them 

and may be useful when assessing the generalisability and robustness of any generated 

model(251). Deep learning models also contain no capacity for abstraction where multiple 

known concepts are merged to conceptualise something not previously experienced by the 

model(251). In the proposed application this means that any model generated will be unable 

to abstractly predict beyond the confines of its training dataset. This process is termed 

‘extreme generalisation’ by Francois Chollet and contrasts with the ‘local generalisation’ 

possible within a deep learning model(251).  

11.8.9 Comparison of clustering efficacy  

In contrast to hierarchical techniques k-means clustering necessitates a priori determination 

of cluster number (k).  Multiple methods exist to estimate this including silhouette analysis, 

Monti consensus clustering, GAP-statistic, progeny clustering and CLEST(252). Monti 

consensus clustering is widely utilised but has been shown capable of producing false 

positive structures in k=1 model data(252,253). Consequently, the M3C package was 

created to incorporate Monte Carlo Simulations and address other limitations in Monti 

consensus clustering. These approaches are discussed in detail within the general methods 

section. 
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11.9 MOLECULAR DISEASE STRATIFICATION AND BASKET TRIAL APPROACHES 

ARE WELL ESTABLISHED IN OTHER MEDICAL SPECIALTIES 

11.9.1 Molecular disease stratification and basket trial application in oncology 

There is a global drive toward precision medicine as a function to improve disease outcomes 

and better allocate resources. Within the UK this was noted in the 2019 NHS long term plan 

which incorporates a plan to offer whole genome sequencing to children with malignancy to 

expedite access to targeted therapies(254,255). There is considerable divergence between 

medical specialties to what extent this approach has been applied. Perhaps the most 

effective example of its application to date has been within oncology.  

Within oncology the emphasis on the carcinomatous organ or origin is increasingly felt to be 

less relevant as targeted treatments emerge(256). In conjunction with this the traditional 

model of randomised controlled trials is increasingly felt to be inappropriate when evaluating 

treatments for rare disease types in fast moving fields such as oncology and, by extension, 

rheumatology. In addition to overlapping pathological pathways, recruitment of sufficient 

numbers in trials of rare diseases to provide power to results is often impractical. As a result, 

switching to a basket trial design where malignancies with a common pathological marker 

but different primaries or histology is an established concept in oncology(255). This has 

expanded dramatically within oncology over the last decade with a 2019 landscape analysis 

showing an increase from 2 basket trials in 2009 to 49 examples by 2019(255,257). 

Key examples of large basket trials in the field of oncology include the NCI-MATCH trial, a 

phase 2 basket trial for advanced solid tumours, lymphoma or multiple myeloma which has 

progressed on previous therapy. NCI-MATCH screened nearly 6000 patients and recruited 

1593 patients to 38 sub studies. Each sub study consisted of a phase 2 trial of a therapy 

matched to a specific genomic alteration. Within the first 27 of these sub studies the signal 

seeking objective was met in 7 cases (25.9%)(258,259). 

Another NCI basket trial within oncology was the NCI-MPACT trial, carried out in refractory 

solid organ malignancies(260). Here patients were assigned to receive a targeted therapy 

(Veliparib + Carboplatin, Veliparib with temozolomide or Adavosertib with Carboplatin, 

Evorlimus or Trametinib)  based on 3 aberrant gene signalling pathways of interest (DNA 

repair, PI3K signalling or RAS/RAF/MEK pathway) or a non-paired therapy.  The results of 

this trial were disappointing with only 2% of the 49 patients within the treatment arm showing 

a partial response(260). Within their discussion the authors note that better annotation of 

predictive biomarker and more effective targeted therapies were required to improve further 
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study design. Nevertheless, other trials in oncology have led to basket therapeutic 

indications as shown below.  

11.9.2 Molecular disease stratification and basket trial application in rheumatology 

Molecular stratification of disease in rheumatology has been carried out within individual 

disease groups. The best example of individual ANA-RMD sub stratification in this way is the 

work carried out by Daniel Toro in SLE within the PRECISESADS group(261). Here whole 

blood samples of SLE patients were analysed and sub stratified into 9 separate modules 

based on gene expression scores. 3 of these modules (Interferon, Neutrophil/Inflammatory 

and Plasma cell/Cell cycle) showed high levels of dysregulation relative to healthy controls. 

Additional complexity was noted as some modules were more frequently dysregulated in the 

presence of others. Interferon for example was noted to be more frequently dysregulated in 

the context of concurrent Neutrophil module dysregulation. Using further data from a 

therapeutic trial of Tabalumab certain associations with clinical outcomes were noted. The 

neutrophil/inflammatory module was noted to be associated with renal manifestations of 

SLE.  

Broader cross diagnostic disease stratification has been carried out by Barturen et al as 

referred to previously(262). There has however been little translational work taking this 

concept towards basket trial design currently, with the only current example being a small-

scale trail of low dose interleukin-2 across 13 different autoimmune diseases(263). 

11.9.3 Basket indications lead to licenced therapies  

Within oncology several targeted therapies have been licenced for basket indications based 

on the pooled results of multiple individual trials. Pembrolizumab is a PD1 inhibitor licenced 

by the FDA for all metastatic tumour with microsatellite instability biomarker (MSI-H) or 

deficient mismatch repair (dMMR)(255,264,265). In a similar manner basket indications have 

been approved for the TRK inhibitor Larotrectinib(266–268), the TKI inhibitor 

Entrectinib(269) and the BRAF inhibitor vemurafenib(270).  

Although there have not yet been any trials in basket indications in ANA-RMDs, there is 

precedent for such an approach in a related disease area. Nintedanib was evaluated in a 

phase III clinical trial in a basket of patients with a common feature: interstitial lung disease, 

which could be secondary to any of a range of diseases(271). This has led to licensing of 

nintedanib for this indication. 
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These examples illustrate that licencing of targeted therapeutics in a similar manner within 

rheumatology is a reasonable prospect. However, at present no such indications exist, and 

therefore the suggested approach has the potential to be transformative within the field. 

11.10 SUMMARY OF RATIONALE FOR THIS APPROACH 

Currently we conduct trials of new therapies by in patients classified by legacy clinical 

diagnoses. This is exemplified by the introduction of rituximab in which the same drug was 

trialled in 3 ANA-RMDs, and all 3 trials were negative, albeit with good-responding 

subgroups in each(272–274). The problems of trials in legacy diagnoses are therefore: 

1. Conducting one trial for each disease is difficult since these diseases are uncommon 

2. Many patients who do not meet any classification criteria are not eligible for trials and 

have no evidence-based therapy options 

3. Trials each include a mixture of good and poor responders, since eligibility selected 

by legacy clinical diagnosis rather than by a label-agnostic predictor or biomarker 

In terms of analytical techniques, deep learning techniques provide additional utility over 

traditional methods in terms of better preservation of non-linear and hierarchical 

relationships between covariates during data compression. Variational autoencoders have 

been extensively used in this role and allow for effective integration of multiple data formats. 

Where possible the introduction of NLP components to the modelling would allow better 

compression of the available data and would avoid significant feature engineering by hard 

coding N-grams or high dimensionality sparse data created through 1-hot encoding of 

categorical variables. 

In terms of path to patient benefit there is an established precedent within oncology whereby 

multiple basket trials have been completed or are in progress. Moreover, there are multiple 

examples of therapeutics with basket indications within oncology and a further example in 

the form of Nintedinib for pulmonary fibrosis. Therefore, identification of therapeutic baskets 

in the manner proposed would be novel within rheumatology but has a precedent within 

medicine generally. 

I hypothesise that we can re-group patients to undertake basket trials of all patients suitable 

for a certain therapy. An ideal example of this is ANA+ arthritis, identifiable through clinical or 

ultrasonographic examination. There are patients with inflammatory arthritis within each 

diagnosis. We could instead create a “basket” containing these patients from each disease 

which has the following advantages: 
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1. One trial would cover a large proportion of patients who will benefit, which is 

advantageous in uncommon diseases, more people will get access to effective 

treatments. 

2. Patients currently ineligible for trials would attain proven treatment options 

3. Trial populations would be more homogenous than legacy diagnoses (e.g. SLE trials 

include both skin and joint disease). This allows more appropriate inclusion criteria 

(based on joint swelling or ultrasound) and better outcome measures (based on a 

single organ of interest). 

4. We may enrich the trial population for patients predicted to respond well (e.g. 

biomarker-positive patients) 

This single-variable example illustrates the concept, but these diseases are likely too 

complex for such a simple classification to be applicable across the board. Also, some 

therapeutic approaches are not biologics with accompanying biomarkers. For example, 

patients with low disease activity may require rehabilitative or pain-management 

approaches.

12 AIMS, OBJECTIVES AND HYPOTHESES 

The overarching theme of the project is to better define ANA-RMDs using deep learning and 

traditional approaches. To account for all the reclassification features described above, my 

approach may involve sub stratification by flow cytometric parameters, gene expression 

scores, clinical parameters in a hybrid clinical and biomarker approach across 2 large 

cohorts.  

12.1 AIMS 

To improve access to appropriate treatment for people with ANA-RMDs by defining basket 

populations for better clinical trials. 

12.2 HYPOTHESES 

The overall hypothesis guiding this research is that the ANA-RMD population can be better 

subdivided using advanced computational techniques than via the existing classifications in 

place. 

Within this paradigm the following specific sub-hypotheses are offered: 
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1. Existing diagnoses fail to classify all individuals with clinically significant ANA-RMDs 

2. Existing diagnoses fail to adequately subdivide patients into discrete groups  

3. Classification of people according to their predominant clinical manifestation, 

immunophenotype or therapy requirement will lead to more homogenous subgroups 

(ARC classes). 

4. ARC classes predict long term outcome and PROs better than legacy diagnoses. 

5. Cardinal features of the most the most clinically impactful ARC classes will be 

responsive to therapy, irrespective of their underlying legacy diagnosis 

12.3 OBJECTIVES 

12.3.1 Results 1: Preliminary Pure flow cytometry based reclassification of ANA-

RMDs using established clustering techniques 

1. To achieve familiarity with basic data manipulation and clustering techniques in R 

prior to subsequent more detailed analysis  

2. To evaluate the utility of pure flow cytometry based clustering in DEFINITION cohort 

B using partitioning around medoids (PAM) clustering as part of a preliminary 

analysis.
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12.3.2  

12.3.3 Results 2: Unsupervised machine learning based reclassification of ANA-

RMDs. Defining ANA-Arthritis, a clinical and biomarker defined population 

suitable for clinical trials. 

1. To evaluate the prevalence of ANA+ arthritis as a potential clinical basket in 

DEFINITION  

2. To determine whether clinical impact is comparable across ANA-RMD diagnoses in 

DEFINITION 

3. To determine whether immunological signatures are similar across ANA-RMD 

diagnosis in patients with ANA+ arthritis 

4. To use Principal Component Analysis and Gaussian Mixture Modelling to identify 

enriched baskets of ANA+ arthritis patients for future clinical trials 

12.3.4 Results 3: Variational Autoencoder based reclassification of ANA-RMD across 

a large European cohort, hybrid clinical and biomarker-based clustering. 

1. To use a variational autoencoder (VAE) based approach to compress data from the 

PRECISESADS cohort. 

2. To apply traditional clustering techniques to the compressed dataset and derive new 

ANA-RMD classes (ARC) within PRECISESADS 

3. To replicate this process within DEFINITION 

4. To assess the cross-sectional clinical impact of ARC membership and compare to 

legacy diagnosis membership in both cohorts 

5. To assess the gene expression impact of ARC membership and compare to legacy 

diagnosis membership in DEFINITION 

6. To assess the flow cytometric impact of ARC membership and compare to legacy 

diagnosis membership in DEFINITION 

7. To assess the patient reported impact of ARC membership and compare to legacy 

diagnosis membership in DEFINITION 

8. To assess the 5-year long term follow up impact of ARC membership and compare to 

legacy diagnosis membership in DEFINITION 
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12.3.5 Results 4: Preliminary exploration of causal and predictive models using gene 

expression for longitudinal disease activity across ANA-RMDs 

1. To use DAG analysis to identify measured and unmeasured factors governing the 

impact of key gene expression scores on disease activity and flare then construct a 

causal model 

2. Evaluate the explanatory power of this model using linear mixed effects modelling 

3. To construct a predictive model including demographic and clinical variables, IFN 

and other gene expression scores to predict 3- and 6-month disease activity 

4. To assess the responsiveness of specific gene expression scores to changes in 

therapeutics and glucocorticoid exposure using linear mixed effects modelling.  
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13 GENERAL METHODS 

13.1 INTRODUCTION 

This chapter outlines the methodologies applied within the analysis of the DEFINITION and 

PRECISESADS cohorts within the scope of this doctorate.  

13.2 THE DEFINITION & PRECISESADS COHORTS 

13.2.1 The DEFINITION cohort  

The DEFINITION cohort was set up to address the utility of Interferon gene expression 

signatures in disease stratification across the spectrum of ANA-RMDs. Its initial stated aims 

were to evaluate the two previously validated IFN I scores (IFN Score A and IFN Score B) 

derived from factor analysis of a previous dataset(95). To account for variation in numbers of 

IFN producing cells with changes in disease activity, flow cytometric markers of IFN 

expression such as Tetherin and SIGLEC-1 were also collected. 

As a function of the above detailed composite disease activity measurements, patient 

reported outcomes, gene expression scores, laboratory data and flow cytometric data were 

collected. Clinical data collection CRFs are included within the appendix of this thesis. 

The overall aim of the DEFINTION study was to better define the role of type I IFN in ANA-

RMDs by assessing IFN-I status at 3 timepoints.  

• Cohort A assessed whether IFN-I scores A and B were associated with increased 

risk of progression from ANA “At Risk” status to classifiable ANA-RMDs. 

• Cohort B assessed whether IFN-I expression was associated with specific disease 

phenotypes or disease severity in a cross-sectional study 

• Cohort C measured change in IFN-I expression and disease activity at baseline, 3 

and 6 months to assess whether IFN-I expression had prognostic benefit or 

dynamically responded to changes in disease activity over longer term follow up. 

13.2.2 The PRECISESADS cohort  

The PRECISESADS cohort was set up to utilise OMIC and bioinformatic approaches to 

derive new disease classifications across the spectrum of autoimmune disease. The project 

recruited 2656 patients between December 2014 and October 2017 from 19 sites in 9 
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European countries. These included sites in Austria, Belgium, France, Germany, Hungary, 

Italy, Portugal, Spain and Switzerland(275). 

In total the project received €23,098,292 in funding and recruited 377 Rheumatoid Arthritis, 

470 SLE, 402 SSc, 385 pSS, 99 MCTD, 106 PAPs, 166 UCTD patients and 651 healthy 

controls. Excluding the rheumatoid arthritis component this represents the largest mixed 

cohort of ANA-RMD patients in Europe.  

Rich clinical data was collected with the PRECISESADS study.  In terms of OMIC data, 

genetic, epigenetic, transcriptomic, flow cytometric, metabolomic and proteomic data was 

collected. 

To date outputs from this cohort have included work in pSS which has demonstrated risk loci 

via GWAS analysis, Ro60 antibody associated inflammatory gene expression signatures 

spanning multiple ANA-RMDs, IFN upregulation and B and plasma cell gene dysregulation 

patterns in lupus nephritis(276–278). Cross diagnostic reclassification using pure omics 

approaches has also been trialled as noted earlier within the introduction, but to date no 

clinical data has been incorporated into reclassification approaches(262). 

13.3 ETHICAL APPROVAL 

13.3.1 DEFINITION ethical approval 

All individuals provided informed written consent and this research was carried out in 

compliance with the Declaration of Helsinki. This study was approved by the National Health 

Service Health Research Authority (REC Ref: 17/YH/0166). Healthy control participants’ 

peripheral blood was collected under the study number 04/Q1206/107. All experiments were 

performed in accordance with relevant guidelines and regulations. University of Leeds was 

contracted with administrative sponsorship. 

13.3.2 PRECISESADS ethical approval 

The PRECISESADS project was approved by multiple ethical committees as cited in 

previous work(279). These include: Comitato Etico Area 2 (Fondazione IRCCS Ca’ Granda 

Ospedale Maggiore Policlinico di Milano and University of Milan); approval no. 425bis Nov 

19, 2014, and no. 671_2018 Sep 19, 2018; Klinikum der Universitaet zu Koeln, Cologne, 

Germany. Geschaftsstelle Ethikkommission; Pôle de pathologies rhumatismales 

systémiques et inflammatoires, Institut de Recherche Expérimentale et Clinique, Université 

catholique de Louvain, Brussels, Belgium. Comité d'Èthique Hospitalo-Facultaire; University 
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of Szeged, Szeged, Hungary. Csongrad Megyei Kormanyhivatal; Hospital Clinic I Provicia, 

Institut d’Investigacions Biomèdiques August Pi i Sunyer, Barcelona, Spain. Comité Ética de 

Investigación Clínica del Hospital Clínic de Barcelona. Hospital Clinic del Barcelona; Servicio 

Andaluz de Salud, Hospital Universitario Reina Sofía Córdoba, Spain. Comité de Ética e la 

Investigación de Centro de Granada (CEI – Granada); Centro Hospitalar do Porto, Portugal. 

Comissao de ética para a Saude – CES do CHP; Centre Hospitalier Universitaire de Brest, 

Hospital de la Cavale Blanche, Avenue Tanguy Prigent 29609, Brest, France. Comite de 

Protection des Personnes Ouest VI; Hospitaux Universitaires de Genève, Switzerland. 

DEAS – Commission Cantonale d’ethique de la recherche Hopitaux universitaires de 

Geneve ; Andalusian Public Health System Biobank, Granada, Spain; Katholieke Universiteit 

Leuven, Belgium. Commissie Medische Ethiek UZ KU Leuven /Onderzoek; Charite, Berlin, 

Germany. Ethikkommission; Medizinische Hochschule Hannover, Germany. 

Ethikkommission. 

13.4 DEFINITION STUDY DESIGN  

Patients within DEFINITION were recruited to 3 arms (A,B and C). Cohort A comprised an  

‘At-risk’ population of patients with risk factors and incomplete symptoms of ANA-RMD which 

were not utilised within this project. Cohort B comprised patients a known diagnosis of UCTD 

(SLE, pSS, IM, MCTD, SSc or UCTD) and evidence of stable disease over the preceding 12 

months. These patients were recruited to a cross-sectional observational study. Those with 

evidence of labile disease activity, defined as physician defined evidence of labile disease 

activity within the preceding 12 months. 

13.4.1 DEFINITION sample size calculations 

13.4.1.1  DEFINITION Cohort B: Cross-sectional study 

The sample size for the cross-sectional study was pragmatic, to ensure there are enough 

patients eligible to enter the longitudinal study (n=150 – see below). We estimated that 

approximately 50% of patients will be eligible for the cross-sectional study therefore the 

cross-sectional study required 300 patients, 60 of whom could be recruited from study A (at 

risk CTD).  

300 patients were recruited. Of these, 294 had baseline clinical and biomarker data for 

analysis. Diagnoses were SLE (n=104), UCTD (n=111), pSS (n=33), MCTD (n=13), SSC 

(n=14), Inflammatory Myositis (n=19). Baseline characteristics are shown in Table 10.  
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13.4.1.2 DEFINITION Cohort C: Longitudinal study 

50% of patients were estimated to have active disease at 6 months. Based on rules of thumb 

stating that there should be 5-10 patients in the smallest outcome category per predictor 

variable, with 12 predictor variables this necessitated a total of 150 patients. Recruitment 

was substantially affected by the COVID-19 pandemic, leading to global under recruitment 

and reduction in follow up visit attendance.  

From an overall sample size of 124 ANA-RMD patients (SLE n=46, UCTD n=49, pSS n=16, 

IM n=7, SSc n=4, MTCD n=2). Key baseline variables of DEFINTION Cohort C are 

summarized in Table 16 within Results Chapter 4.  

13.5 PHYSICIAN ASSESSMENTS 

Clinical assessments in both the DEFINITION and PRECISESADS cohorts were carried out 

by recruiting rheumatologists with appropriate training in scoring the indices in question. 

Within PRECISESADS this encompassed scoring the Physician Global Assessment VAS. 

Within DEFINITION this comprised multiple additional metrics detailed below.  

13.5.1  British Isles Lupus Assessment Group (BILAG) 2004 Index 

The revised British Isles Lupus Assessment Group Index (BILAG-2004) index is a composite 

disease activity score which measures 97 disease activity items across 9 clinical domains 

(Constitutional, mucocutaneous, musculoskeletal, neuropsychiatric, cardiorespiratory, 

gastrointestinal, ophthalmic, renal and haematological). Activity within each item is scored 

over the preceding month and compared to the month prior, graded as either new, worse, 

same, improving, or absent.   Each item is graded from A (Severe disease), B (Moderate 

disease), C (Mild disease), D (Inactive disease) and E (Never affected). An overall grade can 

be calculated for each domain by taking the highest score of each domain. Additionally, 

numeric BILAG scores can be calculated as follows: A = 12, B = 8, C = 1 , D/E = 0. This 

process allows for accurate global assessment of disease activity within SLE. BILAG-2004 

has been extensively validated in SLE trials and is currently a component of the Systemic 

Lupus Erythematosus Responder Index (SRI-4) which has been approved by the FDA for 

drug trials in SLE(280). 

13.5.2 Systemic Lupus Erythematosus Disease Activity Index 2000 (SLEDAI-2K) 

The Systemic Lupus Erythematosus Disease Activity Index 2000 (SLEDAI-2K) is another 

composite disease activity score in SLE developed in 2002 as a progression of the earlier 

SLEDAI disease activity measurement(281). SLEDAI-2K comprises a list of 24 organ 

manifestations of SLE and laboratory variables with different score weightings, the score 
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being the sum of the responses. It has been widely used in clinical trials, being a core 

element of the SLE Responder Index (SRI-4)(280). Unfortunately, it has been shown to be 

poorly responsive to partial changes in clinical statues and work comparing the ability of the 

SLEDAI-2K and BILAG in detection of active disease requiring changes to therapy 

suggested that the BILAG-2004 index was superior in this respect(282). Nevertheless,  the 

SLEDAI-2K allows for rapid documentation of a patient’s SLE activity captured as a 

snapshot in time.  

13.5.3 Myositis Disease Activity Assessment Tool (MITAX) 2009 

MITAX is a disease activity assessment tool used to classify disease activity in IIM patients 

and to help guide therapeutic adjustments.  It was first published in 2004 and took a 

derivation of the BILAG-2004 index whereby patients are scored with an intention to treat 

approach(283–285). It was subsequently revised in 2008 and comprises 7 organ domains 

(Constitutional, cutaneous, muscular, skeletal, gastrointestinal, cardiac and pulmonary) 

which mirroring BILAG are scored as either not present, improving, same, worse or new 

compared to the previous month. This allows for the assessment of muscular and extra 

muscular disease activity. MITAX has been validated and has been used in several clinical 

trials, notably the MYOJAK trial(286). 

13.5.4 EULAR Sjögren's syndrome disease activity index (ESSDAI) 

The EULAR Sjogren’s Syndrome Disease Activity Index (ESSDAI) is a composite disease 

activity score developed in 2009 for Primary Sjogren’s Syndrome covering multiple organ 

manifestations. This addresses the heterogeneity of presentations within pSS. It comprises 

12 domain items (Cutaneous, pulmonary, renal, articular, muscular, peripheral nervous 

system, central nervous system, haematological, glandular, constitutional, lymphadenopathy 

and biological)(287). 

The ESSDAI has been used as a primary endpoint in several pSS trials(288,289). It has also 

demonstrated good efficacy in phase 2 trials of Ianalumab in pSS as part of the 

NEPTUNUS-2 trial(290).  

ESSDAI scoring represents the best validated and most widely utilised composite disease 

scoring system for pSS, overlapping clinically with the MITAX, SLEDAI-2K and BILAG-2004 

index in many domains. This allows for composite disease activity across the spectrum of 

ANA-RMDs. 
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13.5.5 Physician Global Assessment (PGA) score 

A global assessment of disease activity was scored by the physician on a 100mm scale 

ranging from nil disease (0) to the most active the disease could be (100). This scoring 

system was not patient specific but instead represents the highest possible disease activity 

for any given patient with the same diagnosis. Scores were then scaled from 0-10cm for 

further data analysis. This scoring system has been used effectively in SLE and rarer 

autoimmune connective tissue diseases and is a component in both the ESSDAI and LLDAS 

composite disease scores(291–294). 

13.6 PATIENT REPORTED OUTCOMES 

13.6.1 36-Item Short Form Health Survey (SF-36) 

The 36 Item Short Form Health Survey Questionnaire (SF-36) is an instrument designed to 

evaluate patient reported quality of life outcomes developed initially in 1992(295). It 

measures 8 dimensions (Physical functioning (PF), role physical (RP), bodily pain (BP), 

general health (GH), vitality (VT), social functioning (SF), role emotional (RE) and mental 

health (MH). Additionally, two composite scores, the Physical Component Summary (PCS) 

and the Mental Component Summary (MCS) representing the composite physical and 

mental health impacts of the disease(296). Multiple R packages exist to perform these 

calculations in research(297). The SF-36 has been used in many trials with and outside of 

rheumatology, within the field of ANA-RMDs it has been used extensively across multiple 

existing diagnoses(298–300). 

13.6.2 Euroqol 5  Dimensions (EQ-5D) score  

The Euroqol 5 Dimension score is a patient reported outcome measure which measures 

health status, defined as “the value assigned to duration of life as modified by the 

impairments, functional status, perceptions and social opportunities that are influenced by 

disease, injury, treatment or policy”(301). This impact is measured in 5 dimensions (Mobility, 

Usual Activities, Self-Care, Pain & Discomfort and Anxiety & Depression) (302). The EQ-5D 

was designed to be broadly applicable across healthcare applications and questions reflect 

basic activities of daily living such as washing and dressing. Each question is scored on a 

scale ranging from no impairment to mild, moderate, severe, extreme impairment or inability 

to complete the task. A visual analogue scale is also incorporate and global index scores 

can be calculated representing the global impact of disease on the individual ranging from 0 

(dead) to 1 (perfect health)(303). 
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13.6.3 Functional Assessment of Chronic Illness Therapy (FACIT) – Fatigue 

FACIT-Fatigue is a patient reported outcome score initially developed to quantify fatigue 

related to anaemia in cancer patients(304). It comprises a 13-item questionnaire completed 

by the rater and has been used in multiple studies across a wide array of medical 

specialties. In total since its development, it has been used in over 150 studies and over 

40,000 people(304). In the context of rheumatology, it was shown to be superior to the SF-

36 vitality subdomain in describing disease related fatigue in SSc patients, hence it’s 

inclusion in this work (305). 

13.6.4 ICECAP-A (ICEpop CAPability measure for Adults) 

The ICEpop CAPability measure for adults (ICECAP-A) is a patient reported outcome 

measure which attempts to quantify a person’s perceived ability to achieve key life outcomes 

and capabilities(306,307). This is quantified across 5 domains ranging from stability to 

attachment, autonomy, achievement, and enjoyment. It is delivered as a patient completed 

questionnaire and scores can be converted to a single index value for analysis. These index 

values are  subsequently measured against country specific tariffs for analysis(308,309) . 

Within rheumatology this measure has been correlated with MSK health problems at the 

population level but has seen limited use within ANA-RMDs(310). 

13.6.5 Work Productivity and Activity Impairment (WPAI) instrument 

The WPAI was developed in 1993 and is a composite patient reported score used to quantify 

the impact of disease on an individual’s employment productivity. It collates metrics on 4 key 

areas, absenteeism, presenteeism, global work productivity loss and the impairment of one’s 

daily activities outside of work(311). It has been applied broadly to multiple research 

questions across ranging from multiple sclerosis to chronic obesity(312,313). Within 

rheumatology it has been used and validated in both Spondyloarthritis and Psoriatic 

Arthritis(314,315). Metrics produced are given as percentages of the 4 key metrics.  

13.6.6 Visual Analogue Scales (VAS) 

Visual analogue scores allow patients to rate poorly quantifiable qualities such as pain and 

other quality of life outcomes. They have been in use since the 1920s. In the context of 

rheumatology, they have been used to describe pain, global health, fatigue, early morning 

stiffness among many other applications(316,317). They also form part of composite disease 

scoring systems such as the DAS-28 in rheumatoid arthritis (318)Within the context of the 

DEFINITION cohort VAS were applied to quantify pain, early morning stiffness, fatigue, 

global health and arthritis severity; based on their previous use in the literature(319–323).  
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Issues with VAS measurements are well known, older people are known to struggle to report 

VAS scores as effectively as young people and many patients report pain on extremes of the 

scale rather than as a true linear construct(324,325). Despite these weaknesses VAS scores 

are rapid to complete and in the context of this work are used in the context of overlapping 

patient reported outcome measures such as the FACIT-Fatigue, EQ5D and SF-36 which 

adds additional redundancy. 

13.7 GENE EXPRESSION SCORES  

13.7.1 Gene expression score composition 

Gene expression scores used within this thesis were derived from those initially described by 

Chiche, Bachereau and Jourde-Chiche as described in the introduction and subsequently 

utilised within work by Carter et al (200–203). A summary table of the gene expression 

scores is shown in Table 6. 

Gene Expression Score Genes 

Interferon Score A IFI44L, CCL8, ISG15, XAF1, IFI44, GBP1, IFI27, IRF7, 

CXCL10, CEACAM1, RSAD2, IFIT1 

Interferon Score B SERPING1, IFIH1, IFI16, PHF11, LAMP3, NT5C3B, 

TRIM38, UNC93B1, BST2, SOCS1, SP100, TAP1, STAT1, 

UBE2L6 

Plasmablast M7.7 Score ATP5G1, CDC2.CDK1, CHPF, CIT, GLICCI1, GTSE1 

Plasmablast M4.11 Score TNFRSF17, TXNDC5, IGJ.JCHAIN 

Plasmablast Score ATP5G1, CDC2.CDK1, CHPF, CIT, GLICCI1, GTSE1, 

TNFRSF17, TXNDC5, IGJ.JCHAIN 

Myeloid Score CD55, BST1, LILRA3, CEACAM4, MKNK1, 

FLJ20273.RBM47., HCK, FLOT1, CKAP4, BCL6, GPR97, 

ITGAM, AQP9, ADAM19, HMGB2, NCF4, IL1RN, CD63, 

IL17R.IL17RA., MMP25, PBEF1.NAMPT, NFIL3 

Erythropoiesis Score DNAJA4, IFIT1L.IFIT1B, UBXD1, RAB2B, BCL2L1, GATA1, 

UBE2O, MAP2K3, PIP5K2A, FLCN, HPS1, MCOLN1 

Inflammation Score SOCS3, IRAK3, IL18R1, CLEC4D, MCEMP1, SERPINA1, 

IL1R2, MCTP2, FKBP5, OSM, KREMEN1, FCAR, CR1, 

SLPI, MAPK14, PGLYRP1, ANXA3, S100P, MMP9, 

S100A12, GRB10 

Table 6: Gene expression score composition 
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Quantification of gene expression varied between the DEFINITION and PRECISESADS 

cohorts. Within DEFINITION  was measured using a 96 panel Taqman array on blood from 

ANA-RMD patients collected in Tempus tubes. ΔCT values were normalised against the 

reference gene peptidylprolyl isomerase A (PPIA). Within PRECISESADS RNA-Seq data 

pertaining to the gene expression scores was analysed for quality control as per Figure 4. 

Data was then normalised using the Voom package in R to account for high 

heteroscedasticity within RNA Sequencing data. This process involved normalisation of data 

and log transformation of the normalised counts in Voom then estimation of the mean-

variance relationship prior to the assignment of precision weights to each observation using 

the Voom algorithm(326). Median gene expression scores were then calculated from each of 

the DEFINITION and PRECISESADS samples and taken forward for analysis. 

 

Figure 4: Quality control analysis of PRECISESADS RNA-Seq data 

13.8 FLOW CYTOMETRIC VARIABLES 

Within DEFINITION flow cytometric analysis was carried out with the primary aim of 

assessing levels of CD317 (Tetherin) and CD169 (SIGLEC-1) expression in patients with 

ANA-RMDs. These markers have been associated with increased IFN-I and SLE disease 

activity in previous work within this group(327).  

Processing samples was carried out according to the following protocol  
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1. Peripheral blood mononuclear cells (PBMCs) isolated from EDTA by density gradient 

media (Leucosep). 

2. Remaining RBCs lysed with ammonium chloride and washed with Phosphate 

buffered saline (PBS) 

3. 1x106 cells used for flow cytometry, incubated in IgG+ mouse serum blocking buffer 

4. Antibodies added as per manufacturer recommendations  

5. Cells washed a suspended in 400µL buffer and run on CytoFLEX S system. 

Gating strategies identified cell populations as per the following markers: 

Cell population Cell Surface Marker 

NK bright cells CD3- CD56++ 

NK dim cells CD3- CD56 intermediate 

NKT cells CD3+ CD56+ 

T-cells CD3+ 

B-cells CD19+ 

Naïve B cells CD19+ CD27- 

Memory B-cells CD19+ CD27+ 

Plasmablasts CD19+/- CD27+ CD38++ CD3-CD14- 

Monocytes CD14+ 

Non-Classical Monocytes CD14+ CD16+ 

Intermediate Monocytes CD14++ CD16+ 

Classical Monocytes CD14++ CD16-) 

SIGLEC-1 on Classical monocytes CD169 MFI on CD14++CD16- 

Tetherin on memory B cells  CD317 MFI on CD19+ CD27+ cells 

Tetherin on classical monocytes CD317 MFI CD14+ CD16+ 

Table 7: Flow cytometry cell markers 

Mean Fluorescence Intensity (MFI) measurement was used to quantify cell surface 

expression of Tetherin and SIGLEC-1. Cell populations were analysed as a proportion of 

total PBMC count, to account for variations in PBMC populations between ANA-RMDs. 

Tetherin measurements were measured on Memory B cells as per previous work(328).  
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13.9 TRADITIONAL DATA COMPRESSION APPROACHES 

13.9.1 Principal Component Analysis 

Principal component analysis (PCA) is a non-machine learning based dimensionality 

reduction technique whereby principal components are constructed through linear 

manipulations of the initial variables within a dataset(329–331). The resultant principal 

components are orthogonal, and the majority of the variance within the dataset is generally 

accounted for within the first few components(329,331).  

To perform this process data is standardised and a covariance matrix is constructed 

comprising the covariances of all the possible pairs of initial variables. For each pair a 

positive value is associated with positive correlation whereas a negative value is associated 

with an inverse correlation. Eigenvectors and eigenvalues are then derived from this 

covariance matrix and principal components are ranked by their respective eigenvalues. 

Scree plots can be used to determine how many principal components are to be retained 

and what proportion of the total variance is explained by the retained principal components.  

Subsequently the eigenvectors (loadings) can be analysed for each principal component to 

understand which of the original variables contribute maximally to each principal component.  

PCA has been widely utilised in clinical and non-clinical research(330). It is computationally 

cheap, simple and requires no hyperparameter adjustment. However, it has some notable 

limitations, chiefly being that it is unable to perform non-linear transformations so is unable to 

represent complex nonlinear relationships in large datasets with high dimensionality. It is 

also sensitive to outliers and within high dimensionality datasets examination of loadings to 

determine maximal contributors to each principal component can be difficult. 

13.10 AUTOENCODER AND VARIATIONAL AUTOENCODER BASED DATA 

COMPRESSION 

13.10.1 Data preparation  

Prior to construction of a VAE the data is pre-processed by normalisation of values where 

appropriate and split into training and test datasets, typically utilising an 80:20 split. Models 

were trained within the training set with the 20% test set used to evaluate performance of the 

model in data compression and reconstruction. To compare two datasets with different 
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measurements of gene expression data, PRECISESADS data was normalised as described 

in section 13.7.  

13.10.2 Autoencoder Structure 

Simple autoencoder structures are not applied within this thesis but are important to consider 

in the context of their variational counterparts. At its core an autoencoder aims to compress 

a dataset into a low dimensionality space and then reconstruct this as effectively as possible 

as in  

 

 

 

 

 

Figure 5. 

Practically autoencoders are effective in data compression but are less effective at 

generalising to unseen data so have largely been displaced by VAEs(332). 

 

 

 

 

 

 

Figure 5: Basic Autoencoder structure 
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13.10.3 Variational Autoencoder Structure 

To recap the introduction, VAEs augment the classical autoencoder approach by 

compressing data to parameters of a statistical distribution, a mean and variance instead of 

compressing to fixed code layers. These variables are then used to reconstruct each 

element of the distribution back to the original input(332). The process of encoding reduces 

the dataset to a mean and log variance within the latent space, the model then randomly 

samples a point from the latent normal distribution and a decoder which maps this point back 

to the initial representation, as in Figure 6(332).  

Figure 6: Variational autoencoder structure 

13.10.4 Activation function selection  

Neural networks and by extension VAEs consist of multiple layers of neurons beginning with 

an input layer and progressing to an output layer. Each individual node has a weight which is 

applied during data transformation. Activation functions allow the network to select which 

nodes will be activated at a given time. Failure to incorporate this would result in a purely 

linear function akin to a linear regression model(333). Activation functions apply non-linear 

transformations, and many exist within the field. Two of the most common are rectified linear 

unit (ReLU) and LeakyReLU(333).  

The ReLU function is widely used and deactivates the neuron only when the output of the 

linear transformation is zero. ReLU has shown superior performance over the sigmoid and 

other functions and has been widely applied in deep learning(333–336). However, it has a 

key issue termed the “dead neuron problem”. As all negative values in ReLU are set to zero, 

specific neurons can become persistently inactive during model training(333,336). This 

results in persistent zero outputs in response to the weighted sum of inputs to this neuron. 

This causes significant reductions in the gradients of the loss function which can impair 

model learning and arrest the training process.  
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An approach to address this problem is a modification of ReLU termed LeakyReLU which 

incorporates a small nonzero gradient for negative input values through ReLU. This 

approach retains the computational simplicity of ReLU whilst preventing neuron death during 

the training process of the model(333,336). Given the composite datasets of sparsely 

populated binary and continuous variables in this thesis, LeakyReLU was preferred as the 

activation function of choice. 

13.10.5 Optimiser selection 

Within VAE models the optimiser algorithm adjusts the weight of the model in order to 

minimise reconstruction and regularisation loss. Optimisers work using backpropagation as 

described previously to adjust these weights. Through model training this process is iterated 

until a desired loss level is reached, a requisite number of computational cycles (Epochs) is 

completed, or overfitting and other complications occur.  

Within the application of VAEs multiple optimisers are in use, with most implementing a 

variant of stochastic gradient descent(337). Adaptive moment estimation (Adam) is an 

example of a commonly used optimiser in VAE applications due to its rapid convergence and 

adaptive learning rates(338). Adam is particularly effective when applied to large datasets 

with high dimensionality spaces and has been shown to deal effectively with noisy and 

sparse gradients(338,339).  

Adam achieves this efficacy by the combination of introducing an adaptive learning rate for 

each parameter and combining this with momentum methods which aid the optimiser to 

accelerate the learning process by considering previous gradients. Momentum is a method 

which can counteract local minima within a global training curve whereby simple stochastic 

gradient descent would become stuck. This is represented in Figure 7 and is overcome 

through the incorporation of momentum which allows the optimiser to update based on 

current gradient and previous parameter updates(337).  
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Figure 7: Local and global minima. Momentum based methods overcome these by incorporating previous 

gradients to each update and ensuring the optimiser retains inertia, allowing it to train past local minima in 

contrast to methods which rely totally on stochastic gradient descent. 

As mentioned, Adam incorporates momentum and adaptive learning rates making it 

commonly the optimiser of choice for VAEs. As a result, it has been applied extensively to 

multiple tasks within the field of medical machine learning including deep learning based 

asthma attack detection and retinal disease photo classification among others(340,341).  

13.10.6 Loss function selection 

VAEs are trained using two loss functions, reconstruction loss which measures the fidelity of 

the decoded data to the original input and regularisation loss which measures the ability of 

the encoder to generate a regularised latent space which is as close as possible to normal 

distribution(332). 

13.10.6.1 Reconstruction loss functions 

Within VAE construction two common techniques for quantifying reconstruction loss are 

binary crossentropy(BCE) and mean squared error (MSE) calculations. Binary crossentropy 

is commonly utilised in autoencoders with binary outputs and measures the difference 

between the probability distribution of the original dataset and the reconstructed 

dataset(342). In contrast MSE is more appropriate for continuous data and simply measures 

the average of the squared differences between the original and reconstructed 

datasets(343). Given the mixed datasets here comprising binary and continuous covariates 

with a goal to simply compress the data prior to subsequent cluster analysis, MSE was 

preferred over BCE in this application. 
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13.10.6.2 Regularisation loss functions 

In the context of variational autoencoders regularisation loss, commonly Kullback Leibler 

(KL) divergence is used to quantify to what extent the predicted probability distribution from 

the autoencoder differs from the target probability distribution. A KL divergence values of 

zero indicates identical probability distributions. In summary the larger the KL divergence the 

greater the difference between the predicted and target property distributions. 

13.11 CLUSTERING TECHNIQUES 

Clustering techniques aim to divide datasets into classes with similar behaviours and 

features. An effective clustering process yields clusters with high intra-class similarity and 

low inter-class similarity(344). Multiple clustering techniques and their development have 

been discussed within the introduction. This section will focus on those applied within this 

thesis. 

13.11.1 K-means clustering 

K-means clustering is an unsupervised iterative clustering algorithm which partitions 

observations into k clusters where each observation is assigned to the cluster with the 

nearest mean(344–346). The process is as follows: 

1. Selection of k points as centroids 

2. Computation of squared Euclidian distance for each observation from centroids 

3. Assignment of observations to their nearest centroid 

4. Recompute of the centroid of each cluster until the centroids do not change  

K-means clustering attempts to minimise the mean square error (MSE) for each k cluster 

through this process. This approach is termed Expectation-Maximisation (EM) and is 

repeated until model convergence. 

Multiple algorithms exist to perform K-means clustering, within baseR the default is currently 

the method described by Hartigan and Wong(347,348). A key weakness of K-means 

clustering is its inability to define non-circular (Or hyperspherical) clusters. Moreover K-

means has no facility for dealing with uncertainty when one datapoint is close to multiple 

centroids and is affected by the algorithm’s initial guess of centroids(349). 

13.11.2 Partitioning Around Medoids (PAM) 

Partitioning around medoids is another clustering algorithm that differs from K-means in that 

it selects an actual data point within each cluster as the cluster centre rather than simply a 

defined point.  PAM maps a distance matrix into a specified k. The algorithm acts to 
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minimise the average dissimilarity of objects to their closest selected object by identifying 

these centrally located medoids within each cluster(350).  

PAM has several advantages over K-means, it is considered less sensitive to outliers as it 

can utilise non-Euclidian distance matrices which reduce their influence(350). It is however 

more computationally expensive in larger datasets as it evaluates every single data point as 

a potential medoid when iterating. Therefore, it must compute distances between every 

single data point and every single medoid within a dataset. This can limit its utility in large 

datasets(350).  

13.11.3 Gaussian mixture modelling (GMM) 

Gaussian Mixture Modelling (GMM) is a probabilistic unsupervised clustering technique. The 

key assumption being that a dataset in totality can be divided into multiple Gaussian 

distributions, each representing a distinct group of observations(349,351). This approach 

allows for the generation of ellipsoidal clusters modelled in a Gaussian distribution.  

GMM employs Expectation-Maximisation to estimate the means, covariances (Σk ) and 

mixing coefficients.  This is calculated in a 2-step fashion: 

Expectation (E) step:  

The model calculates the posterior probabilities (Responsibilities) that each observation 

belongs to a specific Gaussian distribution. 

Maximisation (M) step: Using the calculated responsibilities as weights for each 

observation, the means, covariances and mixing coefficients are updated to maximise the 

expected log-likelihood of the data 

These processes are repeated in an iterative manner until model convergence. Chief 

advantages of GMM over K-means are the ability to define ellipsoid clusters, and 

probabilistic assignment. These come with the caveat of greater computational cost and 

complexity relative to K-means 

13.11.4 Spectral and hierarchical clustering  

Spectral clustering and hierarchical clustering are only briefly applied in this thesis using the 

M3C R package and do not feature in the results output(352). Therefore, these are not 

covered in depth within this section but have been discussed within the introduction. 
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13.11.5 Comparison of clustering efficacy  

In contrast to hierarchical techniques K-means clustering necessitates a priori determination 

of cluster number (k).  Multiple methods exist to estimate this including Silhouette analysis, 

Monti consensus clustering, Proportion of Ambiguous Clustering (PAC) score calculation 

and the application of the M3C algorithm to generate a Relative Cluster Stability Index 

(RCSI).   

13.11.5.1 Silhouette analysis 

Silhouette analysis and Average Silhouette Width (ASW) are a commonly used cluster 

validation index to aid determination of the optimum k value for a dataset. They were initially 

developed by Rousseauw in 1987(353) . Silhouette analysis is a used to help determine the 

optimal k value for unsupervised clustering techniques. It provides quantitative assessment 

of how effectively assigned a datapoint is to its designated cluster(354). This metric ranges 

from -1 to +1 where +1 represents perfect integration of that data point to the assigned 

cluster and -1 suggests the observation should be assigned to a neighbouring cluster. This is 

termed the Silhouette coefficient and is calculated as follows:  

𝑺(𝒊) = 𝒃(𝒊) − 𝒂(𝒊)/(𝒎𝒂𝒙{𝒂(𝒊), 𝒃(𝒊)}) 

Where: 

• S(i) is the silhouette coefficient for the data point i 

• a(i) is the inter-cluster distance. 

• b(i) is the inter-cluster distance(354). 

The averages silhouette coefficient for different k values can be compared alongside 

heuristic/clinical evaluation of cluster significance to help determine the optimum k value. 

Weaknesses of the silhouette score method are its sensitivity to cluster outliers which can 

drastically affect the average silhouette score. It can also struggle with high dimensionality 

datasets as distances between datapoints become more uniform. Finally, irregularly shaped 

non-convex clusters may lead to poor silhouette scores even in well-defined clusters(355).   

13.11.5.2 Monti consensus clustering 

Monti consensus clustering was developed in 2003 and presents a resampling based 

method of k determination(356). Consensus clustering is a resampling technique that 

repeatedly performs clustering on different subsets of the dataset using different initialisation 

parameters to produce a consensus matrix summarising the co-occurrence of observations 

within different structures across all the relevant iterations(357). This technique was 
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pioneered in microarray gene expression data and has seen extensive use within gene 

expression analyses.  

Weaknesses of the Monti consensus clustering was its difficulty in dividing unimodal data 

into stable k clusters and in datasets with a known k value it was shown to be poor at 

identifying the true data structure by Șenbabaoğlu et al(252) . 

13.11.5.3 Proportion of Ambiguous Clustering (PAC) score 

The Proportion of Ambiguous Clustering (PAC) score was developed by Șenbabaoğlu et al 

to address limitations within the Monti consensus clustering approach(252). PAC scores 

progress consensus clustering further by quantifying the proportion of observations within a 

dataset that are ambiguously clustered, defined as observations that appear in different 

clusters in different iterations. This allows for further assessment of cluster durability in 

addition to consensus clustering approach and silhouette analysis. 

Although PAC scoring represents an improvement over pure consensus clustering, 

limitations remain. PAC scores do not consider null reference distributions and do not test 

the null hypothesis k=1(352). Additionally, there is no formal hypothesis testing incorporated 

into consensus clustering and PAC scoring(352). Moreover, when using the PAC metric 

there is a tendency toward overfitting and high k values 

13.11.5.4 Monte Carlo Reference-Based Clustering (M3C) and the Relative Cluster 

Stability Index (RCSI) 

Monte Carlo reference-based consensus clustering (M3C) was developed to address some 

of the limitations associated with consensus clustering and PAC score utilisation(352). M3C 

calculates null distributions of PAC scores for each k through Monte Carlo based simulation 

of k=1 null datasets. This permits formalised testing of the null hypothesis that the PAC 

score comes from a single Gaussian cluster against the alternative hypothesis that the PAC 

score does not come from a single Gaussian cluster(352). If no p values are significant, we 

accept the null hypothesis, whereas if p values are significant the null hypothesis can be 

rejected and the alternate hypothesis accepted.  

Further advantages of M3C over PAC and consensus clustering are its resistance to noisy 

datasets and incorporation of Monte Carlo simulations to add additional statistical 

robustness to the process. In their original publication the authors were able to apply M3C to 

both simulated and real gene expression datasets from the Cancer Genome Analysis set, 

demonstrating superior performance to both PAC and Monti consensus clustering 

approaches(352,358). 



 

Page 92 of 265 

 
 

Having determined a suitable k value, the Relative Cluster Stability Index (RCSI) can be 

calculated using the M3C package to assess the robustness of these clusters to 

perturbations in the dataset.  These include the addition of noise, resampling and feature 

adjustment. A higher RCSI value represents a more durable clustering structure to these 

perturbations(352) 

13.1 CAUSAL INFERENCE APPROACHES TO PREDICTIVE MODELLING 

Though not a primary focus of this thesis, formalised causal inference approaches to 

questions of predictive modelling are important to consider when assessing the potential 

prognostic utility of gene expression scores in Results 4. Within this section Directed Acyclic 

Graph (DAG) analysis was carried out using the Dagitty package in R (359). DAGs are 

casual diagrams that allow researchers to document their knowledge and assumptions about 

a causal pathway. This allows for identification of the estimand (causal effect of interest) and 

construction of the correct estimator (Model or approach that estimates the estimand)(360–

362). 

DAGs are able to depict graphically causal relationships between variables (nodes). They 

allow the identification of potential sources of bias within a causal pathway such as collider 

bias (When models condition on a node with two parent variables) and confounding bias 

(Where a node has a causal effect on both the exposure and outcome). DAG construction 

allows for identification of mediators that sit between an exposure and outcome in a causal 

pathway. This allows for subsequent mediation analysis where the effect of an exposure on 

an outcome can be decomposed into the direct effect and the indirect effect via the mediator. 

Many packages exist to perform this calculation including MMA and mediation in R(363,364). 

The use of DAGs opens our a priori assumptions to intellectual scrutiny as well as avoiding 

multicollinearity in predictive models. Within this thesis DAG analysis is applied during the 

construction of predictive modelling based around gene expression scores to limit these 

effects on the output. 

13.2 LINEAR MIXED EFFECTS MODELLING 

Linear mixed effects models are employed within Results 4 to investigate associations 

between causal inference informed covariates and gene expression scores in ANA-RMDs. 

Mixed effects modelling can account for variability within identified covariates (Fixed effects) 

as well as variability between individual cases, such as between individual patients in 

longitudinal follow up studies such as DEFINITION Cohort C (Random effects). Fixed effects 
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should be conserved across experiments as they are fixed at a population level(365). 

Additionally residual variance, i.e. the variance not sufficiently explained by the random and 

fixed effects can be estimated(365). Mixed effects modelling is adept at handling missing 

data in comparison with other methods such as ANOVA which employ listwise deletion of 

NA values. Moreover, continuous and categorical covariates and outcomes can be handled 

effectively within mixed effects models(365). Estimation of variance components in mixed 

effects models can be aided by calculation of Akaike or Bayesian Information Criteria (AIC 

and BIC). However, with longitudinal data the restricted maximum likelihood ratio (REML) is 

frequently preferred(366). 

13.3 MULTIVARIABLE LOGISTIC REGRESSION MODELLING 

Basic multivariable modelling was utilised in Results 4 alongside the causal inference 

informed approaches previously discussed.  Multivariable linear regression modelling is able 

to assess the impact of multiple independent variables on a dependent variable. Dependent 

variables can be continuous (Linear regression) or binary (Logistic regression). Multivariable 

analysis is extensively utilised within observational research, but several key considerations 

can significantly impact the interpretability and robustness of outputs from multivariable 

logistic regression models(367). Covariate selection is dependent on both overall sample 

size and outcome event frequency. Multicollinearity and the presence of unobserved 

potential confounders must also be considered along with the potential for overfitting which 

can limit the generalisability of model outputs.  

13.4 DATA MANIPULATION 

13.4.1 Imputation of missing variables 

Data missingness presents an issue for the implementation of traditional clustering 

techniques such as K-means clustering. Compression with VAEs can help to deal with data 

missingness however uncompressed data, or datasets with high levels of missingness may 

require a degree of imputation. Within this work we utilised multiple imputation with chained 

equations (MICE). This technique involves a multiple stage process outlined below(368):  

1. Initial imputation of missing variables with mean, median or random variables 

2. Imputed variables are removed sequentially with models created using the other 

complete samples. 

3. Missingness is imputed into each variable in turn using the created model and the 

remaining variables  This is repeated until the process is completed.  
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4. The new completed data is subtracted from the initial imputed variables to create a 

difference matrix which forms the basis of the next iteration  

5. Sequential iterations are carried out until the initial dataset and completed datasets 

reach a pre-specified difference threshold. 

Within R this process can be completed using the MICE package, which was utilised within 

this thesis(369). 

13.5 DIFFICULTIES ASSOCIATED WITH DATA ANALYSIS  

13.5.1 Free text fields 

Analysis of the DEFINITION database free text fields is problematic with multiple terms used 

for single disease manifestations; For example, arthritis, synovitis, MCP inflammation etc 

being used to denote inflammatory arthritis.  This was managed with the use of text parsing 

functions in R which collated these terms into single fields for analysis. Time-consuming 

manual review of the free text fields was required to define some features within 

DEFINITION, though not for the PRECISESADS cohort. As a result, fields such as the 

presence of arthritis were collated from any mention of it within the free text fields or any 

presence of arthritis specific items within the disease activity or classification fields. 

13.5.2 Comparative analysis of ΔCT and RNA-Seq gene expression data 

Comparative analysis of the PRECISESADS and DEFINITION cohorts required 

normalisation of the RNA-Seq data for comparison with reflected ΔCT values from 

DEFINITION. To overcome this, we utilised normalisation techniques from the Bioconductor 

resource in R (Limma-Voom, DNASeq2- VST and edgeR- counts per million (CPM)). Voom 

proved to be the most effective package, and this data was taken forward for analysis. 

13.5.3 Comparative analysis of parallel datasets 

There was considerable scope for difficulty in analysing two parallel cohorts based in 

different academic centres. Prior to the commencement of this thesis, we were able to 

compare and contrast CRFs from both datasets and identify variables to be taken forward for 

model construction and subsequent analysis. Consequently, there were no significant issues 

in this regard within the project. 

13.5.4 COVID-19 restrictions and the impact on recruitment to DEFINITION 

Covid-19 restrictions took place during the second half of recruitment to DEFINITION. During 

this period, no patients attended hospital for research at all. DEFINITION was embedded in 

routine clinical practice, so if patients had to attend hospital for routine care, then data may 
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have been collected. However, in these instances some procedures could not be completed, 

and no fresh flow cytometry was performed. We were able to reschedule some visits outside 

the period of COVID-19 restrictions, and to perform partial data collection for other visits. 

Impact of these changes was reported as an overall summary rather than individual protocol 

deviations in line with local guidelines in place during the pandemic. 

13.5.5 Data stewardship  

Study data conformed to General Data Protection Regulation (GDPR) guidelines and was 

under the oversight of data protection officers both within the university of Leeds and the 

Centre for Genomics and Oncology Research (GENYO). Formalised agreements were 

drafted with GENYO prior to data sharing. PRECISESADS and DEFINITION data was 

anonymised and shared via secure methods. Data is stored in R files and CSV files on 

secure university servers in an anonymised format. PRECISESADS contains approximately 

2500 samples and extensive genomic data with a file size of 11GB. DEFINITION comprises 

a far smaller dataset of 294 patients. The PRECISESADS group at GENYO and the 

University of Granada retain access to the PRECISESADS dataset. This is overseen by Dr 

Guillermo Barturen and Professor Alarcon. The DEFINITION data is stored on University of 

Leeds servers and is overseen by Professor Edward Vital. 

Data collection for both studies utilised case report forms  reviewed and approved by local 

ethics and data stewardship committees. Electronic data was stored on secure servers and 

managed with pseudo anonymisation techniques to reduce the risk of participant 

identification.  Informed consent and ethical review as discussed earlier in this section were 

implemented in both cohorts.  
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14 RESULTS 1: PRELIMINARY PURE FLOW CYTOMETRY 

BASED RECLASSIFICATION OF ANA-RMDS USING 

ESTABLISHED CLUSTERING TECHNIQUES 

14.1 INTRODUCTION 

The heterogeneity within the connective tissue disease patient cohort is not adequately 

reflected by current diagnostic labels(139,154). Identification of similar patient phenotypes 

across diagnostic groups may permit further investigation and basket therapeutic trials. The 

DEFINITION cohort contains extensive data on multiple different connective tissue diseases 

suitable for this approach. 

Flow cytometry analysis of autoimmune rheumatic disease is an established technique(370). 

Within single disease cohorts it has been used extensively and previous work in Leeds has 

demonstrated the value of plasmablast enumeration as a biomarker, especially after B cell 

depletion and has also identified B-cell tetherin, a lipid raft protein as a marker of IFN-I 

expression in SLE patients(327). The advantage of tetherin over IFN-I gene expression 

scores is the ability to quantify IFN-I response on individual cells or cell populations. This is 

particularly important for B cells since B cell response to IFN-I is a critical pathway of SLE 

pathogenesis, but whole blood IFN-I biomarkers are dominated by monocyte ISG 

expression. Memory B cell tetherin was shown to correlate better with clinical features, as 

well as plasmablast repopulation after rituximab, as compared with monocyte tetherin or 

overall blood ISG expression. The IFN-I blocking medication Anifrolumab has demonstrated 

positive trial results in SLE and is in trials in SSc. However, given IFN-I pathway activation 

appears to be a conserved mechanism across ANA-RMDs it may be beneficial to 

characterise B-cell tetherin expression across ANA-RMDs and incorporate this within flow 

cytometric analysis when aiming to reclassify ANA-RMDs. Within the single disease 

paradigm of SLE lymphocyte subset analysis using flow cytometry on 143 patients and 

hierarchical clustering was able to identify 4 clusters with differential disease activity(371). 

However, to date there has been limited application of these techniques to multi-disease 

cohorts. Characterisation of the B-cell populations of these patients may be particularly 

useful given the availability of targeted therapies such as Belimumab, Rituximab and 

Obinutuzumab. 
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Traditional approaches to disease reclassification within rheumatology have centred on 

single modality clustering using single data types such as flow cytometric or gene expression 

data. Moreover, approaches utilised within these analyses have generally been simple 

approaches such as K means, hierarchical or partitioning around medoids based 

approaches. The core aim of this thesis is the multimodal reclassification approach 

presented in Results Chapter 3. However, given the importance of IFN-I pathway activation 

in reclassification, and the availability of flow cytometry data, I first performed a more limited 

analysis on these data. 

Therefore, as part of introductory work in this thesis and to achieve basic literacy with R and 

basic clustering, I set out to apply similar approaches to a subset of the DEFINITION cohort 

and assess whether these approaches were able to define satisfactory clusters in isolation. 

14.2 OBJECTIVES 

To achieve familiarity with data manipulation and preliminary clustering analysis in R, and to 

perform a focused analysis on flow cytometric biomarkers, by applying PAM clustering to 

flow cytometry data from a mixed cohort of connective tissue disease patients. 

14.3 METHODS 

142 patients with extant flow cytometry data available were selected from the DEFINITION 

cohort and taken forward for analysis as part of this focused preliminary study. 

Highly sensitive flow cytometry was used to identify PBMC subsets (described in detail 

below). ANA and ENA titres were assessed via the Bioplex assay. Demographic and clinical 

data was obtained from the DEFINITION cohort. Clustering utilised flow cytometry data and 

the partitioning around the medoid package in R.  The flow cytometry panel was designed to 

enumerate major circulating cell subsets using conventional definitions. SIGLEC-1 (on 

monocytes) and Tetherin (on all subsets) were also included as cell surface markers of IFN-I 

pathway activation. Output clusters were retrospectively compared to their legacy diagnoses 

and serology. 

Statistical analysis was carried out in R, categorical variables using a chi square test and 

continuous variables using ANOVA using base statistics packages.  

Clustering analysis was carried out using a partitioning around medoids approach on the cell 

types in Table 8, expressed as percentages of total peripheral blood mononuclear cells 
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(PBMCs) as well as the MFI of SIGLEC-1 and Tetherin. This analysis was carried out using 

the cluster (v2.16) package in R(372) 

14.3.1 Flow cytometry 

In order to effectively isolate NK, T and B-cell subsets from peripheral blood mononuclear 

cells (PBMCs) a multiple gating strategy was employed as per previous work in the Vital 

group. This gating strategy is for NK, T and B-cell subsets is summarised as follows: 

• PBMCs were gated by size forward scatter and side scatter with doublet cells 

eliminated. 

• CD3 and CD56 were gated from single PBMCs 

• CD19 positive cells were gated from single PBMCs, which were used to gate CD27 

negative naïve and CD27 positive memory B cells  

• Plasmablasts were gated as CD19 intermediate / high, CD27 positive, CD38 bright 

mononuclear cells with exclusion markers for CD3 and CD14 as well as the CD19+ 

naïve and memory B cells. 

Isolation of monocyte subsets was as follows: 

• Monocytes were gated by size forward scatter and side scatter with elimination of 

doublet cells. 

• Monocyte single cells gated  

• CD14 positive monocytes gated  

• Non-classical monocytes gated (CD14+ CD16+) 

• Classical monocytes gated (CD14++ CD16-) 

• Intermediate monocytes gated (CD14++ CD16+) 

Conventional methods were used for the definition of CD3+ T cells, NK cells, and NKT cells. 

SIGLEC-1 expression was quantified as mean fluorescence intensity (MFI) on total 

monocytes. Tetherin expression was quantified as MFI on each cell subset described below. 

In keeping with previous work, Tetherin on memory B cells and classical monocytes were 

included in the analysis. 

This flow cytometric gating and analysis was carried out by Ms Zoe Wigston prior to the start 

of this doctorate. The cell subsets utilised for this clustering are summarised in Table 8.
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Cell population Cell Surface Marker 

NK bright cells CD3- CD56++ 

NK dim cells CD3- CD56 intermediate 

NKT cells CD3+ CD56+ 

T-cells CD3+ 

B-cells CD19+ 

Naïve B cells CD19+ CD27- 

Memory B-cells CD19+ CD27+ 

Plasmablasts CD19+/- CD27+ CD38++ CD3-CD14- 

Monocytes CD14+ 

Non Classical Monocytes CD14+ CD16+ 

Intermediate Monocytes CD14++ CD16+ 

Classical Monocytes CD14++ CD16-) 

SIGLEC-1 on Classical monocytes CD169 MFI on CD14++CD16- 

Tetherin on memory B cells  CD317 MFI on CD19+ CD27+ cells 

Tetherin on classical monocytes CD317 MFI CD14+ CD16+ 

Table 8: Cell subsets used in PAM clustering
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14.4 RESULTS 

Within 142 patients with extant flow cytometry data within DEFINITION, 3 clusters were 

identified with memberships of 45, 49 and 48 patients respectively. An elbow plot is shown in 

Figure 8. A k value of 3 was chosen as a compromise between generating clusters with 

sufficient membership to be clinically useful and effectively subdividing the small sample 

size. 

 

 

 

Figure 8: Elbow plot of Total Within Cluster Dissimilarity vs (k) clusters 
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These clusters are visualised using t-SNE in Figure 9. These are reasonably separated but 

with significant overlap. 

 

Figure 9: t-SNE plot of flow cytometry derived clusters 

 Cluster 1 (UCTD / T cell dominant) was characterised by a higher proportion of UCTD 

patients (27%) and larger percentages of CD3 positive T cells and NK bright cells.  

Cluster 2 (SSc dominant / Tetherin deplete) was characterised by a higher population of 

systemic sclerosis patients (10%) and a lower proportion of SLE patients (20%). High 

percentages of classical and non-classical monocytes were demonstrated alongside low 

plasmablast percentages and low SIGLEC-1 / memory B cell and monocyte Tetherin 

expression.  

Cluster 3 (SLE / pSS, Ro / Tetherin dominant) included a higher proportion of SLE and 

primary Sjogren’s syndrome patients (52% and 19%). This cluster showed larger 

plasmablast percentages and higher SIGLEC-1 / Tetherin expression. Serologically this 

cluster had higher levels of Ro60, Ro52, Sm-RNP and La positivity. 

Statistical analysis revealed significant differences in Ro60 (p<0.01), Ro52 (p < 0.05), La 

(p<0.01), and Sm (p<0.05) antibody positivity between the 3 clusters. Statistically significant 

differences in CD19+ CD27+ memory B cell and CD14+ CD16- classical monocyte SIGLEC 

expression were also observed (both p < 0.05). A significant difference in SLE distribution 

was noted between the clusters (p < 0.01). 
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Diagnosis 
Total 

(n=142) 

Cluster 1 

(n=45) 

n/N (%) 

Cluster 2 

(n=49) 

n/N (%) 

Cluster 3 

(n=48) 

n/N (%) 

P value 

SLE 57 22/45 (49)) 10/49 (20) 25/48 (52) <0.01 

UCTD 25 12/45 (27) 8/49 (16) 5/48 (10) 0.06 

Sjogren’s 15 2 /45 (4)  4/49  (8) 9/48 (19) 0.06 

Systemic sclerosis 7 0 /45 (0) 5/49 (10) 2/48 (4) 0.07 

MCTD 9 2/45 (4) 4/49  (8) 3/48 (6) 0.76 

Myositis 8 3/45 (7) 3/49  (6) 2/48 (4) 0.86 

Antibody positivity 

     
dsDNA 43 16/45 (36) 11/49   (22) 16/48 (33) 0.33 

Ro60 45 12/45 (27) 7/49   (14) 26/48 (54) <0.01 

Ro52 36 10/45 (22) 7/49   (14) 19/48 (40) 0.01 

La 18 2/45 (4) 2 /49  (4) 14/48 (29) <0.01 

Sm 14 1/45 (2) 4/49   (8) 9/48 (19) 0.02 

Sm_RNP 23 7/45 (16) 5/49   (10) 11/48 (23) 0.23 

RNP 14 3/45 (7) 5/49   (10) 6/48 (13) 0.64 

SCL-70 1 0/45 (0) 0/49   (0) 1/48 (2) 0.37 

Jo-1 4 1/45 (2) 2/49   (4) 1/48 (2) 0.80 

Centromere 5 1/45 (2) 4/49   (8) 0/48 (0) 0.08 

Chromatin 29 10/45 (22) 8/49   (16) 11/48 (23) 0.68 

Ribosomal P 4 1/45 (2) 1/49   (2) 2/48 (4) 0.78 

Table 9: Key legacy diagnoses and ENA positivity for the flow cytometry identified clusters  
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14.5 DISCUSSION 

The chief aims of this work were (i) to rapidly develop skills in basic data manipulation and 

clustering within R using a subsection of the DEFNITION cohort and (ii) to perform a 

focussed analysis on the flow cytometry data available prior to the more complex analysis in 

Results Chapters 2 and 3.  This preliminary study identified 3 flow cytometry clusters from 

the DEFINITION cohort. There was overlap between these clusters, indicating flow 

cytometry and PAM alone are not sufficient to fully characterise patients. The numbers of 

patients were also relatively limited for this method. Larger sample sizes would be required 

to analyse these clusters in more detail. 

Cluster 1 contained many UCTD patients. These patients are known to often have borderline 

evidence of clinically significant inflammation. The “high” percentage of T and NK cell 

numbers in this cluster may therefore actually indicate relatively normal flow cytometry, since 

these cell populations are known to be low in SLE. These patients had high proportions of 

dsDNA and intermediate Ro and La positivity.  

Within Cluster 2 the high proportion of systemic  sclerosis patients and  classical 

/nonclassical monocyte population was in keeping with known characteristics of these 

patients(373). Not all systemic sclerosis patients were segregated into this class. In the 

literature non-classical monocytes have been associated with an aberrant IFN-I in this 

patient cohort(374). This may suggest that there are both IFN-I driven and IFN-I independent 

disease processes driving pathology within systemic sclerosis patients. Generally, ENA 

positivity was proportionally less than the other clusters, with the notable exception of anti-

centromere positivity. 

Finally, Cluster 3 demonstrated higher memory B cell populations which along with 

plasmablasts have been associated with higher disease activity in SLE patients(375). This 

was mirrored by the high levels of Sm, SmRNP and RNP positivity which have been 

associated with high disease activity in SLE patients(376). 

Importantly the flow cytometric analysis carried out as part of this analysis is generally only 

available in tertiary centres and would not be readily accessible in peripheral or resource 

poor environments. Therefore, classifications based around this approach will invariably 

have limited global utility. Moreover, this small-scale approach was insufficient to identify any 

meaningful clusters for further analysis and occurred prior to the processing and data-

cleaning of the clinical variables which would have provided much needed clinical context to 
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the outputs. However, it succeeds in the sense that it provided a working approach and 

skillset which can be refined later within this doctorate. Moreover, it demonstrated multiple 

shortcomings associated with reductive approaches such as this and the additional utility of  

more complex approaches when approaching the central problem of reclassification across 

ANA-RMDs
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15 RESULTS 2: UNSUPERVISED MACHINE LEARNING BASED 

RECLASSIFICATION OF ANA-RMDS. DEFINING ANA-

ARTHRITIS, A CLINICAL AND BIOMARKER DEFINED 

POPULATION SUITABLE FOR CLINICAL TRIALS. 

15.1 INTRODUCTION 

ANA-associated RMDs (ANA-RMDs) are a spectrum of overlapping diseases characterized 

by autoreactivity to nuclear antigens encompassing systemic lupus erythematosus (SLE), 

primary Sjogren’s Syndrome (pSS), idiopathic inflammatory myopathies (IIM) and systemic 

sclerosis (SSc). Many patients have overlap syndromes, meeting classification criteria for 

multiple diseases, or undifferentiated forms of ANA-RMDs (UCTD) that are not easily 

classified(183,185,377). Despite distinct clinicopathological manifestations, such as specific 

antibodies, or skin fibrosis in SSc versus exocrine gland inflammation in pSS, ANA-RMDs 

also share features such as arthritis and immunopathogenic signatures(378). 

Despite these shared features, treatment inequity exists between SLE and other ANA-

RMDs. In SLE patients with arthritis, two targeted therapies are licensed while there are 

none for pSS patients with arthritis(379,380). Additionally, UCTD patients lack evidence-

based treatment strategies and are ineligible for clinical trials. In single diseases such as 

SLE, diverse clinical and immunological presentations, such as cutaneous and 

musculoskeletal symptoms, pose challenges in defining trial populations, measuring 

outcomes, and assessing treatment effectiveness(381,382). Heterogeneity within SLE may 

partially explain how, despite encouraging clinical responses for certain disease 

manifestations, several studies failed to meet multisystem primary endpoints leading to 

programme discontinuation(379).  

Reclassifying ANA-RMD patients into alternative “baskets” may address these issues, as 

exemplified by approaches to autoimmune disease-associated interstitial lung disease(271). 

Baskets may be defined as groups of patients from different legacy diagnoses into a new 

grouping that is suitable for a similar therapeutic intervention. Baskets may be based on 

shared pathogenic mechanisms (e.g. B-cells or Type-I interferon pathway activation) or a 

shared clinical problem, e.g. arthritis. Conducting clinical trials in a well-defined basket 

cohort could address unmet clinical needs and yield evidence-based interventions for 
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patients across a wider spectrum of diagnoses. Furthermore, basket population trials may 

bolster effect sizes by utilizing more homogeneous study populations than existing trials, 

which cover multiple organ manifestations, biomarker subgroups, and background 

therapeutics. ANA-RMD arthritis may be a suitable basket for this strategy as it is common 

and significantly impacts quality-of-life, functional disability, work impairment, and health-

economic outcomes(111,383).  

The study objectives were: (i) to evaluate the prevalence of “ANA-arthritis”, defined as 

synovitis, tenosynovitis, enthesitis or other articular/periarticular inflammation in patients with  

ANA-RMD, in a multi-disease study; (ii) to test the hypothesis that ANA-arthritis is associated 

with a similar clinical impact across legacy diagnoses; (iii) to define new basket groupings of 

patients across the ANA-RMD spectrum for clinical trials; (iv) to evaluate immunological 

profile, and therefore suitability for therapies, of legacy diagnoses and new therapeutic 

baskets.
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15.2 METHODS 

15.2.1 The DEFINITION cohort  

Patient recruitment, variables collected and use in statistical analyses are summarized in 

Figure 10. 

 

Figure 10: Study schematic 

DEFINITION is a prospective, multi-disease ANA-RMD cohort study in Leeds, United 

Kingdom since May 2017. The primary aims were to better define the role of IFN-I and other 

biomarkers in ANA-RMD and refine the use of IFN-I targeted, conventional and other 

therapies. This analysis focused on patients with a history of inflammatory arthritis or 

currently active disease. Patients were identified through ultrasound documented synovitis at 

enrolment, the presence of inflammatory arthritis items on validated instruments (BILAG-

2004 A-C articular/tendinopathy domains or ESSDAI), or any of the following terms in their 

medical documentation: arthropathy; arthritis; arthralgia; synovitis; tenosynovitis; joint 

tenderness; epicondylitis; polyarthralgia. All individuals provided informed written consent, 

and this research was carried out in compliance with the Declaration of Helsinki. This study 
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was approved by the National Health Service Health Research Authority (REC Ref: 

17/YH/0166). Healthy control participants’ peripheral blood was collected under the study 

number 04/Q1206/107. All experiments were performed in accordance with relevant 

guidelines and regulations. University of Leeds was contracted with administrative 

sponsorship. 

15.2.2 Demographics and comorbidity 

We collected baseline age, gender, patient-identified ancestry, smoking status, index of 

multiple deprivation (IMD)(384), Charlson Comorbidity index (CCI)(385), clinical features of 

fibromyalgia, hypermobility and osteoarthritis. Diagnoses were recorded according to 

consultant physician review. This was preferred over diagnostic criteria which are absent in 

UCTD and often unfulfilled in pSS without tissue biopsy.  

15.2.3 Laboratory measures 

Full blood count, complement C3 and C4 levels and ANA subtypes, including anti-double-

stranded DNA, Ro-52, Ro-60, La, Sm, SM/RNP, RNP, Scl-70, Jo-1, Centromere, Chromatin 

and Ribosomal-P antibodies (Bioplex multiplex analyser) were measured in a routine 

diagnostic laboratory. PBMC subsets were analysed using 8-colour flow cytometry as a 

proportion of total PBMC count (T-cells (CD3+CD56-), NK-cells (CD56+), NKT-cells 

(CD3+CD56+), Memory B-cells (CD19+CD27+, Plasmablasts (CD19+/-CD27+CD38++), 

classical monocytes (CD14++CD16-) intermediate monocytes (CD14++CD16+)and non-

classical monocytes (CD14+CD16+)). Tetherin (CD317) mean fluorescence intensity was 

quantified on each cell subset, with memory B-cell level as the primary biomarker(168). 

Two validated interferon-stimulated gene expression scores (IFN Score-A and IFN Score-B) 

were analysed. PBMC were separated using density gradient method (Lymphoprep; Alere-

Technologies, Norway) from EDTA-anticoagulated blood. Total RNA purification kit (Norgen-

Biotek, Canada) was used followed by quantitative real-time reverse transcriptase-PCR 

(qRT-PCR) using TaqMan assays (Applied Biosystems, Invitrogen) for the selected 30 ISGs 

as previously described(386,387). Scores for genes annotated to plasmablast, myeloid 

lineage, inflammation and erythropoiesis function were included from previously described 

modules based on their known molecular function(388). We used untransformed dCT gene 

expression scores to preserve a normal distribution. For untransformed values in the figures 

and tables, numerically lower dCT values represent higher gene expression. 

15.2.4 Clinical assessment 

Disease activity was assessed at baseline using validated instruments applied to all 

diagnostic groups: EULAR Sjögren's syndrome disease activity index (ESSDAI); British Isles 
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Lupus Assessment Group (BILAG) 2004 index; SLEDAI-2K. Rodnan skin score and MITAX 

were collected but not analysed due to limited relevance to clinical features and patient 

numbers . Physician global assessment (PGA) was also assessed. The validity of the 

articular component of the BILAG-MSK domain (excluding myositis) across non-SLE 

diagnoses was explored using association with PGA.  

15.2.5 Patient-reported outcomes 

Patient-reported disease impact was assessed using the following: 36-item Short Form 

Survey (SF36) – Composite and domain scores; Functional Assessment of Chronic Illness 

Therapy – Fatigue (FACIT-Fatigue); EuroQol-5 Dimension 5-level Score (EQ5D-5L) – Index 

and domain scores; ICECAP-A; Patient-reported visual analogue scales (VAS); Arthritis-

VAS; Pain-VAS; Global-VAS; Fatigue-VAS; Global health-VAS and Early Morning Stiffness-

VAS. 

15.2.6 Machine learning  

Model covariates were selected based on background evidence (MSK-BILAG 

Sm/SmRNP/RNP antibody status) and principle component analysis (PCA). PCA of 40 

covariates, including Age, IMD-rank, prednisolone dosage, 15 ENA values, PGA, numeric 

MSK-BILAG, 8 gene-expression scores, 6 flow cytometry subsets, and 6 non-inflammatory 

features, identified 7 covariates for GMM. The primary variance was explained by IMD-rank, 

prednisolone dosage, numeric MSK-BILAG score, lymphocyte count, chromatin antibody 

positivity, Ro52/Ro60 antibody positivity, and Sm/SmRNP/RNP antibody positivity. Selected 

values explained >99.99% of data variance in the first 3 principal components within the 7-

covariate model through singular value decomposition. 

Multiple imputation with chained equations (MICE) was utilized to address missingness, with 

3.75% (n=8) of the IMD-rank data and 8.92% (n=19) of the lymphocyte count values being 

imputed. Hierarchical clustering, k-means clustering, and Gaussian Mixture Model (GMM) 

were trialled using the hclust and base-R packages. 

15.2.7 Statistical analysis 

Statistical analysis and data visualisation utilised the heatmap, corrplot, ggplot and tableone 

packages in R version 4.1.2. Multiple group comparison employed Kruskal-Wallis testing, 

while twin group comparisons of categorical and continuous variables utilized Chi-square 

and T-tests, respectively.  For correlation analyses, Spearman’s rank correlation coefficient 

was used, considering correlations ≥0.3 or ≥-0.3 as substantive. Bonferroni correction was 

applied to compensate for multiple-hypothesis testing. Principle component analysis and 

Gaussian mixture modelling utilised the Mclust v6.0.0 packages. Data imputation used the 

MICE v3.15.0 package. Sankey plots were generated using SankeyMatic(389). 
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15.2.8 Patient and public involvement (PPI) 

The NIHR Leeds Biomedical Research Centre PPI group have regular insight and input into 

planning and conduct of local ANA-RMD research. A workshop when designing the study 

identified arthritis as a key problem of interest 
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15.3 RESULTS 

15.3.1 Prevalence of inflammatory joint and tendon disease in ANA-RMDs.  

Of 294 patients with ANA-RMDs recruited to DEFINITION, 213 with inflammatory articular 

features were included. Key baseline features are detailed in Table 10: Baseline 

characteristics of DEFINITION cohort 

 The SSc and pSS groups had a higher median age and were more comorbid than other 

ANA-RMDs with a higher baseline CCI  (p=0.021 and 0.033 respectively). SLE and myositis 

groups had higher proportions on long-term prednisolone therapy. MSK inflammation was 

common, and most prevalent in SLE and MCTD patients (87% and 77% respectively). 

No significant differences were observed in physician-defined fibromyalgia features among 

diagnostic groups.  No significant differences were found in the prevalence of nodular 

osteoarthritis (on clinical examination), x-ray confirmed osteoarthritis, or hypermobility 

syndrome. 

15.3.2 Validity of MSK-BILAG across ANA-RMDs 

To compare disease activity across ANA-RMDs, we explored the concurrent validity of 

articular scores within the MSK component of BILAG-2004 Index in Figure 11. This 

demonstrates face validity across all RMDs, relying on the presence of inflammatory pain or 

swelling to categorize arthritis/tenosynovitis severity. Its definition mirrors the articular MSK 

assessment in MITAX and ESSDAI, each encompassing mild, moderate, and severe grades 

for MSK inflammation.  BILAG-2004 articular MSK grades A-D were significantly associated 

with PGA across both SLE (F=14.43, p<0.001) and non-SLE patients (F=11.62, p<0.001), 

supporting the use of this measure in classifying arthritis patients with various ANA-RMDs, 

pending further validation.
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Variable SLE UCTD pSS MCTD IM SSc p 

Total, n 104 111 33 13 19 14  

MSK inflammation, n  90 77 23 10 6 7  

MSK inflammation, %  87% 69% 70% 77% 32% 50%  

Sex = M (%) 10 (11.1) 10 (13.0) 1 (4.3) 1 (10.0) 2 (33.3) 2 (28.6) 0.33 

Age, mean (SD), years 46.20 (14.22) 50.17 (12.93) 55.96 (13.93) 48.60 (12.66) 50.17 (20.44) 59.29 (15.22) 0.021 

Ancestry, n (%)        

   Other / unknown 8 (8.9) 10 (13.0) 3 (13.0) 1 (10.0) 1 (16.7) 0 (0.0)  

   Asian 14 (15.6) 8 (10.4) 2 (8.7) 1 (10.0) 0 (0.0) 1 (14.3)  

   Mixed 4 (4.4) 2 (2.6) 0 (0.0) 0 (0.0) 0 (0.0) 1 (14.3)  

   European 57 (63.3) 51 (66.0) 18 (78.3) 8 (80.0) 4 (66.7) 5 (71.4)  

   African 7 (7.8) 6 (7.8) 0 (0.0) 0 (0.0) 1 (16.7) 0 (0.0)  

Current Smoker (%) 10 (11.1) 8 (10.4) 0 (0.0) 2 (20.0) 1 (16.7) 0 (0.0) 0.424 

IMD Rank (mean (SD)) 12998 (10263) 15767 (10511) 18573 (9456) 15709 (9346) 17691 (13968) 9890 (11320) 0.14 

CCI Total (mean (SD)) 2.00 (1.38) 2.04 (1.34) 2.91 (1.47) 2.10 (1.97) 1.67 (1.21) 3.29 (2.87) 0.033 

FMS Pain/stiffness (%) 19 (21.1) 10 (13.0) 3 (13.0) 0 (0.0) 0 (0.0) 0 (0.0) 0.221 

FMS Allodynia (%) 9 (10.0) 5 (6.5) 1 (4.3) 0 (0.0) 0 (0.0) 1 (14.3) 0.698 

Hypermobility syndrome (%) 3 (3.3) 3 (3.9) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0.883 
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Table 10: Baseline characteristics of DEFINITION cohort 

 

 

 

Variable SLE UCTD pSS MCTD IM SSc p 

Nodal OA (%) 6 (6.7) 4 (5.2) 3 (13.0) 1 (10.0) 1 (16.7) 2 (28.6) 0.257 

X-ray proven OA (%) 11 (12.2) 13 (16.9) 4 (17.4) 2 (20.0) 1 (16.7) 2 (28.6) 0.851 

Lymphocyte count x 10*9/L 

(mean (SD)) 
1.27 (0.59) 1.53 (0.73) 1.43 (0.65) 1.13 (0.64) 1.15 (0.70) 1.32 (0.31) 0.153 

BILAG Numeric (mean (SD)) 4.96 (6.01) 3.09 (4.45) 2.83 (2.81) 5.80 (5.73) 5.50 (7.18) 4.86 (4.38) 0.14 

ESSDAI Total (mean (SD)) 2.46 (3.54) 1.86 (3.58) 2.52 (3.49) 3.90 (5.36) 1.67 (2.34) 0.71 (1.50) 0.429 

SLEDAI Total (mean (SD)) 5.60 (4.10) 3.19 (1.82) 2.83 (2.15) 6.00 (4.97) 5.33 (4.13) 2.86 (1.57) <0.001 

PGA Q2 (mean (SD)) 2.84 (2.17) 2.49 (1.88) 2.86 (1.81) 4.05 (2.36) 4.37 (3.87) 3.77 (1.91) 0.087 
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Figure 11: BILAG MSK correlation with patient reported outcomes 



115 
 

15.3.3 Clinical impact of joint and tendon inflammation in ANA-RMDs 

To compare the clinical impact of articular symptoms across ANA-RMDs, we assessed 

physician-reported outcomes. Numeric BILAG-2004 values, ESSDAI total and physician 

global assessment did not differ significantly between diagnoses (Table 10). Overall disease 

activity, as per the BILAG score and individual domains, did not significantly differ across 

groups except for BILAG gastrointestinal domain activity, which was highest in SLE (p>0.05, 

Data not shown) SLEDAI-2K scores also differed significantly, being highest in the MCTD 

group (p<0.001, Table 10). 

We compared patient-reported outcomes for symptoms (pain-VAS, EMS-VAS, arthritis-VAS, 

fatigue-VAS and global health-VAS) quality-of-life (SF36-MCS, SF36-PCS, EQ5D-5L), 

participation (ICECAP-A) and fatigue (FACIT-Fatigue) across ANA-RMDs (Figure 12). 

Patients reported similar disease impact on their quality-of-life across all SF36 domains and 

5 visual analogue scores (Pain, early morning stiffness, arthritis, global health and fatigue). 

There were numeric but non-significant differences in FACIT-Fatigue scores (Highest in 

MCTD patients, F=1.767, p=0.12). Significant differences were observed in EQ5D-5L index 

scores between RMD groups (F=2.564, p=0.03) which were lowest in MCTD patients (0.43) 

and the EQ5D mobility domain (F=2.611, p=0.03) which was lowest in pSS patients.  

We then assessed whether patient-reported impact was associated with disease activity 

(Figure 11). Patient-reported VAS scores for pain, arthritis and early morning stiffness 

correlated well with BILAG-MSK scores when comparing BILAG A/B and D/E disease 

(p<0.05 in all). FACIT-fatigue scores also showed a significant correlation (p<0.05). EQ5D 

and SF36 domains scores were not associated as tightly with articular MSK-BILAG scores, 

likely due to confounding in composite scoring tools covering several domains.
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Figure 12: PRO and biomarker data by diagnosis 
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15.3.4 CURRENT THERAPEUTICS IN ANA-ARTHRITIS 

We assessed whether the similar clinical and immunological features of ANA-arthritis across 

diagnoses were matched by therapeutic use. This significantly differed across diagnoses 

(Table 11). Current and previous biologic use was significantly associated with diagnosis 

(χ²=11.933 and 12.335 respectively and p<0.05 both). Biologic use was greater in the SLE 

group (18/90 (20%) previously received, 12/90 (13%) currently receiving) and MCTD group 

(3/10 (30%) previously received, 2/10 (20%) currently receiving) compared to other 

diagnoses (combined, 6/113 (5%) previously received, 5/113 (4%) currently received). 

Previous azathioprine use was significantly greater in the SLE group and current 

mycophenolate use was greater in the SSc group (p<0.001 in both). Among those currently 

on prednisolone, doses were notably higher in the IM group (7.83mg, p<0.05). These 

differences may reflect current guideline impact on practice but may be unjustified given the 

relative homogeneity in immunological and patient-reported aspects across diagnoses. 

Variable SLE UCTD pSS MCTD IM SSc p 

n 90 77 23 10 6 7 
 

Current Prednisolone 

(%) 

33 (36.7) 10 (13.0) 3 (13.0) 4 (40.0) 4 (66.7) 1 (14.3) 0.065 

Current Pred dose 

(mg) (mean (SD)) 

3.27 

(5.27) 

1.33 

(4.35) 

2.72 

(8.82) 

4.75 

(6.71) 

7.83 

(8.13) 

1.43 

(3.78) 

0.034 

Current HCQ (%) 53 (58.9) 41 (53.2) 10 (43.5) 7 (70.0) 3 (50.0) 1 (14.3) 0.191 

Current MTX (%) 13 (14.4) 20 (26.0) 2 (8.7) 4 (40.0) 3 (50.0) 1 (14.3) 0.047 

Current MMF (%) 19 (21.1) 2 (2.6) 0 (0.0) 1 (10.0) 1 (16.7) 3 (42.9) <0.001 

Current AZA (%) 9 (10.0) 7 (9.1) 2 (8.7) 1 (10.0) 1 (16.7) 1 (14.3) 0.99 

Current RTX (%) 12 (13.3) 2 (2.6) 2 (8.7) 3 (30.0) 1 (16.7) 0 (0.0) 0.036 

Past AZA (%) 32 (35.6) 8 (10.4) 2 (8.7) 3 (30.0) 0 (0.0) 0 (0.0) <0.001 

Past HCQ (%) 19 (21.1) 13 (16.9) 4 (17.4) 3 (30.0) 0 (0.0) 1 (14.3) 0.725 

Past MTX (%) 17 (18.9) 14 (18.2) 2 (8.7) 3 (30.0) 0 (0.0) 3 (42.9) 0.259 

Past MMF (%) 18 (20.0) 6 (7.8) 1 (4.3) 2 (20.0) 1 (16.7) 0 (0.0) 0.12 

Past RTX (%) 18 (20.0) 6 (7.8) 0 (0.0) 2 (20.0) 0 (0.0) 0 (0.0) 0.034 

Past 

Cyclophosphamide 

(%) 

15 (16.7) 6 (7.8) 0 (0.0) 1 (10.0) 1 (16.7) 1 (14.3) 0.242 

Table 11: Current therapeutics in ANA+ arthritis 
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Regarding therapeutic confounders, among the 7 model covariates, only 3 exhibited 

significant associations: Chromatin antibody positivity correlated with higher 

hydroxychloroquine use (27.0% vs 14.3%, p=0.04), lower mean  lymphocyte counts with 

increased azathioprine prescription (1.0 vs 1.42, p=0.01), and current mycophenolate 

treatment with higher previous rituximab therapy rates (34.6% vs 9.1%, p<0.01) and lower 

mean IMD-rank (15582.72 vs 8990.35, p<0.01).  

15.3.5 Alternative predictors of disease outcomes 

Statistical analysis with paired t-tests revealed several ENA subtypes linked to increased 

disease activity (defined by PGA). Sm, SmRNP, and RNP antibody positivity were all 

associated with significantly PGA scores (p-values 0.016, 0.008, and 0.005, respectively 

(Figure 13)
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Figure 13: Diagnosis independent predictors of disease activity 
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15.3.6 Machine-learning reclassification of ANA-arthritis 

Existing SLE trial designs recruit active disease within individual diagnoses. We estimated 

the proportion of patients with disease activity likely to be suitable for immunosuppressive 

therapy (BILAG A/B) among the 213 patients with MSK symptoms. 16 patients (7.5%) were 

identified with a diagnosis of SLE and BILAG-MSK A/B disease. 30 patients (13.0%) had 

BILAG-MSK A/B disease irrespective of their diagnosis. These values indicate prevalent 

baskets of patients with active arthritis across the ANA-RMD spectrum, which we explored 

using machine learning.  

Gaussian mixture modelling identified 2 clusters (Table 12).  K-means and hierarchical 

clustering were also trialled but were poorer identifiers of high BILAG-MSK disease activity 

patients than GMM, which was able to segregate all of the high BILAG-MSK disease activity 

patients (defined as those with A or B grade disease) into a single cluster (Appendix A).  

Overall, cluster 1 contained more patients with inflammatory features (High MSK Activity 

Cluster) and cluster 2 contained more patients with non-inflammatory causes of joint pain 

(Low MSK Activity Cluster). Cluster 1 comprised 89 patients (41.8%) including all patients 

with BILAG A/B MSK disease. Cluster 1 patients were younger with a lower proportion of 

UCTD and pSS. They included a higher proportion of SLE and MCTD patients with a lower 

mean Charlson Comorbidity Index (p = 0.002). Cluster 1 contained substantively lower 

numbers of patients with nodal OA (3.4% for cluster 1 vs. 11.3% for cluster 2, p = 0.065); 

radiographic evidence of OA (10.1% for cluster 1 vs. 19.4% for cluster 2, p = 0.10); 

fibromyalgia symptom pain and stiffness (9% for cluster 1 vs. 19.4% for cluster 2, p = 0.058); 

fibromyalgia allodynia (3.4% vs. 10.5%, p = 0.093). RNP/SmRNP/Sm antibody positivity was 

significantly greater in Cluster 1 patients. Numeric BILAG, ESSDAI, SLEDAI and physician 

global assessment scores were all significantly higher in Cluster 1 patients (p <0.001 in all). 

Memory B-cell tetherin and Interferon score A expression was also significantly higher in 

Cluster 1 (p =0.018 and p = 0.021, note that with untransformed gene expression scores, 

numerically lower values represent higher gene expression). Cluster 1 patients received 

more frequent and higher dose prednisolone. PCA plots formed from the 7 GMM covariates 

are shown in Figure 14. 

Key potential confounders, including IMD rank, mucocutaneous, renal, neurological, and 

gastrointestinal BILAG scores, as well as Rodnan skin score, showed no significant 

differences between the GMM-derived clusters. Interestingly, Cluster 1 patients exhibited 

higher MSK disease activity despite significantly higher rates of previous treatment with 

rituximab (14.6% vs. 5.6%) and mycophenolate (19.1% vs. 8.9%) (p<0.05 for both). 
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The distribution of patients between legacy diagnoses and new GMM clusters is shown in 

Figure 15 to illustrate potential trial stratification strategies. Conventional trial designs recruit 

patients with SLE and swollen joints. After reclassification, the High MSK Activity Cluster 

(cluster 1) included all those patients as well as larger numbers from other RMDs. All 

patients in the High MSK Activity cluster with swollen joints would be eligible for an ANA-

arthritis trial design and represent twice as many patients as a conventional SLE trial design. 

The remaining patients in the High MSK Activity Cluster lacked swollen joints at assessment 

but were similar in terms of immune biomarkers and clinical impact. These patients may be 

hypothesised to have a higher rate of joint inflammation when assessed over a longer time 

period, under different glucocorticoid or other immunosuppressive medications, or with 

musculoskeletal imaging, which has been shown to detect joint inflammation in a larger 

percentage of symptomatic populations (113). Therefore, these patients in the High MSK 

Activity Cluster may be additional candidates for therapy licensed for ANA-arthritis in clinical 

practice
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GMM Cluster 1 

High MSK 

Activity 

 N = 89 

GMM Cluster 2 

Low MSK 

Activity 

 N = 124 p-value 

Demographics 

   
n 89 124 

 
Sex = M (%) 13 (14.6) 13 (10.5) 

 
Age (mean (SD)), years 44.28 (14.46) 53.01 (12.83) 

 
Diagnosis (%) 

  

<0.001 

SLE (n, % of Cluster) 48 (53.9) 42 (33.9) 

 
UCTD 23 (25.8) 54 (43.5) 

 
pSS 3 (3.4) 20 (16.1) 

 
MCTD 9 (10.1) 1 (0.8) 

 
IIM 4 (4.5) 2 (1.6) 

 
SSc 2 (2.2) 5 (4.0) 

 
Other demographics 

   
Charlson Comorbidity Index (mean (SD)) 1.78 (1.16) 2.42 (1.65) 0.002 

Non Inflammatory 

   
FMS pain/stiffness (%) 8 (9.0) 24 (19.4) 0.058 

FMS allodynia (%) 3 (3.4) 13 (10.5) 0.093 

Hypermobility syndrome (%) 2 (2.2) 4 (3.2) 0.995 

Nodal OA (%) 3 (3.4) 14 (11.3) 0.065 

XR proven OA (%) 9 (10.1) 24 (19.4) 0.1 

Current Therapies 

   
Current prednisolone (%) 41 (97.6) 14 (11.3) <0.001 
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GMM Cluster 1 

High MSK 

Activity 

 N = 89 

GMM Cluster 2 

Low MSK 

Activity 

 N = 124 p-value 

Current prednisolone dose (mean (SD)) 5.53 (7.70) 0.58 (1.68) <0.001 

Current HCQ (%) 50 (56.2) 65 (52.4) 0.686 

Current MTX (%) 18 (20.2) 25 (20.2) 1 

Current MMF (%) 11 (12.4) 15 (12.1) 1 

Current AZA (%) 9 (10.1) 12 (9.7) 1 

Current RTX (%) 13 (14.6) 7 (5.6) 0.048 

Previous Therapies 

   
Previous AZA (%) 22 (24.7) 23 (18.5) 0.359 

Previous HCQ (%) 15 (16.9) 25 (20.2) 0.666 

Previous MTX (%) 20 (22.5) 19 (15.3) 0.25 

Previous MMF (%) 17 (19.1) 11 (8.9) 0.048 

Previous RTX (%) 14 (15.7) 12 (9.7) 0.263 

Previous Cyclo (%) 10 (11.2) 14 (11.3) 1 

Selected other clinical features (see 

supplement) 

   
Raynauds (%) 32 (36.0) 18 (14.5) 0.001 

Alopecia (%) 25 (28.1) 14 (11.3) 0.003 

Immunology 

   
dsDNA (%) 27 (30.3) 35 (28.2) 0.856 

Ro60 (%) 27 (30.3) 45 (36.3) 0.448 

Ro52 (%) 23 (25.8) 27 (21.8) 0.598 

La (%) 9 (10.1) 13 (10.5) 1 
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GMM Cluster 1 

High MSK 

Activity 

 N = 89 

GMM Cluster 2 

Low MSK 

Activity 

 N = 124 p-value 

Sm (%) 20 (22.5) 0 (0.0) <0.001 

SmRNP (%) 33 (37.1) 0 (0.0) <0.001 

RNP (%) 19 (21.3) 0 (0.0) <0.001 

Chromatin (%) 45 (50.6) 0 (0.0) <0.001 

Clinical/Lab tests 

   
Lymphocyte count x 10*9/L (mean (SD)) 1.30 (0.69) 1.44 (0.63) 0.133 

BILAG Scores 

   
BILAG Numeric (mean (SD)) 6.62 (6.64) 2.30 (2.76) <0.001 

BILAG Total (%) 

  

<0.001 

   A 28 (31.5) 4 (3.2) 

 
   B 16 (18.0) 21 (16.9) 

 
   C 41 (46.1) 82 (66.1) 

 
   D/E 4 (4.5) 17 (13.7) 

 
BILAG Mucocutaneous (%) 

  

0.1 

   A 4 (4.5) 3 (2.4) 

 
   B 15 (16.9) 16 (12.9) 

 
   C 15 (16.9) 10 (8.1) 

 
   D/E 55 (61.8) 95 (76.6) 

 
BILAG MSK (%) 

  

<0.001 

   A 22 (24.7) 0 (0.0) 

 
   B 8 (9.0) 0 (0.0) 
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GMM Cluster 1 

High MSK 

Activity 

 N = 89 

GMM Cluster 2 

Low MSK 

Activity 

 N = 124 p-value 

   C 44 (49.4) 91 (73.4) 

 
   D/E 15 (16.9) 33 (26.6) 

 
BILAG General (%) 

  

0.015 

   B 6 (6.7) 2 (1.6) 

 
   C 5 (5.6) 1 (0.8) 

 
   D/E 78 (87.6) 121 (97.6) 

 
BILAG Haematological (%) 

  

0.054 

   B 1 (1.1) 0 (0.0) 

 
   C 29 (32.6) 25 (20.2) 

 
   D/E 59 (66.3) 99 (79.8) 

 
BILAG Renal (%) 

  

0.618 

   B 3 (3.4) 4 (3.2) 

 
   C 2 (2.2) 6 (4.8) 

 
   D/E 84 (94.4) 114 (91.9) 

 
Other physician disease activity 

measurements 

   
ESSDAI Total (mean (SD)) 3.79 (4.56) 1.12 (2.07) <0.001 

SLEDAI Total (mean (SD)) 5.81 (3.97) 3.31 (2.56) <0.001 

Physician global assessment (mean (SD)) 3.86 (2.39) 2.13 (1.55) <0.001 

Patient reported outcome scores 

   
Pain VAS (mean (SD)) 5.40 (2.49) 4.90 (3.07) 0.261 

EMS VAS (mean (SD)) 6.10 (2.65) 5.51 (3.01) 0.204 
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GMM Cluster 1 

High MSK 

Activity 

 N = 89 

GMM Cluster 2 

Low MSK 

Activity 

 N = 124 p-value 

Arthritis VAS (mean (SD)) 5.85 (2.93) 5.89 (2.91) 0.945 

Global VAS (mean (SD)) 5.79 (2.59) 5.61 (2.86) 0.675 

Fatigue VAS (mean (SD)) 6.78 (2.62) 6.38 (3.08) 0.373 

EQ5D-5L Index (mean (SD)) 0.63 (0.20) 0.65 (0.23) 0.509 

EQ5D Self Care (mean (SD)) 1.99 (1.18) 1.69 (1.06) 0.079 

ICECAP Total  (mean (SD)) 0.70 (0.22) 0.68 (0.22) 0.432 

SF36 Physical Component Score (mean 

(SD)) 45.64 (7.32) 45.09 (6.23) 0.653 

SF36 Mental Component Score  (mean 

(SD)) 36.44 (5.76) 36.15 (5.50) 0.778 

FACIT Fatigue Total (mean (SD)) 30.19 (12.39) 28.18 (13.85) 0.365 

Biomarkers 

   
Memory B cell tetherin MFI (mean (SD)) 52882 (31936) 41979 (20287) 0.018 

Interferon Score A dCt (mean (SD)) 4.33 (1.95) 4.92 (1.66) 0.021 

Erythropoesis Score dCt (mean (SD)) 7.21 (1.38) 6.87 (1.19) 0.064 

Inflammation Score dCt (mean (SD)) 5.15 (1.41) 5.29 (1.14) 0.453 

Memory B cells/PBMCs (mean (SD)) 0.009 (0.01) 0.013 (0.01) 0.057 

Table 12: Characteristics of ANA-RMD clusters
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Figure 14: Collated PCA plots 
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Figure 15: Distribution of patients between legacy and GMM classifications 
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15.4 DISCUSSION 

This is the first work assessing the clinical impact and immune profile of arthritis across 

multiple RMDs in a systematically collected, richly phenotyped, multi-disease cohort. We 

demonstrate that ANA-positive RMD patients with musculoskeletal symptoms contain a High 

MSK Disease Activity population that is homogenous in clinical features, patient-reported 

impact and immune profile. The existing classification had previously distributed ANA-

arthritis patients into other groups based on their additional disease features, potentially 

resulting in unjustified variations in therapy. Instead, we suggest and define a novel 

classification that consolidates all ANA-arthritis patients into a single group. This 

classification can facilitate basket trials, new therapy indications and inform routine clinical 

care guidelines. 

We identified few differences between patients with musculoskeletal symptoms across RMD 

diagnoses, including physician and patient-reported clinical outcomes and biomarkers, with 

the exception that MCTD was generally worse. As expected from previous work, patients 

with musculoskeletal symptoms contained a mixture of patients with objective disease 

activity along with patients with low disease activity and non-inflammatory explanations for 

pain collectively, or for each legacy diagnosis.  

During machine learning (ML) analysis patients with MSK symptoms were not sorted 

according to legacy diagnosis. Instead, the GMM approach generated High and Low MSK 

Disease Activity clusters, showing greater homogeneity compared to diagnoses like SLE and 

undifferentiated CTD. The High Disease Activity cluster contained every patient with joint 

swelling, and other features such as higher physician global assessment, prednisolone dose 

and IFN-Score. The Low Disease Activity cluster contained more patients with features of 

fibromyalgia and osteoarthritis. Patient-reported outcomes like pain, fatigue, and quality-of-

life didn't vary between clusters, as expected, given that both inflammatory and non-

inflammatory causes of pain may equally affect patient experience. The High Disease 

Activity cluster included many patients without joint swelling, grouped based on other 

features such as prednisolone dose, Sm, RNP, Sm/RNP, Chromatin and Ro antibodies, 

lymphocyte count and IMD-rank. Although lacking documented joint swelling on the study 

visit day, these patients might exhibit joint inflammation on ultrasound imaging (as we 

previously demonstrated with the same antibody subtypes) or would present with joint 

swelling if the prednisolone dose were reduced or if assessed over a longer duration (113). 

The High MSK Disease Activity group may be suitable for basket clinical trials. Current SLE 

clinical trials involve patients with diverse organ manifestations, requiring complex disease 

activity instruments to compare severity and response across different presenting 
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complaints. These trials may also necessitate different standard-of-care therapies. These 

factors may have contributed to inconsistent trial results(381,382). Conversely, clinical trials 

in ANA-arthritis would recruit a more homogeneous population, despite different legacy 

diagnoses. This enables the use of robust organ-specific outcome measures, such as the 

LAMDA, which combines swollen joint count, patient and physician VAS, and acute phase 

markers. In SLE, this principle is shown by a litifilimab phase-2 trial meeting its primary 

endpoint of joint counts, or baricitinib trials achieving MSK-specific secondary and 

exploratory variables(381,390). Multisystem disease activity tools would only be required to 

monitor for worsening in other organs. ANA-arthritis trials could recruit more patients , and 

possibly incorporate musculoskeletal imaging. The resulting evidence base would be 

relevant to a larger patient population than SLE, addressing a healthcare inequality. 

Importantly the Low MSK Disease Activity group still had a significant symptom burden, but 

with less evidence of active inflammation amenable to immunosuppression. These patients 

could potentially be offered more appropriate non-immunosuppressive therapy modalities. 

Our data suggests a large patient population whose needs may not be met by current 

research and guidelines. 

SLE management guidelines have been published, covering diverse areas including 

diagnosis, assessment, care delivery and therapeutics(97). Many recommendations in these 

guidelines are not specific to MSK manifestations. However, for other patients with ANA-

arthritis there are no guidelines. Further research on the described population could enhance 

patient outcomes in routine practice. In DEFINITION, notably, a higher proportion of non-

SLE patients had ANA-arthritis compared to SLE patients in terms of pure numbers.  

Biomarker analysis can help determine whether a population is immunologically 

homogenous and appropriate for similar therapies. The biomarker results in this study are 

more consistent and logical than others reported in SLE patients with arthritis. In SLE, IFN-I 

Scores correlate with increased skin disease activity, but not always with increased MSK 

disease activity—in certain studies, MSK disease activity appeared lower in IFN high 

patients(380,386). In our study, the High MSK Disease Activity cluster showed significantly 

higher tetherin and IFN Score A expression. 

While our study comprised a large and extensively phenotyped cohort, certain limitations 

persist. Notably, the sample sizes for some diagnoses were small, thereby limiting the 

generalizability of findings within these groups. Consequently, validation in other cohorts 

along with prospective studies are essential. Additionally, the diversity of the cohort was 

limited by the regional population from which it was recruited. South Asian patients were 

better represented in our study than many other cohorts, but other groups were under-
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represented. Longer follow-up and imaging data were unavailable in our study, future 

research should investigate these. The articular component of the BILAG MSK appears valid 

across these diagnoses but better instruments in development, such as the LAMDA and joint 

counts, should be validated.(391). Finally, although we measured a wide range of gene 

expression and flow cytometric biomarkers, there are others emerging in autoimmunity(378).  

As patient age is included as a covariate in our model, we can explore an interesting concept 

regarding disease stratification. Patients with an index presentation such as lupus nephritis 

or interstitial lung disease are treated according to established guidelines. If these patients 

later develop a predominant musculoskeletal (MSK) manifestation, it may be appropriate to 

categorize them within the arthritis basket. Therefore, inclusion in a basket is not static for a 

patient throughout their disease duration; but dependent on their predominant issue at the 

time of assessment. 

In conclusion, these data indicate that the ANA+ arthritis basket has more unifying than 

dividing aspects in terms of quality-of-life impact, therapeutic usage, and biomarker 

variables. We describe an alternative means to classify patients with arthritis across ANA-

RMDs. Clinical trials in this population could generate larger effect sizes and make new 

guidelines and interventions available to more patients. 
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16 RESULTS 3: VARIATIONAL AUTOENCODER BASED 

RECLASSIFICATION OF ANA-RMD ACROSS A LARGE 

EUROPEAN COHORT, HYBRID CLINICAL AND BIOMARKER-

BASED CLUSTERING. 

16.1 INTRODUCTION 

ANA-associated Rheumatic Musculoskeletal Diseases (ANA-RMD) are a group of 

heterogeneous autoimmune disorders with diverse clinical features unified by the presence 

of anti-nuclear antibodies. They are treated with similar therapies, primarily 

immunosuppression. Despite this, ANA-RMD is subclassified into distinct diseases: 

Systemic Lupus Erythematosus (SLE), Sjogren's Disease (SjD), idiopathic inflammatory 

myositis (IIM), Systemic Sclerosis (SSc), Mixed Connective Tissue Disease (MCTD) and 

Antiphospholipid Syndrome (APS) based on clinical symptoms, signs, and routine 

immunological tests.  

This classification has disadvantages. Within each of these entities there is heterogeneity in 

presentation, response to therapy, and underlying immunopathogenesis. This leads to small 

effect sizes in clinical trials, although with high-responding subgroups defined by symptoms 

or biomarkers(128). Patients with different diagnoses may be more clinically similar than 

those within the same group. This leads to treatment inequity, wherein the available 

treatments for a common feature, such as arthritis, may differ depending on the underlying 

diagnosis. Trials are more difficult in less common diseases. Many patients have an overlap, 

meeting criteria for more than one disease, whilst a large proportion do not fulfil any specific 

diagnosis, often being termed Undifferentiated-CTD (UCTD). 

A modern data-driven approach to reclassify larger proportions of ANA-RMD patients into 

more phenotypically homogenous and clinically meaningful groups may be preferable. 

Basket trials could group together individuals suitable for a shared therapeutic target, such 

as an interferon-high subset of each disease of interferon-blocking therapy, or with a shared 

clinical feature, such as arthritis, suitable for a similar outcome measure and standard of 

care. This approach has been successful in licensed treatments such as Nintedinib for 

pulmonary fibrosis. Trials designed in this way reduce treatment inequity, by emphasising 

clinical and biomarker phenotype over physician assigned disease label. 
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Machine learning has been used to successfully stratify several individual 

diseases(392,393)(394). However, to characterize the relevant features of the ANA-RMD 

population, many potential variables, with different metric properties and distributions are 

required. Traditional clustering methods, like partitioning around medoids, hierarchical, and 

k-means, perform poorly with high-dimensional datasets due to exponential increases in 

potential space, leading to overfitting and high computational costs. 

Deep learning is more effective in maintaining dataset richness while reducing 

dimensionality to identify relevant clusters. Variational autoencoders (VAEs) are a type of 

deep neural network that encodes high-dimensional datasets into a lower-dimensional latent 

layer. The model's effectiveness is measured by its accuracy in reconstructing the original 

dataset from this latent space(395). Constraining the hidden layer to a smaller dimensionality 

forces the autoencoder to capture key features of the training set, denoise data, and 

preserve overall structure and complex non-linear relationships between variables.(395). 

Consequently, VAEs have been used to compress data for subsequent analysis with 

clustering techniques like k-means, hierarchical, and Gaussian mixture modelling (GMM). 

For example, a combined approach using a VAE and GMM has been applied to single-cell 

RNA sequencing data to determine the cell developmental trajectories of human 

preimplantation embryos(243). Other applications of this approach include detection of 

bleeding events in electronic health records and natural language processing of radiology 

reports to detect complications of ischaemic stroke in radiology(396,397).  

We hypothesised that a hybrid approach, combining a VAE and traditional clustering, applied 

to two large datasets of richly phenotyped patients would identify more meaningful classes 

that each draw from multiple ANA-RMD legacy diagnoses. We further hypothesised that 

these ANA-RMD Classification (ARC) classes derived in this way would show better 

association with clinical impact and therapy response in cross-sectional and longitudinal 

follow up compared to the legacy diagnoses. 

16.2 METHODS 

The overall analysis pathway is summarised in Figure 16. Briefly, (1) We identified key 

covariates driving clinical decision making and the patient experience in ANA-RMDs by 

survey of clinical specialists and PPIE group interaction; (2) we compressed hybrid clinical, 

immunological and gene expression data from the European PRECISESADS ANA-RMD 

cohort using a deep learning approach; (3) we used this compressed data to reclassify the 

spectrum of ANA-RMD into more homogeneous and clinically meaningful ARC classes using 

advanced computational techniques; (4) we replicated this reclassification in the 
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DEFINITION cohort; (5) we assessed the cross-sectional impact of class membership as 

well as the impact on key clinical outcomes and healthcare utilisation at 5 years follow up.
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Figure 16: Analysis pathway for project
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16.2.1 Prioritisation of covariates 

Prioritisation of model covariates was undertaken following a two-stage process. A 

formalised patient and public involvement (PPI) focus group with ANA-RMD patient was 

carried out. Covariates identified as important within this session were combined with those 

identified as important by a survey of 10 specialist clinicians working in ANA-RMDs. 

Biomarkers and gene expression scores identified as important within the literature were 

also incorporated.  

16.2.2 Deep learning 

Deep learning models were developed using the Keras package (v2.15.0) in R using a 

TensorFlow backend(v2.16.0)(398,399) and the Reticulate package for running Python 

script(v1.38.0)(400–402). Data compression was carried out using a variational autoencoder 

neural network prior to unsupervised clustering using K-means, hierarchical clustering and 

Gaussian mixture modelling in R using base R functionality and the mclust 

package(v6.11)(403).  

Models were trained in the PRECISESADS dataset to define new classes. Thereafter clinical 

characteristics of these classes was assessed by generation of summary statistics using the 

TableOne package in R (v0.13.2). External validation of generated models was carried out 

within the DEFINITION dataset using the same model parameters trained in 

PRECISESADS. Further evaluation of clinical characteristics of the classes in DEFINITION 

was carried out by generating further summary statistics. Distribution of key variables was 

compared between legacy diagnoses and new classes. Bonferroni correction was applied to 

adjust for multiple hypothesis testing.  

The neural network architecture comprised a word embedding layer derived from key 

diagnostic terms within the case report forms (CRFs) including Raynaud’s, digital ulcers, 

rash, sicca, telangiectasia, arthritis and nephritis. Additionally, a scaled tensor containing two 

validated interferon stimulated gene expression scores were included (IFN Score A and IFN 

Score B), along with scores for genes annotated to plasmablast, myeloid lineage, 

inflammation and erythropoiesis function based on gene expression scores derived from 

selected genes in previously described modules shown to associate with clinical features of 

SLE and therapy response, as described below (378,388). Prednisolone usage, age, and 

one-hot encoded categorical variables (Elevated WCC, elevated creatinine and extractable 

nuclear antibody positivity) were also included. Only variables common to both DEFINITION 

and PRECISESADS were considered. Following compression within a variational 

autoencoder neural network constructed comprised of an input dimension of 25 covariates 

narrowing via an intermediate layer of 16 neurons to a latent layer of 8. Data compression to 
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6 neuron and 4 neuron latent layers was also trialled but conferred no additional benefit. 

Batch sizes of 1000 were used with an epsilon value of 0.0001, LeakyReLU activation factor 

to avoid the issue of dead neurons in zero inflated data and the “adam” optimizer(404,405). 

1000 epochs of training were performed with a mean square error loss function.  

Data extracted from the 8-neuron layer was then passed to traditional clustering algorithms 

and assessed using the m3c package in R (v1.26.0). Stability of clustering results was 

analysed using the m3c package in R to incorporate Monte Carlo reference procedures as 

described in previous work(406). The relative cluster stability index (RCSI) and proportion of 

ambiguous clustering (PAC) scores were generated along with cumulative density function 

(CDF) plots and entropy plots to help select the optimum k values. Within this package 

hierarchical, K-means, partitioning around medoids (PAM) and spectral clustering 

techniques were assessed. Optimal cluster number was also assessed through generation 

of silhouette plots for the PRECISESADS and DEFINITION datasets using GMM, 

hierarchical and K-means derived clusters, assessment of the RSCI, entropy plots and 

elbow plot assessment, as well as analysis of the clinical significance of these classes. 

Efficacy of deep learning reclassification techniques within the PRECISESADS dataset was 

compared to traditional legacy diagnosis by comparison of the silhouette score and PCA 

plots. The clinical significance of cluster membership was then assessed within the 

PRECISESADS cohort in terms of disease activity defined by physician global assessment 

score (PGA), prednisolone dosage, conventional immunosuppressant use and biologic 

therapy use.  

VAE architecture is summarised in Figure 17. 

 

Figure 17: Variational autoencoder architecture 
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16.2.3 Validation and evaluation of clinical impact 

Further validation was carried out by applying the same model to the 294 patient 

DEFINITION cohort. Significance of group membership here was assessed again in terms of 

conventional and biologic immunosuppressant use and prednisolone dosage. However more 

detailed assessment of disease activity was assessed in terms of the British Isles Lupus 

Assessment Group 2004 (BILAG-2004) index, the European Sjogren's syndrome disease 

activity index (ESSDAI) score, the Myositis Disease Activity Assessment Tool (MITAX) and 

the Physician Global Assessment (PGA, 0-10).  

The patient reported impact of class membership was assessed in DEFINITION using 

patient VAS scores, the SF36 score, EQ5D-5L index and domain scores (quality of life) and 

ICECAP-A (perceived capability) scores. 

Long term outcomes were analysed in DEFINITION up to 5 years post recruitment. Key 

outcomes including all-cause mortality, hospitalization, emergency department attendance, 

steroid escalations, outpatient rheumatology or combined clinic appointments, rituximab use 

and cyclophosphamide use were analysed per year of available follow up and in a time to 

event manner using Kaplan Meier survival plots in the ‘survival’ package in R(v3.6-4)(407). 

16.2.4 Laboratory measures 

16.2.4.1 Within DEFINITION 

Within the DEFINITION cohort full blood count, complement C3 and C4 levels and ANA 

subtypes, including anti-double-stranded DNA, Ro-52, Ro-60, La, Sm, SM/RNP, RNP, Scl-

70, Jo-1, Centromere, Chromatin and Ribosomal-P antibodies (Bioplex multiplex analyser) 

were measured in routine diagnostic laboratory. PBMC subsets were analysed using 8-

colour flow cytometry as a proportion of total PBMC count (T cells (CD3+CD56-), NK cells 

(CD56+), NKT cells (CD3+CD56+), Memory B cells (CD19+CD27+, Plasmablasts (CD19+/-

CD27+CD38++), classical monocytes (CD14++CD16-) intermediate monocytes 

(CD14++CD16+)and non-classical monocytes (CD14+CD16+)). Tetherin (CD317) mean 

fluorescence intensity was quantified on each cell subset, as previously described, with 

memory B cell level used as the primary biomarker (168). 

Gene expression scores analysed without the knowledge of patients’ clinical status. These 

included two validated interferon scores (IFN Score A and IFN Score B) as well as scores for 

genes annotated to plasmablast, myeloid lineage, inflammation and erythropoiesis function 

from previously described modules based on their known molecular function(378,388,408) 

(386,387). These scores were calculated as a median ΔCT value from the genes listed in 

Table 13. Briefly, PBMC were separated using density gradient method (Lymphoprep; Alere 
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Technologies, Norway) from EDTA-anticoagulated blood. Total RNA purification kit (Norgen 

Biotek, Canada) was used followed by quantitative real time reverse transcriptase-PCR 

(qRT-PCR) using TaqMan assays (Applied Biosystems, Invitrogen).  
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Gene Expression Score Genes 

Interferon Score A IFI44L, CCL8, ISG15, XAF1, IFI44, GBP1, IFI27, IRF7, 

CXCL10, CEACAM1, RSAD2, IFIT1 

Interferon Score B SERPING1, IFIH1, IFI16, PHF11, LAMP3, NT5C3B, 

TRIM38, UNC93B1, BST2, SOCS1, SP100, TAP1, STAT1, 

UBE2L6 

Plasmablast M7.7 Score ATP5G1, CDC2.CDK1, CHPF, CIT, GLICCI1, GTSE1 

Plasmablast M4.11 Score TNFRSF17, TXNDC5, IGJ.JCHAIN 

Plasmablast Score ATP5G1, CDC2.CDK1, CHPF, CIT, GLICCI1, GTSE1, 

TNFRSF17, TXNDC5, IGJ.JCHAIN 

Myeloid Score CD55, BST1, LILRA3, CEACAM4, MKNK1, 

FLJ20273.RBM47., HCK, FLOT1, CKAP4, BCL6, GPR97, 

ITGAM, AQP9, ADAM19, HMGB2, NCF4, IL1RN, CD63, 

IL17R.IL17RA., MMP25, PBEF1.NAMPT, NFIL3 

Erythropoiesis Score DNAJA4, IFIT1L.IFIT1B, UBXD1, RAB2B, BCL2L1, GATA1, 

UBE2O, MAP2K3, PIP5K2A, FLCN, HPS1, MCOLN1 

Inflammation Score SOCS3, IRAK3, IL18R1, CLEC4D, MCEMP1, SERPINA1, 

IL1R2, MCTP2, FKBP5, OSM, KREMEN1, FCAR, CR1, 

SLPI, MAPK14, PGLYRP1, ANXA3, S100P, MMP9, 

S100A12, GRB10 

Table 13 Gene expression score compositions 

16.2.5 Within PRECISESADS 

ANA-RMD patients with SLE, pSS, SSc, UCTD and MCTD were identified within the 

European PRECISESADS cohort. Patients with a primary diagnosis of rheumatoid arthritis 

were excluded. Classification criteria were as documented in previous work(191); 1997 

update of 1982 ACR SLE criteria, 2013 ACR/EULAR SSc criteria. American-European 

consensus group pSS criteria and Alarcon-Segovia criteria for MCTD. UCTD patients were 

defined as having symptoms/features of ANA-RMD and a positive ANA test but failing to fulfil 

any of the above criteria. 

For blood samples collected between March 2016 and June 2019 all autoantibodies were 

measured at a single centre (University Hospital of Brest) using a chemilumescent IDS-iSYS 

immunoanalyser (Immunodiagnostic systems) as per previous studies(191,378). Antinuclear 

antibody detection was performed on Hep2 cells using an in-house technique. 

Gene expression was evaluated using RNA-sequencing from whole blood as previously 

described(408). For the current project, gene expression scores were derived from these 
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RNA-Seq data. Samples with less than 7x106 or greater than 1.5x107 total reads were 

excluded during quality control as were genes with fewer than 10 counts in 100 samples. 

Samples with an RNA integrity number ≥7 were included for analysis. Normalisation of RNA-

Seq data was carried out using 3 packages in R (Limma-Voom, DNASeq2- VST and edgeR- 

counts per million (CPM)). Voom proved to be the most effective package, and this data was 

taken forward for analysis. Gene expression scores were calculated from the pre-defined 

selected genes in the same way as for DEFINITION.
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16.3 RESULTS 

16.3.1 Baseline characteristics of PRECISESADS and DEFINITION cohorts 

Key baseline characteristics for the PRECISESADS and DEFINITION cohorts are 

summarized in Table 14.. 
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PRECISESADS MCTD PAPs SjD SLE SSc UCTD p DEFINITION IM MCTD SjD SLE SSc UCTD p

n 59 46 220 262 217 72 n 15 8 27 79 12 78

Demographics Demographics

Age (mean (SD)) 51.05 (14.63) 47.50 (12.42) 57.97 (13.34) 46.05 (13.81) 58.73 (13.50) 53.86 (13.96) <0.001 Age (mean (SD)) 52.67 (16.85) 46.00 (11.45) 54.56 (15.04) 45.99 (12.74) 54.75 (14.10) 51.40 (13.14) 0.021

Ethnicity white (%)    53 ( 89.8)    46 (100.0)   216 ( 98.2)   251 ( 95.8)   211 ( 97.2)    71 ( 98.6) 0.016 Ethnicity white (%) 13 (86.7) 5 (62.5) 24 (88.9) 48 (60.8) 9 (75.0) 60 (76.9) 0.037

Medical hx Medical hx

Smoker (%)     8 ( 13.6)    11 ( 23.9)    19 (  8.6)    48 ( 18.3)    26 ( 12.0)    15 ( 20.8) 0.011 Smoker (%) 0 (0.0) 1 (12.5) 0 (0.0) 9 (11.4) 1 (8.3) 8 (10.3) 0.401

Diabetes (%) 0 (0.0) 1 (2.2) 5 (2.3) 5 (1.9)  14 (6.5) 3 (4.2) 0.169 T2DM (%) 2 (13.3) 0 (0.0) 0 (0.0) 6 (7.6) 0 (0.0) 1 (1.3) 0.099

HTN (%)  17 ( 28.8)  17 ( 37.0)  71 ( 32.3)  75 ( 28.6)  67 ( 30.9)  21 ( 29.2) 0.849 HTN (%) 2 (13.3) 1 (12.5) 4 (14.8) 16 (20.3) 0 (0.0) 14 (17.9) 0.629

Medical hx of Arthritis (%)    38 ( 64.4)     7 ( 15.2)    67 ( 30.5)   192 ( 73.3)    65 ( 30.0)    40 ( 55.6) <0.001 Medical hx of Arthritis (%)     5 ( 33.3)     2 ( 25.0)     4 ( 14.8)    32 ( 40.5)     2 ( 16.7)    25 ( 32.1) 0.168

Medical hx of Rash (%)     8 ( 13.6)     4 (  8.7)    24 ( 10.9)   153 ( 58.4)     4 (  1.8)    10 ( 13.9) <0.001 Medical hx of Rash (%)     6 ( 40.0)     3 ( 37.5)     5 ( 18.5)    20 ( 25.3)     2 ( 16.7)     9 ( 11.5) 0.074

Medical hx of Raynauds (%)    53 ( 89.8)     5 ( 10.9)    66 ( 30.0)   103 ( 39.3)   210 ( 96.8)    38 ( 52.8) <0.001 Medical hx of Raynauds (%)     3 ( 20.0)     4 ( 50.0)     3 ( 11.1)    17 ( 21.5)     9 ( 75.0)    15 ( 19.2) <0.001

Medical hx of Sicca (%)    21 ( 35.6)     3 (  6.5)   204 ( 92.7)    56 ( 21.4)    73 ( 33.6)    29 ( 40.3) <0.001 Medical hx of Sicca (%)     1 (  6.7)     2 ( 25.0)    18 ( 66.7)    14 ( 17.7)     1 (  8.3)    12 ( 15.4) <0.001

Medical hx of Nephritis (%)     5 (  8.5)     2 (  4.3)    17 (  7.7)    84 ( 32.1)     3 (  1.4)     3 (  4.2) <0.001 Medical hx of Nephritis (%)     0 (  0.0)     0 (  0.0)     1 (  3.7)    12 ( 15.2)     0 (  0.0)     1 (  1.3) 0.006

Therapeutics Therapeutics

Current glucocorticoid therapy (%)  25 ( 42.4) 3 (6.5)  44 ( 20.0) 138 ( 52.7)  46 ( 21.2)  25 ( 34.7) <0.001 Current glucocorticoid therapy (%) 7 (46.7) 4 (50.0) 4 (14.8) 28 (35.4) 3 (25.0) 11 (14.1)     NA

Glucocorticoid dose (mean (SD))  5.36 (3.41) 10.33 (8.74)  5.93 (3.39)  6.95 (6.57)  6.02 (2.23)  6.64 (4.64) 0.455 prednisolone dose (mean (SD)) 4.10 (6.16) 4.69 (6.04) 2.50 (8.17) 3.22 (5.64) 2.08 (3.96) 1.36 (4.39) 0.22

Current antimalarial therapy (%)  27 ( 45.8) 7 ( 15.2)  81 ( 36.8) 187 ( 71.4)  16 (7.4)  32 ( 44.4) <0.001 current hydroxychloroquine (%) 5 (33.3) 5 (62.5) 10 (37.0) 46 (58.2) 2 (16.7) 34 (43.6) 0.038

Current DMARD therapy (%)  21 ( 35.6) 1 (2.2)  34 ( 15.5)  94 ( 35.9)  52 ( 24.0)  14 ( 19.4) <0.001 current methotrexate (%) 2 (13.3) 1 (12.5) 1 (3.7) 10 (12.7) 1 (8.3) 20 (25.6) 0.082

current mycophenolate (%) 4 (26.7) 2 (25.0) 1 (3.7) 14 (17.7) 3 (25.0) 1 (1.3) 0.001

current azathioprine (%) 3 (20.0) 2 (25.0) 2 (7.4) 9 (11.4) 2 (16.7) 8 (10.3) 0.661

current rituximab (%) 2 (13.3) 3 (37.5) 2 (7.4) 10 (12.7) 0 (0.0) 1 (1.3) 0.003

Current biologic therapy (%) 2 (3.4) 0 (0.0) 0 (0.0) 0 (0.0) 7 (3.2) 4 (5.6) 0.001 current cyclophosphomide (%) 0 (0.0) 0 (0.0) 1 (3.7) 0 (0.0) 0 (0.0) 0 (0.0) 0.21

Laboratory Laboratory

dsDNA (%) 5 (8.6) 4 (8.7) 7 (3.2)  85 ( 32.7) 6 (2.8) 3 (4.2) <0.001 dsDNA (%) 0 (0.0) 1 (12.5) 1 (3.7) 35 (44.3) 2 (16.7) 21 (26.9) <0.001

Ro60 (%) 5 (9.3) 2 (4.3) 117 ( 68.4)  62 ( 27.0) 8 (3.9)  10 ( 14.5) <0.001 Ro60 (%) 3 (20.0) 1 (12.5) 18 (66.7) 28 (35.4) 0 (0.0) 20 (25.6) <0.001

Ro52 (%)  10 ( 18.5) 3 (6.5) 119 ( 69.2)  48 ( 20.9)  25 ( 12.3) 9 ( 13.0) <0.001 R052 (%) 2 (13.3) 1 (12.5) 18 (66.7) 22 (27.8) 1 (8.3) 9 (11.5) <0.001

La (%) 2 (3.6) 1 (2.2)  67 ( 35.4)  16 (6.7) 3 (1.4) 3 (4.2) <0.001 La (%) 1 (6.7) 0 (0.0) 8 (29.6) 7 (8.9) 0 (0.0) 6 (7.7) 0.013

Sm (%)  14 ( 25.5) 0 (0.0) 2 (1.1)  13 (5.4) 0 (0.0) 0 (0.0) <0.001 Sm (%) 0 (0.0) 4 (50.0) 0 (0.0) 11 (13.9) 0 (0.0) 2 (2.6) <0.001

U1-RNP (%)  41 ( 74.5) 3 (6.5)  14 (7.4)  50 ( 20.9)  13 (6.2)  14 ( 19.7) <0.001 RNP (%) 0 (0.0) 6 (75.0) 0 (0.0) 8 (10.1) 0 (0.0) 5 (6.4) <0.001

SCL-70 (%) 4 (7.3) 0 (0.0) 0 (0.0) 4 (1.7)  77 ( 36.5) 0 (0.0) <0.001 Scl70 (%) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 3 (3.8) 0.358

Centromere (%) 0 (0.0) 0 (0.0) 8 (3.7) 4 (1.5) 100 ( 46.5) 4 (5.6) <0.001 Centromere (%) 0 (0.0) 0 (0.0) 0 (0.0) 2 (2.5) 3 (25.0) 2 (2.6) 0.001

Chromatin (%)  11 ( 20.0) 4 ( 10.0)  19 (9.6) 133 ( 55.0)  13 (8.3) 7 ( 10.9) <0.001 Chromatin (%) 0 (0.0) 6 (75.0) 0 (0.0) 22 (27.8) 2 (16.7) 6 (7.7) <0.001

B2GP (%) 1 (1.7)  22 ( 48.9) 1 (0.5)  31 ( 12.0) 2 (0.9) 1 (1.4) <0.001 B2GP (%) 0 (0.0) 0 (0.0) 0 (0.0) 2 (2.5) 0 (0.0) 0 (0.0) 0.612

Table 14: Baseline characteristics of PRECISESADS and DEFINITION cohorts 
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16.3.1.1 PRECISESADS 

The PRECISESADS cohort comprised 1,313 ANA-associated RMD patients of which 876 

contained extant clinical and biomarker data and were taken forward for analysis.  Figure 4 

demonstrates the methodology behind data exclusion.   

PRECISESADS had a predominantly white European ancestry population. As expected, 

clinical and demographic characteristics differed between legacy diagnoses. SLE patients 

were significantly younger than other groups with a higher utilization of glucocorticoids 

(mean age 46.1, 52% on glucocorticoids, p<0.001 in both). There were significant 

differences in most clinical features measured (Table 14). Interferon score A and B were 

significantly higher in MCTD patients (1.10 and 1.01, p<0.001 in both). Plasmablast, 

Inflammation and Myeloid scores were highest in SLE patients (p<0.001, p,0.001 and p = 

0.001 respectively). 

16.3.1.2 DEFINITION 

Within DEFINITION 219 patients with extant data were analysed. These comprised patients 

with IM, MCTD, pSS, SLE, SSc and UCTD. Significantly lower proportions of white 

European participants were identified in the MCTD and SLE cohorts (62.5% and 60.8% 

respectively, p=0.04). SSc and pSS patients were significantly older than their counterparts. 

There were no significant differences in Charlson comorbidity index (CCI), mean 

prednisolone dosage and smoking status between legacy diagnoses. Rituximab use was 

significantly greater in SLE patients (p=0.003), possibly due to commissioning and treatment 

guidelines. Patient reported pain VAS was significantly higher in UCTD and MCTD patients 

(p=0.04). 

In terms of disease activity measurements, ESSDAI and overall BILAG-2004 index, did not 

differ significantly between groups. Rodnan score was highest in SSc patients (3.92, 

p<0.001) and physician global assessment was highest in IM and SSc patients (4.23 and 

2.08, p<0.001). Composite patient-reported outcome measures did not differ significantly 

between legacy diagnostic groups apart from the EQ5D-5L index (highest in pSS, p=0.02). 

Gene expression scores, non-inflammatory features, and long-term clinical outcomes 

adjusted for time in follow up did not differ significantly between diagnoses. 

16.4 COVARIATE SELECTION 

16.4.1 Key clinical covariates for ANA-RMD patients and clinicians 

Key clinical features driving patient experience in ANA-RMDs were identified with the Leeds 

BRC PPIE group. Sicca, arthritis, high steroid requirement, and fatigue were highlighted. 



 

145 
 

However, fatigue was not well-represented in the datasets and was excluded from the final 

model. A survey of 10 physicians managing ANA-RMD patients identified Raynaud’s, digital 

ulceration, skin rash, arthritis, and nephritis as key drivers of therapy escalation. 

16.4.2 Key gene expression covariates from the literature 

In order to characterise both innate and adaptive immune abnormality, drawing from a 

literature review of biomarkers and molecular reclassification, and on the use of gene 

expression scores to stratify response to therapy, we incorporated a set of previously 

validated gene expression scores(200,202,409–411). These gene expression scores are 

detailed in Table 6. The model included high creatinine, proteinuria, specific ENA positivity, 

and lymphopenia due to their impact on RMD prognosis. Non-white ancestry and age were 

also included. 

16.5 TRAINING OF VARIATIONAL AUTOENCODER 

Data compression to latent spaces of 4, 6, and 8 was tested using the described 

methodology. Clustering analysis and clinical review showed inferior performance in the 4 

and 6 neuron groups. Entropy and relative cluster stability index plots were generated using 

k-means, PAM, spectral and hierarchical clustering on the 8-neuron latent layer using the 

M3C package (Appendix B and Appendix C). PAM, spectral and hierarchical clustering 

offered no greater utility over k-means. 

16.6 RECLASSIFICATION VS LEGACY DIAGNOSIS  

16.6.1 Heuristic determination of optimal cluster number  

Heuristic analysis of uncompressed pooled data from PRECISESADS and DEFINITION 

using relative cluster stability index (RCSI) and entropy plots was conducted to determine 

the optimal clustering number. RCSI plots were indeterminate but plateaued at k values of 4-

6. To select between these values, we explored the cross-sectional clinical features of the 

clusters derived from each k value (described below). From this we selected a k value of 5 

as yielding optimal heuristic and clinical significance. RCSI, silhouette and entropy plots for 

the PRECISESADS dataset are shown in Figure 18  . Legacy diagnoses had significantly 

negative silhouettes in most groups, with an average width of -0.03. In contrast, the new 

deep learning derived classes showed positive values in 3 out of 5 groups, with an average 

silhouette width of 0.06. Given the heterogeneity of the cohort, the new classification was felt 

to represent a substantial improvement in stratification. Following the analysis of clinical 

characteristics (described below), these classes were named Sicca, Myeloinflammatory, 
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High non-inflammatory symptom burden, Inflammatory MSK and Polyinflammatory. We 

named these new classes ANA-RMD Classification Classes (ARC Classes).



 

147 
 

 

Figure 18: PRECISESADS silhouette, entropy and RCSI plots 
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16.6.2 Reclassification visualisation 

The ability of legacy diagnoses and deep learning-based reclassification to sub-stratify 

covariates was visualized using t-SNE plots. As expected, more distinct clusters were 

observed in the deep learning-derived classes in both the PRECISESADS (Figure 19) and 

DEFINITION cohorts compared to the legacy diagnoses. 

In order to analyse the effect of reclassification on each individual legacy diagnosis, we 

created PCA plots for the clustered data, stratified by individual diagnosis, overall legacy 

diagnoses, and ARC classes, color-coded by cluster number (Figure 20). Each legacy 

diagnosis contained individuals assigned to one of each ARC class except PAPs (lacking the 

Myeloinflammatory class) and MCTD (lacking the Sicca class). The Sicca class was most 

prominent in pSS, The High IFN High Disease Activity in SLE, The High non-inflammatory 

symptom burden class across SLE, SSc, pSS, and UCTD, while the Inflammatory MSK and 

Polyinflammatory classes were well represented across all legacy diagnoses. PCA plots by 

diagnosis and cluster show greater homogeneity by clustering, highlighting significant 

heterogeneity in existing diagnostic criteria 

 

Figure 19: t-SNE plots showing stratification by deep learning classes and legacy diagnoses 
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Figure 20: PCA plots stratified by individual diagnoses, and ARC class 
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16.6.3 Disease phenotype of ARC classes vs legacy diagnoses 

ARC classes showed significant differences in patient-reported outcomes, clinical 

phenotypes, gene expression and flow cytometric patterns.  

16.6.4 Clinical, gene expression and flow cytometric phenotype 

Figure 21 presents circular bar charts comparing the clinical, biomarker, PRO, and long-term 

outcome phenotypes within DEFINITION for ARC and legacy diagnoses. Legacy diagnoses 

showed poor correlation with disease activity, except for the Rodnan skin score, which was 

highest in the SSc group. In contrast, the ARC classes were better descriptors of disease 

activity. 

16.6.4.1 Sicca  

This comprised 17% of the pooled cohorts and was characterised by immunological activity 

with a high plasmablast score and moderate to high activity across other gene expression 

scores. Clinically there was a high prevalence of Sicca and a high non inflammatory burden. 

Glucocorticoid use was low. Impacts on patients, healthcare system and society were 

moderate with intermediate PRO impact and low healthcare utilization. 

16.6.4.2 High non-inflammatory symptom burden 

This comprised 42% of the pooled cohorts and was characterised by immunological 

inactivity with low gene expression and biological markers of disease activity. Clinically, they 

demonstrated a high rate of non-inflammatory symptoms with low levels of inflammatory 

disease manifestations. Glucocorticoid use was low. Patients in this class reported a high 

burden of disease and had high rates of outpatient department attendance but low 

hospitalization rates. 

16.6.4.3 Inflammatory-MSK  

This comprised 22% of the pooled cohorts and was characterised by a high prevalence of 

arthritis, high patient reported pain scores with a low prevalence of fibromyalgia. 

Glucocorticoid use was moderate, and perceived capability scores were poor. 

16.6.4.4 Myeloinflammatory 

This comprised 7% of the pooled cohorts and was defined by high myeloid and inflammatory 

gene signatures with moderate IFN and plasmablast scores. Lymphopenia incidence was 

high and there was high prevalence of solid organ involvement with high physician-assessed 

disease activity. Long-term glucocorticoid use was greatest in this group and, despite low 

patient-reported symptoms, healthcare utilisation was high. 
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16.6.4.5 Polyinflammatory 

This comprised 12% of the pooled cohorts and was characterised by globally high gene 

expression scores and immunological activity. They also showed high clinical symptom 

prevalence and moderate glucocorticoid requirements. In terms of patient impact, patient 

reported outcomes were significantly impaired however there was relatively low healthcare 

resource use within this group.
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Figure 21: Summary circular bar charts of clinical, disease activity, gene expression score, PRO and long term outcome phenotypes by legacy diagnosis and 
ARC class within DEFINITION 
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16.6.5 Gene expression and flow cytometric comparisons 

Figure 21 also summarises several key gene expression score patterns within the ARC 

classes. Gene expression activity was shown to poorly correlate with legacy diagnoses but 

shows stronger correlation with ARC classes. 

A Polyinflammatory cluster, two interferonopathy clusters (Sicca and High IFN, High disease 

activity) and a low gene expression activity cluster (High non-inflammatory symptom burden) 

were observed independently in both the PRECISESADS and DEFINITION cohorts. 

Summary statistics showed significant differences between gene expression scores, 

classified by ARC clusters in both the PRECISESADS and DEFINITION cohorts (p<0.05 in 

all scores).  

A low gene expression activity class was noted in both PRECISESADS and DEFINITION 

characterized by lower IFN, myeloid, erythroid and inflammation gene expression scores.  

Flow cytometric analysis showed significantly higher classical monocyte populations in the 

SSc and IM groups, lowest in the SLE group (p=0.016). Tetherin expression on memory B-

cells was highest in the SLE group (PEA 54317.08, p=0.008). In the ARC classes, classical 

monocyte populations were highest, though not significantly, in the MSK pain class 

(p=0.094). Tetherin expression on memory B-cells was greatest in the Sicca and 

Polyinflammatory clusters, aligning with their high interferon gene score expression. 

16.6.6 Cross sectional and long-term clinical outcomes 

Legacy diagnoses poorly predicted long-term outcomes in the DEFINITION dataset. There 

were no significant associations between legacy diagnoses and pro-rata hospital 

admissions, emergency department visits, escalation of steroid therapy, or all-cause 

mortality. 

In contrast classification by ARC class was more predictive of long-term outcomes. 

Myeloinflammatory patients had significantly higher rates of hospital admission and 

emergency department attendance than other classes (0.87 and 1.05 per year of follow up, 

p= 0.006 and 0.003, respectively). Polyinflammatory patients exhibited the second-highest 

rate of emergency department attendance (0.49 per year) and the highest rate of therapy 

change (0.5, p=0.327).  

16.7 INCLUSIVITY OF CLASSIFICATION 

A Sankey plot illustrating how the combined patients from DEFINITION and PRECISESADS 

were stratified according to the new classification system is shown in Figure 22 Legacy 

diagnostic criteria leave 14% of patients unclassified (UCTD).  
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Importantly SLE and UCTD patients were divided across all ARC classes. Primary Sjogren’s 

syndrome patients contributed to the Sicca group but a large proportion were classified into 

other ARC classes. PAPs patients were largely classified into the High non-inflammatory 

symptom burden class, possibly due to the distinct nature of their clinical features. Many SSc 

patients were categorised in the High non-inflammatory symptom burden class, which may 

reflect their individual state of disease rather than an overall mild phenotype   Finally MCTD 

was noted to contribute the highest proportion of people to the Polyinflammatory group and 

the lowest proportion to the High non-inflammatory symptom burden class. 

 

Finally, ARC classification was able to provide a diagnostic label to 100% of sampled 

patients. Most legacy diagnoses were represented within each ARC class.  PAPs patients 

were largely categorised into one ARC class and given their distinct pathological features it 

may be preferable to retain their original classification, though patients with secondary APLS 

may benefit from reclassification
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Figure 22: Sankey plot showing sub-stratification of ANA-RMD patients by ML methodology 
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16.7.1 Comparison with traditional ANA-RMD trial design  

ARC classes were compared to legacy criteria in the context of trial populations. The 

EXPLORER trial in SLE recruited patients on conventional immunosuppression with 

moderate to severe active SLE characterized by 1 BILAG-A or 2 BILAG-B domains(272)  

SLE BRAVE II recruited patients with SLE, ANA/dsDNA/Sm positivity, SLEDAI>6 and 1 

BILAG-A or 2 BILAG-B domains(379). Both SLE-BRAVE II and EXPLORER failed to meet 

their primary endpoints. The CVAY736A2201 study of Ianalumab in pSS recruited patients 

with pSS, Ro or SSA positivity and an ESSDAI ≥6 and a recent study of Abatacept therapy 

in primary Sjogren’s syndrome(412). Table 15 summarises the suitability of legacy diagnosis 

patients within DEFINITION for clinical trials and the distribution of these patients across 

ARC classes.  
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Table 15: Evaluation of trial suitability by legacy diagnosis and ARC class 
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16.8 DISCUSSION 

Here we present a comprehensive reclassification of ANA-RMDs that incorporates 

demographic, clinical, antibody, therapeutic and molecular data with characterisation of the 

new classes using patient-reported outcomes, long term health outcomes and flow 

cytometric data. Our work benefits from two large multidisease cohorts with rich clinical and 

immunological data and deep learning computational methods. This reclassification may 

enable more effective classification and prognostication, better clinical trial design and 

licensing of new therapies and greater availability of appropriate treatments to larger group 

of patients. 

The persistence of certain disease phenotypes, such as the Sicca class, through 

reclassification suggests that completely discarding existing diagnostic criteria isn't 

desirable. This is reinforced by the dominant classification of PAPs patients into the High 

non-inflammatory symptom burden class, indicating their distinct pathology from the rest of 

the ANA-RMD spectrum despite low disease activity. However, many non-Sjogren’s patients 

were included in the Sicca class, indicating significant cross-diagnostic overlap in gene 

expression, lab, and clinical features. In contrast, SLE, IM, UCTD, and non-glandular pSS 

showed significant heterogeneity and were represented in multiple ARC classes, as shown 

in Figure 22.  

A crucial problem in ANA-RMD trial design is recruitment, particularly for rarer ANA-RMDs 

like IM and MCTD. Composite endpoints based on multisystem disease measures have led 

to the failure of several high-profile SLE trials. In EXPLORER, this resulted in a negative trial 

for Rituximab, despite its known effectiveness in refractory SLE. Similarly, in SLE-BRAVE II, 

baricitinib failed to produce a positive result despite a promising phase 1 trial. 

Our comparison of trial inclusion by ARC criteria to legacy diagnosis is important because 

SLE patients, for example, are represented in all five ARC classes. About 24% of 

DEFINITION participants with SLE would have qualified for EXPLORER, yet this cohort 

includes phenotypically distinct new classes. Similar patterns are observed with the inclusion 

criteria for SLE-BRAVE II, Abatacept, and Ianalumab in pSS. Targeted biologic therapies in 

the UK are currently available only to SLE (Rituximab and belimumab) and inflammatory 

myositis (Abatacept) patients, comprising 32% of this cohort. Therefore given phenotypical 

and pathophysiological overlap across ANA-RMDs it is desirable to open up access to the 

remaining 68% of patients. 

This suggests that hybrid reclassification may more effectively provide homogeneous 

cohorts for clinical trials, unlike legacy diagnosis, which recruits a heterogeneous population. 
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Notably, the inclusion of a large proportion of patients from our 'High non-inflammatory 

symptom burden' cluster (20-25% of recruitment across all four trials) may drive high 

placebo response rates. These patients show biological inactivity, with low gene expression 

scores, high lymphocyte counts, and higher rates of physician-assessed allodynia. Using this 

data-driven agnostic approach we define two classes (Polyinflammatory and high disease 

and clinical activity interferonopathy) that display disproportionately high healthcare 

utilization and have common pathophysiology at a gene expression level. These clusters 

should be evaluated as possible baskets for future clinical trials. The incorporation of gene 

expression scores into these ARC classes adds objectivity to clinical trial selection. Work 

within the MASTERPLANS consortium has previously showed an association between 

certain gene expression patterns and differential response to biological therapies. Indeed, 

these patterns were also shown to be heavily influenced by ancestry-specific factors(203). 

We also identify a High Non-Inflammatory Symptom Burden group, representing 42% of the 

combined cohorts, who are not adequately addressed by existing treatment options. These 

patients might experience better clinical outcomes with a focus on rehabilitative and non-

immunosuppressive therapies, which could have a more significant impact on their condition. 

Furthermore, considering the non-inflammatory characteristics of their disease, avoiding 

immunosuppression both within and outside of clinical trials could prevent harmful side 

effects and potentially lower placebo response rates in clinical trials. This novel method of 

reclassification can be applied across other medical specialties and is entirely agnostic in its 

approach. Reclassification in this way avoids nominative discrimination associated with 

legacy diagnostic criteria. Our work demonstrates a substantial contingent of UCTD patients 

within these high disease impact groups, who currently have no licensed treatments, but 

high clinical activity.  

Further work could apply this data-compression and reclassification approach to similar 

questions in other medical specialties. The Polyinflammatory and Myeloinflammatory classes 

should be evaluated for basket trials for more equitable trial design. Limitations of this work 

are its inability to use variables not conserved across datasets, particularly PRECISESADS 

extensive gene expression dataset and the DEFINITION patient-reported outcome library 

and the potential impact of the COVID-19 pandemic on the 5 year follow up in this trial. 

Inflammatory myositis patients were also underrepresented within DEFINITION and absent 

in PRECISESADS. 

A clear limitation of this approach are the relatively low silhouette scores for the ARC 

classes. While these scores outperform those of legacy diagnoses, they remain modest 

compared to many other data science applications. This is expected, as ANA-RMDs 
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represent a complex and overlapping disease family, making the definition of clear clusters 

challenging. However, the new ARC classes offer potential therapeutic targets based on 

their gene expression scores, shared clinical features, and, in one class, their non-

inflammatory pathology. Additionally, this approach successfully classifies 100% of ANA-

RMD patients, a substantial improvement over legacy diagnoses. In summary, deep-learning 

approaches are agnostic and able to accommodate multiple different data types and results 

in more inclusive classification criteria with differential long-term outcomes that are replicable 

across cohorts with different ethnic makeups.  
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17 RESULTS 4: PRELIMINARY EXPLORATION OF CAUSAL AND 

PREDICTIVE MODELS USING GENE EXPRESSION FOR 

LONGITUDINAL DISEASE ACTIVITY ACROSS ANA-RMDS 

17.1 INTRODUCTION 

The previous chapters in this thesis have all analysed cross-sectional data. Here, I make use 

of the longitudinal data in DEFINTION Cohort C. 

From the previous chapters, as well as published literature, it is clear that within the 

spectrum of ANA-associated rheumatic musculoskeletal diseases (ANA-RMDs) there are 

shared gene expression signatures that span multiple legacy diagnoses(154,371). These are 

mirrored by overlapping clinical presentations and shared therapeutic targets. The efficacy of 

medications such as the interferon blocking drug Anifrolumab is established in SLE and is 

under investigation in primary Sjogren’s syndrome and Systemic Sclerosis due to a shared 

overactivation of the type 1 interferon (IFN-I) pathway(413,414). The utility of IFN-I assays in 

clinical practice was recently assessed by a EULAR taskforce which concluded that they 

have high potential for implementation in the clinical management of RMDs both within and 

beyond rheumatology(203) Therefore, given their shared biomarker profiles it appears 

logical to explore the possibility of gene signature-based baskets as predictors of therapeutic 

response and longer-term disease outcomes. Ancestry associated gene expression patterns 

have already been identified in the MASTERPLANS cohort which correlated with differential 

responses to rituximab in SLE(203). 

Globally there is a move toward a molecular taxonomy of disease, both within rheumatology 

and medicine as a whole(154,378). This approach is well established within oncology, and in 

the UK, biomarker driven treatment strategies have been in use for some time. The centre 

for Genomics and Oncological research (GENYO) at the University of Granada has been 

instrumental in defining a molecular taxonomy of disease within rheumatology and 

oncology(262,415). Their PRECISESADS cohort comprises 2500 ANA-RMD and 

rheumatoid arthritis patients with healthy controls. Previous work in this cohort identified 

three active gene expression signature clusters (Interferon, lymphoid, inflammatory) and a 

fourth characterised by globally low gene expression and low associated disease activity 

which included multiple healthy controls(262). The scope of this approach has been 

expanded further with the 3TR project which aims to combine and analyse multi-omic data 

from autoimmune, allergic and inflammatory conditions to look for shared molecular and 

microbiome profiles spanning existing diagnoses. Prospective work as part of the 3TR 
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project has expanded this molecular taxonomy of disease approach beyond a single medical 

specialty, performing cross-diagnostic analysis of 7 key diseases (Chronic obstructive 

pulmonary disease, asthma, Crohn’s disease, ulcerative colitis, rheumatoid arthritis, multiple 

sclerosis and systemic lupus erythematosus)(416,417). 

There is interest in understanding the relationship between gene signatures such as IFN-I 

pathway activation from two perspectives. From the point of view of prediction, identifying 

patients at high risk of flare can allow appropriate increased therapy, or glucocorticoid 

tapering. This is particularly important in severe diseases that require more intensive therapy 

such as lupus nephritis. This can be achieved using a predictive multivariable model.  

Another perspective is to understand the causal relationship between gene signatures and 

longitudinal disease activity. This is important to understand the mechanism of inflammation 

and whether certain therapeutic targets (e.g. blocking IFN-I) would be appropriate. 

Historically, multivariable model outputs have been used to attempt such inferences by 

analysing the odds ratios of individual variables. However, it is now recognised that this 

introduces the possibility of “table two fallacy” whereby the effects of individual variables in a 

multivariable model are compared to look for independent predictors and infer relationships 

between them. This is problematic as it leads to the incorrect attribution of causation to these 

odds ratios. Including multiple variables without understanding the relationship between 

them is acceptable for predictive modelling but may be very misleading if causality is then 

inferred. For example, if an exposure is adjusted for a second variable that lies in the causal 

pathway to the outcome of interest, then it’s true effect may be negated or even inverted. 

This was famously seen in the OpenSAFELY study, published in Nature, which included 

both smoking and chronic lung disease as variables in a multivariable model to predict 

severe Covid outcomes(418,419). The authors presented a paper with multiple adjusted 

predictors from a multivariate model. Unfortunately, many readers misconstrued this 

presentation of the data and   came to  the false conclusion that smoking was protective 

against severe Covid when in fact the reverse is true. Causal inference approaches such as 

Directed Acyclic Graphs (DAGs) in the construction of multivariable models is one approach 

to both reduce the incidence of this error and open covariate selection within these models 

to academic scrutiny(420).  

Within Leeds the multi disease DEFINITION cohort C contains 124 of the 300 ANA-RMD 

patients with rich clinical and biomarker phenotyping were followed up sequentially at 

baseline, 3 months and 6 months. This longitudinal follow up data, which is currently lacking 

in this field, may demonstrate how dynamic the IFN-I and other pathways are, as well as 

their relationship to disease activity across ANA-RMDs.  
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In this chapter, I explore both approaches within two subchapters; first the potential value of 

gene expression scores in a predictive model, and second explore a causal model for their 

role in causing flares. These have potential value in identifying when therapy should be 

used, and what class of therapy might be appropriate respectively. These analyses are 

preliminary and exploratory. Robust predictive modelling requires validation processes and 

causal modelling for these questions may be complex including mediation effects. We 

considered such complex work beyond the scope of this thesis. Lastly, I explore changes in 

gene expression scores over time in patients receiving conventional therapy, which may help 

to further understand whether relevant disease processes are effectively inhibited. 

For clarity the results of this chapter are presented as overall cohort findings then as two 

results subchapters detailing the results of the causal inference informed approach and the 

multivariable predictive modelling respectively. 

17.2 HYPOTHESES, AIMS & OBJECTIVES  

17.2.1 Hypothesis  

In ANA-RMD patients:  

1. Specific gene expression signatures are positively correlated with increased disease 

flare rates in longitudinal data.  

2. Baseline gene expression signatures are predictive of subsequent disease flare at 3 

and 6 month follow up after accounting for other known predictors 

3. Baseline gene expression signatures have a causal role in flare 

4. Initiation of immunosuppression is associated with gene expression changes 

17.2.2 Aims 

1. To assess the causal relationship between IFN Score and follow up disease activity 

across ANA-RMDs 

2. To assess predictive models for follow up disease activity including IFN Score and 

other gene expression scores across ANA-RMDs 

3. To assess the impact of conventional immunosuppression and glucocorticoid use on 

longitudinal IFN Score and other gene expression scores. 

17.2.3 Objectives  

1. To use DAG analysis to identify measured and unmeasured factors governing the 

impact of key gene expression scores on disease activity and flare then construct a 

causal model 

2. Evaluate the explanatory power of this model using linear mixed effects modelling 
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3. To construct a predictive model including demographic and clinical variables, IFN 

and other gene expression scores to predict 3 and 6 month disease activity 

4. To assess the responsiveness of specific gene expression scores to changes in 

therapeutics and glucocorticoid exposure using LMER.  

17.3 METHODS 

17.3.1 The DEFINITION cohort  

DEFINITION is a prospective, multi-disease ANA-RMD cohort study in Leeds, United 

Kingdom since May 2017. The primary aim was to better define the role of IFN-I and other 

biomarkers in ANA-RMD so that the use of IFN-I targeted as well as conventional or other 

targeted therapies can be refined. DEFINITION comprises the extensive dataset discussed 

previously within this thesis including several validated gene expression scores as shown in 

Table 6 and the demographic, patient-reported and clinical variables detailed in the general 

methods section..  

17.3.2 Demographics and comorbidity 

We collected baseline age, gender, patient-identified ancestry, smoking status, index of 

multiple deprivation (IMD)(384), Charlson Comorbidity index (CCI)(385), clinical features of 

fibromyalgia, hypermobility and osteoarthritis. Diagnoses were recorded according to 

consultant physician review. This was preferred over diagnostic criteria which are absent in 

UCTD and often unfulfilled in pSS without tissue biopsy.  

17.3.3 Laboratory measures 

Full blood count, complement C3 and C4 levels and ANA subtypes, including anti-double-

stranded DNA, Ro-52, Ro-60, La, Sm, SM/RNP, RNP, Scl-70, Jo-1, Centromere, Chromatin 

and Ribosomal-P antibodies (Bioplex multiplex analyser) were measured in a routine 

diagnostic laboratory. PBMC subsets were analysed using 8-colour flow cytometry as a 

proportion of total PBMC count (T-cells (CD3+CD56-), NK-cells (CD56+), NKT-cells 

(CD3+CD56+), Memory B-cells (CD19+CD27+, Plasmablasts (CD19+/-CD27+CD38++), 

classical monocytes (CD14++CD16-) intermediate monocytes (CD14++CD16+)and non-

classical monocytes (CD14+CD16+)). Tetherin (CD317) mean fluorescence intensity was 

quantified on each cell subset, with memory B-cell level as the primary biomarker(168). 

Two validated interferon-stimulated gene expression scores (IFN Score-A and IFN Score-B) 

were analysed. PBMC were separated using density gradient method (Lymphoprep; Alere-

Technologies, Norway) from EDTA-anticoagulated blood. Total RNA purification kit (Norgen-

Biotek, Canada) was used followed by quantitative real-time reverse transcriptase-PCR 
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(qRT-PCR) using TaqMan assays (Applied Biosystems, Invitrogen) for the selected 30 ISGs 

as previously described(386,387). Scores for genes annotated to plasmablast, myeloid 

lineage, inflammation and erythropoiesis function were included from previously described 

modules, defined based on the known molecular function of the constituent genes(381).  

17.3.4 Clinical assessment 

Disease activity was assessed at baseline and follow up using validated instruments applied 

to all diagnostic groups: EULAR Sjögren's syndrome disease activity index (ESSDAI); British 

Isles Lupus Assessment Group (BILAG) 2004 index; SLEDAI-2K.Rodnan skin score and 

MITAX were collected but not analysed due to limited relevance to clinical features and 

patient numbers. 

Patients who were in clinical disease flare at the time of their appointment were defined by 

the presence of BILAG A/B category disease, MITAX A/B disease or ESSDAI moderate to 

severe disease activity. Information on therapeutic changes including new oral 

immunosuppressive agents, dose escalation, antimalarial and glucocorticoid therapy was 

collected at each visit.  

17.3.5 Patient-reported outcomes 

Patient-reported disease impact was assessed at each appointment using the following: 36-

item Short Form Survey (SF36) – Composite and domain scores; EuroQol-5 Dimension 5-

level Score (EQ5D-5L) – Index and domain scores; ICECAP-A; Patient-reported visual 

analogue scales (VAS); Arthritis-VAS; Pain-VAS; Global-VAS; Fatigue-VAS; Global health-

VAS and Early Morning Stiffness-VAS. 

17.3.6 Statistical analysis and mixed effects modelling 

Statistical analysis and data visualisation utilised the heatmap, corrplot(v0.92), 

ggplot2(v3.5.1) and tableone(v0.13.2) packages.in R version 4.1.2(421–424).  Initial 

multivariable analysis was carried out using the glm function from the stats package in 

R(425). Multiple group comparison employed Kruskal-Wallis testing, while twin group 

comparisons of categorical and continuous variables utilized Chi-square and T-tests, 

respectively. Directed acyclic graphs were created using the Dagitty package in R 

(v3.1)(359). Mediation analysis was carried out using the Mediation package in 

R(v4.5.0)(363).  

Linear mixed effects modelling incorporating fixed and random effects was carried out using 

the lme4 package in R(v1.1-35.5)(426). Variance inflation factor (VIF) calculations used the 

car R(v3.1-2) package (427). 6 gene expression scores (IFN Score A and B, Plasmablast, 

Myeloid, Erythropoiesis and Inflammation scores), age and Charlson Comorbidity Index 
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(CCI) were modelled using a linear effect. Anti Ro antibody positivity (Ro52 or Ro60), Anti-

RNP/Sm/SmRNP positivity, baseline glucocorticoid dose escalation, new 

hydroxychloroquine therapy at baseline  and ethnicity (Characterised as European yes/no 

due to low sample sizes) were modelled using binary outcomes. 

17.4 SHARED RESULTS 

17.4.1 Baseline variables 

Key baseline variables of DEFINTION Cohort C are summarized in Table 16 . The overall 

sample of 124 ANA-RMD patients contained: SLE n=46, UCTD n=49, pSS n=16, IM n=7, 

SSc n=4, MTCD n=2. Charlson comorbidity index (CCI) was highest in the SSc patients (4.0, 

p<0.02) and Physician global assessment (PGA) was highest in IM patients (6.21, p<0.02). 

There were no significant differences in gene expression scores between diagnoses. At 

baseline we identified 56 who were in clinical disease flare at the time of their appointment 

as defined by the presence of BILAG A/B category disease, MITAX A/B disease or ESSDAI 

moderate to severe disease activity. 

Follow up visits were conducted at 3 (n=58) and 6 months (n=68). During these visits clinical 

and therapeutic use information was collected along with laboratory, clinical and disease 

activity variables. Follow up was incomplete due to patients not attending their appointments. 

This was particularly impacted by the Covid pandemic at the time of this study. For this 

reason, numbers of patients with each diagnosis differs across time points. At 3 months, 31 

(53.4%) and 6 months, 25 (36.8%) of patients were in disease flare. PGA scores were 

significantly lower at 3 and 6 month follow up with respect to baseline (BL 3.38, 3mth 2.28 

and 6mth 2.77, p<0.02) consistent with the benefit of therapies prescribed at baseline to 

flaring patients.
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Characteristic IM MCTD pSS SLE SSc UCTD p 

n 7 2 16 46 4 49  

Demographics        

Age (mean (SD)) 50.0 (17.2) 59.0 (14.1) 48.6 (14.1) 43.5 (12.1) 58.5 (4.9) 48.3 (13.1) 0.259 

Male gender(%) 4 (57.1) 0 (0.0) 1 (6.2) 8 (17.4) 1 (25.0) 7 (14.3) 0.070 

Ethnicity (%)       0.813 

   Asian 0 (0.0) 0 (0.0) 2 (12.5) 9 (20.5) 1 (25.0) 4 (8.9)  

   Black 0 (0.0) 0 (0.0) 0 (0.0) 4 (9.1) 0 (0.0) 7 (15.6)  

   Other/Mixed 0 (0.0) 0 (0.0) 1 (6.2) 3 (6.8) 0 (0.0) 4 (8.9)  

   Unknown 0 (0.0) 0 (0.0) 2 (12.5) 2 (4.5) 0 (0.0) 4 (8.9)  

   White 7 (100.0) 2 (100.0) 11 (68.8) 26 (59.1) 3 (75.0) 26 (57.8)  

Index of Multiple Deprivation Rank 

(mean (SD)) 
13786 (12974) 16650 (NA) 18177 (10871) 13092 (10096) 6437 (NA) 12790 (9582) NA 

Charlson Comorbidity Index (mean 

(SD)) 
2.71 (2.36) 4.00 (4.24) 2.38 (1.15) 1.80 (1.22) 4.00 (3.46) 1.88 (1.33) 0.017 

Laboratory        

dsDNA (%) 0 (0.0) 0 (0.0) 1 (6.2) 19 (41.3) 1 (25.0) 14 (36.8) 0.041 
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Characteristic IM MCTD pSS SLE SSc UCTD p 

Ro60 (%) 1 (14.3) 0 (0.0) 13 (81.2) 21 (45.7) 0 (0.0) 10 (26.3) 0.001 

Ro52 (%) 2 (28.6) 0 (0.0) 10 (62.5) 13 (28.3) 0 (0.0) 2 (5.3) <0.001 

La (%) 0 (0.0) 0 (0.0) 5 (31.2) 7 (15.2) 0 (0.0) 0 (0.0) 0.014 

Sm (%) 0 (0.0) 0 (0.0) 0 (0.0) 11 (23.9) 0 (0.0) 1 (2.6) 0.012 

SmRNP(%) 0 (0.0) 1 (50.0) 0 (0.0) 14 (30.4) 0 (0.0) 5 (13.2) 0.024 

RNP (%) 0 (0.0) 1 (50.0) 0 (0.0) 7 (15.2) 0 (0.0) 1 (2.6) 0.036 

Jo1 (%) 2 (28.6) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) <0.001 

Centromere (%) 0 (0.0) 0 (0.0) 0 (0.0) 1 (2.2) 1 (25.0) 2 (5.3) 0.229 

Chromatin (%) 0 (0.0) 1 (50.0) 0 (0.0) 17 (37.0) 0 (0.0) 5 (13.2) 0.004 

Ribosomal P (%) 0 (0.0) 0 (0.0) 0 (0.0) 4 (8.7) 0 (0.0) 1 (2.6) 0.606 

Lupus anticoagulant (%) 0 (0.0) 0 (0.0) 1 (6.2) 0 (0.0) 0 (0.0) 0 (0.0) 0.295 

Lymphocyte count (mean (SD)) 1.20 (0.53) 2.05 (NA) 1.19 (0.51) 1.07 (0.47) NaN (NA) 1.34 (0.69) NA 

Gene expression        

IFN Score A (mean (SD)) 4.79 (2.06) 6.25 (0.18) 4.08 (1.50) 4.33 (2.07) 4.65 (1.10) 5.15 (1.82) 0.184 

IFN Score B (mean (SD)) 4.28 (1.12) 5.52 (0.94) 4.56 (1.11) 4.60 (1.46) 4.37 (0.51) 4.83 (1.46) 0.794 
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Characteristic IM MCTD pSS SLE SSc UCTD p 

Plasmablast Score (mean (SD)) 8.54 (1.41) 9.31 (1.41) 8.45 (0.98) 8.36 (1.20) 8.66 (0.72) 8.54 (1.20) 0.885 

Myeloid Score (mean (SD)) 4.19 (1.10) 5.41 (0.98) 4.69 (1.27) 4.55 (1.39) 4.29 (0.61) 4.75 (1.48) 0.831 

Erythropoiesis Score (mean (SD)) 7.03 (0.80) 7.82 (1.25) 7.04 (1.13) 7.29 (1.48) 7.00 (0.42) 7.17 (1.64) 0.969 

Inflammation Score (mean (SD)) 5.05 (0.97) 5.51 (0.72) 5.57 (1.34) 5.30 (1.52) 5.03 (0.82) 5.41 (1.45) 0.958 

Disease activity         

PGA (mean (SD)) 6.21 (2.34) 2.30 (0.71) 3.22 (1.91) 3.56 (2.63) 3.25 (0.92) 2.76 (2.05) 0.020 

Overall disease flare(%) 5 (71.4) 0 (0.0) 9 (56.2) 22 (47.8) 2 (50.0) 18 (36.7) 0.310 

Patient reported outcomes        

VAS Arthritis (mean (SD)) 5.12 (2.50) 2.00 (NA) 4.28 (4.38) 5.51 (2.97) 5.30 (NA) 6.18 (2.09) NA 

VAS Global (mean (SD)) 3.97 (1.51) 4.40 (3.39) 3.84 (3.19) 5.55 (2.86) 6.15 (1.06) 5.83 (2.56) 0.183 

VAS Pain (mean (SD)) 5.35 (2.03) 3.65 (3.61) 4.29 (3.36) 5.07 (2.87) 5.85 (0.92) 5.77 (2.16) 0.596 

VAS Fatigue (mean (SD)) 5.17 (2.24) 8.75 (0.64) 4.71 (3.38) 6.19 (2.99) 5.10 (0.00) 6.32 (2.75) 0.326 

VAS Early Morning Stiffness (mean 

(SD)) 
4.18 (2.07) 6.65 (1.91) 4.14 (4.09) 5.28 (2.88) 5.70 (0.14) 6.41 (2.66) 0.232 

Table 16: Baseline characteristics of DEFINITION cohort C
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Characteristic Baseline 3 months 6 months p 

n 124 58 68  

Demographics     

Age (mean (SD)) 47.1 (13.2) 46.4 (13.8) 46.8 (12.6) 0.960 

Gender = M (%) 21 (16.9) 11 (19.0) 15 (22.1) 0.685 

Ethnicity (%)    0.823 

   Asian 16 (13.6) 10 (17.5) 10 (15.4)  

   Black 11 (9.3) 1 (1.8) 5 (7.7)  

   Other/Mixed 8 (6.8) 5 (8.8) 6 (9.2)  

   Unknown 8 (6.8) 4 (7.0) 3 (4.6)  

   White 75 (63.6) 37 (64.9) 41 (63.1)  

Index of Multiple Deprivation Rank (mean 

(SD)) 
13864 (10086) 14936 (9320) 14477 (9605) 0.833 

Charlson Comorbidity Index (mean (SD)) 2.06 (1.54) 2.04 (1.37) 1.92 (1.29) 0.811 

Diagnosis (%)    0.848 
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Characteristic Baseline 3 months 6 months p 

   IM 7 (5.6) 2 (3.7) 3 (4.6)  

   MCTD 2 (1.6) 1 (1.9) 1 (1.5)  

   pSS 16 (12.9) 8 (14.8) 6 (9.2)  

   SLE 46 (37.1) 22 (40.7) 29 (44.6)  

   SSc 4 (3.2) 0 (0.0) 0 (0.0)  

   UCTD 49 (39.5) 21 (38.9) 26 (40.0)  

Laboratory     

dsDNA (%) 35 (31.0) 20 (40.8) 23 (36.5) 0.451 

Ro60 (%) 45 (39.8) 20 (40.8) 23 (36.5) 0.877 

Ro52 (%) 27 (23.9) 13 (26.5) 12 (19.0) 0.623 

La (%) 12 (10.6) 5 (10.2) 6 (9.5) 0.974 

Sm (%) 12 (10.6) 5 (10.2) 5 (7.9) 0.842 

SmRNP (%) 20 (17.7) 12 (24.5) 12 (19.0) 0.602 

RNP (%) 9 (8.0) 6 (12.2) 4 (6.3) 0.520 

Jo1 (%) 2 (1.8) 1 (2.0) 1 (1.6) 0.984 
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Characteristic Baseline 3 months 6 months p 

Centromere (%) 4 (3.5) 0 (0.0) 1 (1.6) 0.344 

Chromatin (%) 23 (20.4) 13 (26.5) 10 (15.9) 0.382 

Ribosomal P (%) 5 (4.4) 2 (4.1) 2 (3.2) 0.920 

Lupus anticoagulant (%) 1 (0.9) 0 (0.0) 0 (0.0) 0.608 

Lymphocyte count (mean (SD)) 1.19 (0.56) 1.51 (1.14) 1.26 (0.56) 0.067 

Gene expression     

IFN Score A (mean (SD))* 4.69 (1.90) 5.26 (1.87) 5.35 (1.62) 0.028 

IFN Score B (mean (SD))* 4.67 (1.37) 5.34 (1.30) 5.55 (1.14) <0.001 

Plasmablast Score (mean (SD))* 8.48 (1.17) 8.58 (1.02) 8.83 (1.01) 0.108 

Myeloid Score (mean (SD))* 4.63 (1.37) 5.36 (1.39) 5.29 (1.38) <0.001 

Erythropoesis Score (mean (SD))* 7.19 (1.44) 7.58 (1.38) 8.05 (1.41) <0.001 

Inflammation Score (mean (SD))* 5.36 (1.40) 5.93 (1.38) 5.76 (1.40) 0.022 

Disease activity     

PGA (mean (SD)) 3.38 (2.39) 2.28 (1.93) 2.77 (2.28) 0.011 

Overall disease flare (%) 56 (45.2) 31 (53.4) 25 (36.8) 0.171 
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Characteristic Baseline 3 months 6 months p 

Patient reported outcomes     

VAS Arthritis (mean (SD)) 5.54 (2.72) 4.50 (2.94) 4.47 (3.03) 0.146 

VAS Global (mean (SD)) 5.28 (2.76) 4.65 (2.77) 4.42 (2.61) 0.123 

VAS Pain (mean (SD)) 5.23 (2.63) 4.13 (2.73) 3.92 (2.49) 0.007 

VAS Fatigue (mean (SD)) 5.99 (2.91) 5.36 (3.03) 4.91 (3.00) 0.081 

VAS Early Morning Stiffness (mean (SD)) 5.59 (2.88) 4.53 (2.75) 4.51 (2.62) 0.032 

*Note that gene expression scores are untransformed delta-CT, so numerically higher values indicate lower expression 

Table 17: Summary variables at baseline, 3 and 6 month follow up
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17.4.2 Therapeutic changes over follow up period 

Therapeutic management over follow up is summarised in Error! Reference source not 

found.. Glucocorticoid dose escalations were notably more frequent at baseline and 3 

month follow up with respect to 6 months. At every appointment >10% of patients had 

escalations in dose or started a new oral DMARD/IS. Hydroxychloroquine initiation was 

common with a >10% frequency over the first 2 follow up visits. There was also a general 

trend toward greater therapeutic change at baseline and 3 months relative to 6 month follow 

up. 

 

Figure 23: Therapeutic management at baseline, 3 and 6 months follow up 

17.4.3 Disease activity over follow up  

Proportion of patients in disease flare at each follow up visit are summarised in Error! 

Reference source not found..  There was a non-significant reduction in disease flare over 

time (p = 0.66, f = 0.34) with a peak prevalence at 3 months follow up. This mirrors the 

highest incidence of glucocorticoid escalations in Error! Reference source not found.. 
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Figure 24: Proportion of patients in disease flare at follow up 
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17.5 RESULTS SUBCHAPTER 1: CAUSAL MODEL TO IDENTIFY FACTORS FOR 

LINEAR MIXED EFFECTS MODEL ANALYSIS 

Within this results subchapter I present the results of a causal inference informed approach 

to modelling within the DEFINITION C cohort. 

17.5.1 Directed acyclic graph analysis 

To determine key variables and causal inference pathways prior to multivariate analysis 

directed acyclic graph analysis was carried out. This pathway was synthesized following 

formalized consultation with experts in ANA-RMD and interferon-associated disease.  This 

took the form of a focus group with 2 experts in autoimmune disease and interferonopathy 

and a statistician. Directed acyclic graphs were drafted using the Dagitty package in R. 

The resulting DAG pathway is summarised in Figure 25  DAG analysis identified non-white 

ethnicity and ENA Ro or RNP antibody positivity, as important covariates for correction when 

synthesizing a causal pathway.. Logistic regression models were created using these 4 

baseline covariates as predictors of subsequent disease flare at 3 and 6 month follow up. 

These are summarised in Table 18, none were found to be statistically significant predictors 

of subsequent disease flare at follow up. 
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Figure 25: Impact of IFN-I expression on long term outcomes. B/L = baseline, F/U = follow up, DA = disease activity, IS = immunosuppression
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 Covariate estimate std.error statistic p value 

IFN Score A as a baseline predictor of flare at 3 months 

1 (Intercept) -0.79 1.05 -0.75 0.45 

2 IFN Score A 0.09 0.17 0.52 0.61 

3 Anti-Ro positivity 0.27 0.60 0.45 0.66 

4 RNP/SmRNP or Sm positivity 0.64 0.72 0.89 0.37 

5 European ancestry 0.31 0.62 0.50 0.61 

IFN Score B as a baseline predictor of flare at 3 months 

1 (Intercept) -1.55 1.40 -1.10 0.27 

2 IFN Score B 0.22 0.23 0.95 0.34 

3 Anti-Ro positivity 0.24 0.60 0.41 0.68 

4 RNP/SmRNP or Sm positivity 0.70 0.73 0.96 0.34 

5 European ancestry 0.37 0.62 0.59 0.56 

IFN Score A as a baseline predictor of flare at 6 months 

1 (Intercept) -2.28 1.12 -2.04 0.04 

2 IFN Score A 0.20 0.17 1.17 0.24 

3 Anti-Ro positivity 0.78 0.60 1.29 0.20 

4 RNP/SmRNP or Sm positivity 0.08 0.70 0.11 0.91 

5 European ancestry 0.72 0.60 1.20 0.23 

IFN Score B as a baseline predictor of flare at 6 months 

1 (Intercept) -2.29 1.35 -1.70 0.09 

2 IFN Score B 0.20 0.22 0.92 0.36 

3 Anti-Ro positivity 0.66 0.58 1.14 0.25 

4 RNP/SmRNP or Sm positivity -0.04 0.68 -0.05 0.96 

5 European ancestry 0.82 0.59 1.38 0.17 
Table 18: Causal inference informed logistic regression models for baseline IFN scores as predictors of 3- and 6-month flare 
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17.5.2 Linear mixed effects modelling 

Linear mixed effect models were constructed as explained in the methods in section 17.3.6. 

Patients were analysed as an overall cohort to identify general trends in the data. then 

subset by those who received new oral immunosuppressants at baseline and by those in 

disease flare at baseline. The rationale for these sub analyses was to explore whether gene 

expression scores in different patient subgroups were affected differentially by disease 

activity and therapeutic changes.  

Overall linear mixed effects modelling of Cohort C patient using all n=250 patient visits 

showed small but significant improvements in IFN Score B and Erythropoiesis scores at 6 

months characterised by increases in ΔCT values (Estimate 0 51, p=0.04 for IFN Score B) 

and (Estimate = 0.64,  p=0.01 for Erythropoiesis score)(Error! Reference source not 

found.). The IFN Score A model demonstrated borderline significant increases in gene 

expression (Characterised by reduction in ΔCT values) associated with RNP (Estimate -

0.93, p = 0.09) and Ro antibody (Estimate -0.88, p=0.06) positivity(Error! Reference source 

not found.).  

Other covariates demonstrated small borderline effects on overall gene expression scores 

with wide 95% confidence intervals as depicted in Error! Reference source not found.. 

Random effects sizes were substantial for all gene expression models particularly IFN Score 

A which showed substantial dispersion in comparison to  IFN Score B with a random effects 

variance of 1.883 (Error! Reference source not found.). Although random effects variance 

was reduced in IFN Score B compared to A, residual variance remained high (Variance 

=1.28, SD = 1.13).  

17.5.2.1 Subset by therapeutic initialisation  

Given the known modifying effects of oral IS/DMARD therapy on gene expression a subset 

analysis was carried out on 17 patients who started on oral DMARD at their baseline 

appointment. Given the small sample size limited conclusions can be drawn from this data. 

IFN Score B and Erythropoiesis scores  improved (characterised by increases in ΔCT 

values) with increasing visit number (Estimates 0.43 and 0.51, p values 0.01 and 0.16, 

respectively)(Error! Reference source not found.) Random effects variance was notably 

higher in IFN Score A, Myeloid and Inflammatory scores relative to the others (Error! 

Reference source not found.). Random effects and residual variance were lowest in the 

Plasmablast score model (Error! Reference source not found.). 

17.5.2.2 Subset by baseline flare 

Subset analysis was also carried out on 56 patients noted to be in disease flare at baseline. 

This demonstrated higher IFN Score A and B gene expression (Represented by  a 
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borderline lower ΔCT values) associated with Ro antibody positivity in keeping with its 

known biological function (Estimate -0.41, p = 0.09) (Error! Reference source not found.). 

Plasmablast signatures improved significantly with commencement of new oral DMARDs at 

baseline (Estimate 0.75, p = 0.024) (Error! Reference source not found.). Plasmablast 

(Variance =0.42) and IFN Score B models (Variance = 0.57) had the lowest random effects 

variance of all the models(Error! Reference source not found.Error! Reference source 

not found.). Residual variance was again lowest in the plasmablast score model(Error! 

Reference source not found.).  

17.5.2.3 Preliminary mediation analysis of baseline flare subset 

Preliminary mediation analysis of the baseline flare subset of patients with IFN Score B as 

the exposure, flare at 3 months as the outcome and commencement of new 

hydroxychloroquine, new glucocorticoid therapy or a new DMARD as the 3 mediators 

demonstrated no significant direct or mediated effect of IFN-Score B on 3-month disease 

flare. Mediation analysis was not performed within the oral DMARD starter subset as sample 

sizes were too small to draw significant conclusions. 

17.5.2.4 Variance Inflation Factor (VIF) analysis  

VIF analysis of the models synthesised with the covariates above showed no significant 

multicollinearity (VIF<2) associated with any of the models for each of the gene expression 

scores.
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Figure 26: Fixed effects for all Cohort C patients with follow up. Note that gene expression scores are untransformed delta-CT, so numerically higher values indicate lower 

expression 

Point estimates greater than zero (blue) indicate that the factor is associated with increased gene expression during follow up compared to 

baseline. Point estimates less than zero (red) indicate that the factor is associated with reduced gene expression during follow up. Error bars 

represent 95% confidence intervals.  
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Figure 27: Fixed effects for all Cohort C patients in disease flare at baseline. Note that gene expression scores are untransformed delta-CT, so numerically higher values 

indicate lower expression 

Point estimates greater than zero (blue) indicate that the factor is associated with increased gene expression during follow up compared to 

baseline. Point estimates less than zero (red) indicate that the factor is associated with reduced gene expression during follow up. Error bars 

represent 95% confidence intervals.  
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Figure 28: Fixed effects for all Cohort C patients starting a new DMARD at baseline. Note that gene expression scores are untransformed delta-CT, so numerically higher 

values indicate lower expression 

Point estimates greater than zero (blue) indicate that the factor is associated with increased gene expression during follow up compared to 

baseline. Point estimates less than zero (red) indicate that the factor is associated with reduced gene expression during follow up. Error bars 

represent 95% confidence intervals.   
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Model Population Random effects variance (SD) Residual variance (SD) 

IFN Score A All Cohort C 1.883 (1.372) 1.149 (1.072) 

IFN Score B All Cohort C 0.1996 (0.4467) 1.2829 (1.1327) 

Plasmablast score All Cohort C 0.4964 (0.7046) 0.6093 (0.7806) 

Myeloid score All Cohort C 0.6356 (0.7972) 1.2219 (1.1054) 

Inflammation score All Cohort C 0.8209 (0.906) 1.0539 (1.027) 

Erythropoiesis score All Cohort C 0.5363 (0.7323) 1.318 (1.1481) 

IFN Score A Flare patients at baseline 1.8962 (1.3770) 0.8183 (0.9046) 

IFN Score B Flare patients at baseline 0.5651 (0.7517) 0.9314 (0.9651) 

Plasmablast score Flare patients at baseline 0.4244 (0.6515) 0.5289 (0.7273) 

Myeloid score Flare patients at baseline 1.138 (1.067) 0.895 (0.946) 

Inflammation score Flare patients at baseline 1.4855 (1.2188) 0.8493 (0.9216) 

Erythropoiesis score Flare patients at baseline 0.7611 (0.8724) 1.2104 (1.1002) 

IFN Score A New DMARD at baseline 3.3798 (1.8384) 0.2618 (0.5117) 

IFN Score B New DMARD at baseline 0.9358 (0.9766) 0.4550 (0.6746) 

Plasmablast score New DMARD at baseline 1.3367 (1.156) 0.2333 (0.483) 

Myeloid score New DMARD at baseline 0.7864 (0.8868) 0.4451 (0.6672) 

Inflammation score New DMARD at baseline 1.3768 (1.1734) 0.4501 (0.6709) 

Erythropoiesis score New DMARD at baseline 0.3654 (0.6044) 0.7324 (0.8558) 

Table 19: REML, random effects and residual variance for mixed effects mode
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17.6 RESULTS SUBCHAPTER 2: CAUSAL MODEL TO IDENTIFY FACTORS FOR 

LINEAR MIXED EFFECTS MODEL ANALYSIS 

Following a causal inference defined approach multivariable modelling was used to assess 

the collective predictive utility of baseline clinical, demographic, laboratory, and gene 

expression variables for disease flare prediction at 3 and 6 months, irrespective of the causal 

pathway. Given the complex pathophysiological mechanisms underlying ANA-RMD disease 

flare, this approach was employed to account for potential confounders and interactions 

between covariates. 

17.6.1 Model composition 

Multivariable logistic regression (MVA) was carried out using baseline demographic, clinical 

and laboratory factors as predictors of disease flare at 3 and 6 months. For these models 6 

gene expression scores were incorporated alongside Age, European/non-European 

ancestry, Charlson Comorbidity Index, new baseline treatment with Hydroxychloroquine 

(HCQ) or glucocorticoids and the presence of either Ro52/60 or RNP/SmRNP antibody 

positivity. Unfortunately, due to small sample sizes, more detailed analysis of ancestry using 

more specific subsets was not possible. Individual ANA values were amalgamated due to 

significant multicollinearity within a small sample size model. Further therapeutic subsets 

could not be incorporated again due to small sample sizes available for analysis.  

17.6.2 Multivariable predictive model (Baseline predictors of flare at 3 months) 

The multivariable predictive model for baseline predictors of flare is shown in Table 20. 

Standard error values for several covariates were high in keeping with the small sample 

sizes available for modelling. Nagelkerke’s R2 value was calculated as 0.410, suggesting 

that the model was able to explain approximately 41% of the total variance. The Hosmer-

Lemeshow test value gave a p value of 0.139 suggesting no significant lack of fit within the 

model. 

A receiver operating curve plot for the 3-month predictive model is shown in Figure 29. The 

AUROC value of 0.843 suggested acceptable discrimination, within the context of an overall 

small sample size model. Summary statistics for this model and the 6-month predictive 

model are shown in Table 22.
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Covariate estimate std.error statistic p value 

(Intercept) 5.83 5.13 1.14 0.26 

IFN Score A -0.23 0.46 -0.5 0.62 

IFN Score B 1.04 1.6 0.65 0.52 

Plasmablast Score -0.46 0.56 -0.82 0.41 

Myeloid Score 2.1 1.67 1.26 0.21 

Erythropoesis Score -0.47 0.96 -0.49 0.62 

Inflammation Score -2.25 1.33 -1.69 0.09 

Age -0.06 0.05 -1.14 0.25 

Charlson Comorbidity Index 0.26 0.46 0.58 0.57 

Ro 52 or 60 positivity 0.64 1 0.64 0.52 

RNP or SmRNP positivity 1.62 1.13 1.43 0.15 

New HCQ at baseline 1.42 1.5 0.94 0.35 

New glucocorticoid at baseline 0.72 0.81 0.89 0.38 

White Ethnicity 1.45 1.06 1.37 0.17 

Table 20: Multivariable analysis of baseline predictors of flare at 3 month follow up 

17.6.3 Multivariable predictive model (Baseline predictors of flare at 6 months) 

The multivariable predictive model for baseline predictors of flare is shown in Table 21. 

Standard error values for several covariates were high in keeping with the small sample 

sizes available for modelling. Nagelkerke’s R2 value was calculated as 0.302, suggesting 

that the model was only able to explain approximately 30% of the total variance. The 

Hosmer-Lemeshow test value gave a p value of 0.438 suggesting no significant lack of fit 

within the model. 

A receiver operating curve plot for the 6-month predictive model is shown in Figure 29. The 

AUROC value of 0.786 suggested acceptable discrimination, within the context of an overall 

small sample size model. Summary statistics for both multivariable models are shown in 

Table 22.  
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Covariate estimate std.error statistic p value 

(Intercept) -6.16 3.70 -1.67 0.10 

IFN Score A 0.26 0.33 0.80 0.43 

IFN Score B 0.24 0.96 0.26 0.80 

Plasmablast Score 0.63 0.47 1.35 0.18 

Myeloid Score -0.09 1.14 -0.08 0.94 

Erythropoesis Score 0.10 0.61 0.16 0.87 

Inflammation Score -0.38 0.89 -0.43 0.67 

Age -0.07 0.05 -1.56 0.12 

Charlson Comorbidity Index 0.53 0.37 1.43 0.15 

Ro 52 or 60 positivity 0.85 0.89 0.95 0.34 

RNP or SmRNP positivity 0.10 0.88 0.12 0.91 

New HCQ at baseline 0.49 1.11 0.44 0.66 

New glucocorticoid at baseline 0.48 0.84 0.57 0.57 

White Ethnicity 1.18 0.90 1.32 0.19 

Table 21: Multivariable analysis of baseline predictors of flare at 6 month follow up 

 

 

Multivariable analysis - 3mth flare prediction   

Balanced Accuracy  0.76 

AUROC 0.84 

Specificity 0.70 

Sensitivity 0.83 

Positive Predictive Value 0.76 

Negative Predictive Value 0.78 

Multivariable analysis - 6mth flare prediction   

Balanced Accuracy  0.69 

AUROC 0.79 

Specificity 0.74 

Sensitivity 0.63 

Positive Predictive Value 0.60 

Negative Predictive Value 0.77 

Table 22: Summary statistics for 3- and 6-month multivariable predictive models 
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Figure 29: Receiver Operating Curves for 3 month and 6-month multivariable predictive models
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17.1 DISCUSSION 

17.1.1 Causal Modelling Discussion 

Unfortunately, within the framework of the current study gene expression scores in isolation 

were poorly predictive of 3- and 6-month disease flare in the proposed causal model. This 

suggests either a lack of association, or that the generated models had omitted key 

covariates in the causal pathway linking gene expression scores such as the baseline IFN 

score to the measured outcomes of flare at 3 and 6 months. The complex interweaving 

causal pathways involved linking these gene expression scores to 6 month follow up, via 

differential therapeutic utilisation affected by disease label, disease activity and individual 

factors would necessitate extensive mediation analyses which were felt to be beyond the 

scope of this doctorate. 

Causal inference informed logistic regression modelling of IFN scores as predictors of 

subsequent disease flare failed to identify a robust causal association. As mentioned above 

this could suggest an absence of causal association between gene expression scores or 

alternatively significant flaws within the drafted DAG and causal pathway. In truth the 

proposed DAG is likely overly naïve in the context of the complex interwoven causal 

pathway linking baseline gene expression scores to subsequent disease flare. These 

assumptions would need to be refined and reassessed in future work. DAG analysis allows 

for these assumptions to be documented formally, allowing empirical improvement as we 

refine our understanding of the causal pathway. 

Secondary analysis of subgroups of patients included those starting new 

immunosuppression and those in flare at study baseline Sample sizes for subgroup analysis 

of oral DMARD samples were small with only 17 patients starting an oral 

immunosuppressant at baseline. Because of this drawable conclusions are limited and 

further sub-analysis looking at individual DMARD choices was not possible. This was felt to 

be in large part due to the impact of the COVID-19 pandemic on the recruitment of the 

Cohort C study arm, as non-essential visits were heavily restricted during this recruitment 

phase. Consequentially sample sizes available for modelling were small, with key covariates 

underrepresented. The exclusion of non-essential visits may have also created further 

selection pressures with only high disease activity or high symptom burden patients 

attending for clinical review. Moreover, those patients on more immunosuppressive 

treatments may also have been disincentivised from attending hospital follow up during this 

time due to the risk of nosocomial COVID-19 infection. 
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Large residual effect sizes particularly within IFN Score B, Myeloid and Inflammation score 

based linear mixed effects models in both unselected Cohort C patients and the flare subset 

suggest a high degree of unexplained variability not accounted for within this modelling 

approach. This implies the need for further work in defining input covariates and causal 

inference pathways for these models. This contrasts with the lower observed variance in the 

Plasmablast score models, suggesting that this analysis performed better for certain gene 

expression scores than others.  Effect sizes may also be very small and would require a 

larger sample size, something severely hampered by poor recruitment during the COVID-19 

pandemic. Further work in this area may need to utilise a smaller number of covariates 

within predictive modelling because of this under recruitment. 

17.1.2 Multivariable Modelling Discussion 

This approach was broadened in response to this with the addition of multivariable predictive 

analysis which was able to define an effective predictive model using a composite of clinical, 

demographic and biomarker data. The applicability of using a gene expression panel in 

routine clinical practice is questionable at present, however these modelling approaches 

could be refined and may have some utility in the clinic. This should be expanded upon and 

explored in further work.  

17.1.3 Overall Discussion 

Several issues may in part explain the difficulties when utilising this longitudinal data. 

DEFINITION Cohort C was recruited as a subset of the overall Cohort B with either active 

disease on presentation or perceived disease lability over the preceding months. However, 

in practice this may have introduced a significant selection bias component into the 

observational study. In practice many of these patients were recruited with active disease at 

baseline, or conceptually due to other clinician defined poor prognostic markers which would 

predispose to flare. This may have introduced a Berkson’s paradox whereby low disease 

activity and low biomarker patients are systematically excluded from the cohort causing a 
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falsely negative correlation or abrogating any possible effect. This is depicted in Figure 30. 

 

Figure 30: Berkson's paradox as applied to DEFINITION Cohort C 

These issues are commonly encountered throughout the literature, in fact higher IFN-I 

expression has been associated with both increased disease activity and paradoxical 

reductions in fatigue scores in a previous study(428). Within this study the relationship was 

thought to be paradoxical, however it may itself be due to similar selection bias issues to 

those experienced here. Particularly in the context of mounting evidence for the role of IFN-I 

in ANA-RMD pathogenesis. Alternatively molecular approaches using single cell sequencing 

to characterise transcriptional and epigenetic signatures associated with disease flare in 

ANA-RMDs could be applied, similar to those underway in SLE(429). This may permit 

greater fidelity when identifying common predictive signatures. 

In summary this work demonstrates the utility and pitfalls of applying causal inference 

methodologies both within the study design and analysis phases when answering these 

clinical questions. Gene expression scores appear to have some utility and responsiveness 

to standard of care DMARD therapies, however high residual variance within this modelling 

appears to suggest that as yet unidentified extraneous factors significantly impact their 

expression. Future work in this area should extend the directed acyclic graph approach to 

causal models and incorporate it in the planning stages of future data collection, rather than 

apply it retrospectively as was the case here. Unfortunately, the COVID-19 pandemic 

significantly impacted the Cohort C arm of the DEFINITION study and therefore limited the 

potential conclusions we can draw from this work.  
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18 DISCUSSION 

18.1 GENERAL DISCUSSION OF RESULTS 

Within this thesis I explored a variety of novel approaches to the central problem of 

reclassification and disease stratification within the field of ANA-RMDs. Each of these 

approaches had different strengths and weaknesses, culminating in my hybrid approach 

utilising the PRECISESADS and DEFINITION cohorts. Throughout this process I have been 

able to develop skills ranging from basic clustering techniques in pure biomarker datasets, 

identifying basket populations of interest through my work in ANA-arthritis to applying 

complex deep learning methodology, causal inference approaches and mixed effects 

modelling to address different clinical questions.  

Deep learning techniques proved effective in addressing the key problems of high 

dimensionality and sparsely populated datasets which have been problematic for previous 

researchers working in the field. This approach was also able to amalgamate data from 

clinical and biomarker data and its replication in two large ANA-RMD cohorts represents the 

primary output of this doctorate. The progression from flow cytometry-based biomarker-

defined clusters, through clinically defined ANA arthritis, to a hybrid approach culminating in 

the evaluation of key gene expression scores highlights an evolving methodology for 

reclassification. This pathway illustrates the increasing sophistication and precision in 

categorizing disease states, utilising cellular biomarkers and clinical phenotypes, ultimately 

integrating gene expression and therapeutic insights to enhance classification accuracy. This 

process also demonstrated key weaknesses within the approaches outlined, particularly 

Results 1 and Results 4 as discussed in detail below.  

Processing of text fields using 1-hot encoding proved sufficient to generate clinically 

significant ARC classes, however future work should consider employing text parsing 

techniques such as word2vec or GLoVe. These were briefly trialed in this work but not 

employed due to significant input spelling errors of medical terms during data entry into the 

DEFINITION dataset which were not correctable using automated functions. This 

necessitated manual review and correction of free text fields which was ultimately time 

consuming. Additionally, the PRECISESADS dataset did not contain the same narrative field 

format, so replication of more advanced text tokenization approaches such as these would 

have been problematic. 

Within this thesis there is a defined progression from naïve, low complexity preliminary work 
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using simple clustering on flow cytometry data, through GMM in clinically derived clusters 

and on to deep learning-based approaches, mixed effects modelling, mediation analysis and 

causal inference methodology as the doctorate has progressed. This expansion of my 

skillset I believe is evidenced by this mounting complexity and represents in many ways the 

primary output of this work. 

18.1.1 Discussion of Results 1 

Within Results 1 I applied the simple K-means clustering technique to a cohort of patients 

with extant data from the DEFINITION cohort. Using this approach, I was able to identify a 

Tetherin dominant and Tetherin deplete cluster along with a UCTD dominant cluster. Overall 

cohort numbers were low, and results were of limited clinical and scientific utility. It does 

however suggest that although IFN-I activation is a common pathogenic process across 

ANA-RMDs, there is a sizeable differentiated and undifferentiated ANA-RMD population that 

has non-IFN mediated disease. This has been reflected in the TULIP-2 trial of the interferon 

blocking drug Anifrolumab, which showed high efficacy in skin disease and glucocorticoid 

dose reduction but failed to significantly reduce swollen and tender joint counts(196). A fact 

supported by Results 3 which derived an Inflammatory-MSK class, characterised by MSK 

disease and lower IFN score A and B expression than the Polyinflammatory and 

Myeloinflammatory ARC classes.  

18.1.2 Discussion of Results 2 

Within Results 2 I identified the clinical basket, ANA-Arthritis, from the DEFINITION cohort. I 

was able to characterise the similarity of the impact of ANA-arthritis across a range of legacy 

diagnoses. In this way I was able to demonstrate similarities in gene expression, clinical and 

patient reported outcomes between diagnostic groups, united by this clinical manifestation.  

This was expanded upon further through the utilisation of GMM to sub stratify these patients 

into a high and low MSK activity cluster. The High MSK disease cluster contained all patients 

with active joint swelling and had significantly higher prednisolone usage, joint swelling 

prevalence, physician global assessment and Sm/RNP/SmRNP/Chromatin positivity. 

Tetherin and Interferon Score-A activity were significantly greater in this group, fibromyalgia 

and osteoarthritis prevalence were numerically lower. This sub stratification expanded upon 

simply taking all patients with active disease, being able to identify high risk patients with 

currently inactive disease using a data driven approach. 

This work represents the first clinical basket identified within ANA-RMD and has garnered 

interest from industry partners such as Novartis who are considering a clinical trial in this 

patient group. This would potentially allow for targeted therapeutics to be made available to 

large numbers of patients, including many UCTD patients for the first time in rheumatology. 
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Potentially this would provide the impetus for follow on basket trials in ANA-RMDs and a sea 

change in how trials are carried out in rheumatology. 

18.1.3 Discussion of Results 3 

The two previous chapters emphasise why a hybrid of clinical and molecular is desirable to 

solve this problem. Molecular data is best to check whether the same therapeutic target is 

appropriate. But molecular data alone such as the work within PRECISESADS previously 

does not adequately describe individuals and clinical problems(262). Clinical data is 

necessary to ensure that potential basket approaches are adequately contextualised for 

clinical trial evaluation. The failure of pure biomarker approaches to deliver the 

restratification paradigm shift in ANA-RMDs suggests that current techniques may be 

insufficient. Moreover, the use of large data gene expression profiling may limit the utility and 

generalisability of these approaches.  

Within Results 3 I combine clinical and standard of care laboratory data with a specific 96 

gene panel Taqman array within this reclassification effort. This array is more easily 

undertaken in tertiary centres than either genome wide or flow cytometry-based approaches, 

though remains out of reach for resource poor or more rural settings. In combining these 

data, I define new classes which incorporate patients from each of the legacy diagnoses and 

are associated with differential long-term outcomes.  

Two of the identified classes are characterised by gene expression markers, the 

Myeloinflammatory and Polyinflammatory groups. These groups comprise the patients with 

the most significant healthcare utilisation and long-term outcome impacts. These gene 

expression signatures can be evaluated within future work as markers of poor prognostic 

outcome or as molecular targets for inhibition in keeping with approaches such as tyrosine 

kinase inhibition in oncology. Basket trials based around these concepts would provide 

targeted therapies to the most needful of patients, removing healthcare inequalities 

secondary to naming conventions.  

Two ARC classes are characterised by their clinical presentations, Sicca and Inflammatory 

MSK were identified. Sicca was noted to comprise a large proportion, but not all, of the pSS 

patient cohort. This suggests that existing diagnoses do partially capture the heterogeneity 

within the ANA-RMD cohort, with glandular pSS patients seemingly distinct from other 

groups. However, patients with systemic features of pSS appear to be distributed across the 

remaining ARC classes. Inflammatory MSK class patients drew from multiple diagnoses, 

similarly to the high activity ANA arthritis cohort identified in Results 2. As previously 

discussed, these patients are likely to benefit from targeted trials with MSK specific outcome 

measures. 
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Finally, the identification a high non inflammatory symptom burden cluster emphasises the 

importance of broadening our therapeutic armamentarium beyond immunosuppressive 

medications. These patients demonstrate biological markers of disease quiescence but 

continue to be disabled by troublesome fatigue and pain symptoms. Recruiting these 

patients into trials of immunosuppressive medications risks diluting eventual effect sizes. 

More problematically though, persistently failing to identify the non-inflammatory nature of 

these symptoms prevents these patients from accessing targeted rehabilitative and 

analgesic treatments, leaving them with persistent disabling symptoms. Therefore, current 

disease classifications do a double disservice to these people, and identification of them 

using VAE based approaches would permit more effective treatments, Basket trials in the 

same vein as the proposed ANA arthritis trial could also be completed, with rehabilitative 

therapies or other non-pharmacological approaches  as potential interventions. 

18.1.4 Discussion of Results 4 

Results 3  defined 2 ARC cases characterised by distinct gene expression score signatures. 

To use these in clinical trials we  need to understand the factors that moderate these scores, 

and how they change with therapy. Observational data such as the DEFINITION Cohort C is 

useful in the evaluation of this question. As part of a multivariable model, gene expression 

scores proved to be predictive of subsequent disease activity. Unfortunately, the application 

of causal inference, random effects modelling and mediation analysis techniques proved 

less effective. This illustrated the difficulties of prognostication using scores profoundly 

affected by sequential changes in therapeutics and the necessity of a causal inference-

based approach when planning longitudinal studies such as these, as previous work within 

single disease cohorts such as SLE has suggested prognostic utility for interferon scores as 

an example(430).  

Causal inference methodologies here were shown to be pivotal when designing and 

analysing these studies. In the case of this thesis their application in a post-hoc manner 

proved insufficient to account for potential selection bias within the cohort.  

18.2 THIS THESIS IN CONTEXT 

Within ANA-RMDs, rheumatology and autoimmunity in general the concept of basket trials 

and reclassification is widely discussed.  However few studies employ a basket approach to 

autoimmunity, and there has been limited progression within the literature towards disease 

reclassification in ANA-RMDs. In this respect we lag far behind our oncology colleagues who 

have been employing this approach since the first trials of Imatinib in susceptible 

malignancies in 2008(431,432). Because of this work, demonstrated efficacy in several 
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subgroups and the associated low prevalence of dermatofibrosarcoma protuberans, 

systemic mastocytosis, hypereosinophilic syndrome and myeloproliferative disorders, 

Imatinib has been licenced by the FDA for these indications. Similar results have been 

observed in a trial demonstrating the efficacy of Larotrectinib in TRK fusion-positive adult 

and paediatric malignancies(431,433). Basket approaches are therefore not new, but despite 

similarities between AIDs and oncology, have yet to migrate effectively to these applications. 

Across autoimmunity in general a basket trial recently enrolled 81 patients with a 

combination of ANA-RMDs, inflammatory arthritides, autoimmune vasculitides, sclerosing 

cholangitis, autoimmune hepatitis and inflammatory bowel disease to receive treatment with 

low doses interleukin-2. The were able to demonstrate significant regulatory T-cell expansion 

and activation with concomitant improvements in disease activity scores for five out of six 

disease groups(263). This remains to date the only basket trial approach within the field, 

occurring 16 years behind early work in oncology. 

With respect to the question of reclassification in ANA-RMDs this thesis is the first work to 

apply deep learning-based approaches in hybrid datasets in large multi disease cohorts. Sub 

stratification as noted within the introduction has been performed within individual diseases 

and biomarker-based reclassification has been trialled by the PRECISESADS group 

themselves(262,417,434–436). However, to date the outputs of these approaches have not 

yielded any tangible shift in the current paradigm.  

18.3 FUTURE DIRECTIONS  

In order to progress this research beyond the scope of this doctorate there are multiple 

avenues which could be explored. These are outlined below. 

18.3.1 Investigation of high impact gene expression scores 

Several gene expression scores were identified as being associated with high disease 

impact in ANA-RMD patients. Unfortunately, longitudinal assessment of these patients over 

6 months did not demonstrate significant prognostic utility due to difficulty with observational 

datasets. In future formalised assessment as secondary explorative endpoints within a 

clinical trials framework, or indeed reappraisal of previous failed clinical trial data could 

provide a more precise environment in which to assess their prognostic utility. This is being 

explored with industry partners currently and could form part of future trial design 

stratification.  

18.3.2 Basket trials in ANA-RMD arthritis 

Basket trials could be developed in the ANA+ Arthritis subgroup  which I have shown to be 

homogenous in terms of its biomarker and patient reported impact. Trials in this group could 
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eschew compound disease activity measures such as the SLEDAI-2K which can be 

problematic in describing partial disease responses. Instead, these could be replaced with a 

targeted measurement of musculoskeletal disease activity, akin to a DAS-28 score in 

rheumatoid arthritis.  

Basket indications such as ANA+ Arthritis are likely to open up targeted therapies to patients 

with lower prevalence diseases where sufficient recruitment to clinical trials is problematic. 

This will address a widening inequity between the “haves” and “have nots” within ANA-

RMDs. It will also incentivise industry partners to seek cross diagnostic indications when 

developing trial strategies, instead of focusing on the most prevalent ANA-RMDs 

This will however require a validated disease activity measurement for arthritis which spans 

multiple diagnoses. Within this thesis we showed that the MSK domain of the BILAG-2004 

index correlated well with physician assessed disease activity score the PGA. This will need 

to be expanded upon and improved, work has been developed previously in SLE arthritis 

with the LAMDA score, and work is on-going to assess the validity of this score across 

multiple ANA-RMDs within this lab(437).  

Additional concerns are how regulators such as the FDA will regulate and licence these 

newer basket indications for therapy. There is precedent for this with the licencing of 

Nintedinib for pulmonary fibrosis of any cause and the multiple basket indications within the 

field of oncology previously mentioned. Progression of this basket trial approach within ANA-

RMDs will require extensive collaboration with regulatory stakeholders and industry partners, 

to ensure trials are feasible and likely to produce tangible licences for targeted therapies.  

18.3.3 Reappraisal of previously negative ANA-RMD trials  

As discussed previously, there have been multiple high profile failures within trials of 

promising therapeutics in ANA-RMDs such as EXPLORER, LUNAR and SLE-BRAVE 

II(438–440). Reappraisal of these trials by sub stratifying into my ARC classes could permit 

better trial design and stratification in the future, avoiding costly disappointments. More 

problematic though is the discontinuation of promising therapies with biologically plausible 

methods of action and encouraging early results, let down by imperfect disease classification 

and poor trial design. This approach has been trialled previously using hierarchical clustering 

in the TRACTISS trial patients, however the scale of reclassification and cross-diagnostic 

cohorts used to derive this data greatly expand the utility of these findings(128). 

18.3.4 Utilisation of VAE and text parsing approaches in native clinical record data 

The efficacy of this hybrid approach in combining text and biomarker data, compressing to a 

low dimensionality space and deriving clusters could be expanded upon with collaborations 
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using primary care data. Text tokenisation approaches such as GloVE and Word2Vec can 

parse native text into tensors for subsequent analysis. Therefore, referrals from primary care 

to tertiary centres could be analysed using such an approach using standard of care 

laboratory and written clinical data as part of an initial triage process. This could highlight 

patients likely to have negative longer-term outcomes prior to the first visit and potentially 

flag these to clinicians for more expedited review. Shallow neural network approaches 

similar to this have been trialled to identify SLE patients from clinical note data(441). 

However, to date there has been no hybridised approach using text based and biomarker 

data. 

18.3.5 Beyond the ANA-RMD paradigm  

VAE based data compression of hybrid datasets has utility outside of the ANA-RMD 

paradigm. it could be applied to other complex datasets within medicine. 

The strength of this approach is its versatility, VAEs have been applied to address problems 

ranging from medical image data compression to forecasting of road traffic data(442,443). 

Their role within medicine in compression of radiological images and analysis is perhaps the 

most developed. However, as we expand our clinical and biomarker datasets with high 

dimensionality such as the 3TR project, we will need to employ approaches such as VAEs to 

avoid overfitting, high computational cost and poor clustering performance. 

It seems probable given the aims of the 3TR project that traditional dividing lines in 

autoimmune disease will erode as our understanding of the pathological processes 

increases. Clinical and biomarker data is a foundation which could be built upon with the 

inclusion of imaging and other data subsets as potential training datasets expand.  

In summary this work illustrates the utility of this approach and derives several populations of 

interest which can guide early basket trials. Future application of this methodology in 

expanding datasets should result in greater precision when labelling patients with ANA-

RMDs and other complex medical conditions
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19 APPENDIX A 

 

Figure 31: Average silhouette width plots of the ANA-Arthritis cohort in Results Chapter 2 clustered using hierarchical clustering, Kmeans, Gaussian mixture modelling and 
Partitioning around Medoids .  
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20 APPENDIX B 

Figure 32: Entropy plots of the PRECISESADS data from Results Chapter 3 clustered using different techniques and k values. KM = Kmeans, HC = Hierarchical clustering, 
PAM = Partitioning around medoids, Spec = Spectral clustering. 
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21 APPENDIX C 

Figure 33: Relative cluster stability index plots of the PRECISESADS data from Results Chapter 3 clustered using different techniques and k values. RCSI = 
Relative cluster stability index, KM = Kmeans, HC = Hierarchical clustering, PAM = Partitioning around medoids, Spec = Spectral clustering. 
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