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Abstract 

Neurodegeneration in Parkinson’s disease (PD) primarily affects dopaminergic neurons in the 

substantia nigra, often preceding clinical diagnosis by years. Biomarkers that reflect this 

pathology are needed for diagnosis, tracking disease progression and identifying at-risk 

individuals. RNA levels in PD patients might serve as measurable biomarkers in easily 

accessible tissues. While RNA produced at genetic loci is typically linear, circular RNA 

(circRNA) can also be expressed. CircRNAs are potential diagnostic biomarkers due to their 

increased stability and distinct regulation compared to cognate linear RNA. However previous 

RNA studies lack concordance, partly due to small cohort sizes, disease heterogeneity, and 

variable analysis methodologies.  

In this thesis, I analysed RNA sequencing data from blood samples of PD patients and controls 

from the PPMI and ICICLE-PD studies to measure gene, circRNA and cognate linear RNA 

expression. Using circRNA as a diagnostic biomarker in PD showed no clear improvement over 

linear RNA, minimising its potential clinical utility. Early-stage idiopathic PD patients 

exhibited a global reduction in circRNA expression, alongside increased expression of RNASEL 

and genes linked to the innate immune response. Similar global reductions in circRNA 

expression were observed in PPMI PD patients harbouring pathogenic LRRK2 and GBA 

variants. Asymptomatic PPMI participants at increased risk of developing PD, due to 

pathogenic LRRK2 and GBA variants or hyposmia, also had globally reduced circRNA 

expression. Conversely, RNA sequencing of dopaminergic neurons isolated from the substantia 

nigra of individuals from the BRAINcode study showed increased global circRNA expression 

in PD patients compared to controls.  

Overall, this work suggests that changes in global circRNA levels, potentially driven by the 

innate antiviral response, may play an important role in PD development and pathobiology. 
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Chapter 1. Introduction  
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1.1 Parkinson’s disease (PD) 

Parkinson’s disease (PD) is a complex neurodegenerative condition characterised by, among 

other symptoms, progressive motor impairment. Following Dr. James Parkinson's 1817 

description in An Essay on the Shaking Palsy (Parkinson, 2002), PD is now recognised as the 

second most common neurodegenerative condition after Alzheimer’s disease, with increasing 

incidence (Dorsey, Sherer, et al., 2018). PD imposes significant societal, economic, and 

individual burdens. Currently, clinical diagnosis occurs only after motor deficits appear due to 

neurodegeneration. There are no approved disease-modifying treatments; existing therapies 

focus on symptom management and quality of life improvement. Non-invasive and accurate 

diagnostic biomarkers are needed to support earlier clinical diagnosis, which is crucial for 

enrolling participants in trials for potential treatments. 

1.1.1 Clinical features 

PD is associated with both motor and non-motor symptoms (Figure 1.1). The hallmark motor 

symptoms include bradykinesia, tremors, and rigidity, often presenting unilaterally. Non-motor 

symptoms can encompass mood disorders, gastrointestinal issues, sensory and sleep 

dysfunctions (Jankovic, 2008). Motor symptoms are typically the first to be recognised before 

diagnosis, but there is evidence that non-motor symptoms can precede motor symptoms by up 

to 10 years (Postuma et al., 2009) (Figure 1.1). PD patients have an increased mortality 

compared to control populations (Macleod et al., 2014). However, there is considerable 

heterogeneity based on disease progression, for example, cognitive impairment is associated 

with increased mortality (Macleod et al., 2014), with ~80% of PD patients eventually 

developing dementia (Buter et al., 2008; Hely et al., 2008). 
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Figure 1.1. Development of symptoms following the onset of neurodegeneration associated with 
Parkinson's disease. PD occurs due to dopaminergic neuron loss. Diagnosis is made after the 
presentation of motor symptoms. Before diagnosis, there is a prodromal phase in which non-motor 
symptoms may present. Adapted from (Kalia & Lang, 2015).  

 

The variability in clinical phenotypes, symptoms, age of onset, progression, and prognosis 

among PD patients suggests the existence of multiple clinical subtypes. Early classifications 

grouped PD patients based on motor symptoms such as postural instability gait 

dysfunction/akinetic-rigid (PIGD/AR) or tremor-dominant (TD) (Zetusky et al., 1985; Jankovic 

et al., 1990; Schiess et al., 2000). PD patients categorised as TD generally exhibit more benign 

disease progression than other subtypes (Rajput et al., 2009). Later subgroups such as mild-

motor predominant, diffuse malignant and intermediate, were proposed based on data relating 

to demographics, genetic information, and symptomatic features (Fereshtehnejad, Zeighami, et 

al., 2017). PD patients classed as diffuse-malignant exhibit faster disease progression 

(Fereshtehnejad, Zeighami, et al., 2017; Johansson et al., 2023).  

PD can only be confirmed upon post-mortem neuropathological investigation. The antemortem 

clinical diagnosis of PD is based on symptom presentation and medical history. Traditionally, 

the most common diagnostic criteria used were the UK Brain Bank criteria (Hughes et al., 

1992). These criteria required the presence of bradykinesia and at least one other major motor 

symptom (rigidity, resting tremor or postural instability), along with supporting features and 

the absence of exclusionary criteria. In 2015, new diagnostic criteria were proposed by the 
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Movement Disorder Society (Postuma, Berg, et al., 2015). While the motor symptom 

prerequisites remained largely the same, the new criteria reflected a greater recognition of non-

motor symptoms (Postuma, Berg, et al., 2015). In cases where a diagnosis is inconclusive, 

imaging methods can be used (Section 1.2.3) (Pagano et al., 2016). In the UK, the National 

Institute for Health and Care Excellence (NICE) guidelines do not recommend the use of 

imaging methods when diagnosing PD; however, they may be considered to distinguish 

between essential tremor or other parkinsonism disorders.  

1.1.2 Epidemiology and aetiology 

Estimates from the Global Burden of disease study place the prevalence of PD at 11,800,000 

globally, an increase of 273.9% since 1990 (Steinmetz et al., 2024). This makes PD the fastest 

growing neurological condition in the world and second most common behind Alzheimer’s 

disease (Dorsey, Sherer, et al., 2018). The biggest risk factor for PD development is age (Reeve 

et al., 2014), with the age of diagnosis peaking between the ages of 85-89 (Dorsey, Elbaz, et 

al., 2018). There are also notable sex differences in PD; males have around 1.5x the risk of 

developing PD (Wooten et al., 2004), yet females typically manifest faster disease progression 

and poorer prognosis (Cerri et al., 2019).  

Most PD cases are sporadic with no family history of the disease (Tran et al., 2020). In cases 

where there is no known genetic or environmental cause, the disease is termed idiopathic. 

Despite this, there are significant genetic contributions to PD risk. Monozygotic twins have 

higher PD diagnosis concordance rates than dizygotic twins (Piccini et al., 1999; Wirdefeldt et 

al., 2011) and ~15% of patients report a family history of PD (Tran et al., 2020). Those with a 

family history of the disease are around 3-4x the risk compared with individuals with no familial 

link (Noyce et al., 2012). Genetic PD cases are linked to the co-segregation of pathogenic 

variants, with up to ~30% of familial PD cases consistent with Mendelian inheritance patterns 

(Klein & Westenberger, 2012). These highly penetrant variants are sometimes referred to as 

monogenic PD genes, however variable penetrance and clinical presentations attributed to the 

same variants implicate the involvement of other factors (Schulte & Gasser, 2011). 

PD segregation within families was first recognised in the 1990s (Golbe et al., 1990), with the 

SNCA locus, encoding α-synuclein, eventually identified as the causal gene (Polymeropoulos 

et al., 1997). Several genes are now firmly linked to familial PD including LRRK2, PINK1, 

PRKN, VPS35 and PARK7 (Kim & Alcalay, 2017). Pathogenic variants in PINK1, PRKN and 

PARK7 result in PD transmission patterns consistent with autosomal recessive inheritance, 

while pathogenic variants in SNCA, LRRK2 and VPS35 typically lead to autosomal dominant 
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PD (Reed et al., 2019). Additionally, variants in GBA have been linked to PD (Gegg & Schapira, 

2018). As the inheritance of GBA-associated PD does not follow Mendelian inheritance 

patterns, it is commonly thought of as a major genetic risk factor. Individuals with genetic PD 

exhibit clinical heterogeneity. Autosomal recessive inherited PD is associated with an earlier 

age of onset than autosomal dominant inherited PD (Vollstedt et al., 2023). Despite this, 

autosomal recessive PD is usually associated with mild disease progression (Aasly, 2020).  

Other genes linked to familial PD in several families have been reported such as TMEM230, 

DNAJC6 and CBCHD2 (Funayama et al., 2015; Olgiati et al., 2016; Deng et al., 2016). Recent 

work leveraging large sequencing datasets has identified rare variants in known PD genes such 

as GBA and LRRK2 (Makarious et al., 2023; Pitz et al., 2024), as well as uncovering new 

potentially causative genes such as RAB32 (Gustavsson et al., 2024; Hop et al., 2024). 

Genome wide association studies (GWAS) have provided insights into the role of common 

genetic variation in shaping complex disease risk. In PD, GWAS have mostly been performed 

using individuals of European genetic ancestry (Fung et al., 2006; Simón-Sánchez et al., 2009; 

Hamza et al., 2010; The UK Parkinson’s Disease Consortium and The Wellcome Trust Case 

Control Consortium 2, 2011; Chang et al., 2017; International Parkinson Disease Genomics 

Consortium, 2011; Nalls et al., 2019). Nalls et al identified 90 independent risk loci within 78 

genomic regions accounting for an estimated 16-36% of heritable risk (Nalls et al., 2019). Risk 

loci in the genes SNCA, LRRK2 and GBA, show pleiotropic and mechanistic overlap between 

idiopathic and familial PD. Recent GWAS have identified novel PD risk loci by including more 

diverse genetic ancestries (Foo et al., 2020; Rajan et al., 2020; Loesch et al., 2021; Pan et al., 

2023; Rizig et al., 2023).  

Alongside genetic variation, environmental factors contribute to an individual’s susceptibility 

to PD. Epidemiological studies have identified an association between pesticide exposure and 

PD risk (van der Mark et al., 2012). Pesticide screening revealed the toxic and additive effects 

of pesticide exposure on dopaminergic neurons derived from PD patients induced pluripotent 

stem cells (iPSCs) (Paul et al., 2023). Other environmental factors associated with PD risk 

include heavy metals, pollution and head trauma (Crane et al., 2016; Cole-Hunter et al., 2023; 

Zhao et al., 2023). On the other hand, several environmental factors have been associated with 

protective effects against PD. Smoking has been widely reported to be protective against PD, 

with recent studies identifying a dose-response relationship (Gallo et al., 2019; Mappin-Kasirer 

et al., 2020; Rose et al., 2024). Additionally, inverse associations between caffeine intake and 

PD susceptibility have been reported (Costa et al., 2010; Zhao et al., 2024). Overall, PD is a 

multifactorial and complex disorder with extensive evidence of genetic and environmental 
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contributions to risk. Environmental exposures can be integrated with genomic information to 

provide a model by which gene-environment interactions shape PD susceptibility (Tsalenchuk 

et al., 2023; Reynoso et al., 2024; K. J. Ngo et al., 2024; Huang et al., 2024). 

The molecular mechanisms leading to PD are complex. Genetic and environmental factors 

influencing PD risk have highlighted common dysregulated processes such as mitochondrial 

function, synaptic function, endolysosomal function and immune-related responses (Morris et 

al., 2024). These pathways are not mutually exclusive, with considerable mechanistic overlaps 

(Coukos & Krainc, 2024). 

1.1.3 Pathology 

PD is associated with degeneration of the nigrostriatal pathway, a key component of the basal 

ganglia motor circuit. Dopaminergic neurons axons in the substantia nigra pars compacta 

project to the striatum. In PD, dopaminergic neurons in the substantia nigra pars compacta are 

preferentially lost, leading to dysregulation of the motor circuitry. Here, dopaminergic neurons 

release dopamine which can bind to receptors on GABAergic medium spiny neurons to control 

movement. Neurodegeneration can also occur in other areas of the brain such as the locus 

coeruleus, affecting the adrenergic system (Gesi et al., 2000) and the dorsal raphe nucleus, 

dysregulating serotonergic signalling (Politis & Loane, 2011). 

Lewy body pathology is also often observed during neuropathological inspection. Lewy bodies 

(Lewy neurites when located in neural projections) are toxic aggregates of the protein, α-

synuclein. α-synuclein is involved in various cellular functions including neurotransmitter 

release, synaptic vesicle regulation, RNA processing and immune responses (Burré, 2015; 

Hallacli et al., 2022; Alam et al., 2022). Misfolded α-synuclein forms oligomers that can 

aggregate into amyloid fibrils and Lewy pathology. The reason for the tendency of α-synuclein 

to misfold and form toxic aggregates is unclear, yet pathological α-synuclein can spread from 

cell to cell (Volpicelli-Daley et al., 2011; Luk et al., 2012), contributing to the progressive 

development of Lewy pathology in PD. 

Several models explain the onset and progression of Lewy pathology. The Braak model 

suggests that Lewy pathology originates in the olfactory bulb or the brain stem from the gut via 

the vagus nerve, at which point it begins to spread into the surrounding brain regions (Braak et 

al., 2002; Braak, Del Tredici, et al., 2003; Braak, Rüb, et al., 2003). The Unified Staging System 

for Lewy body disorders (USSLB) proposes that Lewy pathology typically starts in the 

olfactory bulb and spreads through the brainstem, limbic system and neocortical regions (Beach 
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et al., 2009). A newer model unifies the onset of Lewy pathology proposed in both models 

through two subtypes, brain-first and body-first (Borghammer & Van Den Berge, 2019). 

 

 

Figure 1.2. Models of Lewy pathology onset and progression.  The red dot indicates the onset of 
Lewy pathology according to each model. USSLB = Unified Staging System for Lewy Body disorders. 
BvB = Brain-first versus Body-first. Taken from (Mastenbroek et al., 2024). 

 

1.1.4 Treatment 

Current pharmacological PD treatments address symptom management. Treatments often target 

the dopaminergic system at multiple points to address motor dysfunction, raising dopamine 

levels to counter the loss of dopaminergic neurons (Figure 1.3). The current gold standard 

treatment is levodopa (L-DOPA), first introduced in the 1960s (Connolly & Lang, 2014). The 

precursor to dopamine is L-DOPA. Tyrosine hydroxylase (TH) catalyses the endogenous 

synthesis of L-DOPA from tyrosine. Alternatively, L-DOPA is provided therapeutically where 

it traverses the blood-brain barrier supplying dopamine precursors to the central nervous system 

(CNS). The conversion of L-DOPA to dopamine is catalysed by DOPA decarboxylase (DDC). 

Alternatively, catechol-O-methyltransferase (COMT) catalyses the conversion of L-DOPA to 

3-O-Methyldopa (3-OMD). As such, L-DOPA is usually administered with peripheral DDC 

and COMT inhibitors to increase L-DOPA availability in the CNS and side effects caused by 

increased dopamine abundance to peripheral dopaminergic neurons (Diederich et al., 2008). 

Additionally, Monoamine Oxidase-B (MAOB) inhibitors can also be given as adjuncts to L-

DOPA therapy, whereby they reduce the MAO-B mediated metabolism of synaptically released 

dopamine to 3,4-Dihydroxyphenylacetic acid (DOPAC) (Dezsi & Vecsei, 2017). Additionally, 

dopamine agonists can bind to and activate post-synaptic dopamine receptors located on 
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medium-spiny neurons, thereby continuing normal striatal neuronal signalling (Isaacson et al., 

2023). Long-term dopaminergic replacement therapies can lead to fluctuations in efficacy and 

dyskinesia (Thanvi et al., 2007). In these situations, deep brain stimulation of the subthalamic 

nucleus by electrical impulses has emerged to manage motor symptoms (Groiss et al., 2009). 

Treatment for non-motor symptoms is again largely pharmacological and specific to each 

symptom (e.g., selective serotonin reuptake inhibitors for depression and anxiety). 

 

 

Figure 1.3. Pharmacological PD treatments targeting the dopaminergic system. DDC = DOPA 
decarboxylase, COMT = Catechol-O-methyltransferase, 3-OMD = 3-O-Methyldopa, TH = Tyrosine 
hydroxylase, MAOB = Monoamine Oxidase-B. Adapted from (Poewe et al., 2017). 

 

Disease-modifying treatments aim to delay, slow, or revert disease progression. There are 

currently no disease-modifying treatments in clinical use for PD. In a 2023 review of registered 

clinical trials, 63/139 (45.3%) aimed to assess disease-modifying treatments (McFarthing et al., 

2023). Prasinezumab and Cinpanemab are monoclonal antibodies targeting aggregated α-

synuclein (Schenk et al., 2017; Jankovic et al., 2018; Brys et al., 2019). Phase 2 studies 

investigating the effects of Prasinezumab and Cinpanemab showed no difference in their 

primary outcomes compared to the placebo group (Lang Anthony E. et al., 2022; Pagano 

Gennaro et al., 2022). In the case of Prasinezumab, there was a slight improvement in the MDS-

Unified Parkinson’s Disease Rating Scale Part III (MDS-UPDRS III), assessing motor 

symptom severity (Pagano Gennaro et al., 2022). In a post-hoc analysis, Prasinezumab 
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demonstrated greater effects in slowing motor symptom progression (based on MDS-UPDRS 

III scores) in rapidly progressing PD subgroups (Pagano et al., 2024). 

1.1.5 Peripheral involvement in PD 

Whilst considered a neurodegenerative disease, a large body of work supports the presence of 

peripheral dysfunction in PD. Aggregated α-synuclein has been detected in areas outside of the 

CNS such as the peripheral nervous system and skin (Beach et al., 2010; Comi et al., 2014; Z. 

Wang et al., 2021). Aggregations of α-synuclein have also been found in the gastrointestinal 

tract (GI) (Shannon et al., 2012; Sánchez-Ferro et al., 2015), consistent with prevalent GI 

symptoms in PD. In some cases, GI symptoms are present decades before PD diagnosis. 

According to the Braak hypothesis of Lewy body staging, α-synuclein aggregation may 

originate in the GI (Braak, Del Tredici, et al., 2003). The proposal of “body-first” PD subtypes 

is again consistent with a possible GI origin of Lewy body pathology (Borghammer & Van Den 

Berge, 2019). Associations between inflammatory bowel disease (IBD) and PD have been 

reported (Lin et al., 2016; Weimers et al., 2019), although a later mendelian randomisation 

study found no putative causal relationship between IBD and PD (Freuer & Meisinger, 2022). 

GWAS have revealed that LRRK2 is a risk locus for both PD and IBD (Hui et al., 2018; Herrick 

& Tansey, 2021). IBD may be accompanied by increased pathological α-synuclein aggregation 

in the GI, also observed in IBD rodent models exhibiting dopaminergic neuron degeneration 

(Espinosa-Oliva et al., 2024). Inflammation, altered permeability of the intestinal epithelial 

barrier and subsequent gut dysbiosis have been hypothesised as contributing factors in both 

pathologies (Houser & Tansey, 2017; Romano et al., 2021). 

Immune related loci have been identified as influencing PD risk through GWAS. Several risk 

loci map to the human leukocyte antigen (HLA) region (Hamza et al., 2010; Hill-Burns et al., 

2011; Chang et al., 2017; Nalls et al., 2019), with fine mapping implicating HLA-DRB1*04 as 

driving a protective effect in PD susceptibility (Yu et al., 2021). Initial work described reactive 

microglia and elevated inflammatory cytokine levels in sites of PD-associated 

neurodegeneration (McGeer et al., 1988; Mogi et al., 1994). There is also evidence identifying 

changes in the peripheral immune system in PD. Blood inflammatory cytokine levels are 

increased in PD patients and linked to more rapid disease progression (Qin et al., 2016; 

Williams-Gray et al., 2016). Alterations in immune cell proportions and functions may drive 

increased inflammation. Classical monocytes are associated with pro-inflammatory effects 

(Yang et al., 2014). PD patients exhibit increased classical monocyte proportions (Grozdanov 

et al., 2014; Wijeyekoon et al., 2020). Classical monocytes also exhibit transcriptional 
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differences in PD patients, particularly in genes related to mitochondrial and lysosomal 

functioning and monocyte-specific expression quantitative trait loci (Y. I. Li et al., 2019; 

Navarro et al., 2021).   

 Regarding other types of blood cells, lower lymphocyte levels have also been reported in PD 

patients, including CD4+ T cells and CD19+ B cells (Stevens et al., 2012). Reduced general 

lymphocyte levels are associated with an increased risk of developing PD (Jensen et al., 2021). 

Conversely, neutrophil levels are increased in PD patients (Craig et al., 2021). The neutrophil-

to-lymphocyte ratio has been proposed as a measure of the balance between innate and adaptive 

immune responses (Song et al., 2021). PD patients have higher neutrophil-to-lymphocyte ratios 

(Muñoz-Delgado et al., 2021; Grillo et al., 2023; Hosseini et al., 2023) with additional work 

suggesting increased neutrophil-to-lymphocyte ratios in idiopathic and GBA-PD, but not 

LRRK2-PD (Muñoz-Delgado et al., 2023). α-synuclein may be an antigenic target for blood T-

cell subsets in some PD patients (Sulzer et al., 2017). In these patients, T-cell α-synuclein 

reactivity peaked around PD diagnosis and could be detected before diagnosis (Lindestam 

Arlehamn et al., 2020). However, not all PD patients show this T-cell reactivity, as 

transcriptional differences exist between those with T-cells responsive to specific α-synuclein 

antigens and those without (Dhanwani et al., 2022). 
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1.2 Biomarker use in PD 

Biomarkers are measurable signals that reflect a biological process or state. Biomarkers provide 

clinical utility in the context of disease by indicating the presence of disease (diagnostic 

biomarkers), the progression of disease (progression biomarkers) or the expected prognosis 

(prognosis biomarkers).   

In situations where there is a binary outcome (i.e., presence or absence of disease), biomarker 

performance is assessed by comparing the predicted class produced by the biomarker against 

the actual class. When investigating PD, the class will often refer to whether a sample is from 

a PD patient or a control. Each prediction is grouped (true positive, true negative, false positive 

or false negative), depending on the predicted and actual class (Figure 1.4a). From this, the 

sensitivity (ability of the test to correctly classify the sample as PD) and specificity (ability of 

the test to correctly classify the sample as control) of a test are calculated (Figure 1.4a). There 

is often a trade-off between the sensitivity and specificity of a test. To assess performance, 

receiver operator characteristic (ROC) curves can be constructed (Figure 1.4b). ROC curves 

show the relationship between the sensitivity and specificity at different prediction thresholds. 

The area under the ROC curve (AUC) is used to summarise the ability of the test to distinguish 

PD samples from controls. In this case, an AUC of 0.5 represents random chance while an AUC 

of 1 represents a perfect ability to distinguish PD from controls. Reporting AUCs provides a 

single numerical value to compare results across different tests and study populations. 

Performance expectations of a test vary by clinical context. For example, recent guidelines for 

fluid biomarkers in Alzheimer’s disease, recommend higher specificity for confirmatory tests 

than triaging tests (Schindler et al., 2024). 
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Figure 1.4. Evaluating diagnostic PD biomarker performance. (a) A confusion matrix visualising 
test predictions with binary outcomes. (b) Receiver-operator characteristic (ROC) curves with varying 
performance based on the area under the curve (AUC). TP = True Positive, TN = True Negative, FP = 
False Positive, FN = False Negative. 

 

Identifying diagnostic, progression and prognostic biomarkers is crucial for advancing PD 

research and clinical management. These biomarker categories can overlap, offering multiple 

benefits. Currently, PD diagnosis relies heavily on motor symptoms which appear after 

significant neurodegeneration (Jankovic, 2008) (Section 1.1.1). Diagnosis accuracy varies with 

clinical expertise and disease stage (Rizzo et al., 2016). Movement disorder specialists diagnose 

PD more accurately (Schiess et al., 2022). Early-stage misdiagnosis can occur due to 

phenotypically similar conditions such as progressive supranuclear palsy and multiple system 

atrophy (Beach & Adler, 2018).  

Biomarkers that can specifically identify PD patients would improve diagnostic confidence and 

enable earlier diagnosis. Neuropathological studies suggest about 30% of dopaminergic 

neurons in the substantia nigra are lost by the time motor symptoms appear, indicating 

neurodegeneration starts years earlier (Fearnley & Lees, 1991; Greffard et al., 2006). Early 

diagnosis would allow earlier enrolment in clinical trials, potentially in the prodromal stage, 

allowing the assessment of disease-modifying treatment efficacy earlier in neurodegeneration. 

Once developed, the efficacy of disease-modifying treatments may be improved by providing 

a larger therapeutic window (Vijiaratnam et al., 2021). Identification of neurodegeneration in 

the prodromal stage also informs disease risk, allowing clinical management and planning to 

be initiated sooner.  
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PD patients exhibit clinical heterogeneity in motor and cognitive outcomes (Greenland et al., 

2019). Progression biomarkers providing objective measures of underlying disease processes 

over time would help inform PD heterogeneity. This would be particularly beneficial for 

assessing treatment efficacy, for example as a clinical endpoint when assessing disease-

modifying interventions. Progression biomarkers may also assist in PD patient stratification. 

Disease heterogeneity has likely contributed to the failure to identify effective PD-modifying 

treatments (Athauda & Foltynie, 2016). For example, testing the therapeutic use of LRRK2 

inhibition (Jennings et al., 2022) can be targeted in PD patients with increased LRRK2 activity 

(Naaldijk et al., 2024). Patient stratification, for example by the prediction of clinical 

trajectories at diagnosis, would enable future precision medicine approaches. 

A single biomarker would ideally possess the capabilities needed for diagnosing, tracking 

progression, and prognosticating PD. However, as exemplified by Alzheimer’s disease, 

multiple biomarkers may be required (Salvadó et al., 2024). Integrating various data modalities 

(such as those described below) may be also necessary for clinical utility (Caspell-Garcia et al., 

2017; Schrag et al., 2017; Makarious et al., 2022). Ultimately, biomarkers are key to emerging 

PD biological definitions (Höglinger et al., 2024; Simuni et al., 2024). 

1.2.1 Clinical biomarkers 

Clinical measures are currently often used as proxies for underlying PD pathology, particularly 

when assessing disease progression. The Unified Progression Disease Rating Scale (UPDRS) 

was introduced to measure impairment and disability in PD patients and is among the most 

widely used clinical rating scales (Ramaker et al., 2002). Later updates to the UPDRS sponsored 

by the Movement Disorder Society (MDS) were published (MDS-UPDRS) comprising four 

sections (non-motor experiences of daily living, motor experiences of daily living, motor 

examination and motor complications) (Goetz et al., 2008). UPDRS and MDS-UPDRS scores 

generally increase over the disease course (Simuni et al., 2018; Holden et al., 2018; Arshad et 

al., 2023). MDS-UPDRS scores are often used as an indication of disease progression in 

research, such as clinical endpoints in clinical trials assessing disease-modifying treatments 

(Lang Anthony E. et al., 2022; Pagano Gennaro et al., 2022) or when evaluating novel 

progression biomarkers (Sotirakis et al., 2023).  

Given the prevalence of cognitive impairment in PD (Aarsland et al., 2021), clinical measures 

of general cognitive function are often utilised, such as the Mini-Mental State Examination 

(MMSE) and Montreal Cognitive Assessment (MoCA). Compared to MMSE, MoCA has been 

shown to offer improved predictive ability for identifying individuals with mild cognitive 



14 
 

impairment (MCI) compared to cognitively unimpaired controls (Ciesielska et al., 2016; 

Siqueira et al., 2019). The identification of MCI in PD patients can inform future prognosis, 

with increased dementia risk for patients with MCI (Pigott et al., 2015; Hoogland et al., 2017). 

A positive response to L-DOPA is usually a part of clinical PD diagnostic criteria (Hughes et 

al., 1992; Postuma, Berg, et al., 2015). However, the response to L-DOPA can vary among PD 

patients, with one systematic review finding that among 119 PD patients, 26.9% had no 

response to L-DOPA, making it unsuitable as a diagnostic biomarker (Pitz et al., 2020).  

1.2.2 Phenotypic biomarkers 

As a potential induction site for a-synuclein pathology (Braak, Del Tredici, et al., 2003), the 

olfactory bulb and its role in processing odorant stimuli may be key to identifying PD earlier. 

Indeed, olfactory dysfunction has long been recognised as a feature of PD (Doty et al., 1988). 

In one multi-centre study involving 400 PD patients, >96% had olfactory dysfunction (Haehner 

et al., 2009). Objective measurement is essential as PD patients often have poor self-assessment 

of their olfactory function (White et al., 2016). The University of Pennsylvania Smell 

Identification Test (UPSIT) is the most widely used measurement of olfactory function (Doty 

et al., 1984). UPSIT scores have been evaluated for their ability to distinguish PD patients from 

controls with one systematic review of 20 studies identifying sensitivities ranging from 62-92% 

and specificities ranging from 65-96% (Nielsen et al., 2018). There have been further 

suggestions that responses to specific odours in the test may be more informative (Gerkin et al., 

2017; Bestwick et al., 2021). However, a later study found these specific responses offered no 

predictive benefit in a prodromal cohort where conversion to PD had been tracked 

longitudinally (Vaswani et al., 2023). In multivariable PD classification models, hyposmia 

(based on UPSIT scores) has emerged as one of the most predictive variables (Nalls et al., 2015; 

Li et al., 2022). Total UPSIT scores had AUCs ranging from 0.88 to 0.99 across 6 different 

cohorts (Nalls et al., 2015). A later study confirmed these findings in PPMI (AUC = 0.9) and 

extended them to an additional cohort, DeNoPa (AUC = 0.89) (Li et al., 2022). 

Rapid eye movement sleep behaviour disorder (RBD) involves abnormal sleep behaviour, such 

as the physical enactment of dreams, due to a loss of normal muscle paralysis during sleep 

(Dauvilliers et al., 2018). RBD frequently occurs in PD patients with up to 86% of patients 

eventually developing it (Sixel-Döring et al., 2023). It is also a common prodromal marker of 

synucleinopathy risk (PD, Dementia with Lewy bodies (DLB), multiple system atrophy (MSA)) 

(Postuma, 2014). A longitudinal study of 44 RBD patients found that 92.5% had a 

neurodegenerative disease 14 years after RBD diagnosis (Iranzo et al., 2013). One study of 121 
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individuals with RBD found that the presence of RBD among other prodromal criteria (Berg et 

al., 2015) identified future conversion to Lewy body disease (after 4 years) with a sensitivity of 

81.3% and specificity of 67.9% (Fereshtehnejad, Montplaisir, et al., 2017). 

1.2.3 Imaging biomarkers 

Imaging techniques visualise structural and functional changes associated with PD 

neurodegeneration. T1-based structural magnetic resonance imaging (MRI) showed atrophy in 

the midbrain and basal ganglia in early-stage PD patients compared to controls, which also 

correlated to motor and cognitive scores in follow-up work (Zeighami et al., 2015, 2019). 

Neuromelanin-sensitive MRI visualises neurodegeneration in the substantia nigra and locus 

coeruleus, which normally contain abundant neuromelanin. A meta-analysis of 12 studies 

reported a sensitivity of 89% and a specificity of 83% for using neuromelanin-sensitive MRI to 

distinguish PD patients from controls (Cho et al., 2021). Additionally, reduced neuromelanin-

MRI signals in individuals with RBD indicate a potential prognostic use (Knudsen et al., 2018). 

Longitudinal studies have reported a reduction in neuromelanin signal in PD patients, 

suggesting that neuromelanin-sensitive MRI may be useful for tracking disease progression 

(Matsuura et al., 2016; Gaurav et al., 2021). 

Dopaminergic function can be assessed using radioligand signals with single-photon emission 

computed tomography (SPECT) or positron emission tomography (PET). Radioligands often 

target dopamine transporters (DAT) to signal presynaptic dopaminergic dysfunction (Thobois 

et al., 2019). The use of Ioflupane (123I) is used in SPECT imaging, known as DaT scan, to 

distinguish PD from vascular or drug-induced PD, or essential tremor (Jennings et al., 2004; 

Benamer et al., 2000; Brigo et al., 2014). However, DAT binding cannot distinguish PD from 

other parkinsonism disorders with similar nigrostriatal degeneration (Kim et al., 2002; Cilia et 

al., 2005; Cummings et al., 2011). Reductions in DAT binding are observed in individuals with 

RBD and non-manifesting carriers of pathogenic LRRK2 variants (Pont-Sunyer et al., 2017; 

Iranzo et al., 2020; Simuni, Uribe, et al., 2020). Although longitudinal reductions in DAT 

binding are seen in PD patients, these reductions may plateau around four years post-diagnosis, 

limiting the use of DAT imaging as a progression biomarker (Kordower et al., 2013; Simuni et 

al., 2018). Changes in DAT binding over time may also be confounded by dopamine 

replacement therapy (Merchant et al., 2019). 

Imaging techniques have also focused on areas other than the brain. Cardiac sympathetic nerve 

dysfunction in PD can be visualized using 123I-metaiodobenzylguanidine (MIBG) scintigraphy 

(Orimo et al., 2007). A meta-analysis of 19 studies found the sensitivity and specificity of 
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MIBG scintigraphy for distinguishing PD patients from controls to be 88% and 85% 

respectively (Treglia et al., 2012). A multicentre study later suggested that MIBG scintigraphy 

is better at distinguishing PD patients from controls than DaT Scan (De Feo et al., 2023). 

The utility of incorporating imaging biomarkers into research and clinical use has been 

recognised. Striatal DAT binding assessments were used for participant recruitment in the 

PPMI (Marek et al., 2018), and several imaging criteria are included in the MDS clinical 

diagnostic criteria (Postuma, Berg, et al., 2015). However, imaging biomarkers often cannot 

distinguish between PD and other parkinsonism disorders, and their high cost and need for 

specialised personnel and equipment limit widespread use. In the US, DaT Scan was approved 

by the Food and Drug Administration in 2011, but NICE guidelines in the UK do not 

recommend the routine clinical use of imaging methods for PD diagnosis. Combining multiple 

imaging methods may improve differentiation between PD and controls, but compounds 

existing limitations (Depierreux et al., 2021). Cost effectiveness analyses of DaT scan have 

been performed in the context of the German, Belgian, Italian and healthcare systems, with only 

the Italian study identifying a cost saving (Dodel et al., 2003; Van Laere et al., 2008; Antonini 

et al., 2008). As such, biomarkers from accessible biological fluids are attractive for PD 

research due to their increased cost-effectiveness and scalability. 

1.2.4 Biological fluid biomarkers  

Biomarkers measured in bodily fluids typically offer a more cost effective and accessible source 

of biomarkers. The cerebrospinal fluid (CSF) flows within the brain ventricles and the 

subarachnoid spaces of the cranium and spine (Sakka et al., 2011). It provides essential 

components for brain function, removes waste products, and protects the brain (Spector et al., 

2015). CSF is replenished about four times daily (Sakka et al., 2011), allowing it to reflect 

physiological changes in the brain, making it a key source of neurodegenerative disease 

biomarkers. In Alzheimer’s disease, several biomarkers detectable in the CSF such as 

Aβ42/Aβ40 (ratio of β-amyloid 42 to β-amyloid 40) and p-tau181/Aβ42 (ratio of 

phosphorylated tau at residue 181 to β-amyloid 42) have shown clinical utility in distinguishing 

patients from controls (Mattsson et al., 2017; Hansson et al., 2018). CSF samples are collected 

via lumbar puncture, an invasive procedure with potential complications, limiting its use 

(Evans, 1998). Consequently, more accessible biomarker sources, like blood or saliva, are often 

explored for widespread use or repeat measurements. Emerging evidence has supported a role 

for plasma levels of p-tau217 (phosphorylated tau at residue 217) to possess similar 

performance to CSF Alzheimer’s disease biomarkers (Barthélemy et al., 2024). Successfully 
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identifying diagnostic CSF biomarkers for Alzheimer’s disease and the evolution of more 

accessible measurements in blood raises the hope of finding similar biomarkers for PD. 

Rare, pathogenic variants linked to PD development (Section 1.1.2) can inform an individual’s 

risk of developing PD but due to incomplete penetrance, do not always lead to PD. Aggregating 

common variants associated with PD into polygenic risk scores can identify differences in PD 

risk at the population level, yet lack utility for individual prediction (Nalls et al., 2019; Koch et 

al., 2021). Molecules reflecting dynamic cellular processes, such as proteins, metabolites and 

RNA offer potentially exploitable biomarkers. 

Given its pathological aggregation in PD, α-synuclein has been extensively assessed as a 

biomarker. α-synuclein is detectable in various tissues such as the CSF, blood, saliva and skin 

(Fjorback et al., 2007; Devic et al., 2011; Mollenhauer et al., 2019; Han et al., 2022), indicating 

secretion mechanisms (Marques & Outeiro, 2012). However, measuring α-synuclein in CSF is 

challenging due to blood contamination (Barbour et al., 2008; Barkovits et al., 2020), leading 

to variability across studies (Magalhães & Lashuel, 2022). Meta-analyses have reported 

reduced total α-synuclein levels in the CSF in PD patients (Eusebi et al., 2017; Magalhães & 

Lashuel, 2022). In blood, measurements are often limited to serum or plasma because of high 

erythrocyte abundance (Barbour et al., 2008), with studies showing conflicting results regarding 

total α-synuclein levels in PD patients (Magalhães & Lashuel, 2022). Specific α-synuclein 

species have also been evaluated as diagnostic PD biomarkers. Oligomeric α-synuclein levels 

are higher in PD patients in both CSF and blood samples (Zhou et al., 2015; Wang et al., 2015; 

Williams et al., 2016; Eusebi et al., 2017; Daniele et al., 2018). Phosphorylated α-synuclein at 

residue 129, which constitutes over 90% of Lewy body α-synuclein (Oueslati, 2016), shows 

increased levels in CSF but not in serum or plasma of PD patients (Eusebi et al., 2017; Zubelzu 

et al., 2022). 

Parallels have been drawn between pathogenic α-synuclein and prions due to their self-

propagating abilities (Steiner et al., 2018). Prions propagation has been exploited to develop 

diagnostic tests for Creutzfeldt-Jakob disease (Moda Fabio et al., 2014), such as the protein 

misfolding cyclic amplification assay (PMCA) and real-time quaking-induced conversion assay 

(RT-QuIC) (Saborio et al., 2001; Atarashi et al., 2008). When RT-QuIC was first used to detect 

α-synuclein in CSF, it identified PD patients with 95% sensitivity and 100% specificity 

(Fairfoul et al., 2016). A larger study using PMCA detected α-synuclein in CSF with 88.5% 

sensitivity and 96.9% specificity against controls with other neurological and 

neurodegenerative disorders (Shahnawaz et al., 2017). These and other assays, such as HANdai 
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Amyloid Burst Inducer (Kakuda et al., 2019), are collectively referred to as α-synuclein seed 

amplification assays (SAAs), which vary in protocols but follow a similar premise (Figure 1.5).  

 

 

Figure 1.5. α-synuclein seed amplification assay. Biofluid samples are collected (cerebrospinal fluid 
and blood are represented here). Seed competent α-synuclein induces seeding of α-synuclein monomers 
added to the sample. This process is amplified through an incubation phase and periodic fragmentation, 
typically by sonication (PMCA) or shaking (RT-QuIC), to promote the formation of new α-synuclein 
seeds. α-synuclein aggregation kinetics are measured during this process by fluorescence. Taken from 
(Soto, 2024). 

 

Subsequent studies have confirmed the diagnostic potential of CSF α-synuclein SAAs in PD 

across numerous cohorts (Fairfoul et al., 2016; Shahnawaz et al., 2017; Groveman et al., 2018; 

Rossi et al., 2020; Shahnawaz et al., 2020; Brockmann et al., 2021; Russo et al., 2021; Concha-

Marambio et al., 2021; Siderowf et al., 2023). A meta-analysis of 22 studies found α-synuclein 

SAAs had a pooled sensitivity of 91% and specificity of 96% for distinguishing Lewy body 

synucleinopathies from non-synucleinopathies (Grossauer et al., 2023). The largest single-

cohort study, involving 1123 Parkinson’s Progression Marker Initiative (PPMI) participants, 

reported an overall sensitivity of 87.7% and a specificity of 96.3% for distinguishing PD 

patients from controls (Siderowf et al., 2023). However, subgroup analysis within the PPMI 

study showed reduced sensitivity in LRRK2-PD patients (67.5%) and PD patients without 

olfactory dysfunction (63.0%) (Siderowf et al., 2023).  

Studies have reported positive α-synuclein SAA results in individuals with RBD, suggesting its 

potential for early PD identification (Iranzo et al., 2021; Siderowf et al., 2023; Concha-

Marambio et al., 2023). SAA kinetics may offer quantitative insights into α-synuclein 
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aggregation (Shahnawaz et al., 2017; Groveman et al., 2018; Gilboa et al., 2024), demonstrating 

associations with cognitive impairment (Bräuer et al., 2023; Brockmann et al., 2024) and more 

general PD severity (Shahnawaz et al., 2017; Vivacqua et al., 2023). Longitudinal studies are 

needed to establish the clinical utility of SAA as a prognostic or progression PD biomarker. 

Additionally, α-synuclein SAAs have been tested in more accessible tissues like skin and the 

olfactory mucosa (De Luca et al., 2019; Manne et al., 2020; Mammana et al., 2021; Donadio et 

al., 2021; Bargar et al., 2021). In serum samples, α-synuclein SAA distinguished PD patients 

from controls with AUCs of 0.96 and 0.86 in two cohorts (Okuzumi et al., 2023). Preprocessing 

to isolate neuronally derived extracellular vesicles in blood has shown promise in identifying 

individuals at high risk of developing PD (Kluge et al., 2022; Shijun Yan et al., 2023; Kluge et 

al., 2024). 

Proteins other than α-synuclein have also been assessed as PD biomarkers. Neurofilament light 

chain (NfL) release, associated with axonal damage (Gaetani et al., 2019), is higher in the CSF 

of PD patients, correlating with motor and cognitive impairment (Lerche et al., 2020). Elevated 

blood NfL levels may also predict future cognitive impairment risk in PD (Aamodt et al., 2021; 

Batzu et al., 2022). NfL levels in CSF and blood can help distinguish PD from atypical 

parkinsonian conditions (Bäckström et al., 2015; Magdalinou et al., 2015; Hansson et al., 2017). 

However, since increased NfL is a general marker of neurodegeneration, its specificity is 

limited in the presence of other neurodegenerative diseases (Ashton et al., 2021). Consistent 

with the role of inflammation in PD, levels of specific inflammatory cytokines and chemokines 

such as TNF-α, IL-6, IL-1B, MCP-1 and CRP, are increased in the blood and CSF of PD 

patients (Qu et al., 2023). The ability of inflammatory markers to distinguish PD patients from 

controls was inconsistent, potentially due to mixed methods of measuring inflammatory marker 

levels (Qu et al., 2023). Inflammatory processes have been associated with motor and cognitive 

outcomes and thus may have potential clinical utility as progression or prognostic PD 

biomarkers (Williams-Gray et al., 2016). 

Several proteomic studies have shown increased DDC levels in the CSF of PD patients 

compared to controls (del Campo et al., 2023; Paslawski et al., 2023; Pereira et al., 2023; 

Rutledge et al., 2024; Appleton et al., 2024). As shown in Figure 1.3, DDC catalyses the 

conversion of L-Dopa to dopamine. DDC distinguished patients with Lewy body disease 

(defined as dementia with Lewy bodies and PD patients) from controls with an AUC of 0.89 in 

CSF and 0.92 in plasma (Pereira et al., 2023). However, a later study indicated that the ability 

of DDC to distinguish between PD patients and controls in plasma was influenced by 

dopaminergic treatment status (Appleton et al., 2024).  
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Metabolic dysfunction has been described in PD and metabolites are commonly exploited as 

potential biomarkers (Mamas et al., 2011; Anandhan et al., 2017). Blood urate levels are 

inversely associated with PD risk (Wen et al., 2017; Chang et al., 2022), and higher urate levels 

correlate with slower disease progression (Schwarzschild et al., 2008; Ascherio et al., 2009). 

Reduced serum levels of caffeine and associated metabolites have been described (Hatano et 

al., 2016), consistent with the inverse between caffeine intake and PD risk (Section 1.1.2), with 

the potential ability of caffeine and its metabolite levels to distinguish PD patients from controls 

(AUC = 0.87) (Fujimaki et al., 2018). Metabolite panels have shown AUCs of 0.80-0.90 in 

distinguishing PD patients from controls (Burté et al., 2017; Stoessel et al., 2018; Klatt et al., 

2021), though require validation in independent cohorts (Shao & Le, 2019). In two studies that 

evaluated the ability of metabolites to distinguish between PD patients and controls in 

independent cohorts, AUCs of 0.83 and 0.846 were reported (Saiki et al., 2017; Mallet et al., 

2022).  

Gene expression changes in CSF, blood, and skin samples between PD patients and controls 

suggest that mRNA (messenger RNA) could be a source of PD biomarkers (reviewed in 

(Borrageiro et al., 2018)). However, not all studies tested the ability of mRNA to distinguish 

PD patients from controls (described in more detail in Section 3.1). Initial studies using 

microarray and quantitative polymerase chain reaction (qPCR) to measure mRNA levels 

reported AUCs from 0.63 to 0.96 with fewer than 100 PD patients (Scherzer et al., 2007; 

Molochnikov et al., 2012; Santiago & Potashkin, 2013, 2015; Santiago et al., 2016). Later, 

larger studies assessed gene expression as a PD biomarker using microarrays (Shamir et al., 

2017) and RNA-seq data from large-scale projects such as the PPMI and Parkinson’s Disease 

Biomarker Program (PDBP), involving hundreds of PD patients and controls (Marek et al., 

2011). Using gene expression to distinguish PPMI PD patients from controls with AUCs from 

0.72 to 0.81 (Makarious et al., 2022; Pantaleo et al., 2022; Li et al., 2023), but an AUC of 0.69 

when replicated in PDBP (Li et al., 2023). 

The progressive annotation of the human genome has uncovered thousands of non-protein 

coding genes, including those for encoding microRNAs (miRNAs) (Snyder et al., 2020). 

miRNAs regulate gene expression by forming the RNA-induced silencing complex, which 

degrades complementary mRNAs (Hammond et al., 2001; Lai, 2002; Shang et al., 2023). 

Altered levels of hsa-miR-221-3p, hsa-miR-214-3p and hsa-miR-29c-3p have been reported in 

the blood of PD patients in multiple studies (Schulz et al., 2019). A large scale study of small 

non-coding RNAs, predominantly miRNAs, showed dysregulation of molecular PD hallmarks 

including chronic inflammatory responses, and identified miRNAs associated with disease 
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progression (Kern et al., 2021). A meta-analysis of reported sensitivities and specificities for 

miRNA to distinguish PD patients from controls across a variety of biological fluids produced 

a sensitivity and specificity of 0.82 and 0.80 respectively (Guévremont et al., 2023). miRNAs 

are seen as attractive biomarker candidates due to their inherent stability (Xi et al., 2007; 

Mitchell et al., 2008). Another class of RNA, circular RNA (circRNA, Section 1.3) is also noted 

for its inherent stability (Jeck et al., 2013; Enuka et al., 2016) and has been proposed as a source 

of biomarkers for a range of diseases (Verduci et al., 2021).  
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1.3 Circular RNA 

CircRNAs are largely non-coding, covalently closed loop molecules formed by a back-splicing 

reaction in which a downstream splice site donor is spliced to an upstream splice site acceptor. 

The field emerged in the early 2010s (Salzman et al., 2012; Jeck et al., 2013; Hansen et al., 

2013; Memczak et al., 2013) and has since expanded rapidly (Figure 1.6). However, there is 

concern over the number of retracted publications and links to ‘paper mills’ (Bricker-Anthony 

& Herzog, 2023) (Figure 1.6). Given the delay between publication dates and article 

retractions, the number of retractions will unfortunately grow over the coming years. Thus, 

developing and following robust research methods for circRNA studies is crucial for 

reproducibility and consistency (Dodbele et al., 2021; Nielsen et al., 2022). 

 

 

Figure 1.6. Expansion of circular RNA research. Number of articles containing the term circRNA 
deposited in PubMed. Retraced articles were identified using the search term circRNA retracted. 

 

Initially, studies utilising electron microscopy reported the presence of circular RNA molecules 

(Sanger et al., 1976; Kolakofsky, 1976; Hsu & Coca-Prados, 1979). Further work identified 

mitochondrial-derived circRNAs in yeast (Arnberg et al., 1980) and circular RNA genomes 

contained within the hepatitis delta virus (Kos et al., 1986). Beginning in the 1990s, circRNAs 

were first linked to specific human genes. Nigro et al discovered transcripts within the gene 

DCC that exhibited exon ordered differentially to that of the primary transcript, thus providing 

the first description of “scrambled exons” (Nigro et al., 1991). Scrambled exons were also 

identified in c-ets-1 (now known as ETS1), in combination with long flanking introns, non-

polyadenylation and low expression (Cocquerelle et al., 1992); aligning with the current 
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paradigm of circRNA properties (Jeck et al., 2013). In a follow up study, c-ets-1 was 

subsequently shown to be circular (Cocquerelle et al., 1993). At the same time, circular mouse 

Sry transcripts were identified (Capel et al., 1993). Over the next few years, numerous genes 

were confirmed to also produce circular transcripts including the cytochrome P450 gene in rats 

and humans (Zaphiropoulos, 1996, 1997), DMD (Surono et al., 1999) and ANRIL (Burd et al., 

2010). Later work identified hundreds of loci producing transcripts in which the spliced exon 

order did not match the canonical genomic order (Dixon et al., 2005; Al-Balool et al., 2011). 

The development of RNA-seq library preparations capable of amplifying non-polyadenylated 

transcripts further clarified the genome-wide production of non-linearly spliced transcripts and 

the appreciation that many are circular (Al-Balool et al., 2011; Salzman et al., 2012; Jeck et al., 

2013; Hansen et al., 2013; Memczak et al., 2013). 

1.3.1 Biogenesis 

Back-spliced junctions (BSJs) are the key defining feature distinguishing circRNAs from the 

cognate linear RNA (Figure 1.7a). CircRNA production utilises the canonical spliceosome 

machinery (Starke et al., 2015) so is recognised as a form of alternative splicing. However, the 

splicing of distal splice junctions to produce circRNAs requires a distinct set of mechanisms 

beyond the canonical splicing of linear transcripts. 

The circRNA life cycle begins with the RNA polymerase II (Pol II) mediated transcription of 

DNA to form precursor mRNA. Given the links between the transcription elongation rate and 

splicing (Fong et al., 2014), there are indications at this early stage of factors influencing 

circRNA production. Faster rates of transcription have been correlated with increased circRNA 

production (Y. Zhang et al., 2016; Debès et al., 2023). Furthermore, pathogenic variants in Pol 

II that reduce transcription speed result in reduced circRNA expression (Y. Zhang et al., 2016). 

Numerous studies have subsequently explored whether circRNA production occurs co- or post-

transcriptionally. The detection of circRNAs in sequencing of chromatin-bound RNA suggested 

some circRNAs are produced co-transcriptionally (Ashwal-Fluss et al., 2014). Supporting this 

view, disrupting poly(A) sequences at specific circRNA loci diminished circRNA production 

(Liang & Wilusz, 2014). In follow up work, disrupting polyA sequences at separate circRNA 

loci had no effect on circRNA production, suggesting that cis-regulatory elements, such as long 

flanking introns, may promote the co-transcriptional production of circRNA (Kramer et al., 

2015). Later work using tagging of newly transcribed RNA identified a proportion of co-

transcriptionally produced circRNAs, yet most were produced post-transcriptionally (Y. Zhang 

et al., 2016). CircRNA production can also be induced by the depletion of spliceosome 
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components and other splicing factors (Kramer et al., 2015; Liang et al., 2017) further 

demonstrating how pre-mRNA processing shapes the production of circRNAs.  

To produce most circRNAs, distal splice sites need to come into proximity, which can occur 

through several mechanisms (Figure 1.7b, c). Early work recognised that long flanking introns 

facilitate the production of circular human c-ets-1 and mouse Sry transcripts (Cocquerelle et al., 

1992; Dubin et al., 1995). Genome wide profiling of circRNA expression confirmed that 

circRNA loci were enriched with long flanking introns containing reverse complementary 

sequences (Jeck et al., 2013). In humans, reverse complementary sequences flanking circRNA 

loci often reside in primate-specific Alu elements (Jeck et al., 2013; Zhang et al., 2014). When 

positioned in reverse orientations, Alu elements base-pair intramolecular due to inverted repeat 

sequences (IRAlu). CircRNA biogenesis is promoted by the formation of IRAlus across flanking 

introns, but not by IRAlus within individual introns (Zhang et al., 2014). The competition of 

IRAlu pairing within and across introns contributes to variable circRNA production (Zhang et 

al., 2014). Additionally, IRAlu pairings compete to produce circRNAs with alternative back-

spliced junctions (Zhang et al., 2014; X.-O. Zhang et al., 2016). The lack of conserved inverted 

repeats flanking BSJ loci may explain differences in circRNA expression between humans and 

mice (Guo et al., 2014; Ji et al., 2019). This is consistent with work supporting that circRNA 

development is linked to convergent evolution through species-specific transposable elements 

in flanking regions (Gruhl et al., 2021; Santos-Rodriguez et al., 2021), explaining the increasing 

complexity of circRNA expression throughout species evolution (Dong et al., 2016). 
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Figure 1.7. Common circular RNA biogenesis mechanisms. (a) Back-splicing of a 3’ splice site to 
an upstream 5’ splice site. (b) Back-splicing mediated by reverse complementary sequences. In humans, 
Alu elements are a common source of repeat sequences. (c) Back-splicing mediated through RNA-
binding proteins. 

 

CircRNA expression changes in a cell (Salzman et al., 2013; Wu et al., 2022), tissue (Maass et 

al., 2017; Xia et al., 2017) and development stage-specific manner (Conn et al., 2015; Mellough 

et al., 2019) suggest the involvement of additional trans regulatory factors. For example, the 

binding of trans-acting RNA-binding proteins (RBPs) can influence circRNA production. The 

first RBP identified to potentiate circRNA biogenesis was the splicing factor muscleblind 

(encoded by mbl) (Ashwal-Fluss et al., 2014). In Drosophila melanogaster, a circRNA 

produced from the mbl locus contained muscleblind motifs, promoting the production of this 

circRNA (Ashwal-Fluss et al., 2014). Knockdown of the mbl locus also affected levels of 

circRNAs produced from loci other than mbl, supporting a wider role of muscleblind, and 

potentially other RBPs, in circRNA biogenesis (Ashwal-Fluss et al., 2014). Subsequently,  

quaking was shown to increase general circRNA abundances during epithelial-mesenchymal 

transition through binding to quaking motifs in the flanking introns of circRNAs (Conn et al., 

2015). Other RBPs have been reported to influence circRNA biogenesis through binding to 

double-stranded RNA (dsRNA) structures, such as those produced by IRAlus pairing (Ahmad 
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et al., 2018). ADAR1 is an enzyme that binds dsRNA, catalysing the conversion of adenine to 

inosine bases, termed A-I editing (Hogg et al., 2011). In humans, most A-I editing occurs at 

dsRNA formed by IRAlus (Levanon et al., 2004). ADAR1 depletion leads to increased levels 

of specific circRNAs, possibly through ADAR1-mediated A-I editing destabilising dsRNA 

structures formed by IRAlus (Ivanov et al., 2015; Rybak-Wolf et al., 2015). Another RBP, 

DHX9, is also thought to repress circRNA biogenesis by destabilising dsRNA structures (Aktaş 

et al., 2017). However, later work also associated ADAR1 A-I editing with increased biogenesis 

of certain circRNAs, possibly through stabilising dsRNA structures or editing of RBP binding 

sites (Shen et al., 2022).  

Additional, less well-characterised mechanisms of circRNA biogenesis also exist. In some 

cases, lariats produced after exon skipping may undergo a back-splicing reaction to form 

circRNAs (Zaphiropoulos, 1996; Surono et al., 1999; Kelly et al., 2015; Barrett et al., 2015). 

Furthermore, circular intronic RNAs may be formed when RNA motifs located near the 5’ 

splice site and branchpoint lead to intron lariats escaping debranching and subsequently forming 

covalently closed molecules via a 2’, 5’ phosphodiester bond (Zhang et al., 2013). Finally, 

circRNAs can be produced due to chromosomal translocations (Guarnerio et al., 2016). 

1.3.2 Subcellular localisation 

Following their formation, subcellular circRNA localisation can depend on the characteristics 

of the circRNA. CircRNAs that possess retained introns (exon-intron circRNAs, intronic 

circRNAs) are typically retained in the nucleus (Zhang et al., 2013; Z. Li et al., 2015). Exonic 

circRNAs, however, are typically localised to the cytoplasm (Jeck et al., 2013; Zhang et al., 

2019). Canonical mRNA export from the nucleus is dependent on mRNA processing steps 

during transcription (Wickramasinghe & Laskey, 2015), so the lack of a 5’ cap and polyA tail 

in circRNA suggests alternative forms of transport out of the nucleus. CircRNA transport out 

of the nucleus may be passive, such as through the disassembly of the nuclear envelope during 

mitosis (Güttinger et al., 2009), and maintained in the cytoplasm through their stability (Enuka 

et al., 2016). Initial work identified that the depletion of two RNA helicases, URH49 (encoded 

by DDX39A) and UAP56 (encoded by DDX39B) impaired circRNA export in a size dependent 

manner (Huang et al., 2018). When URH49 was depleted, circRNAs with a length <356 

nucleotides were enriched in the nucleus, while UAP56 depletion led to an enrichment of 

circRNAs with a length >1298 nucleotides. However, no mechanism for the export of circRNAs 

of intermediate length was suggested. Furthermore, a separate study failed to recapitulate 

consistent size-dependent nuclear circRNA accumulation upon URH49 and UAP56 depletion 
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(L. H. Ngo et al., 2024). Later studies have supported roles for members of the exportin family, 

exportin-4 (Chen et al., 2022) and exportin-2 (L. H. Ngo et al., 2024) in nuclear circRNA export. 

Differences in circRNA localisation may reflect specific physiological contexts or circRNA 

characteristics (Zhang et al., 2019). The binding of the splicing factor SRSF1 leads to the 

nuclear retention of certain circRNAs (Ron & Ulitsky, 2022). Furthermore, adenosine-rich 

circRNAs are exported from nuclei to the cytosol by PABPC1 during neural differentiation of 

H9 pluripotent stem cells (Cao et al., 2024). Finally, the detection of circRNAs within 

extracellular vesicles additionally suggests they can be released from cells via exocytosis (Y. 

Li et al., 2015; Lasda & Parker, 2016). 

1.3.3 Degradation 

Degradation by exoribonucleases begins at the terminal ends of an RNA molecule (Garneau et 

al., 2007). Owing to their covalently closed structure, circRNAs have increased resistance to 

exoribonuclease activity (Jeck et al., 2013). This resistance is commonly exploited to 

experimentally enrich circRNAs through the addition of the 3’-5’ exoribonuclease RNase R. 

CircRNA stability manifests as increased half-lives compared to the cognate linear RNA 

molecules (Enuka et al., 2016), and may contribute to the enrichment of circRNAs in post-

mitotic tissue such as the brain (Westholm et al., 2014; Rybak-Wolf et al., 2015). 

However, there are multiple known mechanisms by which circRNA turnover occurs. CircRNAs 

can be degraded through endoribonuclease activity, which degrades RNAs internally (Tomecki 

& Dziembowski, 2010). One such endoribonuclease, RNase L, is activated as part of an innate 

immune response and leads to widespread turnover of multiple RNA species (Chakrabarti et 

al., 2011; Burke et al., 2019), including circRNAs (C.-X. Liu et al., 2019). The N6-

methyladenosine (m6A) modification of circRNA has been implicated in several downstream 

effects such as promoting translation (Yang et al., 2017) and recognising endogenous circRNAs 

(Chen et al., 2019). Additionally, there is evidence that m6A-circRNAs are degraded by the 

endoribonucleases, RNase P and RNase MRP (Park et al., 2019). Another endoribonuclease, 

G3BP1 (Tourrière et al., 2001), has been reported to degrade highly structured circRNAs in 

tandem with UPF1 (Fischer et al., 2020). The early characterised circRNA CDR1as/ciRS-7 

(Memczak et al., 2013; Hansen et al., 2013), contains an miRNA binding site (miR-671) 

allowing for the argonaute-2 associated degradation (Hansen et al., 2011). This method of 

turnover is likely to be highly specific given the lack of circRNAs highly populated with 

miRNA binding sites (Guo et al., 2014). Finally, the processing-body localised proteins 
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TNRC6A, TNRC6B, and TNRC6C have been implicated in circRNA degradation, yet the exact 

mechanism is still unclear (Jia et al., 2019). 

1.3.4 Biological relevance  

Despite the identification of millions of circRNAs across species (Wu et al., 2024), the function, 

if any, of the vast majority has not been determined.   

RNAs with multiple miRNA binding sites may act as competitive endogenous RNAs (ceRNAs) 

(Salmena et al., 2011). Initial work recognised binding sites and subsequent cleaving of a 

circular lncRNA located antisense to CDR1, CDR1as/ciRS-7, by miR-671 (Hansen et al., 2011). 

In 2013, two independent labs identified >60 binding sites for another miRNA, miR-7, within 

CDR1as/ciRS-7 (Hansen et al., 2013; Memczak et al., 2013). The abundant expression of 

CDR1as/ciRS-7 relative to other circRNAs and the presence of multiple miR-7 binding sites 

lead to the proposal that circRNAs could act as miRNA sponges and hundreds of publications 

describing this mechanism for various circRNAs and miRNAs have been published (reviewed 

in Panda, 2018; Jarlstad Olesen and S Kristensen, 2021). However, the role of circRNAs acting 

as miRNA sponges is controversial. Stoichiometry is important as some ceRNAs require 

thousands of target sites to induce physiological changes to miRNA function (Denzler et al., 

2014; Bosson et al., 2014). Examination of circRNA sequences showed that only one circRNA 

besides CDR1as/ciRS-7, contained more miRNA binding sites than expected by chance (Guo 

et al., 2014). Given a lack of miRNA binding site enrichment in circRNAs, they would need to 

be expressed at high levels to affect miRNA expression, yet most circRNAs are expressed at 

low levels (Salzman et al., 2013; Guo et al., 2014). Later work showed that CDR1as/ciRS-7 

knockdown reduced miR-7 levels (Piwecka et al., 2017) consistent with a regulatory network 

other than miRNA sponging (Kleaveland et al., 2018). Furthermore, correlating expression 

between circRNAs and miRNAs is not sufficient evidence supporting sponging, and spatial 

localisation of expression must be considered (Kristensen et al., 2020). 

The potential ability of circRNAs to sponge proteins may lead to functional consequences. In 

some cases, protein sponging by circRNAs assists in regulating gene expression. This was first 

identified in a negative feedback loop at the mbl locus in Drosophila (Ashwal-Fluss et al., 

2014). A circRNA at the mbl locus, circMBL, contains binding sites for the muscleblind protein, 

preventing muscleblind binding to the flanking introns of circMBL to promote circularisation 

thus favouring canonical splicing and the production of more muscleblind protein (Ashwal-

Fluss et al., 2014). A similar mechanism was recently described at the paralog RpL22 and 

RpL22-like loci, also in Drosophila (Ng et al., 2024). A circRNA produced from the RpL22 
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(circRpL22) locus controls the RpL22-mediated repression of RpL22 and RpL22-like (Ng et al., 

2024). circRpL22 binding to RpL22 therefore mediates RpL22 repression of these during 

spermatogenesis (Ng et al., 2024).  

circRpL22 is formed from an intronic sequence of its cognate gene, a characteristic that has 

previously been shown to be important for transcriptional regulation (Zhang et al., 2013; Z. Li 

et al., 2015). Intron containing circRNAs can be found in the nucleus (Section 1.3.2) whereby 

they localise to promotors and interact with Pol II and the spliceosome component U1 to 

promote cognate gene transcription and processing (Z. Li et al., 2015). Alternatively, intron-

containing circRNAs may form DNA-RNA hybrids, termed R-loops, to influence cognate gene 

transcription and splicing. A circRNA produced from ANKRD52 forms an  R-loop at its cognate 

locus promoting transcription through the RNase H1-mediated degradation of the R-loop 

(Zhang et al., 2013; Li et al., 2021). This mechanism does not appear to be specific to intron-

containing circRNAs as an exonic circRNA produced from the SEPALLATA3 locus in 

Arabidopsis, promotes an exon exclusion in its cognate pre-mRNA through R-loop formation 

(Conn et al., 2017). 

CircRNA protein sponging may also be important for immune responses. Some circRNAs form 

dsRNA secondary structures, interacting with immune-surveillance dsRNA-binding proteins 

(Li et al., 2017; C.-X. Liu et al., 2019). The binding of circRNAs to the dsRNA-binding protein 

kinase R (PKR) results in inhibition (Li et al., 2017; C.-X. Liu et al., 2019). PKR, one of four 

kinases responding to cellular stress, induces the integrated stress response (ISR) by 

phosphorylating the alpha subunit of eukaryotic translation initiation factor 2 (eIF2α) (Pakos-

Zebrucka et al., 2016). PKR specifically mediates the antiviral aspect of the ISR. During viral 

infection, circRNA degradation by the endoribonuclease RNase L allows PKR activation (C.-

X. Liu et al., 2019; Liu et al., 2022). Thus, regulation of circRNA levels appears essential for 

innate antiviral responses. Similarly, a circRNA from the cGAS locus suppresses the activation 

of the double-stranded DNA (dsDNA) binding immune sensor cyclic GMP-AMP Synthase 

(cGAS) (Xia et al., 2018). Additionally, extracellular circRNAs can be taken up by 

macrophages, potentially acting as danger-associated molecular patterns (Amaya et al., 2024). 

While often described as non-coding, at least a subset of circRNAs may produce translatable 

products (Schneider & Bindereif, 2017). The presence of internal ribosome entry sites (IRES) 

enables cap-independent translation (Yang & Wang, 2019). IRES can be engineered into 

circRNA to initiate protein synthesis (Chen & Sarnow, 1995; Wesselhoeft et al., 2018, 2019; 

R. Chen et al., 2023). Whether circRNAs are endogenously translated is controversial (Dodbele 

et al., 2021; Hansen, 2021). Some studies report no evidence of endogenous circRNA 
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translation (Jeck et al., 2013; Guo et al., 2014; Stagsted et al., 2019). However other studies 

have reported endogenous circRNA expression of m6A-modified circRNAs (Yang et al., 2017) 

and specific loci such as ZNF609, Mbl, Sfl and FGFR1 (Legnini et al., 2017; Pamudurti et al., 

2017; Weigelt et al., 2020; C.-K. Chen et al., 2021). Notably, the circZNF609 translation 

reported by Legnini et al may be an artefact of the trans-spliced linear RNA from the 

overexpression plasmid used (Ho-Xuan et al., 2020). Recent work has suggested that circRNAs 

uptaken by macrophages undergo translation to be presented as antigens to stimulate immune 

responses (Amaya et al., 2024). Cap-independent translation often occurs during periods of 

cellular stress (Advani & Ivanov, 2019), suggesting a potential mechanism behind the reported 

widespread translation of circRNA products (van Heesch et al., 2019; C.-K. Chen et al., 2021). 

The biological roles of circRNAs offer opportunities for translational applications, with 

artificial circRNA synthesis crucial for this purpose. Some synthetic circRNAs, such as those 

produced through permuted group I phage T4 introns (Puttaraju & Been, 1992), trigger innate 

antiviral immune responses via cytosolic dsRNA sensors PKR and retinoic acid-inducible gene 

I (RIG-I) (Chen et al., 2017; Zhang et al., 2018; Wesselhoeft et al., 2019). The differentiation 

between endogenous and exogenous circRNAs remains unclear, but it may involve synthetic 

circRNA biogenesis artefacts or a lack of m6A modification (Wesselhoeft et al., 2019; Chen et 

al., 2019; Liu et al., 2022). Endogenous circRNAs appear to suppress certain aspects of the 

immune response, exemplified through PKR inhibition (C.-X. Liu et al., 2019; Liu et al., 2022). 

CircRNAs with lower immunogenicity, generated through phage T4 RNA ligase (Liu et al., 

2022), have been used to inhibit PKR and applied to diseases models of systemic lupus 

erythematosus, psoriasis and Alzheimer’s disease (C.-X. Liu et al., 2019; Liu et al., 2022; Guo 

et al., 2024; Feng et al., 2024). Immunogenic circRNAs that activate innate and adaptive 

immune responses can act as adjuvants for boosting immune response (Chen et al., 2019; 

Amaya et al., 2023). This, combined with engineering and delivering translatable circRNAs, 

has been explored for vaccines targeting SARS-CoV-2 and tumours (Meganck et al., 2018; 

Wesselhoeft et al., 2018, 2019; Qu et al., 2022; Amaya et al., 2023). 

1.3.5 Genome-wide detection and quantification of circular RNAs 

Detecting circRNAs is challenging because the circular transcript is almost identical to the 

cognate linear transcript. High throughput computational detection of circRNAs relies on 

detecting the BSJ. Microarrays containing probes corresponding to BSJ have been developed 

(S. Li et al., 2019). However, this approach suffers from inflexibility over which BSJs are 

included in the array. For example, a circRNA array produced by Arraystar contains 13,617 
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human circRNAs, a fraction of the circRNAs reported in circRNA databases (Vromman et al., 

2023).  

As an alternative, circRNAs can be computationally detected in short-read RNA-seq data. 

Given their lack of 3’ polyA tails, circRNAs were initially missed in early RNA-seq datasets 

due to the prevalence of sequencing libraries prepared with oligo(dT) primers, enriching 

poly(A)+ transcripts. Widespread detection of circRNAs in RNA-seq data occurred after the 

development of library preparation methods which retain non-polyA transcripts e.g., ribo-

depleted RNA-seq (Salzman et al., 2012; Hansen et al., 2013; Jeck et al., 2013; Memczak et al., 

2013). Additionally, some studies have sequenced sample fractions left over after poly(A) 

enrichment has taken place and can be described as poly(A)- selection (Yang et al., 2011; Zhang 

et al., 2013, 2014). Unlike poly(A)- RNA-seq, ribo-depleted RNA-seq preserves expression 

data of the cognate linear RNA, which can be useful for comparing relative abundances of 

circRNAs (Salzman et al., 2013; Ma et al., 2019; Zhang et al., 2020). For optimum circRNA 

detection, treatment with RNase R to deplete linear RNAs can be performed before library 

preparation (Jeck et al., 2013; Xiao & Wilusz, 2019). Again however, this has the downside of 

losing expression data regarding linear RNA transcripts.   

CircRNAs are detected by sequencing reads that span the BSJ (Figure 1.8a). These reads map 

divergently to the genomic reference, making them undetectable by standard RNA-seq 

workflows. Specialised computational tools have been developed to detect BSJ-spanning reads 

(reviewed in Rebolledo et al., 2023). Many tools begin by aligning reads to a genomic reference 

and extracting the unmapped reads, which may contain BSJs. For example, CIRI2 (Gao et al., 

2018), identifies read segments that do not fully align to the reference genome. These segments 

are split into seeds, which are then matched to adjacent regions. Maximum likelihood 

estimation is used to determine if the segments fit the patterns expected from BSJs, canonical 

splice junctions, or neither. Other methods utilise the aligner STAR (Dobin et al., 2013), to 

detect chimeric transcripts, some of which may originate from BSJs. Tools like CIRCexplorer2 

(X.-O. Zhang et al., 2016) and DCC (Cheng et al., 2016) further filter and annotate these 

chimeric junctions to identify BSJs. Some tools (such as KNIFE and NCLScan (Szabo et al., 

2015; Chuang et al., 2016)) construct pseudo-reference sequences by concatenating sequences 

to represent BSJ sequences. A pseudo-reference approach has also been utilised by CIRIquant 

(Zhang et al., 2020), by constructing sequences of BSJs detected by CIRI2 before mapping 

sequencing reads to this pseudo-reference. 

Several tools also include the detection and quantification of the cognate linear RNA. This can 

be estimated using reads that span canonical splice junctions, sometimes termed forward-
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spliced junctions (FJSs) (Figure 1.8b). The ratio between circRNA and linear RNA expression 

is expressed as the circular:linear RNA ratio and has previously been used to identify changes 

in circRNA expression (Ma et al., 2019; Zhang et al., 2020). Reads that do not span any junction 

are uninformative for estimating circRNA or linear RNA expression (Figure 1.8c) 

 

 

Figure 1.8. Detection of circular and linear RNA using mapping of short-read RNA sequencing 
reads. (a) A read mapping across the back-spliced junction (BSJ) of a circular RNA. (b) A read mapping 
across a forward-spliced junction (FSJ) of a linear RNA. (c) A read mapping within an exon boundary 
that it uninformative for delineating between circular or linear RNA molecules. 

 

CircRNA reporting in the literature is inconsistent. The development of circRNA databases has 

led to conflicting nomenclatures, confusing the reporting of identical circRNAs based on the 

BSJ (Vromman et al., 2021). Most circRNA detection tools report the BSJ location (e.g. 

chromosome:BSJ start–BSJ end:strand). Recently, a consensus nomenclature was proposed 

(L.-L. Chen et al., 2023), to simplify circRNA structure summarisation. For instance, (circX(2, 

3)) denotes a circRNA from the second and third exons of gene X, distinct from circX(3, 4) 

produced from the third and fourth exons of gene X. Given the recency of the new nomenclature, 

widespread use has not yet been adopted by circRNA detection tools. 
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1.3.6 Circular RNAs as PD biomarkers 

CircRNAs are often discussed as potential biomarkers owing to several characteristics (Verduci 

et al., 2021). Notably, their covalently closed structure results in increased resistance to 

exoribonuclease activity (Jeck et al., 2013). Consequently, circRNAs have longer half-lives 

compared to cognate linear mRNA molecules (Enuka et al., 2016). CircRNAs show tissue- and 

cell-type specific expression (Salzman et al., 2013; Alhasan et al., 2016; Maass et al., 2017; Xia 

et al., 2017; Wu et al., 2022). CircRNA expression profiles can differ from cognate linear RNA, 

and at certain loci, are more abundantly expressed than linear RNA (Salzman et al., 2012; 

Izuogu et al., 2018; Zhang et al., 2020; Dong et al., 2023). These findings suggest that circRNAs 

may exhibit unique expression patterns compared to linear RNA which may be exploitable as 

biomarkers.  

CircRNA levels are higher in the brain than in other tissues, and their production is enriched in 

genes involved in synaptic function (Westholm et al., 2014; Rybak-Wolf et al., 2015; You et 

al., 2015). As such, circRNAs are of particular interest to researchers studying 

neurodegenerative disorders. 

For use as biomarkers, circRNAs should be detectable in accessible and non-invasive sources. 

Fortunately, circRNAs are detectable in blood, saliva and urine (Bahn et al., 2015; Memczak et 

al., 2015; Vo et al., 2019; Hutchins, Reiman, et al., 2021). Furthermore, circRNAs have been 

detected in extracellular vesicles (Y. Li et al., 2019). As extracellular vesicles can cross the 

blood-brain barrier (Ramos-Zaldívar et al., 2022), the isolation and detection of circRNAs 

within neuronal-derived vesicles may offer a source of biomarkers relevant to 

neurodegenerative disorders. 

Initial studies on circRNA expression in PD used cellular and animal models to identify 

differential expression from loci such as zip-2, SNCA and DLGAP4 (Kumar et al., 2018; Sang 

et al., 2018; Feng et al., 2020; Jia et al., 2020). Later work identified circRNAs differentially 

expressed in human substantia nigra and blood  (Hanan et al., 2020; Ravanidis et al., 2021; 

Kong et al., 2021; Zhong et al., 2021; Xiao et al., 2022), reinforcing circRNA transcription 

differences in PD. The identification of differentially expressed circRNAs in blood suggested 

they could serve as accessible PD biomarkers. In these studies, specific circRNAs could 

distinguish PD patients from controls with AUCs ranging from 0.84 to 0.98, indicating potential 

clinical utility in PD diagnosis (Ravanidis et al., 2021; Kong et al., 2021; Zhong et al., 2021; 

Xiao et al., 2022). However, concerns about sample sizes, analysis methods, and replicability 

(Section 4.1) necessitate further investigation with larger cohorts and rigorous methodology.   
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1.4 Research hypotheses and aims  

1.4.1 Research hypotheses 

I hypothesise that patients in the early stages of idiopathic PD will exhibit transcriptional 

differences when compared to controls. Specifically, there will be specific genes and circRNAs 

that are differentially expressed in PD patients compared to controls. I also hypothesise that the 

expression of individual genes or circRNAs will offer the ability to distinguish between 

idiopathic PD patients and controls. Given prominent differences detectable in the blood of PD 

patients, the identification of dysregulated genes and pathways would provide disease-related 

changes in the blood, providing novel insights into PD development or progression. 

1.4.2 Research aims 

To address my hypotheses, I use RNA-seq data from several large, well-phenotyped cohorts.  

The first cohort involves participants enrolled in the Incidence of Cognitive Impairment in 

Cohorts with Longitudinal Evaluation-PD (ICICLE-PD). I supplement these RNA-seq data 

with publicly available and protected-access RNA-seq data from the Parkinson’s Progression 

Marker Initiative (PPMI) and BRAIN Cell encyclOpeDia of transcribed Elements Consortium 

(BRAINcode). 

In Chapter 3, I compare blood gene expression between patients recently diagnosed with 

idiopathic PD and controls from the PPMI and ICICLE-PD studies. By focusing specifically on 

individuals recently diagnosed with idiopathic PD, I aim to discover genes differentially 

expressed in the early stages of PD. As such, I then aim to assess the ability of gene expression 

to distinguish recently diagnosed idiopathic PD patients from controls, in the hope gene 

expression could be used as a diagnostic biomarker of PD. Furthermore, I aim to identify 

dysregulated genes that relate to our current understanding of the genetic architecture of PD 

and may be used as a proxy for current clinical measures of disease progression. Finally, I aim 

to uncover dysregulated biological processes that could inform our current understanding 

regarding peripheral systematic changes that are occurring in the early stages of idiopathic PD. 

In Chapter 4, I compare blood circRNA expression between patients recently diagnosed with 

idiopathic PD and controls from the PPMI and ICICLE-PD studies. Again, I aim to discover 

circRNAs differentially expressed specifically in the early stages of PD. I then aim to evaluate 

the ability of circRNAs to distinguish idiopathic PD patients from controls. I am particularly 

interested in whether circRNA expression offers an improved ability to identify PD patients 

over gene expression (Chapter 3). 
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Following the identification of a global reduction in circRNA expression in recently diagnosed 

idiopathic PD patients in PPMI and ICICLE-PD studies (Chapter 4), in Chapter 5, I aim to 

explore the reasons for this reduction. I aim to assess a variety of possible technical and 

biological explanations.  

In Chapter 6, I compare blood circRNA expression between controls and patients with genetic 

forms of PD enrolled in the PPMI. I also aim to compare blood circRNA expression between 

controls and individuals at increased risk of developing PD enrolled in the PPMI. Finally, I aim 

to assess circRNA expression changes in dopaminergic neurons isolated post-mortem from the 

substantia nigra of individuals with varying levels of Lewy body pathology ranging from 

controls (no pathology), incidental Lewy body cases (Lewy body pathology but no clinical 

neurodegenerative diagnosis) and PD patients from the BRAINcode study. 
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Chapter 2. General methods  
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This section describes data relating to the PPMI and ICICLE-PD study cohorts. All participant 

enrolment and data collection were performed externally from my PhD by the respective study 

teams. This thesis concerns the analysis of sequencing data generated using samples collected 

as part of the ICICLE-PD study and protected-access data provided by the PPMI. Other 

contributions (e.g. library preparation and sequencing) are clarified in the respective sections. 

2.1 Cohort descriptions 

2.1.1 The Incidence of Cognitive Impairment in Cohorts with Longitudinal Evaluation-PD 

(ICICLE-PD) 

The Incidence of Cognitive Impairment in Cohorts with Longitudinal Evaluation-PD (ICICLE-

PD) is an observational and longitudinal study jointly run by groups from Newcastle University 

and the University of Cambridge. Its primary aim goal is to characterise the development of 

cognitive impairment in PD. Data generated in this thesis is based on participants recruited to 

the Newcastle arm of the study.  

Details of the study, including inclusion and exclusion criteria, have been previously reported 

(Yarnall et al., 2014). Briefly, patients recently diagnosed with PD (mean disease duration [SD] 

= 5.5 [5.0] months) were recruited between 2009-2011 (Yarnall et al., 2014). PD diagnosis was 

based on the UK Brain Bank criteria (Hughes et al., 1992). Patients were excluded if a diagnosis 

of alternative parkinsonism was made (Dementia with Lewy bodies, Drug-induced 

parkinsonism, Vascular parkinsonism, Progressive supranuclear palsy, Multiple system 

atrophy, Corticobasal degeneration). Control participants of similar sex and age profiles were 

also recruited. Participants with no known neurological disorders (movement or mood 

disorders) were enrolled as controls. Given ICICLE-PD’s overarching focus on cognitive 

impairment, participants were excluded if cognitive impairment was recorded at the first visit. 

All data from ICICLE-PD participants analysed in this thesis was based on samples and data 

collected at the initial (baseline) visit. Ultimately, 381 participants were enrolled in ICICLE-

PD (219 PD and 99 controls). Analysis in this thesis includes 96 participants (48 PD and 48 

controls) as described in Section 2.2. 

2.1.2 Parkinson’s Progression Markers Initiative (PPMI) 

The Parkinson’s Progression Markers Initiative (PPMI) is a global observational and 

longitudinal study. Detailed information regarding the study has been previously published 
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(Marek et al., 2011, 2018). Briefly, patients recently diagnosed with PD (<2 years) were 

recruited from 24 study sites globally. Inclusion criteria included the presence of established 

clinical features and imaging-validated dopaminergic deficits (Marek et al., 2018). Notably, all 

PD patients were not receiving dopaminergic treatment at enrolment. Control participants of 

similar age and sex profiles were also recruited. Control participants were free of neurological 

disorders and without a first-degree relative diagnosed with PD. In this initial phase, 423 PD 

patients and 196 controls were recruited. An additional 64 PD patients were enrolled but were 

found to have no evidence of dopaminergic deficit when imaged. In the initial phase, several 

PD patients were found to harbour pathogenic variants in LRRK2 and GBA (Nalls et al., 2016). 

Expansion of the PPMI study in 2013-2019 resulted in the recruitment of individuals harbouring 

pathogenic variants in GBA, LRRK2 and SNCA. Further expansion included the recruitment of 

individuals with established risk factors such as hyposmia and REM sleep behaviour disorder 

(RBD). Genetic status was based on results from clinical genetic screening or whole genome 

sequencing as previously described (Hutchins, Craig, et al., 2021; Craig et al., 2021).  

Analysis in Chapters 3, 4, and 5 concerns PPMI participants categorised as idiopathic PD and 

controls in metadata provided by the PPMI. Further filtering criteria are outlined in Section 2.2. 

Analysis concerning a wider set of PPMI participants is described in Chapter 6. For these 

participants, selection criteria are outlined in Section 0. 

2.1.3 Clinical measures 

PD-related clinical measures were collected by trained examiners during the participation of 

PPMI and ICICLE-PD studies. Clinical assessments were used to measure the severity of 

symptoms associated with PD. In this thesis, I primarily utilise two clinical scoring systems: 

The Movement Disorders Society Unified Parkinson Disease Rating Scale Part III (MDS-

UPDRS III) and the Montreal Cognitive Assessment (MoCA). The MDS-UPDRS III assesses 

motor ability (Goetz et al., 2008). The MDS-UPDRS III is scored from 0-132 with proposed 

cutoff points including 32/33 for mild/moderate and 58/59 for moderate/severe motor 

dysfunction (Martínez-Martín et al., 2015). MoCA scores assess cognitive impairment 

(Nasreddine et al., 2005). MoCA is scored from 0-30 with scores >=26 typically used to reflect 

normal cognition (Nasreddine et al., 2005). To enable comparisons of different PD associated 

medications, the dosage is typically compared to the gold standard levodopa dosage, providing 

a levodopa equivalent daily dose (LEDD). The PPMI and ICICLE-PD studies reported LEDD 

using established methodology (Tomlinson et al., 2010). 
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2.2 Defining discovery (PPMI) and replication (ICICLE-PD) cohorts of individuals with 

early-stage idiopathic PD and matched controls 

Analyses presented in Chapters 3, 4, and 5 use the same samples from the PPMI and ICICLE-

PD studies. In these analyses, the PPMI cohort is used as a discovery cohort due to its larger 

size, and the ICICLE-PD cohort is used for replication. To increase comparability between 

cohorts, additional inclusion criteria were enacted. Broadly, the analyses concern individuals 

with early-stage idiopathic PD and matched controls. Here, idiopathic was defined as a 

diagnosis of PD in the absence of a known genetic or environmental cause. Early-stage was 

defined based on the time following diagnosis; both PPMI and ICICLE-PD patients were 

included if the time from sample collection was within 13 months of a clinical PD diagnosis. 

13 months was selected as a cutoff based on the maximum disease duration in the analysed 

ICICLE-PD samples. Both PPMI and ICICLE-PD are longitudinal studies with follow up visits, 

yet the data in this thesis includes only data from the baseline visit. 

An outline of the steps used to create the PPMI analysis cohort is shown in Figure 2.1. 

Participants taking medications i.e., neuroleptics/anti-psychotics, and anticoagulants, as 

detailed in the PPMI protocol were excluded. Study groups (idiopathic PD or control) were as 

recorded in metadata provided with RNA sequencing data (Hutchins, Craig, et al., 2021; Craig 

et al., 2021). Updates to participant subgroup status (e.g., a change in diagnosis) are reported 

by the PPMI periodically. Reported study groups were then matched against the study groups 

reported as of 28th October 2021. RNA sequencing quality control (QC) performed by PPMI 

has been previously described (Hutchins, Craig, et al., 2021; Craig et al., 2021). The number of 

samples processed in Figure 2.1 refers to samples which were successful in QC steps and 

downstream analysis workflows (Sections 2.4, 2.4.3, 2.6). In total, 420 PPMI samples (259 

iPD, 161 controls) were used in the analyses described in Chapters 3, 4 and 5. 
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Figure 2.1. PPMI cohort filtering. Schematic outlining the workflow for selecting PPMI samples for 
analysis. At each step, the number of samples remaining is shown on the right-hand side. 

 

From the ICICLE-PD cohort, 96 samples were selected for RNA sequencing. These comprised 

48 PD patients and 48 controls matched for age and sex. Detailed cohort breakdowns are given 

in Table 2.1. 
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 PPMI   ICICLE-PD  

Variable 
PD 

 (n = 259) 

Controls  

(n = 161) 
P-value  

PD 

(n = 48) 

Controls  

(n = 48) 
P-value 

Sex (M/F) 172/87 105/56 0.83  29/19 23/25 0.31 

Age at sample collection (Years) 62.9 ± 9.44 60.8 ± 11.7 0.058  64.8 ± 10.5 67.9 ± 7.36 0.094 

Age at diagnosis (Years) 62.1 ± 9.43 N/A N/A  64.3 ± 10.5 N/A N/A 

Disease duration (Months) 4.54 ± 2.90 N/A N/A  5.04 ± 3.41 N/A N/A 

UPDRS-III 20.2 ± 8.26 1.26 ± 2.25 < 2.2x10-16  23.5 ± 11.8 N/A N/A 

MoCA 27.2 ± 2.39 28.3 ± 1.11 5.1x10-9  26.0 ± 3.24 27.1 ± 2.57 0.096 

Dopaminergic treatment (Y/N) 0/259 N/A N/A  44/4 N/A N/A 

 

Table 2.1. PPMI and ICICLE-PD analysis participant characteristics.Table showing relevant demographic and clinical characteristics of individuals 
involved in analysis following sample QC. Where possible, the mean value for each group is given along with the standard deviation (SD). Differences in the 
proportion of Males/Females between PD and Controls were assessed using a two-sided Fisher's exact test. All other group differences were assessed using a 
two-sided two-sample T-test. MoCA = Montreal Cognitive Assessment. UPDRS-III = 3rd part of the Unified Parkinson's Disease Rating Scale. NA indicates 
not available.
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2.3 RNA sequencing 

2.3.1 ICICLE-PD 

2.3.1.1 Sample collection 

Blood samples were collected and RNA was extracted as previously described (Martin-Ruiz et 

al., 2020). Briefly, total RNA was extracted from blood as per the manufacturer’s instructions 

(PAXgene Blood RNA Kit, Qiagen).  

2.3.1.2 Library preparation 

Library preparation of ICICLE-PD samples was performed by the Genomics Core Facility 

(Newcastle University). RNA quality was assessed using an Agilent 2100 Bioanalyzer 

Instrument. All samples had an RNA integrity number (RIN) > 8. All samples underwent 

ribosomal and haemoglobin RNA reduction (Globin-Zero Gold rRNA Removal Kit, Illumina) 

followed by total RNA-seq library preparation (Illumina TruSeq Stranded Total RNA, 

Illumina). 

2.3.1.3 Sequencing 

Sequencing of ICICLE-PD samples was performed by the Genomics Core Facility (Newcastle 

University) on an Illumina NovaSeq 6000 generating 150bp paired-end reads. Sequencing was 

performed over three sequencing runs using a block design allowing potential batch effects to 

be accounted for in downstream analyses (Leek et al., 2010). Samples were sequenced to a 

median depth of 89.2 (IQR=15.7) million paired-end reads. 

2.3.2 PPMI  

All PPMI sample collection and sequencing were performed externally to this project. Raw 

FASTQ files were downloaded from the PPMI’s online repository (https://www.ppmi-

info.org/). 

2.3.2.1 Sample collection 

Due to the involvement of various contributing sites to the PPMI cohort, sample collection was 

subject to publicly available standard operating protocols (https://www.ppmi-info.org/study-

design/research-documents-and-sops). The detailed protocol for whole blood collection is 

given in the PPMI Biologics Manual and outlined in the PPMI’s RNAseq publication (Craig et 

al., 2021). Briefly, 2.5mL of whole blood was collected into PAXgene tubes (Qiagen), 

incubated at room temperature for 24 hours and then frozen at -80°C. Samples were then 

https://www.ppmi-info.org/study-design/research-documents-and-sops
https://www.ppmi-info.org/study-design/research-documents-and-sops
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shipped to the Biorepository Core at Indiana University (US). Total RNA was extracted from 

blood as per the manufacturer’s instructions (PAXgene Blood RNA Kit, Qiagen). 

2.3.2.2 Library preparation 

Library preparation was performed at the HudsonAlpha Institute for Biotechnology, with 

detailed information given in the PPMI’s RNAseq manuscript (Craig et al., 2021). Briefly, 

ribosomal and globin RNA were depleted using the Globin-Zero Gold Kit (Illumina). A 

stranded total RNA library was then prepared using a NEB/KAPA based kit.  

2.3.2.3 Sequencing 

Sequencing was performed at HudsonAlpha Institute for Biotechnology on an Illumina 

NovaSeq 6000. This generated paired-end reads with lengths 125-150bp. The PPMI report the 

median sequencing depth for the entire project as approximately 100 million paired-end reads 

(Craig et al., 2021).                                 

2.4 RNA sequencing quality control 

Outputs from the QC steps below were parsed and collated using MultiQC v1.18 (Ewels et al., 

2016). 

2.4.1 Sequencing quality control 

Sample contamination and species of origin was assessed using FastQ screen v0.14.1 (Wingett 

& Andrews, 2018) with default parameters. Reads were aligned with bowtie2 v2.3.4.2 

(Langmead & Salzberg, 2012) against a set of commonly used reference genomes (Homo 

sapien, Mus musculus, Rattus norvegicus, Drosophila melanogaster, Caenorhabditis elegans, 

Saccharomyces cerevisiae, Arabidopsis thaliana, Escherichia coli) and contaminants 

(ribosomal RNA, PhiX, Lambda, vectors and sequencing adapters). General sequencing metrics 

were obtained using FastQC v0.11.7 (www.bioinformatics.babraham.ac.uk/projects/fastqc/). 

2.4.2 Alignment quality control 

Reads were aligned to the Ensembl GRCh38 reference with HISAT2 v2.1.0 (D. Kim et al., 

2019). A pre-generated HISAT2 index based on Ensembl GRCh38 release 84 was downloaded 

from the AWS Public Dataset Program (https://registry.opendata.aws/jhu-indexes/). Both 

ICICLE-PD and PPMI underwent stranded and paired-end sequencing which was specified 

during alignment (--rna-strandness RF). 
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Alignment metrics were collected from HISAT2 log files, stats from SAMtools v1.17 (Danecek 

et al., 2021) and CollectRnaSeqMetrics from Picard v2.27.5. As CollectRnaSeqMetrics requires 

a genomic reference in the refFlat format, the Ensembl GRCh38 (release 101) annotation GTF 

was converted to the genePred format using the UCSC gtfToGenePred tool before being 

reformatted into the refFlat format. Ribosomal RNA (rRNA) loci were acquired from the GTF 

annotation based on the rrna tag and then converted to BED format using gff2bed. A rRNA 

loci interval list was then generated using Picard BedToIntervalList, utilising a Ensembl 

GRCh38 FASTA sequence dictionary created using Picard CreateSequenceDictionary. Again, 

strand specificity was explicitly defined when running Picard on PPMI and ICICLE-PD 

samples (--STRAND_SPECIFICITY SECOND_READ_TRANSCRIPTION_STRAND). 

2.4.3 Validating clinically recorded sex 

Clinically recorded sex is typically available as metadata with sequencing data, yet errors may 

occur during data input. Sex can be inferred using the expression of genes located on the sex 

chromosomes. For example, comparing the expression of XIST against the expression of Y 

chromosomal genes (’t Hoen et al., 2013). The PPMI analysis performed dimensionality 

reduction on the expression of six genes (XIST, RPS4Y1, RPS4Y2, KDM5D, DDX3Y and 

USP9Y).  XIST, a long non-coding RNA (lncRNA), was not present in the transcriptome 

reference used for transcript quantification (Section 2.5.1). In addition, RPS4Y2 was not present 

in either the PPMI or ICICLE-PD expression data after count filtering (raw count > 10 counts 

in the smallest sample group). Principal Component analysis (PCA) was performed on the 

counts of Y chromosomal genes (RPS4Y1, KDM5D, DDX3Y and USP9Y) as described in 

Section 2.10.1. Scatter plots of the first and second principal components were then visually 

inspected to identify mismatches between the plotted sample position and reported sex.  

2.5 Gene quantification 

2.5.1 Transcript quantification 

Transcriptome indexing and quantification were performed using Salmon v1.3.0 (Patro et al., 

2017) using scripts written by Dr Dasha Deen (Newcastle University). Indexing was performed 

on the Ensembl GRCh38 transcriptome reference FASTA (release 101). As ICICLE-PD and 

PPMI reads are longer than 75bp, the default k-mer length (31) was used to generate the index 

as recommended (https://salmon.readthedocs.io/en/stable/salmon.html, accessed 03/06/2024). 

Transcripts were quantified using the selective mapping strategy (--validateMappings), which 

https://salmon.readthedocs.io/en/stable/salmon.html
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has shown improved performance compared to standard quasi-mapping methods (Srivastava et 

al., 2020). Sequencing biases (--seqBias), potentially caused by random hexamer priming, and 

non-uniform coverage biases (--posBias) were corrected (Roberts et al., 2011). GC content 

biases were also corrected for (--gcBias) which may otherwise affect transcript expression 

estimates (’t Hoen et al., 2013; Love et al., 2016). 

2.5.2 Gene expression summarisation 

Transcript annotations were extracted from the Ensembl GRCh38 release 101 annotation using 

the makeTxDbFromGFF function from GenomicFeatures v.52.2 (Lawrence et al., 2013). 

Transcript IDs were matched to their host gene IDs and gene-level counts were calculated using 

tximport v1.28.0 (Soneson et al., 2015). 

2.5.3 Count normalisation 

Further information regarding the normalisation of gene expression is provided in the respective 

chapters. Transcript per million (TPM) counts were collected from the transcript estimates 

produced by Salmon (Section 2.5.1) and collapsed to the gene-level using tximport (Section 

2.5.2).  

Information regarding the normalisation methods implemented in the differential expression 

tools, accounting for both differences in sequencing depth and RNA composition (Evans et al., 

2017), is given in Section 2.8. 

2.6 Circular RNA 

2.6.1 Detection and quantification 

Circular RNAs (circRNAs) were detected based on reads containing a back-spliced junction 

(BSJ). A circRNA processing workflow was built to ensure consistent circRNA detections 

across cohorts (Figure 2.2, https://github.com/bj-w/PD-lin-circ-RNA-

paper/tree/main/circRNA_detection). This workflow was run separately for PPMI and ICICLE-

PD samples in Chapters 4 and 5. In Chapter 6, an alternative workflow was developed which 

is described in Section 6.2.6.  

As some circRNA detection methods work on unmapped reads, low quality (MAPQ <15) and 

sequencing adapters were removed from raw sequencing data using Trim Galore v0.67 running 

cutadapt v4.2 (Martin, 2011). CircRNAs were detected using multiple tools as recommended 
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(Hansen et al., 2016; Hansen, 2018; Gaffo et al., 2021; Vromman et al., 2023). Tools with 

differing methodologies (i.e., read alignment and BSJ identification) were selected to increase 

the diversity of the detected circRNAs.  

CircRNAs were detected using CIRI v2.0.6, which uses a maximum likelihood estimation to 

identify whether unmapped segments of reads are consistent with a BSJ (Gao et al., 2018). 

Reads were aligned with BWA v0.7.17 (Li & Durbin, 2009), restricting alignments to reads 

with scores above 19 (-T 19) as recommended by the authors of CIRI2 (https://ciri-

cookbook.readthedocs.io/en/latest/CIRI2.html, accessed 03/06/2024). When running CIRI2, 

non-default parameters included restricting the maximum BSJ span (--max_span 1000000) and 

BSJ expression relative to the corresponding FSJ expression (--rel_exp 0.05). 

CircRNAs were also detected with PTESfinder v2.0.0 (PFv2, https://github.com/osagiei/pfv2), 

an updated version of PTESfinder (Izuogu et al., 2016). Paired end FASTQ files were 

interleaved using BBtools v38.92 (https://sourceforge.net/projects/bbmap/). Bowtie v2.3.4 

(Langmead & Salzberg, 2012) and STAR v2.7.10a (Dobin et al., 2013) were used as aligners 

in this step using parameters outlined in the PFv2 script (https://github.com/osagiei/pfv2). 

Briefly, PFv2 identifies putative BSJs based on chimeric alignments detected by STAR. Using 

Bowtie 2, sequencing reads are then mapped to the generated sequence constructs that are 

consistent with BSJs.   

Finally, circRNAs were detected using CIRCexplorer v2.3.8 (X.-O. Zhang et al., 2016), which 

can parse chimeric alignments produced by a range of aligners. For efficiency, chimeric 

junctions output by STAR in the PFv2 step were used for this purpose.  

 

 
Figure 2.2. Circular RNA detection and quantification pipeline. Schematic outlining the individual 
steps from raw sequencing files to circRNA quantification. 

 

Further information on identified candidate circRNAs in PPMI and ICICLE-PD samples 

(Chapters 4 and 5) is outlined in Section 4.3.1. BSJ loci detected by each tool were then 

overlapped. Similar to others (Memczak et al., 2015), false positives were limited by retaining 

BSJs with a read count >1 in at least two individuals. Then, BSJs detected by at least two tools 

were kept.  

https://ciri-cookbook.readthedocs.io/en/latest/CIRI2.html)
https://ciri-cookbook.readthedocs.io/en/latest/CIRI2.html)
https://github.com/osagiei/pfv2
https://sourceforge.net/projects/bbmap/
https://github.com/osagiei/pfv2
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Higher confidence BSJs were used as input for quantification with CIRIquant v1.1.2 (Zhang et 

al., 2020). CIRIquant quantifies circRNA expression by constructing a pseudo-reference 

sequence including sequences that would be present due to the input BSJs, and aligning raw 

reads to this sequence using HISAT v2.2.0 (D. Kim et al., 2019). Paired-end reads that align 

concordantly across 10bps of the predicted BSJ site are classed as circRNA reads. Reads 

aligning around the BSJ site but do not pass the criteria to be deemed as circRNA reads are 

recorded as canonical splice junction reads (forward-spliced junctions, FSJs), to give an 

estimation of the cognate linear RNA expression. BSJ and FSJ counts were used to calculate 

the circular to linear ratio as implemented in CIRIquant (Equation 2.1). BSJs counts were 

multiplied by two to account for the fact that FSJ reads are detected at two loci while BSJ reads 

are detected at one locus. 

 

𝐶𝑖𝑟𝑐𝑢𝑙𝑎𝑟	𝑡𝑜	𝑙𝑖𝑛𝑒𝑎𝑟	𝑟𝑎𝑡𝑖𝑜 = 	
2 × 𝐵𝑆𝐽

2 × 𝐵𝑆𝐽 + 𝐹𝑆𝐽 

Equation 2.1. Calculation of the circular to linear ratio at back-spliced junction loci.  

 

2.6.2 Count normalisation 

There is no current consensus on the optimum circRNA expression normalisation denominator 

(L. Chen et al., 2021; Rebolledo et al., 2023; Ma et al., 2023). As the number of circRNAs 

detected in a sample can vary it is an inappropriate normalisation denominator. Based on the 

work carried out in Section 4.3.2, I normalised junction counts (BSJ and FSJ) to the number of 

transcriptome-mapped reads in each sample as reported by Salmon (Section 2.5.1). 

2.7 Identifying sources of extraneous variation in the expression of RNAs 

Biological and technical factors are known to impact the quantification of gene expression (’t 

Hoen et al., 2013; Su et al., 2014). Like previous large-scale transcriptomic studies, I quantified 

sources of expression variation at both the sample and gene level (Craig et al., 2021; M. Wang 

et al., 2021; Lopes et al., 2022).  

Firstly, I identified technical sources that influenced sample-level expression variation. 

Technical metrics were collected from alignment quality control (Section 2.4.2) and comprised 

of RNA-seq sequencing metrics as reported by Picard CollectRnaSeqMetrics v2.27.5 and the 
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average insert size as reported by SAMtools stats v1.17. I then constructed univariate linear 

regression models to explore the relationship between each technical metric and the first 10 

principal components (Section 2.10.1) of RNA expression (i.e., gene expression and circRNA 

expression). Metrics with R2 >0.5 were highlighted unless otherwise stated. Pairwise 

correlations were assessed and visualised as described in Section 2.10.2. To reduce redundancy, 

highly correlated (absolute Spearman’s rho >0.9) technical metrics were excluded by keeping 

the metric with the highest correlation to the PC.  

Individual RNA-specific sources of expression variation were identified using variancePartition 

v1.30.2 (Hoffman & Schadt, 2016). Using this method, linear mixed models were created for 

each individual RNA feature (gene/circRNA) to calculate the proportion of variation explained 

by a range of potential covariates. At this stage, biological sources of variation (age, sex, study 

group) were also included. Covariates that generally explained more variance than the study 

group (based on the median proportion of variance explained) were included in the analyses. 

Specific covariates identified for each cohort and RNA type are described in the respective 

chapters. 

2.8 Differential expression of RNAs 

Differential expression testing was performed using both DESeq2 v1.40.2 (Love et al., 2014) 

(Chapters 3, 4 and 5) and limma v3.56.2 (Ritchie et al., 2015) (Chapters 4 and 5). Specific 

uses of each tool are described in the respective chapters. In Chapter 6, limma was used for 

differential expression due to its increased computational speed compared to DESeq2. 

Within DESeq2, normalised expression was calculated using the default Median of Ratios 

method (Anders & Huber, 2010) using the function counts(dds, normalized = TRUE). 

Differential expression was performed using the DESeq() function with default settings. 

Before differential expression using limma, normalised expression was calculated using the 

default Trimmed Mean of M-values (TMM) method (Robinson & Oshlack, 2010) using the 

cpm() function implemented in edgeR v3.42.4 (Robinson et al., 2010). TMM-normalised 

counts underwent voom transformation (voom()) to account for heteroskedasticity (Law et al., 

2014). Linear models were fitted for each gene (lmFit()) before robust empirical Bayes 

moderation (eBayes(robust = TRUE)) was used to compute moderated t-statistics (Phipson et 

al., 2016). 



49 
 

P-values reported by each tool were adjusted for multiple testing using the Benjamini-Hochberg 

procedure (Benjamini & Hochberg, 1995). Similar to previous work performed on PPMI RNA-

seq data (Craig et al., 2021), genome-wide significantly differentially expressed genes and 

junctions were defined as those that had an FDR <0.05 and a log2 fold change (log2FC) <-0.1/ 

>0.1. 

Notably, when testing for differential expression of junctions (both BSJ and FSJs), sample size 

factors (DESeq2) and normalisation factors (edgeR) were calculated from gene expression data 

(Section 2.5.3). This method avoids the issue of variable circRNA abundances (Section 2.6.2); 

by normalising against the number of transcriptome mapped reads. 

2.9 PD classification  

Various models to classify the PD status of samples are reported in this thesis. The classification 

models all follow to same general framework (outlined below) yet differ in the predictors used. 

Details of the predictors used in the respective models are outlined in each Chapter.  

Regularised logistic regression classification models described in Chapters 3 and 4 were 

created using glmnet v4.1-8 (Friedman et al., 2010). Models were trained and parameters 

optimised using PPMI samples. Model training and optimising parameters on the same data 

through k-fold cross-validation can lead to biased estimates of performance (Varma & Simon, 

2006; Vabalas et al., 2019; Lewis et al., 2023). Furthermore, performing a single splitting of 

data into training and test splits has been shown to provide unstable estimates of performance, 

particularly with smaller sample sizes associated with biological data (An et al., 2021). Nested 

cross-validation has been shown to address these problems (Varma & Simon, 2006; Vabalas et 

al., 2019; Lewis et al., 2023).  

Nested cross-validation was carried out using the nestcv.glmnet function implemented in 

nestedcv v0.7.3 (Lewis et al., 2023) (Figure 2.3). Briefly, PPMI samples were divided into 10 

cross-validation folds, forming an outer loop. Within the training data of the outer loop, an inner 

loop was formed comprised of 10 cross-validation folds. Optimum model parameters were 

identified using training data of the inner loop based on predictions made in the test data of the 

inner loop. For this, the alpha parameter was assessed using a grid search with the values 0-1 

in increments of 0.1. Predictions from each outer loop test set were combined to produce an 

unbiased estimate of model performance. Lastly, cross-validation was performed on the entire 

PPMI dataset to identify final model parameters, with the final model fit using all PPMI 
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samples. The final model was then used to predict PD status in ICICLE-PD samples to assess 

the generalisability of the model to an external data source. 

 

 

Figure 2.3. Nested cross-validation. Schematic outlining how nested cross-validation was performed 
to create classification models trained using PPMI samples. 

 

Receiver-operator characteristic (ROC) curves were created using the roc function from pROC 

v1.18.4 (Robin et al., 2011). This returns the sensitivity and specificity at various thresholds 

i.e., each prediction value returned by a classification model. To summarise classification 

performance, the area under the ROC curve (AUC) was calculated using the auc function as 

implemented in pROC. 95% confidence intervals (95% CI) were calculated using Delong’s 

method (DeLong et al., 1988) as implemented in the auc function. 

2.10 Statistical analyses 

All statistical analyses were performed in R v4.3.1. Statistical tests are described in the text 

where necessary and performed using the implementations in the base R stats package unless 

otherwise stated. Detailed information regarding specific statistical analyses is outlined in the 

respective Chapters.  

2.10.1 Principal component analysis (PCA) 

RNA expression counts were transformed to account for heteroskedasticity using the variance-

stabilising transformation (Anders & Huber, 2010), as implemented in the vst() function from 



51 
 

DESeq2 v1.40.2 (Love et al., 2014). Principal components were then calculated using the 

prcomp() function. 

2.10.2 Visualisation of pairwise correlations 

Pairwise correlation matrices were visualised using ComplexHeatmap v2.16.0 (Gu et al., 2016). 

Hierarchical clustering of heatmap rows and columns was performed using the complete 

linkage method of clustering based on Euclidean distances as is default in ComplexHeatmap.  

2.10.3 Identifying global changes in RNA expression 

Global changes in RNA expression were identified based on systematic biases in the direction 

of the effect of individual features (gene or junction expression depending on the context). The 

direction of effect of each feature was determined by the fold change returned from comparing 

the expression of each feature in PD patients compared to controls. For example, if a log2 fold 

change threshold was set at 1.5, a log2 fold change > 1.5 would indicate increased expression 

in PD while a log2 fold change < -1.5 would indicate decreased expression in PD. The term 

‘imbalance’ is used to describe an excess of increased or decreased features. For simplicity, I 

report the imbalance estimate based on Equation 2.2. For example, an imbalance of 0.5 would 

represent an equal number of increased and decreased features, an imbalance of 0 indicates a 

decrease for all features and an imbalance of 1 an increase for all features. Significance was 

assessed using a two-sided exact binomial test (binom.test) with the probability for the null 

hypothesis set at 0.5. 

 

𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑙𝑜𝑐𝑖	𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑑	𝑖𝑛	𝑃𝐷
𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑙𝑜𝑐𝑖	𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑑	𝑖𝑛	𝑃𝐷 + 𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑙𝑜𝑐𝑖	𝑑𝑒𝑐𝑟𝑒𝑎𝑠𝑒𝑑	𝑖𝑛	𝑃𝐷 

Equation 2.2. Calculation of RNA expression imbalances. 
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Chapter 3. Gene expression in early-stage idiopathic Parkinson’s disease 
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3.1 Background 

Dysregulated biological processes during neurodegeneration leads to measurable gene 

expression changes (Noori et al., 2021). Most PD transcriptomic studies have been performed 

on postmortem substantia nigra (reviewed in Lewis and Cookson, 2012; Borrageiro et al., 

2018). Dysregulated processes highlighted by these studies converge on processes extensively 

linked to PD, such as mitochondrial and lysosomal function, proteostasis and inflammation 

(Borrageiro et al., 2018; Morris et al., 2024). 

Profiling gene expression in postmortem tissues has several inherent issues. RNA quality is an 

important consideration for robust gene quantification (Gallego Romero et al., 2014).  The 

amount of time following death (postmortem intervals) may influence expression changes (Zhu 

et al., 2017), yet the effect of postmortem interval on RNA quality is not clear (White et al., 

2018). Death can induce transcriptional changes (Ferreira et al., 2018), further compounded by 

the manner of death (Harrison et al., 1991; Preece & Cairns, 2003). Furthermore, postmortem 

PD patient tissue is typically biased towards advanced disease stages (Halliday & McCann, 

2010) and age-associated transcriptomic changes potentially limit the applicability of findings 

to other age demographics (Ham & Lee, 2020).  

The acquisition of brain tissue requires invasive interventions, curtailing its ability to provide 

easily accessible and actionable biomarkers. Although profiling transcriptomes in the living 

brain is possible (Benoit et al., 2020), it is not routinely performed, limiting sample sizes. Blood 

represents an ideal biomarker source: it is non-invasive and easily accessible. Samples can be 

obtained imminently following diagnosis, allowing insights into early changes in disease onset 

and progression. There is considerable peripheral involvement in PD, including measurable 

changes in blood (Section 1.1.5). Therefore, changes in blood gene expression in PD patients 

may be exploitable as diagnostic PD biomarkers.  

Early work investigating gene expression changes in the blood of PD patients evaluated the 

expression of select genes using microarray (Scherzer et al., 2007) or qPCR (quantitative 

polymerase chain reaction) measurements (Grünblatt et al., 2010; Molochnikov et al., 2012; 

Santiago & Potashkin, 2013). More recent work used RNA-seq to measure blood gene 

expression changes in PD (Infante et al., 2016; Garofalo et al., 2020; Henderson et al., 2021; 

Kurvits et al., 2021) (Table 3.1).  
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Publication 
Sample size  

PD Control Number of differentially expressed genes 
Infante et al., 2016 20 20 297 

Garofalo et al., 2020 6 14 5 
Henderson et al., 2021 15 15 30 

Kurvits et al., 2021 12 12 25 
Craig et al., 2021 825 825 2,019 

Riboldi et al., 2022 743 527 1,285 
Li et al., 2023 691 594 2,432 

Irmady et al., 2023 479 195 1,584 
 
Table 3.1. Blood PD RNA-seq studies investigating differences in gene expression between PD 
patients and controls. The number of differentially expressed genes is shown as reported in the 
respective publications. 

 

The sample sizes of initial studies were generally quite small (ranging from 6-20 PD patients,  

Table 3.1), potentially limiting their ability to detect gene expression changes in PD. Large 

scale projects, such as the Parkinson’s Progression Marker Initiative (PPMI, Marek et al., 2011), 

have collected larger sample sizes in combination with rich phenotypic information and high-

throughput molecular measurement for the detection of disease related changes and biomarker 

identification. Analysis of PPMI RNA-seq data identified over 2,000 genes differentially 

expressed in PD patients compared to controls considering all longitudinal data (Craig et al., 

2021). Analysis of PPMI RNA-seq data from other groups has also detected widespread 

changes in blood gene expression in PD patients (Riboldi et al., 2022; Li et al., 2023; Irmady et 

al., 2023) (Table 3.1). Analyses of PPMI RNA-seq data included PD patients of varying 

subtypes (some harbour known pathogenic PD risk variants) and disease durations. Therefore, 

there is a need to understand if there are blood gene expression changes in idiopathic PD 

patients in the early disease stages. 

The ability of blood gene expression to distinguish PD patients from controls has also been 

assessed (Scherzer et al., 2007; Grünblatt et al., 2010; Molochnikov et al., 2012; Santiago & 

Potashkin, 2013, 2015; Santiago et al., 2016; Shamir et al., 2017; Makarious et al., 2022; 

Pantaleo et al., 2022; Li et al., 2023) (Table 3.2). Initial studies assessed the expression of 

multiple genes in their ability to distinguish PD patients from controls (Scherzer et al., 2007; 

Grünblatt et al., 2010; Molochnikov et al., 2012; Santiago & Potashkin, 2013, 2015). The best 

performance was reported by Molochnikov et al, with a five-gene panel exhibiting an AUC of 

0.96 when distinguishing early-stage PD patients from controls. However, these genes were 
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selected, and performance was evaluated in the same cohort which may lead to overoptimistic 

performance estimates. Overall, despite promising performance in distinguishing PD from 

patients, there was a lack of consistently identified informative genes. Amongst these studies, 

only HIP2 (Scherzer et al., 2007; Molochnikov et al., 2012) and ALDH1A1 (Grünblatt et al., 

2010; Molochnikov et al., 2012) were identified in multiple studies. This may be due to limited 

sample numbers, with these studies including <100 PD patients. Additionally, clinically 

heterogeneous PD patients may have been assessed.  

Using a larger sample size of 175 PD patients and 193 controls, Shamir et al identified a panel 

of 87 genes that distinguished PD from controls with an AUC of 0.79 using unseen data and an 

AUC of 0.74 in an additional validation dataset (Shamir et al., 2017). Whilst Shamir et al 

included idiopathic PD patients, not all PD patients were early stage so differences in gene 

expression may reflect those in later stages of disease progression. Additionally, the use of 

microarray technology to measure gene expression may miss low abundance or rare transcripts. 

RNA-seq data from PPMI participants have identified the ability of gene expression to 

distinguish PD patients from controls with AUCs ranging from 0.72-0.81 (Makarious et al., 

2022; Pantaleo et al., 2022; Li et al., 2023). Notably, some studies restricted PPMI PD patients 

to those enrolled as idiopathic, which due to PPMI enrolment criteria, means they were early-

stage idiopathic PD patients (Makarious et al., 2022; Pantaleo et al., 2022). Li et al also assessed 

the ability of gene expression to distinguish PD patients from controls in an external dataset 

(Parkinson’s Disease Biomarker Program, PDBP) with an AUC of 0.69, which may reflect 

differences in cohort enrolment demographics (Li et al., 2023).  

While gene expression shows potential clinical utility for detecting PD, it is unclear if these 

genes consistently reflect the earliest stages of PD across different cohorts. Here, I used RNA-

seq data to measure whole blood gene expression in patients recently diagnosed with idiopathic 

PD and matched controls. Participants were drawn from two independent cohorts (PPMI 

(Marek et al., 2011) and ICICLE-PD (Yarnall et al., 2014)) to replicate findings. I compared 

gene expression between early-stage idiopathic PD patients and controls to identify genes 

differentially expressed and dysregulated gene sets in early-stage idiopathic PD. I also 

evaluated the use of gene expression to distinguish early-stage idiopathic PD patients from 

controls in the PPMI and ICICLE-PD cohorts.  
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Publication Genes 
Discovery Replication 

PD Control AUC PD Control AUC 
Scherzer et al., 2007 VDR, HIP2, CLTB, FPRL2, CA12, CEACAM4, ACRV1, and UTX 31 35 NA 19 20 NA 
Grünblatt et al., 2010 PSMA2, LAMB2, ALDH1A1, and HIST1H3E 94 34 0.92 22 33 0.93 

Molochnikov et al., 2012 HIP2, KP1A, ALDH1A1, PSMC4 and HSPA8 62 64 0.96    

Santiago and Potashkin, 
2013 APP 50 46 0.80 51 45 0.81 

Santiago and Potashkin, 
2015 PTBP1 and HNF4A 95 91 0.90    

Santiago et al., 2016 NAMPT 99 101 0.63    

Shamir et al., 2017 87 genes 175 193 0.79 30 40 0.74 
Makarious et al., 2022 597 genes 427 171 0.80    

Pantaleo et al., 2022 493 genes 390 189 0.72    

Li et al., 2023 257 genes 691 594 0.81 702 458 0.69 
 

Table 3.2. Blood-based gene expression PD biomarkers. Results from a series of publications that have assessed the ability of gene expression to distinguish 
between PD patients and controls. For each publication, the genes assessed are given along with the sample size and performance of the biomarkers. AUC = 
Area under the receiver operator characteristic curve. 
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3.2 Methods 

3.2.1 Cohorts 

Samples used in analyses presented in this chapter have been described in Section 2.2. Briefly, 

two independent cohorts were used from the Parkinson’s Progression Marker Initiative (PPMI) 

and the Incidence of Cognitive Impairment in Cohorts with Longitudinal Evaluation-PD study 

(ICICLE-PD). Within each cohort, I have restricted to investigating patients with early-stage 

idiopathic PD and matched controls (Section 2.2). 

3.2.2 RNA sequencing 

Sample collection, RNA extraction, library preparation and sequencing of PPMI and ICICLE-

PD samples are described in Section 2.3. 

3.2.3 Gene quantification 

Transcripts were quantified with Salmon v1.3.0 (Patro et al., 2017) as described (Section 2.5.1). 

The median number of reads mapped to the transcriptome was 23.8 million (IQR = 9.8) and 

35.4 million (IQR = 9.1) for PPMI and ICICLE-PD samples respectively, corresponding to 

22.3% (IQR = 3.9%) and 39.9% (IQR = 6.4%) of all reads. 

Transcript counts were summarised to the gene level using tximport v1.28.0 for downstream 

use with DESeq2 as described (Section 2.5.2) 

3.2.4 RNA sequencing quality control 

A series of RNA sequencing quality control steps were performed as described in Section 2.4. 

3.2.5 Identifying sources of extraneous variation in gene expression 

I quantified the contribution of biological and technical sequencing measures on gene 

expression using the methods described in Section 2.7. Based on the information described in 

Section 3.3.1, I included the percentage of usable bases (PPMI), the percentage of intronic 

bases (ICICLE-PD) and the percentage of coding bases (ICICLE-PD) as explanatory variables 

in linear mixed models predicting individual gene expression using variancePartition (Hoffman 

& Schadt, 2016). I also included sequencing batch, age, and sex as explanatory variables in the 
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linear mixed models. Categorical variables (study group, sequencing batch, and sex) were 

modelled as random effects as recommended (Hoffman & Schadt, 2016). 

3.2.6 Differential expression 

Testing for genes differentially expressed between PD patients and controls was performed 

using DESeq2 v1.40.2 (Love et al., 2014) using the methodology in Section 2.8.  

Biological and technical sources of gene expression variation were included as covariates when 

testing for differential expression (Section 3.3.1). For both cohorts, this included age at sample 

collection (binned into <55, 55-65, >65 years), sex and sequencing batch. In PPMI, I included 

the percentage of usable bases. In ICICLE-PD, I included the percentages of coding and intronic 

bases. 

3.2.7 Gene set enrichment analysis 

Gene set enrichment analysis (GSEA) (Subramanian et al., 2005) was performed using 

clusterProfiler v4.8.3 (Wu et al., 2021). For each cohort, all genes included in differential 

expression testing were ranked by fold change. Gene sets were obtained as Gene Ontologies 

(Ashburner et al., 2000) (including biological processes, molecular functions, and cellular 

compartments) and KEGG pathways (Kanehisa et al., 2016) using the gseGO and gseKEGG 

functions, respectively. 

Based on their Normalised Enrichment Score (NES), gene sets may be either positively (NES 

>0) or negatively (NES <0) enriched depending on whether set members are more likely to 

show increased or reduced expression respectively in idiopathic PD patients compared to 

controls.   

3.2.8 Effect of dopaminergic PD treatment dosage on gene expression 

Idiopathic PD patients enrolled in PPMI were not receiving PD medication (e.g., L-DOPA, 

dopamine agonists, monoamine oxidase inhibitors etc – detailed at PPMI.org) at recruitment 

(i.e., baseline visit). Conversely, 91.7% (44/48) of ICICLE-PD PD patients were receiving PD 

medication at the baseline visit (Section 2.1.1). Testing the effect of PD treatment dosage on 

RNA expression was subsequently performed using ICICLE-PD PD patients. A linear 

regression model was used to model variance-stabilised gene expression counts (Anders & 

Huber, 2010), incorporating treatment dosage (given as the levodopa equivalent daily dose, 

LEDD), age at sample collection, sex, percentage of coding bases and percentage of intronic 
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bases. The coefficient and P-value for the LEDD term were extracted for each gene. False 

discovery rates were calculated using the Benjamini-Hochberg procedure (p.adjust). 

3.2.9 Correlating expression with PD-related clinical measures 

PD-related clinical measures were collected from study files produced by the respective studies 

(Section 2.2), including the age at diagnosis (years), MDS-UPDRS part III scores (assessing 

motor function) and MoCA scores (representing cognitive impairment). Where possible, 

comparisons between PD patients and controls are shown in Section 2.2. 

To test the association of RNA expression with clinical measures, linear regression models were 

used to model variance-stabilised transformed gene expression counts (Anders & Huber, 2010), 

incorporating the clinical measure along sources of biological and technical sources of variation 

(Section 3.3.1). The coefficients and P-value for the expression of each gene tested were 

extracted. P-values were adjusted for multiple testing (where necessary) using a Bonferroni 

correction. 

3.2.10 Replication of previously reported differentially expressed genes in blood 

A total of four studies were identified that quantified gene expression in the blood of PD patients 

using RNA-seq and for which summary results were available (Infante et al., 2016; Garofalo et 

al., 2020; Henderson et al., 2021; Kurvits et al., 2021), The PPMI has published their analysis 

(Craig et al., 2021) yet the results from this analysis were not included due to the overlap of 

samples. A total of 390 unique genes (as determined by unique Ensembl gene IDs) were 

assessed. Of these, 256 were detected in PPMI and 253 in ICICLE-PD. 

3.2.11 Genes underlying the genetic architecture of PD 

Loci associated with PD risk were collected from the current largest GWAS (Nalls et al., 2019). 

This identified 99 unique genes in proximity to these risk loci. 70 were detected in PPMI, and 

69 in ICICLE-PD. 

35 genes with established pathogenic variants, including SNCA, LRRK2 and GBA, were 

identified in the Genomics England Parkinson Disease and Complex Parkinsonism gene panel 

v1.111 (accessed 10/2022) (Martin et al., 2019). Of these, 30 genes were included in differential 

expression analysis in PPMI and ICICLE-PD. 
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3.2.12 Classification of PD status using gene expression 

Normalised gene expression counts were calculated based on the median of ratios method as 

implemented in DESeq2 v1.40.2. Genes with altered expression (P-value < 0.05) between 

idiopathic PD patients and controls in PPMI were included as predictors. A regularised logistic 

regression model was then created, and performance assessed as described in Section 2.9. 
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3.3 Results 

3.3.1 Sources of extraneous variation in gene expression 

Gene expression was quantified from whole blood total RNA-sequencing (RNA-seq) data from 

individuals with early-stage idiopathic Parkinson’s disease (PD) (PPMI n = 259, ICICLE-PD n 

= 48) along with matched controls (PPMI n = 161; ICICLE-PD n = 48) (detailed information 

regarding samples is provided in Section 2.2).  

Biological and technical variation can impact the estimation of gene expression (’t Hoen et al., 

2013). To assess structure within the gene expression data, I projected gene expression values 

into the first two principal components (PCs) (Figure 3.1). This revealed no clear segregation 

of samples by study group (Figure 3.1). I evaluated other sources of variation contributing to 

the quantification of gene expression using the methods outlined in Section 3.2.5. 

 

 

Figure 3.1. The first two principal components of gene expression in PPMI and ICICLE-PD.The 
marginal densities of the points are shown on the edges of the plot. 

 

I identified technical sources of variation based on the relationship between various sequencing 

metrics and PCs of gene expression. The first 10 PCs accounted for most of the variance in 

PPMI (56.9%) and ICICLE-PD (61.4%) (Figure 3.2a-b). PC1 generally correlated with 
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multiple sequencing variables and explained 22.3% and 30.2% of the total variance in PPMI 

and ICICLE-PD respectively (Figure 3.2a-b). Specifically in PPMI, the percentage of reads 

mapping to usable bases correlated to PC1 (R2 = 0.51) (Figure 3.2a), in line with previously 

published data from the entire cohort (Craig et al., 2021). Sequencing batch and PC9 were also 

correlated (R2 = 0.61) (Figure 3.2a). In ICICLE-PD, multiple sequencing metrics could 

individually explain most of the variance (R2 >0.5) in PC1 (Figure 3.2b). These included the 

percentage of untranslated region (UTR) bases (R2 = 0.52), percentage of usable bases (R2 = 

0.63), percentage of mRNA bases (R2 = 0.66), percentage of intronic bases (R2 = 0.7) and 

percentage of coding bases (R2 = 0.63) (b). 
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Figure 3.2. Identifying sources of extraneous technical variation when quantifying gene 
expression. (a, b) Results from univariate linear regression of technical metrics in the PPMI (a) and 
ICICLE-PD (b) cohorts against each of the first 10 principal components (PCs) of gene expression. The 
top panel of each figure shows the percentage of variation explained by each PC. The amount of 
variation explained (R2) by each technical metric is only shown for metrics which passed multiple testing 
correction (FDR <0.05). 
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Many measurable sequencing metrics were correlated (Figure 3.3a-b). To avoid redundancy, I 

measured the correlation between informative metrics (R2 >0.5) from Figure 3.2a-b. In PPMI, 

the percentage of usable bases was the only sequencing metric highlighted (Figure 3.2a, Figure 

3.3c). In ICICLE-PD, I assessed the pairwise correlations between the percentages of UTR 

bases, usable bases, mRNA bases, intronic bases and coding bases. I was primarily concerned 

with other metrics correlated with the percentage of intronic bases as this metric explained the 

most variation in PC1. All the selected measures except for the percentage of coding bases were 

negatively correlated (absolute Spearman’s rho >0.9) with the percentage of intronic bases 

(Figure 3.3d). As such, I flagged the percentages of intronic and coding bases in each ICICLE-

PD sample as possible technical covariates. Overall, inter-cohort differences in technical 

variation were expected considering the different library preparation kits used (Section 3.2.2) 

 

 

Figure 3.3. Correlations of technical sequencing metrics. (a, b) Pairwise correlations between 
technical sequencing metrics in PPMI (a) and ICICLE-PD (b). (c) Negative correlation between the 
percentage of usable bases and PC1 in PPMI. (d) Pairwise correlations between potential covariates in 
ICICLE-PD. All correlations are given as Spearman’s rho coefficient. Metric ordering was determined 
by hierarchical clustering based on Euclidean distance. 



65 
 

 

Next, I determined how sources of technical variation identified in the previous step (PPMI: 

percentage of usable bases; ICICLE-PD: percentages of intronic and coding bases), as well as 

common sources of technical (i.e., sequencing batch) and biological variation (i.e., age, sex, 

study group) influenced the expression of individual genes. Using these biological and technical 

covariates, I fitted linear mixed models to the expression of individual genes using 

variancePartition (Hoffman & Schadt, 2016) (Section 3.2.5). The selected covariates tended to 

explain more variance in gene expression than the study group (labelled condition) (Figure 

3.4), highlighting the importance of their inclusion in downstream analyses.  

 

 

Figure 3.4. Contribution of covariates to individual gene expression.  Each point represents a gene, 
showing the proportion of variation explained by each covariate on the x-axis. 

 

3.3.2 Identification of differentially expressed genes in early-stage idiopathic PD patients from 

PPMI and ICICLE-PD studies 

I performed differential gene expression analysis on 16,191 (PPMI) and 15,852 (ICICLE-PD) 

genes respectively (overlap of 15,655 genes or 95.53%), adjusting for sources of biological and 

technical variation (Section 3.3.1).  
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Using the PPMI as a discovery cohort, I identified 44 genes differentially expressed in 

idiopathic PD patients compared to controls (log2 fold change (log2FC) >0.1/<-0.1, false 

discovery rate (FDR) < 0.05, Wald test) (Figure 3.5a). This included 28 upregulated genes and 

16 downregulated genes (Figure 3.5a). ICICLE-PD data was then used as a replication cohort 

to identify significant DEGs with the same direction of effect. Of the 44 PPMI differentially 

expressed genes, TMEM252 and LMNB1 were similarly increased in ICICLE-PD idiopathic PD 

patients compared to controls (log2FC >0.1, FDR < 0.05, Wald test) (Figure 3.5b). 

 

 

Figure 3.5. Differential expression of genes in early-stage idiopathic PD. (a) Volcano plot showing 
the differential expression of genes in PPMI and ICICLE-PD. Highlighted genes are those significantly 
differentially expressed (log2 fold change >0.1/<-0.1, FDR <0.05) in PPMI. (b) Graph showing the 
comparative log2 fold change and 95% CI of genes (TMEM252 and LMNB1) significant in both PPMI 
and ICICLE-PD. 

 

3.3.3 Correlating gene expression to PD clinical measures 

As most ICICLE-PD PD patients were receiving PD medication at enrolment (Section 2.2), I 

first explored the association between gene expression and dopaminergic treatment dosage 

adjusting for biological and technical sources of variation (Section 3.2.8). Ultimately, treatment 

dosage (levodopa equivalent daily dose, LEDD) was not associated with the expression of any 

PPMI differentially expressed genes (FDR > 0.05, linear regression) (Table 3.3). 
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Gene Ensembl ID β (95% CI) P-value FDR 
CEP19 ENSG00000174007 0.0013 (4.4e-05, 0.0026) 0.05 0.91 
PRRG4 ENSG00000135378 0.0014 (-1.7e-05, 0.0028) 0.061 0.91 
ZNF33A ENSG00000189180 0.00061 (-4.6e-05, 0.0013) 0.075 0.91 
POLD2 ENSG00000106628 -0.00081 (-0.0017, 8.5e-05) 0.086 0.91 
SYTL3 ENSG00000164674 -0.00077 (-0.0018, 0.00022) 0.13 0.91 
ISG20 ENSG00000172183 0.00077 (-0.00031, 0.0019) 0.17 0.91 

KIAA0040 ENSG00000235750 0.00062 (-0.00026, 0.0015) 0.18 0.91 
CREBRF ENSG00000164463 0.00041 (-0.00023, 0.001) 0.22 0.91 

RIT1 ENSG00000143622 0.00047 (-0.00032, 0.0013) 0.25 0.91 
MTND4P30 ENSG00000227454 -0.00045 (-0.0012, 0.00032) 0.26 0.91 
ARHGAP19 ENSG00000213390 5e-04 (-0.00037, 0.0014) 0.27 0.91 

CISD2 ENSG00000145354 -0.00087 (-0.0025, 0.00075) 0.3 0.91 
HECTD2 ENSG00000165338 0.00055 (-0.00056, 0.0017) 0.34 0.91 
TIMM9 ENSG00000100575 -0.00051 (-0.0016, 0.00053) 0.34 0.91 
FPR2 ENSG00000171049 7e-04 (-0.00076, 0.0022) 0.35 0.91 
RPL15 ENSG00000174748 -0.00041 (-0.0014, 0.00053) 0.4 0.91 

RNASEL ENSG00000135828 0.00029 (-0.00043, 0.001) 0.43 0.91 
DPP7 ENSG00000176978 0.00022 (-0.00034, 0.00078) 0.44 0.91 

HSDL2 ENSG00000119471 0.00037 (-0.00056, 0.0013) 0.44 0.91 
MCTP2 ENSG00000140563 0.00036 (-0.00055, 0.0013) 0.45 0.91 
TSTA3 ENSG00000104522 -0.00067 (-0.0025, 0.0012) 0.49 0.91 

CLEC4E ENSG00000166523 0.00068 (-0.0013, 0.0026) 0.5 0.91 
ZNF517 ENSG00000197363 -2e-04 (-0.00082, 0.00042) 0.52 0.91 

AIDA ENSG00000186063 -0.00031 (-0.0013, 0.00071) 0.55 0.91 
SLA ENSG00000155926 0.00026 (-0.00062, 0.0011) 0.56 0.91 

TMCC3 ENSG00000057704 0.00036 (-0.0011, 0.0018) 0.62 0.91 
AC092032.2 ENSG00000288620 -0.00013 (-0.00068, 0.00042) 0.63 0.91 

DCK ENSG00000156136 0.00019 (-0.00058, 0.00096) 0.64 0.91 
ROPN1L ENSG00000145491 0.00026 (-0.00081, 0.0013) 0.64 0.91 
RNF149 ENSG00000163162 0.00021 (-0.00075, 0.0012) 0.67 0.91 
FAHD2A ENSG00000115042 -0.00016 (-0.00089, 0.00057) 0.67 0.91 
PPIAP8 ENSG00000225185 0.00017 (-0.00064, 0.00098) 0.67 0.91 
GSTZ1 ENSG00000100577 0.00014 (-0.00053, 0.00081) 0.69 0.91 
BMX ENSG00000102010 -0.00035 (-0.0022, 0.0015) 0.7 0.91 

ZNF555 ENSG00000186300 -0.00011 (-0.00091, 0.00069) 0.79 0.93 
PPIAP40 ENSG00000230593 9.8e-05 (-0.00063, 0.00083) 0.79 0.93 

TMEM252 ENSG00000181778 0.00019 (-0.0013, 0.0016) 0.8 0.93 
LMNB1 ENSG00000113368 0.00017 (-0.0013, 0.0016) 0.82 0.93 

SLC25A20 ENSG00000178537 9.1e-05 (-0.00073, 0.00091) 0.83 0.93 
KPNB1 ENSG00000108424 8.5e-05 (-0.00087, 0.001) 0.86 0.93 

THUMPD2 ENSG00000138050 6.8e-05 (-0.00089, 0.001) 0.89 0.93 
YJU2 ENSG00000105248 -3.7e-05 (-0.00062, 0.00055) 0.9 0.93 

AC011816.1 ENSG00000234073 6.9e-05 (-0.0011, 0.0012) 0.9 0.93 
CD300LD ENSG00000204345 7.3e-05 (-0.0018, 0.0019) 0.94 0.94 

 

Table 3.3. Effect of dopaminergic PD treatment on gene expression in ICICLE-PD. A linear 
regression model was fit as described in Section 3.2.8. β coefficients show the modelled change in 
variance-stabilised gene expression based on per unit change in treatment dosage (mg/day). P-values 
were adjusted for multiple testing based on the Benjamini-Hochberg method. 

 

Given increased TMEM252 and LMNB1 expression in early-stage idiopathic PD patients 

(Figure 3.5b), I then compared the expression of these genes to PD-related clinical measures. 

I used linear regression to test the association between gene expression and the age of PD 
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diagnosis, motor severity (assessed using MDS-UPDRS III scores) and cognitive impairment 

(assessed using MoCA scores) (Section 3.2.9). I found no significant associations between 

TMEM252 and LMNB1 expression and age of PD diagnosis or motor symptom severity (P-

value > 0.05, linear regression) (Table 3.4). I detected a negative association between 

TMEM252 expression and cognitive impairment (β = -2.5, P-value = 0.04, linear regression); 

however, the association was not significant after adjustment for multiple testing (Bonferroni 

P-value = 0.09, two tests, linear regression) (Table 3.4). 
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   β (95% CI) P-value Adjusted P-value 
Response variable Gene symbol Gene ID PPMI ICICLE-PD PPMI ICICLE-PD PPMI ICICLE-PD 
Age at PD diagnosis         

 LMNB1 ENSG00000113368 -0.086 (-0.99, 0.82) 0.5 (-2.6, 3.6) 0.85 0.74 1.00 1.00 
 TMEM252 ENSG00000181778 0.017 (-1.4, 1.4) 0.2 (-2.9, 3.3) 0.98 0.90 1.00 1.00 

MDS-UPDRS III         
 LMNB1 ENSG00000113368 0.92 (-0.82, 2.7) -4.2 (-12, 3.6) 0.30 0.29 0.60 0.57 
 TMEM252 ENSG00000181778 1 (-1.7, 3.7) 1.8 (-6.2, 9.7) 0.46 0.66 0.91 1.00 

MoCA         
 LMNB1 ENSG00000113368 -0.22 (-0.74, 0.29) -0.38 (-2.9, 2.2) 0.39 0.77 0.79 1.00 
 TMEM252 ENSG00000181778 -0.25 (-1.1, 0.56) -2.5 (-4.9, -0.084) 0.55 0.04 1.00 0.09 

 

Table 3.4. Associations between differentially expressed genes and PD-related clinical measures. Table giving the output from linear regression of various 
clinical measures as the response variables and the corresponding gene expression as an explanatory variable (Section 3.2.9). MDS-UPDRS III = Movement 
Disorder’s Society Unified Parkinson’s Disease Rating Scale Part 3, MoCA = Montreal Cognitive Assessment.
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3.3.4 Assessing systematic changes in gene expression in early-stage idiopathic PD patients 

To gain an overview of global alterations in gene expression patterns, I performed gene set 

enrichment analysis (GSEA) (Subramanian et al., 2005) of Gene Ontology (GO) terms 

(Ashburner et al., 2000). All GO terms significantly enriched (FDR < 0.05) in PPMI and 

subsequently replicated in ICICLE-PD (FDR < 0.05 with the same direction of effect) are given 

in Table 8.1.  

Multiple gene groups broadly related to ribosome function were downregulated in idiopathic 

PD patients in both cohorts (Figure 3.6a, Table 8.1). In PPMI, the most downregulated 

biological process was cytoplasmic translation (NES = -3.1, FDR < 2.2x10-16) which was also 

significantly downregulated in ICICLE-PD (NES = -2.2, FDR = 2.3x10-6) (Figure 3.6a, Table 

8.1). Likewise, mitochondrial translation was also negative enriched (PPMI NES = -2.1, FDR 

= 1.4x10-4; ICICLE-PD NES = -1.9, FDR = 1.3x10-4) (Figure 3.6a, Table 8.1). In PPMI, the 

most downregulated molecular function was structural constituent of ribosome (NES = -2.9, 

FDR < 2.2x10-16), again replicated in ICICLE-PD (NES = -2.2, FDR = 4.8x10-8) (Figure 3.6a, 

Table 8.1). Together, the collective downregulation of ribosomal-related genes may reflect 

reduced cytoplasmic and mitochondrial protein translation in the blood of idiopathic PD 

patients. 

Conversely, when ranked by PPMI P-values, I found that gene sets associated with activation 

of the immune response, particularly antiviral responses, were among the most significantly 

upregulated in idiopathic PD patients (Figure 3.6a, Table 8.1). These included negative 

regulation of viral process (PPMI NES = 2.6, FDR = 1.9x10-7; ICICLE-PD NES = 2.2, FDR = 

1.4x10-7) and regulation of innate immune response (PPMI NES = 2.0, FDR = 8.9x10-6; 

ICICLE-PD NES = 1.7, FDR = 2.8x10-4) (Figure 3.6a, Table 8.1). The induction of an innate 

immune response may be due to the activation of the pattern recognition receptor signaling 

pathway (PPMI NES = 1.9, FDR = 4.0x10-4; ICICLE-PD NES = 2.2, FDR = 1.9x10-9, Table 

8.1) which recognise pathogen- or damage-associated molecular patterns (Li & Wu, 2021). The 

expression of genes associated with signalling pathways downstream of pattern recognition 

receptor signalling such as the type I interferon signaling pathway (PPMI NES = 2.2, FDR = 

9.7x10-4; ICICLE-PD NES = 2.1, FDR = 3.9x10-5) and regulation of inflammatory response 

(PPMI NES = 1.6, FDR = 6.2x10-3; ICICLE-PD NES = 1.5, FDR = 2.1x10-3) were also 

increased in idiopathic PD patients (Table 8.1). 

I also performed GSEA using KEGG pathways (Kanehisa & Goto, 2000; Kanehisa et al., 2023) 

as an alternative source of curated gene sets. Focusing on pathways related to those identified 
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through GSEA of GO terms, I also found enrichment of the KEGG pathways Ribosome (PPMI 

NES = -3.0, FDR< 2.2x10-16; ICICLE-PD NES = -2.5, FDR = 5.6x10-10) and NOD-like receptor 

signalling (PPMI NES = 1.8, FDR = 0.002; ICICLE-PD NES = 2.0, FDR = 2.3x10-6), part of 

the innate immune response (Zhong et al., 2013) (Figure 3.6a, b). 
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Figure 3.6. Gene sets enriched in early-stage idiopathic PD patients. (a) Gene set enrichment of 
Gene Ontology terms in PPMI and ICICLE-PD cohorts. Enrichment was performed with ranked fold 
changes calculated by comparing the expression of genes between idiopathic PD patients and controls. 
The top ten replicated terms per gene ontology are arranged according to the PPMI P-value. NES = 
Normalised Enrichment Score. (b-c) Gene set enrichment of two selected KEGG in PPMI (b) and 
ICICLE-PD (c).  
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3.3.5 Replication of previous blood RNA-seq studies in PD 

Previous studies have also leveraged RNA-seq of blood samples to identify genes differentially 

expressed in PD patients (Infante et al., 2016; Garofalo et al., 2020; Henderson et al., 2021; 

Kurvits et al., 2021). After collating summary statistics from these studies (Section 3.2.10), I 

examined their expression in PPMI and ICICLE-PD. I independently replicated (FDR <0.05, 

Wald test) several previously reported genes in PPMI (LSMEM1, TPST1 and SLED1) and 

ICICLE-PD (IFIT1, RSAD2, IFI44L and OLIG2) (Figure 3.7).  

 
Figure 3.7. Replication of previously reported differentially expressed genes in the blood of PD 
patients. Volcano plots showing the differential expression of genes reported as differentially expressed 
in PD from previous blood RNA-seq studies. Genes significantly differentially expressed (FDR <0.05 
and log2 fold change >0.1/<-0.1) in each cohort are labelled. 

 

3.3.6 Differential expression of genes underlying the genetic architecture of PD 

Genetic variants have been linked to the risk of developing PD (Blauwendraat et al., 2020). The 

current largest genome-wide association study (GWAS) assessing PD risk in individuals of 

European genetic ancestry, identified 90 variants within 78 loci (Nalls et al., 2019). Examining 

the expression of the nearest genes to the identified PD risk loci (70 in PPMI, 69 in ICICLE-

PD), five were differentially expressed (log2FC >0.1/<-0.1, FDR < 0.05, Wald test) in PPMI 

(VAMP4, BST1, FCGR2A, SIPA1L2 and NOD2) Figure 3.8a). In ICICLE-PD, the direction of 

expression change was concordant for BST1, FCGR2A, NOD2 and SIPA1L2 (Figure 3.8b). 
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BST1 showed suggestive evidence of differential expression (P-value < 0.05, Wald test) 

although this was not significant after correcting for multiple testing (FDR = 0.09)  

I then examined expression levels of 30 genes associated with monogenic forms of PD and 

other parkinsonism disorders from Genomics England’s PanelApp (Section 3.2.11) (Martin et 

al., 2019) (Figure 3.8c). Of these genes, PTRHD1 expression was reduced in PPMI PD patients 

(log2FC = -0.13, P-value = 5.1x10-4, Wald test), yet did not reach significance in ICICLE-PD 

(log2FC = -0.14, P-value = 0.09, Wald test) (Figure 3.8d). 
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Figure 3.8. Differential expression of genes underlying the genetic architecture of PD.Volcano plot 
showing the differential expression of genes identified as the nearest genes to PD GWAS hit loci (Nalls 
et al., 2019) (70 tested in PPMI, 69 in ICICLE-PD) between idiopathic PD patients and controls in PPMI 
and ICICLE-PD cohorts. Labelled genes were differentially expressed (log2FC >0.1/<-0.1, FDR < 
0.05). (b) Expression of five differentially expressed genes (out of 30 tested in PPMI and ICICLE-
PD)located near PD risk loci (identified in a) in PPMI and ICICLE-PD cohorts. * = log2FC >0.1/-0.1, 
FDR < 0.05. (c) Comparison of expression for genes listed in Genomics England Parkinson Disease 
and Complex Parkinsonism gene panel between idiopathic PD patients and controls. * = log2FC >0.1/<-
0.1, FDR <0.05. (d) Expression of PTRHD1 in idiopathic PD patients and controls. P-value derived 
from a Wald test. Log2FC = log2 fold change. 
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3.3.7 Evaluating gene expression as a diagnostic biomarker of early-stage idiopathic PD 

To evaluate the potential of gene expression to classify PD status, I used regularised logistic 

regression classification (Section 2.9). Gene expression had an AUC of 0.84 (95% CI: 0.81-

0.88) when distinguishing early-stage idiopathic PD patients from controls in PPMI samples, 

using separate samples to train models (Figure 3.9). After fitting a model on all PPMI samples, 

gene expression had an AUC of 0.59 (95% CI: 0.48-0.71) when distinguishing early-stage 

idiopathic PD patients from controls in ICICLE-PD (Figure 3.9).  

 

 

Figure 3.9. Classifying PD status based on gene expression. Performances of the gene PD 
classification model in PPMI and ICICLE-PD cohorts. The left panels display the ROC curve. The right 
panels show the area under the ROC curve (AUC). Error bars indicate the 95% CI of the AUC. 
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3.4 Discussion 

Peripheral changes in gene expression in PD patients may serve as easily accessible and 

detectable biomarkers to aid in the diagnosis of and measure the progression of PD. Previous 

investigations into the PD blood transcriptome using RNA-seq data from the PPMI have 

revealed peripheral disease-related changes (Craig et al., 2021; Irmady et al., 2023; Li et al., 

2023). However, these studies examined gene expression across different genetic backgrounds 

(harbouring pathogenic variants in SNCA, LRRK2, and GBA) and different disease durations. 

To identify changes in gene expression in the early stages of disease, I examined gene 

expression in the blood of recently diagnosed idiopathic PD patients in both the PPMI and 

ICICLE-PD cohorts. I identified increased expression of the genes LMNB1 and TMEM252 in 

early-stage idiopathic PD patients compared to controls. Commonly dysregulated processes 

related to ribosomal function and activation of an innate immune response. The ability to 

distinguish early-stage idiopathic PD patients from controls in PPMI participants using gene 

expression was consistent with previous work using the same cohort (Makarious et al., 2022; 

Pantaleo et al., 2022; Li et al., 2023), yet showed reduced ability in ICICLE-PD participants.   

3.4.1 Gene expression changes in early-stage idiopathic PD patients 

Comparing gene expression between early-stage idiopathic PD patients and controls in PPMI 

and ICICLE-PD, I found increased expression of both LMNB1 and TMEM252 in PD patients 

from both cohorts (Figure 3.5). LMNB1 encodes Lamin B1, a component of the nuclear lamina 

(Dechat et al., 2008). LMNB1 duplications lead to the progressive neurological condition 

autosomal dominant adult-onset demyelinating leukodystrophy (Padiath et al., 2006; Schuster 

et al., 2011). Morphological changes in the nuclear lamina have been reported in 

neurodegenerative disorders (Chou et al., 2018; Alcalá‐Vida et al., 2021). In PD, alterations in 

the nuclear lamina have been attributed to dysfunction of the PD-risk protein LRRK2 and α-

synuclein inclusions (Shani et al., 2019; Mansuri et al., 2024). Increased LMNB1 expression 

has been shown in dopaminergic neurons isolated from the substantia nigra of idiopathic PD 

patients (Simunovic et al., 2009). A single nucleotide polymorphism mapped to LMNB1 has 

been associated with cognitive decline in PD patients (Chung et al., 2012), yet I did not detect 

any association between LMNB1 expression and cognitive impairment in PPMI or ICICLE-PD 

participants (Table 3.4).   

TMEM252 encodes for a transmembrane protein of unknown function. TMEM252 expression 

is enriched in the gastrointestinal tract, kidney, and urinary bladder (Uhlén et al., 2015); areas 

of the body which frequently present with dysfunction in PD patients (Sakakibara et al., 2012; 
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Warnecke et al., 2022). TMEM252 expression was altered and provided prognostic information 

in a study investigating triple-negative breast cancer (Lv et al., 2019), yet has no link to PD or 

neurodegeneration at present.  

By analysing recently diagnosed idiopathic PD patients (blood samples collected within 13 

months of diagnosis), I was able to identify gene expression changes occurring early in disease 

progression. Previous investigations using PPMI RNA-seq data identified >1,000 differentially 

expressed genes in PD patients (Craig et al., 2021; Riboldi et al., 2022; Irmady et al., 2023; Li 

et al., 2023). In comparison, I identified fewer differentially expressed genes (44 in PPMI), 

indicative of modest transcriptomic changes in the blood shortly after idiopathic PD diagnosis 

following motor symptoms onset. Notably, previous studies collected PD patients across 

different subtypes, including those harbouring highly penetrant PD risk variants (Craig et al., 

2021; Riboldi et al., 2022; Li et al., 2023; Irmady et al., 2023), which may exhibit transcriptional 

differences. In some comparisons, RNA-seq data from later time points were used (Craig et al., 

2021; Irmady et al., 2023) and thus may reflect expression changes related to dopaminergic 

neuron loss in the years following motor symptom onset (Nandhagopal et al., 2009; Kordower 

et al., 2013). 

I replicated the differential expression of genes (LSMEM1, TPST1 and SLED1, Figure 3.7) 

previously reported in blood RNA-seq studies of PD patients (Infante et al., 2016; Garofalo et 

al., 2020; Henderson et al., 2021; Kurvits et al., 2021). As previous studies were not limited to 

early-stage PD, these genes may reflect those with altered expression throughout PD 

progression. Of the three genes replicated in PPMI samples, SLED1 and LSMEM1 encode 

proteins of unknown function. TPST1 encodes tyrosylprotein sulfotransferase 1, an enzyme 

required for post-translational modification of proteins that plays important roles in the 

inflammatory process, leukocyte movement and cytosis, viral cell entrance, and other cell-cell 

and protein-protein interactions (Stone et al., 2009). In addition, my data provide a potential 

mechanistic link between PD-associated genetic variation, identifying differential expression 

among genes associated with PD risk. These included PTRHD1 in PPMI PD patients (Figure 

3.8c, d), which encodes a peptidyl-tRNA hydrolase that has been associated with recessive 

parkinsonism (Khodadadi et al., 2017; Al-Kasbi et al., 2021), and genes identified by through 

large-scale association testing (BST1, FCGR2A, SIPA1L2, NOD2 and VAMP4, Figure 3.8a) 

(Nalls et al., 2019). 

One limitation of this work was that gene expression was measured in bulk blood tissue. Whilst 

this has the advantage of reducing preprocessing steps, it is important to consider that different 

cell types contribute to measured gene expression. Given the reported changes in blood cell 
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proportions in PD patients (Craig et al., 2021; Muñoz-Delgado et al., 2021, 2023), differences 

in gene expression may be partly due to changes in blood cell composition. Studies 

investigating gene expression at a single cell resolution have typically focused on individual 

blood cell populations (Navarro et al., 2021; P. Wang et al., 2021; Riboldi et al., 2022; P. Wang 

et al., 2022; Shi Yan et al., 2023). As such, cell type specific changes in gene expression in the 

context of all blood cell populations have not yet been investigated. 

Furthermore, a notable difference between PD patients enrolled in PPMI and ICICLE-PD 

studies was treatment status, in which PPMI participants were enrolled untreated with 

dopaminergic PD treatment while most ICICLE-PD cases were receiving dopaminergic PD 

treatment (Section 2.2). PPMI differentially expressed genes were not associated with treatment 

dosage in ICICLE-PD PD patients (Table 3.3). This finding is consistent with other work 

failing to identify broad changes in gene expression associated with PD treatment dosage 

(Navarro et al., 2021; Irmady et al., 2023). However, due to the small number of untreated 

ICICLE-PD cases (4/48), I did not assess how the commencement of treatment may affect gene 

expression, as previously described with cell-free mitochondrial DNA levels (Lowes et al., 

2020). 

3.4.2 Coordinated changes in gene expression reveal dysregulated processes related to protein 

translation and immune activation in early-stage idiopathic PD patients 

Based on coordinated changes in gene expression, I identified the downregulation of genes 

associated with protein synthesis in the blood of early-stage idiopathic PD patients in both PPMI 

and ICICLE-PD cohorts (Figure 3.6). Expression of genes encoding ribosomal proteins is 

reduced in the substantia nigra of PD patients (Garcia-Esparcia et al., 2015), which may be 

secondary to neurodegeneration in this region. Protein synthesis is also reduced in idiopathic 

PD-patient derived fibroblasts (Deshpande et al., 2020; Flinkman et al., 2023), providing further 

evidence of detectable peripheral changes in translation in idiopathic PD.  

Protein synthesis regulation is a common cellular mechanism activated during innate immune 

responses (Argüello et al., 2015). PD is now viewed as a multi-system disorder, potentially 

mediated by immune dysfunction (reviewed in Tan et al., 2020; Tansey et al., 2022). Consistent 

with the potential role of immune dysfunction in the susceptibility to or progression of PD, I 

identified an upregulation of genes associated with the innate immune response in the blood of 

idiopathic PD patients across PPMI and ICICLE-PD cohorts (Figure 3.6). In the periphery, 

increased levels of proinflammatory cytokines have also been reported in PD patients (Qin et 

al., 2016), including those enrolled in ICICLE-PD (Williams-Gray et al., 2016). Specifically, I 



80 
 

identified the upregulation of genes related to antiviral responses in idiopathic PD patients 

(Figure 3.6). The link between viral exposure and PD has been extensively hypothesised 

(reviewed in Olsen et al., 2018; Leta et al., 2022). Analyses of population-level cohorts have 

described an association between influenza infection and the development of PD (Cocoros et 

al., 2021; Levine et al., 2023). Increased α-synuclein levels have been shown in both central 

(Beatman et al., 2016; Monogue et al., 2022) and peripheral neurons (Stolzenberg et al., 2017) 

during viral infections, proposing a role for α-synuclein in the innate antiviral response which 

may be affected when pathological aggregations of α-synuclein are present. Genes related to 

type I interferon signalling, a key component of the cellular antiviral defence (McNab et al., 

2015), were also upregulated (Table 8.1). Interestingly, three genes that have previously been 

reported as differentially expressed in PD replicated in ICICLE-PD (IFIT1, RSAD2, IFI44l, 

Figure 3.7) are induced by type I interferons (Kyogoku et al., 2013). Studies investigating the 

role of type I interferon signalling in PD have produced conflicting findings. Functional α-

synuclein may be required for proper type I interferon signalling in response to viral infection 

of neurons (Monogue et al., 2022). Mice lacking interferon β, a type I interferon, or the type I 

interferon receptor (interferon-α/β receptor) develop neuronal Lewy body pathology and PD-

like phenotypes (Ejlerskov et al., 2015; Villanueva et al., 2021). In mice and cellular PD 

models, however, the ablation of the interferon-α/β receptor was neuroprotective (Main et al., 

2016, 2017). This work suggests that type I interferon signalling is likely increased in the blood 

of patients with idiopathic PD. However, it is unclear whether this is linked to the pathogenesis 

or the systemic response to PD. 

3.4.3 Inconsistent performance of gene expression to classify early-stage idiopathic PD patients 

across PPMI and ICICLE-PD cohorts 

Gene expression differentiated between early-stage idiopathic PD patients from controls in the 

PPMI cohort (AUC = 0.84, Figure 3.9). The ability of gene expression to identify PD patients 

was similar to previous work also used PPMI RNA-seq data with AUCs of 0.80 (Makarious et 

al., 2022), 0.81 (Li et al., 2023) and 0.72 (Pantaleo et al., 2022). Of these estimates, Li et al 

report a reduced ability of gene expression to classify PD (AUC = 0.69) when assessed by an 

independent group of samples (Parkinson’s Disease Biomarker Program, PDBP). Likewise, 

gene expression had a reducibility ability when classifying early-stage idiopathic PD patients 

from the ICICLE-PD cohort (AUC = 0.59, Figure 3.9). Notably, PPMI and PDBP blood 

samples underwent library preparation and sequencing at a centralised location as part of the 

Accelerating Medicine Partnership Parkinson’s disease program (AMP-PD, https://amp-

https://amp-pd.org/transcriptomics-data
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pd.org/transcriptomics-data, accessed 28/05/2024), minimising the impact of technical 

differences between these cohorts.  

The lack of generalisability of gene expression to predict PD status across data sources limits 

its potential utility as a diagnostic biomarker, especially considering its worse performance 

compared to α-synuclein seed amplification and DOPA decarboxylase levels in multiple 

cohorts (Grossauer et al., 2023; Pereira et al., 2023; Siderowf et al., 2023; Rutledge et al., 2024).  

Alternative RNA species may provide improved classification performance compared to gene 

expression. Circular RNA (circRNA) is a covalently closed RNA species that has increased 

resistance to exonuclease activity resulting in longer half-lives compared to the cognate linear 

RNA (Jeck et al., 2013; Enuka et al., 2016). As such, the ability of circRNAs to act as disease 

biomarkers has been extensively discussed (reviewed in Verduci et al., 2021). By assessing the 

ability of gene expression to classify early-stage idiopathic PD status in PPMI and ICICLE-PD 

datasets, I have created a reference for evaluating the performance of future predictors. This 

will be explored further in Chapter 4, primarily focusing on circular RNA expression. 

3.5 Conclusion 

To summarise, the work presented in this chapter analysed gene expression in idiopathic PD. 

By measuring gene expression in recently diagnosed idiopathic PD patients, I aimed to identify 

changes in gene expression that reflected the earliest stages of disease progression. Overall, I 

identified subtle changes in individual gene expression, with two genes LMNB1 and TMEM252, 

showing increased expression in idiopathic PD patients in both PPMI and ICICLE-PD cohorts. 

Measuring systematic changes in gene expression identified changes in genes associated with 

ribosomal function and activation of an innate immune response across both cohorts, expanding 

knowledge about potentially dysregulated processes in the periphery of PD patients. The 

observed classification performance of gene expression is consistent with published literature 

and a reference to assess the performance of other predictors in this thesis. 

 

https://amp-pd.org/transcriptomics-data
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Chapter 4. Circular RNA expression in early-stage idiopathic Parkinson’s 

disease 
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4.1 Background 

Initial work used cellular and animal PD models to investigate differences in circRNA 

expression. Circzip-2 was downregulated in a PD Caenorhabditis elegans model (Kumar et al., 

2018). circSNCA and circDLGAP4 were downregulated in PD cellular models, with 

circDLGAP4 also downregulated in a PD mouse model (Sang et al., 2018; Feng et al., 2020). 

RNA-seq of the cerebral cortex, hippocampus, striatum and cerebellum tissue in a PD mouse 

model identified 24, 66, 71 and 121 differentially expressed circRNAs respectively (Jia et al., 

2020). Human substantia nigra tissue showed lower circRNA abundance compared to controls, 

contrasting with the increases shown in amygdala and temporal gyrus tissue (Hanan et al., 

2020). Hanan et al also reported 24 differentially expressed circRNAs in substantia tissue from 

PD patients.  

Several studies have now investigated circRNA expression in the blood of PD patients. 

Quantitative PCR (qPCR) measurement of 87 pre-selected circRNAs in peripheral blood 

mononuclear cells (PBMCs), identified six circRNAs from SLAIN1, DOP1B, REPS1, MAPK9, 

PSEN1 and HOMER1 loci to be reduced in PD patients (n = 60) compared to controls (n  = 60) 

(Ravanidis et al., 2021). Four circRNAs (produced from SLAIN1, SLAIN2, ANKRD12 and 

PSEN1) could distinguish PD patients from controls with an AUC of 0.84 (Ravanidis et al., 

2021). However, the approach of Ravanidis et al is limited to the selected circRNAs and the 

ability to distinguish PD from controls was not evaluated in an additional set of samples. RNA-

seq of blood samples from PD patients (n = 4) and controls (n = 4) identified 411 differentially 

expressed circRNAs (Kong et al., 2021). Whilst the use of RNA-seq to measure circRNA 

expression allows the unbiased detection of circRNAs, it is not clear how Kong et al detected 

circRNAs from RNA-seq data and the ability of circRNA expression to distinguish between 

PD patients and controls was not assessed. Using microarray measurements of circRNA 

expression, six circRNAs were increased in PD patients (n = 20) compared to controls (n = 20) 

(Zhong et al., 2021). Four of these circRNAs could distinguish between PD patients and 

controls in this initial cohort with an AUC of 0.98, with an AUC of 0.85 in an independent 

cohort (early-stage PD = 80, controls = 80) (Zhong et al., 2021). Another study also used 

microarray technology to measure circRNA expression, identifying 139 differentially 

expressed circRNAs in three PD patients compared to three controls (Xiao et al., 2022). 10 of 

these circRNAs were selected for replication, of which four were validated and could 

distinguish PD patients (n = 63) from controls (n = 60) with an AUC of 0.94 (Xiao et al., 2022). 

For the studies that used circRNA microarrays (Zhong et al., 2021; Xiao et al., 2022), without 

manifest files, it is unclear which BSJs the probes correspond to limiting the ability to replicate 
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these findings. Overall, these results indicate that blood circRNA expression may have a clinical 

utility to distinguish PD patients from controls. As these studies typically use small cohorts and 

highlight specific circRNAs that are not replicated, a large-scale, unbiased assessment of 

circRNAs in PD is warranted. 

Circular RNAs (circRNAs) can be identified and defined through the presence of a back-spliced 

junction (BSJ), whereas linear RNAs possess canonical, or forward-spliced junctions (FSJ) 

(Figure 4.1). Here, I utilised total RNA sequencing to quantify linear and circRNA expression 

in the blood across two large unrelated cohorts, The Michael J Fox Foundation Parkinson’s 

Progression Markers Initiative (PPMI) (Marek et al., 2011, 2018) and The Incidence of 

Cognitive Impairment in Cohorts with Longitudinal Evaluation-PD (ICICLE-PD) (Yarnall et 

al., 2014). I selected early-stage (diagnosed <13 months) idiopathic Parkinson’s disease (PD) 

patients comparing BSJ and FSJ abundance to matched controls using PPMI as a discovery 

cohort and ICICLE-PD as a replication cohort (Figure 4.1). 
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Figure 4.1. Circular RNA formation and study overview. The canonical splicing of pre-mRNA 
produces a linear RNA molecule containing forward-spliced junctions (FSJ). Circular RNA molecules 
are formed by a back-splicing reaction and can be identified through the presence of a back-spliced 
junction (BSJ). Individuals from our discovery (PPMI, PD = 259, Controls = 161) and replication 
(ICICLE-PD, PD = 48, Controls = 48) cohorts underwent whole blood total RNA sequencing to detect 
and quantify linear and circular RNAs. 
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4.2 Methods 

4.2.1 Cohorts 

RNA sequencing (RNAseq) data presented here is the same individuals as Chapter 3. 

Individuals were selected for sequencing based on the criteria outlined in Section 2.2. Briefly, 

patients with early-stage (diagnosed <13 months) idiopathic Parkinson’s disease (PD) and 

control individuals were obtained from the PPMI and ICICLE-PD cohorts. Clinical information 

regarding the samples was taken from each cohort’s respective metadata file. 

4.2.2 RNA sequencing 

Sample collection, RNA extraction, library preparation and sequencing of PPMI and ICICLE-

PD samples have been outlined in Section 2.3. Quality control steps of the sequencing data 

were described in Section 2.4.  

4.2.3 Circular RNA detection and quantification 

Circular RNAs were detected and quantified as described in Section 2.6.1. 

4.2.4 Assessing circular RNA normalisation methods 

Raw BSJ counts must be normalised before analyses to account for differing sequencing depths 

between samples. However, there is currently no consensus on how to normalise circRNA 

counts. To identify the optimal method for circRNA count normalisation in the PPMI and 

ICICLE-PD datasets, I first collated the number of total reads, genome and transcriptome 

mapped reads in each sample using FastQC v0.11.9 and MultiQC v1.9. The number of genome 

mapped reads was reported by CIRIquant based on alignment to the Ensembl GRCh38 

“genome_tran” index (https://registry.opendata.aws/jhu-indexes/, downloaded 13/10/2020) 

using HISAT2 v2.2.0 (D. Kim et al., 2019). The amount of transcriptome-mapped reads was 

obtained from log files produced by Salmon v1.3.0 (Patro et al., 2017)  using MultiQC v1.9. I 

correlated the number of reads mapping to each BSJ with the number of total sequenced reads, 

total number of genome-mapped reads or total number of transcriptome-mapped reads. I also 

correlated these factors to the number of unique circRNAs detected in each sample. 

4.2.5 Identifying sources of extraneous variation in circular RNA quantification 

The contribution of various biological and technical sequencing measures on circRNA 

expression was measured using the methods outlined in Section 2.7. Based on the information 

https://registry.opendata.aws/jhu-indexes/
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outlined in Section 4.3.3, I included the percentage of intronic bases (PPMI and ICICLE-PD) 

and the median coefficient of variation of coverage (ICICLE-PD) as explanatory variables in 

linear mixed models predicting individual circRNA expression. I also included sequencing 

batch, age, and sex as explanatory variables in the models. Categorical variables (study group, 

sequencing batch, and sex) were modelled as random effects as recommended (Hoffman & 

Schadt, 2016). 

4.2.6 Circular RNA annotation 

CircRNAs can be annotated by resolving their BSJ location to the genomic reference and 

identifying genetic features. In this instance, CIRIquant reports junction annotations relative to 

the Ensembl GRCh38 reference (release 101). Annotating circRNAs in this fashion may be 

ambiguous, for example when overlapping genes are present. Ambiguous annotation occurred 

at a similar frequency in both cohorts (PPMI = 11.0%, ICICLE-PD 11.1%). While this does not 

impact circRNA quantification, these circRNAs have been omitted from summary statistics 

describing circRNA host-gene annotation. 

Circular RNAs recorded in CircAtlas v3.0 (Wu et al., 2024) and CIRCpedia v2.0 (R. Dong et 

al., 2018) were downloaded from their respective websites (accessed 09/01/2024). BSJ 

coordinates from CircAtlas were converted to 0-based indexing, in line with the BED format 

specification and to ensure consistency when describing coordinates throughout this chapter. 

BSJ coordinates were reported as chr:start-end:strand with regards to the GRCh38 reference 

(e.g. 16:85633913-85634132:+). 

4.2.7 Gene set overrepresentation 

Gene set enrichment analysis (GSEA) is not suitable for assessing functional enrichment of 

circRNA host genes as each gene can host multiple circRNAs and GSEA requires unique genes. 

As such, functional circRNA host gene enrichment was performed using an over-representation 

test as implemented in clusterProfiler v4.6.2 (Wu et al., 2021). CircRNA host genes were 

grouped into Gene Ontology (GO) terms and enrichment was calculated using the enrichGO 

function. To detect GO terms enriched in abundant BSJs, those included in differential 

expression testing (and thus defined as abundant) were compared against all high confidence 

BSJs detected in that cohort. 
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4.2.8 Modelling the diversity of the circular RNA transcriptome 

The number of unique circRNAs (based on distinct BSJs) and circRNA-host genes were 

calculated for each sample. This value was then normalised by the number of reads that mapped 

to the transcriptome in that sample to account for differences in sequencing depth. A linear 

model was fit predicting the number of unique circRNAs or circRNA-host genes based on age 

at sample collection, reported sex and sequencing batch. The marginal mean number of unique 

circRNAs and circRNA host-genes for each study group were identified using the modelbased 

v0.8.6 package. 

4.2.9 Differential expression 

Abundant circRNAs with raw counts over 10 in more than n samples (where n is the size of the 

smallest sample group in each cohort) were retained. Differential expression of circRNAs 

between PD patients and controls was tested as described in Section 2.8.  

I used the method described in Section 2.10.2 to determine whether circRNA expression 

exhibits a global imbalance based on the calculated fold changes between PD patients and 

controls obtained from differential expression testing. 

4.2.10 Correlating circular RNA expression to relevant measures 

PD-related treatment dosage was assessed using the levodopa equivalent daily dose (LEDD) in 

ICICLE-PD cases as reported in the ICICLE-PD metadata. I fit linear models to predict 

normalised circRNA expression (log2 transformed BSJ counts per million transcriptome 

mapped reads) by LEDD adjusting for sources of biological and technical circRNA expression 

variation (Section 3.2.5). Coefficient P-values for each circRNA were adjusted for multiple 

testing using the Benjamini-Hochberg method. 

Relevant measures associated with circRNA expression in both PPMI and ICICLE-PD cases 

included the age at diagnosis (years), motor symptom severity (The Movement Disorder 

Society-Sponsored Revision of the Unified Parkinson's Disease Rating Scale Part III, MDS-

UPDRS III) and cognitive impairment (Montreal Cognitive Assessment, MoCA). CircRNAs 

identified as significantly differentially expressed in PPMI PD patients were used for all 

associations. I fit linear models to test the association of each clinical measure with circRNA 

expression (log2 transformed BSJ counts per million transcriptome mapped reads) adjusting for 

sources of biological and technical circRNA expression variation (Section 3.2.5). Coefficient 

P-values for each circRNA were adjusted for multiple tests using the Bonferroni correction. 
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4.2.11 Classification of PD status using RNA expression 

The BSJ and FSJ loci of all BSJs detected both PPMI and ICICLE-PD cohorts and included in 

differential expression analysis were used as potential predictors of PD status. BSJ and FSJ 

expression were transformed to stabilise their variance (varianceStabilizingTransformation in 

DESeq2 v1.40.2) (Anders & Huber, 2010). BSJ:FSJ expression ratios were obtained from the 

output of CIRIquant.  

The classification potential of individual junctions was assessed initially based on the 

expression of BSJs, FSJs and the ratio between these values (BSJ:FSJ ratio). Receiver operator 

characteristic (ROC) curves were generated for each junction using pROC v1.18.4 (Robin et 

al., 2011). The classification potential of each junction was summarised based on the area under 

the ROC curve (AUC) with 95% confidence intervals reported using Delong’s method (DeLong 

et al., 1988) as implemented in pROC. 

Regularised logistic regression was used as described (Section 2.9). As predictors, I included 

BSJ expression (BSJ), FSJ expression (FSJ), and the ratio between BSJ and FSJ expression 

(BSJ:FSJ ratio). I also extended the gene expression model created in Chapter 3 (Gene) with 

BSJ counts to create a combined model (Gene and BSJ). As with the individual junctions, I 

created ROC curves and calculated the AUC based on the predictions returned by each 

respective model.  
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4.3 Results 

4.3.1 Detection of blood circular RNAs in PPMI and ICICLE-PD participants 

PPMI samples had a significantly higher percentage of reads containing adapter sequences 

(median = 36.3%, IQR = 3.7%), compared to ICICLE-PD samples (median = 20.9%, IQR = 

3.8%) (P-value < 2.2x10-16, Wilcoxon rank-sum test, Figure 4.2a). Furthermore, PPMI samples 

had a significantly higher percentage of reads that were trimmed due to low quality (median = 

2.07%, IQR = 0.88%) compared to ICICLE-PD samples (median = 0.56%, IQR = 0.76%) (P-

value < 2.2x10-16, Wilcoxon rank-sum test, Figure 4.2b), reflecting lower general sequencing 

quality.  

 

 

Figure 4.2. Quality and adapter trimming of PPMI and ICICLE-PD samples. (a) The percentage 
of reads that contained adapter sequences. (b) The percentage of reads that required trimming due to 
low quality sequences. In both panels, results are shown for each paired-end FASTQ file (R1 and R2). 
P-values produced by a Wilcoxon rank-sum test. 

 

CircRNAs were detected by the presence of a BSJ as described in Section 2.6.1. The number 

of BSJ detections and subsequent overlaps reported by each tool are shown in Figure 4.3. 

Overall, a total of 438,189 and 222,133 unique BSJs were detected in PPMI and ICICLE-PD 

datasets respectively (Figure 4.3a, b). Notably, most detected BSJs were uniquely identified 

by CIRCexplorer2 (PPMI = 63.5%, ICICLE-PD = 57.9%), which may reflect false positive 

detections. 2.0-2.6% of the BSJs detected in PPMI and ICICLE-PD cohorts respectively were 

detected by all three tools. When considering just BSJs detected in both cohorts, similar 
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proportions of BSJ overlaps were present (Figure 4.3c). For example, 3.2% of common BSJs 

were detected by all three tools, indicating consistent inter-cohort detection (Figure 4.3c). 

 

 

Figure 4.3. Circular RNA detection in PPMI and ICICLE-PD samples. (a, b) Venn diagrams 
showing the number of circRNAs (unique back-spliced junctions) detected by CIRI2, CIRCexplorer2 
and PTESfinder V2 in PPMI (a) and ICICLE-PD samples (b). (c) Number of circRNAs that were present 
in both cohorts. For each diagram, the contribution of each segment is given as the percentage of the 
total circRNAs detected in each cohort and is shown in brackets. 

 

‘High confidence circRNAs’ were defined by overlapping BSJ loci reported by each tool 

(Section 2.6.1). This filtering step reduced the initial detection sets (PPMI = 23,454 from 

438,198 or 5.35% and ICICLE-PD = 15,345 from 222,133 or 6.91%). When restricted to BSJs 

detected by all three tools, circRNA counts reported by CIRI2 and CIRCexplorer2 were highly 

correlated in both cohorts (Pearson’s r > 0.9) (Figure 4.4). Of the three tools, PTESfinder v2 

showed the lowest correlation with the other tools in both cohorts (Figure 4.4). I subsequently 

quantified the majority of BSJ loci in each cohort (PPMI = 23,447/23,454, ICICLE-PD = 

15,336/15,345) using CIRIquant, producing junction counts for both circRNA (spanning the 

BSJ) and linear RNA (spanning the FSJ) at each locus. 
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Figure 4.4. Pairwise correlation of raw circular RNA counts between detection methods. The raw 
counts of circRNAs detected by all three tools within each cohort were correlated in a pairwise manner. 
Correlations between the counts reported by each tool are reported as Pearson’s r coefficient. 

 

4.3.2 Identifying the optimum circRNA normalisation strategy 

Several possible normalisation factors were assessed (Section 4.2.4). There were no significant 

differences in normalisation factors between PD and control samples in either cohort (P-values 

>0.05, Wilcoxon rank-sum test) (Figure 4.5).  
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Figure 4.5. Comparison of potential circular RNA normalisation denominators between study 
groups. The number of reads (total, genome-mapped and transcriptome-mapped) in PD patients and 
controls. P-values from a Wilcoxon rank-sum test. 

 

In PPMI, I observed a positive correlation between total circRNA expression (Figure 4.6a) and 

the number of unique circRNAs (Figure 4.6b) in each sample with each normalisation factor. 

In ICICLE-PD samples, the number of total and genome-mapped reads was not significantly 

correlated to total expression (Figure 4.6a, P-value >0.05, linear regression) or number of 

circRNAs (Figure 4.6b, P-value >0.05, linear regression). However, the number of 

transcriptome-mapped reads was positively correlated to both total expression (Figure 4.6a) 

and number of circRNAs (Figure 4.6b, P-value >0.05, linear regression). In PPMI, the number 

of transcriptome-mapped reads explained a higher proportion of the variation in the total 

expression (R2 = 0.25) or number of circRNAs (R2 = 0.26) (Figure 4.6a, b). As such, 

normalising the expression and number of circRNAs in each sample against the number of 

transcriptome-mapped reads was selected as the most appropriate strategy. 
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Figure 4.6. Identifying normalising against transcriptome mapped reads as the optimum circular 
RNA normalisation strategy. Scatter plots showing the number of total, genome-mapped and 
transcriptome-mapped reads in each sample compared to the number of total circRNA mapped reads 
(spanning the back-spliced junction) (a) or number of unique circRNAs (unique back-spliced junction 
loci) in each sample (b). In each comparison, the regression line resulting from linear regression is 
shown with shaded regions indicating the 95% confidence interval. Also shown is the amount of 
variance explained by each circRNA normalisation strategy (R2) and the P-value of the F-statistic from 
the linear model. 
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4.3.3 Identifying sources of extraneous variation in circular RNA quantification 

Sources of biological and technical variation influence general RNA quantification (’t Hoen et 

al., 2013), yet the extent to which circRNA quantification may be affected is not well 

established. Previous work measuring the variance of circRNA expression suggests that 

circRNA expression is more robust to biological and technical variation than gene expression 

(Z. Liu et al., 2019). Projection of circRNA expression into the first and second principal 

components showed no clear segregation of individuals by study group (Figure 4.7). As such, 

other sources of variation contributing to the quantification of circRNA expression were 

measured (Section 4.2.5).  

 

 

Figure 4.7. First two principal components of circular RNA expression in PPMI and ICICLE-PD. 
Scatter plot of the first and second principal components of circRNA expression in PPMI (left panel) 
and ICICLE-PD (right panel). The density of the points is shown on the edges of the plot. Points and 
densities are coloured based on which study group each individual belonged to (PD or Control). 

 

Firstly, sources of technical variation were identified based on their associations with circRNA 

expression principal components (PCs). Cumulatively, the first 10 circRNA PCs explained 

66.2% and 72.8% of the variance in PPMI and ICICLE-PD samples respectively. In PPMI, the 

percentage of intronic bases was the only technical metric identified as explaining a large 

proportion of the variance (R2 >0.5) with any of the first ten PCs (Figure 4.8a). In ICICLE-PD, 
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the percentages of intronic and untranslated region (UTR) bases explained a large proportion 

of PC1 (R2 >0.5). Furthermore, the median coefficient of variance of coverage explained a large 

proportion (R2 >0.5) of PC3 in ICICLE-PD (Figure 4.8b). In PPMI, associations were observed 

between the median coefficient of variance of coverage and several PCs yet were below the R2 

threshold (R2 <0.5) (Figure 4.8a). Inter-cohort differences in technical variation were expected 

considering the different library preparation kits used (Section 2.3). 
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Figure 4.8. Sources of extraneous technical variation when quantifying circular RNA expression. 
(a, b) Results from univariate linear regression of technical metrics in the PPMI (a) and ICICLE-PD (b) 
cohorts against each of the first 10 principal components (PCs) of variance-stabilised transformed 
circRNA counts. The top panel of each figure shows the percentage of variation explained by each PC. 
The amount of variation explained (R2) by each technical metric is only shown for metrics which passed 
multiple testing correction (FDR <0.05). 
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Next, I determined how sources of technical variation identified in the previous step, as well as 

other common sources of technical (i.e., sequencing batch) and biological variation (i.e., age, 

sex, study group) influenced the expression of individual circRNAs. Where multiple technical 

metrics were identified, highly correlated metrics (Spearman’s rho >0.9) were removed to 

reduce collinearity when included in linear mixed models (Hoffman & Schadt, 2016). In PPMI, 

I identified the percentage of intronic bases as the only technical covariate (Figure 4.9a). As 

multiple technical covariates were identified in ICICLE-PD, I assessed the pairwise correlation 

between the percentage of intronic bases, the percentage of UTR bases and the median 

coefficient of variance of coverage (Figure 4.9b). There was a negative correlation between 

the percentage of intronic and UTR bases (Spearman’s rho = -0.95) (Figure 4.9b). As the 

percentage of intronic bases explained a larger proportion of the variance in PC1 (R2 = 0.53) 

compared with UTR bases (R2 = 0.51) (Figure 4.8b), I retained the percentage of intronic bases 

as a covariate. Further, the relationship between the percentage of intronic bases and the median 

coefficient of variation of coverage was not colinear (<0.9 Spearman’s rho) (Figure 4.9b). 

 

 

Figure 4.9. Colinear sources of extraneous technical circular RNA expression variation. (a) 
Positive correlation between the percentage of intronic bases and the first circRNA expression principal 
component in the PPMI cohort. Correlation reported as Spearman’s rho coefficient. (b) Pairwise 
correlations between sources of extraneous technical circRNA expression variation in the ICICLE-PD 
cohort. Correlations reported as Spearman’s rho coefficient. 

 

Examination of the proportion of variance explained by the included covariates revealed they 

generally explained more variance than condition (representing the study group; PD or control), 

justifying their inclusion when modelling circRNA expression (Figure 4.10). 
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Figure 4.10. Contribution of covariates to individual circular RNA expression. Each point 
represents a circRNA, giving the proportion of variation explained by the covariates on the x-axis.  

 

4.3.4 Characterising circular RNAs in whole blood 

CircRNA properties have previously been examined in whole blood using a small number of 

samples (Memczak et al., 2015). I expand upon this knowledge by describing circRNA 

characteristics within the context of the PPMI and ICICLE-PD cohorts.  

To assess the novelty of the detected BSJs in PPMI and ICICLE-PD datasets, I compared the 

circRNAs detected here against those reported in CircAtlas v3.0 (Wu et al., 2024) and 

CIRCpedia v2.0 (R. Dong et al., 2018), based on BSJ coordinates. Over 99.9% of the circRNAs 

had been previously reported in public repositories (Figure 4.11a, b). 54.8% of all circRNAs 

detected across both cohorts were detected in both cohorts (Figure 4.11c). 38.8% of all 

circRNAs were detected in PPMI samples compared to 6.4% detected in ICICLE-PD samples, 

demonstrating the increased ability of larger sample sizes to detect circRNAs (Figure 4.11c). 

Most circRNAs were detected in a minority of the samples of each cohort and generally 

expressed at low levels (Figure 4.11d). Specifically, I detected 91.5% and 87.6% of circRNAs 

in PPMI and ICICLE-PD cohorts in less than half the respective cohorts with a median 

normalised expression < 0.1 (BSJ counts per million transcriptome mapped reads). However, 

certain circRNAs, such as 1:95143890-95151419:+ (TLCD4-RWDD3, TLCD4), 16:85633913-

85634132:+ (GSE1),  17:20204332-20205912:+ (AC004702.1, SPECC1), 6:4891712-

4892379:+ (CDYL), were among the most highly and commonly expressed in both cohorts 

(Figure 4.11d). The 13,728 circRNAs detected in both cohorts exhibited significantly 
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correlated expression (Pearson’s r = 0.94) (Figure 4.11e). Together, these results indicate 

consistent detection and quantification of circRNAs across PPMI and ICICLE-PD samples.  



101 
 

 

Figure 4.11. Characteristics of circular RNA detection and expression in PPMI and ICICLE-PD 
samples. (a, b) Overlap between the circRNAs detected in PPMI (a) and ICICLE-PD (b) samples 
compared to circRNAs present in the CircAtlas and CIRCpedia databases. (c) Overlap between 
circRNAs detected in PPMI and ICICLE-PD cohorts. (d) Some circRNAs exhibit ubiquitous and robust 
expression. (e) Comparison of circRNA expression in PPMI and ICICLE-PD samples. Correlation given 
as Pearson’s r coefficient. Grey dashed line indicates equivalent expression between cohorts. circRNAs 
expression is based on the back-spliced junction count normalised against the number of transcriptome-
mapped reads in each sample. CircRNA expression is summarised based on the median expression in 
each cohort, log2 transformed with a pseudo count of 1 added. 
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The proportions of BSJ genomic locations were similar in PPMI and ICICLE-PD datasets 

(Figure 4.12a, b). The largest proportion of BSJ coordinates mapped to exons (PPMI = 97.3%, 

ICICLE-PD = 97.6%), followed by introns (PPMI = 2.4%, ICICLE-PD = 2.1%), intergenic 

regions (0.2% in both cohorts) and finally antisense to genomic features (<0.1% in both cohorts) 

(Figure 4.12a).  Of BSJs located within genes, most mapped to protein-coding genes (PPMI = 

97.3%, ICICLE-PD = 97.4%). A smaller proportion mapped to lncRNAs (PPMI = 1.7%, 

ICICLE-PD = 1.6%); other genomic features had BSJ mapping rates <1%. (Figure 4.12b).  

Circular RNA host genes generally produced one circRNA (PPMI = 37.0%, ICICLE-PD = 

44.4%) (Figure 4.12c). Several circRNA-host genes, such as HECTD4, SOX6, and ABCC4 had 

comparatively higher production of different circRNAs, producing >20 circRNAs compared to 

a median of two in both cohorts (Figure 4.12d). The ability to produce unique BSJs was 

positively correlated to the number of exons within the gene (PPMI, Pearson’s r = 0.25, P-value 

<2.2x10-16; ICICLE-PD, Pearson’s r = 0.23, P-value < 2.2x10-16) (Figure 4.12d).  
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Figure 4.12. Characteristics of circular RNA-host genes. (a) Annotation of back-spliced junction 
based on genomic location. (b) Gene biotypes based on back-spliced junctions located within genes. (c) 
Histogram showing the distribution of the number of circRNAs produced by circRNA-host genes. (d) 
The relationship between the number of circRNAs produced by circRNA host-genes and the number of 
exons within that gene. Correlation assessed using Pearson’s r coefficient. 

 

Reads spanning canonical, or forward splice junctions (FSJs) can be used to estimate 

corresponding linear RNA expression (Figure 4.13a). The relationship between the amount of 

circular and linear RNA at a BSJ can then be summarised as the circular:linear (or BSJ:FSJ 

ratio). The circular:linear ratio at a locus may depend on gene function. For example, there is a 

tendency for circRNAs produced from lncRNAs to show higher circular:linear ratios than 

circRNAs produced from protein-coding genes (Izuogu et al., 2018), as also shown in Figure 

4.13b.  

I then examined the relationship between circular and linear RNA expression in PPMI and 

ICICLE-PD samples. There was generally no correlation between circular and linear RNA 

expression within samples (PPMI median Spearman’s rho = 0.081, IQR = 0.03, ICICLE-PD 

median Spearman’s rho = 0.079, IQR = 0.044) (Figure 4.13c). Similar results were also 
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observed when stratified by PD patients (PPMI median = 0.079, IQR = 0.029, ICICLE-PD 

median = 0.077, IQR = 0.043) and controls (PPMI median = 0.083, IQR = 0.033, ICICLE-PD 

median = 0.083, IQR = 0.054) (Figure 4.13c). At the individual junction level, a subset of 

junction loci had higher circRNA expression compared to the corresponding linear RNA (PPMI 

= 19.1%, ICICLE-PD = 17.2%) and was largely composed of junctions where no corresponding 

linear RNA was detected (PPMI = 15.5%, ICICLE-PD = 12.2%) (Figure 4.13d).  

However, this only describes the contributions of the circular to linear ratio at BSJ loci. As the 

location of BSJs within genes is not random (Ragan et al., 2019) and host-genes can give rise 

to numerous BSJs (Figure 4.12c), I quantified the circular:linear expression ratio within genes. 

Where possible, I collapsed the circular and linear RNA expression to the host-gene and 

calculated the expression ratio. Some genes expressed circRNAs at higher levels than the 

comparative linear RNA expression at BSJ loci (PPMI = 5.9%, ICICLE-PD = 6.1%) (Figure 

4.13d). In both cohorts, genes such as GSE1, CDYL and STIL, produced higher levels of 

circRNAs than cognate linear RNA (Figure 4.13d). Finally, certain circRNA host genes 

produced no detectable linear RNA expression at BSJ loci (PPMI = 1.0%, ICICLE-PD = 0.9%) 

(Figure 4.13d).  
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Figure 4.13. Circular RNA expression relative to linear RNA expression. (a) Schematic showing 
the detection of circular (back-spliced junction, BSJ) and linear (forward-spliced junction, FSJ) RNA 
expression by the mapping of RNA sequencing reads. (b) Comparison of the median circular:linear 
expression ratios of circRNAs produced by lncRNAs and protein-coding genes. Group differences were 
assessed using a Wilcoxon rank-sum test. (c) Density plot of the correlation between circular and linear 
RNA expression in each sample in the PPMI and ICICLE-PD datasets. Correlation was measured using 
Spearman’s rho coefficient. Shown are the correlations across all samples, and when stratified by sample 
group (PD or Control). (d, e) Comparisons of the circular and linear expression at each junction locus 
(d) or when collapsed to the host gene (e). BSJ expression was multiplied by two to account for the fact 
that BSJ expression is measured at one position, whereas FSJ expression is measured at two positions, 
following the method of CIRIquant (Zhang et al., 2020). The black dotted line shows the slope at which 
the circular and linear RNA expression is equal. Loci at which the circRNA expression is higher relative 
to the linear RNA expression are highlighted in blue.  
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4.3.5 Diversity of the blood circular RNA transcriptome in PD 

CircRNA diversity, or the number of unique circRNAs detectable in an individual, is partially 

explained by circRNA biogenesis and turnover (Yang et al., 2022). Previous work has 

demonstrated increased circRNA diversity in the substantia nigra, but decreased diversity in the 

medial temporalis gyrus and amygdala (Hanan et al., 2020).  

To assess the circRNA and circRNA-host gene diversity in blood, I collated the number of 

normalised circRNA and circRNA-host genes detected (Section 4.2.8). Different sequencing 

batches produced variability in the levels of circRNA (PPMI P-value = 6.5x10-9, ICICLE-PD 

P-value = 0.01) and circRNA-host genes detected (PPMI P-value = 1.0x10-15, ICICLE-PD P-

value = 1.8x10-4, Kruskal-Wallis test)  (Figure 4.14a, b). As such, I included sequencing batch 

as a covariate when modelling the detection of circRNAs. Furthermore, circRNA or circRNA-

host gene diversity was not associated with age or sex after adjusting for sequencing batch (P-

value >0.05, linear regression, Table 4.1). 

 

 

Figure 4.14. Variation in the number of circular RNAs and circular RNA-host genes across 
sequencing batches. (a, b) The distribution of circRNA (a) and circRNA-host gene diversity (b) in 
each sample across sequencing batches in the PPMI and ICICLE-PD cohorts. The number of circRNAs 
and circRNA-host genes in each sample was normalised against the number of transcriptome-mapped 
reads. Each coloured line represents the distribution for a different sequencing batch. 
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  β (95% CI) P-value 

Response variable Explanatory variable PPMI ICICLE-PD PPMI ICICLE-PD 

Unique circRNAs      

 Sex -8.4 (-29, 12) 15 (-2.5, 32) 0.42 0.09 
 Age -0.2 (-1.1, 0.72) 0.13 (-0.8, 1.1) 0.67 0.78 

Unique circRNA-host genes      

 Sex -3.2 (-10, 3.8) 3.6 (-1.5, 8.7) 0.37 0.16 
 Age 0.011 (-0.31, 0.33) -0.09 (-0.37, 0.19) 0.95 0.52 

 

Table 4.1. Sex and age are not significantly associated with the number of circular RNAs or 
circular RNA-host genes detected. Output of multiple linear regression testing if age and sex were 
associated with the number of unique circRNAs or circRNA-host genes following adjustment for 
sequencing batch. The beta coefficient and 95% confidence interval show the effect of sex (Male) and 
age (per year) on the number of unique circRNAs and circRNA-host genes detected.  

 

Following linear modelling taking covariates into account, PD patients in PPMI and ICICLE-

PD cohorts showed significant reductions in circRNA diversity (PPMI, β = -20.2, P-value = 

0.039; ICICLE-PD, β = -18.5, P-value = 0.029, linear regression) (Figure 4.15a, b). However, 

there were no significant reductions in circRNA-host gene diversity between PD patients and 

controls (P-value >0.05, linear regression) (Figure 4.15c, d). Overall, these findings indicate 

that circRNA biogenesis or turnover may be altered in early-stage idiopathic PD. 
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Figure 4.15. Circular RNA diversity in early-stage idiopathic PD. (a, b) CircRNA diversity in PD 
patients compared to controls. (c, d) CircRNA-host gene diversity in PD patients compared to controls. 
For all comparisons, a linear model was fit predicting the number of circRNAs/circRNA-host genes per 
million mapped reads depending on the study group, adjusted for sequencing batch. Above each panel, 
the β coefficient (showing the change in the normalised amount of unique circRNA/circRNA host genes 
in PD patients) for the study group term is shown along with the P-value of the test statistic for the study 
group term. Highlighted on each plot is the estimated marginal mean of each study group and 95% 
confidence intervals derived from the linear model. 

 

4.3.6 Identification of differentially expressed circular RNAs in early-stage idiopathic PD 

Motivated by reduced circRNA diversity in early-stage idiopathic PD, I next asked whether 

specific circRNAs were differentially expressed in PD and thus potential diagnostic 

biomarkers. Diagnostic biomarkers should be reliably detectable (Califf, 2018), yet for many 

circRNAs, this was not the case (Figure 4.11c). In keeping with the gene differential expression 

analysis, I imposed a minimum expression criterion (Section 4.2.9). Post-filtering, 403 

circRNAs in PPMI and 457 in ICICLE-PD remained, with an overlap of 331 (62.6% of unique, 

abundant circRNAs).  

Enriched circRNA expression may correspond to the functionality of their host genes (Dong et 

al., 2023). As such, I investigated the enrichment of host gene functions for highly expressed 

circRNAs in comparison to circRNAs with lower expression levels. Several Gene Ontology 
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(GO) terms showed enrichment (P-value <0.05) however, none were significant after multiple 

testing correction (FDR >0.05) (Table 8.2). 

I identified three circRNAs significantly reduced in early-stage idiopathic PD versus controls 

in PPMI (log2 fold change >0.1/<-0.1, FDR < 0.05, Wald test) (Figure 4.16a). These circRNAs, 

derived from the genes ESYT2 (7:158759485-158764853), BMS1P1 (10:46795805-

46798168:+), and CCDC9 (19:47264602-47264946:+) were similarly decreased in ICICLE-

PD but did not reach statistical significance (P-value >0.05, Wald test) (Figure 4.16a, b). 

Intriguingly, there appeared to be a global reduction of circRNA expression in early-stage 

idiopathic PD (Figure 4.16a). Comparison of the fold changes (Section 4.2.9) revealed a 

reduction in circRNAs expression in both PPMI (imbalance = 0.09, P-value < 2.2x10-16, Exact 

binomial test) and ICICLE-PD (imbalance = 0.29, P-value = 2.3x10-10, Exact binomial test). 
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Figure 4.16. Circular RNA differential expression in early-stage idiopathic PD. (a) Volcano plot of 
differential expression in PPMI and ICICLE-PD, highlighted (blue) are the three circRNAs significantly 
differentially expressed in PPMI (FDR <0.05 and log2 fold change >0.1/<-0.1) and the corresponding 
results in ICICLE-PD. Grey dashed lines indicate the log2 fold changes of 0.1 and -0.1. (b) Log2 fold 
changes of the three circRNAs that were significantly differentially expressed in PPMI. None reached 
significance in ICICLE-PD (P-values >0.05). Grey dashed line indicates a log2 fold change of 0. 

 

4.3.7 Correlating circular RNA expression with PD-related clinical measures 

Due to the difference in treatment status of PD patients in the PPMI and ICICLE-PD cohorts, I 

first used linear regression to assess the association of treatment dosage (given as the levodopa 
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equivalent daily dose, LEDD), with circRNA expression, adjusting for sources of biological 

and technical variation (Section 4.2.5). I did not detect any circRNAs that were significantly 

associated with LEDD (FDR >0.05, linear regression) in ICICLE-PD cases (Figure 4.17). 

 

  

Figure 4.17. Influence of PD treatment dosage on circular RNA expression in ICICLE-PD. A linear 
regression model was fit as described in Section 4.2.10). The β coefficient shows the modelled change 
in log2-transformed normalised circRNA expression based on per unit change in treatment dosage. The 
FDR-adjusted P-value is shown for the circRNAs in which the treatment dosage term was significantly 
associated with circRNA expression (P-value <0.05). 

 

Given the identification of three circRNAs differentially expressed in PPMI PD patients, I then 

compared the expression of these circRNAs to PD-related clinical measures.  I tested the 

association between circRNA expression and the age of diagnosis, motor severity (assessed 

using MDS-UPDRS III scores) and cognitive impairment (assessed using MoCA scores) in PD 

patients using linear regression models (Section 4.2.10) 

None of the three circRNAs tested were significantly associated with age at diagnosis, motor 

symptom severity or cognitive impairment in PD patients in the PPMI and ICICLE-PD cohorts 

(P-value >0.05, linear regression, Table 4.2). The lack of association suggests that these 

specific circRNAs do not warrant further study as progression biomarkers in PD.
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   β (95% CI) P-value Adjusted P-value 
Response variable BSJ position Gene symbol PPMI ICICLE-PD PPMI ICICLE-PD PPMI ICICLE-PD 
Age at PD diagnosis         

 10:46795805-46798168:+ BMS1P1 -0.054 (-0.61, 0.5) -0.12 (-1.7, 1.5) 0.85 0.87 1.00 1.00 
 19:47264602-47264946:+ CCDC9 -0.44 (-1.3, 0.45) -1.3 (-2.9, 0.32) 0.33 0.11 0.99 0.34 
 7:158759485-158764853:- ESYT2 -0.28 (-0.77, 0.21) 0.18 (-1.1, 1.5) 0.26 0.79 0.77 1.00 

MDS-UPDRS III         
 10:46795805-46798168:+ BMS1P1 0.16 (-0.9, 1.2) 0.69 (-3.5, 4.8) 0.76 0.74 1.00 1.00 
 19:47264602-47264946:+ CCDC9 0.18 (-1.5, 1.9) -1.1 (-5.8, 3.5) 0.84 0.62 1.00 1.00 
 7:158759485-158764853:- ESYT2 0.77 (-0.17, 1.7) -0.87 (-3.9, 2.2) 0.11 0.57 0.32 1.00 

MoCA         
 10:46795805-46798168:+ BMS1P1 -0.066 (-0.38, 0.25) 1.1 (-0.14, 2.3) 0.68 0.08 1.00 0.24 
 19:47264602-47264946:+ CCDC9 -0.48 (-0.99, 0.033) 0.8 (-0.74, 2.3) 0.07 0.30 0.20 0.89 
 7:158759485-158764853:- ESYT2 0.026 (-0.26, 0.31) 0.3 (-0.86, 1.5) 0.86 0.60 1.00 1.00 

 

Table 4.2. Associations between PPMI differentially expressed circular RNAs and PD-related clinical measures. Table giving the output from linear 
regression of various clinical measures as the response variables and the corresponding circRNA expression as an explanatory variable. Linear models were fit 
adjusting for sources of biological and technical variation. For each model, the β coefficient and 95% confidence intervals show the effect on the response 
variable per unit increase of log2 normalised circRNA expression. P-values were adjusted for multiple tests using the Bonferroni procedure based on three tests 
(P-value threshold < 0.017). BSJ positions are reported as chromosome:start-end:strand (GRCh38). MDS-UPDRS III = Movement Disorder’s Society Unified 
Parkinson’s Disease Rating Scale Part 3, MoCA = Montreal Cognitive Assessment. 

  



113 
 

4.3.8 Replication of previously reported PD circular RNAs 

Where available, I collected summary statistics from studies on individual circRNAs (based on 

BSJ position) that are differentially expressed in PD in the substantia nigra and peripheral blood 

mononuclear cells (PBMCs) (Hanan et al., 2020; Ravanidis et al., 2021) (Table 8.3). Seven 

circRNAs previously reported as differentially expressed in PD were sufficiently expressed in 

the PPMI or ICICLE-PD cohorts (Table 8.3). Two, derived from DOP1B and INTS6L, showed 

altered expression in PPMI (P-value <0.05, Wald test). While no circRNA reached statistical 

significance after multiple testing correction within each cohort (FDR > 0.05, Wald test), I was 

able to replicate the direction of change of four circRNAs in PPMI and three in ICICLE-PD 

(Figure 4.18). 

 

Figure 4.18. Fold changes of previously reported PD circular RNAs. Back-spliced junction (BSJ) 
positions are reported as chromosome:start-end:strand (GRCh38) and the hosting gene. The arrows 
indicate the previously reported direction of change in PD relative to controls based on summary 
statistics (Hanan et al., 2020; Ravanidis et al., 2021). Error bars show the 95% confidence interval of 
the fold change.  
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4.3.9 Overlap with known PD and parkinsonism risk loci 

I compiled genomic loci associated with PD risk from the summary statistics of the largest 

genome-wide association study (GWAS) in PD to date (Nalls et al., 2019). A total of four 

(PPMI) and five (ICICLE-PD) circRNAs included in differential expression testing were 

located within the nearest genes to risk loci. In PPMI, three circRNAs were located within the 

gene UBAP2, the nearest gene to rs6476434 (chr9: 34046391, GRCh37). The other circRNA, 

produced by DYRK1A, is proximal to rs2248244 (chr21: 38852361, GRCh37). Of these 

circRNAs, 21:37420298-37472880:+ located in DYRK1A, was reduced in PD patients in PPMI 

(Figure 4.19a, b). In ICICLE-PD, I observed a corresponding reduction in 21:37420298-

37472880:+ expression, yet this did not reach statistical significance (P-value >0.05, Wald test) 

(Figure 4.19a, b). 

 

 

Figure 4.19. Differential expression of circular RNAs produced by genes proximal to PD GWAS 
risk loci. (a) Heatmap showing the expression changes of four circRNAs located within genes proximal 
to PD GWAS loci that were detected in the PPMI cohort. For each circRNA, fold change is reported in 
PD patients relative to controls. CircRNAs differentially expressed following FDR correction (based on 
the four circRNAs detected) are highlighted (*). (b) Expression of the circRNA located at 21:37420298-
37472880:+ between PD patients and controls in PPMI and ICICLE-PD cohorts. Fold change and Wald 
test P-values were obtained from the results of testing for differential expression between PD patients 
and controls adjusting for sources of biological and technical variation. CircRNA expression was 
normalised using the median of ratios method in DESeq2. All BSJ positions are reported as 
chromosome:start-end:strand with respect to the Ensembl GRCh38 reference. 

 

Subsequently, I investigated the expression of circRNAs produced by genes that are established, 

causative parkinsonism genes (Martin et al., 2019). For instance, circRNAs produced by SNCA, 

the gene encoding α-synuclein, have been reported to be elevated in PD models in vitro (Sang 

et al., 2018). However, I was unable to detect any circRNAs produced by SNCA in PPMI or 

ICICLE-PD cohorts regardless of expression filtering. 
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Of the 35 parkinsonism genes, three (DNAJC6, FBXO7 and SPG11) produced circRNAs could 

be assessed by differential expression analysis (the circRNA produced by SPG11 did not pass 

the expression threshold in PPMI samples). However, none of these circRNAs were 

differentially expressed in PD patients in either the PPMI or ICICLE-PD cohorts (P-value 

>0.05, Wald test) (Table 4.3). 

 

  Log2 Fold Change P-value 
BSJ position Gene symbol PPMI ICICLE-PD PPMI ICICLE-PD 

1:65364634-65366196:+ DNAJC6 -0.15 -0.19 0.09 0.35 
22:32478980-32479275:+ FBXO7 -0.16 -0.06 0.10 0.76 
15:44615362-44620403:- SPG11 N/A -0.09 N/A 0.63 

Table 4.3. Differential expression of circular RNAs produced by genes causative for Parkinson’s 
disease and complex parkinsonism disorders. For each circRNA, the BSJ position is reported as 
chromosome:start-end:strand (GRCh38). The log2 fold change shows the change in PD patients relative 
to controls. Wald test P-values obtained from differential expression testing after adjusting for sources 
of biological and technical variation.  

 

4.3.10 Evaluating circular RNA as a diagnostic biomarker of early-stage idiopathic PD 

To evaluate the use of selected circRNAs as a predictor of early-stage idiopathic PD, I first 

examined the potential of individual junction loci to classify PD from controls. I assessed BSJ 

expression at each locus, in addition to the corresponding FSJ expression as well as the ratio 

between BSJ:FSJ expression. For each of these values, I constructed receiver operator 

characteristic (ROC) curves and then calculated the area under the ROC curves (AUC) to 

summarise its potential PD classification potential. AUCs across the cohorts were positively 

correlated yet some variability was present (Figure 4.20a). For example, FSJ expression at 

15:41668827-41669958:+ had an AUC of 0.77 (95% CI = 0.67-0.86) in ICICLE-PD yet an 

AUC of 0.54 (95% CI = 0.48-0.59) in PPMI. Generally, predictors in the ICICLE-PD cohort 

performed better (median AUC = 0.57) than in the PPMI cohort (AUC = 0.53).  

Based on the AUCs displayed in Figure 4.20a, there were no junctions with an AUC >0.8 in 

both PPMI and ICICLE-PD. To improve performance, I included multiple features (BSJ, FSJs, 

BSJ:FSJ ratios) in multivariable logistic regression models (Section 4.2.11). I trained and 

evaluated the classification performance of models using the PPMI cohort, then used the 

ICICLE-PD cohort as an independent test cohort to assess the performance of classifiers trained 

using the PPMI cohort.  
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As a baseline comparator, the gene expression model described in Chapter 3 is also shown in 

Figure 4.20. Notably, classification using gene expression performed better than any of the 

circRNA-related predictors in the PPMI dataset. In the ICICLE-PD dataset, the performance of 

all predictors was much more uniform, in line with the reduced performance of the classification 

using gene expression in this dataset (Chapter 3). Of the standalone circRNA-related predictors 

evaluated, the classification based on BSJ expression had the highest AUC in the PPMI dataset 

(AUC = 0.61, 95% CI = 0.55-0.66) with a similar performance in the ICICLE-PD (AUC = 0.59, 

95% CI = 0.48-0.71). Using FSJ expression or BSJ:FSJ expression ratio as classifiers produced 

AUCs <0.6 in the PPMI dataset. In the ICICLE-PD dataset, the BSJ:FSJ expression ratio 

showed the highest classification potential of all assessed predictors (AUC = 0.63, 95% CI = 

0.51-0.74). Using both gene and BSJ expression marginally increased performance in both 

PPMI (AUC = 0.85, 95% CI = 0.81-0.89) and ICICLE-PD (AUC = 0.60, 95% CI = 0.48-0.71) 

datasets over the use of gene expression alone. 
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Figure 4.20. Using RNA expression to classify early-stage idiopathic PD status. (a) Comparison of 
AUCs calculated in PPMI and ICICLE-PD cohorts using the expression of individual junctions (BSJ 
and FSJ) and BSJ:FSJ ratios to classify PD status. Spearman’s rho demonstrates the correlation between 
AUC in each cohort. Grey dashed lines indicate an AUC of 0.5. (b, c) Ability of each predictor to classify 
PD status. ROC curves are shown in (b) with the corresponding AUC shown in (c). Error bars give the 
95% confidence intervals of the AUC.   
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4.4 Discussion 

Due to their increased stability and specific expression patterns relative to linear RNA, 

circRNAs have been proposed as a potential diagnostic biomarker in a range of diseases, 

including PD (Verduci et al., 2021; Doxakis, 2022). In this chapter, I presented work describing 

the detection and quantification of blood circRNAs in two cohorts (PPMI and ICICLE-PD) 

comprised of both PD patients and matched controls. CircRNAs showed poor performance as 

diagnostic PD biomarkers in both PPMI (AUC = 0.61) and ICICLE-PD (AUC = 0.59). Testing 

for differences between PD patients and controls identified three circRNAs that were 

significantly differentially expressed in the PPMI cohort. Despite a small number of 

differentially expressed circRNAs, there was a global reduction in circRNA expression in early-

stage idiopathic PD patients in both PPMI and ICICLE-PD cohorts, which may be indicative 

of systematic dysregulation related to circRNA biogenesis or turnover. In conclusion, circRNAs 

have limited clinical utility as a standalone diagnostic biomarker for idiopathic PD. Future 

investigations into the mechanisms underpinning global circRNA expression may uncover new 

processes related to the pathobiology of PD. 

4.4.1 Increased understanding of computational circular RNA analysis methods 

Given the novelty of the circRNA field, methodologies are expected to be refined as the field 

develops. Publications on circRNA best practices have predominantly focused on experimental 

techniques (Dodbele et al., 2021; Nielsen et al., 2022). Discussions regarding the bioinformatic 

analyses of circRNAs often relate to challenges in their detection (Szabo & Salzman, 2016; Gao 

& Zhao, 2018; Jakobi & Dieterich, 2019; L. Chen et al., 2021; Ma et al., 2023; Rebolledo et al., 

2023). The lack of discussion regarding the downstream analyses of circRNAs following their 

detection has led to conflicting methodologies.  

Overlapping multiple circRNA detection algorithms followed consensus within the field to 

reduce false positives (Hansen et al., 2016; Hansen, 2018; Vromman et al., 2023). How to 

address the varying circRNA expression estimates produced by each tool (Figure 4.4) remains 

an unresolved question (Gaffo et al., 2017, 2021). Here, the use of a single, high-performing 

tool (Zhang et al., 2020; Vromman et al., 2023) to quantify circRNA expression from raw 

sequenced reads led to a unified count at each locus.  

CircRNA expression required normalisation to account for inter-sample differences in 

sequencing depth. Typically, a measure of the total sequencing depth or the number of mapped 

reads is used (Zhang et al., 2014; Venø et al., 2015; Zhang et al., 2020). In some cohorts, these 

measures may not be appropriate, as exemplified by the lack of significant association between 
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total sequenced reads and genome-mapped reads to circRNA levels in ICICLE-PD samples 

(Figure 4.6b). I propose that other measures, such as the number of transcriptome-mapped 

reads, may be more informative. Regardless of the method used, this finding highlights the 

importance of evaluating the applicability of circRNA normalisation methods before 

downstream analysis.  

In Chapter 3, I assessed the impact of biological and technical factors on gene expression. In 

this chapter, I investigated their influence on circRNA expression. Consistent with the drivers 

of gene expression variation discussed in Chapter 3, technical sources were among the top 

drivers of circRNA expression variation (Figure 4.8 and Figure 4.10). Differences in identified 

technical factors between gene and circRNAs emphasise the need to identify gene and 

circRNA-specific technical factors. Notably, the proportion of bases mapped to intronic regions 

correlated to circRNA expression variation across both PPMI and ICICLE-PD cohorts, 

highlighting its importance as a key source of variation in circRNA studies. 

4.4.2 Consistent detection and quantification of circular RNAs in PPMI and ICICLE-PD cohorts 

Describing the characteristics of detected circRNAs served two purposes; a) as a quality control 

step to compare the detection of circRNAs in PPMI and ICICLE-PD cohorts, and b) to place 

these characteristics into the context of current literature regarding circRNA properties. Overall, 

reported circRNA characteristics were generally similar across cohorts, indicative of consistent 

detection and quantification. Notably, the expression of shared circRNAs was highly correlated 

across cohorts (Figure 4.11e), demonstrating the suitability of using the PPMI and ICICLE-PD 

cohorts in analyses. 

Previous experiments profiling circRNA expression have resulted in several circRNA databases 

(reviewed in Vromman et al., 2021). Nearly all detected circRNAs were previously reported in 

public repositories (R. Dong et al., 2018; Wu et al., 2024), increasing confidence in the 

detection of bona-fide circRNAs. Most BSJs were located within gene boundaries (Figure 

4.12a), consistent with the role of the canonical spliceosome machinery in the production of 

circRNAs (Ashwal-Fluss et al., 2014; Starke et al., 2015). BSJs mapping to intronic regions 

may reflect both exon-intron (Z. Li et al., 2015) and intronic circRNAs (Zhang et al., 2013; 

Panda et al., 2017).  A small number of circRNAs were classed as intergenic, which have been 

previously detected adjacent to canonical splicing motifs and validated by RNase R resistance 

(Gao et al., 2015; Maass et al., 2017). 
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In most cases, circRNA host-genes produced one dominant circular isoform in the blood 

(Figure 4.12c), consistent with previous work (Memczak et al., 2015). When multiple circRNA 

isoforms were detected, this was correlated to the number of exons in the host-gene (Figure 

4.12d) as described in tissues other than blood (Vo et al., 2019; Dong et al., 2023).  

Within samples, the lack of consistent concordance between circRNA and corresponding linear 

RNA expression (Figure 4.13c) supports the notion that circRNA expression can be regulated 

independently of cognate linear RNA (Salzman et al., 2013; Memczak et al., 2015; Vo et al., 

2019) and further outlines the need for studying circRNAs as a separate entity from genes. In 

some cases, at both the junction and gene level, no corresponding linear RNA was detected at 

BSJ loci (Figure 4.12d, e), possibly due to exon skipping (Kelly et al., 2015). Expression of 

circRNAs has previously been related to host-gene function (Memczak et al., 2015; You et al., 

2015).  

Differences in sample sizes between the PPMI and ICICLE-PD cohorts will have affected my 

ability to detect circRNAs and identify those differentially expressed in PD. Given the larger 

sample size, more circRNAs were detected in PPMI samples. Depletion of linear RNAs through 

the addition of RNase R during library preparation (Xiao & Wilusz, 2019), would enrich 

circRNAs, allowing the detection of rarer transcripts. However, not depleting linear RNAs 

allowed me to quantify both linear and circular RNAs simultaneously. 

4.4.3 Three novel circRNAs differentially expressed in early-stage idiopathic PD in PPMI samples 

My comparison of circRNA expression identified three that were significantly reduced in PPMI 

PD cases relative to controls (within the genes BMS1P1, CCDC9 and ESYT2) with similar 

trends observed in ICICLE-PD (Figure 4.16a-b). These specific circRNAs, or their host genes, 

have not previously been associated with PD.  

The circRNA produced by CCDC9 is located at 19:47264602-47264946:+ between exons 6 

and 7 (circCCDC9(6,7), ENST00000221922.11). The protein product of CCDC9 is believed to 

be a member of the exon junction complex involved in RNA splicing (Drew et al., 2021). The 

circRNA produced between exons 6 and 7 of CCDC9 is reportedly reduced in gastric cancer 

whereby it acts as a sponge for miR-6792-3p (Luo et al., 2020). In stroke, an unspecified 

circRNA produced by CCDC9 suppressed NOTCH signalling in murine models of ischaemia 

(Wu et al., 2020). Interestingly, alterations in NOTCH signalling have been linked to PD 

through the function of LRRK2 (Imai et al., 2015).  
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The circRNA produced by ESYT2 is located at 7:158759485-158764853:- between exons 9 

and 13 (circESYT2(9,10,11,12,13), ENST00000275418.13). ESYT2 encodes extended 

synaptotagmin 2, a member of the E-Syt family, which are endoplasmic reticulum (ER) 

localised proteins involved in tethering the ER to the cellular plasma membrane (Giordano et 

al., 2013). There is suggestive evidence that circRNAs produced by ESYT2 may be upregulated 

upon viral infection (Tagawa et al., 2021), in contrast to the decreased expression we observed 

in PD patients (Figure 4.16a-b).  

The circRNA produced by BMS1P1 is located at 10:46795805-46798168:+ between exons 6 

and 8 (circBMS1P1(6,7,8), ENST00000580094.5) or exons 5 and 8 (circBMS1P1(5,6,7,8), 

ENST00000374336.5) depending on the transcript. BMS1P1 encodes a pseudogene of ribosome 

biogenesis factor pseudogene 1 (BMS1), and there are no known disease associations for 

circRNAs produced by this gene. 

Several limitations of this differential expression analysis must be considered, some of which 

are shared with Chapter 3. CircRNAs were detected and quantified in whole blood, thus 

expression estimates reflect underlying blood cell composition. However, I sought to identify 

potential circRNA biomarkers in blood with minimal preprocessing steps. Furthermore, the 

PPMI cohort has increased statistical power to detect changes in circRNA expression due to the 

larger sample size (Figure 4.16a). As I used as many samples as were accessible at the time, 

sample sizes were not predetermined before analysis. However, the PPMI was used as the 

discovery cohort due to the greater number of participants. PPMI patients were not receiving 

pharmaceutical treatment for PD at the time of enrolment, in contrast with most PD patients in 

the ICICLE-PD study. I found no significant associations between treatment dosage and 

circRNA expression in ICICLE-PD cases (Figure 4.17), suggesting the impact of treatment is 

minimal. However, as only four PD patients were untreated in the ICICLE-PD participants, this 

comparison is underpowered to detect changes in circRNA expression due to the onset of 

treatment.  

4.4.4 Reduced circular RNA detection in early-stage idiopathic PD 

Intriguingly, I found a reduction in the number of circRNAs detected in PD patients compared 

to control samples (Figure 4.15a). Reduced circRNA abundance has been previously reported 

in the substantia nigra of PD patients (Hanan et al., 2020). As a primary site of PD-associated 

neurodegeneration, circRNA abundances may be influenced by cell loss. As a similar reduction 

in circRNA levels is observed in the blood, it suggests that decreased circRNA levels in 

substantia nigra may reflect disease pathology rather than cell loss. Reduced circRNA levels in 
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the blood of PD patients are in contrast however to the increased circRNA levels reported in 

the medial temporalis gyrus and amygdala (Hanan et al., 2020). 

Variation in the detection of circRNAs will be driven by both technical and biological factors. 

I addressed biological and technical variation by analysing two independent cohorts, 

normalising circRNA levels for sequencing depth and adjusting for sequencing batch effects 

within each cohort. Some biological factors driving circRNA levels are known, like those 

involved in circRNA biogenesis and turnover (Yang et al., 2022). However, additional factors 

will undoubtedly be identified. Considering the current knowledge of circRNA regulation, 

investigating circRNA diversity in human samples is likely to be difficult. A more robust 

method may be to measure the global expression of circRNAs based on the individual change 

in circRNA expression between PD patients and controls. Indeed, preliminary work using this 

idea revealed a systemic bias in circRNA expression in PD patients (Figure 4.16a). The work 

presented in Chapter 5 will investigate this expression bias. 

4.4.5 Inconsistent findings with previously reported PD differentially expressed circRNAs 

I aimed to replicate previously published studies reporting differentially expressed circRNAs 

in PD (Hanan et al., 2020; Kong et al., 2021; Ravanidis et al., 2021; Zhong et al., 2021; Xiao et 

al., 2022). However, identification of the specific reported circRNAs was not possible for 

several studies (Kong et al., 2021; Zhong et al., 2021; Xiao et al., 2022). Several circRNAs 

reported by Hanan et al and Ravanidis et al demonstrated consistent directions of change in 

PPMI and ICICLE-PD samples (Figure 4.18b). I identified altered expression of circRNAs 

produced by DOP1B and INTS6L in PPMI PD patients. These genes have not been functionally 

linked to PD. However, copy number variation in DOP1B has previously been linked to 

Alzheimer’s disease (Swaminathan et al., 2012), while deletion of INTS6L leads to a 

cardiomyopathic phenotype (Spielmann et al., 2022).  

Several factors may contribute to differences between the findings reported by Hanan et al and 

Ravanidis et al compared to the work presented here. Differences in the tissue studied will 

impact circRNA detection and quantification. Notably, 23 of the 30 previously reported 

circRNAs (20 from the substantia nigra and three detected in PBMCs) were not tested for 

differential expression in either PPMI or ICICLE-PD, either because they were not detected or 

not expressed above the filtering threshold. Notably, most of the brain expressed circRNAs 

reported by Hanan et al were not expressed in blood. The inability to detect these circRNAs at 

sufficient levels is consistent with the existence of brain-specific and -enriched circRNAs 

(Rybak-Wolf et al., 2015; You et al., 2015; Xia et al., 2017; Ji et al., 2019; Dong et al., 2023). 
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The exclusion of three circRNAs reported in Ravanidis et al and discrepancies in those 

successfully tested may reflect differences in the cellular composition and thus transcriptomic 

profiles between purified PBMCs (Ravanidis et al) and whole blood (this chapter) (He et al., 

2019). CircRNA expression varies among blood cell types (Alhasan et al., 2016; Nicolet et al., 

2018; Gaffo et al., 2019; Grassi et al., 2021), thus different cellular compositions will be 

reflected in altered circRNA expression profiles. Furthermore, methodological differences in 

the detection (qPCR vs RNAseq) and quantification of circRNA may impact differential 

expression analysis. For instance, in this chapter, I identified the optimum circRNA 

normalisation strategy (Figure 4.6a, b, yet other strategies could result in different circRNA 

expression estimates. 

4.4.6 Circular RNA is of limited clinical utility as a predictor of early-stage idiopathic PD 

CircRNA expression has emerged as a potential biomarker in a range of diseases (Verduci et 

al., 2021). Several studies have described the ability of blood circRNA expression to distinguish 

PD from controls at sensitivity and specificity values that warranted investigations in larger, 

independent cohorts (Ravanidis et al., 2021; Zhong et al., 2021; Xiao et al., 2022). Using the 

larger sample size of the PPMI dataset described in this chapter, the classification ability of 

circRNA was poor (AUC = 0.61, Figure 4.20c) compared to previously published estimates. 

Likewise, similar performance was also observed in an independent cohort (ICICLE-PD AUC 

= 0.59, Figure 4.20c). The disparity in the ability of circRNA to distinguish PD was evident 

compared to the use of gene expression in PPMI (circRNA AUC = 0.61, Gene AUC = 0.84, 

Figure 4.20b-c), although similar performance was seen in ICICLE-PD (circRNA AUC = 0.59, 

Gene AUC = 0.59, Figure 4.20b-c). Overall, the performance of circRNA expression to 

distinguish PD from controls was lower than previously described fluid biomarker candidates 

(Section 1.2.4) (Parnetti et al., 2019). The observed performance was also worse than a recent 

study reporting the ability of circRNA to distinguish PPMI PD patients from controls (AUC = 

0.825) using a model trained on Parkinson’s Disease Biomarker Program (PDBP) participants 

(Beric et al., 2024). Notably, Beric et al summarised circRNA expression to the gene level, 

suggesting this method of quantification may result in improved PD classification.  

Similar to previous work assessing circRNA expression as a lung cancer biomarker (D’Ambrosi 

et al., 2023), combining circRNA expression with gene expression showed a small 

improvement in predictive ability over gene expression alone in both PPMI (AUC = 0.85 vs 

0.84, Figure 4.20b, c) and ICICLE-PD (AUC = 0.60 vs 0.59, Figure 4.20b, c). Combining 

clinical, demographic, genetic and transcriptomic data in multi-modal machine learning models 
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has previously been shown to be predictive of PD status (Makarious et al., 2022). Based on my 

results, including circRNA expression may increase the predictive power of the multi-modality 

model described by Makarious and colleagues. Assuming sequencing of non-polyadenylated 

transcriptomes, the quantification of circRNA could be simultaneously generated. Despite this, 

the performance of the multi-modal model is heavily driven by scores from the University of 

Pennsylvania smell identification test (UPSIT) (Makarious et al., 2022). Indeed, previous work 

has shown that the standalone use of UPSIT scores can be highly predictive of PD status (Nalls 

et al., 2015), questioning the additional benefit of including transcriptomic data, and by 

extension, circRNA expression data.  

4.5 Conclusion 

Overall, the work presented in this chapter represents a comprehensive investigation into blood 

circRNA expression in the context of PD. By measuring circRNA expression in PD patients in 

the earliest stages after diagnosis, I aimed to identify circRNAs differentially expressed at a key 

point in disease progression. However, my investigation into the performance of circRNAs 

would suggest they are of limited clinical utility as a clinical PD biomarker when compared to 

existing biomarkers. Interestingly, their global expression appeared to be reduced in early-stage 

idiopathic PD patients. As such, reduced expression may be indicative of pathology 

underpinning PD and will be investigated in Chapter 5. 
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Chapter 5. Global reduction of circRNA expression in early-stage 

idiopathic PD 
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5.1 Background 

In Chapter 4, I reported three differentially expressed circRNAs in early-stage idiopathic PD 

patients from the PPMI, yet these circRNAs did not reach statistical significance when tested 

in ICICLE-PD. Furthermore, circRNAs showed limited ability to distinguish PD patients from 

controls in these cohorts. However, there was a general reduction in circRNA expression in 

early-stage idiopathic PD patients in both cohorts. 

CircRNA regulation leads to tissue, cell and development-stage specific expression (Salzman 

et al., 2013; Wu et al., 2022; Xia et al., 2017; Mellough et al., 2019). CircRNA abundance 

reflects the combined effects of biogenesis, stability, and degradation (Sections 1.3.1, 1.3.3). 

As changes in circRNA expression can highlight physiological changes, there is a growing 

recognition that global circRNA expression may be altered in disease. This view is particularly 

prevalent in cancer, with reduced circRNA expression changes reported in several cancer types 

(Vo et al., 2019; Hansen et al., 2022; C. Wang et al., 2022; Fuchs et al., 2023; Korsgaard et al., 

2024). Reduced global circRNA abundances have also been observed in lupus (C.-X. Liu et al., 

2019), chronic inflammatory skin conditions (Moldovan et al., 2019, 2021; Seeler et al., 2022; 

Guo et al., 2024), schizophrenia (Huang et al., 2023), Alzheimer’s disease (Lo et al., 2020) and 

Parkinson’s disease (Hanan et al., 2020). 

In several cancer types, reduced circRNA levels are linked to increased tumour proliferation 

(Bachmayr-Heyda et al., 2015). In MYCN-amplified neuroblastoma tumours specifically, 

reduced circRNA levels have been attributed to increased DHX9 activity (Fuchs et al., 2023). 

When DHX9, an RNA helicase (Koh et al., 2014), is depleted, increased circRNA levels are 

reported, potentially by IRAlu unwinding (Section 1.3.1) (Aktaş et al., 2017). Aktaş et al also 

demonstrated that ADAR1 and DHX9 depletion increased circRNA levels more than individual 

depletion (Aktaş et al., 2017). ADAR1 belongs to the adenosine deaminase acting on RNA 

(ADAR) family. ADAR family members play key roles in a post-transcriptional RNA 

modification in which adenosine (A) is converted to inosine (I), termed A-I editing (Hogg et 

al., 2011). Humans possess three ADAR family members: ADAR1 and ADAR2 are 

enzymatically active and catalyse A-I editing while ADAR3 acts as a brain-specific negative 

regulator of A-I editing (Chen et al., 2000). Intramolecular inverted repeats formed across pairs 

of transcribed Alu elements can produce dsRNA structures which act as binding sites for ADAR 

proteins (Athanasiadis et al., 2004). In humans, most A-I editing occurs in dsRNA structures 

formed by intramolecular inverted repeats across pairs of highly repetitive Alu elements 

(IRAlus), which act as binding sites for ADAR proteins (Athanasiadis et al., 2004; Levanon et 

al., 2004). The A-I editing of Alu dsRNA structures in this manner is primarily driven by 
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ADAR1, which leads to widespread A-I editing at low levels (<1%) (Bazak et al., 2014). This 

form of A-I editing is thought to label these dsRNA structures as ‘self’, a lack of this A-I editing 

leads to aberrant immune activation (Mannion et al., 2014; Liddicoat et al., 2015). ADAR2 is 

associated with high levels of editing of specific sites (Hoopengardner et al., 2003), usually in 

coding regions leading to potential protein-coding changes (Pullirsch & Jantsch, 2010; Tan et 

al., 2017). 

IRAlus play a role in circRNA biogenesis (Zhang et al., 2014) (detailed in Section 1.3.1). 

Alterations to dsRNA structure due to A-I editing could impact circRNA biogenesis (Bass & 

Weintraub, 1988). qPCR analysis identified numerous circRNAs upregulated upon ADAR 

(ADAR1) knockdown (Ivanov et al., 2015; Rybak-Wolf et al., 2015), although this upregulation 

appeared to be circRNA specific (Aktaş et al., 2017). CircRNA quantification via RNA-seq 

identified a global increase in circRNA expression after dual ADAR and ADARB2 (ADAR2) 

knockdown (Ivanov et al., 2015). ADAR knockdown both promoted and repressed specific 

circRNA biogenesis (Shen et al., 2022), with similar, yet tissue specific effects shown in mice 

(Kapoor et al., 2020). Whilst the exact mechanism for the bidirectional regulation of circRNA 

biogenesis by ADAR1 has not been identified, A-I editing may both stabilise or destabilise 

dsRNA structures formed by IRAlus depending on the paired bases (Shen et al., 2022). 

Additionally, A-I editing of RNA binding protein (RBP) binding sites may enhance or diminish 

the binding of RBPs associated with circRNA biogenesis (Tang et al., 2020; Shen et al., 2022). 

ADARB1 knockdown, however, is consistently associated with mostly repressing circRNA 

biogenesis (Shen et al., 2022; Kokot et al., 2022). 

CircRNA levels decrease globally upon poly(I:C) (Polyinosinic:polycytidylic acid) treatment, 

which mimics dsRNA present during viral infections (Li et al., 2017; C.-X. Liu et al., 2019). 

Pathogenic dsRNA is detected by dsRNA-binding sensors as part of the innate antiviral immune 

response (Hur, 2019). These sensors typically converge upon downstream activation of type I 

interferon responses and induce interferon stimulated genes (Schlee & Hartmann, 2016). 

Regulation of circRNA levels is linked to the functionality of the dsRNA sensor protein kinase 

R (PKR). CircRNAs contain short hairpin dsRNA secondary structures that bind to and inhibit 

PKR (C.-X. Liu et al., 2019; Liu et al., 2022; Guo et al., 2024). RNase L-mediated circRNA 

degradation augments PKR phosphorylation and activation in response to dsRNA (C.-X. Liu et 

al., 2019). PKR phosphorylation leads to the activation of the integrated stress response (ISR) 

through the phosphorylation of the alpha subunit of eIF2 (eIF2α) (Donnelly et al., 2013). ISR 

activation reduces global protein synthesis and upregulates specific stress-related genes (Pakos-

Zebrucka et al., 2016). ISR responses are mediated by translating specific mRNAs encoding 
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proteins such as ATF3, ATF4, ATF5, CHOP and GADD34 (Pakos-Zebrucka et al., 2016; 

Costa-Mattioli & Walter, 2020). PKR activation is also linked to downstream inflammatory and 

apoptotic signalling (Gil & Esteban, 2000; Lu et al., 2012). 

Reduced circRNA levels have been observed in the substantia nigra of PD patients compared 

to controls (Hanan et al., 2020).  While circRNA levels were inversely correlated to global A-I 

editing levels, no significant difference in global A-I editing between PD patients and controls 

was found in the substantia nigra (Hanan et al., 2020).  

In Chapter 3, I reported a decrease in global circRNA expression in the blood of early-stage 

idiopathic PD patients in the PPMI and ICICLE-PD cohorts. This preliminary finding raises 

several questions: Is this decrease a true biological effect or a technical artefact? If biological, 

is the reduction specific to circRNA or a general decrease in RNA expression? If specific can 

global circRNA expression be used as a diagnostic biomarker for PD? Why is circRNA 

reduced? In this chapter, I use previously generated circRNA, linear RNA and gene expression 

data (Chapters 3 and 4) of early-stage idiopathic PD patients and controls to address these 

questions. 
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5.2 Methods 

5.2.1 Cohorts 

Participants from the PPMI and ICICLE-PD studies included in this chapter are the same as 

those outlined in Chapters 3 and 4. Selection criteria were described in Section 2.2. Briefly, 

PD patients were recently diagnosed (<13 months) and have no known underlying cause 

(idiopathic). Controls were matched for age, and sex and were free of neurological disorders. 

5.2.2 RNA sequencing 

Blood samples from participants underwent RNA sequencing as described in Section 2.3. 

5.2.3 Differential expression 

This chapter uses gene expression data generated in Chapter 3 and circRNA expression data 

generated in Chapter 4. CircRNAs were identified from reads containing a back-spliced 

junction (BSJ), with the number of BSJ reads used as an absolute count of circRNA expression. 

The cognate linear RNA expression is estimated as the number of reads consistent with forward-

spliced junctions (FSJs). Further information detailing BSJ and FSJ detection is outlined in 

Chapter 4. In total, 403 (PPMI) and 457 (ICICLE-PD) BSJ loci were abundantly expressed 

and described here. 

Differential expression was performed using DESeq2 as described in Section 2.8.  

Differential expression testing of circRNAs was also performed using limma v3.56.2 (Ritchie 

et al., 2015) as described in Section 2.8. For this approach, circRNA expression was normalised 

using the Trimmed Mean of M-values (TMM) approach (Robinson & Oshlack, 2010) as 

implemented in edgeR v3.42.4 (Robinson et al., 2010). Like the method used with DESeq2, 

normalisation factors and library sizes for each sample were determined from gene expression 

data to account for differences in circRNA detection, similar to the implementation in 

CIRIquant (Zhang et al., 2020). Gene expression was estimated as described in Section 2.8. 

Variation in transcript length was accounted for as recommended for downstream analysis with 

limma (countsFromAbundance = "lengthScaledTPM") (Soneson et al., 2015). Lowly expressed 

genes were removed using the filterByExpr function with default settings, retaining 16,930 

(PPMI) and 16,374 (ICICLE-PD) genes respectively. Model designs accounting for sources of 

biological technical variation were the same as those described in Chapters 3 and 4.  
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5.2.4 Identifying global changes in RNA expression 

Global changes in RNA expression were quantified using the methodology described in Section 

2.10.3. In this chapter, the log2 fold change threshold was set at >0.1/<-0.1 unless otherwise 

stated in the text. 

5.2.5 Blood cell deconvolution 

RNA expression in bulk blood samples reflects the combination of different blood cell 

populations. As such, RNA expression can be influenced by heterogeneity in the relative 

proportions of each blood cell population (Monaco et al., 2019). Blood cell counts for ICICLE-

PD participants were not available. Blood cell counts in PPMI participants were measured at 

an initial screening visit but not at the baseline visit. Thus, to include cell count as a covariate 

in regression analysis, proportions were estimated using CIBERSORTx (Newman et al., 2019). 

CIBERSORTx has shown consistent performance when benchmarked on RNAseq samples 

(Avila Cobos et al., 2020; Jin & Liu, 2021; Nadel et al., 2021; Sutton et al., 2022). The protocol 

used was based on recommendations from the CIBERSORTx developers (Steen et al., 2020). 

To create a mixture matrix, gene expression values were normalised for sequencing depth and 

gene length based on transcripts per million (TPM). Genes with a TPM >0.5 in at least half the 

samples in each cohort were retained. A reference cell proportion matrix was created based on 

the LM22 dataset (Newman et al., 2015). CIBERSORTx implements a B-mode batch correction 

when the reference matrix (microarray) and mixture matrix (RNA-seq) are from different 

quantification platforms (Newman et al., 2019). Quantile normalisation was disabled as 

recommended for RNAseq data. Differences in the proportion of each blood cell type were 

assessed using a Wilcoxon rank-sum test. 

5.2.6 Creating a classifier based on reduced circular RNA expression 

The mean variance-stabilised transformed expression (Anders & Huber, 2010) of each 

abundant circRNA included in differential expression analysis was calculated using PPMI 

control samples. Each circRNA was defined depending on whether it had higher (log2 fold 

change >0) or lower (log2 fold change <0) expression in PPMI cases relative to controls. 

circRNAs were scored per sample on whether the directional deviation from the mean (i.e., 

over- or under-expression) was consistent with the direction observed in the PPMI. When the 

directions agreed, a score of 1 was given for that circRNA and a score of 0 when the directions 

disagreed. Scores were summed per sample and the ability of this sum to discriminate between 
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cases and controls was assessed by constructing receiver operator characteristic (ROC) curves 

and calculating the area under the ROC curves (AUC) using pROC v1.18.4 (Robin et al., 2011). 

5.2.7 Circular RNA regulators 

Factors associated with changes in the expression of multiple circRNAs were identified in the 

literature (regulators and evidence are shown in Table 5.1). To assess differences in circRNA 

regulator expression between PD patients and controls, I retrieved summary statistics from 

Chapter 3. FDR values (Benjamini-Hochberg procedure) were recalculated in PPMI based on 

just the retrieved circRNA regulator results. For validation in ICICLE-PD, FDR values were 

calculated based on significantly differentially expressed circRNA regulators in PPMI. 

 

Gene ID Gene 
symbol 

Effect on 
circRNA levels Evidence 

ENSG00000160710 ADAR Conflicting 
reports 

(Ivanov et al., 2015; Rybak-Wolf et al., 2015; Shen et 
al., 2022) 

ENSG00000197381 ADARB1 Decrease (Shen et al., 2022; Kokot et al., 2022) 
ENSG00000135829 DHX9 Decrease (Aktaş et al., 2017) 
ENSG00000089280 FUS Bidirectional (Errichelli et al., 2017) 
ENSG00000092199 HNRNPC Bidirectional (Di Liddo et al., 2019) 
ENSG00000129351 ILF3 Increase (Li et al., 2017) 
ENSG00000152601 MBNL1 Increase (Ashwal-Fluss et al., 2014) 
ENSG00000104967 NOVA2 Increase (Knupp et al., 2021) 
ENSG00000167005 NUDT21 Increase (Li et al., 2020) 
ENSG00000112531 QKI Increase (Conn et al., 2015) 
ENSG00000135828 RNASEL Decrease (C.-X. Liu et al., 2019) 
ENSG00000090905 TNRC6A Decrease (Jia et al., 2019) 
ENSG00000100354 TNRC6B Decrease (Jia et al., 2019) 
ENSG00000078687 TNRC6C Decrease (Jia et al., 2019) 

Table 5.1. Circular RNA regulators. For each regulator, the Ensembl gene ID, gene symbol and the 
publications which describe the evidence for the regulation of circular RNA are given. 

 

5.2.8 RNA editing  

Reads were aligned against the Ensembl GRCh38 genome (release 101) using STAR v.2.7.10a 

(Dobin et al., 2013). Aligned reads with >95% of matched bases between read and reference 

were retained as recommended for measuring RNA editing (--outFilterMatchNminOverLread 

0.95) (Roth et al., 2019). Uniquely mapped reads were kept (-q 255) using samtools v1.17 with 

optical and sequencing duplicate reads removed using sambamba markdup v1.0.0 (Tarasov et 

al., 2015). RNA editing levels (RNA editing index) were measured using RNAEditingIndexer 
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(Roth et al., 2019). RNA editing events were inferred based on base substitutions between the 

sequenced bases and the genomic reference. Base substitutions at loci containing common 

single nucleotide polymorphisms (based on dbSNP150) or sequencing errors (PHRED quality 

≤30 or unknown base called) were excluded by RNAEditingIndexer. The RNA editing index 

for each base mismatch is calculated based on the ratio of edited bases over the total coverage 

of that base. A-I editing was inferred as A-G mismatches as inosine is recognised as a guanine 

during sequencing (Levanon et al., 2004). As such A-I editing levels are represented by the 

A>G index which is the number of A-G substitutions divided by all A-A matches and A-G 

substitutions multiplied by 100. The signal:noise ratio was estimated as the A>G index divided 

by the C>T index as recommended (Roth et al., 2019)  

RNA editing was measured in several defined regions: A) Human Alu regions as included in 

RNAEditingIndexer based on hg38 repetitive elements from RepeatMasker (Tarailo-Graovac 

& Chen, 2009). B) the genomic span within all BSJs of circRNAs included in differential 

expression analysis of PPMI and ICICLE-PD datasets (labelled circRNAs in Figure 5.10). C) 

1500bp upstream of the BSJ start and 1500bp downstream of the BSJ end given enriched A-I 

editing 1500bp around BSJs (Ivanov et al., 2015) (labelled flanking circRNAs in Figure 5.10). 

Five PPMI samples were excluded as RNA editing levels could not be measured in all three 

regions. 

5.2.9 Gene set enrichment analysis 

Summary statistics of gene differential expression results between early-stage idiopathic PD 

patients and controls were generated in Chapter 3. Gene Set Enrichment Analysis (GSEA) 

(Subramanian et al., 2005) was performed using clusterProfiler v4.8.3 (Wu et al., 2021). Genes 

were sorted in decreasing order based on fold change (PD vs controls). Genes were grouped 

based on Hallmark gene sets (Liberzon et al., 2015). 

To identify putative downstream regulatory targets, sets of genes with common transcription 

factor motifs were collected from MSigDB v2023.2.Hs (Liberzon et al., 2011). These gene sets 

(total = 1115) comprised 610 gene sets from (Xie et al., 2005) and TRANSFAC v.7.4 (Matys 

et al., 2006) based on motifs within a 4kb window centred on each gene’s respective 

transcription start site. A further 505 gene sets consisted of genes predicted to contain the 

transcription factor binding sequencing in the promotor region (-1000bp and +100bp around 

the transcription start site) (Kolmykov et al., 2021). 
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5.3 Results 

5.3.1 Reduced circular RNA expression in early-stage idiopathic PD 

In Chapter 4, I tested the differential expression of circRNAs in early-stage idiopathic PD 

patients compared to controls. As shown in Chapter 4, BSJ expression was globally reduced 

in early-stage idiopathic PD patients based on the observed fold changes (PPMI 

imbalance = 0.09, P-value < 2.2x10-16, ICICLE-PD imbalance = 0.29, P-value = 2.3x10-10) 

(Figure 5.1a, b). 

 

 

Figure 5.1. Globally reduced circular RNA expression in early-stage idiopathic PD patients. (a) 
Volcano plots showing the differential expression of back-spliced junctions (BSJ) in early-stage 
idiopathic PD patients and controls. Coloured points indicate BSJs above the fold change threshold (log2 
fold change >0.1/<-0.1, indicated by the dashed grey lines). N gives the number of BSJs above or below 
the fold change thresholds. Density plots show the distribution of BSJs above or below the fold change 
thresholds. (b) Expression imbalances were identified based on the proportion of BSJs increased in PD 
patients relative to controls. P-values obtained from a two-sided exact binomial test. Error bars show 
the 95% confidence interval of the imbalance estimate. 

 

Next, I carried out a series of tests to assess the possibility that the reduction of circRNA 

expression in PD samples was a technical artefact. A comparison of values used to normalise 
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circRNA expression (DESeq2 size factors, Section 5.2.3) revealed no significant differences 

between PD and control samples (P-values > 0.05, Wilcoxon rank-sum test) (Figure 5.2a). I 

also compared circRNA expression between PD patients and controls with alternative count 

normalisation and differential expression methods (TMM normalisation with testing using 

limma, see Section 5.2.3). Using this method, I again observed reduced BSJ expression in the 

PPMI (imbalance = 0.13, P-value < 2.2x10-16) and ICICLE-PD (imbalance = 0.12, P-value < 

2.2x10-16) cohorts (Figure 5.2b, c). 

 

 

Figure 5.2. Reduced circular RNA expression is not an artefact of expression normalisation 
methods. (a) Comparison of DESeq2 size factors between PD and control samples. P-values derived 
from a Wilcoxon rank-sum test. (b) Volcano plots showing the results produced by Limma comparing 
back-spliced junction (BSJ) expression in PD relative to control samples. Coloured points indicate BSJs 
above the fold change threshold (log2 fold change >0.1/<-0.1, indicated by the dashed grey lines). N 
shows the number of BSJs above or below the fold change thresholds. Density plots show the 
distribution of BSJs above or below the fold change thresholds. (c) Expression imbalances were 
identified based on the proportion of BSJs increased in PD patients relative to controls based on 
differential expression results produced by limma. P-values obtained from a two-sided exact binomial 
test. Error bars show the 95% confidence interval of the imbalance estimate. 
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5.3.2 Comparing circular RNA expression to corresponding linear RNA expression and general 

gene expression 

To examine whether a reduction in circRNA expression is reflective of a general reduction in 

RNA expression, I also compared the expression of the corresponding forward splice junctions 

(FSJs), in addition to leveraging the output of summary statistics regarding the differential 

expression of genes (Chapter 3) (Figure 5.3). 

 



136 
 

 

Figure 5.3. Global changes in RNA expression. (a) Volcano plots showing the differential expression 
of RNA types between PD and controls in PPMI and ICICLE-PD. Differential expression was carried 
out on back-spliced junctions (BSJs), forward-spliced junctions (FSJ), expression of genes which host 
an abundant BSJ (BSJ hosts) and expression of all genes (Gene). Coloured points indicate RNAs above 
the fold change threshold (log2 fold change >0.1 or <-0.1, indicated by the dashed grey lines). N shows 
the number of loci above or below the fold change thresholds. Density plots show the distribution of 
loci above or below the fold change thresholds. (b) Expression imbalances based on the fold changes 
shown in (a). P-values obtained from a two-sided exact binomial test corrected for multiple testing 
(Bonferroni correction, four tests). Error bars show the 95% confidence interval of the imbalance 
estimate. 

 

FSJ counts provide the best approximation of the linear RNA as gene expression estimates will 

inevitably include circRNA-derived reads that do not span the BSJ and thus cannot be 
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distinguished. Crucially, a reduction was not evident when examining the fold changes of FSJs 

(PPMI imbalance = 0.54, Bonferroni corrected P-value = 1.0, ICICLE-PD imbalance = 0.50, 

Bonferroni corrected P-value = 1.0, four tests, Exact binomial test) (Figure 5.3). A comparison 

of fold changes based only on genes that host circRNAs identified no reduction (PPMI 

imbalance = 0.27, Bonferroni corrected P-value = 0.1, ICICLE-PD imbalance = 0.54, 

Bonferroni corrected P-value = 1.0, four tests) (Figure 5.3). Global gene expression also 

showed no reduction in PPMI (imbalance = 0.49, Bonferroni corrected P-value = 1.0, four 

tests), yet was significantly increased in ICICLE-PD (imbalance = 0.56, Bonferroni corrected 

P-value = 3.6x10−18, four tests) (Figure 5.3). Together, these results suggest that reduced 

circRNA expression in early-stage idiopathic PD is not due to a general decrease in RNA 

expression. 

 

So far, I have demonstrated globally reduced circRNA expression based on circRNAs with a 

difference in expression between PD and controls above a threshold (absolute log2 fold change 

>0.1). However, in some cases, this may result in a low number of tested loci. For example, in 

the PPMI cohort, 26 genes that hosted abundant circRNAs passed the fold change threshold 

(Figure 5.3). As a sensitivity analysis, I also calculated RNA expression imbalances with a 

relaxed fold change threshold (Figure 5.4a). Here, I classified circRNAs with a recorded log2 

fold change >0 as increased, and those with a log2 fold change <0 as decreased. BSJ expression 

was again globally reduced in PPMI (imbalance = 0.19, Bonferroni corrected P-value < 2.2x10-

16, four tests) and ICICLE-PD PD patients (imbalance = 0.36, Bonferroni corrected P-value = 

2.1x10-8, four tests). There were no significant reductions when looking at FSJ expression or 

BSJ host gene expression (Bonferroni corrected P-values > 0.05, four tests). All gene 

expression was significantly reduced in PPMI PD patients (imbalance = 0.46, Bonferroni 

corrected P-value < 2.2x10-16, four tests) however no significant reduction was identified in 

ICICLE-PD PD patients (imbalance = 0.50, Bonferroni corrected P-value = 0.8, four tests). 

Furthermore, a comparison of the absolute normalised expression of BSJs between PD and 

control individuals showed a reduction in PD patients in both PPMI and ICICLE-PD cohorts 

(Figure 5.4c). Subsequently, there were no significant differences (P-value >0.05, Wilcoxon 

rank-sum test) in the expression of FSJs (Figure 5.4d), circRNA host genes (Figure 5.4e) or 

all genes (Figure 5.4f) in PD patients.  
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Figure 5.4. Reduced circular RNA expression in PD irrespective of fold change threshold. (a) 
Volcano plots showing the differential expression of back-spliced junctions (BSJs), forward-spliced 
junctions (FSJ), genes which host an abundant BSJ (BSJ hosts) and all genes (Gene) between PD 
patients and controls in PPMI and ICICLE-PD. N shows the number of loci included when estimating 
the expression imbalance. Density plots show the fold change distribution of loci. (b) Imbalances were 
identified based on the proportion of loci increased in PD relative to controls based on differential 
expression testing of each RNA type. P-values obtained from a two-sided exact binomial test corrected 
for multiple testing (Bonferroni correction, four tests). Error bars show the 95% confidence interval of 
the imbalance estimate. (c-f) Comparison of mean normalised expression of BSJs (c), FSJs (d), genes 
which host an abundant BSJ (e) and all genes (f). Means were calculated on DESeq2 normalised 
expression for each study group separately. Group differences were assessed with a Wilcoxon-rank sum 
test. 
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To test whether a global reduction in expression is specific to BSJs, I compared fold changes 

between BSJ expression and their flanking FSJs. For a subset of junctions, this was not possible 

as no corresponding FSJs were detected (PPMI = 95/403 or 23.6%, ICICLE-PD = 92/457 or 

20.1%). BSJ fold changes were consistently lower, albeit generally modest, across both cohorts 

(PPMI P-value = 2.9×10−34, ICICLE-PD P-value = 1.6x10−9, Wilcoxon rank-sum test). I 

observed a weak correlation in fold change differences between BSJs and corresponding FSJs, 

in which differences in FSJ expression explained 7-8% of the variation in differences of BSJ 

expression (Figure 5.5). These findings suggest that reduced circRNA expression is not driven 

by comparative reductions in the cognate linear RNA expression. 

 

 

Figure 5.5. Reduced circRNA expression in early-stage idiopathic PD is not driven by concomitant 
changes in linear RNA expression. (a) Comparing the expression of all BSJs included in differential 
expression testing between PD and controls in PPMI and ICICLE-PD. P-values are derived from a 
Wilcoxon rank-sum test comparing BSJ expression between PD and controls. (b) The relationship 
between BSJ and FSJ expression fold changes in both PPMI and ICICLE-PD. The strength of the 
relationship is reported as R2. Density plots show the distribution of the fold changes for each respective 
junction type.  
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5.3.3 Assessing reduced circular RNA expression as a predictor of early-stage idiopathic PD 

Given the distinctive pattern of global circRNA reduction observed in early-stage idiopathic 

PD, I next sought to establish whether this reduction could distinguish PD patients from 

controls. For each sample, I calculated an expression score based on the expression of abundant 

circRNA (Section 5.2.3). I then evaluated the potential of this expression score (termed the 

imbalance model) to discriminate between early-stage idiopathic PD patients and controls in 

PPMI and ICICLE-PD participants. In the PPMI cohorts, the imbalance model had an AUC of 

0.59 (95% CI = 0.54-0.65), while in ICICLE-PD participants, the imbalance model also had an 

AUC of 0.59 (95% CI = 0.48-0.71) (Figure 5.6a, b). As a comparison, the respective gene 

models (Chapter 3) are also shown in Figure 5.6a, b. 

 

 

Figure 5.6. Performance of a classification model based on reduced circular RNA expression. ROC 
curves (a) and the corresponding AUCs (b) for the Imbalance (Section 5.2.6) and Gene models 
(Chapter 3). Error bars denote the 95% confidence intervals of the AUC.   
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5.3.4 Blood cell deconvolution  

Given that blood cell lineages exhibit characteristic circRNA expression profiles (Grassi et al., 

2021), I hypothesised that altered proportions of blood cells in PD patients could influence 

global circRNA expression. In the absence of available blood cell counts for PPMI and ICICLE-

PD participants (Section 5.2.4), I estimated cell-type proportions using CIBERSORTx 

(Newman et al., 2019). Reassuringly, neutrophils were generally the largest detected 

contributors to blood composition (median proportion [IQR], PPMI = 0.45 [0.11], ICICLE-PD 

= 0.42 [0.15], followed by various subtypes of lymphocytes (Coffelt et al., 2016).  

 

 

Figure 5.7. Estimated blood cell proportions. Proportions of specific leukocyte populations estimated 
by CIBERSORTx in PPMI and ICICLE-PD samples. Proportions deconvoluted based on the LM22 
signature matrix (Newman et al., 2015). 

 

I subsequently limited my analyses to the most abundant blood cell types (median proportion 

>0.01) leaving a set of 11 cell types (Neutrophils, CD4+ Naïve T cells, Resting NK cells, 

Resting CD4+ memory T cells, Activated CD4+ memory T cells, Monocytes, M2 

Macrophages, Resting Mast cells, CD8+ T cells, Memory B cells and Plasma cells). In PPMI 

participants, Neutrophil (P = 0.02, Wilcoxon rank-sum test) and resting CD4+ memory T cell 
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(P = 0.007, Wilcoxon rank-sum test) proportions were significantly altered in PD patients yet 

were not significant after multiple testing correction (Bonferroni P-values > 0.05, 11 tests) 

(Figure 5.8). Furthermore, there were no significant differences (all P-values > 0.05, Wilcoxon 

rank-sum test) in any blood cell type proportions in ICICLE-PD participants (Figure 5.8). 

These findings suggest that there were no consistent differences in the estimated blood cell 

proportions across PD patients and controls in both PPMI and ICICLE-PD cohorts, and thus 

are unlikely to be contributing to a global reduction in circRNA expression. 

 

 

Figure 5.8. Differences in blood cell proportions between idiopathic PD patients and controls. 
Blood cell proportions were estimated using CIBERSORTx. Group differences were assessed using a 
Wilcoxon rank-sum test. P-values adjusted for 11 tests using Bonferroni correction. 
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5.3.5 Identifying differentially expressed circular RNA regulators 

CircRNA biogenesis and degradation are linked to several cis- and trans-acting factors 

(Kristensen et al., 2019). I therefore explored whether differential expression of previously 

reported circRNA regulators (Ashwal-Fluss et al., 2014; Conn et al., 2015; Ivanov et al., 2015; 

Aktaş et al., 2017; Errichelli et al., 2017; Li et al., 2017; Di Liddo et al., 2019; Jia et al., 2019; 

C.-X. Liu et al., 2019; Li et al., 2020; Knupp et al., 2021; Shen et al., 2022) may be contributing 

to the global reduction of circRNA expression in PD (Section 5.2.7, Table 5.1). 

Comparison of the expression of circRNA regulators revealed two genes that were significantly 

differentially expressed in PPMI (log2 fold change >0.1/<-0.1, FDR <0.05). The genes ADAR 

(log2 fold change = 0.12, FDR = 0.03) and RNASEL (log2 fold change = 0.10, FDR = 7.9x10-4) 

had increased expression in PD patients. Comparing the expression of ADAR and RNASEL in 

ICICLE-PD revealed that RNASEL was also significantly increased in PD patients (log2 fold 

change = 0.13, FDR = 0.01).  

 

 

Figure 5.9.Differential expression of circular RNA regulators in early-stage idiopathic PD patients 
compared to controls. * = log2 fold change >0.1/ <-0.1 and FDR < 0.05. 

 

5.3.6 Quantifying blood A-I RNA editing levels 

Due to the use of total RNA sequencing library preparations, most aligned bases in PPMI 

(median = 59.8%, IQR = 4.8%) and ICICLE-PD (median = 48.7%, IQR = 9.0%) samples were 

resolved to intronic regions (Figure 5.10a). This, given the enrichment of Alu elements within 

introns (Sela et al., 2007), allowed me to capture A-I editing events within these regions. 

 I measured RNA editing events across Alu elements and circRNA coordinates inclusive and 

exclusive of flanking regions (Section 5.2.8) in 415 PPMI samples (PD = 255, Control = 160) 

and 96 ICICLE-PD samples (PD = 48, Control = 48). As expected, A-G substitutions were the 
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highest recorded base mismatch across each region (Figure 5.10b, Table 8.4) (Levanon et al., 

2004; Roth et al., 2019). Whilst the A-G mismatch signal was clear in Alu elements, for 

circRNAs and their flanking regions, the signal was less pronounced (Figure 5.10b, Table 8.4). 

The signal:noise ratio (section 5.2.8) was higher in Alu elements (Mean signal:noise [SD], 

PPMI = 24.0 [4.7], ICICLE-PD = 27.3 [3.2], than in circRNAs (PPMI = 2.3 [0.6), ICICLE-PD 

= 1.8 [0.6]) or circRNAs with their flanking regions (PPMI = 2.4 [0.6), ICICLE-PD = 1.9 [0.6]) 

(Figure 5.10c). The reported signal:noise ratio in Alu elements was higher than previously 

reported estimates in GTEx whole blood samples (mean = 15.36) (Roth et al., 2019). The 

reported signal:noise ratios for circRNAs and regions flanking circRNAs were lower than the 

lowest measured tissue in GTEx samples (skeletal muscle, mean = 6.69), indicating a lack of 

detection power in these regions. As such, I exclusively focused on A-I editing within Alu 

elements in downstream analyses. 
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Figure 5.10. Detection of RNA editing events. (a) Bases aligned to genomic regions. (b) RNA editing 
indices across various regions based on base mismatches. A-G mismatches represent A-I editing, while 
other mismatches are used as control indices. (c) Signal: Noise ratio across various regions. This ratio 
shows the number of A-G mismatches relative to C-T mismatches. The diamond on each panel shows 
the mean value. 

 

Following the measurement of A-I editing within Alu elements (defined as the Alu Editing 

Index), I next questioned the relationship between the expression of genes encoding ADAR 

family members and levels of A-I editing. Across PPMI, ICICLE-PD and GTEx (Lonsdale et 

al., 2013) samples, ADAR exhibited higher expression relative to ADARB1 and ADARB2 

(Figure 5.11a). ADAR expression was significantly positively correlated to the Alu Editing 

Index in both PPMI and ICICLE-PD samples (Figure 5.11b). For the rest of the comparisons, 

only ADARB2 was correlated to the Alu Editing Index in PPMI samples (Figure 5.11b).  

Furthermore, as ADAR expression was increased in PPMI PD patients (Figure 5.9), I also 
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stratified by study group, showing ADAR expression was positively correlated to the Alu editing 

index in both PD patients and controls (Figure 5.11c). 
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Figure 5.11. Relationship between ADAR family gene expression and A-I editing levels. (a) 
Expression of the ADAR family genes ADAR, ADARB1 and ADARB2 in whole blood samples from the 
PPMI, ICICLE-PD and GTEx (v8) studies. Normalised gene expression is given as the number of 
transcripts per million (TPM). (b) Correlation between the expression of ADAR, ADARB1 and ADARB2 
with levels of A-I editing within Alu elements. R2 and P-values derived from linear regression. (c) 
Correlation between the expression of ADAR, ADARB1 and ADARB2 with levels of A-I editing within 
Alu elements stratified by study group. Correlation assessed using Pearson’s correlation coefficient. 
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Across study groups, A-I editing was significantly increased in PPMI PD patients (median Alu 

editing index = 0.86) relative to controls (median Alu editing index = 0.84, P-value = 0.02, 

Wilcoxon rank-sum test) (Figure 5.12a). However, although A-I editing was also increased in 

ICICLE-PD PD patients (median Alu editing index = 0.84) relative to controls (median Alu 

editing index = 0.83), this difference did not reach significance (P-value = 0.07, Wilcoxon rank-

sum test) (Figure 5.12a).  

To assess if A-I editing levels could account for the reduction in global circRNA expression in 

PD patients, I included the Alu editing index as an additional covariate when comparing BSJ 

and FSJ expression between PD patients and controls (Figure 5.12b). Global BSJ expression 

was significantly reduced in PPMI (imbalance = 0.08, Bonferroni P-value < 2.2x10-16, two 

tests) and ICICLE-PD (imbalance = 0.11, Bonferroni P-value < 2.2x10-16, two tests), with no 

significant changes in global FSJ expression observed (Bonferroni corrected P-values > 0.05, 

two tests) (Figure 5.12c).  
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Figure 5.12. Reduced circular RNA expression in early-stage idiopathic PD patients irrespective 
of A-I editing levels. (a) Alu editing indices in early-stage idiopathic PD patients and controls. (b) 
Volcano plots showing the differential expression of back-spliced junctions (BSJs) and forward-spliced 
junctions (FSJ) between PD patients and controls. N shows the number of loci included when estimating 
the expression imbalance. Density plots show the fold change distribution of loci. (c) Imbalances were 
identified based on the proportion of loci increased in PD relative to controls based on differential 
expression testing of each RNA type. P-values obtained from a two-sided exact binomial test corrected 
for multiple testing (Bonferroni correction, two tests). Error bars show the 95% confidence interval of 
the imbalance estimate. 

 

5.3.7 Investigating increased RNASEL expression in early-stage idiopathic PD 

RNASEL was significantly increased in PD patients relative to controls in both PPMI and 

ICICLE-PD cohorts (Figure 5.13b). Consistent with increased PKR activation due to RNase 

L-mediated circRNAs degradation (Figure 5.13a) (C.-X. Liu et al., 2019), I observed 

significantly increased expression of EIF2AK2, encoding PKR, in PD patients from both PPMI 

and ICICLE-PD cohorts (PPMI log2 fold change = 0.1, P-value = 5.x10-5; ICICLE-PD log2 fold 

change = 0.13, P-value = 0.007, Wald test) (Figure 5.13b).  
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Figure 5.13. Increased expression of the genes encoding RNase L and PKR in early-stage 
idiopathic PD. (a) Schematic outlining the relationship between RNase L, circRNAs and PKR. Under 
normal cellular conditions, circRNAs bind to PKR resulting in inhibition. In the presence of dsRNA, 
activated RNAse L degrades circRNA allowing the activation of PKR. (b, c) Expression of RNASEL (b) 
and EIF2AK2 (encoding PKR) (c) in PD patients and controls. Fold changes and P-values taken from 
the results of differential gene expression analysis (Chapter 3). Counts were normalised using the 
median of ratios method (DESeq2).  

 

Given the role of PKR as a sensor of the integrated stress response (ISR) (Pakos-Zebrucka et 

al., 2016), I explored the gene expression of several ISR-associated genes (ATF4, ATF5, 

DDIT3, PPP1R15A, ATF3). There were no significant differences in the expression of these 

ISR-associated genes in PD patients (FDR > 0.05, Wald test, Figure 5.14a-e). As ATF3, ATF4, 

ATF5 and CHOP encode transcription factors, I next examined the enrichment of genes 

possessing cis-regulatory motifs specific to these transcription factors (Section 5.2.9). 

However, no gene sets for these transcription factors were significantly enriched in PD patients 

in PPMI or ICICLE-PD (P-value > 0.05, Figure 5.14f). 
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Figure 5.14. Integrated stress response-related gene expression. (a-f) Expression of integrated stress 
response associated genes ATF4 (a), ATF5 (b), DDIT3 (encoding CHOP, (c)), PPP1R15A (encoding 
GADD34, (d)) and ATF3 (e) in PD patients and controls. Fold changes and P-values taken from the 
results of differential gene expression analysis (Chapter 3). Counts were normalised using the median 
of ratios method (DESeq2). (f) Enrichment of genes containing cis ATF3, ATF4, ATF5 and CHOP 
binding motifs. Dashed line denotes a P-value of 0.05. TF = Transcription Factor, NES = Normalised 
Enrichment Score. 

 

To identify systematic changes in gene expression in early-stage idiopathic PD, I performed 

gene set enrichment analysis (GSEA, Section 5.2.9). In contrast to my previous use of GSEA 

(Chapter 3), I used MsigDB Hallmark gene sets to reduce redundancy in gene sets (Liberzon 

et al., 2015). A total of nine gene sets were significantly enriched (FDR < 0.05) in PPMI PD 

cases compared to controls (Figure 5.15a). I subsequently replicated the dysregulation of eight 

gene sets (FDR < 0.05) with concordant directions of effect in ICICLE-PD samples (Figure 

5.15a). Upregulated processes in early-stage idiopathic PD included those related to anti-viral 

and inflammatory activity (INTERFERON_ALPHA_RESPONSE, 

INTERFERON_GAMMA_RESPONSE, INFLAMMATORY RESPONSE, 



152 
 

TNFA_SIGNALING_VIA_NFKB, COMPLEMENT) in addition to apoptotic genes 

(APOPTOSIS) (Figure 5.15a).  

To discern factors potentially involved in gene induction, I assessed cis-regulatory motif 

enrichment of all MsigDB transcription factor gene sets (Section 5.2.9). Gene sets 

corresponding to twelve transcription factor motifs showed significantly altered expression 

(FDR < 0.05) in PPMI PD patients (Figure 5.15b). In ICICLE-PD, I was able to replicate the 

significant positive upregulation of gene sets relating to five transcription factor motifs (Figure 

5.15b). As shown in Figure 5.15c, potentially dysregulated transcription factors included IRF7, 

IRF1, STAT1/STAT2 and IRF8. Collectively, systematic changes in gene expression implicate 

activation of an antiviral and inflammatory response in early-stage idiopathic PD consistent 

with the work described in Chapter 3.  

 

 

Figure 5.15. Activation of PKR-associated pathways in early-stage idiopathic PD. (a, b) Commonly 
dysregulated genes based on Hallmark gene sets (a) and transcription factor (TF) motifs (b). * = FDR < 
0.05. (c) Description of significantly enriched TF motifs in both PPMI and ICICLE-PD datasets.  NES 
= Normalised Enrichment Score 
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5.4 Discussion 

Preliminary work in Chapter 4 identified a global reduction in circRNA expression in early-

stage idiopathic PD. Subsequently, I have confirmed that this reduction is not a technical or 

methodological artefact. Globally reduced expression in early-stage idiopathic PD was specific 

to circRNAs and could not be explained by concomitant reductions in the corresponding linear 

RNA expression. Differences in gene expression of factors involved in the circRNA life cycle 

indicated that processes involving the gene products of ADAR and RNASEL may be altered in 

PD. Subsequently, RNA editing was increased in the PPMI cohort, yet could not fully account 

for the reduction of circRNA expression. Increased RNASEL expression indicated activation of 

an innate immune response. This was further supported by systematic changes in gene 

expression related to an antiviral and inflammatory response in the blood of early-stage 

idiopathic PD patients. 

5.4.1 Circular RNA expression is reduced in early-stage idiopathic PD 

I report for the first time that circRNA expression in blood is globally reduced in early-stage 

idiopathic PD. I validated this finding in two independent cohorts (PPMI and ICICLE-PD) and 

using numerous different methodologies. The global decrease in circRNA expression appears 

independent of changes in linear RNA expression (Figure 5.5), further highlighting the distinct 

layer of regulation acting on circRNA (Vo et al., 2019).  

Reduced blood circRNA levels is consistent with a reduction observed in substantia nigra tissue 

of PD patients possibly suggesting a shared underlying mechanism (Hanan et al., 2020). Results 

from a recent preprint would suggest a global circRNA reduction in the blood of PD patients 

enrolled in the Parkinson’s Disease Biomarker (PDBP) study, albeit the authors do not comment 

on this finding (Beric et al., 2024). These findings place PD among other diseases in which 

reduced circRNA expression has been reported such as several cancer types (Vo et al., 2019; 

Hansen et al., 2022; C. Wang et al., 2022; Fuchs et al., 2023; Korsgaard et al., 2024), lupus (C.-

X. Liu et al., 2019), chronic inflammatory skin conditions (Moldovan et al., 2019, 2021; Seeler 

et al., 2022; Guo et al., 2024), schizophrenia (Huang et al., 2023) and Alzheimer’s disease (Lo 

et al., 2020).  

The ability of global circRNA expression profiles to identify early-stage idiopathic PD patients 

was consistent across cohorts (AUCs = 0.59). The performance in PPMI was below that 

observed by gene expression (Chapter 3) and other biological fluid markers discussed in 

Section 1.2.4. 
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5.4.2 Altered proportions blood cell proportions early stage idiopathic PD 

Characteristic blood cell-type circRNA expression profiles have been reported, with platelets 

and red blood cells in particular exhibiting the highest circRNA abundances (Alhasan et al., 

2016; Nicolet et al., 2018; Gaffo et al., 2019; Grassi et al., 2021). As such, altered cell 

proportions may present as changes in global blood circRNA expression profiles. This is 

especially pertinent given that peripherally altered lymphocyte and neutrophil proportions have 

been reported in PD (Baba et al., 2005; Stevens et al., 2012; Jensen et al., 2021; Muñoz-Delgado 

et al., 2021; Craig et al., 2021). In one sense this effect is minimised as a global reduction in 

circRNA expression was present in early-stage idiopathic PD patients regardless of blood cell 

proportions. As demonstrated in systemic lupus erythematosus patients, differences in global 

circRNA expression can vary among blood cell types (C.-X. Liu et al., 2019).  

In place of available blood cell proportions, I estimated blood cell proportions using gene 

expression values with the in silico deconvolution tool CIBERSORTx (Newman et al., 2015, 

2019), based on its widespread use in estimating cell proportions in transcriptomic data and 

consistent performance across multiple independent benchmarks (Avila Cobos et al., 2020; Jin 

& Liu, 2021; Nadel et al., 2021; Sutton et al., 2022). Neutrophil proportions were increased in 

PPMI cases (unadjusted P-value = 0.02), consistent with previous findings (Craig et al., 2021; 

Pike et al., 2024). However, no blood cell proportions were significantly altered in PD patients 

compared to controls after multiple testing correction (Figure 5.8). Also using CIBERSORT, 

Li et al identified changes in the proportions of neutrophils and CD4+ T cells in PPMI PD cases, 

including those with PD linked to genetic risk variants. However, these changes were only 

observed in a subgroup that was classified as high-risk for faster motor progression, based on a 

prognostic gene expression model (Li et al., 2023), suggesting that the clinical heterogeneity of 

PD patients contributes to variability in blood cell proportions. 

5.4.3 ADAR1 and RNase L as regulators of circular RNAs 

CircRNA abundance reflects formation, stability, and degradation which is mediated by both 

cis- and trans-acting factors (Kristensen et al., 2019). Among regulators, those with 

experimental evidence of influencing levels of multiple circRNAs represent likely candidates 

modulating global circRNA expression (Ashwal-Fluss et al., 2014; Conn et al., 2015; Ivanov et 

al., 2015; Aktaş et al., 2017; Errichelli et al., 2017; Li et al., 2017; Di Liddo et al., 2019; Jia et 

al., 2019; C.-X. Liu et al., 2019; Li et al., 2020; Knupp et al., 2021; Shen et al., 2022). Among 

the list of circRNA regulator candidates, the expression of ADAR and RNASEL were 

significantly increased in PPMI PD cases with RNASEL expression also significantly increased 
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in ICICLE-PD cases (Figure 5.9b). Increased activity of ADAR and RNASEL gene products 

can reduce circRNA expression (Ivanov et al., 2015; Rybak-Wolf et al., 2015; C.-X. Liu et al., 

2019), consistent with my observations in early-stage idiopathic PD patients (Figure 5.1).  

My ability to form hypotheses regarding factors impacting global circRNA expression is 

limited to current knowledge regarding the process. To ensure stringency, I restricted the list of 

candidates to those with experimentally validated effects on numerous circRNAs. Several 

studies have utilised high-throughput screens in cell lines to identify factors involved in 

circRNA formation (Li et al., 2017; Liang et al., 2017). However, these screens rely on a single 

circRNA construct, potentially limiting their applicability to global circRNA levels and changes 

in circRNA expression that occur due to physiological changes (C.-X. Liu et al., 2019). 

Prediction based methods have proposed new RNA-binding protein candidates (Shao et al., 

2022), yet further work is needed to expand knowledge of new regulators and validate their 

effect. 

5.4.4 Increased A-I editing levels within the blood in early-stage idiopathic PD 

ADAR was significantly increased in PPMI PD cases and showed a similar trend in ICICLE-

PD (Figure 5.9b). Interestingly, the 150kDa isoform of ADAR1 (ADAR1p150) is induced by 

type-I interferons (Patterson & Samuel, 1995), consistent with increased expression of 

interferon-related genes in early-stage idiopathic PD patients (Figure 5.15). Given the primary 

role of ADAR1 in catalysing A-I RNA editing (Nishikura, 2016), increased ADAR expression 

indicated that A-I editing levels may be altered in early-stage idiopathic PD.  

The expression of ADAR family genes cannot fully explain A-I editing levels (Tan et al., 2017; 

Roth et al., 2019), necessitating the use of computational methods to detect and quantify editing 

events within RNA-seq data. I observed the strongest correlation between editing in Alu 

elements and ADAR expression (Figure 5.11b), consistent with work showing that ADAR 

expression primarily correlates with editing within repetitive regions while ADARB1 expression 

correlates to editing of coding regions (Tan et al., 2017).  

Alu editing levels in PPMI cases were significantly increased compared to controls, with a 

similar trend noted in ICICLE-PD cases (Figure 5.12a). Using the same methodology, Hanan 

et al identified reduced Alu editing in medial temporal gyrus and amygdala samples from PD 

patients, albeit no difference in substantia nigra samples (Hanan et al., 2020). Using an 

alternative method that quantifies A-I editing at individual sites (local A-I editing) (Picardi & 

Pesole, 2013), other studies have reported reduced frequencies of A-I editing events in the 
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prefrontal cortex and blood of PD patients (Pozdyshev et al., 2022; Wu et al., 2023). Of note, 

Wu et al analysed A-I editing in blood samples from PPMI participants yet reported a reduced 

amount of A-I editing events (Olsen et al., 2018). The Alu editing index method of quantifying 

A-I editing used in this chapter was developed to address several limitations of existing 

techniques (Roth et al., 2019). For instance, the detection of local A-I editing events scales with 

coverage, limiting the comparison across samples without normalisation (Roth et al., 2019).  

Global A-I editing levels could not fully account for the reduction in circRNA expression in 

early-stage idiopathic PD (Figure 5.12c). The dual role of ADAR1 in promoting and repressing 

circRNA biogenesis complicates its role in affecting circRNA levels (Kapoor et al., 2020; Shen 

et al., 2022). Identifying site-specific A-I editing events in BSJ flanking regions may therefore 

provide insights into their regulation by A-I editing. 

5.4.5 Patterns of gene expression in early-stage idiopathic PD implicate activation of an innate 

antiviral response. 

RNASEL expression was increased in early-stage idiopathic PD patients in both PPMI and 

ICICLE-PD (Figure 5.13a). RNASEL expression regulation is not well understood yet its 

promotor contains an interferon gamma (IFNγ) activation site and its 3’ untranslated region 

contains AU-rich elements which influence mRNA stability (Zhou et al., 2005; Li et al., 2007). 

EIF2AK2 (encoding PKR) expression was also increased in early-stage idiopathic PD patients 

in both PPMI and ICICLE-PD (Figure 5.13c). EIF2AK2 expression is induced in response to 

type I interferons (interferon alpha (IFNα) and interferon beta (IFNβ)) due to an interferon-

stimulated response element in its promotor (Kuhen & Samuel, 1997). Increased levels of 

phosphorylated PKR have previously been observed in hippocampal tissue and blood 

lymphocytes of PD patients (Bando et al., 2005; Pain et al., 2020). PKR can also phosphorylate 

α-synuclein, influencing the formation of insoluble aggregates and linking PKR to the 

pathogenesis of PD (Reimer et al., 2018, 2022). Given phosphorylated PKR levels are also 

elevated in Alzheimer’s (Chang et al., 2002; Peel & Bredesen, 2003; Paccalin et al., 2006; 

Mouton-Liger et al., 2012), there may be a general role of PKR in the onset or progression of 

neurodegenerative disease.  

PKR is a signalling hub for a diverse set of pathways (Kang & Tang, 2012). It is best 

characterised as one of the four kinases acting on the alpha subunit of the Eukaryotic Initiation 

Factor 2 (eIF2α) (Donnelly et al., 2013). Phosphorylation of serine 51 on eIF2α triggers the 

activation of the integrated stress response (ISR). ISR induction results in broadly reduced 

protein translation, emphasising the preferential translation of ISR-associated mRNAs. ISR-
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associated mRNAs were not differentially expressed in PD patients (Figure 5.14a-e), consistent 

with translational regulation of these genes (Harding et al., 2000; Lu et al., 2004). There was 

also no evidence of altered gene expression of genes containing cis-regulatory motifs of ISR-

associated transcription factors (Figure 5.14f). Without measuring transcription factor activity, 

however, I cannot exclude this possibility. 

In PD patients across the PPMI and ICICLE-PD cohorts, there was an upregulation of genes 

associated with antiviral, inflammatory and apoptotic responses (Figure 5.15a). Upregulated 

processes, such as NF-κB signalling and apoptosis, can occur downstream of PKR activation 

(Jesús Gil & Esteban, 1999; Bonnet et al., 2000). Genes associated with INFα and IFNγ 

responses were also upregulated (Figure 5.15a), consistent with increased levels of these 

cytokines in PD (Mogi et al., 2007; Barcia et al., 2011; Main et al., 2016, 2017; Eidson et al., 

2017; Quan et al., 2024). Complementarily, expression of genes containing cis-regulatory 

motifs corresponding to the transcription factors IRF1, IRF7, IRF8 and STAT1/STAT2 were 

increased in PD patients (Figure 5.15a). Both interferon regulatory factors (IRFs) and 

STAT1/STAT2 are key mediators of interferon signalling (Li et al., 1996; Ozato et al., 2007), 

further supporting the activation of interferon signalling in the blood of early-stage idiopathic 

PD patients. 

Overall, my findings support a role of the peripheral innate immune system in the development 

and progression of PD (Tansey et al., 2022; Castro-Gomez & Heneka, 2024). I propose that 

reduced circRNA levels in early-stage idiopathic PD are related to the activation of the antiviral 

immune response, reflected through increased expression of RNASEL and EIF2AK2 (PKR). 

Reduced circRNA expression would allow activation of PKR, consistent with the increased 

activity of PKR in lymphocytes of PD patients (Pain et al., 2020). Additionally, ADAR1-

mediated A-I editing of RNA may contribute to reduced expression of specific circRNAs 

(Rybak-Wolf et al., 2015; Ivanov et al., 2015; Shen et al., 2022).  
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Figure 5.16. A mechanism of circular RNA reduction in Parkinson’s disease. Innate immune 
responses can be induced by double-stranded RNA (dsRNA). A-I RNA editing by ADAR1 suppresses 
immune detection of endogenous dsRNA (Mannion et al., 2014; Liddicoat et al., 2015) and influences 
circRNA synthesis(Rybak-Wolf et al., 2015; Ivanov et al., 2015; Shen et al., 2022; Kokot et al., 2022). 
Under normal conditions, circRNAs bound to PKR (encoded by EIF2AK2) act as inhibitors, undergoing 
degradation when activation is required (C.-X. Liu et al., 2019). Activation of the endonuclease RNase 
L as part of an antiviral immune response leads to circRNA degradation (C.-X. Liu et al., 2019). 
Decreased circRNAs in idiopathic PD could result in increased PKR, available for activation. Once 
activated, PKR has numerous downstream effects including the phosphorylation of eIF2α, activating the 
integrated stress response (ISR). 

 

Finally, my proposal for the activation of an innate antiviral immune response leading to 

reduced circRNA expression is based on work described in the literature combined with gene 

expression data. Levels of gene expression correlate with corresponding protein levels to a 

certain extent (Lundberg et al., 2010; Kosti et al., 2016). Follow up work will be required to 

confirm changes at the protein level. In previous work, increased PKR abundance in systemic 

lupus erythematosus patients was not statistically significant (C.-X. Liu et al., 2019).  

Employing the larger sample sizes of PPMI and ICICLE-PD datasets, I was able to detect 

changes in EIF2AK2 (PKR) gene expression. Illustrated by previous work, differences in 

activated PKR may be even greater in PD patients relative to controls (C.-X. Liu et al., 2019). 

However, without these data on the levels of phosphorylated PKR in PPMI and ICICLE-PD 

samples, I cannot confirm PKR activation.  
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5.5 Conclusions 

Overall, I have demonstrated that global circRNA expression is reduced in early-stage 

idiopathic PD. This effect was not due to technical or methodological artefacts and was detected 

across two independent cohorts. Reduced expression was specific to circRNAs, indicative of 

specific regulation among this class of RNA. As potential explanatory factors, I found altered 

proportions of specific blood cell types and RNA editing levels in PD patients in one cohort. 

However, these factors could not explain the reduction in circRNA expression. Increased 

expression of RNASEL and EIF2AK2 suggests that circRNAs may be degraded through 

activation of the innate antiviral immune response. Gene expression patterns further support the 

activation of the antiviral and inflammatory response in the blood of patients with early-stage 

idiopathic PD.  

These findings contribute to the growing appreciation of peripheral immune system 

involvement in PD. Importantly, it represents a biological change that can be detected in the 

blood in the early stages of disease. Elucidation of the causal mechanism may uncover deeper 

insights into immune dysfunction in PD and possible biomarkers signalling the onset and 

progression of neurodegeneration. Moving forward, it will be crucial to determine whether a 

reduction in global circRNA expression is represented among other PD subtypes and detectable 

before diagnosis. 
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Chapter 6. Opposing global circular RNA expression in blood and 

dopaminergic neurons in Parkinson's disease 
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6.1 Background 

Most cases of PD are idiopathic, with around 15% classed as familial (Tran et al., 2020). The 

segregation of PD within families has uncovered genes harbouring rare variants influencing 

individual susceptibility to PD (Section 1.1.2). These pathogenic variants exhibit variable 

penetrance (Vollstedt et al., 2023). PD in the presence of a highly penetrant risk variant is often 

designated as genetic PD.  

Variants in LRRK2 are the most common cause of genetic PD (LRRK2-PD) (Healy et al., 2008). 

LRRK2 encodes leucine-rich repeat kinase 2 (LRRK2), a protein with multiple functional 

domains including serine-threonine kinase and GTPase domains, implicated in the 

endolysosomal system, cytoskeleton dynamics and immune responses (Civiero et al., 2018; 

Wallings & Tansey, 2019; Erb & Moore, 2020). The G2019S variant is the most common and 

best characterised pathogenic PD-linked LRRK2 variant (Simpson et al., 2022), affecting both 

kinase and GTPase activity (Nguyen et al., 2020). G2019S is most prevalent in individuals with 

Ashkenazi Jewish and North African Berbers genetic ancestry (Bar-Shira et al., 2009; Ben El 

Haj et al., 2017). Familial studies of individuals harbouring G2019S show an autosomal 

dominant pattern of inheritance and incomplete penetrance (Biskup & West, 2009). The 

cumulative incidence of PD in G2019S carriers varies across studies (Healy et al., 2008; Marder 

et al., 2015; Lee et al., 2017). A recent study estimated that 49% of G2019S carriers developed 

PD by age 80 (Kmiecik et al., 2024). Like G2019S, other pathogenic variants in LRRK2 such 

as R1441C, R1441G, and I2020T (Richards et al., 2015; Simpson et al., 2022), are gain of 

function mutations (Henry et al., 2015).  

GBA encodes the lysosomal enzyme glucocerebrosidase. Biallelic pathogenic variants in GBA 

cause Gaucher’s disease (GD), an autosomal recessive lysosomal storage disorder leading to 

glucocerebroside accumulation. Increased PD rates were first observed among GD patients 

and their family members carrying heterozygous GD variants (Beavan & Schapira, 2013). 

Larger studies confirmed the increased PD incidence in individuals with GD-associated GBA 

variants (Sato et al., 2005; Nichols et al., 2009; Neumann et al., 2009). Ashkenazi Jewish 

populations have a ~1:17 carrier rate of GD-associated variants, with N370S being the most 

common (Horowitz et al., 1998). A multi-centre study found N370S and L444P variants in 

15.3% of Ashkenazi Jewish PD patients and 3.2% of non-Ashkenazi Jewish PD patients 

(Sidransky et al., 2009). Hundreds of GBA variants are now linked to PD (Parlar et al., 2023), 

with PD penetrance estimated at ~10-30% by age 80 (Anheim et al., 2012; Rana et al., 2013; 

Balestrino et al., 2020). Due to a lack of Mendelian inheritance patterns, GBA is considered a 

significant genetic risk factor for PD (GBA-PD). GBA variants are classified based on their 
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association with mild or severe GD phenotypes (Beutler et al., 2005). Severe GBA variants 

lead to earlier onset with worse motor and cognitive outcomes compared to mild variants 

(Gan-Or et al., 2015; Cilia et al., 2016; Liu et al., 2016). 

There is heterogeneity between idiopathic-, GBA- and LRRK2-PD patients (Kestenbaum & 

Alcalay, 2017; Thaler et al., 2018). LRRK2-associated PD (LRRK2-PD) patients often present 

with milder motor symptoms and a slightly earlier onset than idiopathic PD (Healy et al., 

2008). Some LRRK2-PD cases lack classical Lewy body pathology (Kalia et al., 2015; 

Schneider & Alcalay, 2017), while Lewy body pathology is common in GBA-PD (Neumann 

et al., 2009). GBA-PD patients have similar initial motor presentations to idiopathic PD 

patients, but faster motor dysfunction progression and worse cognitive outcomes (Brockmann 

et al., 2015; Cilia et al., 2016). Notably, PD patients harbouring both pathogenic LRRK2 and 

GBA variants experience a less severe cognitive decline than those harbouring only GBA 

variants, suggesting an interaction between these genes (Ortega et al., 2021). Understanding 

the heterogeneity among idiopathic-, GBA- and LRRK2-PD patients may reveal common 

dysregulated pathways. 

PD motor symptoms often appear years after neurodegeneration begins (Fearnley & Lees, 

1991). Detecting early-stage neurodegeneration is crucial for developing disease-modifying 

treatments and evaluating them in clinical trials (Mahlknecht et al., 2015). Without 

biomarkers for early neurodegeneration, research participant enrolment relies on risk-factor 

based prognostic scoring (Berg et al., 2015; Heinzel et al., 2019). Key risk factors include 

pathogenic variants in genes like LRRK2 and GBA, in addition to rapid eye movement sleep 

behaviour disorder (RBD) and hyposmia. Estimates place the prevalence of olfactory 

dysfunction at 96% of PD patients (Haehner et al., 2009), and RBD in over 86% (Sixel-

Döring et al., 2023). Individuals with poor olfactory function are at higher risk of developing 

PD (Ross et al., 2008) and 80% of individuals with RBD develop neurodegenerative 

disorders, typically synucleinopathies (Iranzo et al., 2013). Studies like the PPMI use such 

risk factors to create prodromal cohorts, in an attempt to recruit PD patients before diagnosis 

(Marek et al., 2018). Identifying differences in these prodromal individuals can reveal early 

dysregulated processes, offering novel biomarker targets. 

In Chapter 5, I identified a specific reduction in global circRNA expression in the blood of 

early-stage idiopathic PD patients from the PPMI and ICICLE-PD cohorts. However, whether 

a reduction is also present in genetic PD patients is currently unknown. Additionally, the 

detection of globally reduced circRNA could be detectable before diagnosis. Given the lower 

circRNA levels in the substantia nigra of PD patients (Hanan et al., 2020), similar reductions 
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in blood could indicate a shared mechanism. However, the impact of PD on global circRNA 

levels in dopaminergic neurons remains to be explored. 

To address these questions, I measured circRNA expression in the blood of PD patients with 

pathogenic GBA and LRRK2 variants from the PPMI cohort, as well as in individuals at high 

risk for developing PD, comparing both to controls. To explore a potential mechanistic link 

between circRNA expression and PD, I compared circRNA levels in dopaminergic neurons 

from the substantia nigra of PD patients and matched controls from the BRAINcode cohort. 

Integrating gene expression data from these comparisons provided insights into potentially 

dysregulated processes affecting global circRNA expression in the brain and blood of PD 

patients and those at heightened risk. 
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6.2 Methods 

This chapter refers to RNA sequencing data generated externally to this PhD project by the 

PPMI and BRAINcode studies. All sample metadata was collected from previous publications 

(X. Dong et al., 2018; Craig et al., 2021; Dong et al., 2023). Raw sequencing data were 

downloaded as described in the relevant sections. 

6.2.1 Parkinson’s Progression Marker Initiative (PPMI) cohort 

PPMI sample study groups were in accordance with a 2023 data freeze of the PPMI cohort 

(dated 23rd October 2023). Samples were assigned to three cohorts: PD, Controls and 

Prodromal, based on a centralised review by the PPMI. These reviews highlight changes in 

diagnoses compared to initial enrolment status. They also take account of updated biological 

information regarding participants. For example, controls with positive α-synuclein seed 

amplification assay results are excluded (Siderowf et al., 2023). 

Sample metadata were taken from the most recent curated data set (dated 29th January 2024). 

Some of the samples originally included in the genetic registry subgroup do not have any 

follow-up information and may lack information at baseline (disease duration and treatment 

status for example). For these samples, metadata was taken from the information provided in 

previous publications (Craig et al., 2021). Analysis samples were selected according to the 

participant- and technical-level criteria outlined in Figure 6.1.  
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Figure 6.1. PPMI sample selection. Schematic outlining the workflow for selecting PPMI samples for 
analysis. At each step, the number of samples remaining is shown on the right-hand side. 

 

A breakdown of demographic and clinical information for each PPMI sub-cohort is shown 

below (Table 6.1). 
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Variable PD 
(n = 491) 

Prodromal 
(n = 264) 

Control 
(n = 162) P-value 

Sex (M/F) 292/199 119/145 103/59 7.8x10-5 
Age at consent (years) 63.4 ± 10.1 59.9 ± 12.8 60.5 ± 11.7 5.0x10-5 

Disease duration (months) 13.8 ± 18.8 NA NA NA 
LEDD (mg/day) 130.8 ± 315.5 2.6 ± 14.1 0.0 ± 0.0 9.9x10-13 

 
Table 6.1. Sample characteristics of PPMI analysis samples. Where possible, the mean value for each group is given ± standard deviation. The difference in the 
proportion of Males/Females between cohorts was assessed using a two-sided Fisher's exact test. All other group differences were assessed using a one-way ANOVA. 

 

Variable iPD 
(n = 325) 

LRRK2-PD 
(n = 125) 

GBA-PD 
(n = 36) 

LRRK2 & 
GBA-PD 
(n = 5) 

LRRK2-
Control 
(n = 136) 

GBA-
Control 
(n = 76) 

LRRK2 & 
GBA-

Control 
(n = 10) 

Hyposmia 
(n = 18) 

RBD 
(n = 24) 

Control 
(n = 162) 

Sex (M/F) 210/115 61/64 21/15 0/5 59/77 25/51 3/7 12/6 20/4 103/59 

Age at 
consent 
(years) 

62.6 ± 9.55 65.7 ± 10.6 63.4 ± 11.3 60.9 ± 12.9 58.7 ± 12.6 56.5 ± 13.9 62.8 ± 7.12 67.6 ± 6.55 70.2 ± 6.35 60.5 ± 11.7 

Disease 
duration 
(months) 

6.6 ± 6.5 35.1 ± 25.0 28.2 ± 29.4 43.4 ± 25.4 N/A N/A N/A N/A N/A N/A 

LEDD 
(mg/day) 0 ± 0 548.9 ± 

454.0 
338.6 ± 
400.2 

363.2 ± 
277.3 N/A N/A N/A N/A N/A N/A 

 
Table 6.2. Sample characteristics of PPMI analysis subgroups. Where possible, the mean value for each group is given ± standard deviation.
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Identification of PD risk variants in PPMI participants was performed by the PPMI (dated 20th 

December 2023). Briefly, variants were called using data from several technologies: genotyping 

array, whole genome sequencing, whole exome sequencing, sanger sequencing (GBA) and 

Clinical Laboratory Improvement Amendments approved genetic testing. Variants were 

extracted from selected genes included in the PD GENEration study (LRRK2, GBA, VPS35, 

SNCA, PRKN, PARK7, and PINK1) (Cook et al., 2023).  All PD-risk variants met the American 

College of Medical Genetics and Genomics criteria for pathogenicity at the time of analysis 

(protocol document dated 20th December 2023) (Richards et al., 2015).  

This chapter focuses on participants with PD risk variants in LRRK2 or GBA (Table 6.3). As 

previously described, G2019S was the most common LRRK2 variant while N409S (previously 

reported as N370S) was the most common GBA variant (Table 6.3) (Simuni, Uribe, et al., 

2020; Simuni, Brumm, et al., 2020).  
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Gene Variant Frequency 
LRRK2 (n = 261) G2019S 178  

N1437H 0  
R1441C 0  
R1441G 0  
R1441H 0  
I2020T 0  

NA 83    

GBA (n = 108) N409S (N370S) 53  
L483P (L444P) 1  

115+1G>A (IVS2+1G>A) 1  
R159W (R120W) 1  
R535H (R496H) 0  
R502C (R463C) 0  
D448H (D409H) 0  
S212* (S173*) 0  

L29Afs*18 (84GG) 0  
NA 52    

LRRK2 & GBA (n = 15) G2019S & N409S (N370S) 9  
G2019S & R535H (R496H) 3  
G2019S & R159W (R120W) 2  

G2019S & L29Afs*18  (84GG) 1 
 
Table 6.3. Pathogenic GBA and LRRK2 variants included in the 2023 PPMI data freeze. 
Frequencies of each variant are provided where possible. Specific variant information was not available 
for samples enrolled in the PPMI genetic registry subgroup. Previous GBA variant nomenclature is 
shown in parentheses. 

 

A total of 166 PPMI samples with a clinical diagnosis of PD harbouring known pathogenic 

variants (Genetic PD) passed the selection criteria, with the breakdown according to gene 

shown in Table 6.4. 

 

Genetic PD subgroup n 
LRRK2 125 
GBA 36 

LRRK2 & GBA 5 
Table 6.4. Number of processed samples in PPMI genetic PD subgroups.  

 

PPMI enrolment strategies for genetic PD subgroups differed from idiopathic PD patients, 

resulting in different sample characteristics. Participants in genetic PD subgroups had longer 
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disease duration and, as a function of disease progression, were receiving dopaminergic 

treatment upon enrolment (Figure 6.2a, b). PD patients harbouring dual pathogenic LRRK2 

and GBA variants were excluded. 

 

 

Figure 6.2. Differences in disease duration and dopaminergic treatment among PPMI PD 
subgroups. (a, b) Distribution of disease duration (a) and dopaminergic treatment dosage (b) among 
PPMI PD subgroups. Each bar is coloured according to subgroup i.e., presence of pathogenic variants 
in LRRK2 or GBA. LEDD = Levodopa Equivalent Daily Dose. 

 

Individuals were recruited to the Prodromal cohort if they harboured at least one known PD-

risk factor: pathogenic genetic risk variants (LRRK2, GBA, SNCA), hyposmia with a deficit 

based on dopamine transporter imaging, or REM sleep behaviour disorder (RBD). Non-

manifest LRRK2 and GBA carriers (i.e., harbouring pathogenic LRRK2 and GBA variants but 

have no clinical PD diagnosis) are referred to as LRRK2-Control and GBA-Control respectively. 

10 participants with no diagnosis of PD had pathogenic variants in both LRRK2 and GBA yet 

were excluded. After selection criteria and processing of total RNAseq data, 254 Prodromal 

samples were available (Table 6.5) 

 

At-risk subgroup n 
LRRK2-Control 136 
GBA-Control 76 

Hyposmia 18 
RBD 24 

 
Table 6.5. Number of PPMI participants at increased risk of developing PD. Subgroups are 
stratified by specific PD risk category. 
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6.2.2 BRAINcode cohort 

Samples from the BRAIN Cell encyclOpeDia of transcribed Elements Consortium 

(BRAINcode), were collected and processed by BRAINcode members as previously described 

(X. Dong et al., 2018; Dong et al., 2023). Briefly, frozen postmortem brain samples were 

collected from individuals diagnosed with PD, AD and those free of neurodegenerative disease 

after neuropathological inspection. Individuals without a neurodegenerative diagnosis but 

evidence of Lewy body pathology at autopsy were termed Incidental Lewy body cases (ILB). 

Specific neuron types were isolated using laser-capture microdissection. For PD and ILB 

samples, dopaminergic neurons were extracted from the substantia nigra, for AD samples, 

pyramidal neurons from the temporal cortex. Both neuron types were also isolated in control 

samples.  

A total of 197 BRAINcode samples were available (i.e. passed QC checks in previously 

published work) (X. Dong et al., 2018; Dong et al., 2023). Given the scope of this chapter, I 

focused on a set of 104 samples comprising dopaminergic neurons isolated from the substantia 

nigra of PD and ILB cases alongside controls. Sample characteristics are shown in 

Table 6.6. 

 

Variable 
PD 

(n = 18) 

ILB  

(n = 27) 

Control 

 (n = 59) 
P-value 

Sex (Male/Female) 14/4 18/9 39/20 0.68 

Age 76.9 ± 7.7 84.6 ± 6.3 79.4 ± 11.3 0.02 

Postmortem interval (hours) 5.2 ± 5.8 4.0 ± 4.8 5.3 ± 7.2 0.68 

Unified Lewy Body staging system 3.1 ± 1.0 2.3 ± 1.3 0.0 ± 0.0 < 2.2x10-16 

 
Table 6.6. BRAINcode sample characteristics. Table showing the relevant demographic, clinical and 
technical characteristics of BRAINcode samples for which total RNAseq was performed on 
dopaminergic neurons isolated from the substantia nigra. Numeric values are given as mean ± standard 
deviation. The difference in the proportion of Males/Females between cohorts was assessed using a two-
sided Fisher's exact test. All other group differences were assessed using a one-way ANOVA. 

  

6.2.3 RNA sequencing 

RNAseq methods of the PPMI cohort were described in Section 2.3.2. 
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BRAINcode sequencing data were downloaded from the Gene Expression Omnibus from the 

project accession PRJNA902741. Methods describing the sequencing have been previously 

published (X. Dong et al., 2018; Dong et al., 2023). Briefly, neuronal RNA was isolated with 

the Arcturus PicoPure RNA Isolation Kit (Applied Biosystems) and treated with DNase 

(Qiagen). RNA was amplified with the Ovation RNA-Seq System (NuGen). Library 

preparation used the TruSeq RNA Library Prep Kit v2 (Illumina). Sequencing was performed 

Illumina HiSeq 2000 and 2500 generating 50-75bp paired end reads. 

6.2.4 RNA sequencing quality control 

A series of quality control steps were performed as described in Section 2.4. Due to the use of 

an unstranded library preparation when sequencing BRAINcode samples, several strand-

specific parameters were changed. For HISAT2 alignment, no --rna-strandness flag was set. 

When running Picard CollectRnaSeqMetrics, --STRAND_SPECIFICITY was set to NONE. 

BRAINcode samples had a median sequencing depth of 80.1 million paired-end reads (IQR = 

44.9) (Figure 6.3a). Sequencing quality was generally above PHRED 30 (Figure 6.3b). The 

last base of samples sequenced at 50bp length reads showed a drop in quality (Figure 6.3b), 

however downstream soft clipping during alignment and transcript quantification accounted for 

this. Across the cohort, a median of 85.1% (IQR = 2.8%) of sequenced reads aligned to the 

genome, and a median of 52.1% of all reads aligned uniquely (IQR = 7.4%) (Figure 6.3c). In 

BRAINcode samples, a median of 9.6% (IQR = 3.3%) of aligned bases corresponded to the 

protein-coding regions of genes (Figure 6.3d). Overall, aligned bases mostly mapped to regions 

encoding ribosomal RNA (rRNA) (median 31.0%, IQR = 14.1%) (Figure 6.3d). However, the 

detection of circRNAs is likely to be impacted by the presence of rRNA (Nielsen et al., 2022).     



172 
 

 

Figure 6.3. Sequencing QC of BRAINcode samples. (a) The distribution of the amount of paired-end 
reads, coloured based on a sequencing batch. The dotted line indicates the median sequencing depth of 
all sequenced samples. (b) Sequencing quality along the read length. At each base position, the mean 
quality (represented as a PHRED score) is shown. Quality scores are coloured to reflect the categories 
in FastQC. (c) The distribution of reads mapping to the genome. Mapped reads have been categorised 
as a percentage of all reads that were mapped (Overall) and reads that were mapped uniquely (Unique). 
Summary statistics are given as the median percentage of reads in each category [Interquartile range]. 
(d) Distribution of aligned bases according to the genomic location of the annotated feature. UTR = 
Untranslated Region. 

 

6.2.5 Gene quantification 

Transcripts were quantified with Salmon v1.3.0 (Patro et al., 2017) (Section 2.5.1). Transcript 

counts were summarised to the gene level using tximport v1.28.0 for downstream use with both 

DESeq2 and limma as described (Section 2.8). 

6.2.6 Circular RNA detection and quantification 

The circRNA detection workflow (described in Section 2.6) was modified to account for FSJ 

detection batch effects (Section 8.3). Instead of overlapping circRNA detections from multiple 

tools, circRNAs were detected using CIRI2 v2.0.6 (Gao et al., 2018) and then quantified from 

raw sequencing reads using CIRIquant v1.1.2 (Zhang et al., 2020). In a recent benchmark, this 

approach was shown to have the highest precision of all tested methods (Vromman et al., 2023). 

From this, back-spliced junction (BSJ) and forward-spliced junction (FSJ) counts were 
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estimated representing circRNA and the corresponding cognate linear RNA expression 

respectively. I retained circRNAs mapped to at least five raw reads in more than one individual 

in line with increased precision of detection (Vromman et al., 2023). 

In line with previous Chapters 3, 4 and 5, circRNA expression was normalised to the number 

of reads mapped by Salmon (i.e., transcriptome-mapped reads). When performing differential 

expression, this method of normalisation was achieved by providing the corresponding library 

size and normalisation factors calculated for each sample based on gene expression.  

Circular:linear RNA ratios at each BSJ locus were reported by CIRIquant based on the formula 

described in Equation 2.1. 

6.2.7 Modelling biological and technical sources of RNA expression variation 

The contributions of biological and technical sources of variation to RNA expression were 

assessed based on the method outlined in Section 2.7. Principal components of gene and 

circRNA expression were calculated as described in Section 2.10.1.  

As described in Section 2.7, a reduced set of technical and biological covariates (age, sex) were 

used to construct linear mixed models predicting individual gene and circRNA expression using 

variancePartion v1.30.2 (Hoffman & Schadt, 2016). 

6.2.8 RNA differential expression 

Before differential expression analyses, additional filtering of genes and circRNAs based on 

expression was performed to ensure consistent detection across different comparison groups. 

For PPMI and BRAINcode samples, genes were filtered using the filterByExpr function in 

edgeR v3.42.4 (Robinson et al., 2010). In PPMI samples, circRNAs were retained that had an 

expression > 0.1 counts per million in at least half of all samples. In BRAINcode samples, 

circRNAs were retained that were detected in at least 10% of all samples. For both sets of 

samples, the corresponding cognate linear RNAs (based on FSJ loci) were also kept.  

Differential expression was performed using limma as outlined in Section 2.8. For comparisons 

of RNA expression across PPMI subgroups, I adjusted for age (binned into <55, 55-65, >65), 

sex and sequencing batch. For gene differential expression, I also adjusted for the percentage 

of usable bases. For circRNA and cognate linear RNA differential expression, I also adjusted 

for the percentage of intronic bases. For comparisons of RNA expression across BRAINcode 

subgroups, I adjusted for age, sex, sequencing batch, RNA integrity number and post-mortem 
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interval. For gene differential expression, I also adjusted for the median coefficient of variation 

of coverage.  

6.2.9 Gene Set Enrichment Analysis 

Systematic changes in gene expression were identified using Gene Set Enrichment Analysis 

(GSEA) (Subramanian et al., 2005). GSEA was performed using the GSEA() function in 

clusterProfiler v4.8.3 (Wu et al., 2021). Hallmark gene sets (Liberzon et al., 2015) were 

collected using msigdbr v7.5.1. GSEA was performed on all genes ranked by fold change using 

10,000 permutations running the fgsea v1.26.0 backend (Korotkevich et al., 2021). P-values 

were corrected for multiple testing using the Benjamini-Hochberg procedure (Benjamini & 

Hochberg, 1995). 

6.2.10 Statistical analysis 

All statistical analysis was performed in R v4.3.1, with relevant statistical tests detailed in the 

text. Cumulative proportions were calculated and plotted using the stat_ecdf() function 

implemented in ggplot v3.4.4. 

Imbalances in RNA expression were determined based on the distribution of fold changes 

obtained by differential expression testing as described in Section 2.10.3. In this chapter 

however, no fold change threshold was set meaning log2 fold changes > 0 were classed as 

increased while log2 fold changes < 0 were classed as decreased. 
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6.3 Results 

6.3.1 Circular RNA detection and expression in PPMI blood samples 

I used total RNAseq data from 917 PPMI participants (see Section 0 for selection criteria) to 

detect gene, circRNA (BSJ) and cognate linear RNA (FSJ) expression (Figure 6.4a). 

Participants were categorised into three top-level study cohorts: those with clinically diagnosed 

PD (n = 491), prodromal participants that possess at least one PD-related risk factor with no PD 

symptoms (n = 264) and controls free of neurological disease and known risk factors (n = 162). 

After processing, 18,751 unique circRNAs were retained based on distinct BSJ coordinates. 

CircRNAs were consistently detected across the entire dataset with 18,635 (99.4%) detectable 

in at least one individual in each study cohort (Figure 6.4b).  

Previously, I normalised the number of circRNAs detected and their expression against the 

number of reads mapping to the transcriptome in each sample (Chapters 3, 4 and 5). To test 

the suitability of this normalisation method in this set of PPMI samples, I collected sample-

level measures of sequencing depth including the number of total reads sequenced, the number 

of genome-mapped reads and the number of transcriptome-mapped reads. Both the number of 

total reads and genome-mapped reads varied across study cohorts (P-value < 0.05, Kruskal-

Wallis test), however no study cohort differences were identified in the number of 

transcriptome-mapped reads (P-value = 0.4, Kruskal-Wallis test) (Figure 6.4c). Compared to 

the other measures of sequencing depth, transcriptome-mapped reads had the highest 

correlation with total circRNA expression (R2 = 0.28) and the number of unique circRNAs (R2 

= 0.26) in each sample (Figure 6.4d, e). As such, I normalised the amount and abundance of 

circRNA against the number of transcriptome-mapped reads in each sample in this set of PPMI 

samples. 
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Figure 6.4. Overview of RNA quantification in PPMI samples and normalisation of circular RNA 
expression. (a) Overview of the RNA quantification workflow. The study cohorts present within the 
PPMI are shown along with examples of subgroups belonging to each cohort. iPD = idiopathic PD (b) 
Intersection of detected circRNAs across PPMI study cohorts. The number above each bar shows the 
size of the intersection.  (c) Comparison of sequencing depth across study cohorts. P-value calculated 
from a Kruskal-Wallis test. (d, e) Correlation between sequencing depth to total circRNA expression 
(d) and number of unique circRNAs in each sample (e). Shaded area indicates the 95% confidence 
interval of the linear regression line. 

 

To improve comparisons of gene and circRNA across PPMI study cohorts and subgroups, I 

applied additional expression-based filtering (Section 6.2.8) resulting in 20,562 genes and 

4,546 circRNAs remaining. Projection of the first two PCs of gene and circRNA expression 

(Figure 6.5a) indicated sources of variation contributing to RNA expression other than the 

study cohort.  

To identify sources of variation contributing to RNA expression, I first assessed the relationship 

between technical sequencing metrics to gene and circRNA quantification (Section 6.2.7). The 

first ten PCs of gene and circRNA expression cumulatively explained 57.9% and 33.3% of the 
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variation respectively (Figure 6.5b, c). The first PCs of both gene and circRNA expression 

were significantly correlated to several technical sequencing metrics (FDR < 0.05, linear 

regression) (Figure 6.5b, c). For gene expression, the percentage of usable bases explained 

>52% of the variation in PC1 and was highlighted as a potential technical covariate (Figure 

6.5b).  For circRNA expression, no technical metric explained >50% of the variation in any of 

the first ten PCs (Figure 6.5c). Given the variation explained by PC1 relative to PC2 (23.2% 

vs 3.8%) and ensure consistency with previous analyses (Chapters 4 and 5), I selected the 

percentage of intronic bases (accounting for 47% of the variation in PC1), as a potential 

technical covariate to capture variation attributed to PC1 (Figure 6.5c). 

Next, I fit linear mixed models using variancePartition (Hoffman & Schadt, 2016) to the 

expression of individual gene and circRNA expression. As explanatory variables, I included 

sources of technical variation identified in the previous step (percentage of usable bases for 

gene expression and percentage of intronic bases for circRNA expression) alongside 

sequencing batch and common sources of biological variation (age and sex). Apart from sex, 

all included covariates generally explained more variance than the PPMI study cohort, 

indicating I should account for these covariates when modelling differences in expression 

(Figure 6.5d). Due to the presence of outliers when considering the contributions of sex to the 

expression of specific genes and circRNAs (Figure 6.5d), I also included sex as an explanatory 

variable when modelling differences in expression. 
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Figure 6.5. Sources of extraneous biological and technical variation when quantifying gene and 
circular RNA expression in PPMI samples. (a) Scatter plot of the first two PCs of gene and circRNA 
(BSJ) expression. Each point indicates a sample coloured according to the study cohort. (b, c) Results 
from univariate linear regression of technical sequencing metrics against each of the first 10 PCs of gene 
(b) and BSJ (c) expression. The top panel of each figure shows the percentage of variation explained by 
each PC. The amount of variation explained (R2) by each metric is only shown when it passed multiple 
testing correction (FDR <0.05). (d) Contribution of covariates to individual gene and BSJ expression. 
Each point represents a single gene or BSJ, with the proportion of variation explained by the covariates 
shown on the x-axis. 

 

6.3.2 Circular RNA expression in genetic PD 

Chapters 4 and 5 focused on idiopathic PD. To determine if the changes in global circRNA 

expression I observed were detectable in genetic PD (i.e., where PD patients carried a genetic 

risk allele), I compared BSJ and FSJ expression between genetic PD patients and controls. 

Based on BSJ and FSJ fold change differences between LRRK2-PD and GBA-PD PD patients 

to controls, circRNA expression was globally reduced (LRRK2-PD imbalance = 0.35, 95% CI: 

0.33-0.38, GBA+ imbalance = 0.39, 95% CI: 0.37-0.42) (Figure 6.6a, b), consistent with earlier 

observations in iPD (Chapter 5). However, unlike idiopathic PD patients, linear RNA 
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expression was globally increased in both comparisons in LRRK2-PD and GBA-PD patients 

(LRRK2-PD imbalance = 0.58, 95% CI: 0.55-0.60, GBA-PD imbalance = 0.54, 95% CI: 0.51-

0.56) (Figure 6.6a, b). Comparing BSJ and FSJ fold changes confirmed differences between 

circRNA and linear RNA expression changes in genetic PD patients compared to controls (P-

value < 2.2x10-16, Kolmogorov–Smirnov test) (Figure 6.6c). FSJ fold changes could explain 

12% and 23% of the variation in BSJ fold changes in LRRK2-PD and GBA-PD patients 

respectively (Figure 6.6d). Overall, these findings show that, like iPD patients, circRNA is also 

globally reduced in LRRK2-PD and GBA-PD patients. 
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Figure 6.6. Globally reduced circular RNA expression in genetic PD patients. (a) Volcano plot 
showing the comparison of circRNA (BSJ) and linear RNA (FSJ) expression between patients with 
genetic PD and controls stratified by pathogenic gene (LRRK2 or GBA). (b) The proportion of loci (both 
BSJs and FSJs) increased in genetic PD patients relative to controls. P-values obtained from a two-sided 
exact binomial test corrected for multiple testing (Bonferroni correction, two tests). (c) Cumulative 
distribution of BSJ and FSJ fold changes. P-values derived from a Kolmogorov-Smirnov test. (d) 
Correlation between BSJ and cognate FSJ fold changes. 
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6.3.3 Circular RNA expression in individuals at increased risk of developing PD 

Individuals at a heightened risk of developing PD were enrolled into the PPMI Prodromal study 

cohort, enabling the monitoring of potential biomarkers throughout disease trajectory. After 

comparing BSJ fold changes, LRRK2-Controls (imbalance = 0.39, 95% CI: 0.37-0.41), GBA-

Controls (imbalance = 0.15, 95% CI: 0.13-0.16) and individuals with hyposmia (imbalance = 

0.23, 95% CI: 0.21-0.25) all showed varying but consistent reductions in global circRNA 

expression (Figure 6.7a, b). Of the prodromal subgroups, only individuals with RBD showed 

a global increase in circRNA expression (imbalance = 0.61, 95% CI: 0.59-0.64), combined with 

a concomitant global increase in the cognate linear RNA expression (imbalance = 0.61, 95% 

CI: 0.59-0.63) (Figure 6.7a, b). BSJ and FSJ fold changes showed varied distributions in all 

comparisons (P-value < 2.2x10-16, Kolmogorov–Smirnov test) (Figure 6.7c). For all prodromal 

subgroups, FSJ fold changes explained between 11-20% of the variance in BSJ fold changes 

(Figure 6.7d), again highlighting the unique expression changes in circRNA compared to linear 

RNA. Together, these results indicate that individuals with pathogenic LRRK2 variants, 

pathogenic GBA variants or hyposmia exhibit a global reduction in circRNA expression that is 

not solely driven by a reduction in linear RNA expression. Therefore, in certain PD risk factor 

groups, reduced circRNA expression may reflect systematic responses to neurodegeneration.  
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Figure 6.7. Globally reduced circular RNA expression in at-risk individuals when stratified by PD 
risk factor. (a) Volcano plot showing the comparison of circRNA (BSJ) and linear RNA (FSJ) 
expression between subgroups of individuals at increased risk of developing PD (LRRK2-Control, GBA-
Control, Hyposmia, RBD) and controls. (b) The proportion of loci (both BSJs and FSJs) increased in 
at-risk individuals relative to controls. P-values obtained from a two-sided exact binomial test corrected 
for multiple testing (Bonferroni correction, two tests). (c) Cumulative proportions of BSJ and FSJ fold 
changes for each subgroup comparison. P-values derived from a Kolmogorov-Smirnov test. (d) 
Correlation between BSJ and the cognate FSJ fold changes for each subgroup comparison.  RBD = REM 
(rapid eye movement) sleep behaviour disorder. 

 

6.3.4 Gene expression changes in PPMI subgroups that exhibit reduced circular RNA expression 

Previously I implicated known innate immune regulators of circRNA expression, such as 

ADAR1 and RNase L, as potential drivers of reduced circRNA expression in iPD (Chapter 5). 

The comparative reductions in circRNA expression in genetic PD patients and among 
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individuals with specific PD-risk factors raise the hypothesis that ADAR (ADAR1) and 

RNASEL (RNase L) expression may also be altered in these individuals. ADAR expression was 

significantly increased in LRRK2-PD and GBA-PD patients relative to controls (P-values < 

0.05, moderated t-test) (Figure 6.8a). RNASEL expression was also significantly increased in 

LRRK2-PD and GBA-PD patients (P-values < 0.05, moderated t-test) (Figure 6.8a). Contrary 

to iPD patients (Chapter 5), there were no significant expression differences in the gene 

encoding PKR (EIF2AK2), in LRRK2-PD or GBA-PD patients compared to controls (P-values 

> 0.05, moderated t-test) (Figure 6.8a). In prodromal subgroups that exhibit reduced circRNA 

expression (LRRK2-Control, GBA-Control, Hyposmia), increased expression of ADAR and 

RNASEL was also observed but did not reach significance (P-values > 0.05, moderated t-test) 

(Figure 6.8a). 

Next, I employed gene set enrichment analysis (GSEA) of Hallmark gene sets (Liberzon et al., 

2015) to identify commonly dysregulated processes across subgroups that exhibited globally 

reduced circRNA expression. Across all surveyed subgroups, no gene sets were commonly 

enriched (Figure 6.8b). In genetic PD patients, genes involved in inflammation 

(IL6_JAK_STAT3_SIGNALING, INFLAMMATORY_RESPONSE, 

TNFA_SIGNALING_VIA_NFKB) were significantly upregulated (Figure 6.8b). Interferon 

related gene sets (INTERFERON_ALPHA_RESPONSE, 

INTERFERON_GAMMA_RESPONSE) were significantly upregulated in GBA-PD patients. 

Among prodromal groups, interferon related gene sets (INTERFERON_ALPHA_RESPONSE, 

INTERFERON_GAMMA_RESPONSE) were significantly downregulated in LRRK2-

Controls (Figure 6.8b). Overall, despite all subgroups exhibiting globally reduced circRNA 

expression, their gene expression profiles highlight considerable heterogeneity within 

subgroups. 

 



184 
 

 

Figure 6.8. Increased expression of inflammatory gene signatures in PD patients harbouring 
LRRK2 and GBA variants. (a) Differential expression of ADAR (encoding ADAR1), RNASEL 
(encoding RNase L) and EIF2AK2 (encoding PKR) in subgroups that show globally reduced circRNA 
expression compared to controls. log2FC = log2 Fold Change. (b) Gene set enrichment analysis of 
Hallmark gene sets. All comparisons were made in comparison to control samples. * indicates FDR < 
0.05 based on all Hallmark gene sets. White tile = NA. NES = Normalised Enrichment Score. 

 

6.3.5 Circular RNA detection and expression in BRAINcode samples 

Globally reduced circRNA expression in blood appeared to be a ubiquitous feature within PPMI 

PD patients, raising the question of whether circRNA expression in the periphery is reflected 

in the brain. To explore circRNA expression in the brain, I leveraged published total RNA 

sequencing of post-mortem substantia nigral tissue (X. Dong et al., 2018; Dong et al., 2023). 
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Laser-capture microdissection of vulnerable dopaminergic neurons allowed the profiling of 

circRNA expression at a single-cell resolution. In total, sequencing data were available for 104 

samples comprising 18 PD cases, 27 incidental Lewy Body cases (ILB) and 59 controls 

(Section 6.2.2). Notably, ILB cases had neuropathological evidence of Lewy bodies at autopsy 

and are thought to reflect preclinical PD (DelleDonne et al., 2008; Dickson et al., 2008). 

I processed BRAINcode samples through RNA quantification pipelines to produce estimates 

of gene, circRNA and cognate linear RNA expression. Overall, 936 unique circRNAs were 

detected across the samples including 479 (51.2%) that were detected across all PD, ILB and 

Control groups (Figure 6.9a).  

Previously I have normalised against the number of transcriptome-mapped reads (Chapters 4 

and 5) due to its consistent performance across cohorts and to ensure parity with the method of 

normalisation when performing differential expression. To confirm the utility of normalising 

against the number of transcriptome-mapped reads in BRAINcode samples, I correlated 

measures of sequencing depth (total sequenced reads, genome-mapped reads and 

transcriptome-mapped reads) against the number of unique circRNAs (unique BSJs) and the 

total amount of circRNA expression (total BSJ reads) in each sample. I did not identify any 

differences in measures of sequencing across the sample groups (P > 0.05, Kruskal-Wallis test) 

(Figure 6.9b), so were appropriate for normalisation. I found that all measures of sequencing 

depth were positively correlated to the total amount of circRNA expression in each sample (all 

P-values < 0.05, linear regression) (Figure 6.9c). The number of transcriptome-mapped and 

genome-mapped reads explained 37% of the variance in total circRNA expression in each 

sample. The number of transcriptome-mapped and genome-mapped reads were also correlated 

to the number of unique circRNAs detected in each sample (all P-values < 0.05, linear 

regression) (Figure 6.9d), albeit explained 7% and 5% of the variance respectively. These 

results indicate that normalising the number of circRNAs and their expression against the 

number of transcriptome-mapped reads was a suitable method in BRAINcode samples. 
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Figure 6.9. Circular RNA detection and normalisation in BRAINcode sequencing. (a) Intersection 
of detected circRNAs across PD, ILB and Control study groups. For each combination of study groups, 
the intersection of detected circRNAs is shown. The number above each bar shows the size of the 
intersection. (b) Comparison of sequencing depth across sample groups. P values calculated from 
Kruskal-Wallis tests. (c, d) Relationship of sequencing depth to total circRNA expression (c) and 
number of unique circRNAs in each sample (d). Shaded area indicates the 95% confidence interval of 
the linear regression line. 

 

I detected a 20-fold reduction in the number of unique BSJs detected across BRAINcode 

samples (936) compared to PPMI samples (18,751). Whilst the PPMI has a larger sample size, 

the number of unique BRAINcode BSJs is still fewer than was detected in the similarly sized 

ICICLE-PD cohort (n = 96, 15,336 BSJs detected) (Chapter 4). In BRAINcode samples, BSJs 

also appeared to be not widely detected, with 99.7% of the 936 unique BSJs detected in less 

than half of all samples.  
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In their original publication, Dong et al identified 6,699 unique BSJs same BRAINcode samples 

described here, which may be due to differences in the circRNA detection algorithm used (Dong 

et al., 2023). To compare BSJ detection between the BSJs detected in this chapter and those in 

the associated publication, I collected summarised circRNA count tables provided with the 

deposited sequencing data (Gene Expression Omnibus ID: GSE218203). Among the 6,699 

BSJs detected by Dong et al, 99.9% were detected in less than half the samples. The BSJs 

detected in my analysis (median percentage of cohort = 5.8%) were more widely detected across 

the cohort (P-value < 2.2x10-16, Wilcoxon rank-sum test) compared to Dong et al (median 

percentage of cohort = 0.96%), likely due to the inclusion of rarer BSJs in the original 

publication. Despite the higher number of absolute BSJs reported by Dong et al, the normalised 

number of BSJs detected (per million transcriptome-mapped reads) were highly correlated 

across analyses (Spearman’s rho = 0.96, P-value < 2.2x10-16) (Figure 6.10c). 

The presence of rRNA can impair circRNA detection by sequestering sequencing capacity 

(Nielsen et al., 2022). Subsequently, I found a negative correlation between the number of 

mapped rRNA bases in each sample and the number of normalised BSJs detected, both for the 

BSJs I detected (Spearman’s rho = -0.42, P-value = 9.6x10-6) and those identified by Dong et 

al (Spearman’s rho = -0.35, P-value = 2.5x10-4) (Figure 6.10d). This suggests that the presence 

of rRNA may have impaired circRNA detection. There were no significant differences in the 

relative amounts of mapped rRNA bases across sample groups (P-value = 0.11, Kruskal-Wallis 

test) (Figure 6.10e). 
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Figure 6.10. Impaired circular RNA detection in BRAINcode samples due to presence of 
ribosomal RNA. (a) Detection of 936 unique circRNAs in BRAINcode samples. (b) Detection of 6699 
unique circRNAs as previously reported in Dong et al (2023). CircRNA expression was provided as 
“normalized reads per million (RPM) at the back-splicing sites for each sample” (Dong et al., 2023). 
(c) Correlation between the number of unique circRNAs detected in each sample as reported by Dong 
et al and in this chapter. Correlation reported as Spearman’s rho based on 104 samples. (d) Correlation 
between the number of unique circRNAs in each sample and the number of bases mapped to ribosomal 
RNA loci. Correlation reported as Spearman’s rho. (e) Percentage of bases mapped to ribosomal RNA 
loci across sample groups. P-value derived from a Kruskal-Wallis test. 

 

Given previously reported differences in total circRNA abundance found in bulk substantia 

nigra tissue from PD patients (Hanan et al., 2020), I investigated how total circRNA abundance 

may be altered within dopaminergic neurons. I did not detect any variation in the number of 

unique BSJs (normalised to the number of transcriptome-mapped reads in each sample) across 

sample groups (P-value = 0.8, Kruskal-Wallis test). There was, however, variation in the total 

expression of BSJs (normalised to the number of transcriptome-mapped reads in each sample) 

across sample groups (P-value = 1.5x10-4, Kruskal-Wallis test) (Figure 6.11). When comparing 

individual study groups, I found that PD samples had a greater number of total normalised BSJ 

reads than control (Holm corrected P-value = 7.0x10-4, Dunn’s test) or ILB samples (Holm 

corrected P-value = 1.6x10-4, Dunn’s test) (Figure 6.11). I did not detect any changes in total 
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normalised BSJ reads in ILB samples compared to controls (Holm corrected P-value = 0.3, 

Dunn’s test) (Figure 6.11). Overall, these results suggest that dopaminergic neurons located in 

the substantia nigra of PD patients have increased expression of circRNAs.   

 

 

Figure 6.11. Increased total circular RNA expression in BRAINcode PD samples. Total BSJ reads 
were normalised against the number of transcriptome-mapped reads in each sample. Post-hoc pairwise 
comparisons were performed using Dunn’s test with P-values corrected using Holm’s method. ns = P-
value > 0.05, *** = P-value < 0.001. 

 

I projected and visualised gene and circRNA expression into the first and second PCs, finding 

no clear segregation of individuals by study group (Figure 6.12a), suggesting other sources of 

variation are contributing to RNA expression. To assess the impact of technical sequencing 

factors on RNA expression in BRAINcode samples, I correlated sequencing metrics with the 

first ten expression principal components of gene and circRNA expression (Section 6.2.7). 

Cumulatively, the first ten PCs of gene and circRNA expression explained 42.5% and 25.9% 

of the variance respectively (Figure 6.12b, c). PC1 of gene and circRNA expression was 

significantly associated with several technical sequencing metrics (FDR < 0.05, linear 

regression) (Figure 6.12b, c). For gene expression, the median coefficient of variance of 

coverage explained 54% of the variance of PC1, possibly reflecting variability in the coverage 

across genes. For circRNA expression, no technical metric explained >50% of the variation in 

any of the first ten PCs. The proportion of variance explained by circRNA PC1 (5.7%, Figure 

6.12a, c) was lower than observed in PPMI samples (23.2%, Figure 6.5a, c), suggesting that 

technical variation had less influence on BRAINcode circRNA quantification and as such no 

technical factors were flagged.   
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I then included select metrics and sequencing batch, coupled with covariates used in a previous 

analysis of the BRAINcode samples (sex, age, post-mortem interval, RNA integrity number) 

(Dong et al., 2023), in linear mixed models to estimate their contribution to the variance in 

individual gene and circRNA expression (Section 6.2.7, Figure 6.5d). When ranked according 

to the median proportion of gene and circRNA expression variance explained, the included 

covariates accounted for more variance than condition (representing the study group; PD, ILB 

or control), justifying their inclusion when modelling RNA expression (Figure 6.5d). 
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Figure 6.12. Identifying sources of extraneous technical variation when quantifying circRNA 
expression in BRAINcode samples. (a) Scatter plot of the first two PCs of gene (top panel) and BSJ 
(circRNA) expression (bottom panel). Each point indicates a sample coloured according to the study 
cohort. (b, c) Results from univariate linear regression of technical sequencing metrics against each of 
the first 10 PCs of gene (b) and BSJ (c) expression. The top panel of each figure shows the percentage 
of variation explained by each PC. The amount of variation explained (R2) by each metric is only shown 
when it passed multiple testing correction (FDR <0.05). (d) Contribution of covariates to individual 
gene (top panel) and BSJ (bottom panel) expression. Each point represents a single gene or circRNA, 
with the proportion of variation explained by the covariates shown on the x-axis. PCs = Principal 
Components.  

 

6.3.6 Circular RNA expression in dopaminergic neurons 

To assess global differences in circRNA expression between PD and ILB samples to controls, 

I performed differential expression of both BSJ and FSJ counts from 241 loci (Figure 6.13a). 

Based on BSJ fold changes, I found opposing directions of change including a global reduction 

in circRNA expression in ILB samples (imbalance = 0.33, 95% CI: 0.27-0.39) and a global 

increase of circRNA expression in PD samples (imbalance = 0.62, 95% CI = 0.55-0.68) (Figure 
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6.13a, b). In ILB samples, I saw a comparative reduction in linear RNA expression (imbalance 

= 0.31, 95% CI: 0.25-0.37), yet no imbalance in linear RNA expression for PD samples 

(imbalance = 0.52, 95% CI: 0.45-0.58) (Figure 6.13a, b). In both comparisons, the cumulative 

distribution of circRNA and linear RNA expression changes varied (ILB P-value = 4.5x10-4, 

PD P-value = 9.4x10-5, Kolmogorov–Smirnov test) (Figure 6.13c). Together, these results 

support earlier findings (Figure 6.11) that circRNA expression in globally increased in 

dopaminergic neurons isolated from PD patients. In this case however, the reduction in 

circRNA expression in dopaminergic neurons isolated from ILB samples cannot be uncoupled 

from a concurrent reduction in linear RNA expression. 

I observed a stronger correlation between changes in circRNA and linear RNA expression in 

BRAINcode samples (ILB R2 = 0.74, PD R2 = 0.64, P-values < 2.2x10-16, linear regression) 

compared to PPMI samples (Figure 6.6d, Figure 6.7d). One possibility is that changes in 

circRNA expression reflected differences in the detection of individual circRNAs. 

To resolve potential detection differences across study groups and the observed association 

between circRNA and linear RNA expression in ILB samples, I used the circular:linear ratio of 

each circRNA to normalise against the cognate linear RNA background, similar to previous 

work (Ma et al., 2019). The circular:linear ratios varied across study groups (P-value = 1.6x10-

16, Kruskal-Wallis test) (Figure 6.13e). Specifically, circular:linear ratios were increased in 

PD patients compared to both ILB (Holm corrected P-value = 2.4x10-9, Dunn’s test) and control 

samples (Holm corrected P-value = 2.4x10-9, Dunn’s test) (Figure 6.13e). In comparison, there 

was no significant difference in circular:linear ratios between ILB and control samples (Holm 

corrected P-value = 0.3, Dunn’s test) (Figure 6.13e). These findings suggest that ILB samples 

did not exhibit reduced circRNA expression relative to the comparative linear RNA expression 

and confirmed increased circRNA expression in PD patients disparate from changes in linear 

RNA expression. 

 



193 
 

 

Figure 6.13. Globally increased circular RNA expression in dopaminergic neurons from PD 
patients. (a) Volcano plot showing the comparison of circRNA (BSJ) and linear RNA (FSJ) expression 
between ILB and PD samples relative to controls. (b) The proportion of loci (both BSJs and FSJs) 
increased in ILB or PD samples compared to controls. P-values obtained from a two-sided exact 
binomial test corrected for multiple testing (Bonferroni correction, two tests). (c) Cumulative 
distribution of BSJ and FSJ fold changes. P-values derived from a Kolmogorov-Smirnov test. (d) 
Correlation between BSJ and cognate FSJ fold changes. (e) Cumulative distribution of the circular:linear 
ratio of all 936 circRNAs detected in BRAINcode samples. Distributions are shown for each study group 
separately. P-value calculated from a Kruskal-Wallis test. 

 

As circRNA expression was globally increased in PD patients, I hypothesised that expression 

of the previously described circRNA regulators ADAR1 (ADAR) and RNase L (RNASEL) 
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(Chapter 5) may be altered in these samples. However, I did not identify any significant change 

in ADAR, RNASEL or EIF2AK2 (PKR) expression in ILB or PD samples when compared to 

controls (P-values > 0.05, moderated t-test) (Figure 6.14a).  

To identify systematic gene expression changes in ILB and PD samples, I performed GSEA of 

Hallmark gene sets (Section 6.2.9). Dysregulated gene sets were largely distinct across ILB and 

PD samples (Figure 6.14b). Commonly dysregulated gene sets among ILB and PD samples 

included genes involved in allograft rejection (ALLOGRAFT_REJECTION) and KRAS 

signalling (KRAS_SIGNALING_DN, KRAS_SIGNALING_UP) (Figure 6.14b). Compared 

to controls, several gene sets related to proinflammatory processes (COMPLEMENT, 

IL6_JAK_STAT3_SIGNALING, INFLAMMATORY RESPONSE, 

TNFA_SIGNALING_VIA_NFKB) and innate antiviral responses 

(INTERFERON_ALPHA_RESPONSE, INTERFERON_GAMMA_RESPONSE) were 

upregulated in PD patients (Figure 6.14b), reflecting previously identified changes in the blood 

of early-stage idiopathic PD patients (Chapter 5). 
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Figure 6.14. Distinct processes altered in dopaminergic neurons from individuals with incidental 
Lewy body pathology and pathologically confirmed PD. (a) Expression of ADAR (encoding 
ADAR1), RNASEL (encoding RNase L) and EIF2AK2 (encoding PKR) in individuals converted to PD 
compared to controls. Fold changes and P-values were calculated using limma. log2FC = log2 Fold 
Change. (b) Gene set enrichment analysis of Hallmark gene sets. All comparisons were made in 
comparison to control samples. Only gene sets which are significantly enriched are shown (* = FDR < 
0.05). NES = Normalised Enrichment Score. 
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6.4 Discussion 

CircRNA expression varies based on the cell or tissue and their responses to physiological 

changes (Yang et al., 2022). Alterations in global circRNA expression can signal underlying 

mechanistic changes, such as the activation of an innate antiviral response (C.-X. Liu et al., 

2019). Global changes in circRNA expression are increasingly reported in a range of diseases. 

(Bachmayr-Heyda et al., 2015; C.-X. Liu et al., 2019; Moldovan et al., 2019, 2021; Seeler et 

al., 2022; Fuchs et al., 2023; Guo et al., 2024). In this chapter, I leveraged total RNAseq data 

from the PPMI cohort demonstrating how global circRNA expression is reduced in the blood 

of PD patients harbouring genetic risk variants in GBA or LRRK2. I further demonstrated how 

a reduction in circRNA expression can also be detected in groups of individuals that possess 

specific PD risk factors such as genetic risk variants in LRRK2 or GBA and hyposmia without 

a PD diagnosis. Conversely, global circRNA expression was increased in dopaminergic neurons 

from PD patients. 

6.4.1 Circular RNA expression is globally reduced in the blood of genetic PD patients 

My identification of reduced circRNA expression in idiopathic PD patients (Chapters 4 and 

5) raised the question of whether reduced circRNA expression would be a feature in PD patients 

harbouring risk alleles. PD patients harbouring pathogenic LRRK2 and GBA variants also 

showed reduced circRNA expression in the periphery (Figure 6.6). Due to different patient 

demographics in genetic PD patients enrolled in PPMI (Figure 6.2), the reduction in circRNA 

expression appears to be present in a wider range of disease duration and considering treatment 

status. Reduced circRNA expression in the blood of idiopathic, LRRK2-PD and GBA-PD 

patients indicates there may be a common mechanism leading to reduced circRNA expression.  

Reduced circRNA expression within the blood of PD patients is notable considering established 

phenotypic and pathological heterogeneity among PD patients, including those specifically 

harbouring GBA and LRRK2 variants (Greenland et al., 2019). In PPMI PD patients, the 

detection of pathological α-synuclein in cerebrospinal fluid varied among subgroups, with 

worse sensitivity reported in LRRK2-PD patients compared to GBA/idiopathic PD patients 

(Siderowf et al., 2023). Earlier work also reported variable postmortem presentations of Lewy 

body pathology in LRRK2-PD (Kalia et al., 2015). Identification of the causal mechanism 

driving a reduction in circRNA expression provides an opportunity to identify novel blood-

based markers of PD. One limitation of this work is that global circRNA expression was 

assessed in groups of PD patients. Reduced circRNA expression may be concentrated in a 
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subset of PD patients, driving changes in the whole group. Identification of PD subgroups based 

on global circRNA expression may inform future disease stratification. 

6.4.2 Circular RNA expression is globally reduced in the blood of individuals with specific PD risk 

factors 

I found that asymptomatic LRRK2 and GBA carriers show reduced global circRNA expression 

compared to controls (Figure 6.7). Motor and non-motor changes have previously been 

reported in asymptomatic LRRK2 and GBA carriers enrolled in the PPMI in addition to elevated 

urinary bis(monoacylglycerol) phosphate levels compared to controls (Simuni, Uribe, et al., 

2020; Merchant et al., 2023). Other studies have also described neurophysiological alterations 

in asymptomatic LRRK2 and GBA mutation carriers (Droby et al., 2022).  

I also found reduced circRNA expression in individuals with hyposmia (Figure 6.7). Olfactory 

dysfunction is common in PD, with over 96% of PD patients experiencing olfactory loss 

according to one multicentre study (Haehner et al., 2009). Although the mechanism is debated, 

Lewy body pathology has been observed in the olfactory bulb before motor symptoms appear 

(Braak et al., 2002; Braak, Del Tredici, et al., 2003; Beach et al., 2009). Therefore, reduced 

circRNA expression in individuals with hyposmia may indicate early stages of Lewy body 

pathology. 

Of all PD risk factor subgroups, only individuals with RBD did not show reduced circRNA 

expression, in fact demonstrating a global increase in circRNA expression (Figure 6.7). RBD 

is a frequent feature of PD, with one study showing more than 86% of patients had RBD (Sixel-

Döring et al., 2023). RBD is considered a risk factor not only for PD but also for other 

synucleinopathies, such as dementia with Lewy bodies and multiple system atrophy (Postuma, 

Gagnon, et al., 2015; Postuma et al., 2019). Therefore, the different global circRNA expression 

changes in the RBD subgroup compared to other prodromal subgroups, might indicate the 

development of synucleinopathies other than PD. Although circRNAs have been studied in 

patients with Lewy body dementia and multiple system atrophy (Chen et al., 2016; Puri et al., 

2023), the global circRNA expression patterns in the blood of patients with such disorders are 

currently unexplored. In PD, the onset of RBD varies in disease progression; in some patients, 

RBD is present years before diagnosis, while in others RBD may manifest towards later disease 

stages (Sixel-Döring et al., 2023; Cicero et al., 2023). It is hypothesised that RBD is associated 

with body-first PD, in which pathological α-synuclein first aggregates in the enteric or 

peripheral nervous systems before propagating to the central nervous system (Borghammer & 

Van Den Berge, 2019). Differences in global circRNA expression patterns among different PD 
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risk subgroups may therefore provide an insight into the origin of reduced circRNA expression. 

Increased circRNA expression in individuals with RBD may indicate that reduced circRNA 

expression in other PD risk subgroups may be driven by a response to neuroinflammation rather 

than peripheral inflammation.  

6.4.3 Heterogeneity among gene expression changes between groups that exhibit reduced circular 

RNA expression 

This chapter established that reduced blood circRNA expression is a feature of genetic PD. 

Reduced global circRNA expression has previously been reported in several cancers, systemic 

lupus erythematosus, psoriasis and atopic dermatitis (Bachmayr-Heyda et al., 2015; C.-X. Liu 

et al., 2019; Moldovan et al., 2019, 2021; Seeler et al., 2022; Fuchs et al., 2023; Guo et al., 

2024). Inflammation is a common theme among diseases associated with reduced circRNA 

expression such as atopic dermatitis, psoriasis and systemic lupus erythematosus (C.-X. Liu et 

al., 2019; Moldovan et al., 2019; Seeler et al., 2022; Moldovan et al., 2021; Guo et al., 2024). 

In systemic lupus erythematosus, the associated inflammation was linked to aberrant PKR 

activation due to diminished inhibition resulting from decreased circRNA expression (C.-X. 

Liu et al., 2019). Preclinical studies have explored using circRNA to suppress PKR in systemic 

lupus erythematosus, psoriasis and Alzheimer’s disease (C.-X. Liu et al., 2019; Liu et al., 2022; 

Guo et al., 2024; Feng et al., 2024).  

Previously I identified upregulated expression of RNASEL and EIF2AK2 (PKR) in the blood of 

early-stage idiopathic PD patients (Chapter 5). Altered RNASEL and EIF2AK2 expression in 

combination with coordinated changes in related genes, implicated the activation of innate 

antiviral and inflammatory response in the blood of early-stage idiopathic PD patients (Chapter 

5). Consistent with known circRNA regulation (C.-X. Liu et al., 2019), RNASEL expression 

was increased in PD patients harbouring either LRRK2 or GBA risk alleles. I did not detect any 

changes in RNASEL expression in PD risk subgroups that showed reduced circRNA expression 

such as asymptomatic LRRK2/GBA risk allele carriers or individuals with hyposmia. RNASEL 

levels are increased in certain physiological contexts (Li et al., 2007), suggesting that sustained 

activation of an innate antiviral response due to PD pathology may lead to an increase in steady 

state levels of RNASEL over time. Despite this, I did not detect any significant changes in 

EIF2AK2 expression in LRRK2-PD, GBA-PD, LRRK2-Controls, GBA-Controls, or individuals 

with hyposmia. I also detected increased expression of ADAR in LRRK2-PD and GBA-PD 

patients (Figure 6.8a), which may reflect increased A-I editing as shown in early-stage 

idiopathic PD PPMI patients (Chapter 5). 
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Genes associated with inflammation were upregulated in LRRK2-PD and GBA-PD patients 

(Figure 6.8b). Several strands of evidence link LRRK2 and GBA to immune activation and 

inflammation. Common variants in LRRK2 and NOD2 are associated with both PD and 

inflammatory bowel disease (Huang et al., 2017; Nalls et al., 2019). LRRK2 and GCase have 

both been implicated in immune regulation (Liu et al., 2012; Wallings & Tansey, 2019). 

Elevated circulating peripheral inflammatory proteins have been reported in both LRRK2-PD 

and GBA-PD patients compared to controls (Chahine et al., 2013; Brockmann et al., 2016; 

Dzamko et al., 2016), with increased inflammatory markers also found in asymptomatic 

LRRK2 carriers (Dzamko et al., 2016).  However, a recent study did not find altered levels of 

inflammatory cytokines in the blood or cerebrospinal fluid of symptomatic and asymptomatic 

LRRK2 and GBA carriers (Thaler et al., 2021). In asymptomatic LRRK2 or GBA carriers, there 

was no significant upregulation of genes related to inflammatory responses (Figure 6.8) in 

contrast to symptomatic LRRK2 or GBA carriers (Figure 6.8). Thus, the induction of these 

genes may occur later in the disease, after motor symptoms appear. 

6.4.4 Circular RNA expression is increased in dopaminergic neurons isolated from the substantia 

nigra of PD patients 

Previous work identified varied circRNA abundance in PD patients in a brain-region specific 

manner (Hanan et al., 2020). In dopaminergic neurons isolated from PD samples, I found a 

global increase in circRNA expression (Figure 6.11, Figure 6.13a, b), which was maintained 

after normalising to cognate linear RNA expression (Figure 6.13d). This finding contrasts with 

earlier findings in the blood of idiopathic (Chapter 5) and genetic PD patients (Figure 6.6). 

This finding also contrasted with previous work reporting reduced circRNA abundances in bulk 

tissue derived from the substantia nigra of PD patients (Hanan et al., 2020). However, this study 

did find increased circRNA abundance in the amygdala and medial temporalis gyrus of PD 

patients (Hanan et al., 2020). As Hanan et al utilised bulk tissue, differences in global circRNA 

expression in dopaminergic neurons and bulk substantia nigra tissue may reflect changes in 

cellular composition or dysfunction in other brain cell types. Estimation of cell types in bulk 

brain tissue was performed, yet the results were not reported (Hanan et al., 2020). Among 

resident brain cell types, circRNAs appear to be enriched in neurons (Wu et al., 2022). 

However, samples from the substantia nigra contain varying cellular proportions with several 

recent single cell RNA-seq (scRNA-seq) studies reporting immunomodulatory 

oligodendrocytes (Zeis et al., 2016), as the most abundant cell type detected (~41-51%) (Smajić 

et al., 2022; Wang et al., 2024; Martirosyan et al., 2024). 
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In dopaminergic neurons isolated from ILB samples, I found a reduction in both circRNA and 

cognate linear RNA expression (Figure 6.13), suggestive of a reduction in general RNA 

expression in these samples. RNA degradation can be induced by acute activation of RNase L 

(C.-X. Liu et al., 2019). Upon RNA degradation by RNase L however, greater reductions in 

circRNA relative to linear RNA have been reported (C.-X. Liu et al., 2019; Guo et al., 2024), 

owing to the reduced efficiency of back-splicing compared to canonical splicing to replace the 

degraded RNA (Y. Zhang et al., 2016). In this work however, I did not identify any differences 

in circRNA expression relative to cognate linear RNA expression (Figure 6.13e) nor any 

changes in RNASEL expression in dopaminergic neurons from ILB samples (Figure 6.14a). As 

such, it is unclear why a general reduction in RNA expression is present in these samples. 

The reason for the preferential loss of dopaminergic neurons within the substantia nigra in PD 

is debated (Surmeier, 2018). Even among dopaminergic neurons, some are more susceptible to 

neurodegeneration (Yamada et al., 1990; Chung et al., 2009). Dopaminergic neurons that 

exhibit reduced circRNA expression may have been lost. As expression of genes related to 

antiviral and inflammatory responses are upregulated in PD patients (Figure 6.14b), neurons 

with higher circRNA levels may be more resilient to neurodegeneration. Recent work has 

highlighted a specific dopaminergic neuron subtype prone to neurodegeneration in PD (Kamath 

et al., 2022). This neuronal subtype, typified by the expression of AGTR1, exhibited diverse 

transcriptional profiles compared to other subtypes, raising the possibility that transcriptional 

differences can reflect neuronal vulnerability to neurodegeneration (Kamath et al., 2022). As 

neurons isolated from BRAINcode samples underwent bulk RNA-seq, I cannot assess inter-

neuron differences in circRNA expression. The development of scRNA-seq library preparation 

methods that do not enrich for polyadenylated transcripts provides a future platform from which 

to elucidate inter-cell differences in circRNA expression (Fan et al., 2015; Hayashi et al., 2018; 

Verboom et al., 2019; Isakova et al., 2021; Wu et al., 2022). scRNA-seq could also help reveal 

how differences in cell populations might contribute to the differences in global circRNA 

abundances between bulk substantia nigra tissue (Hanan et al., 2020) and isolated dopaminergic 

neurons, as described in this chapter. scRNA-seq may also determine if the isolation of 

dopaminergic neurons using laser-capture microdissection affects RNA expression compared 

to analysing bulk tissue.  
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6.5 Conclusion 

In conclusion, I have identified a common pattern of reduced circRNA expression in the blood 

of patients with idiopathic, LRRK2-PD and GBA-PD. As circRNA expression was also reduced 

in specific groups at increased risk of developing PD, it may reflect PD pathology in the early 

disease stages before motor symptom onset. In contrast, I found increased global circRNA 

expression in dopaminergic neurons isolated from the substantia nigra. As the primary location 

and cell-type affected by neurodegeneration in PD, increased circRNA expression may 

highlight a method of resilience of neuronal subtypes to neurodegeneration. 
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Chapter 7. General Discussion 
Parkinson’s disease (PD) is currently diagnosed after the onset of characteristic motor 

symptoms resulting from the loss of dopaminergic neurons. However, these motor symptoms 

present following substantial neurodegeneration. Identifying accessible biomarkers with high 

sensitivity and specificity is crucial for early detection, accurate diagnoses and tracking disease 

progression over time. Earlier diagnoses allow for enrolling participants in research studies 

targeting neurodegeneration sooner, providing more time to assess disease-modifying 

treatments. Monitoring disease progression over time would also benefit research studies by 

providing a clinical endpoint in which to assess treatment efficacy. While PD is usually 

associated with brain neurodegeneration, there is increasing recognition of peripheral 

dysfunction. Examining changes in peripheral tissues like blood therefore provides insights into 

PD pathogenesis and progression. 

7.1 RNA as a diagnostic biomarker for PD 

Chapters 3 and 4 investigated specific forms of RNA as a diagnostic biomarker for early-stage 

idiopathic PD. Chapter 3 focuses on gene expression as a diagnostic biomarker, previously 

studied using microarray-derived and quantitative polymerase chain reaction (qPCR) gene 

expression measurements (Molochnikov et al., 2012; Scherzer et al., 2007; Santiago & 

Potashkin, 2015; Santiago et al., 2016; Shamir et al., 2017). Work published during this project 

also using Parkinson’s Progression Marker Initiative (PPMI) participants also provided 

estimates for distinguishing PD patients from controls (Makarious et al., 2022; Pantaleo et al., 

2022; Li et al., 2023).  Reassuringly, the ability of gene expression to distinguish PD patients 

from controls (Chapter 3) was consistent with these publications. Generalisability in a separate 

cohort (Incidence of Cognitive Impairment in Cohorts with Longitudinal Evaluation–PD 

(ICICLE-PD), was limited, similar to previous work (Li et al., 2023). Establishing a predictor 

in Chapter 3 set a foundation for comparing future predictors tested in Chapters 4 and 5. 

Circular RNA (circRNA) has characteristics that make it a potential diagnostic biomarker 

(Verduci et al., 2021), such as a longer half-life than the corresponding linear RNA (Enuka et 

al., 2016), and detectability in easily accessible tissues (Memczak et al., 2015; Wen et al., 2021). 

During this project, several studies were published suggesting that specific circRNAs could 

distinguish PD patients from controls (Ravanidis et al., 2021; Zhong et al., 2021; Xiao et al., 

2022). In Chapter 4, I investigated whether they could be used for this purpose using the larger 

sample sizes of the PPMI and ICICLE-PD cohorts. Overall, this work suggested that circRNA 
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expressed was of limited clinical utility in distinguishing early-stage idiopathic PD patients 

from controls.  

Recent work by Beric et al showed improved discriminatory ability with larger sample sizes 

from the Parkinson’s Disease Biomarker Program (PDBP) and additional PPMI participants 

(Beric et al., 2024). A key difference between the work presented in this thesis and that of Beric 

et al is the circRNA quantification method. Beric et al. measured circRNA expression at the 

gene level, collapsing all back-spliced junction (BSJ) reads to the host gene, thus it is not clear 

which BSJs and how many contribute to each gene’s circular transcript output. In contrast, I 

reported circRNA expression based on individual BSJs in anticipation of circRNA biomarker 

candidate validation through qPCR amplification of divergent primers spanning the BSJs 

(Nielsen et al., 2022).  

The identification of potential gene and circRNA biomarkers was based on differential 

expression between early-stage idiopathic PD patients and controls. My analyses found fewer 

differentially expressed genes (Chapter 3) and circRNAs (Chapter 4) compared to similar 

studies also using PPMI RNA-seq data (Craig et al., 2021; Riboldi et al., 2022; Li et al., 2023; 

Irmady et al., 2023; Beric et al., 2024). Unlike some of these studies, I specifically tested PD 

patients with no known genetic causes shortly after diagnosis. Including patients with genetic 

risk alleles may result in more pronounced RNA expression (Craig et al., 2021; Riboldi et al., 

2022; Li et al., 2023). Additionally, blood transcriptome differences may become more 

pronounced at later timepoints (Craig et al., 2021; Irmady et al., 2023; Beric et al., 2024). As 

such, future work could examine how gene expression changes over time in early-stage 

idiopathic PD patients using longitudinal PPMI RNA-seq data. 

7.2 Reduced blood circular RNA expression in PD patients and subgroups at increased risk 

In Chapters 4, 5 and 6, I identified global reductions in circRNA expression in early-stage 

idiopathic PD patients, PD patients with pathogenic risk variants (LRRK2 and GBA) and 

individuals with specific risk factors (pathogenic LRRK2 and GBA variants, hyposmia with 

dopamine transporter deficiency) compared to controls. Importantly, this reduction was specific 

to circRNAs and did not affect corresponding linear RNAs (Chapters 5 and 6), supporting the 

idea that, for a large proportion of circRNAs, expression is regulated independently of cognate 

gene expression (Salzman et al., 2013; Memczak et al., 2015; Vo et al., 2019).  

Although global circRNA expression measurement did not reliably distinguish early-stage 

idiopathic PD patients from controls (Chapter 5), uncovering the causal mechanism could offer 
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novel insights into PD pathogenesis or progression. This is important as those considered at 

risk due to having rapid eye movement sleep behaviour disorder (RBD) showed increased 

circRNA expression compared to controls (Chapter 6). As group-level comparisons identified 

reduced circRNA expression in PD patients and at-risk subgroups, unsupervised clustering 

could highlight subgroups with this reduction and may be associated with clinical measures of 

motor or cognitive outcomes.  

7.3 Activation of an innate antiviral response in the blood of PD patients 

A large body of work supports a role for the immune system dysfunction in PD, including 

dysfunction in the periphery (Tansey et al., 2022). Results from across Chapters 3-6 converge 

on the activation of an innate immune response in the blood of PD patients. In Chapter 3, genes 

related to the innate immune response were upregulated in early-stage idiopathic PD patients 

from PPMI and ICICLE-PD cohorts, including genes implicated in the activation of the innate 

antiviral immune response. Many of these gene categories were quite broad, such as the 

upregulation of genes related to interferon signalling, a common consequence of numerous 

convergent antiviral pathways (Katze et al., 2002).   

Immune-mediated inflammatory conditions like atopic dermatitis, psoriasis, and systemic lupus 

erythematosus have been linked to reduced circRNA expression (Liu et al., 2019; Moldovan et 

al., 2019; Seeler et al., 2022; Moldovan et al., 2021; Guo et al., 2024). Activation of antiviral 

responses can lead to reduced circRNA expression through several mechanisms (Li et al., 2017; 

C.-X. Liu et al., 2019). Like previous studies (Moldovan et al., 2019; Fuchs et al., 2023), I 

examined the expression of known regulators of circRNA biogenesis or degradation (Chapter 

5). This showed that reduced blood circRNA in early-stage idiopathic PD patients (Chapter 5) 

may be due to activation of an antiviral response related to double-stranded RNA. In cellular 

models, circRNA degradation was induced by stressors mimicking dsRNA and viral infection, 

but not stressors mimicking double-stranded DNA (dsDNA), bacterial infection and 

inflammatory cytokines (C.-X. Liu et al., 2019). This RNase L-mediated degradation of 

circRNAs abrogates their inhibitory effect on protein kinase R (PKR) (C.-X. Liu et al., 2019), 

a well characterised activator of the integrated stress response (ISR) (Ma et al., 2006). 

Activation of the ISR leads to broad translational shutdown through phosphorylation of the 

alpha subunit of translation initiation factor eIF2 protein complex (eIF2α) (Pakos-Zebrucka et 

al., 2016) and RNase L degrades ribosomal-associated mRNAs (Andersen et al., 2009), 

possibly explaining why I observed a downregulation of genes associated with translation and 

ribosomal function in early-stage idiopathic PD patients (Chapter 3). Gene expression of 
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RNase L (RNASEL) was increased in idiopathic PD patients from PPMI and ICICLE-PD 

cohorts (Chapter 5) and in PD patients harbouring pathogenic LRRK2 and GBA variants 

(Chapter 6). Gene expression of PKR (EIF2AK2) was upregulated in idiopathic PD patients 

(Chapter 5). Ideally, I would have been able to measure the activity of RNase L and PKR in 

blood from PD patients and controls. RNase L activation can be inferred from the identification 

of RNA cleavage products (Donovan et al., 2017; C.-X. Liu et al., 2019) while PKR and ISR 

activation is typically assessed by measuring phosphorylated PKR and eIF2α levels 

respectively (Dey et al., 2014). 

The inhibitory effect of specific circRNAs on PKR function has now been characterised in 

multiple studies (C.-X. Liu et al., 2019; Liu et al., 2022; Guo et al., 2024; Feng et al., 2024). In 

the initial publication, the inhibitory circRNA (circPOLR2A) preferentially interacted with 

PKR (C.-X. Liu et al., 2019). However, the binding of circRNAs was also reported for dsRNA 

binding proteins such as NF90, OAS1 and ADAR1 (150kDa isoform) (C.-X. Liu et al., 2019), 

which also play roles in the innate immune response (Silverman, 2007; Mannion et al., 2014; 

Patiño et al., 2015). As such, it remains to be explored whether circRNAs have a similar 

inhibitory effect on other dsRNA-binding proteins. 

Why might an innate antiviral response be activated in PD? Neurodegenerative disorders have 

been linked to viral exposure (Olsen et al., 2018). Population studies link influenza infection to 

increased PD risk (Cocoros et al., 2021; Levine et al., 2023), but distinguishing between the 

consequences of viral exposure and immune dysfunction associated with PD is challenging 

(Tansey et al., 2022). Neuronal α-synuclein plays a role in responding to viral infections 

(Beatman et al., 2016; Stolzenberg et al., 2017). In neuron-astrocyte co-cultures, α-synuclein 

oligomers activate antiviral responses (D’Sa et al., 2024). In blood, α-synuclein contributes to 

haematopoiesis and immune cell functioning (Gardai et al., 2013; Xiao et al., 2014). Abnormal 

α-synuclein expression in blood cells may therefore impact PD development and progression 

through its antiviral functions. 

While the presence of dsRNA is usually linked to viral infection, endogenous dsRNA can also 

form within cells due to the bidirectional transcription of mitochondrial RNA and the 

transcription of repetitive regions of the genome, such as transposable elements (S. Kim et al., 

2019). Endogenous dsRNA can trigger innate immune responses by binding to cytosolic nucleic 

acid receptors such as PKR (Kim et al., 2014, 2018; Dhir et al., 2018). Neurons have higher 

levels of endogenous dsRNA compared to other cell types (Dorrity et al., 2023), and immune 

responses to dsRNAs have been implicated in Amyotrophic Lateral Sclerosis, Alzheimer’s and 

Huntington’s disease (Lee et al., 2020; Rodriguez et al., 2021; Ochoa et al., 2023). In mice, 
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synthetic dsRNA has been shown to induce α-synuclein aggregation and dopaminergic neuron 

loss, suggesting a possible role of dsRNA in PD pathogenesis (Xu et al., 2020). In future, it 

would be useful to examine RNA-seq data described in this thesis for aberrant transposable 

element expression which could lead to an innate immune response activation (Lanciano & 

Cristofari, 2020; Gázquez-Gutiérrez et al., 2021). 

7.4 Global circular RNA expression in dopaminergic neurons 

Since dopaminergic neurons are primarily affected in PD, examining changes in these cells can 

provide insights into the disease. Previous research indicated region-specific differences in 

circRNA levels, with lower circRNA abundances in the substantia nigra of PD patients 

compared to controls (Hanan et al., 2020). In contrast, I found higher global circRNA 

expression in dopaminergic neurons from PD patients compared to controls. Neurons are 

notable for their enriched circRNA expression compared to other brain cell-types and 

expression of neuron-specific circRNAs (Dong et al., 2023). Differences in global circRNA 

expression between dopaminergic neurons and bulk substantia nigra tissue would indicate a 

potential dopaminergic neuron specific effect in PD, that has previously been missed in the 

analysis of bulk tissue. It’s important to consider that the neurons isolated from PD patients are 

those that have not been lost, therefore creating an artificial selection bias for factors that may 

improve neuron survivability. As such, it is plausible that higher global circRNA expression 

may confer protective benefits against neurodegeneration. Despite lacking physiological 

context that may induce circRNA expression changes, it would be useful to examine circRNA 

expression in induced pluripotent stem cells (iPSCs) derived from PD patients and controls, 

which may reveal genetic predispositions to circRNA changes in dopaminergic neurons in vitro 

(Bressan et al., 2023). Furthermore, it would be interesting to quantify circRNA expression in 

PD patients among other resident brain cell-types, particularly those involved in neuroimmune 

responses like microglia, astrocytes, and oligodendrocytes. Given the activation of antiviral 

immune responses in neuron-astrocyte co-cultures (D’Sa et al., 2024), it would be interesting 

to characterise global circRNA expression changes during this process, and potentially give an 

insight into early neurodegenerative processes. Emerging single-cell RNA-seq (scRNA-seq) 

methods, which do not enrich polyadenylated transcripts (Fan et al., 2015; Hayashi et al., 2018; 

Verboom et al., 2019; Isakova et al., 2021; Wu et al., 2022), would allow global circRNA 

expression profiles to be assigned to individual brain cell-types and in the context of the other 

brain-cell types. 
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7.5 Final conclusions 

This thesis explored RNA expression as a diagnostic biomarker for Parkinson's disease (PD) 

and its potential to highlight peripheral PD-related changes. While circRNA expression lacked 

clinical utility to be used as a diagnostic biomarker for idiopathic PD, I identified a consistent 

global reduction in circRNA expression in two independent cohorts (PPMI and ICICLE-PD). 

Integrating this circRNA signature with gene expression data suggested activation of an innate 

antiviral response in the blood of idiopathic PD patients. Reduced circRNA expression was also 

observed in other PD subgroups, including those with pathogenic genetic risk variants and 

higher PD risk, suggesting it may reflect underlying pathology in these groups. Conversely, 

dopaminergic neurons from PD patients exhibited increased circRNA expression, thereby 

linking circRNA expression to the cell-type commonly lost in PD. Overall, assessment of global 

circRNA expression revealed PD-associated changes in both blood and at-risk cell populations. 
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Chapter 8. Appendix 

8.1 Quality control of PPMI and ICICLE-PD RNA sequencing 

PPMI RNA-seq samples have previously been independently and externally quality-checked as 

part of the data release process (Hutchins, Craig, et al., 2021; Craig et al., 2021). ICICLE-PD 

samples were sequenced in-house, so I performed several quality control steps (Section 2.4). 

As a point of reference, I also performed equivalent checking of sequenced PPMI samples. 

To identify possible contaminants, I aligned sequencing reads against a panel of reference and 

contamination sequences. Most reads mapped solely to the human genome (median proportion 

of mapped reads [IQR], PPMI = 0.69 [0.09], ICICLE-PD = 0.72 [0.09) (Figure 8.1a). The 

second largest proportion of reads mapped to multiple genomes (median proportion of mapped 

reads [IQR], PPMI = 0.31 [0.09], ICICLE-PD = 0.27 [0.08]) (Figure 8.1a), likely reflecting 

orthologous sequences across species. All other sequences assessed had a median proportion of 

mapped reads <0.01 (Figure 8.1a). 

PPMI and ICICLE-PD samples were sequenced in 29 and three batches respectively. The 

overall sequence depths of each dataset were high (median million paired-end reads [IQR], 

PPMI = 106.9 [31.3], ICICLE-PD = 89.2 [15.7]) (Figure 8.1b). The deep sequencing of PPMI 

and ICICLE-PD cohorts was therefore suitable for the detection of even lowly expressed genes 

(~80 million reads) (Consortium, 2011; Sims et al., 2014). The sequencing quality was mostly 

PHRED >30 along the length of the reads, with a decrease towards the 3’ end as is well 

documented (Conesa et al., 2016) (Figure 8.1c).  
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Figure 8.1. Sequencing quality control of PPMI and ICICLE-PD samples. (a) Screening for 
contamination. Boxplots show the median and IQR of the proportion of reads that mapped to a range of 
possible contaminants. Outliers greater than 1.5x IQR are shown as dots. (b) Distribution of sequencing 
depths. Densities are coloured according to unique sequencing batches. The dotted line indicates the 
overall density of sequencing depths for PPMI and ICICLE-PD datasets respectively. (c) Quality of 
sequencing. The mean quality (represented as a PHRED score) at each base pair along the length of the 
reads. Red (0-20), amber (20-28) and green (28-40) shadings provide a reference of quality thresholds 
as in FastQC. 
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After aligning to the GRCh38 genomic reference, the overall mapping rate was >90% in both 

cohorts, primarily driven by uniquely mapped reads (median percentage of reads [IQR], PPMI 

= 75.4% [6.8], ICICLE-PD = 80.8% [5.8] (Figure 8.2a). Consistent with total RNA-seq library 

preparations (Zhao et al., 2014, 2018), the highest percentage of bases mapped to intronic 

regions (median aligned bases [IQR], PPMI = 47.7% [7.5], ICICLE-PD = 40.3% [10.4]) across 

both cohorts (Figure 8.2b). This was followed by untranslated region (UTR) (median aligned 

bases [IQR], PPMI = 33.4% [8.8], ICICLE-PD = 30.1% [6.3]), coding bases (median aligned 

bases [IQR], PPMI = 11.7% [2.2], ICICLE-PD = 23.4 [4.5]) and intergenic bases (median 

aligned bases [IQR], PPMI = 6.0% [2.4], ICICLE-PD = 5.0% [1.6]). After depletion, levels of 

ribosomal RNA were <1.5% in all samples (Figure 8.2b).  

 

 

Figure 8.2. Genomic alignment quality control. (a) The distribution of reads mapping to the genome. 
Mapped reads were categorised as a percentage of all reads that were mapped (Overall) and reads that 
were mapped uniquely (Unique). Summary statistics are given as the median percentage of reads in each 
category [IQR]. (b) Distribution of aligned bases according to the genomic location of the annotated 
feature. UTR = Untranslated Region. 

 

The clinically recorded sex of each sample was provided with the sequencing metadata 

associated with each study. The recorded sex was checked against the sex-biased gene 

expression as described in Section 2.4.3. Visual inspection revealed a mismatch between gene 

expression and clinically reported sex in one ICICLE-PD participant (Figure 8.3). The 

metadata for this individual was adjusted for downstream analysis. 
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Figure 8.3. Confirming clinically reported sex in PPMI and ICICLE-PD datasets. Scatter plot 
showing the first and second principal components of Y chromosomal gene expression (RPS4Y1, 
KDM5D, DDX3Y and USP9Y). Points are coloured and shaped according to the clinically reported sex. 
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8.2 Evaluating classification methods in ICICLE-PD samples 

8.2.1 Methods 

Logistic regression models were created using glmnet v4.1-8 (Friedman et al., 2010). The alpha 

value was determined by investigating values from 0.1 to 0.9 in increments of 0.05 (Elastic Net 

logistic regression). The value that minimised the mean cross-validation error was chosen.  In 

other models, the alpha value was set at 0 (ridge regression) and 1 (LASSO regression). The 

lambda parameter was determined using five-fold cross-validation, with the optimum value 

identified based on the highest area under the ROC curve. 

Random Forest classification models were created using ranger v0.15.1 (Wright & Ziegler, 

2017).  A grid search was used to determine the parameters: Number of randomly sampled 

features to split at each node (1 to 4 in increments of 1), Minimum node size (1 to 3 in 

increments of 1), and the number of trees (0 to 500 in increments of 50). The combination of 

parameters which minimised the out-of-bag prediction error was selected.  

Support Vector Machine (SVM) classification used e1071 v1.7-13. Cost and Gamma values 

were chosen from a series of values (0.00, 0.01, 0.1, 1, 10, 100), using five-fold cross-validation 

as implemented in the tune.svm function. The parameters from the model that minimised the 

misclassification error were chosen and used to create a final model using all the training data. 

8.2.2 Results 

To identify a suitable method for classifying PD status using RNA expression data, I evaluated 

a series of supervised machine learning methods (using gene expression data from ICICLE-PD 

samples (Section 2.1.1, 2.2). Before model building, I carried out preliminary feature selection 

to reduce the computational burden. I performed differential expression on 15,852 genes 

identifying genes significantly differentially expressed (FDR < 0.05, Wald test) in idiopathic 

PD patients compared to controls. 608 genes were identified as predictors. I then included 

variance-stabilised counts (Anders & Huber, 2010) of these 608 genes as predictive variables 

in the selected classification methods (Section 8.2.1) 

To train classification models and evaluate performance, I split the ICICLE-PD cohort into 

training and set sets. Particularly with small sample sizes, performing one split tends to 

overestimate the test error rate (James et al., 2013).  As such, I used leave-one-out cross-

validation to train classification models and estimate the test performance (Figure 8.4). For 
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each classification method, I generated 96 models with a different sample acting as the training 

set in each iteration.  

 

 

Figure 8.4. Leave-one-out cross-validation schematic.  An example case is shown comprising five 
samples to illustrate how leave-one-out cross-validation works. One sample is excluded from the model 
building to serve as the left-out sample. On the remaining samples, models are trained to produce a final 
model. The performance of this model is then assessed on the left-out sample. This process occurs until 
all samples have acted as the left-out sample.  

  

Reassuringly, all classification methods consistently produced higher probabilities for PD 

patients compared to controls (all P-values < 0.05, Wilcoxon rank-sum test, Figure 8.5a-f), 

indicating these methods could capture meaningful information from gene expression. I then 

summarised the classification performance by calculating the area under each ROC curve as 

described in Section 3.2.12 (Figure 8.5g, h). The two SVM models had the highest 

classification potential (Linear kernel AUC = 0.95, 95% CI: 0.92-0.99; Radial kernel AUC = 

0.91, 95% CI: 0.85-0.97) (Figure 8.5g, h). The regularised logistic regression models showed 

the next best performance (Elastic Net AUC = 0.86, 95% CI: 0.79-0.94; Ridge AUC = 0.83 

95% CI: 0.75- 0.91; LASSO AUC = 0.83, 95% CI: 0.75- 0.91) (Figure 8.5g, h). The Random 

Forest method showed the lowest classification potential (Random Forest AUC = 0.74, 95% 

CI: 0.64- 0.84) (Figure 8.5g, h). 
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Figure 8.5. Performance of each classification strategy in ICICLE-PD. (a-f) Predicted PD 
probabilities from each classification method. Probabilities were obtained from predictions using that 
sample as an independent test dataset. Group differences were assessed with a Wilcoxon rank-sum test. 
Point densities are shown on the right edge of each plot. (g) Receiver-operator characteristic (ROC) 
curves are based on the specificity and sensitivity at each prediction threshold. (h) Areas under the ROC 
curves. Error bars indicate 95% CIs. An AUC of 0.5, equivalent to random chance, is shown by the grey 
dotted line. 

 

A key consideration when identifying a suitable classification method is the interpretability of 

the included predictors. SVM classifiers lack an inherent measure of feature importance (Sanz 

et al., 2018). The number of support vectors used in an SVM classifier can indicate the bias-

variance trade-off; a classifier with a high number of support vectors likely has low variance 

but high bias (James et al., 2013). Out of 95 possible support vectors (minus one sample acting 

as the test set), the 96 radial and linear kernel SVM classifiers used a mean of 80.7 (SD = 1.0) 
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and 67.9 (SD = 1.0) support vectors respectively, potentially signalling overfitting to the 

training data (Figure 8.6a). The next highest-performing classifier was elastic net logistic 

regression in which feature importance can be inferred from the fitted β coefficients of the 

predictors. Because of elastic net regularisation, I identified genes excluded from the models 

where β = 0. Many of the input genes (366/608, 60.2%), were not included in any of the models 

(Figure 8.6b), highlighting the successful feature selection ability of regularisation. In addition, 

the frequency at which a gene appears in the models can be used as a proxy of feature 

importance. For example, 21 genes were included in all 96 models created, indicating that they 

are highly informative predictors (Figure 8.6a). Given the increased interpretability of elastic 

net logistic regression classifiers compared to SVM classifiers, I opted to use elastic net logistic 

regression as a classification method in this thesis. 

 

 

Figure 8.6. Interpretability of SVM and elastic net logistic regression models. (a) Number of support 
vectors used in each SVM model. (b) Effect of regularisation in Elastic Net logistic regression models. 
Histogram showing the distribution of model inclusion for genes. Inset shows the distribution of model 
inclusion for genes included in at least one model. 



216 
 

8.3 Overlapping circular RNA predictions from multiple tools produces batch effects when 

estimating canonical splice junction expression 

8.3.1 Methods 

PPMI sample information was taken from the baseline visit. Information regarding control 

samples and patients with idiopathic PD was described in Section 2.2. Study groups were 

provided in sequencing metadata provided with a publication detailing the PPMI’s analysis of 

RNA sequencing data (Craig et al., 2021). A total of 415 individuals with GBA (GBA_PD = 61, 

GBA_Controls = 78) and LRRK2 (LRRK2_PD = 134, LRRK2_Controls = 142) variants were 

processed. In addition, 258 idiopathic PD patients and 155 controls were also previously 

processed (Chapter 4). 

8.3.2 Results 

I detected 28,398 unique BSJs across 828 samples. 1,545 highly expressed BSJs were retained 

(Section 6.2.6). To assess global structure within the circular and linear RNA expression data, 

I calculated principal components (PCs) of circRNA (BSJ counts) and the cognate linear RNA 

(FSJ counts) expression. Study groups separated along PC1 and PC2 of FSJ expression yet there 

was no comparable separation using BSJ expression (Figure 8.7a, b). Specifically, these groups 

corresponded to both the presence of a known PD-associated genetic variant, and the batches 

the samples were processed in.  

To discern whether widespread differences in FSJ expression across study groups were driven 

by technical or biological effects, I detected BSJs using one tool (CIRI2) before quantifying 

BSJ and FSJ expression using CIRIquant (Section 6.2.6). In the same 828 samples, I detected 

18,751 BSJs. Projection of BSJ and FSJ expression into the first two PCs showed no segregation 

of study groups (Figure 8.7a, b). Comparison of the reported expression of 3,080 shared loci 

between the original workflow (overlapping BSJ detection) and the rerun workflow (detecting 

using one tool) showed a higher correlation between BSJ counts (R2 = 0.96) compared to FSJ 

counts (R2 = 0.7) (Figure 8.7d). Notably, 6.9% (212/3080) of the FSJs had reported expression 

in the rerun workflow yet no reported expression in the original workflow (Figure 8.7d). 

Together, these results indicate that differences in the BSJ background provided to CIRIquant 

can produce changes in BSJ and FSJ expression estimates with the changes more pronounced 

when quantifying FSJ expression. 
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Figure 8.7. Batch effects when quantifying forward-spliced junction expression after overlapping 
circular RNA detections from multiple tools. (a) First two principal components of BSJ and FSJ 
expression after overlapping detections. (b) The first two principal components of BSJ and FSJ 
expression after detection with CIRI2 before quantification with CIRIquant. (c) Comparison of raw 
counts estimated from the original BSJ workflow (overlapping BSJ detections) and the rerun workflow 
(CIRI2 and CIRIquant). iPD = idiopathic PD. 
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8.4 Supplementary tables 

 
     

PPMI ICICLE-PD 
Ontology Name Significant 

in PPMI 
Replicated in 
ICICLE-PD 

Direction NES P-
value 

FDR NES P-
value 

FDR 

CC cytosolic ribosome Y Y Agree -3.08 2.76E
-25 

2.01E-22 -2.16 4.86E-
07 

4.03E-06 

CC ribosomal subunit Y Y Agree -2.81 3.81E
-24 

1.38E-21 -2.22 2.52E-
10 

8.08E-09 

BP cytoplasmic 
translation 

Y Y Agree -2.88 9.74E
-23 

5.57E-19 -2.16 4.34E-
09 

6.56E-08 

MF structural 
constituent of 

ribosome 

Y Y Agree -2.86 1.30E
-22 

1.40E-19 -2.21 2.55E-
09 

4.68E-08 

CC ribosome Y Y Agree -2.72 3.22E
-22 

7.79E-20 -2.14 4.38E-
10 

1.25E-08 

CC large ribosomal 
subunit 

Y Y Agree -2.67 2.21E
-15 

4.02E-13 -2.31 2.44E-
09 

4.68E-08 

CC cytosolic large 
ribosomal subunit 

Y Y Agree -2.85 5.84E
-15 

8.49E-13 -2.27 4.10E-
06 

2.51E-05 

CC mitochondrial 
protein-containing 

complex 

Y Y Agree -2.21 6.71E
-13 

8.12E-11 -1.57 6.85E-
05 

2.67E-04 

CC cytosolic small 
ribosomal subunit 

Y Y Agree -2.72 2.87E
-12 

2.97E-10 -1.56 1.17E-
02 

2.20E-02 

BP negative regulation 
of viral process 

Y Y Agree 2.57 6.69E
-11 

1.91E-07 2.23 9.32E-
09 

1.26E-07 

BP defense response 
to virus 

Y Y Agree 2.06 4.72E
-10 

8.56E-07 2.12 1.81E-
12 

2.33E-10 

BP defense response 
to symbiont 

Y Y Agree 2.06 5.99E
-10 

8.56E-07 2.12 3.79E-
12 

3.25E-10 

CC small ribosomal 
subunit 

Y Y Agree -2.45 7.37E
-10 

5.94E-08 -1.69 2.39E-
03 

5.75E-03 

BP ribosome 
biogenesis 

Y Y Agree -2.01 9.46E
-10 

1.08E-06 -1.88 1.98E-
08 

2.31E-07 

BP negative regulation 
of viral genome 

replication 

Y Y Agree 2.59 2.06E
-09 

1.96E-06 2.33 1.08E-
08 

1.38E-07 

BP regulation of 
response to biotic 

stimulus 

Y Y Agree 1.93 3.01E
-09 

2.46E-06 1.76 1.49E-
06 

1.01E-05 

BP mitochondrial gene 
expression 

Y Y Agree -2.13 7.27E
-09 

5.19E-06 -1.94 1.07E-
06 

7.87E-06 

BP ncRNA processing Y Y Agree -1.81 1.37E
-08 

8.71E-06 -1.71 6.20E-
08 

6.38E-07 

BP regulation of 
innate immune 

response 

Y Y Agree 2.04 1.56E
-08 

8.89E-06 1.68 8.57E-
05 

3.24E-04 

BP regulation of viral 
genome replication 

Y Y Agree 2.40 1.71E
-08 

8.89E-06 2.20 1.54E-
08 

1.89E-07 

BP chemotaxis Y Y Agree 1.77 2.69E
-08 

1.18E-05 1.52 2.08E-
04 

6.68E-04 

BP taxis Y Y Agree 1.77 2.69E
-08 

1.18E-05 1.52 2.08E-
04 

6.68E-04 

BP regulation of viral 
life cycle 

Y Y Agree 2.15 4.70E
-08 

1.87E-05 2.21 1.29E-
09 

3.01E-08 

BP ribonucleoprotein 
complex 

biogenesis 

Y Y Agree -1.77 4.91E
-08 

1.87E-05 -1.61 1.96E-
06 

1.26E-05 

BP response to virus Y Y Agree 1.84 6.17E
-08 

2.21E-05 2.04 6.83E-
12 

4.39E-10 

CC polysome Y Y Agree -2.30 1.00E
-07 

6.37E-06 -1.59 1.12E-
02 

2.14E-02 

CC mitochondrial 
matrix 

Y Y Agree -1.73 1.05E
-07 

6.37E-06 -1.45 1.09E-
04 

4.07E-04 

BP viral genome 
replication 

Y Y Agree 2.11 1.30E
-07 

4.38E-05 2.13 2.46E-
08 

2.75E-07 

CC polysomal 
ribosome 

Y Y Agree -2.41 1.54E
-07 

8.59E-06 -1.98 9.44E-
04 

2.56E-03 

CC secretory granule 
membrane 

Y Y Agree 1.85 1.74E
-07 

9.02E-06 1.97 1.51E-
09 

3.24E-08 

BP cell chemotaxis Y Y Agree 1.92 1.78E
-07 

5.66E-05 1.36 2.47E-
02 

4.04E-02 

BP regulation of viral 
process 

Y Y Agree 2.07 1.95E
-07 

5.87E-05 2.15 4.70E-
09 

6.71E-08 

BP leukocyte 
chemotaxis 

Y Y Agree 1.99 2.06E
-07 

5.89E-05 1.41 1.35E-
02 

2.45E-02 

BP cytokine-mediated 
signaling pathway 

Y Y Agree 1.75 3.93E
-07 

9.82E-05 1.66 6.01E-
06 

3.43E-05 

BP positive regulation 
of response to 

external stimulus 

Y Y Agree 1.74 4.23E
-07 

9.82E-05 1.80 1.24E-
07 

1.22E-06 
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CC ficolin-1-rich 
granule 

Y Y Agree 1.99 5.27E
-07 

2.55E-05 1.44 1.28E-
02 

2.35E-02 

BP rRNA processing Y Y Agree -1.90 5.90E
-07 

1.30E-04 -1.75 4.47E-
06 

2.67E-05 

BP immune response-
regulating 

signaling pathway 

Y Y Agree 1.69 6.29E
-07 

1.33E-04 1.89 1.19E-
09 

3.01E-08 

BP mitochondrial 
translation 

Y Y Agree -2.09 6.98E
-07 

1.37E-04 -1.87 3.49E-
05 

1.52E-04 

BP viral life cycle Y Y Agree 1.77 7.84E
-07 

1.49E-04 1.84 1.41E-
07 

1.34E-06 

BP leukocyte 
migration 

Y Y Agree 1.78 9.42E
-07 

1.74E-04 1.31 2.70E-
02 

4.31E-02 

MF peptide antigen 
binding 

Y Y Agree -2.29 1.82E
-06 

6.49E-04 -1.79 6.35E-
03 

1.37E-02 

BP positive regulation 
of response to 
biotic stimulus 

Y Y Agree 1.96 2.18E
-06 

3.89E-04 1.77 5.77E-
05 

2.34E-04 

BP rRNA metabolic 
process 

Y Y Agree -1.80 2.35E
-06 

4.03E-04 -1.56 1.57E-
04 

5.60E-04 

BP pattern recognition 
receptor signaling 

pathway 

Y Y Agree 1.90 2.40E
-06 

4.03E-04 2.21 3.62E-
11 

1.86E-09 

BP positive regulation 
of defense 
response 

Y Y Agree 1.80 2.68E
-06 

4.38E-04 1.80 1.49E-
06 

1.01E-05 

BP phagocytosis Y Y Agree 1.80 2.93E
-06 

4.66E-04 1.89 5.32E-
08 

5.69E-07 

BP response to 
interferon-alpha 

Y Y Agree 2.28 3.70E
-06 

5.56E-04 1.75 8.67E-
03 

1.74E-02 

BP positive regulation 
of cytokine 
production 

Y Y Agree 1.65 3.94E
-06 

5.77E-04 1.75 1.48E-
07 

1.36E-06 

BP tRNA processing Y Y Agree -2.02 4.16E
-06 

5.94E-04 -1.72 2.84E-
04 

8.65E-04 

CC organellar 
ribosome 

Y Y Agree -2.07 4.17E
-06 

1.44E-04 -1.86 3.10E-
04 

9.16E-04 

CC mitochondrial 
ribosome 

Y Y Agree -2.07 4.17E
-06 

1.44E-04 -1.86 3.10E-
04 

9.16E-04 

BP response to type I 
interferon 

Y Y Agree 2.18 4.65E
-06 

6.32E-04 2.15 1.37E-
06 

9.80E-06 

BP positive regulation 
of innate immune 

response 

Y Y Agree 1.94 5.17E
-06 

6.78E-04 1.69 5.84E-
04 

1.65E-03 

BP positive regulation 
of locomotion 

Y Y Agree 1.59 5.22E
-06 

6.78E-04 1.43 1.49E-
03 

3.92E-03 

BP tRNA modification Y Y Agree -2.07 5.47E
-06 

6.94E-04 -1.79 4.73E-
04 

1.37E-03 

BP activation of innate 
immune response 

Y Y Agree 2.17 6.17E
-06 

7.67E-04 1.72 1.85E-
03 

4.81E-03 

BP ribosomal large 
subunit biogenesis 

Y Y Agree -2.10 7.72E
-06 

9.26E-04 -1.91 1.53E-
04 

5.55E-04 

BP viral process Y Y Agree 1.65 7.78E
-06 

9.26E-04 1.73 1.06E-
06 

7.87E-06 

BP type I interferon 
signaling pathway 

Y Y Agree 2.16 8.47E
-06 

9.69E-04 2.08 7.28E-
06 

3.90E-05 

BP positive regulation 
of immune 
response 

Y Y Agree 1.57 9.07E
-06 

9.98E-04 1.64 1.57E-
06 

1.04E-05 

BP myeloid leukocyte 
migration 

Y Y Agree 1.86 9.55E
-06 

1.03E-03 1.47 7.00E-
03 

1.46E-02 

BP positive regulation 
of cell migration 

Y Y Agree 1.61 1.05E
-05 

1.12E-03 1.40 2.88E-
03 

6.72E-03 

BP positive regulation 
of cell motility 

Y Y Agree 1.59 1.09E
-05 

1.14E-03 1.40 2.49E-
03 

5.92E-03 

BP tRNA metabolic 
process 

Y Y Agree -1.81 1.29E
-05 

1.31E-03 -1.73 5.82E-
05 

2.34E-04 

CC organellar large 
ribosomal subunit 

Y Y Agree -2.08 1.49E
-05 

4.71E-04 -1.75 6.51E-
03 

1.38E-02 

CC mitochondrial 
large ribosomal 

subunit 

Y Y Agree -2.08 1.49E
-05 

4.71E-04 -1.75 6.51E-
03 

1.38E-02 

BP RNA methylation Y Y Agree -1.99 1.66E
-05 

1.60E-03 -1.95 7.41E-
05 

2.84E-04 

BP cellular response to 
type I interferon 

Y Y Agree 2.12 1.71E
-05 

1.63E-03 2.14 9.37E-
07 

7.30E-06 

BP regulation of 
response to 

cytokine stimulus 

Y Y Agree 1.86 1.75E
-05 

1.64E-03 1.76 2.04E-
04 

6.68E-04 

BP regulation of 
cytokine-mediated 
signaling pathway 

Y Y Agree 1.88 2.52E
-05 

2.29E-03 1.74 1.76E-
04 

6.02E-04 

BP activation of 
immune response 

Y Y Agree 1.60 4.55E
-05 

3.76E-03 1.58 1.89E-
04 

6.38E-04 

MF RNA 
methyltransferase 

activity 

Y Y Agree -1.98 4.88E
-05 

1.31E-02 -1.86 5.52E-
04 

1.58E-03 
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BP response to 
wounding 

Y Y Agree 1.52 5.02E
-05 

4.04E-03 1.46 4.66E-
04 

1.36E-03 

BP defense response 
to bacterium 

Y Y Agree 1.70 5.14E
-05 

4.08E-03 2.29 2.10E-
14 

5.40E-12 

BP tRNA methylation Y Y Agree -2.07 6.23E
-05 

4.81E-03 -1.76 4.21E-
03 

9.41E-03 

BP exocytosis Y Y Agree 1.59 6.68E
-05 

5.02E-03 1.37 1.17E-
02 

2.20E-02 

BP positive regulation 
of pattern 

recognition 
receptor signaling 

pathway 

Y Y Agree 2.08 7.73E
-05 

5.59E-03 2.10 1.10E-
05 

5.24E-05 

BP cellular 
extravasation 

Y Y Agree 2.01 8.11E
-05 

5.72E-03 1.52 1.25E-
02 

2.33E-02 

BP regulation of 
inflammatory 

response 

Y Y Agree 1.60 8.97E
-05 

6.18E-03 1.53 7.52E-
04 

2.08E-03 

BP ribosomal small 
subunit biogenesis 

Y Y Agree -1.91 9.75E
-05 

6.63E-03 -2.08 1.82E-
05 

8.20E-05 

CC inflammasome 
complex 

Y Y Agree 2.11 1.05E
-04 

3.04E-03 1.88 9.47E-
04 

2.56E-03 

MF rRNA binding Y Y Agree -1.94 1.18E
-04 

2.11E-02 -1.72 2.81E-
03 

6.62E-03 

BP negative regulation 
of cytokine-

mediated signaling 
pathway 

Y Y Agree 1.95 1.30E
-04 

8.76E-03 1.90 1.61E-
04 

5.67E-04 

CC tertiary granule Y Y Agree 1.74 1.31E
-04 

3.65E-03 2.23 4.39E-
11 

1.88E-09 

BP positive regulation 
of interleukin-8 

production 

Y Y Agree 1.97 1.42E
-04 

9.42E-03 1.80 2.09E-
03 

5.33E-03 

MF signaling receptor 
regulator activity 

Y Y Agree 1.58 1.59E
-04 

2.28E-02 1.43 9.15E-
03 

1.81E-02 

MF phospholipid 
binding 

Y Y Agree 1.51 1.70E
-04 

2.28E-02 1.31 1.70E-
02 

2.96E-02 

BP response to 
interferon-beta 

Y Y Agree 2.02 2.01E
-04 

1.28E-02 1.76 4.62E-
03 

1.02E-02 

BP regulation of type I 
interferon-

mediated signaling 
pathway 

Y Y Agree 2.04 2.16E
-04 

1.36E-02 2.03 1.68E-
04 

5.83E-04 

MF catalytic activity, 
acting on a tRNA 

Y Y Agree -1.76 2.17E
-04 

2.41E-02 -1.54 2.17E-
03 

5.37E-03 

MF tRNA 
methyltransferase 

activity 

Y Y Agree -2.02 2.25E
-04 

2.41E-02 -1.72 7.36E-
03 

1.53E-02 

BP regulated 
exocytosis 

Y Y Agree 1.64 2.52E
-04 

1.52E-02 1.52 4.16E-
03 

9.38E-03 

BP cellular response to 
peptide hormone 

stimulus 

Y Y Agree 1.56 2.67E
-04 

1.59E-02 1.35 2.87E-
02 

4.55E-02 

CC ficolin-1-rich 
granule membrane 

Y Y Agree 1.90 2.82E
-04 

7.07E-03 1.58 1.26E-
02 

2.33E-02 

BP leukocyte 
mediated 
immunity 

Y Y Agree 1.46 3.19E
-04 

1.88E-02 1.77 2.63E-
07 

2.33E-06 

BP mitochondrial 
RNA metabolic 

process 

Y Y Agree -1.90 3.70E
-04 

2.14E-02 -1.72 8.01E-
03 

1.65E-02 

BP pyroptosis Y Y Agree 2.05 4.40E
-04 

2.41E-02 1.84 2.20E-
03 

5.40E-03 

BP regulation of 
secretion 

Y Y Agree 1.43 4.63E
-04 

2.50E-02 1.41 2.40E-
03 

5.75E-03 

BP positive regulation 
of MAPK cascade 

Y Y Agree 1.47 5.05E
-04 

2.70E-02 1.31 2.63E-
02 

4.25E-02 

CC immunoglobulin 
complex 

Y Y Agree 1.85 5.06E
-04 

1.11E-02 2.38 9.19E-
11 

3.37E-09 

BP porphyrin-
containing 
compound 

biosynthetic 
process 

Y Y Agree -1.94 5.36E
-04 

2.79E-02 -1.71 8.34E-
03 

1.69E-02 

BP tetrapyrrole 
biosynthetic 

process 

Y Y Agree -1.94 5.36E
-04 

2.79E-02 -1.71 8.34E-
03 

1.69E-02 

BP superoxide 
metabolic process 

Y Y Agree 1.85 5.47E
-04 

2.81E-02 1.56 1.64E-
02 

2.87E-02 

BP cellular response to 
peptide 

Y Y Agree 1.51 5.52E
-04 

2.81E-02 1.41 6.96E-
03 

1.46E-02 

CC extracellular 
matrix 

Y Y Agree 1.48 5.76E
-04 

1.23E-02 1.68 1.14E-
05 

5.24E-05 

BP interleukin-1 
production 

Y Y Agree 1.77 6.35E
-04 

3.10E-02 1.97 8.98E-
06 

4.52E-05 
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BP regulation of 
interleukin-1 
production 

Y Y Agree 1.77 6.35E
-04 

3.10E-02 1.97 8.98E-
06 

4.52E-05 

BP positive regulation 
of fatty acid 

transport 

Y Y Agree 2.00 6.41E
-04 

3.11E-02 1.61 2.01E-
02 

3.41E-02 

MF signaling receptor 
activator activity 

Y Y Agree 1.56 6.49E
-04 

4.34E-02 1.42 8.94E-
03 

1.78E-02 

BP positive regulation 
of superoxide 

anion generation 

Y Y Agree 2.02 6.83E
-04 

3.24E-02 1.66 9.54E-
03 

1.84E-02 

BP trans-synaptic 
signaling 

Y Y Agree 1.41 6.85E
-04 

3.24E-02 1.62 1.07E-
05 

5.20E-05 

BP positive regulation 
of toll-like receptor 
signaling pathway 

Y Y Agree 1.92 7.23E
-04 

3.36E-02 1.99 2.04E-
04 

6.68E-04 

BP positive regulation 
of response to 

cytokine stimulus 

Y Y Agree 1.83 7.79E
-04 

3.52E-02 1.52 2.18E-
02 

3.64E-02 

BP regulation of 
vesicle-mediated 

transport 

Y Y Agree 1.42 7.81E
-04 

3.52E-02 1.50 2.28E-
04 

7.14E-04 

BP negative regulation 
of response to 

cytokine stimulus 

Y Y Agree 1.82 7.98E
-04 

3.53E-02 1.84 7.07E-
04 

1.97E-03 

CC blood 
microparticle 

Y Y Agree 1.75 8.59E
-04 

1.64E-02 1.94 1.97E-
05 

8.75E-05 

MF receptor ligand 
activity 

Y Y Agree 1.57 8.63E
-04 

4.90E-02 1.43 9.35E-
03 

1.83E-02 

BP heme biosynthetic 
process 

Y Y Agree -1.89 8.67E
-04 

3.80E-02 -1.71 1.37E-
02 

2.48E-02 

MF glycosaminoglycan 
binding 

Y Y Agree 1.66 8.69E
-04 

4.90E-02 1.79 1.37E-
04 

5.03E-04 

BP synaptic signaling Y Y Agree 1.39 8.79E
-04 

3.81E-02 1.60 5.72E-
06 

3.34E-05 

BP phagocytosis, 
engulfment 

Y Y Agree 1.78 9.48E
-04 

3.95E-02 2.04 2.31E-
06 

1.45E-05 

BP ribosome assembly Y Y Agree -1.85 9.51E
-04 

3.95E-02 -2.12 5.06E-
05 

2.10E-04 

CC membrane 
microdomain 

Y Y Agree 1.48 9.77E
-04 

1.79E-02 1.34 2.19E-
02 

3.64E-02 

CC external 
encapsulating 

structure 

Y Y Agree 1.47 9.87E
-04 

1.79E-02 1.69 1.12E-
05 

5.24E-05 

BP toll-like receptor 
signaling pathway 

Y Y Agree 1.66 1.03E
-03 

4.19E-02 2.04 4.60E-
07 

3.94E-06 

BP protein targeting to 
mitochondrion 

Y Y Agree -1.67 1.05E
-03 

4.22E-02 -1.57 3.94E-
03 

8.97E-03 

BP circulatory system 
process 

Y Y Agree 1.41 1.06E
-03 

4.25E-02 1.40 5.43E-
03 

1.18E-02 

BP regulation of 
superoxide 

metabolic process 

Y Y Agree 1.89 1.07E
-03 

4.25E-02 1.70 9.99E-
03 

1.92E-02 

BP regulation of fatty 
acid transport 

Y Y Agree 1.89 1.11E
-03 

4.37E-02 1.65 1.64E-
02 

2.87E-02 

BP negative regulation 
of cell 

differentiation 

Y Y Agree 1.40 1.18E
-03 

4.57E-02 1.24 3.01E-
02 

4.74E-02 

BP interleukin-1 beta 
production 

Y Y Agree 1.74 1.20E
-03 

4.57E-02 1.91 3.93E-
05 

1.65E-04 

BP regulation of 
interleukin-1 beta 

production 

Y Y Agree 1.74 1.20E
-03 

4.57E-02 1.91 3.93E-
05 

1.65E-04 

CC membrane raft Y Y Agree 1.46 1.56E
-03 

2.62E-02 1.35 1.50E-
02 

2.67E-02 

CC collagen-
containing 

extracellular 
matrix 

Y Y Agree 1.50 1.62E
-03 

2.62E-02 1.68 6.14E-
05 

2.43E-04 

CC vesicle lumen Y Y Agree 1.45 1.70E
-03 

2.62E-02 1.95 3.06E-
09 

4.91E-08 

CC cytoplasmic 
vesicle lumen 

Y Y Agree 1.45 1.70E
-03 

2.62E-02 1.95 3.06E-
09 

4.91E-08 
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Table 8.1. Gene Set Enrichment Analysis of Gene Ontology terms. Table showing the results of 
Gene set enrichment analysis of genes (based on ranked fold changes) grouped into Gene Ontology 
terms (GO). Ontologies include Biological Processes (BP), Molecular Functions (MF) and Cellular 
Components (CC). For each term, the corresponding ontology, unique GO ID, the name of the term, 
whether it is significant in PPMI and replicated in ICICLE-PD (FDR <0.05) and whether the direction 
of effect agrees between PPMI and ICICLE-PD cohorts (based on the Normalised Enrichment Score, 
NES). FDR values in ICICLE-PD are based on terms significantly enriched in PPMI.  
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PPMI 

 
ICICLE-PD 

ONTOLOGY ID Description GeneRatio BgRatio P-value FDR GeneRatio BgRatio P-value FDR 

MF GO:0048156 tau protein binding 6/276 18/4877 3.2E-04 1.4E-01 5/299 17/4051 6.3E-03 5.3E-01 

MF GO:0003682 chromatin binding 27/276 257/4877 1.2E-03 2.5E-01 28/299 219/4051 2.5E-03 4.9E-01 

BP GO:0006325 chromatin organization 29/273 282/4784 1.2E-03 8.2E-01 27/296 251/3982 3.0E-02 6.7E-01 

BP GO:2000058 regulation of ubiquitin-dependent protein catabolic process 11/273 70/4784 1.8E-03 8.2E-01 10/296 65/3982 2.0E-02 6.2E-01 

BP GO:1903201 regulation of oxidative stress-induced cell death 5/273 17/4784 2.0E-03 8.2E-01 4/296 15/3982 2.1E-02 6.2E-01 

BP GO:0006898 receptor-mediated endocytosis 13/273 94/4784 2.4E-03 8.2E-01 11/296 81/3982 3.6E-02 7.1E-01 

BP GO:2000369 regulation of clathrin-dependent endocytosis 4/273 1053666 2.5E-03 8.2E-01 
    

BP GO:0009880 embryonic pattern specification 5/273 18/4784 2.7E-03 8.2E-01 5/296 18/3982 8.4E-03 6.2E-01 

BP GO:0006479 protein methylation 13/273 97/4784 3.2E-03 8.2E-01 13/296 88/3982 1.2E-02 6.2E-01 

BP GO:0008213 protein alkylation 13/273 97/4784 3.2E-03 8.2E-01 13/296 88/3982 1.2E-02 6.2E-01 

MF GO:0008276 protein methyltransferase activity 8/276 45/4877 3.3E-03 4.7E-01 8/299 44/4051 1.4E-02 5.3E-01 

BP GO:0071168 protein localization to chromatin 5/273 19/4784 3.5E-03 8.2E-01 5/296 15/3982 3.5E-03 6.2E-01 

BP GO:1903050 regulation of proteolysis involved in protein catabolic process 12/273 88/4784 3.9E-03 8.2E-01 11/296 81/3982 3.6E-02 7.1E-01 

BP GO:2000060 positive regulation of ubiquitin-dependent protein catabolic process 8/273 46/4784 4.0E-03 8.2E-01 7/296 41/3982 2.9E-02 6.7E-01 

BP GO:0043401 steroid hormone mediated signaling pathway 9/273 56/4784 4.0E-03 8.2E-01 6/296 45/3982 1.1E-01 8.5E-01 

BP GO:0043414 macromolecule methylation 17/273 151/4784 5.1E-03 8.2E-01 16/296 132/3982 3.4E-02 6.8E-01 

BP GO:1900407 regulation of cellular response to oxidative stress 5/273 21/4784 5.6E-03 8.2E-01 4/296 20/3982 5.6E-02 7.8E-01 

BP GO:0009798 axis specification 5/273 23/4784 8.4E-03 8.2E-01 5/296 20/3982 1.3E-02 6.2E-01 

BP GO:0035282 segmentation 5/273 23/4784 8.4E-03 8.2E-01 5/296 16/3982 4.8E-03 6.2E-01 

BP GO:0090311 regulation of protein deacetylation 5/273 23/4784 8.4E-03 8.2E-01 5/296 19/3982 1.1E-02 6.2E-01 

BP GO:0030518 intracellular steroid hormone receptor signaling pathway 8/273 52/4784 8.5E-03 8.2E-01 5/296 42/3982 2.0E-01 8.8E-01 

BP GO:0018027 peptidyl-lysine dimethylation 4/273 15/4784 8.6E-03 8.2E-01 4/296 760741 6.5E-03 6.2E-01 

BP GO:0001841 neural tube formation 7/273 42/4784 8.8E-03 8.2E-01 6/296 36/3982 4.7E-02 7.5E-01 

MF GO:0008270 zinc ion binding 25/276 269/4877 8.9E-03 4.9E-01 22/299 233/4051 1.3E-01 7.9E-01 

MF GO:0019902 phosphatase binding 11/276 87/4877 9.4E-03 4.9E-01 13/299 71/4051 1.7E-03 4.9E-01 

MF GO:0042054 histone methyltransferase activity 6/276 33/4877 9.4E-03 4.9E-01 5/299 31/4051 7.4E-02 7.9E-01 

BP GO:0016570 histone modification 22/273 227/4784 9.5E-03 8.2E-01 23/296 196/3982 1.8E-02 6.2E-01 

BP GO:0006476 protein deacetylation 8/273 53/4784 9.6E-03 8.2E-01 7/296 45/3982 4.6E-02 7.5E-01 



224 
 

BP GO:0009791 post-embryonic development 6/273 33/4784 9.8E-03 8.2E-01 4/296 31/3982 2.0E-01 8.8E-01 

BP GO:0001838 embryonic epithelial tube formation 7/273 43/4784 1.0E-02 8.2E-01 6/296 37/3982 5.3E-02 7.8E-01 

BP GO:0010821 regulation of mitochondrion organization 7/273 43/4784 1.0E-02 8.2E-01 9/296 41/3982 2.6E-03 6.2E-01 

BP GO:0030324 lung development 7/273 43/4784 1.0E-02 8.2E-01 7/296 39/3982 2.3E-02 6.3E-01 

BP GO:0032259 methylation 17/273 162/4784 1.0E-02 8.2E-01 16/296 139/3982 5.1E-02 7.8E-01 

CC GO:0016234 inclusion body 6/285 33/4929 1.0E-02 9.8E-01 5/306 27/4103 4.6E-02 9.5E-01 

BP GO:1903052 positive regulation of proteolysis involved in protein catabolic process 8/273 54/4784 1.1E-02 8.2E-01 7/296 49/3982 6.8E-02 8.0E-01 

BP GO:0072583 clathrin-dependent endocytosis 6/273 34/4784 1.1E-02 8.2E-01 6/296 26/3982 1.0E-02 6.2E-01 

BP GO:1902532 negative regulation of intracellular signal transduction 17/273 164/4784 1.2E-02 8.2E-01 14/296 129/3982 9.5E-02 8.5E-01 

BP GO:0036473 cell death in response to oxidative stress 5/273 25/4784 1.2E-02 8.2E-01 4/296 22/3982 7.6E-02 8.2E-01 

MF GO:0008134 transcription factor binding 22/276 235/4877 1.3E-02 4.9E-01 24/299 199/4051 1.0E-02 5.3E-01 

BP GO:0030323 respiratory tube development 7/273 45/4784 1.3E-02 8.2E-01 7/296 41/3982 2.9E-02 6.7E-01 

BP GO:0072175 epithelial tube formation 7/273 45/4784 1.3E-02 8.2E-01 6/296 39/3982 6.5E-02 7.9E-01 

BP GO:0009755 hormone-mediated signaling pathway 9/273 67/4784 1.3E-02 8.2E-01 6/296 53/3982 2.0E-01 8.8E-01 

BP GO:0035601 protein deacylation 8/273 56/4784 1.3E-02 8.2E-01 7/296 48/3982 6.2E-02 7.9E-01 

BP GO:0098732 macromolecule deacylation 8/273 56/4784 1.3E-02 8.2E-01 7/296 48/3982 6.2E-02 7.9E-01 

BP GO:1904888 cranial skeletal system development 4/273 17/4784 1.4E-02 8.2E-01 4/296 15/3982 2.1E-02 6.2E-01 

MF GO:0018024 histone-lysine N-methyltransferase activity 5/276 26/4877 1.4E-02 4.9E-01 5/299 24/4051 2.8E-02 7.9E-01 

BP GO:0031331 positive regulation of cellular catabolic process 18/273 181/4784 1.4E-02 8.2E-01 16/296 156/3982 1.1E-01 8.5E-01 

BP GO:0016331 morphogenesis of embryonic epithelium 7/273 46/4784 1.4E-02 8.2E-01 6/296 40/3982 7.2E-02 8.1E-01 

BP GO:0051093 negative regulation of developmental process 21/273 222/4784 1.4E-02 8.2E-01 22/296 192/3982 2.6E-02 6.3E-01 

BP GO:0032886 regulation of microtubule-based process 11/273 92/4784 1.5E-02 8.2E-01 12/296 73/3982 6.8E-03 6.2E-01 

BP GO:0001843 neural tube closure 6/273 36/4784 1.5E-02 8.2E-01 5/296 31/3982 7.6E-02 8.2E-01 

BP GO:0060606 tube closure 6/273 36/4784 1.5E-02 8.2E-01 5/296 31/3982 7.6E-02 8.2E-01 

MF GO:0061629 RNA polymerase II-specific DNA-binding transcription factor binding 15/276 144/4877 1.5E-02 4.9E-01 16/299 119/4051 1.3E-02 5.3E-01 

BP GO:0040029 epigenetic regulation of gene expression 10/273 81/4784 1.6E-02 8.2E-01 8/296 69/3982 1.4E-01 8.5E-01 

BP GO:0009952 anterior/posterior pattern specification 7/273 47/4784 1.6E-02 8.2E-01 8/296 39/3982 6.8E-03 6.2E-01 

MF GO:0031593 polyubiquitin modification-dependent protein binding 5/276 27/4877 1.6E-02 4.9E-01 4/299 28/4051 1.5E-01 7.9E-01 

MF GO:0140030 modification-dependent protein binding 11/276 94/4877 1.6E-02 4.9E-01 8/299 87/4051 3.1E-01 8.8E-01 

BP GO:0010452 histone H3-K36 methylation 3/273 1053635 1.6E-02 8.2E-01 3/296 760741 4.3E-02 7.3E-01 
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BP GO:1901984 negative regulation of protein acetylation 3/273 1053635 1.6E-02 8.2E-01 
    

MF GO:0070577 lysine-acetylated histone binding 4/276 18/4877 1.6E-02 4.9E-01 2/299 16/4051 3.3E-01 8.8E-01 

MF GO:0140033 acetylation-dependent protein binding 4/276 18/4877 1.6E-02 4.9E-01 2/299 16/4051 3.3E-01 8.8E-01 

BP GO:0048488 synaptic vesicle endocytosis 5/273 27/4784 1.7E-02 8.2E-01 5/296 22/3982 2.0E-02 6.2E-01 

BP GO:0140238 presynaptic endocytosis 5/273 27/4784 1.7E-02 8.2E-01 5/296 22/3982 2.0E-02 6.2E-01 

BP GO:1902882 regulation of response to oxidative stress 5/273 27/4784 1.7E-02 8.2E-01 4/296 25/3982 1.1E-01 8.5E-01 

BP GO:0001756 somitogenesis 4/273 18/4784 1.7E-02 8.2E-01 4/296 760771 9.2E-03 6.2E-01 

BP GO:0098751 bone cell development 4/273 18/4784 1.7E-02 8.2E-01 4/296 15/3982 2.1E-02 6.2E-01 

BP GO:1901532 regulation of hematopoietic progenitor cell differentiation 4/273 18/4784 1.7E-02 8.2E-01 4/296 15/3982 2.1E-02 6.2E-01 

BP GO:0014020 primary neural tube formation 6/273 37/4784 1.7E-02 8.2E-01 5/296 31/3982 7.6E-02 8.2E-01 

BP GO:0021700 developmental maturation 9/273 70/4784 1.7E-02 8.2E-01 8/296 59/3982 6.8E-02 8.0E-01 

BP GO:0080135 regulation of cellular response to stress 25/273 282/4784 1.7E-02 8.2E-01 32/296 236/3982 5.0E-04 6.2E-01 

BP GO:0016571 histone methylation 10/273 82/4784 1.7E-02 8.2E-01 9/296 72/3982 8.3E-02 8.5E-01 

CC GO:0000785 chromatin 31/285 366/4929 1.9E-02 9.8E-01 33/306 313/4103 2.4E-02 9.5E-01 

MF GO:0008757 S-adenosylmethionine-dependent methyltransferase activity 9/276 72/4877 1.9E-02 4.9E-01 9/299 67/4051 5.6E-02 7.9E-01 

BP GO:0006897 endocytosis 19/273 201/4784 2.0E-02 8.3E-01 19/296 158/3982 2.4E-02 6.3E-01 

BP GO:0060541 respiratory system development 7/273 49/4784 2.0E-02 8.3E-01 7/296 44/3982 4.1E-02 7.3E-01 

BP GO:0022008 neurogenesis 37/273 463/4784 2.0E-02 8.3E-01 39/296 389/3982 2.9E-02 6.7E-01 

MF GO:0042393 histone binding 14/276 136/4877 2.1E-02 4.9E-01 13/299 120/4051 1.0E-01 7.9E-01 

BP GO:0048699 generation of neurons 33/273 404/4784 2.1E-02 8.3E-01 35/296 337/3982 2.4E-02 6.3E-01 

MF GO:0003712 transcription coregulator activity 21/276 232/4877 2.1E-02 4.9E-01 20/299 197/4051 8.7E-02 7.9E-01 

CC GO:0035577 azurophil granule membrane 4/285 19/4929 2.1E-02 9.8E-01 4/306 16/4103 2.7E-02 9.5E-01 

BP GO:0021915 neural tube development 8/273 61/4784 2.1E-02 8.3E-01 7/296 51/3982 8.1E-02 8.3E-01 

BP GO:0009948 anterior/posterior axis specification 3/273 1053666 2.2E-02 8.3E-01 
    

BP GO:0060339 negative regulation of type I interferon-mediated signaling pathway 3/273 1053666 2.2E-02 8.3E-01 
    

BP GO:0072673 lamellipodium morphogenesis 3/273 1053666 2.2E-02 8.3E-01 3/296 760710 3.3E-02 6.7E-01 

BP GO:1902036 regulation of hematopoietic stem cell differentiation 3/273 1053666 2.2E-02 8.3E-01 
    

BP GO:1903202 negative regulation of oxidative stress-induced cell death 3/273 1053666 2.2E-02 8.3E-01 2/296 760710 1.7E-01 8.5E-01 

MF GO:0016278 lysine N-methyltransferase activity 5/276 29/4877 2.2E-02 4.9E-01 6/299 27/4051 1.2E-02 5.3E-01 

MF GO:0016279 protein-lysine N-methyltransferase activity 5/276 29/4877 2.2E-02 4.9E-01 6/299 27/4051 1.2E-02 5.3E-01 
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BP GO:0003002 regionalization 9/273 73/4784 2.2E-02 8.3E-01 10/296 62/3982 1.5E-02 6.2E-01 

BP GO:0035295 tube development 24/273 274/4784 2.2E-02 8.3E-01 26/296 233/3982 2.2E-02 6.3E-01 

BP GO:0070828 heterochromatin organization 7/273 50/4784 2.2E-02 8.3E-01 5/296 42/3982 2.0E-01 8.8E-01 

BP GO:0035196 miRNA processing 5/273 29/4784 2.2E-02 8.3E-01 4/296 27/3982 1.4E-01 8.5E-01 

MF GO:0001221 transcription coregulator binding 7/276 51/4877 2.3E-02 4.9E-01 6/299 39/4051 6.4E-02 7.9E-01 

BP GO:0061136 regulation of proteasomal protein catabolic process 9/273 74/4784 2.4E-02 8.3E-01 7/296 69/3982 2.5E-01 9.0E-01 

BP GO:0071383 cellular response to steroid hormone stimulus 9/273 74/4784 2.4E-02 8.3E-01 6/296 59/3982 2.7E-01 9.0E-01 

BP GO:0030219 megakaryocyte differentiation 4/273 20/4784 2.4E-02 8.3E-01 4/296 16/3982 2.7E-02 6.3E-01 

BP GO:0060218 hematopoietic stem cell differentiation 4/273 20/4784 2.4E-02 8.3E-01 4/296 17/3982 3.3E-02 6.7E-01 

BP GO:0061008 hepaticobiliary system development 6/273 40/4784 2.4E-02 8.3E-01 5/296 37/3982 1.4E-01 8.5E-01 

BP GO:0031109 microtubule polymerization or depolymerization 7/273 51/4784 2.4E-02 8.3E-01 8/296 45/3982 1.6E-02 6.2E-01 

BP GO:0030182 neuron differentiation 31/273 380/4784 2.5E-02 8.3E-01 33/296 316/3982 2.6E-02 6.3E-01 

BP GO:0048562 embryonic organ morphogenesis 8/273 63/4784 2.6E-02 8.3E-01 11/296 51/3982 1.0E-03 6.2E-01 

BP GO:0043009 chordate embryonic development 20/273 221/4784 2.6E-02 8.3E-01 19/296 185/3982 9.1E-02 8.5E-01 

MF GO:0019903 protein phosphatase binding 8/276 64/4877 2.7E-02 4.9E-01 8/299 50/4051 2.8E-02 7.9E-01 

BP GO:0034502 protein localization to chromosome 7/273 52/4784 2.7E-02 8.3E-01 6/296 45/3982 1.1E-01 8.5E-01 

BP GO:0035148 tube formation 7/273 52/4784 2.7E-02 8.3E-01 6/296 44/3982 1.0E-01 8.5E-01 

BP GO:0045814 negative regulation of gene expression, epigenetic 7/273 52/4784 2.7E-02 8.3E-01 5/296 43/3982 2.1E-01 8.9E-01 

MF GO:0030507 spectrin binding 3/276 1087664 2.7E-02 4.9E-01 
    

MF GO:0035173 histone kinase activity 3/276 1087664 2.7E-02 4.9E-01 3/299 785973 5.3E-02 7.9E-01 

MF GO:0050321 tau-protein kinase activity 3/276 1087664 2.7E-02 4.9E-01 2/299 785973 2.2E-01 7.9E-01 

BP GO:0048598 embryonic morphogenesis 15/273 153/4784 2.7E-02 8.3E-01 17/296 127/3982 1.2E-02 6.2E-01 

BP GO:0006517 protein deglycosylation 3/273 1053696 2.8E-02 8.3E-01 2/296 760710 1.7E-01 8.5E-01 

BP GO:0021872 forebrain generation of neurons 3/273 1053696 2.8E-02 8.3E-01 
    

BP GO:0032211 negative regulation of telomere maintenance via telomerase 3/273 1053696 2.8E-02 8.3E-01 
    

BP GO:0035855 megakaryocyte development 3/273 1053696 2.8E-02 8.3E-01 3/296 760710 3.3E-02 6.7E-01 

BP GO:0048701 embryonic cranial skeleton morphogenesis 3/273 1053696 2.8E-02 8.3E-01 3/296 760710 3.3E-02 6.7E-01 

MF GO:0140658 ATP-dependent chromatin remodeler activity 4/276 21/4877 2.8E-02 4.9E-01 5/299 20/4051 1.3E-02 5.3E-01 

BP GO:0000902 cell morphogenesis 27/273 324/4784 2.8E-02 8.3E-01 26/296 261/3982 7.2E-02 8.1E-01 

BP GO:0048666 neuron development 27/273 324/4784 2.8E-02 8.3E-01 30/296 269/3982 1.4E-02 6.2E-01 
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MF GO:0043130 ubiquitin binding 7/276 53/4877 2.8E-02 4.9E-01 6/299 46/4051 1.2E-01 7.9E-01 

BP GO:0030520 intracellular estrogen receptor signaling pathway 4/273 21/4784 2.9E-02 8.3E-01 1/296 18/3982 7.5E-01 9.6E-01 

BP GO:0051148 negative regulation of muscle cell differentiation 4/273 21/4784 2.9E-02 8.3E-01 3/296 17/3982 1.3E-01 8.5E-01 

BP GO:0031329 regulation of cellular catabolic process 27/273 325/4784 2.9E-02 8.3E-01 28/296 280/3982 6.1E-02 7.9E-01 

BP GO:0070918 small regulatory ncRNA processing 5/273 31/4784 2.9E-02 8.3E-01 4/296 29/3982 1.6E-01 8.5E-01 

BP GO:0001501 skeletal system development 13/273 128/4784 3.0E-02 8.3E-01 14/296 109/3982 3.0E-02 6.7E-01 

MF GO:0046914 transition metal ion binding 26/276 314/4877 3.0E-02 5.0E-01 23/299 274/4051 2.9E-01 8.5E-01 

BP GO:0048469 cell maturation 6/273 42/4784 3.0E-02 8.4E-01 5/296 37/3982 1.4E-01 8.5E-01 

BP GO:0006605 protein targeting 12/273 116/4784 3.2E-02 8.5E-01 11/296 106/3982 1.6E-01 8.5E-01 

BP GO:0009792 embryo development ending in birth or egg hatching 20/273 226/4784 3.2E-02 8.5E-01 19/296 189/3982 1.1E-01 8.5E-01 

MF GO:0003684 damaged DNA binding 6/276 43/4877 3.2E-02 5.1E-01 5/299 36/4051 1.2E-01 7.9E-01 

BP GO:0031110 regulation of microtubule polymerization or depolymerization 5/273 32/4784 3.3E-02 8.5E-01 6/296 26/3982 1.0E-02 6.2E-01 

BP GO:0033143 regulation of intracellular steroid hormone receptor signaling pathway 5/273 32/4784 3.3E-02 8.5E-01 3/296 29/3982 3.7E-01 9.4E-01 

BP GO:0006338 chromatin remodeling 15/273 157/4784 3.3E-02 8.5E-01 15/296 136/3982 7.8E-02 8.3E-01 

BP GO:0009894 regulation of catabolic process 31/273 389/4784 3.3E-02 8.5E-01 31/296 337/3982 1.2E-01 8.5E-01 

BP GO:0060998 regulation of dendritic spine development 4/273 22/4784 3.4E-02 8.5E-01 4/296 20/3982 5.6E-02 7.8E-01 

BP GO:0071539 protein localization to centrosome 4/273 22/4784 3.4E-02 8.5E-01 4/296 19/3982 4.8E-02 7.5E-01 

BP GO:1901216 positive regulation of neuron death 4/273 22/4784 3.4E-02 8.5E-01 5/296 17/3982 6.4E-03 6.2E-01 

BP GO:0045620 negative regulation of lymphocyte differentiation 3/273 13/4784 3.4E-02 8.6E-01 3/296 760741 4.3E-02 7.3E-01 

CC GO:0030135 coated vesicle 11/285 103/4929 3.4E-02 9.8E-01 9/306 76/4103 1.1E-01 9.5E-01 

BP GO:0009968 negative regulation of signal transduction 30/273 375/4784 3.5E-02 8.6E-01 28/296 298/3982 1.1E-01 8.5E-01 

CC GO:0005791 rough endoplasmic reticulum 4/285 22/4929 3.5E-02 9.8E-01 4/306 21/4103 6.6E-02 9.5E-01 

BP GO:0002244 hematopoietic progenitor cell differentiation 7/273 55/4784 3.5E-02 8.6E-01 8/296 49/3982 2.6E-02 6.3E-01 

BP GO:0008360 regulation of cell shape 7/273 55/4784 3.5E-02 8.6E-01 6/296 44/3982 1.0E-01 8.5E-01 

BP GO:0071695 anatomical structure maturation 7/273 55/4784 3.5E-02 8.6E-01 6/296 48/3982 1.4E-01 8.5E-01 

CC GO:0000932 P-body 6/285 43/4929 3.6E-02 9.8E-01 6/306 40/4103 7.3E-02 9.5E-01 

BP GO:0007389 pattern specification process 11/273 105/4784 3.6E-02 8.6E-01 12/296 90/3982 3.3E-02 6.7E-01 

MF GO:0140297 DNA-binding transcription factor binding 17/276 188/4877 3.6E-02 5.5E-01 19/299 155/4051 1.8E-02 6.5E-01 

BP GO:0021953 central nervous system neuron differentiation 6/273 44/4784 3.7E-02 8.8E-01 7/296 36/3982 1.5E-02 6.2E-01 

BP GO:0032434 regulation of proteasomal ubiquitin-dependent protein catabolic process 7/273 56/4784 3.8E-02 8.9E-01 5/296 53/3982 3.6E-01 9.4E-01 
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BP GO:0055072 iron ion homeostasis 4/273 23/4784 3.9E-02 8.9E-01 2/296 21/3982 4.7E-01 9.5E-01 

BP GO:0061053 somite development 4/273 23/4784 3.9E-02 8.9E-01 4/296 16/3982 2.7E-02 6.3E-01 

BP GO:1905508 protein localization to microtubule organizing center 4/273 23/4784 3.9E-02 8.9E-01 4/296 19/3982 4.8E-02 7.5E-01 

BP GO:1905897 regulation of response to endoplasmic reticulum stress 4/273 23/4784 3.9E-02 8.9E-01 4/296 20/3982 5.6E-02 7.8E-01 

CC GO:0000151 ubiquitin ligase complex 14/285 146/4929 4.2E-02 9.8E-01 12/306 118/4103 1.7E-01 9.5E-01 

BP GO:0036465 synaptic vesicle recycling 5/273 34/4784 4.2E-02 9.2E-01 5/296 28/3982 5.2E-02 7.8E-01 

BP GO:0018193 peptidyl-amino acid modification 36/273 473/4784 4.2E-02 9.2E-01 42/296 395/3982 9.2E-03 6.2E-01 

BP GO:0006801 superoxide metabolic process 3/273 14/4784 4.2E-02 9.2E-01 3/296 13/3982 6.7E-02 7.9E-01 

BP GO:0043627 response to estrogen 3/273 14/4784 4.2E-02 9.2E-01 2/296 13/3982 2.5E-01 9.0E-01 

CC GO:0016604 nuclear body 30/285 377/4929 4.3E-02 9.8E-01 38/306 318/4103 2.0E-03 6.9E-01 

BP GO:0048863 stem cell differentiation 8/273 70/4784 4.4E-02 9.5E-01 9/296 56/3982 2.1E-02 6.2E-01 

BP GO:0030865 cortical cytoskeleton organization 4/273 24/4784 4.5E-02 9.5E-01 3/296 23/3982 2.4E-01 9.0E-01 

BP GO:0034340 response to type I interferon 4/273 24/4784 4.5E-02 9.5E-01 3/296 19/3982 1.6E-01 8.5E-01 

BP GO:0045596 negative regulation of cell differentiation 15/273 164/4784 4.6E-02 9.5E-01 15/296 141/3982 9.9E-02 8.5E-01 

MF GO:0008022 protein C-terminus binding 9/276 84/4877 4.6E-02 6.8E-01 11/299 63/4051 5.6E-03 5.3E-01 

BP GO:0061515 myeloid cell development 5/273 35/4784 4.6E-02 9.5E-01 4/296 31/3982 2.0E-01 8.8E-01 

BP GO:0070936 protein K48-linked ubiquitination 5/273 35/4784 4.6E-02 9.5E-01 3/296 32/3982 4.3E-01 9.5E-01 

BP GO:0030097 hemopoiesis 25/273 310/4784 4.7E-02 9.5E-01 25/296 264/3982 1.2E-01 8.5E-01 

CC GO:0016323 basolateral plasma membrane 8/285 70/4929 4.7E-02 9.8E-01 6/306 56/4103 2.4E-01 9.5E-01 

MF GO:0008170 N-methyltransferase activity 6/276 47/4877 4.7E-02 6.8E-01 6/299 45/4051 1.1E-01 7.9E-01 

BP GO:0030099 myeloid cell differentiation 13/273 137/4784 4.8E-02 9.5E-01 11/296 115/3982 2.3E-01 9.0E-01 

BP GO:0016358 dendrite development 9/273 84/4784 4.9E-02 9.5E-01 9/296 74/3982 9.5E-02 8.5E-01 

BP GO:1901800 positive regulation of proteasomal protein catabolic process 6/273 47/4784 4.9E-02 9.5E-01 5/296 44/3982 2.3E-01 8.9E-01 

Table 8.2.  Gene ontology enrichment of abundant circular RNA-host genes. Ontologies include Biological Processes (BP), Molecular Functions (MF) and 
Cellular Components (CC). For each term, the corresponding ontology, unique GO ID, the name of the term is shown. For each cohort, I give the Gene ratio 
(number of genes in the GO term that host abundant circRNAs), Background ratio (number of genes in the GO term that did not host abundant circRNAs), 
overrepresentation P-value and the false discovery rate of the P-value (FDR). Blank indicates not available. 

 

    Detected Abundant 
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BSJ position Gene symbol Tissue Direction PPMI ICICLE-PD PPMI ICICLE-PD 

21:36247516-36248568:+ DOP1B Blood Decreased in PD YES YES YES YES 

X:135545422-135556300:+ INTS6L Brain Decreased in PD YES YES YES YES 

6:138943512-138944622:- RESP1 Blood Decreased in PD YES YES YES NO 

2:40428472-40430304:- SLC8A1 Brain Increased in PD YES YES YES YES 

1:47280240-47282459:- STIL Brain Decreased in PD YES YES YES YES 

16:18797924-18798834:- ARL6IP1 Brain Decreased in PD YES YES YES YES 

13:77719531-77753358:+ SLAIN1 Blood Decreased in PD YES YES NO YES 

14:73147794-73148106:+ PSEN1 Blood Decreased in PD YES YES NO NO 

5:180261683-180280608:- MAPK9 Blood Decreased in PD YES YES NO NO 

5:79439009-79457018:- HOMER1 Blood Decreased in PD YES YES NO NO 

9:84702158-84710791:+ NTRK2 Brain Increased in PD NO NO NO NO 

2:226906792-226914351:+ RHBDD1 Brain Decreased in PD YES YES NO NO 

5:132927120-132934941:- AFF4 Brain Decreased in PD YES YES NO NO 

8:38819521-38820635:+ TACC1 Brain Decreased in PD YES YES NO NO 

20:41267462-41269083:- ZHX3 Brain Increased in PD YES YES NO NO 

4:112562370-112585725:- ZGRF1 Brain Decreased in PD YES YES NO NO 

15:87929190-87940753:- NTRK3 Brain Decreased in PD NO NO NO NO 

10:68393137-68394451:- RUFY2 Brain Decreased in PD YES YES NO NO 

12:40028300-40092933:- SLC2A13 Brain Decreased in PD NO NO NO NO 

10:20868663-20899450:- NEBL Brain Decreased in PD NO NO NO NO 

6:68930558-68956809:+ ADGRB3 Brain Decreased in PD NO NO NO NO 

3:11807832-11809682:- TAMM41 Brain Decreased in PD YES YES NO NO 

9:83659779-83686155:- UBQLN1 Brain Increased in PD NO NO NO NO 

1:243545509-243615161:- AKT3 Brain Decreased in PD NO NO NO NO 

2:206841106-206881891:+ NA Brain Decreased in PD NO NO NO NO 

9:6880011-6893232:+ KDM4C Brain Decreased in PD YES NO NO NO 

4:150761782-150808398:- LRBA Brain Increased in PD YES YES NO NO 

1:8495062-8557523:- RERE Brain Increased in PD YES YES NO NO 

10:20880793-20899450:- NEBL Brain Increased in PD NO NO NO NO 
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5:168488601-168494650:+ RARS1 Brain Increased in PD YES YES NO NO 

Table 8.3. Previously reported differentially expressed circular RNAs in PD.  Summary statistics of were taken from the results of Hanan et al (Brain) and 
Ravanidis et al (Blood). Direction describes the change in circRNA expression in PD patients according to the respective publications. For each circRNA, I 
report whether it was detected in each cohort, and subsequently whether it was abundantly expressed and therefore included in differential expression analysis. 
CircRNAs are given as unique back-spliced junction positions reported according the GRCh38 reference.
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  Mean RNA Editing Index (SD) 
Region Base mismatch PPMI ICICLE-PD 

Alu elements A-C 0.01 (0) 0.01 (0) 
 A-G 0.85 (0.12) 0.85 (0.08) 
 A-T 0.01 (0) 0.01 (0) 
 C-A 0.01 (0) 0.01 (0) 
 C-G 0.01 (0) 0 (0) 
 C-T 0.04 (0) 0.03 (0) 

circRNAs A-C 0.01 (0) 0 (0) 
 A-G 0.07 (0.02) 0.05 (0.02) 
 A-T 0.01 (0) 0.01 (0) 
 C-A 0.01 (0.01) 0 (0) 
 C-G 0.01 (0) 0 (0) 
 C-T 0.03 (0) 0.03 (0) 

Flanking circRNAs A-C 0.01 (0) 0 (0) 
 A-G 0.08 (0.02) 0.06 (0.02) 
 A-T 0.01 (0) 0.01 (0) 
 C-A 0.01 (0.01) 0.01 (0) 
 C-G 0.01 (0) 0 (0) 
 C-T 0.03 (0) 0.03 (0) 

Table 8.4. RNA Editing indices. 
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