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Abstract 

The global burden of age-related cognitive decline and dementia will continue to 

rise in tandem with our ageing population. This necessitates the discovery of novel 

biomarkers and candidate drug targets to combat cognitive dysfunction. Blood 

proteins are important drug targets, and blood samples can be acquired routinely 

in clinical settings and epidemiological studies. Whereas hundreds of blood 

proteins are associated with cognitive ability and dementia, we do not understand 

whether these associations represent correlation or causation. Genome-wide 

association studies (GWAS) are required to define variants that are associated 

with blood protein levels. These variants can proxy for candidate disease-markers 

and assess their causal associations with health outcomes in analysis methods 

such as Mendelian randomisation. DNA methylation is an epigenetic mechanism 

that regulates gene expression and is influenced by genetic and environmental 

factors. Studying the relationship between DNA methylation and protein levels 

could reveal whether genetic variation or environmental factors likely mediate 

associations between blood proteins and disease states. The first aim of this 

thesis is to conduct GWAS and epigenome-wide association studies (EWAS, 

using DNA methylation) on plasma levels of 422 unique proteins. Using these 

data, I apply causal inference approaches to determine whether blood proteins 

are causally associated with Alzheimer’s disease risk.  

 

Several strategies have been proposed to estimate biological age by leveraging 

inter-individual variation in DNA methylation profiles. Epigenetic measures of 

ageing correlate strongly with chronological age. Recently, a novel epigenetic 

measure of ageing termed ‘DNAm GrimAge’ was developed to predict one’s risk 

of mortality. DNAm GrimAge is a composite biomarker that incorporates 

methylation-based predictors of seven blood protein levels and smoking. The 

relationship between this biomarker of ageing and cognitive decline or dementia 

is not known. Therefore, the second aim of this thesis is to examine whether 

DNAm GrimAge associates with measures of brain health and Alzheimer’s 

disease. To conduct these aims, I utilise data from two cohort studies: the Lothian 

Birth Cohort 1936 (n ≤ 906, LBC1936) and Generation Scotland (n ≤ 9,537, GS). 

 

In Chapters 1-3, I provide an overview of cognitive ageing and dementia. I 

describe GWAS and EWAS on blood protein levels and the development of DNAm 

GrimAge. In Chapter 4, I detail the population cohorts and main methodologies 

that are used in this thesis.  
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In Chapter 5, I conduct GWAS and EWAS on plasma levels of 92 neurology-

related proteins (n ≤ 750, LBC1936). I identified 41 independent genetic and 26 

epigenetic loci that associate with 33 and 9 proteins, respectively. I showed that 

an immune-related protein, poliovirus receptor (PVR), is causally associated with 

Alzheimer’s disease risk. In Chapter 6, I use a novel Bayesian framework termed 

BayesR+ to perform an integrated GWAS/EWAS on plasma levels of 70 

inflammation-associated proteins (n = 876, LBC1936). Many GWAS and EWAS 

use linear models, which examine every measured genetic or epigenetic site in 

isolation. BayesR+ accounts for intercorrelations among genetic and epigenetic 

sites and the reciprocal influences of these data types. I estimated the contribution 

of genetic and epigenetic variation towards inter-individual differences in 

inflammatory protein levels, considered alone and together. There was no 

evidence for causal associations between blood inflammatory proteins and the 

risk of Alzheimer’s disease. In Chapter 7, I perform a systematic literature review 

to identify known blood protein correlates of Alzheimer’s disease. I then use 

BayesR+ to conduct an integrated GWAS and EWAS on plasma levels of 282 

Alzheimer’s disease-associated proteins (n ≤ 1,064, GS). I observed strong 

evidence for causal associations between two proteins, TBCA and TREM2, and 

Alzheimer’s disease risk.   

 

In Chapter 8, I examine associations between DNAm GrimAge and measures of 

brain health (n ≤ 709, LBC1936). A higher-than-expected DNAm GrimAge 

associated with poorer performance on cognitive tasks and neurostructural 

correlates of dementia at age 73. I observed weak evidence to suggest that DNAm 

GrimAge assessed at age 70 predicts cognitive decline up to age 79. In Chapter 

9, I assess whether DNAm GrimAge and other measures of epigenetic ageing 

predict the prevalence and incidence of common disease states, including 

Alzheimer’s disease (n ≤ 9,537, GS). Epigenetic ageing measures did not predict 

the prevalence or incidence of Alzheimer’s disease. In Chapter 10, I discuss the 

major findings from this thesis in light of their limitations.  

 

The work presented in this thesis helps to detail the molecular regulation of 422 

plasma protein levels and their causal associations with Alzheimer’s disease. This 

work also highlights the performance of DNAm GrimAge in predicting indices of 

cognitive performance and common disease states. By incorporating genetic, 

epigenetic and protein data in two large-scale epidemiological studies, my findings 

inform our understanding of relationships between blood proteins and cognitive 

ageing and dementia. 
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Lay Summary 

As we grow older, we may experience a decline in our thinking, or cognitive, skills. 

This is a major global health problem and might precede dementia. We do not 

have the tools to reliably predict who will develop cognitive decline and dementia. 

Blood samples can be used as a relatively pain-free way to measure a person’s 

risk of disease. Our blood contains many proteins that keep us healthy and these 

proteins are the targets of many drugs. The levels of some proteins in our blood 

are linked to cognitive decline and dementia. However, we do not know why these 

changes occur. If we understood whether changes in blood protein levels are a 

cause or consequence of poorer brain health, we might identify new biomarkers 

and drug targets for cognitive decline and dementia.  

 

In this thesis, I use blood data from volunteers in two large population studies (the 

Lothian Birth Cohort 1936 and Generation Scotland). My first aim is to study the 

biological factors that control blood levels of over 400 proteins. Genes provide the 

instructions to make our proteins. Therefore, I examine how our genetic 

differences affect the levels of proteins in our blood. Genes must be switched on 

to make these proteins. They are switched on and off by an epigenetic mechanism 

called DNA methylation. Methylation is controlled by both genetic and lifestyle 

factors such as diet and stress. Studying DNA methylation can therefore tell us 

more than genetics alone about why we differ in our protein levels. In addition to 

genetics, I examine how our differences in DNA methylation relate to differences 

in blood protein levels. Using these data, I apply several statistical techniques to 

determine whether any of these blood proteins likely cause Alzheimer’s disease, 

which is the most common cause of dementia.  

 

DNA methylation patterns can be used to predict someone’s biological age. If 

someone’s biological age is higher than their actual age, it might mean they are 

at risk of health problems. A major biological age measure is called DNAm 

GrimAge. It is based on a blood test that examines DNA methylation, seven blood 

proteins and whether someone is a smoker. My second aim is to examine whether 

DNAm GrimAge can predict measures of people’s brain health and dementia. 
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In my first three studies, I investigate how genetic and epigenetic variation might 

affect blood levels of 422 proteins. In the first of these studies, I examine 92 blood 

proteins that relate to brain health. I found that higher levels of a protein called 

poliovirus receptor might increase the risk of getting Alzheimer’s disease. In my 

second study, I analyse 70 proteins that are involved in inflammation, which is 

associated with dementia and other brain diseases. My findings did not suggest 

that changes in the levels of inflammatory proteins affect our risk of Alzheimer’s 

disease. In my third study, I examine 282 proteins that are associated with 

Alzheimer’s disease. I found that higher blood levels of two proteins, called 

TREM2 and TBCA, are associated with an increased risk of Alzheimer’s disease.  

 

In my fourth study, I test whether DNAm GrimAge predicts poorer thinking skills 

and signs of ‘wear-and-tear’ in brain scans at age 73 years. I found that DNAm 

GrimAge associates with poorer brain health at age 73, and might predict a decline 

in thinking skills from age 70 to 79 years. In my fifth study, I investigate whether 

DNAm GrimAge and five other measures of biological ageing predict ten common 

diseases, including Alzheimer’s disease. I found that DNAm GrimAge was more 

useful than other biological ageing measures in predicting several diseases 

including lung and heart disease. However, no measures of biological ageing 

predicted Alzheimer’s disease. In my last chapter, I discuss the main limitations of 

my studies and how future studies can use my findings to progress our 

understanding of dementia.  

 

The work in this thesis tells us about the biology that underlies blood levels of over 

400 proteins and their relationships with Alzheimer’s disease. My findings also 

show how well current measures of biological ageing predict the future risk of poor 

brain health and dementia. Together, my findings suggest that studying the 

relationship between genetics, DNA methylation and proteins in our blood might 

improve our understanding of cognitive decline and dementia.  
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Introduction to Thesis 
 

In the absence of effective therapies and biomarkers, the global burden of 

cognitive decline and dementia will continue to rise with our ageing population. 

Blood proteins are important drug targets and attractive disease biomarkers 

as they can be assessed through non-invasive and repeated sampling. This is 

of particular importance in neurological disease states in which routine access 

to neural tissue is infeasible. The development of effective drug therapies and 

biomarkers is predicated on our understanding of a given protein’s role in 

disease processes. Understanding the molecular factors that underpin 

circulating protein levels can help to disentangle whether perturbations in 

protein levels are a cause or consequence of disease. Therefore, the first aim 

of this thesis is to utilise data from two large cohort studies and investigate the 

relationship between genome-wide genetic and epigenetic factors (using blood 

DNA methylation) and 422 plasma protein levels. Using these data, I assess 

causal relationships between plasma proteins and Alzheimer’s disease (AD). 

DNA methylation profiles can capture long-term changes in lifestyle 

behaviours and act as surrogate markers for circulating protein levels. 

Therefore, the second aim of this thesis is to examine whether an existing DNA 

methylation-based biomarker of seven plasma protein levels and cigarette 

smoking termed ‘DNAm GrimAge’ associates with cognitive health and AD. 

This composite biomarker – often referred to as a measure of biological ageing 

– was trained to predict the risk of all-cause mortality.  

 

In Chapter 1, I introduce the distinction between normal cognitive ageing and 

dementia. Further, I discuss the motivation for identifying blood protein 

markers of disease states. In Chapter 2, I introduce statistical methods for 

studying relationships between genetics, epigenetics and protein levels. I also 

describe the development of DNAm GrimAge and other DNA methylation-

based biomarkers of ageing. In Chapter 3, I carry out structured literature 

reviews of genome-wide and epigenome-wide association studies on plasma 

protein levels and associations. I also detail associations between DNAm 
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GrimAge and health outcomes as well as the main aims of this thesis. In 

Chapter 4, I describe the two cohort studies used in this thesis: the Lothian 

Birth Cohort 1936 and Generation Scotland. In Chapters 5-7, I perform 

genome-wide and epigenome-wide association studies on plasma levels of 92 

neurology-related proteins, 70 inflammatory proteins and 282 AD-associated 

proteins, respectively. There are 422 unique proteins across these chapters. 

In Chapters 8 and 9, I investigate associations between DNAm GrimAge and 

measures of brain health and AD, respectively. In Chapter 10, I discuss the 

main findings of this thesis in light of its limitations along with recommendations 

for future work.  
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1 The ageing brain 

 

The rapid ageing of the global population has prompted a sharp increase in 

the personal and societal burden of age-associated disease and disability. The 

number of individuals living with dementia is expected to triple from 50 million 

to 152 million by 2050 (1). Differentiating individuals with age-related cognitive 

changes from those with dementia will help to develop targeted preventative 

and treatment strategies. In this chapter, I describe normal cognitive ageing 

and the diseases that cause dementia. Given that access to live neural tissue 

is limited to some surgical interventions, I also outline the motivation for 

developing blood-based markers of non-pathological and pathological 

cognitive decline.  

 

1.1 Cognitive ageing 

1.1.1 Experience of normal cognitive ageing 

Cognitive impairment in older adults is a significant health and social issue, 

and age-associated cognitive decline may precipitate dementia and illness (2). 

Normal cognitive ageing manifests through age-related deficits in distinct 

strata of human cognitive ability. Crystallised intelligence reflects acquired 

knowledge and experience. Crystallised intelligence rises gradually in early 

adulthood and remains stable until age 60 years after which it may begin to 

decline (Figure 1-1) (3). Fluid intelligence involves cognitive abilities that are 

related to mental manipulation, reaction time, access to and utility of working 

memory, processing speed and performance on non-verbal tasks (4). In 

adulthood, fluid intelligence peaks in the third decade of life and declines 

thereafter (3).  
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Figure 1-1. Changes in crystallised and fluid intelligence across the lifespan. 

Means of composite scores for crystallised intelligence and fluid intelligence are 

shown using white circles and inverted black triangles, respectively. Standard errors 

of means are shown by vertical lines. Dotted lines indicate tests from the Salthouse 

study whereas continuous lines show scores derived from an intelligence test: 

Wechsler Adult Intelligence Scale (WAIS) IV. Fluid intelligence tends to decline across 

adulthood. Crystallised intelligence increases in early adulthood and begins to decline 

after age 60-70 years. Figure adapted from Salthouse (2012) (3). Copyright: Annual 

Reviews.  

 

The brain decreases in size in older age along with an enlargement of its 

ventricles (5). Furthermore, the loss of white matter in older age is more 

substantial than grey matter changes (6). The most affected areas include 

anterior white matter tracts, which underlie executive functioning, and the 

corpus callosum, which facilitates information transfer between brain 

hemispheres (7, 8). Grey matter changes begin after age 20 years and the 

most prominent alterations occur in the prefrontal cortex (9). Grey matter 

alterations reflect changes in dendritic morphology, axons and a significant 
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loss of synapses (10). Synaptic loss is the greatest correlate of cognitive 

decline (11). Symptoms of dementia may appear upon loss of 40% of 

synapses (9, 12, 13). 

 

1.1.2 Individual cognitive trajectories 

On average, individuals experience age-related declines in certain cognitive 

domains. However, there is significant heterogeneity in individual trajectories 

of cognitive decline. Early-life cognitive ability explains around 50% of the 

variance in later-life cognitive ability (14, 15). The remainder of inter-individual 

variability might reflect several, non-exclusive factors including genetic 

influences, modifiable lifestyle factors, socioeconomic status and co-

morbidities such as cardiovascular disease (CVD) (15).  

 

Molecular correlates of cognitive decline are outlined in Sections 1.5 and 1.6. 

Lifestyle factors such as diet and smoking are associated with cognitive 

ageing, but the directionality of these associations is unclear (16, 17). Lifestyle 

factors have causal influences on age-related diseases. However, individuals 

with better cognitive abilities might have more favourable health-related 

behaviours and greater adherence to public health advice. Cognitive function 

and disease risk mechanisms might also have shared underlying genetic or 

biological pathways (18). Studies in cognitive epidemiology suffer from 

selection bias as those entering the study might exhibit systematic differences 

from the general population, including healthier lifestyles and more years of 

education. These studies might also be affected by attrition or survival bias, 

and practice effects on cognitive tasks in longitudinal study designs (19).  

 

1.2 Dementia 

Some individuals experiencing age-related cognitive decline progress to 

developing dementia. Dementia is a neurological disorder characterised by 

impaired memory, personality changes, language deficits, impaired reasoning 

and other cognitive disruptions (20). There are four major subtypes of diseases 

that cause dementia: Alzheimer’s disease or AD, vascular dementia (VaD), 
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Lewy body dementia (LBD) and frontotemporal dementia (FTD). In most 

subtypes, an accumulation of toxic proteins creates aggregates that disrupt 

neuronal and synaptic function (Figure 1-2). Dementias are therefore known 

as “proteinopathies”. The diseases differ according to the proteins that 

aggregate, the brain regions that are affected, clinical symptomatology and 

severity (21).   

 

Biological and molecular correlates of dementia are outlined in the following 

sections. Of note, the APOE gene on chromosome 19 possesses three major 

versions (alleles) - ε2, ε3 and ε4. Relative to ε3, ε2 is protective against AD 

whereas ε4 confers a greater risk for developing AD. Possessing one copy of 

the ε4 allele leads to a 3-times greater odds for developing AD relative to 

individuals with two ε3 alleles. Individuals with two ε4 copies have a 14-times 

greater odds for developing AD than those with two copies of the ε3 allele (22). 

Several modifiable risk factors are associated with late-life dementia: excess 

alcohol use, higher body mass index, smoking, high blood cholesterol, low 

physical activity and poor diet (23, 24). A meta-analysis estimated that the 

relative risk of dementia was 1.20 (95% confidence interval (CI) = 1.04-1.39) 

for individuals with one modifiable risk factor, 1.65 (95% CI = 1.40-1.94) for 

those with two risk factors and 2.21 (95% CI = 1.78-2.73) for those with three 

or more risk factors, relative to those with no risk factors (25). Depression, 

anxiety, diabetes and low social engagement are also established risk factors 

for developing dementia (26, 27). In the next section, I describe the different 

strategies that are used to assess cognitive and neurological function. These 

methods are required to refine our knowledge of pathways that underlie 

cognitive ageing and those that cause dementia.  
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Figure 1-2. Molecular correlates of dementia-related proteinopathies. This figure 

shows genes with full penetrance that influence the misfolding or aggregation of six 

proteins: cellular prion protein (PrPC), amyloid-β (Aβ)-42 (and, to a lesser extent, 

Aβ40), tau, TAR DNA-binding protein 43 (TDP-43), fused in sarcoma (FUS), and α-

synuclein. Causative genes are reported without parentheses and risk genes are 

shown in parentheses. In addition to prion disease, three major dementia-related 

proteinopathies are recognised: Alzheimer’s disease (AD), frontotemporal dementia 

(FTD) and Lewy body dementia (LBD). Vascular dementia may also feature an 

accumulation of Aβ plaques in small vessel walls. These plaques mostly consist of 

Aβ40. Several clinical syndromes may occur within each subtype. Asterisks indicate 

FTD syndromes that may also be associated with AD neuropathology. Aβ, amyloid-

β; CJD, Creutzfeldt–Jakob disease; CNS, central nervous system; FTD–MND, FTD 

with motor neuron disease; PPA, primary progressive aphasia. Figure taken from 

Elahi and Miller (21). Copyright: Nature publishing group.    

 

1.3 Measures of cognitive health 

1.3.1 Cognitive tests 

Approximately 50% of the inter-individual variance on intelligence tests can be 

explained by a latent factor of general cognitive ability termed the ‘g’ factor 

(28). In 1904, Charles Spearman observed that scores from school-children 
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on different intelligence examinations were highly correlated within individuals, 

and that these scores agreed well with the teacher’s ratings of student 

cognitive abilities (29). This ’positive manifold’ provided a basis for a general 

factor of cognitive ability, or ‘g’. The ‘g’ factor does not reflect an absolute 

indicator of intelligence, but rather a comparator against other individuals in a 

given dataset of cognitive test scores. Refinements to Spearman’s model have 

been made by Horn & Cattell (30), Carroll (31), Vernon (32) and Johnson & 

Bouchard (33) to allow for more complex representations of human cognitive 

abilities and distinct cognitive domains. 

 

The most commonly used clinical test to measure cognitive decline is the Mini-

Mental State Examination (MMSE) (34). The MMSE is a 30-point 

questionnaire that assesses attention, memory, orientation to time and space, 

language and visual construction. Scores below 23 or 24 points are used to 

indicate significant cognitive impairment (35). The MMSE had a specificity and 

sensitivity of 81% and 89%, respectively, in a recent meta-analysis of dementia 

screening tests (n = 49,000 individuals). The Mini-Cog and Addenbrooke’s 

Cognitive Examination Revised tests showed specificities of 91% and 92% and 

sensitivities of 86% and 89%, respectively (36).   

 

1.3.2 Neuroimaging methods 

The majority of neuroimaging biomarkers for cognitive ageing and dementia 

focus on AD pathology. The hallmarks of AD include abnormal accumulations 

of hyperphosphorylated tau and beta-amyloid plaques. These aberrations are 

detectable in brain scans some 15 years before the onset of dementia 

symptoms (37). Amyloid burden can be quantified in vivo using carbon-based 

radiolabelled tracers such as Pittsburgh Compound-B in positron emission 

tomography (PET) scans (38). Amyloid PET imaging is useful for staging AD 

progression and enabling patient stratification in secondary prevention trials 

(39-42). Amyloid PET scans would cost the UK National Health Service an 

additional £113 million per annum if they are used to predict AD conversion 

from those with mild cognitive impairment (43). Fluorine-based PET tracers 
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against tau show increased uptake in early AD (44). Imaging methods are of 

great importance in VaD as they can detect large vessel strokes, small vessel 

disease and microvascular changes (45). However, neuroimaging methods 

are costly and resource-intensive.  

 

1.3.3 Cerebrospinal fluid (CSF) biomarkers 

CSF surrounds brain and spinal cord tissue and performs key roles in shock 

absorption, waste removal and the regulation of solute levels in the central 

nervous system (CNS). Ependymal cells within the choroid plexus of brain 

ventricles produce the majority of CSF (46). Given the proximity of CSF to brain 

tissue, changes in the CSF may reflect concomitant alterations in brain 

metabolism or neuropathology (47, 48). Changes in CSF beta-amyloid and tau 

levels are detected 15 years before the expression of cognitive decline (37). A 

further 27 proteins in CSF were associated with AD diagnosis in a recent 

systematic review of 47 independent studies. CSF levels of the neuropeptide 

VGF (VGF nerve growth factor inducible), which is involved in synaptic 

plasticity (49), were consistently lower in AD patients relative to controls. The 

glial pro-inflammatory glycoprotein CHI3L1 (Chitinase 3 Like 1, YKL-40) was 

consistently upregulated in AD cases (50). Collecting CSF through lumbar 

puncture is an invasive process and might induce post-procedure headaches 

(51).  

 

1.4 Genetics of cognitive ageing and dementia 

1.4.1 Structure and variation of the human genome  

The haploid human genome consists of 23 chromosomes (22 autosomal and 

one sex-determining) and approximately three billion base pairs of 

deoxyribonucleic acid (DNA). Four nucleotides are present in the nuclear 

genome (adenine, cytosine, guanine and thymine) and the specific order of 

these nucleotides dictates an individual’s genetic code. The genetic code 

provides a framework for the expression and assembly of approximately 

20,000 distinct proteins. Individuals differ, on average, by ~0.1% in their DNA 
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sequences. The majority of this variation does not directly impact protein 

structure or function as approximately 1.5% of the genome is protein-coding. 

Other portions of the genome might indirectly affect protein structure, function 

and abundance (52, 53).  

 

There are two broad categories of human genetic variation. First, single-

nucleotide variations refer to different versions of nucleotide bases at a given 

point in the genome. Single-nucleotide polymorphisms (SNPs) are single-base 

variations in at least 1% of individuals (54, 55). On average, SNPs occur every 

~300 bases along the genome and over 80 million SNPs have been 

characterised (56). Second, structural differences between genomes induce 

genetic variation. Structural alterations include gene copy numbers, insertions 

and deletions (indels), inversions, translocations and block substitutions (57, 

58). SNPs are the most common form of genetic variation and are the focus of 

this chapter and the empirical work in this thesis. 

 

1.4.2 Genome-wide association studies 

Genome-wide association studies (GWAS) are observational studies of 

associations between SNPs across the genome and traits of interest (59). The 

inception of chip-based genome-wide SNP microarrays and reference genetic 

variation maps have permitted large-scale GWAS (60, 61). There are over 

70,000 SNP-trait associations across >5,500 GWA studies as of 2019 (62).  

 

Association studies must consider linkage disequilibrium (LD), which relates to 

the statistical non-independence of two or more loci that occur together within 

the population. The locus that is causal for a given trait may arise from an 

unobserved, historical mutation event. However, nearby genotyped SNPs can 

tag this causal variant in GWAS (63). Unknown genotypes are imputed or 

predicted from population-specific reference LD panels. Imputation accuracy 

is high for common variants but it decreases for rare and low-frequency SNPs 

(1% <minor allele frequency (MAF)< 5%) (64). Imputation increases the power 
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of association studies, resolves genotyping errors and facilitates fine-mapping 

studies (65).  

 

Population stratification might confound GWAS and results from imbalances in 

allele frequencies between comparison groups, i.e. cases versus controls. 

These imbalances occur due to systematic differences in ancestry (66, 67). A 

common approach to control for population stratification is to apply dimension 

reduction methods and reduce SNP data to a much smaller set of orthogonal 

components. Dimension reduction methods include principal component 

analysis (PCA) and multidimensional scaling (MDS). The components are then 

used as covariates in GWA designs to account for population structure (68). 

GWAS require corrections for the multiple tests that are performed. Hundreds 

of thousands of genotyped SNPs, or millions of imputed SNPs, might be 

correlated with the trait of interest. The significance threshold is often corrected 

to account for ∼1 million effective independent common variants across the 

genome (α = 0.05/1 x 106 = 5 x 10-8) (69). Methods including Bayesian 

analyses and permutation testing are also used to control for multiple testing 

in GWAS (70).  

 

GWAS on cognitive function 

In a recent GWAS, 148 independent loci were associated with general 

cognitive ability (n = 300,486, age range = 16-102 years) (71). These loci 

included variants in the genes GATAD2B and SLC39A1, which associate with 

intellectual disability and AD, respectively (72, 73). The study estimated that 

the heritability of general cognitive ability captured by common SNPs is 25% 

(standard error (SE) = 0.06%). This is in agreement with previous GWAS on 

cognitive function, which provided SNP-based heritability estimates of 20-30% 

(n = 35,298 - 78,308) (74-77). Genome-wide analyses of cognitive decline 

have been less described due to a relative paucity of longitudinal cognitive 

data. The APOE locus was significantly associated with cognitive decline in 

healthy individuals and those with mild cognitive impairment (78-81).  
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GWAS on dementia 

Large GWAS on AD and family history of AD have identified dozens of possible 

risk loci (82-85). Sample sizes ranged from 314,278 to 1,126,563 participants. 

The number of loci associated with clinically diagnosed AD or AD risk ranged 

from 26 to 75 loci. These studies have highlighted variation in the TOMM40-

APOE-APOC2 locus and amyloid processing, inflammatory and microglial 

pathways as strong candidate risk mechanisms in AD (82-85). Only two GWAS 

on VaD have been conducted to date. One variant near the androgen receptor 

gene on the X chromosome was associated with VaD at genome-wide 

significance (86, 87). GWAS on FTD and LBD are also limited (88, 89). 

 

1.5 DNA methylation in cognitive ageing and dementia 

1.5.1 Molecular mechanisms of DNA methylation  

DNA methylation is an important epigenetic mechanism in eukaryotic cells. 

Epigenetic mechanisms contribute to differential patterns of gene expression 

across different cell types (90). DNA methylation is influenced by genetic 

sequence variations and environmental variables (91-93). Smoking is the 

strongest lifestyle correlate of DNA methylation (94). Environmental influences 

such as diet, alcohol and pollutants also associate with DNA methylation 

patterns (95-97).  

 

DNA methylation involves the addition of methyl groups to the fifth carbon of 

cytosine nucleotides. In humans, this typically occurs in the context of 

cytosine-guanine dinucleotides (CpG site). DNA methylation is directly 

involved in protein regulation (98-100). DNA methylation is also responsible 

for imprinting of genes in parent-of-origin specific manners (101-103) and X-

chromosome inactivation (103, 104).     

 

There are approximately 28 million CpG sites across the genome (105, 106) 

and 60-80% of these CpG sites are methylated in mammals (107). The 

absence of DNA methyltransferases (DNMTs), which catalyse the addition of 
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methyl groups to DNA, results in embryonic lethality. Therefore, DNA 

methylation is essential for life (108-110).  

 

1.5.2 Measurement of DNA methylation  

The most popular method for distinguishing between methylated DNA and 

unmethylated DNA is bisulfite conversion. DNA is treated with sodium bisulfite, 

which deaminates unmethylated cytosines to uracil and leaves 

methylcytosines intact (111-113). Uracil bases are then converted to thymines 

by polymerase chain reaction. Whole-genome bisulfite sequencing is the ‘gold-

standard’ approach for assessing DNA methylation levels. However, it is 

expensive and labour-intensive (114). Methylation arrays are popular 

alternatives for detecting methylation signals from bisulfite-treated DNA. These 

arrays permit a rapid and cost-effective quantification of methylation levels 

across representative subsets of CpG sites in the genome (Figure 1-3) (114). 
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Figure 1-3. Infinium chemistry for assessing methylation in sodium bisulfite-

treated DNA. A) In type I probes, there are two bead types. Unmethylated-bead types 

recognise unmethylated versions of CpG sites (thymines). The adjacent nucleotide is 

a template to extend the unmethylated probe by a single-base (single-base extension). 

If an adenine or thymine is incorporated, a red fluorescent signal is emitted. If cytosines 

or guanines are added, the signal is green. Similarly, methylated-type beads will only 

bind to methylated loci. Single-base extension induces the emission of fluorescent 

signals as in the unmethylated-bead type design. B) In type II probes, there is only one 

bead type. This probe does not use single-base extension to differentiate between 

methylated and unmethylated sites. The methylated cytosine or the bisulfite-converted 

thymine is a template for the incorporation of a complementary nucleotide into the probe 

sequence. Green signals are emitted for methylated sites whereas red fluorescence 

signals are released if the CpG site is unmethylated. DNA, deoxyribonucleic acid. 

Figure adapted from Pidsley et al. (115). Copyright: BioMed central.  
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1.5.3 Epigenome-wide association studies  

In epigenome-wide association studies (EWAS), methylation levels at 

individual CpG sites are correlated with continuous or categorical outcome 

variables. CpG methylation may vary over time and is influenced by genetic 

and non-genetic factors (116). This leads to key three considerations in EWA 

designs. First, DNA methylation levels at individual CpG sites may vary across 

different cell types. Failure to account for cell type heterogeneity can lead to 

the identification of false positives (117). Second, an underlying molecular or 

environmental factor might influence DNA methylation levels and the outcome 

of interest thereby generating a non-causal association (118). Third, reverse 

causation can occur if an outcome of interest affects CpG methylation. For 

example, DNA methylation in the HIF3A gene associates with body mass 

index (119) and adiposity (120-123). Causal inference methods suggested that 

an individual’s body mass index likely influenced methylation at HIF3A and not 

vice versa (124).  

 

EWAS require stringent correction for the multiple tests that are performed. 

Saffari et al. (2018) estimated a significance threshold of P < 3.6 × 10-8 for the 

Illumina 450k array (~450,000 CpG sites) (125) and Mansell et al. (2019) 

suggested a threshold of P < 9 × 10-8 for the Illumina EPIC array (~800,000 

CpG sites) (126). EWAS commonly utilise methodologies from GWAS where 

each CpG site is tested in turn. Sample relatedness, population stratification 

and cell type heterogeneity might induce correlations between distal probes. 

Correlations among probes and omitted variable bias can result in biased 

effect size estimation and model overfitting (127). Several statistical 

frameworks aim to address these potential biases by using (i) reference data 

to predict cell type compositions or (ii) fitting latent covariates computed by 

applying dimension reduction methods to DNAm data (128-131). However, the 

influence of confounders might not be explained in full by reference-based 

predictions or fixed numbers of principal components. Linear mixed-effects 

models and Bayesian frameworks use reference-free approaches and 

estimate probe effects conditional on one another. These methods account for 

intercorrelations between distal probes induced by unknown confounders and 

data structure. Mixed model and Bayesian penalised regression association 
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studies are performed in OSCA (OmicS-data-based Complex trait Analysis) 

and BayesR+ software, respectively (132, 133). OSCA and BayesR+ permit 

the inclusion of other data sources such as genome-wide SNP data. Therefore, 

the individual and joint contributions of genetic and epigenetic data towards 

the variance in phenotypes of interest can be estimated. Linear mixed-effects 

models and Bayesian strategies are also used in GWAS to account for 

population stratification, cryptic relatedness and inflation due to polygenicity 

and to increase detection power (134-140). I further describe the application 

of linear regression, mixed-effects models and BayesR+ in GWAS and EWAS 

in Chapter 4.  

 

EWAS on cognitive function 

A recent meta-analysis on seven cognitive traits identified epigenome-wide 

significant associations between cg21450381 (intergenic, chromosome 12) 

and MMSE scores, and cg12507869 (INPP5A gene, chromosome 10) and 

phonemic verbal fluency (n ≤ 6,809) (141). Blood CpG methylation in 

AGBL4 and SORBS1 showed suggestive associations with a 10-year change 

in cognitive ability (n = 486, P = 9.01 × 10−7 and 5.28 × 10−6, respectively) 

(142). CLDN5 methylation in dorsolateral prefrontal cortex tissue associated 

with longitudinal changes in cognitive function (n = 636) (143).  

 

EWAS on dementia 

Over 200 CpG sites were associated with AD neuropathology in post-mortem 

tissue from 1,453 donors (144). EWAS implicate BIN1 and ANK1 as important 

correlates of AD pathology in post-mortem tissue (145, 146). Sanchez-Mut et 

al. (2016) provided evidence for ANK1 dysregulation in AD and LBD using 

post-mortem dorsolateral prefrontal cortex tissue (n = 32 AD patients, 23 LBD 

patients and 32 controls) (147). In relation to blood-based EWAS, 

hypermethylation in the HOXB6 gene associated with AD diagnosis (n = 284) 

(148). Further, twenty differentially methylated CpG sites were associated with 

FTD (149). It has been estimated that 1-10% of CpG sites show significant 

correlations between their brain and blood methylation levels (150, 151). 
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Therefore, comparisons between brain- and blood-based EWAS are 

challenging.   

 

1.6 Motivation for identifying blood-based markers of disease  

In Section 1.4, I outline that neuroimaging methods and CSF collection are 

limited by high costs, the need for specialised training and invasiveness (152). 

Additionally, routine access to in vivo neural tissue is infeasible. Several 

studies have identified blood-based correlates of cognitive ageing and 

dementia as non-invasive alternatives to lumbar punctures or imaging-based 

approaches (153-179). Blood-based strategies have the following advantages 

(180, 181):  

 

 safe collection 

 serial sampling is convenient and scalable for population studies 

 serial blood sampling is more accessible for ill and older individuals than 

other methods 

 tissue is amenable to multiple types of analysis 

 blood may capture lifestyle profiles and overall health status of body 
  

In Sections 1.5 and 1.6, I describe known molecular correlates of cognitive 

ageing and dementia. Variation in genetic and DNA methylation profiles drives 

changes in gene expression and protein levels. Identifying blood protein 

correlates of cognitive impairment might highlight potential therapies and 

biomarkers. Conducting GWAS on blood protein levels can help to determine 

whether proteins are causally associated with disease states. EWAS that use 

DNA methylation data could reveal whether genetic variation or environmental 

factors mediate associations between blood proteins and disease states 

(Figure 1-4). 
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Figure 1-4. Rationale for identifying blood-based markers of cognitive decline. 

First, neuroimaging methods are limited by high costs and poor scalability. Second, 

obtaining cerebrospinal fluid is invasive and requires specialist training. Third, 

identifying blood-based proteins whose levels correlate with cognitive ageing and 

dementia is inexpensive and non-invasive relative to other approaches. GWAS and 

EWAS can be combined with causal inference methodologies to assess whether 

there are plausible molecular pathways that link blood proteins to complex diseases. 

EWAS, epigenome-wide association studies; GWAS, genome-wide association 

studies; SNP, single-nucleotide polymorphism. Figure created using Biorender.com.  

1.7 Summary  

Identifying blood-based correlates of cognitive ageing and dementia may help 

to predict individual risk profiles and allow for the implementation of 

preventative strategies. Elucidating the molecular factors that underpin protein 

levels will help to disentangle whether alterations in protein levels are a cause 

or consequence of disease. In the next chapter, I describe statistical methods 

for determining the contribution of genetic and epigenetic factors towards inter-

individual differences in protein levels. I also outline how these data can be 

integrated to develop effective biomarkers of healthy ageing.  
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2 Genome-wide and epigenome-wide studies on 

protein levels 

 

In this chapter, I describe technologies for quantifying blood protein levels. I 

also outline statistical methods for identifying the genetic and epigenetic 

factors that underpin protein levels and how these data may inform the biology 

and prediction of cognitive ageing and dementia.   

 

2.1 The plasma proteome  

The proteome refers to the full complement of proteins expressed by the 

human genome. Marc Wilkins coined this term in 1994 as an analogy to the 

genome (182). In 2010, the Human Proteome Project was established to 

collect evidence for the 20,379 proteins (2020 estimate) that are predicted to 

exist based on protein-coding regions of the genome. In total, 1,421 ‘missing’ 

proteins remained undetected in high-throughput proteomic screens. The 

existence of missing proteins is inferred by evidence at the transcript level, 

homologous species and bioinformatics-based predictions (183).   

 

2.1.1 Composition of the human plasma proteome 

Human blood plasma provides an accessible window to an individual’s 

proteome. Plasma constitutes 55% of total blood volume and refers to the 

liquid portion of blood. The Human Plasma PeptideAtlas catalogues 3,509 

proteins in plasma (2017 estimate) that have two unique mapping peptides 

across different proteomic datasets. There are >1,300 further proteins with 

ambiguous evidence (184).  

 

In contrast to plasma, serum is fluid and does not contain clotting factors such 

as fibrinogen (185). Plasma proteins are analysed in this thesis and are 

therefore the subject of this section. However, high abundance proteins may 

preclude the detection of low abundance proteins in both plasma and serum. 

Approximately 22 proteins make up 99% of the protein weight in plasma and 
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serum (186). The dynamic range of the plasma proteome ranges from 9 to 13 

orders of magnitude (187). As an illustrative example, identifying a low 

abundance protein such as troponin (5 ng/ml) among albumin molecules (45 

mg/ml) is analogous to identifying one person within the entire human 

population (188). The wide dynamic range of protein concentrations is a 

significant source of analytical complexity for proteomic platforms, which I 

outline in the following section. 

 

2.1.2 Proteomic technologies 

High-throughput proteomic technologies are broadly categorised into mass 

spectrometry (MS) and affinity-based assays. In the next sections, I detail the 

measurement process for two affinity-based technologies, which are used to 

quantify protein levels in my empirical analyses. 

 

Affinity-based technologies 

The principles of proximity extension assays (PEAs) and proximity ligation 

assays (PLAs) are shown in Figure 2-1. Paired antibodies are coupled to 

oligonucleotides. The antibodies target different epitopes on a given protein of 

interest (189-191). In PEA, oligonucleotides share complementary sequences 

and hybridise when both detection antibodies bind to the target protein. The 

resultant DNA strand can be amplified and quantified through polymerase 

chain reaction. PLA uses a bridging aptamer (splint) that ligates the 

oligonucleotides. A continuous DNA strand is created, which can be amplified 

and quantified.   

 

Dual protein recognition allows for complementary probe hybridisation (PEA) 

or ligation (PLA). This limits the occurrence of cross-reactive events when 

compared to traditional multiplex immunoassays (190). Olink® Bioscience 

(Uppsala, Sweden) employs PEA technology and offers measurement of up to 

1,536 protein levels as of May 2021.  
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Figure 2-1. Proximity extension assays and proximity ligation assays. In 

proximity extension assays (left), two detection antibodies recognise different 

epitopes on the same target protein. The detection antibodies are attached to probes 

that share complementary sequences. Probes hybridise when both detection 

antibodies bind to the target protein. In proximity ligation assays (right), a capture 

antibody binds to the target protein. Instead of hybridisation through complementary 

sequences, a bridging aptamer (or splint) ligates probes and creates a single-

stranded DNA molecule. Figure adapted from Landegren et al. (192). Copyright: 

Elsevier.  

 

Alternative methods use fluorescently tagged aptamers that bind directly to 

proteins of interest. Aptamers are short single-stranded molecules of DNA or 

RNA that can bind to protein targets, and were first described by two 

independent groups in 1990 (193, 194). Aptamers have three major 

advantages over antibodies in protein detection: (i) greater versatility, (ii) 

enhanced specificity through sequence modifications and (iii) greater stability 

(190). Systematic evolution of ligands by exponential enrichment (SELEX) is 

a commonly used approach to generate aptamers with high affinity for target 

proteins. In SELEX, large oligonucleotide libraries are generated and exposed 

to a target ligand. The stringency of the elution conditions is increased in 

successive rounds to identify highly specific aptamers (194). SomaLogic uses 

SELEX technology and can measure over 4,200 proteins simultaneously 

(Figure 2-2). 
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Figure 2-2. Principles of SomaLogic assay. (A) Slow Off-rate Modified Aptamers 

(SOMAmers®) are mixed with protein samples. (B) SOMAmers bind to cognate 

proteins. (C) Streptavidin (SA)-linked beads bind SOMAmer-protein complexes. 

Unbound proteins are washed away. (D) Proteins are tagged within biotin 

molecules. (E) Ultraviolet light (hv) breaks bonds between SOMAmers and SA 

beads. Competitors are added and non-cognate complexes dissociate (here, blue 

SOMAmer is lost). (F) The remaining SOMAmer-protein complexes are attached 

to new SA beads via the biotin molecule. Free SOMAmers are washed away. (G) 

At high pH levels, proteins dissociate from their SOMAmers. (H) SOMAmers are 

added to microarrays in which they bind to complementary single-stranded probe 

sequences. Protein concentrations are quantified as relative fluorescence units. 

SA, streptavidin. Figure taken from Gold et al. (195). Copyright: PLOS. 
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The major advantage of SomaLogic technology over other affinity-based 

methods is the large increase in protein coverage. However, this platform may 

show more off-target binding than Olink technology. 

 

2.2 Genome-wide studies on protein levels  

GWAS on protein levels detect SNPs that associate with protein abundance in 

a given tissue of interest. These SNPs are termed protein quantitative trait loci 

(pQTLs) (196). SNPs might reflect deleterious substitutions in coding regions 

of genes and therefore change protein structure. However, pQTLs can affect 

any aspect of protein regulation, including post-translational modifications and 

protein degradation (197). Protein QTLs may also affect gene expression or 

transcript levels (eQTLs), messenger RNA (mRNA) splicing (sQTLs) and 

histone activity, which influences transcription factor binding (hQTLs) (198-

202). Later in this chapter, I discuss statistical methods that can help to 

mechanistically link pQTLs to protein levels and assess their causal 

relationships with diseases. In the following section, I briefly delineate 

conceptual differences between GWAS on complex human traits and GWAS 

on protein abundances.  

 

Many variants associated with complex traits are non-coding and are not in LD 

with variants in coding regions (203). Therefore, they may have indirect and 

regulatory effects on protein expression, thereby motivating efforts to examine 

whether pQTLs overlap with variants that associate with common disease 

states (204-206). The polygenic nature of complex traits implies that many 

proteins might influence a given trait with effect sizes of varying magnitudes. 

The possible involvement of non-coding RNA expression cannot be ruled out 

and is an active, emerging area of research (207).  

 

GWAS on complex traits, in part, aim to identify proteins with possible roles in 

biological and disease-related pathways. In contrast with this, GWAS on 

protein levels aim to detect variants that regulate the abundances of proteins 

in different tissues. Whereas variants associated with complex traits can have 
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small effect sizes, variants associated with protein levels exhibit relatively large 

effect sizes if they are acting in cis. Cis variants are in the gene that encodes 

the protein and might directly impact protein structure or function (204). Protein 

QTLs may also represent trans effects where variants lie in distal loci or on a 

chromosome distinct from the protein-encoding gene. Trans effects often 

exhibit smaller effect sizes than cis variants and require larger sample sizes 

for their detection (208).  

 

Existing GWAS on blood protein levels are outlined in a literature review within 

Chapter 3. Next, I introduce key statistical approaches that use pQTLs to 

examine whether proteins have causal roles in disease states.  

 

2.3   Mendelian randomisation - causal inference 

Identifying biomarkers for disease states is a major goal of epidemiological 

research. These approaches are limited by the possibility that associations 

between proteins and disease may reflect correlation and not causation. There 

are two main challenges in testing for causation: confounding factors and 

reverse causation (209). Methods that are robust to these complicating factors 

are essential in observational epidemiology.  

 

2.3.1 Assumptions in Mendelian randomisation 

Analogous to randomised control trials, Mendelian randomisation (MR) 

assesses the effect of long-term exposure to a given variable on health 

outcomes (Figure 2-3). Genetic variants are used as instrumental variables 

(IV), or instruments, to proxy for the effect of a given risk factor or exposure of 

interest (210). MR relies on Mendel’s law of segregation. At conception, an 

individual’s genotype is randomly assorted from parental genotypes. We 

assume that confounding influences, such as smoking or socioeconomic 

status, are randomly distributed between genotype groups. Complex disease 

states should not influence an individual’s germline genotype. Therefore, we 

assume that MR is robust to reverse causation.    
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Figure 2-3. Conceptual similarities between randomised control trials and 

Mendelian randomisation. In both methods, individuals are randomly allocated to 

one of two groups. In randomised control trials, individuals are allocated to a control 

or treatment arm. Mendelian randomisation rests on Mendel’s second law of 

segregation, which states that individual genotypes at a given locus are randomly 

assigned according to the paternal genotypes. One group may, on average, have a 

higher or lower exposure to a given risk factor. The long-term effect of the risk factor 

on an outcome is assessed by comparing the proportion of outcome events in both 

groups. We assume that confounders are balanced between groups. Reverse 

causation should also be absent. Figure created using Biorender.com.  

 

 

There are three key assumptions for valid instruments (211) (Figure 2-4):  

 

1. Relevance assumption: the variant is directly associated with the 

exposure (typically at genome-wide significance)  

 

2. Exclusion restriction assumption: the variant affects the outcome 

through the exposure variable i.e. a protein biomarker  

 

3. Independence assumption: the variant is not associated with 

confounders for the exposure-outcome relationship 
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Figure 2-4. Directed acyclic graph showing the Mendelian randomisation 

paradigm. A genetic variant proxies for the intermediate phenotype, or risk factor, of 

interest. Given that alleles are randomly assigned at conception, the influence of 

confounders should be minimal (independence assumption). The variant should be 

strongly associated with the exposure variable (relevance assumption). The effect of 

the exposure on the outcome variable is assessed by using genetic variants as 

instrumental variables. The instrument should only affect the outcome through the 

exposure (exclusion restriction assumption). Figure created using Biorender.com.  

 

Concerning the relevance assumption, weak instruments are identified by 

assessing the R2 or F statistic of the genotype-exposure relationship. 

Instruments with an F statistic <10 are excluded from MR analyses (212, 213). 

In GWAS, the relationship between a variant and exposure might be 

overestimated due to ‘Winner’s curse’. This phenomenon leads to biased MR 

estimates if weak instruments are used (214).  

 

Multiple instruments (> 2 SNPs) are required to perform formal tests of the 

exclusion restriction assumption. First, outliers may be identified by examining 

Cook’s distance, which measures the influence of each estimate on MR 
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regression slopes (339, 340). Second, the exclusion restriction assumption is 

violated when variants influence the outcome through pathways distinct from 

the exposure (horizontal pleiotropy). MR-Egger regression allows for variants 

to have pleiotropic effects only if the magnitude of pleiotropic effects is 

independent of the magnitude of the genotype-exposure effect (341). This is 

known as the InSIDE assumption (INstrument Strength Independent of Direct 

Effect). The intercept from MR-Egger regression provides an estimate of the 

average pleiotropic effect of instruments (215). A non-zero intercept implies 

that the average pleiotropic effect differs from zero or that the InSIDE 

assumption has been violated. MR-Egger regression is limited in that the exact 

nature of pleiotropy is uncertain. Several alternative methods including 

Bayesian and maximum likelihood approaches have been developed to 

address issues surrounding pleiotropy (215-221).  

 

In a single sample, the independence assumption can be investigated through 

bias component plots. These plots show the relative bias in exposure-outcome 

regressions and instrument-outcome regressions using measured covariates 

(222, 223). As described in Section 1.4.2, confounding due to population 

stratification can be attenuated by controlling for principal components of 

ancestry (224). In two-sample studies, researchers can assess whether 

instruments are associated with baseline covariates in large existing GWAS. 

 

2.3.2 Protein QTLs as instruments in Mendelian randomisation 

Protein QTLs have three key advantages as instruments when compared to 

IV for conventional risk factors such as body mass index: (i) stronger 

instrument-exposure relationship, (ii) lower likelihood of horizontal pleiotropy 

and (iii) it is often easier to test relationships between IV and the exposure (e.g. 

cis pQTLs in in vitro studies).  

 

Locally-acting pQTLs might influence distal protein levels at the genetic level 

through chromosomal interactions and the expression of regulatory 

microRNAs (225). Further, the relationships between trans pQTLs and protein 
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levels merit elucidation in causal inference frameworks. Knowledge of the 

molecular mechanisms that link pQTLs to protein levels will allow us to fine-

map causative pathways in disease. In the next section, I discuss statistical 

methods for investigating the molecular mechanisms that explain inter-

individual differences in protein levels.   

 

2.4 Colocalisation methods: linking protein QTLs to protein levels  

Understanding the relationships between proteins and disease states is 

important for developing effective drug therapies. GWAS alone cannot reveal 

how pQTLs affect protein levels. The majority of diploid cells within the body 

have the same underlying genetic code, except for some B and T cells (226, 

227). Therefore, it is essential to determine which cell types express the protein 

of interest and underlie the protein’s role in disease states. Protein QTLs can 

be cross-referenced against known variants associated with other traits, such 

as gene expression, DNA methylation and disease outcomes (228). For 

instance, a variant is identified as an eQTL for a gene in immune cells and a 

pQTL for blood levels of the corresponding protein. Hence, the same 

underlying variant might influence cell type-specific gene expression and 

protein levels i.e. the two traits colocalise (229). Conceptually, this can be 

extended to any two, or more, traits with shared association signals.   

 

2.4.1 Overview of colocalisation methodologies 

Online tools such as Genevar were developed to allow for visual comparisons 

of overlaps between association signals for complex traits and gene 

expression (230). However, this does not represent a formal test for 

colocalisation. Early regression frameworks were limited by pre-specifying 

subsets of variants, which can introduce bias through ‘Winner’s curse’ (231, 

232). They also required individual-level genotype data, which may not be 

available in external datasets such as large eQTL databases. He et al. (2013) 

developed the Sherlock algorithm, which matches association signals from 

GWAS and eQTL data using summary-level statistics (233). Using a relaxed 

significance threshold, genome-wide eQTLs for a given gene are compared 



27 

 

against risk loci for a disease of interest. However, eQTLs that fail to surpass 

the significance threshold in a reference sample might provide evidence 

against colocalisation if they associate strongly with the trait of interest.  

 

In light of these limitations, Giambartolomei et al. (2014) developed a popular 

Bayesian R package called coloc to test for colocalisation between two traits 

(234). Coloc uses summary statistics for two distinct traits across a pre-defined 

genomic region (typically 400 kilobases). The locus is centred on a genome-

wide significant variant that associates with both traits.  

 

Coloc integrates over multiple possible configurations to assign posterior 

probabilities to five distinct hypotheses. The hypotheses are: hypothesis 0 (no 

causal variants), hypotheses 1 and 2 (causal variant for one of the traits) 

hypothesis 3 (distinct causal variants) hypothesis 4 (one common causal 

variant). By default, the method assumes that one in every 10,000 SNPs is 

causal for each trait. Furthermore, one in every 100 SNPs that associate with 

one trait is assumed to associate with the other trait. Priors may need to be 

adjusted depending on the study design. For instance, trans-acting QTLs may 

require more stringent thresholds. A posterior probability of greater than 95% 

provides strong evidence in favour of a given hypothesis. Posterior 

probabilities are a measure of correlation as opposed to causation. A single 

eQTL may be associated with the expression of multiple genes in a given 

locus. Several eQTLs may be colocalised between genes and also with the 

trait of interest due to LD. High posterior probabilities will be present for all 

genes. Nevertheless, coloc provides a useful overview of colocalisation 

methodologies. Figure 2-5 provides an illustrative example of the coloc 

framework. Alternative methods are discussed in the next section. 
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Figure 2-5. Illustrative example of colocalisation between two traits. A variant is 

associated with two distinct traits in GWAS, for instance gene expression (eQTL) and 

protein levels (pQTL). Evidence of this overlap is insufficient to conclude that the 

variant causally influences both traits. Therefore, formal tests of colocalisation are 

applied. In this example, a Bayesian test of colocalisation is used to examine whether 

a single variant is causal for gene expression and protein levels. Five distinct 

hypothesis are tested: hypothesis 0 states that no variant in a given locus is causal 

for either trait, hypotheses 1 and 2 state that there is a causal variant but only for 

either protein levels or gene expression, respectively (Panel 1), hypothesis 3 posits 

that there are two distinct causal variants for these traits (Panel 2) and hypothesis 4 

states that one variant causally associates with both traits i.e. these traits colocalise 

(Panel 3). eQTL, expression quantitative trait locus; pQTL, protein quantitative trait 

locus. Figure adapted from Giambartolomei et al. (234). Copyright: PLOS. 

 

Genetic colocalisation methods are outlined in Table 2-1. Here, I briefly 

summarise commonly used colocalisation methods and their differences. 

Coloc and other methods including HEIDI (heterogeneity in dependent 

instruments) and JLIM (joint likelihood mapping) assume that there is one 
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causal variant for two traits in a locus (235, 236). The methods are satisfactory 

if the model is biologically plausible. Biased estimates might arise if multiple 

causal variants are present. A Bayesian fine-mapping and colocalisation 

approach termed eCAVIAR allows for multiple causal variants, but imposes an 

upper bound on the number of causal SNPs (typically at 6) (237). Enloc also 

allows for multiple variants and uses a Bayesian hierarchical model for 

colocalisation, fine-mapping and enrichment analyses (238). An iterative 

Bayesian stepwise selection procedure termed SuSiE (Sum of Single Effects 

regression) can provide more accurate inferences than coloc when multiple 

causal variants are present (239). Moloc and HyPrColoc test for the probability 

of a single causal variant affecting multiple traits (240, 241). The conditional 

regression approaches Jointsum (242) and Primo (243) permit the presence 

of multiple causal variants and the testing of multiple traits.    

 

2.4.2 Considerations for colocalisation analyses 

Selecting colocalisation methods requires assumptions about the underlying 

genetic architecture. For gene expression, allelic heterogeneity implies multi-

variant models might be appropriate (244-246). A strong lead cis-acting pQTL 

might explain most of the variance in the levels of a given protein, and therefore 

justify a single variant model. Sun et al. (2018) showed that 75% of 1,478 

plasma proteins have one conditionally independent pQTL (204). He et al. 

(2020) estimated the median number of pQTLs per protein is four in liver tissue 

(247). Furthermore, the testing of multiple traits depends on individual study 

designs. Colocalisation does not imply causation and assessing the direction 

of effect is challenging. The complementary use of MR and colocalisation 

methods, for instance in generalised summary-data-based MR, can provide 

directional evidence for an effect of one trait on another (248). These methods 

can aid in assessing whether mechanisms such as DNA methylation and gene 

expression are responsible for pQTL effects on protein levels. In the next 

section, I focus on the complementary use of DNA methylation for 

understanding the mechanisms that underlie protein regulation.  
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Table 2-1. Methods for assessing colocalisation between two or more traits. 

Method Year Approach 
No. of 

Variants 

No. of 

Traits 

 
   Ref. 

QTLMatch 2009 
Proportionality of 

coefficients 
No assumption 2 (231)a 

Regulatory 
trait 

concordance 
2010 Conditional regression 1 2 (229)a 

Proportionality 
test 

2012 
Proportionality of 

coefficients 
No assumption 2 (232)a 

Sherlock 2013 Bayesian 
Multiple (cis + 

trans) 
2 (233) 

Coloc 2014 Bayesian 1 2 (234) 

gwas-pw 2016 Bayesian 1 2 (249) 

eCAVIAR 2016 Bayesian fine-mapping Multiple 2 (250) 

HEIDI 2016 
Proportionality of 

coefficients 
1 2 (236) 

Enloc 2017 
Bayesian enrichment and 

fine-mapping 
Multiple 2 (238) 

JLIM 2017 Joint likelihood mapping 1 2 (235)a 

Moloc 2018 Bayesian 1 Multiple (240) 

Simple Sum 2019 Frequentist colocalisation Multiple 2 (251) 

PICCOLO 2019 
Bayesian, computes 

colocalisation when only 
top SNP is available 

1 2 (252) 

POEMColoc 2020 
Bayesian + imputation of 

missing summary 
statistics 

1 2 (253) 

Primo 2020 Conditional regression Multiple Multiple (243) 

fastEnloc 2020 
Bayesian, implemented in 

C++ 
Multiple  2 (254) 

Jointsum 2020 Conditional regression Multiple Multiple (242) 

MRLocus 2020 
Bayesian + Mendelian 

randomisation 
Multiple 2 (255) 

HyPrColoc 2021 Bayesian 1 
Multiple 
(>100)  

(241) 

SuSiE 2021 
Sum of single effects 

regression 
Multiple 2 (239) 

a These methods require individual-level genotype data. The remainder require summary-level 

data.  
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2.5 Epigenome-wide studies on protein levels 

DNA methylation in promoter sequences mediates repression of 

transcriptional activity (Figure 2-6) (98-100). DNA methylation of the first exon 

in genes is also inversely correlated with protein levels (256). DNA methylation 

in gene bodies might activate transcription. Here, DNA methylation displaces 

repressive complexes or suppresses alternative intragenic or cryptic 

promoters in cell-specific or tissue-specific patterns (257-264). Overall, DNA 

methylation reduces gene expression, but it is important to consider that its 

relationship with protein levels is dynamic and cell- or tissue-specific.  

 

 

Figure 2-6. The relationship between DNA methylation and gene expression in 

different regions of the gene. Increased cytosine methylation in promoter 

sequences and in the first exon of genes associates with gene silencing. DNA 

methylation in gene bodies may increase transcriptional activity by regulating the 

inclusion and exclusion of some exons and silencing alternative, intragenic promoters. 

Figure taken from Aquino et al. (265). Copyright: LIDSEN Publishing Inc.  

 

2.5.1 Methylation QTLs 

As outlined in Section 1.6, DNA methylation profiles are influenced by 

environmental and genetic factors. Cross-referencing EWAS on protein levels 

with EWAS on lifestyle factors, such as smoking, may reveal shared 

methylation signatures and interrelationships between these traits. 

Furthermore, CpG correlates of protein levels might represent underlying 
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genetic effects termed methylation QTLs or mQTLs, which are identified 

through GWAS on DNA methylation profiles (266-274).  

 

In the largest mQTL study to date (n = 32,851), Min et al. (2020) conducted 

GWAS meta-analyses of 420,509 blood CpG sites present on the Illumina 

450k array (275). Methylation QTLs were identified for 45.2% of tested CpG 

sites (190,102/420,509 CpG sites). There was a median of 2 independent 

mQTLs per CpG site (interquartile range = 4 variants). Min et al. showed that 

cis-acting mQTLs were enriched in active chromatin states and genic regions 

whereas trans-acting mQTLs were enriched in heterochromatin. In an mQTL 

study of the EPIC array (n = 1,111), Hannon et al. (2018) reported that 34.5% 

of CpG sites had one underlying mQTL whereas each mQTL was associated 

with a median of two CpG sites (interquartile range = 4 CpG sites) (267).  

 

Cis-acting mQTLs are enriched in GWAS signals (273, 276, 277). Methylation 

QTLs have been used as instruments in MR analyses to demonstrate possibly 

causal associations between DNA methylation and complex traits or lifestyle 

factors such as smoking (275, 278-280). Colocalisation analyses have also 

revealed associations between mQTLs and schizophrenia (281, 282) and 

between mQTLs and eQTLs (i.e. between DNA methylation and gene 

expression) (283). Colocalisation between mQTLs, pQTLs and GWAS signals 

for complex diseases might identify causative molecular pathways between 

SNPs, CpG methylation, protein levels and health outcomes.  

 

2.5.2 DNA methylation signatures of human traits and protein levels 

The short-term variability of adult DNA methylation levels is relatively stable 

(284-286). Therefore, DNA methylation represents a potentially useful 

signature of exposure to cellular and external environmental factors. As a 

result, DNA methylation-based predictors have been developed for multiple 

health and lifestyle factors (287-291). DNA methylation-based predictors of 

some traits, such as cigarette smoking, provide more accurate measurements 

than self-reported information (292). The predictors might improve disease risk 



33 

 

prediction and risk stratification paradigms. Methylation-based predictors 

require sets of CpG sites that are informative for predicting a given trait. The 

effect size of an association between a given CpG site and the trait in training 

samples provides a weight for the importance of the CpG site in estimating trait 

values. EWAS correlate each CpG site, in turn, with the trait of interest. 

Methods such as penalised regression model all CpG sites simultaneously. 

These methods produce parsimonious solutions that account for correlations 

between CpG sites (e.g. least absolute shrinkage and selection operator or 

LASSO regression). LASSO regression selects a subset of CpG sites as 

informative for predicting a given trait (293, 294). Ridge regression uses all 

tested CpG sites to predict a given trait (295). Elastic net regression is a 

commonly used intermediate of LASSO and ridge regression (296). The linear 

combination of CpG sites provides an estimate for a trait of interest.   

 

EWAS and penalised regression models have been utilised to predict 

circulating protein levels. Inflammatory proteins such as C-reactive protein 

(CRP) show rapid changes in their blood levels in response to injury and 

infection. Serum levels of CRP can increase up to 1000-fold and resolve to 

baseline concentrations over 7-12 days after injury or infection (297, 298). 

Therefore, single time-point blood CRP measurements might not accurately 

reflect inflammatory profiles (299). A methylation-based predictor of CRP 

levels provided a more reliable signature of chronic inflammation than serum 

CRP across the eighth decade of life (300). The CRP predictor was based on 

seven CpG sites from a large meta-analysis EWAS on CRP levels (n = 8,863 

in discovery sample) (301, 302). Epigenetic measures of CRP levels showed 

greater effect sizes than serum CRP levels in their associations with cognitive 

abilities, early-life mental health outcomes and structural neuroimaging 

phenotypes (300, 302, 303). Recently, a methylation-based predictor of 

interleukin 6 (IL6) levels was developed using elastic net regression (303). The 

epigenetic predictor of IL6 levels was based on 35 CpG sites and outperformed 

serum IL6 in its associations with cognitive functioning (serum IL6, n = 417, β 

= -0.06, SE = 0.05, P = 0.19 and epigenetic IL6, n = 7,028, β = -0.16, SE = 

0.02, P < 2 x 10-16) (304). This approach could be extended to other blood 
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proteins if DNA methylation processes capture a substantial proportion of the 

variance in their circulating levels.  

 

In the next section, I describe an existing composite biomarker termed ‘DNAm 

GrimAge’, which utilises methylation-based proxies for blood protein levels to 

predict the risk of all-cause mortality.     

 

2.6 Epigenetic measures of ageing 

2.6.1 DNAm GrimAge  

Ageing is the greatest risk factor for many age-related disease states such as 

dementia (305). However, individuals of the same chronological age exhibit 

different rates of biological ageing (306). In the past decade, several 

methylation-based predictors of biological ageing have been developed. 

These epigenetic measures of ageing are termed ‘epigenetic clocks’ (307) and 

an accelerated biological age as indexed by these clocks associates with 

mortality and multiple age-related morbidities (308-312).  

 

In 2019, Lu et al. developed DNAm GrimAge by using elastic net regression 

models to predict mortality (313). This is in contrast with other epigenetic 

clocks which use chronological age as the dependent variable in elastic net 

models. In the first stage, Lu et al. created methylation-based proxies for 88 

plasma protein levels and cigarette smoking pack years (n = 1,731). Pack 

years is calculated by multiplying the number of cigarette packs smoked per 

day by the number of years a person has smoked. Proxies that exhibited a 

correlation coefficient > 0.35 with their respective phenotypes were retained. 

The predictors of smoking pack years and twelve plasma protein levels met 

this criterion. In the second stage, an elastic net Cox regression model was 

used to regress time-to-death due to all-cause mortality onto chronological 

age, sex and methylation-based surrogates for smoking pack years and twelve 

plasma protein levels. The following features were selected: chronological age, 

sex and methylation-based surrogates for smoking pack years and seven 

plasma protein levels. The seven plasma proteins were: adrenomedullin 
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(DNAm ADM), beta-2-microglobulin (DNAm B2M), cystatin C (DNAm Cystatin 

C), growth differentiation factor 15 (DNAm GDF15), leptin (DNAm Leptin), 

plasminogen activation inhibitor 1 (DNAm PAI-1) and tissue inhibitor 

metalloproteinase (DNAm TIMP-1). DNAm GrimAge outperformed other 

epigenetic clocks in predicting mortality risk and associated with a number of 

peripheral, lifestyle and cardiometabolic traits. However, relationships 

between DNAm GrimAge and cognitive traits or neurological disease 

outcomes were not examined in the original study.  

 

2.6.2 Additional epigenetic measures of ageing  

Horvath Age 

In 2013, Horvath developed a multi-tissue epigenetic clock termed ‘Horvath 

Age’, which is calculated from the linear combination of 353 CpG sites (n = 

7,844 samples). This clock is independent of age-related changes in blood 

composition and therefore gives rise to a measure of biological ageing termed 

“intrinsic epigenetic age acceleration” or IEAA. Horvath Age was developed by 

regressing chronological age onto 21,369 CpG sites that are present on both 

the Illumina 27k and 450k arrays (314). Subsequently, IEAA was derived by 

regressing Horvath Age onto chronological age and methylation-based 

estimates of eight immune cell counts.  

 

Hannum Age 

Hannum Age gives rise to a measure of biological ageing termed “extrinsic 

epigenetic age acceleration” or EEAA as it captures age-related changes in 

blood cell composition (n = 482) (315). EEAA was generated in a two-step 

process. First, Hannum Age was derived by regressing chronological age onto 

CpG sites present on the 450k array. Seventy-one CpG sites were selected. A 

weighted average was obtained for Hannum Age and three immune cell types 

whose abundances change with age (naive cytotoxic T-cells, exhausted 

cytotoxic T-cells, and plasmablasts) (316). Second, EEAA was derived by 

regressing this weighted average onto chronological age.   
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DNAm PhenoAge 

DNAm PhenoAge was developed in a two-stage design by Levine et al. (2018) 

(317). First, the hazard of mortality was regressed on 42 health-related 

markers from the third National Health and Nutrition Examination Survey in an 

elastic net regression model (n = 9,926). This gave rise to a measure of 

‘Phenotypic Age’. The model selected age and nine haematological and 

biochemical markers for predicting ‘Phenotypic Age’. The markers were: 

albumin, alkaline phosphatase, creatinine, C-reactive protein (CRP), mean cell 

volume, percentage lymphocytes, red cell distribution width, serum glucose (as 

indexed by glycated HbA1c) and white blood cell count. Second, ‘Phenotypic 

Age’ was regressed on 20,169 CpG sites present on the 27k, 450k and EPIC 

arrays in an elastic net model. In total, 513 CpG sites were selected.  

  

DNAm Telomere Length 

Lu et al. (2019) used elastic net regression to develop a methylation-based 

predictor of telomere length in leukocytes (318). Telomeres are DNA-protein 

complexes at the end of chromosomes and shorten with age (319-321). A 

linear combination of 140 CpG sites was selected to predict telomere length (n 

= 2,256). In other epigenetic clocks, a higher age-adjusted measure of the 

clock is expected to correlate with poorer health outcomes. In contrast with 

this, a lower age-adjusted measure of telomere length is anticipated to 

correlate with adverse health outcomes as this reflects the age-related process 

of cellular telomere shortening.      

 

DunedinPoAm – Pace of Ageing 

Epigenetic clocks are ‘state’ measures in that they estimate how much 

biological ageing has occurred in an individual up to the time of measurement. 

An epigenetic ‘speedometer’ was developed to measure the pace of biological 

ageing in individuals. This measure is termed the Dunedin ‘Pace of Ageing’ 

(PoA) and was trained on longitudinal changes in 18 blood-chemistry and 

organ-system-function biomarkers at three distinct time points from age 26 to 

38 years (n = 964) (322). Epigenetic clocks are also trained on individuals born 
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within different years. This may result in confounding due to the possibility that 

individuals born in different years will have been exposed to different early-life 

environmental factors (306). To mitigate this issue, Dunedin PoA was 

developed using data from individuals who were all born between April 1972 

and March 1973 in Dunedin, New Zealand (322). Mixed-effects growth 

modelling was used to calculate an individual’s rate of change (slope) for each 

biomarker using data points from age 26, 32 and 38 years. An individual’s PoA 

was estimated by calculating the sum of these random slopes. Belsky et al. 

(2020) employed elastic net regression models to derive a methylation-based 

predictor of the PoA measure (323). PoA estimates for Dunedin study 

participants were regressed on methylation data at age 38 years. The resultant 

measure of an individual’s pace of biological ageing is termed ‘DunedinPoAm’ 

and is estimated from 46 unique CpG sites. 

 

2.7 Summary  

I discussed statistical methods that use data from GWAS and EWAS on protein 

levels to probe causal molecular pathways between plasma proteins and 

disease states. I also described DNA methylation signatures of complex traits 

and blood protein levels. Methylation-based predictors of plasma protein levels 

are incorporated into a leading measure of biological ageing termed DNAm 

GrimAge. This composite biomarker may capture important facets of cognitive 

decline as ageing is the greatest risk factor for cognitive ageing and dementia. 

In the next chapter, I conduct a literature review of existing GWAS and EWAS 

on blood protein levels. I also further describe associations between DNAm 

GrimAge and disease states, and outline the main aims of this thesis.  
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3 Literature review and aims 

 

In this chapter, I perform structured literature reviews to identify existing 

studies that report GWAS and EWAS on blood protein levels. I describe stand-

alone GWAS and EWAS, and studies that have combined genetic and 

epigenetic data to identify molecular determinants of blood protein levels. I 

outline associations between DNAm GrimAge and health outcomes before 

stating the aims of this thesis.  

 

I queried MEDLINE (Ovid interface, Ovid MEDLINE in-process and other non-

indexed citations and Ovid MEDLINE 1946 onwards), Embase (Ovid interface, 

1980 onwards), Web of Science (core collection, Thomson Reuters) and 

medRxiv/bioRxiv to identify relevant articles indexed as of 14 July 2021. 

Search terms are outlined under each review.  

 

3.1 GWAS on blood protein levels 

I first conducted a structured literature review of existing studies that report 

GWAS with multiplexed blood protein levels. The following search terms or 

their synonyms were used to screen for relevant articles:  

 

1. GWAS OR genome-wide association study.mp OR genetic variants.mp 

OR protein quantitative trait locus.mp OR pQTLs.mp OR whole-

genome.mp OR genetic.mp 

2. protein levels.mp OR proteomics.mp OR analyte levels.mp OR protein 

biomarkers.mp OR protein biomarker levels.mp OR exp plasma /  

3. exp proteome / OR exp plasma protein / OR exp serum protein / OR 

proteins.mp 

4. 1 AND 2 AND 3 

 

Four hundred and eighty-four unique articles were identified. Thirty-one 

articles met inclusion criteria: (i) genome-wide association study, (ii) 

multiplexed protein levels, (iii) proteins were measured in blood, (iv) original 
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research article and (v) reported methods of protein measurement. Seven 

further articles were identified through a supplementary manual literature 

search (324-330). The 38 articles included in this literature review are 

presented in Table 3-1. The study population, demographics, sample size, 

number of proteins, number of pQTL associations, sample sources and 

proteomic platform are reported for each study.  

 

Of the 38 studies identified in the literature review, one study had a sample 

size ≤ 100, twelve had a sample size between 101 and 1,000, 22 had a sample 

size between 1,001 and 10,000 and three studies had a sample size ≥ 10,000 

individuals. Sample sizes ranged from 96 (331) to 30,931 (332). Seven studies 

measured serum protein levels and 28 studies reported plasma protein levels. 

Three studies analysed a mixture of serum and plasma samples. The number 

of proteins that were assayed ranged from 16 (by multiplex immunoassay) 

(333) to 4,782 (SOMAscan®) (330, 334). 

 

SOMAscan and Olink technologies are used to measure plasma protein levels 

in Chapters 5-7. Therefore, I describe in detail the existing GWAS that used 

these platforms to quantify blood protein abundances. However, studies that 

utilised other multiplexed assays to conduct GWAS on blood proteins are 

outlined in Table 3-1. The SOMAscan platform was the most frequently 

employed technology in GWAS on blood protein levels (13/38 studies, 

32.41%). Olink was the second most commonly used platform (11/38 studies, 

28.95%) (Figure 3-1).  
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Figure 3-1. Proportion of studies reporting a given proteomic technology in 

GWAS on blood protein levels. Three studies reported a combination of platforms 

in their discovery GWAS (mass spectrometry and SOMAscan, SOMAscan and Olink, 

multiplex immunoassay and SOMAscan). GWAS, genome-wide association studies; 

Mass spec., mass spectrometry; Multiplex immuno., multiplex immunoassay.  

 

SOMAscan 

As shown in Figure 3-2, SOMAscan and Olink platforms have become 

increasingly popular in recent years. Lourdusamy et al. (2012) conducted the 

first GWAS on blood protein levels using SomaLogic technology (version 1,     

n = 778 plasma proteins). Ninety-six cognitively normal individuals from the 

AD-related AddNeuroMed study were included. This is the smallest sample 

size among GWAS on blood protein levels. The authors tested cis associations 

as they had limited power to identify trans effects, which typically have smaller 

effect sizes (331). Di Narzo et al. (2017) employed a newer version of 

SOMAscan (version 3) to measure serum levels of 1,128 proteins in two 

cohorts enriched for individuals with inflammatory bowel disease (335). 

Carayol et al. (2017) and Benson et al. (2017) used the SOMAscan platform 



41 

 

(version 3) to measure 1,129 protein levels. Linear mixed-effects models 

identified 55 and 161 pQTLs using data from 494 (obese) and 2,180 

individuals, respectively (336, 337). Gurinovich et al. (2021) applied mixed-

effects models in a sample of 224 older adults (mean age = 83 years). Twenty-

one pQTLs were associated with longitudinal changes in serum protein levels 

(338). Emilsson et al. (2018) measured serum levels of 4,137 proteins in 5,457 

Icelanders (AGES cohort, mean age = 76.6 years). Only cis-regions were 

tested. Large networks of serum proteins were identified, which associated 

with complex diseases including cardiovascular and metabolic disease states 

(339). Gudjonsson et al. (2021) expanded on this work by performing genome-

wide analyses in the same sample. Five proteins colocalised with AD risk, 

including BIN1 (Bridging integrator 1) and TREM2 (Triggering receptor 

expressed on myeloid cells 2). BIN1 and TREM2 are among the lead risk loci 

for AD (340, 341). The remaining three proteins were GLTPD2, PILRA and 

PLXDC2 (330). In the AGES cohort, Emilsson et al. (2021) regressed serum 

levels of 4,782 proteins on 54,469 low-frequency (MAF < 5%) and common 

exome-array variants. The authors detected a low-frequency cis pQTL in 

TREM2 that associated with serum TREM2 levels. A common trans pQTL for 

TREM2 (MAF ~ 40%) was detected in the MS4A6A (Membrane Spanning 4-

Domains A6A) locus (334).  

 

In a seminal study, Sun et al. (2018) identified genetic correlates of the human 

plasma proteome using blood samples from 3,301 individuals in the Interval 

study. Linear regression models were used to examine associations between 

10,572,788 imputed autosomal SNPs and 2,994 plasma protein levels. In total, 

1,927 pQTLs associated with 1,478 proteins at a Bonferroni-corrected 

significance threshold of P < 1.5 × 10−11. The Olink platform was used to test 

for pQTL replication, and 106/163 pQTLs available for testing replicated across 

technologies. The authors showed that cis pQTLs were significantly enriched 

for cis eQTLs acting within the same gene (P < 0.0001). MR analyses 

suggested that higher matrix metalloprotease (MMP)-12 levels were 

associated with a lower risk of coronary artery disease (P = 2.8 x 10-13). 

Multivariate MR analyses were conducted to determine the proteins in the      
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IL1RL1–IL18R1 locus that might mediate atopic dermatitis risk. Higher levels 

of IL1RL2 and IL18R1 were negatively and positively associated with atopic 

dermatitis risk (P = 1.1 x 10-69 and 1.5 x 10-28, respectively) (204). Furthermore, 

Suhre et al. (2017) identified 539 pQTLs that were associated with 284 plasma 

protein levels (n = 1,335 individuals). Plasma levels of 1,124 proteins were 

measured using version 3 of the SOMAscan platform. Protein QTLs were 

queried against eQTL and mQTL databases, and 179 and 122 pQTLs 

overlapped with known cis eQTLs and cis mQTLs, respectively. The authors 

also demonstrated that variation in the SLAMF7 gene might influence 

individual responses to Elotuzumab, a monoclonal antibody therapy for 

multiple myeloma (206). These seminal studies demonstrated how pQTL data 

help to elucidate molecular mechanisms linking the blood proteome to complex 

disease states. Yang et al. (2021) conducted GWAS on 713, 931 and 1,079 

proteins in CSF, plasma and brain tissue, respectively. One hundred and 

twenty-seven pQTLs were detected in plasma. Approximately 75% of cis 

pQTLs and 25% of trans variants in plasma were replicated in CSF or brain 

tissue. There was strong evidence across MR and coloc analyses for causal 

associations between AD risk and eight plasma proteins. The proteins were 

AIMP1, CD33, CTSF, EPHA5, KLK13, MICA, PDE4D and SPARCL1. AIMP1 

and F11 levels were causally associated with the age-of-onset and 

progression of AD, respectively (342).   

 

Pietzner et al. (2020) and Zhang et al. (2021) employed the most recent 

version of the SOMAscan platform (version 4) to measure 4,775 and 4,665 

plasma protein levels in 10,708 and 9,084 individuals, respectively (343, 344). 

Pietzner et al. (2020) identified 220 cis-acting variants for 97/179 host proteins 

related to SARS-CoV-2 infection. Protein QTLs explained up to 70% of inter-

individual variation in plasma levels of host proteins. Replication was tested 

using twelve Olink arrays (n = 485 individuals). Thirty-three proteins were 

available for cross-platform comparisons. Effect sizes for cis-acting variants 

were strongly correlated (29 SNPs, correlation coefficient r = 0.75) whereas 

trans pQTLs showed a weaker correlation (96 SNPs, r = 0.54) (343). Zhang et 

al. (2021) showed that the median heritability of protein levels explained by 



43 

 

cis-acting pQTLs was similar across 7,213 European American and 1,871 

African American participants from the Atherosclerosis Risk in Communities 

study. The respective heritability estimates were 9% and 10% for these ethnic 

groups.  

 

 

Figure 3-2. Time series data for GWAS on multiplexed blood protein levels. The 

first GWAS on blood levels measured with a multiplex assay was conducted in 2008. 

SOMAscan and Olink platforms have become increasingly popular owing to their 

scalability and high protein coverage. GWAS, genome-wide association studies; 

Mass spec., mass spectrometry; Multiplex immuno., multiplex immunoassay. 

 

Olink  

Enroth et al. (2014) conducted the first GWAS on blood protein levels using 

Olink technology. Seventy-seven plasma proteins on the Olink Oncology I 

panel were measured in 970 individuals. Heritability estimates for protein 

levels ranged from 0% (EPO) to 78% (CCL24) (324). Folkersen et al. (2017) 
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measured 83 plasma protein levels present on the Olink CVD I array in a large 

sample of 3,394 individuals. Eight proteins, including MMP-12 and IL6R, were 

causally associated with coronary artery disease risk (345). Ahsan et al. (2017) 

combined data from the Olink CVD I and Oncology I arrays and performed 

both GWAS and EWAS. This study is discussed in the following sections. 

Höglund et al. (2019) also measured plasma protein levels using the Olink 

CVD I and Oncology I arrays (n = 1,005 individuals). The authors employed 

whole-genome sequencing and identified 18 novel pQTLs, which were not 

detected with genotyped or imputed SNPs. Five variants had a MAF < 5% 

(346). Zhernakova et al. (2018) utilised non-parametric Spearman's rank 

correlation and measured the plasma levels of 92 proteins on the Olink CVD II 

array (n = 1,264 individuals). In total, 224 pQTLs were identified at FDR-

adjusted P < 0.05 (329). Folkersen et al. (2020) measured plasma levels of 90 

proteins on the Olink CVD I array in 30,931 individuals from 13 different cohorts 

(SCALLOP consortium). This is the largest sample size, to date, in GWAS on 

blood protein levels. Four hundred and fifty-one pQTLs associated with 85 

plasma protein levels. MR analyses of 38 traits were performed using this large 

pQTL resource. The authors replicated protective associations between MMP-

12 and stroke, and between IL6R and coronary artery disease. The novel 

associations included: higher MMP-12 levels and eczema risk, higher TRAIL-

R2 levels and prostate cancer risk and higher CD40 levels and rheumatoid 

arthritis risk. GDF15 levels were associated with AD risk (β = 0.18, P = 4.4 x 

10-3), but this association did not survive multiple testing correction (332). 

 

Two studies employed three Olink arrays in their GWAS. Gilly et al. (2020) 

measured 257 serum protein levels that were spread across the Olink CVD II, 

CVD III and Metabolism panels (n = 1,328 Cretan individuals). Linear mixed-

effects models detected 131 pQTL associations. Polygenic risk scores based 

on pQTL summary statistics explained up to 45% of variation in serum protein 

levels (347). Bretherick et al. (2020) used the CVD II, CVD III and Inflammation 

panels. In this study, 249 plasma protein levels were measured in up to 1,992 

individuals. Multiple inflammatory proteins, including IL2RA and IL4R, were 

causally associated with asthma. Five proteins (IL6R, FABP2, FGF5, LPL and 
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LTA) were causally associated with coronary artery disease risk. The levels of 

three proteins (SHPS1, CD40 and FCGR2B) were associated with 

schizophrenia risk (327).  

 

Viñeula et al. (2021) measured plasma levels of 373 unique proteins present 

on four Olink arrays: CVD I, CVD II, Development and Metabolism (n = 3,029 

individuals). In this study, 1,592 cis pQTLs and 533 trans pQTLs were 

identified using linear regression models (348). Zhong et al. (2020) quantified 

plasma levels of 794 proteins across eleven different Olink platforms including 

the Neurology and Inflammation panels. Whole-genome sequencing was used 

to analyse 7.3 million variants. Linear mixed-effects models revealed 144 

independent pQTLs for 107 protein levels. This study had the second smallest 

sample size among all GWAS on blood protein levels (n = 101 individuals) 

(349). Recently, Zhong et al. (2021) expanded on this work by using a custom 

Olink Explorer assay. The authors increased their coverage to 1,463 plasma 

proteins (350). Finally, Pietzner et al. (2021) combined twelve Olink arrays, 

including the Neurology and Inflammation panels, and the SOMAscan platform 

(version 4). Plasma levels of 871 unique proteins were quantified in up to 

10,708 individuals from the Fenland study. Sixty-four percent of all pQTL 

associations were shared across Olink and SOMAscan. However, pQTLs 

effect sizes were not strongly correlated between platforms (cis r = 0.41, trans 

r = 0.34) (351).  

 

Summary 

GWAS on blood protein levels are heterogeneous in terms of their sample 

sizes, protein coverage, proteomic platforms and statistical methods for 

conducing GWAS. Twenty-nine studies employed linear regression models to 

test for associations between genetic variants and blood protein levels. Due to 

LD between variants, it is necessary to perform additional methods such as LD 

clumping or conditional analyses following GWAS to identify independent 

variants. Linear models also assume that observations are independent from 

one another. Population stratification, relatedness among individuals, non-
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additive genetic effects and unmeasured environmental confounders can bias 

estimates of effect sizes and reduce power in GWAS (352-355). Linear mixed-

effects models are used to account for non-independence in GWAS (356). 

Eight studies performed linear mixed-effects GWAS to account for relatedness 

(6 studies) (338, 346, 347, 357-359), repeated blood sampling (1 study) (335) 

and population structure (1 study) (336). One study by Ruffieux et al. (2020) 

used a Bayesian approach, which accounts for correlations between markers 

and issues pertaining to data structure. The authors compared the 

performance of the Bayesian strategy against linear mixed-effects models with 

simulation data as a reference for ground truth. The Bayesian strategy 

identified more pQTLs and accounted for more variation in protein levels than 

linear mixed-effects models (360).   

 

Few studies have examined panels of proteins related to dementia or 

neurological disease states. Colocalisation between pQTLs and eQTLs was 

tested in several studies. However, few analyses were conducted to 

investigate the relationship between pQTLs and other molecular traits, such 

as DNA methylation. These data may provide additional information pertaining 

to the molecular regulation of blood protein levels. In the following section, I 

perform a literature review of studies that report EWAS on blood protein levels.
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Table 3-1. Summary of studies that report genome-wide association studies with multiplexed blood protein levels. 

Author 
(date) 

Study population 
Mean age, % 

female 
Sample 

size 
No. of 

proteins 
No. of 
pQTLs 

Source 
of 

samples 
Proteomic platform Ref. 

Melzer et al. 
(2008) 

Invecchiare in 
Chianti 

68.4, 55.2% 1,200 42 9 
Serum 

and 
Plasma 

Multiplex 
immunoassay 
(LINCOplex) 

(361) 

Lourdusamy 
et al. (2012) 

AddNeuroMed 72.1, 56.2% 96 778 60 Plasma SOMAscan (version 1) (331) 

Johansson et 
al. (2013) 

Northern Sweden 
Population Health 

Study 
N/A, N/A 1,060 163 5 Plasma Mass spectrometry (359) 

Kim et al. 
(2013) 

Alzheimer's Disease 
Neuroimaging 

Initiative 
75, 37.6% 521 132 28 Plasma 

Multiplex 
immunoassay 
(Luminex 100) 

(362) 

Enroth et al. 
(2014) 

Northern Sweden 
Population Health 

Study 
N/A, N/A 970 77 18 Plasma Olink Oncology I array (324) 

Liu et al. 
(2015) 

Twins UK 57.8, 100% 113 342 18 Plasma Mass spectrometry (358) 

Sun et al. 
(2016) 

SPIROMICS  

 COPDGene 

SPIROMICS: 
63.7, 48% 

COPDGene: 
65.6, 45% 

1,340 88 527 Plasma 
Multiplex 

immunoassay (Myriad-
RBM) 

(363) 
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Deming et al. 
(2016) 

KADRC 
 

ADNI 

KADRC: 73.2, 
61.2% 

ADNI: 78.3, 
37.4% 

818 146 56 Plasma 
Multiplex 

immunoassay (Myriad-
RBM) 

(325) 

Ahola-Olli et 
al. (2017) 

The Cardiovascular 
Risk in Young Finns 

Study 

FINRISK 

Young Finns: 
37, N/A 

FINRISK: 60,  
N/A 

8,293 48 27 

Young 
Finns: 
Serum 

FINRISK: 
Plasma 

Multiplex 
immunoassay (Bio-

rad) 
(364) 

Di Narzo et 
al. (2017) 

PURSUIT study: 88 
ulcerative colitis 

patients 

CERTIFI study: 84 
moderate-to-severe 

Crohn’s disease 
patients 

15 healthy controls 

Ulcerative colitis 
patients: 42, 

50% 

Crohn’s disease 
patients: 38, 

67.9% 

Healthy 
controls: 51, 

66.7% 

187 1,128 41 Serum SOMAscan (version 3) (335) 

Suhre et al. 
(2017) 

Discovery: KORA 

Replication: QMDiab 

KORA: N/A, N/A 

QMDiab: N/A, 
N/A 

1,335 1,124 539 Plasma SOMAscan (version 3) (206) 

Folkersen et 
al. (2017) 

The IMPROVE study N/A, N/A 3,394 83 79 Plasma Olink CVD I array (345) 

de Vries et 
al. (2017) 

Atherosclerosis Risk 
in Communities 

study 
53.6, 60% 3,424 

25 
(peptides) 

22 Serum Mass spectrometry (365) 



49 

 

Ahsan et al. 
(2017) 

Northern Sweden 
Population Health 

Study 

50.4 (median), 
53% 

961 121 45 Plasma 
Olink Oncology I and 

CVD I arrays 
(326) 

Carayol et al. 
(2017) 

The Diogenes Study N/A, 64% 494 1,129 55 Plasma SOMAscan (version 3) (336) 

Benson et al. 
(2017) 

Discovery: 
Framingham Heart 

Study Offspring 
cohort 

Replication: Malmö 
Diet and Cancer 

Study 

Framingham: 
56.1, 52.6% 

Malmö Diet and 
Cancer Study: 
58.6, 53.6% 

2,180 1,129 161 Plasma SOMAscan (version 3) (337) 

Sun et al. 
(2018) 

Interval study 43.7, 49.7% 3,301 2,994 1,927 Plasma SOMAscan (in-house) (204) 

Emilsson et 
al. (2018) 

AGES Reykjavik 
study 

76.6, 57.3% 5,457 4,137 3,134 Serum SOMAscan (in-house) (339) 

Yao et al. 
(2018) 

Discovery: 
Framingham Heart 

Study 

Replication: Interval 
study and KORA 

Framingham: 
50, 53% 

Interval study: 
43.7, 49.7% 

KORA: N/A, N/A 

 

Discovery: 
6,861 

Replication: 
4,298 

 

 71 105 Plasma 

Discovery: Multiplex 
immunoassay 

(Luminex xMAP) 

Replication: 
SOMAscan 

(205) 

Zhernakova 
et al. (2018) 

LifeLines Dutch 
population cohort 

45, 58% 1,264 92 214 Plasma Olink CVD II array (329) 

Solomon et 
al. (2019) 

The Tromsø Study N/A, N/A 165 664 60 Plasma Mass spectrometry (357) 
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Sliz et al. 
(2019) 

Northern Finland 
Birth Cohort 1966 

31.1, 51.9% 5,284 16 13 Plasma 
Multiplex 

immunoassay (Bio-
rad) 

(333) 

Published after Chapter 5 

Höglund et 
al. (2019) 

Northern Sweden 
Population Health 

Study 

52 (median), 
50.8% 

1,005 72 5,812 Plasma 
Olink Oncology I and 

CVD I arrays 
(346) 

Nath et al. 
(2019) 

The Cardiovascular 
Risk in Young Finns 

Study 

FINRISK 

Young Finns: 
37.7, 54.4% 

FINRISK97:  
47.6, 51.5% 

FINRISK02: 
60.3, 50.1% 

9,267 18 8 

Young 
Finns: 
Serum 

FINRISK: 
Plasma 

Multiplex 
immunoassay (Bio-

rad) 
(328) 

Zhong et 
al. (2020) 

SCAPIS Wellness 
Profiling 

N/A, 52.5% 101 794 144 Plasma 

Eleven Olink panels: 

Cardiometabolic, Cell 
Regulation, CVD II, 

CVD III, Development, 
Immune Response, 

Oncology II, 
Inflammation, 

Metabolism, Neurology 
and Organ Damage 

(349) 

Ruffieux et 
al. (2020) 

The Ottawa Study 

The Diogenes Study 

Ottawa: N/A, 
N/A 

Diogenes: N/A, 
N/A 

1,718 1,227 136 Plasma 

SOMAscan (version 3, 
1,097 proteins) and 
mass spectrometry 

(130 proteins) 

(360) 

Pietzner et 
al. (2020) 

Fenland Study 48.6, 53.4% 10,708 4,775 678 Plasma SOMAscan (version 4) (343) 
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Bretherick et 
al. (2020) 

Discovery: 
CROATIA-Vis 

Replication: Orkney 
Complex Disease 

Study (ORCADES) 

N/A, N/A 
Up to 
1,992 

249 154 Plasma 
Olink CVD II, CVD III 

and Inflammation 
arrays 

(327) 

Published after Chapter 6 

Folkersen et 
al. (2020) 

SCALLOP 
consortium  

N/A, N/A 30,931 90 451 Plasma Olink CVD I array (332) 

Gilly et al. 
(2020) 

Hellenic Isolated 
Cohorts MANOLIS 

study 
N/A, N/A 1,328 257 131 Serum 

Olink CVD II, CVD III, 
and Metabolism arrays 

(347) 

Zhang et al. 
(2021)* 

Atherosclerosis Risk 
in Communities 

cohort 

European 
Americans (EA): 

N/A, 61.8% 

African 
Americans (AA): 

N/A, 52.5% 

EA: 
7,213  

AA: 
1,871  

4,665 

EA: 
1,005 

AA: 
1,384 

Plasma SOMAscan (version 4) (344) 

Viñuela et al. 
(2021)* 

DIRECT study N/A, N/A 3,029 373 2,125 Plasma 

Four Olink arrays: 
CVD I, CVD II, 

Development and 
Metabolism 

(348) 



52 

 

*denotes studies that are pre-prints and not yet published. AA, African Americans; ADNI, Alzheimer's Disease Neuroimaging Initiative; 

CVD, cardiovascular disease; EA, European Americans; KADRC, Knight Alzheimer’s Disease Research Centre; KORA, Cooperative Health 
Research in the Region of Augsburg; pQTL, protein quantitative trait locus; QMDiab, Qatar Metabolomics Study on Diabetes; SCAPIS, 
Swedish CArdioPulmonary bioImage Study.

Pietzner et 
al. (2021)* 

Fenland Study 48.6, 53.4% 
Up to 
1,078 

871 1,923 Plasma 

SOMAscan (version 
4), twelve Olink arrays: 

Cardiometabolic, CVD 
II, CVD III, Cell 

Regulation, 
Development, Immune 

Response, 
Inflammation, 

Metabolism, Neuro 
Exploratory, 

Neurology, Oncology I 
and Oncology II 

(351) 

Zhong et al. 
(2021) 

SCAPIS Wellness 
Profiling 

N/A, 52.5% 101 321 1,463 Plasma Olink Explorer array (350) 

Gurinovich et 
al. (2021) 

New England 
Centenarian Study 

83.0, 63% 224 4,131 21 Serum SOMAscan (version 4) (338) 

Gudjonsson 
et al. (2021)* 

AGES Reykjavik 
study 

76.6, 57.3% 5,368 4,782 4,113 Serum SOMAscan (in-house) (330) 

Emilsson et 
al. (2021)* 

AGES Reykjavik 
study 

76.6, 57.3% 5,343 4,782 
2,019 

(exome) 
Serum SOMAscan (in-house) (334) 

Yang et al. 
(2021) 

Washington 
University cohort 

70.4, 44% 529 931 127 Plasma 
SOMAscan (version 

1.3k) 
(342) 
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3.2 EWAS on blood protein levels 

Next, I conducted a structured literature review to identify existing EWAS with 

multiplexed blood protein levels. Fifty-two potentially relevant articles were 

identified using the following search criteria: 

 

1. DNA methylation.mp OR EWAS.mp OR epigenome-wide association 

study.mp 

2. protein levels.mp OR proteomics.mp OR protein biomarker levels.mp 

OR exp plasma proteome / OR exp plasma protein / OR exp serum 

protein / OR proteins.mp 

3. 1 AND 2 

 

The inclusion criteria were: (i) epigenome-wide association study, (ii) used 

DNA methylation, (iii) multiplexed protein levels, (iv) proteins were measured 

in blood tissue, (v) original research article and (vi) reported methods of protein 

measurement. Two studies satisfied these criteria (326, 366).  

 

Ahsan et al. (2017) conducted EWAS on 121 plasma protein levels that were 

measured using the Olink Oncology I and CVD I arrays (n = 729 individuals). 

Linear mixed-effects models were applied and adjusted for age, sex, white 

blood cell proportions, year of sampling, batch and plate effects. One hundred 

and eighty-eight CpG sites associated with 44 protein levels. The authors also 

performed GWAS on plasma protein levels. The combined genetic and 

epigenetic analyses are discussed in the following section. Thirteen CpG sites 

were associated with multiple protein levels. These associations included 

differential methylation in the NLRC5 gene (NOD-like receptor family CARD 

domain containing 5) and CXCL11, CXCL9, IL12, and IL18 levels. NLRC5 is 

an important activator of the inflammasome and regulates expression of innate 

immune system receptors and sensors (367). Smoking-associated CpG sites 

in F2RL3 (F2R-like thrombin or trypsin receptor 3) and AHRR (Aryl-

hydrocarbon receptor repressor) were associated with IL12 and WFDC2 levels 

(368, 369). Adjustment for smoking attenuated these associations to non-

significance.  
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Zaghlool et al. (2020) conducted the largest EWAS on blood protein levels to 

date, both in terms of sample size and protein coverage. The authors 

measured 1,123 plasma protein levels using the SOMAscan platform (version 

3.2, n = 1,288 individuals). Step-wise linear regression models were used 

iteratively to regress out the potential confounding effects of sex, white blood 

cell proportions, cis-acting genetic variation, age, smoking, body mass index 

and type 2 diabetes. The authors accounted for SNPs that might explain 

associations between CpG sites and protein levels. However, they did not 

perform both GWAS and EWAS on blood protein levels in this study. Ninety-

eight CpG sites were associated with 15 unique proteins. Seventy-two CpG 

sites were associated with pappalysin-1 (PAPPA) levels; however, 70/72 

associations were attenuated to non-significance when accounting for 

eosinophil counts. Seven immune-related proteins (CD48, CD163, CXCL10, 

CXCL11, LAG3, FCGR3B and B2M) were associated with differential 

methylation in the NLRC5 locus (366).  

 

Summary 

There are only two existing EWAS with multiplexed blood protein levels. Cross-

chromosome correlations between measured markers are higher for 

epigenetic than genetic data (118). Inter-correlations between markers, 

unmeasured confounders and data structure can result in poor effect size 

estimation, model overfitting and reduced power (127). Therefore, methods 

that can control for these issues in EWAS on protein levels are required. 

Furthermore, no study has examined the relationship between DNA 

methylation, blood proteins and cognitive ageing or dementia. Only one study 

by Ahsan et al. performed both GWAS and EWAS on blood protein levels, 

which I discuss in the following section.  

 

3.3 Combined GWAS and EWAS on blood protein levels 

Ahsan et al. (2017) identified 45 pQTLs for 39/121 protein levels. Eighteen 

biomarkers harboured SNP and CpG associations. For 11/18 proteins, GWAS 

and EWAS signals were located within two megabases of one another. SNPs 
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for these protein were included as covariates in EWAS for the same protein. 

All CpG associations were attenuated to non-significance when adjusting for 

underlying genetic variants. Heritability estimates ranged from 0% (for 6 

proteins) to 67% for CCL24 levels. CCL24 also had the highest heritability 

estimate (78%) in Enroth et al. (324). Both studies employed Olink technology 

and their sample sizes were comparable. In the study by Ahsan et al., pQTLs 

largely accounted for the contribution of DNA methylation variability towards 

inter-individual differences in protein levels. The authors concluded that 

genetic and environmental factors influenced the associations between DNA 

methylation and blood protein levels (326).  

 

3.4 DNAm GrimAge and health outcomes 

In their initial description of DNAm GrimAge, Lu et al. (2019) demonstrated that 

age-adjusted DNAm GrimAge, or AgeAccelGrim, was a strong predictor of all-

cause mortality (hazard ratio (HR) = 1.10, P = 2.0 x  10-75). AgeAccelGrim also 

predicted time-to-onset of coronary artery disease, congestive heart failure 

and cancer (range of HR = [1.08, 1.10], range of P = [4.9 x 10-9, 6.2 x 10-24]). 

AgeAccelGrim was associated with the prevalence of type 2 diabetes (odds 

ratio (OR) = 1.02, P = 0.01) and hypertension (OR = 1.04, P = 5.1 x 10-13) at 

baseline. Associations between AgeAccelGrim and cognitive ageing or 

dementia were not tested.  

 

In Chapter 8, I provide the first external replication of the association between 

AgeAccelGrim and all-cause mortality. It is also the first study after Lu et al. to 

study associations between DNAm GrimAge and health outcomes. In Chapter 

9, I conduct the largest study on DNAm GrimAge, both in terms of sample size 

and the number of health outcomes examined. Outside of these studies, 

AgeAccelGrim has been associated with post-traumatic stress disorder (370-

372), depression (373, 374), schizophrenia (375), cancer (376-378), 

cardiovascular disease (379) and Huntington’s disease (380). I discuss the 

relationships between my findings and those in the literature in Chapters 8-10. 
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3.5 Thesis aims 

There are no combined GWAS and EWAS on blood proteins that associate 

with neurological phenotypes. Furthermore, we have not characterised causal 

relationships between many blood proteins and different types of dementia, 

including AD. Therefore, the respective aims of Chapters 5, 6 and 7 are:  

 

Aim 1: To perform GWAS and EWAS on plasma levels of 92 neurology-

related proteins in 750 healthy older adults (Olink Neurology panel, the Lothian 

Birth Cohort 1936).  

Aim 2: To perform an integrated GWAS and EWAS on plasma levels of 

70 inflammatory proteins in 876 healthy older adults (Olink Inflammation panel, 

the Lothian Birth Cohort 1936).  

Aim 3: To perform an integrated GWAS and EWAS on plasma levels of 

282 proteins that associate with AD in the literature (n ≤ 1,064, SOMAscan, 

Generation Scotland).  

 

I perform GWAS and EWAS on 422 unique proteins. Forty-eight proteins 

overlap with those in Ahsan et al. In Chapters 5-7, I use MR to assess whether 

plasma levels of 54 distinct proteins are causally associated with AD risk. One 

protein (poliovirus receptor, PVR) is tested in a hypothesis-driven approach 

(Chapter 5). The remaining 53 proteins are tested agnostically and represent 

the proteins that harbour significant pQTL associations in Chapters 6 and 7. 

 

No study has investigated the association between an accelerated DNAm 

GrimAge and cognitive ageing. Furthermore, no study has tested associations 

between DNAm GrimAge and the incidence of AD or other common disease 

states in a single sample. Therefore, the respective aims of Chapters 8 and 9 

are:   

 

Aim 4: To test associations between an accelerated DNAm GrimAge and 

measures of brain health and cognitive decline in older age (n = 709, the 

Lothian Birth Cohort 1936, mean age = 73 years).  
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Aim 5: To examine associations between six epigenetic measures of 

ageing, including DNAm GrimAge, and the prevalence and incidence of AD 

and nine other disease states (n ≤ 9,537, Generation Scotland).  

 

3.6 Summary  

I outlined the major aims of this thesis and their novelty with respect to existing 

GWAS and EWAS on blood protein levels and studies on DNAm GrimAge. In 

the following chapter, I describe the two cohort studies (the Lothian Birth 

Cohort 1936 and Generation Scotland) and the major methodologies used 

throughout Chapters 5-9.   
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4 Study cohorts and methods 
 

In this chapter, I provide an overview of the original protocols for the two cohort 

studies used in this thesis: the Lothian Birth Cohort 1936 and Generation 

Scotland: the Scottish Family Health Study. I describe the measurement of 

genetics, DNA methylation and proteomics data within these cohorts. I outline 

the rationale for the main methods used in my empirical work.  

 

4.1 The Lothian Birth Cohort 1936 

The Lothian Birth Cohort 1936 (LBC1936) is a longitudinal study of ageing. 

The sample consists of surviving individuals who partook in the Scottish Mental 

Survey 1947. On June 4th 1947, 70,805 out of all 75,211 Scottish children born 

in 1936 undertook a cognitive test named the Moray House Test No. 12 (381). 

The Lothian Health Board identified potential participants who were born in 

1936 and were registered with a general practitioner within the Lothian area. 

Between June 2004 and November 2006, 3,686 individuals were invited to 

take part in the LBC1936 study. In total, 1,091 participants were enrolled in the 

study and completed baseline testing. These individuals had also taken the 

Moray House Test at age 11 years. Cognitive tests, physical tests and lifestyle 

questionnaires were administered by a trained psychologist and a research 

nurse at the Wellcome Clinical Research Facility, Western General Hospital, 

Edinburgh. Blood draws were also taken. Participants have completed up to 

five waves of data collection at mean ages of 70, 73, 76, 79 and 82 years. The 

number of individuals in each wave was: 1,091 (Wave 1), 866 (Wave 2), 697 

(Wave 3), 550 (Wave 4) and 440 (Wave 5) (382). The original protocol and 

follow-up testing are further described by Deary et al. (2007) (381), Deary et 

al. (2011) (383) and Taylor et al. (2018) (382).  

 

4.1.1 Ethics and funding 

Ethical approval for the LBC1936 was obtained from the Multi-Centre 

Research Ethics Committee for Scotland (MREC/01/0/56) and the Lothian 
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Research Ethics committee (LREC/1998/4/183 and LREC/2003/2/29). All 

participants provided written informed consent.  

 

Phenotypic data collection in the LBC1936 was supported by Age UK (The 

Disconnected Mind project) and the Medical Research Council 

(MR/M01311/1). Genome-wide genotyping was funded by the Biotechnology 

and Biological Sciences Research Council. DNA methylation typing was 

supported by the Centre for Cognitive Ageing and Cognitive Epidemiology 

(Pilot Fund award), Age UK, the Wellcome Institutional Strategic Support 

Fund, The University of Edinburgh and The University of Queensland. 

Proteomics analyses were supported by a National Institutes of Health grant 

(R01AG054628).  

 

4.1.2 Genetic data in the Lothian Birth Cohort 1936 

Quality control steps were performed by Dr Lorna Houlihan. Genomic DNA 

was isolated from whole blood samples at the Wellcome Clinical Research 

Facility, Edinburgh (n = 1,071). Twenty-nine blood samples failed quality 

control procedures before genotyping. SNP genotyping was performed using 

the Illumina Human610-Quadv1 chip (n = 1,042 samples, San Diego, USA). 

Individuals were removed if they showed a disagreement between reported 

and predicted sex (n = 12) or evidence of non-European ancestry following 

MDS of genotype data (n = 1). Samples with a call rate ≤ 0.95 were removed 

(n = 16). One member from each pair of related individuals was also removed 

(proportion of identity by descent > 0.25, n = 8). SNPs were retained if they 

had a call rate ≥ 0.98, MAF ≥ 0.01 and Hardy-Weinberg equilibrium test with P 

≥ 0.001. Genotype data were available for 542,050 SNPs and 1,005 individuals 

at Wave 1 following quality control procedures (384).  

 

4.1.3 DNA methylation data in the Lothian Birth Cohort 1936 

DNA methylation was measured using Illumina Infinium HumanMethylation 

450K BeadChips in the LBC1936 at Waves 1, 2, 3 and 4. LBC1936 samples 

were processed in three separate batches on 13 dates using 41 plates and 

309 microarrays. Quality control procedures were performed by Dr Sonia 
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Shah, Dr Allan McRae and Dr Qian Zhang (385). Raw intensity data were 

background-corrected and normalised using internal controls. Methylation 

beta values were generated using the minfi package in R (386). Probes that 

had a low detection rate (<95%) at P < 0.01 were removed. Samples with 

issues pertaining to hybridisation, nucleotide extension, staining signal and 

bisulfite conversion were removed following manual inspection of array control 

probes. Samples that had <450,000 probes detected at P < 0.01 were 

excluded. Individuals with a disagreement between predicted sex based on XY 

probes and reported sex were removed. Following quality control procedures, 

450,726 autosomal probes were available for 895 individuals at Wave 1. 

 

4.1.4 Proteomics data in the Lothian Birth Cohort 1936 

Two Olink panels were used to measure plasma protein levels in members of 

the LBC1936: the Neurology and Inflammation panels. The Olink Neurology 

panel was used at Wave 2. This time-point was selected for the measurement 

of neurological protein biomarkers as brain magnetic resonance imaging (MRI) 

data were also available at Wave 2 (mean age = 73 years), but not at Wave 1. 

The Olink Inflammation panel was used for Wave 1 samples (mean age = 70 

years). This time-point was selected to allow for the longest possible 

longitudinal analyses between proteins and physical, cognitive or disease 

phenotypes. The Olink Neurology panel consists of 92 proteins with 

established links to neuropathology (such as tau) and exploratory proteins with 

roles in cell-cell communication, development and immunology. The Olink 

Inflammation panel represents 92 blood proteins that are associated with 

inflammatory disease states and related biological processes. At Wave 2 

(Neurology panel), plasma was collected in citrate tubes (n = 816, mean age 

± standard deviation (SD) = 72.5 ± 0.5). At Wave 1 (Inflammation panel), 

plasma was extracted in lithium heparin tubes at mean age 69.8 ± 0.8 years (n 

= 1,047). Olink Bioscience performed in-house quality control procedures. One 

protein (BDNF) on the Inflammation panel was removed. Furthermore, 30 

samples in the Inflammation set were excluded. Additional quality control 

procedures were performed by Dr Sarah Harris. For 21 proteins on the 

Inflammation panel, over 40% of samples fell below the lowest limit of 
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detection. These proteins were removed and left 70 inflammatory proteins 

available for analyses at Wave 1 (n = 1,017 individuals). Ninety-two neurology-

related proteins were available for analyses at Wave 2 (n = 816). 

 

In both panels, one microlitre of sample was incubated with proximity antibody 

pairs. DNA tails combine to form an amplicon through proximity extension 

when pairs of antibodies bind to their cognate antigens. The abundances of 

amplicons, or the proteins to which they bind, can be quantified by high-

throughput real-time polymerase chain reaction (191). Data were pre-

processed by Olink using NPX Manager software. I then applied rank-based 

inverse normalisation on plasma protein levels to minimise potential false 

positive results caused by outlying values. Following normalisation 

procedures, I regressed plasma protein levels onto age, sex, Olink array plate 

and four genetic principal components of ancestry derived from MDS to control 

for population structure.  

 

4.2 Generation Scotland: the Scottish Family Health Study 

Generation Scotland: the Scottish Family Health Study (GS) is a large family-

based genetic epidemiology study that includes approximately 24,000 

volunteers from across Scotland. Participants were recruited using Community 

Health Index numbers, facilitated by Scottish Practices and Professionals 

Involved in Research. Between 2006 and 2010, recruitment took place in the 

Glasgow and Tayside regions of Scotland. Individuals were eligible for the 

study if they were aged between 35 and 65 years, had at least one first-degree 

relative aged 18 years old or over and at least one full sibling group. The family 

members of these individuals (‘probands’) were also invited to take part (387). 

In 2010, recruitment was extended to Ayrshire, Arran and the Northeast region 

of Scotland. The age range of probands was broadened to 18-65 years. Across 

all centres, 126,000 potential probands were invited to take part in the study 

and 6,665 individuals attended an initial appointment. A further 1,288 

individuals self-volunteered without invitation. There were 16,007 family 

members of the probands who were enrolled in the study, resulting in a total 

of 23,960 participants at baseline. There were 5,573 families with a mean size 
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of 4.05 members, and there were 1,400 individuals without any relatives in the 

final sample. The median age was 47 years and the sample was 59% female. 

In 2011, the sample size was updated to 24,084 (388). Full details on the 

original protocol for this study are available in publications by Smith et al. 

(2006) (387) and Smith et al. (2013) (389).  

 

In 2015, a strategic award from Wellcome provided funding for ‘STRADL: 

Stratifying Resilience and Depression Longitudinally’. The STRADL cohort 

consists of GS participants who were re-contacted for further assessments of 

mental health, specifically depression. Participants were eligible for 

recruitment to STRADL if they provided informed consent for re-contact and 

had Community Health Index numbers. Of the 24,084 GS participants, 21,525 

were eligible for re-contact. There were 9,618 positive respondents. The 

STRADL cohort consists of 2,460 families (n = 7,158 individuals) and 2,460 

unrelated individuals. The mean age at baseline was 53 years and the sample 

was 52% female. Participants completed self-report health and lifestyle 

questionnaires at GS baseline (2006-2011) and STRADL baseline (2015-

2016). The participants contributed blood samples, which allowed for genome-

wide genotyping and the measurement of DNA methylation and proteomics 

data. Ninety-eight percent of study participants consented to follow-up 

electronic health record linkage. Further details on baseline descriptions of the 

STRADL cohort are outlined by Navrady et al. (2018) (388).  

 

4.2.1 Ethics and funding  

All components of GS and STRADL received ethical approval from the 

National Health Service Scotland Tayside Committee on Medical Research 

Ethics (05/S1401/89 and 14/SS/0039). Research Tissue Bank status was 

granted by the Tayside Committee on Medical Research Ethics (20-ES-0021).  

 

GS is supported by core funding from the Chief Scientist Office of the Scottish 

Government Health Directorates (CZD/16/6) and the Scottish Funding Council 

(HR03006). STRADL is supported by a Wellcome Strategic Award 

(104036/Z/14/Z). Genotyping was funded through the Medical Research 

Council and the Wellcome Strategic Award (104036/Z/14/Z). Funding from the 
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Medical Research Council and Wellcome also supported DNA methylation 

typing (104036/Z/14/Z), in addition to support from the Brain and Behaviour 

Research Foundation (27404). Proteomic analyses in STRADL were 

supported by Dementias Platform UK and were funded through core grant 

support from the Medical Research Council (MR/L023784/2). 

 

4.2.2 Genetic data in Generation Scotland 

Blood samples were collected, processed and stored using standard operating 

procedures at the Wellcome Clinical Research Facility, Western General 

Hospital, Edinburgh. DNA was quantified using the Invitrogen PicoGreen 

assay kit and diluted to 50 nanograms per microliter. Four microlitres of sample 

were used in genotyping (390). The first 9,863 samples were genotyped using 

the Illumina HumanOmniExpressExome-8 v1.0 BeadChip. The remaining 

samples were genotyped using the Illumina HumanOmniExpressExome-8 

v1.2 BeadChip. Quality control was carried out in PLINK v1.9b2c by Dr Saskia 

Hagenaars (391, 392). SNPs with a call rate < 0.98, MAF ≤ 0.01 and Hardy-

Weinberg equilibrium test with P ≤ 1 x 10-6 were removed. There was a total 

of 561,125 autosomal SNPs that passed quality control. Duplicate samples 

were removed. Samples were excluded if they had a genotype call rate < 0.98. 

PCA of genotype data was performed to identify potential outliers. GS 

genotypes were combined with data from 1,092 individuals in the 1000 

Genomes Project before PCA (393). These analyses were initially performed 

by Dr Carmen Amador. Outliers who were more than six standard deviations 

away from the mean of the first two principal components were removed (394). 

Following quality control there were 19,904 individuals with genotype data, 

consisting of 11,731 females and 8,173 males (395, 396). 

  

4.2.3 DNA methylation data in Generation Scotland 

Whole blood genomic DNA samples were normalised to 50 nanograms per 

microlitre and were treated with sodium bisulfite using the EZ-96 DNA 

Methylation Kit (Zymo Research, Irvine, California), following the 

manufacturer’s instructions. DNA methylation was profiled using the Infinium 

MethylationEPIC BeadChip. Blood samples drawn at GS baseline were 
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processed at two separate time-points, which are designated as Set 1 and Set 

2. There were 5,200 individuals in Set 1 and 4,585 individuals in Set 2. 

Methylation typing was performed in 31 batches within each set. Quality 

control procedures were conducted by Dr Rosie Walker, Dr Mairéad 

Bermingham and Mr Stewart Morris.  

 

In Set 1, the ShinyMethyl package in R was used to compare plots of log 

median signal intensities across methylated and unmethylated beads in each 

array (397). Outliers were removed based on a visual inspection of the plots. 

The wateRmelon package in R was used to remove samples based on the 

following exclusion criteria: (i) >1% of probes had a detection P value > 0.05, 

(ii) probes had a beadcount <3 in >5% of samples and (iii) probes were non-

autosomal i.e. XY probes (398). Eighty samples and 5,910 probes were 

excluded based on these criteria. Probes that were predicted to have off-target 

effects were excluded. Probes were also removed if they contained a SNP in 

the final five 3’ bases or at the site of single-base extension in type I probes (n 

= 84,352) (399, 400). Twelve individuals were removed due to discordance 

between their methylation-based predicted sex and recorded sex. Seven 

further samples were removed as they were identified as genetic outliers in 

PCA of genotype data (Dr Carmen Amador) (394). Ten samples that were 

derived from saliva were excluded, along with three individuals that self-

reported ‘Yes’ to all health conditions listed on study questionnaires at 

baseline. One individual was removed as their methylation data indicated that 

they might have an XXY genotype. Data were normalised using the dasen 

method in the wateRmelon package. The final set consisted of 5,087 

participants and 760,943 loci (401). In Set 1 there are 2,578 unrelated 

individuals.  

 

In Set 2, the Meffil package in R was used to perform initial quality control 

steps (402). Samples were excluded if they met the following criteria: (i) there 

was a mismatch between self-reported and methylation-based predicted sex, 

(ii) more than 1% of probes had a detection P value > 0.05, (iii) samples 

showed evidence of dye bias, (iv) sample were outliers at bisulfite conversion 

control probes and (v) the sample had a median methylated signal intensity 

that was ≥ 3 standard deviations lower than expected. ShinyMethyl was then 
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used to exclude probes based on the same criteria as those applied in Set 1. 

MDS of methylation data was performed and outliers were removed based on 

visual inspection of the resultant plots. Meffil was employed again to remove 

poor-performing probes that met the following exclusion criteria: (i) probes had 

a beadcount of <3 in >5% of samples and (ii) >5% of samples had a detection 

P value > 0.05. In total, 8,878 poor-performing probes and 135 samples were 

excluded. Probes with potential off-target effects were excluded as in Set 1. 

Probes were also removed if they had a SNP in the final five 3’ bases or in the 

single-base extension site (n = 84,352) (399, 400). Data were normalised using 

the dasen method. There were 4,450 individuals in Set 2 and 758,332 CpG 

sites following quality control procedures. The individuals in Set 2 are 

unrelated to each other and to those in Set 1.  

 

4.2.4  Proteomics data in Generation Scotland 

Plasma samples from 1,065 STRADL participants were analysed using the 5k 

SOMAscan platform (version 4). Plasma samples were collected in 150 

microlitre aliquots at baseline (2015-2016). The samples were stored in 

ethylenediaminetetraacetic acid-treated tubes at -80°C. SOMAmer levels were 

measured using six scanners and twelve 96-well plates (70-85 samples per 

plate) between February 18th 2020 and March 4th 2020.  

 

There are 5,284 SOMAmer reagents in the 5k SOMAscan platform. Seven 

SOMAmers are deprecated, twelve are spike-in controls and 286 are negative 

controls/non-human targets. There are 4,979 SOMAmers that target 4,776 

unique human proteins. The 4,979 SOMAmers for human proteins are spread 

across three dilution bits accordingly: 160 in the 0.005% bin, 797 in the 0.5% 

dilution group and 4,022 in the 20% bin. In the 96-well plates there are eleven 

wells that are dedicated to replicate controls (five calibrator samples, three 

quality control samples and three buffer or no protein samples) and 85 that are 

reserved for biological samples. The recognition signal between SOMAmers 

and protein targets is measured using relative fluorescence units (RFUs) 

(195). The following in-house quality control criteria were applied by 

SomaLogic (403): 
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 Hybridisation control normalisation is performed to reduce nuisance 

variance within sample wells. A scaling factor is applied to each well. 

The scaling factor is the median ratio of reference spike-in RFUs 

against observed spike-in RFUs in the well. The reference RFU for a 

spike-in control is the median RFU of the control SOMAmer across the 

entire plate.   

 Intra-plate median signal normalisation is carried out to minimise 

technical variability across sample wells in a plate. This is applied 

separately to wells of the same class (i.e. separately for each buffer, 

calibrator and quality control type) and within SOMAmers of the same 

dilution factor (0.005%, 0.5%, and 20%). This creates a number of 

sample-SOMAmer groupings. (1) The RFU of each SOMAmer (within a 

particular group) is divided by the median RFU of the SOMAmer across 

a plate. (2) The scaling factor for each well is calculated as the inverse 

of the median ratio from (1) across all SOMAmers in the well that are in 

a given group.  

 Calibration Normalisation accounts for inter-plate variability that is 

introduced chiefly by differences in scanner intensity. RFUs for 

dedicated calibrator samples in a plate are each divided by a reference 

value. The median of this ratio in a given plate is used to calculate a 

single scaling factor for the plate. 

 Calibration accounts for variability between experiments and is 

performed on a SOMAmer-by-SOMAmer basis. A SOMAmer-specific 

reference value is divided by the median of calibrator control RFUs 

across a given experiment (or run in a scanner). This produces a 

calibration scaling factor for a given SOMAmer and is applied to every 

plate in the scanner.  

 Adaptive Normalisation by Maximum Likelihood is an optional 

quality control step in SOMAscan experiments. This procedure was 

applied in the STRADL sample. Median signals and median absolute 

deviations for each SOMAmer are taken from an external reference 

sample (n ~ 1,000). A scaling factor is calculated for each SOMAmer, 

which maximises the probability that a sample’s RFU has come from 

the sampling distribution. It is based on the assumption that more than 
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30% of SOMAmers for a given sample lie within the reference 

distributions. This step reduces technical variability and inter-sample 

biological variability that may contribute to differences in total protein 

signal. It might not be suitable for case versus control study designs.  

 Post-calibration quality control is carried out to ensure that quality 

control procedures have been appropriately applied. Three pooled 

quality control replicates are randomly distributed on a given 96-well 

plate. The accuracy of the median replicate signal on a given plate is 

compared against a reference value. This results in a vector of accuracy 

ratios across all SOMAmers on the 96-well plate. At least 85% of 

accuracy ratios must be between 0.8 and 1.2 in a plate prior to release. 

A plate will also not be released if any scaling factors were below 0.4 or 

above 2.5.  
 

All samples met quality control criteria in the STRADL sample. In total, 4,235 

SOMAmers for human targets passed quality control and were brought forward 

for analyses. I first log-transformed RFUs and regressed them onto age, sex, 

study site (Aberdeen or Dundee), the duration between a sample being 

collected and processed for proteomics analyses (factor, four levels) and 20 

genetic principal components of ancestry to control for population structure. I 

applied rank-based inverse normalisation to residualised RFUs. I refer to these 

normalised RFUs as protein levels. However, in both the LBC1936 and 

STRADL, they reflect signal intensities that have undergone a number of 

quality control and pre-correction steps.  

 

4.3 Overview of key methods 

Detailed methods sections are provided within Chapters 5-9. Here, I provide a 

brief rationale for the methods used in molecular association studies 

throughout Chapters 5, 6 and 7. I also describe additional DNA methylation 

quality control procedures that are performed in Chapters 8 and 9 prior to the 

calculation of epigenetic ageing measures.   

 

In Chapter 5, GWAS are performed on plasma levels of 92 Olink neurology 

proteins. An additive genetic model is assumed. Imputation is performed using 
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the 1000 Genomes reference panel (phase 1, version 3) and an INFO score ≥ 

0.6. Linear regression models are used to test for associations between 

8,683,751 autosomal variants and each protein in mach2qtl (n = 750 unrelated 

individuals in the LBC1936, mean age = 73 years) (404, 405). EWAS are 

carried out using multivariable linear regression models and the R package 

limma (406). 

 

As outlined in Section 1.5.3, confounders in EWAS can lead to biased test 

statistics and induce correlations between probes on different chromosomes 

(127). This issue is more pronounced in EWAS than in GWAS analyses (118). 

Therefore, I also use linear mixed-effects models to perform EWAS in Chapter 

5 and to account for possible biases induced by data structure and unknown 

confounders. Association tests are performed using the MOMENT method 

(multi-component mixed-linear-model-based omic association excluding the 

target) in OSCA software (132). In this method, probes are split into two groups 

based on initial linear regression analyses between CpG sites and the trait of 

interest. Probes that surpass an epigenome-wide significance threshold are 

placed into the first group (‘strongly-associated probes’). ‘Weakly-associated 

probes’ that do not surpass this threshold are considered in the second group. 

The groups are fitted as separate random-effects terms. This approach allows 

for the modelling of CpG associations that have effect sizes of varying 

magnitudes. In each association test, all probes that are >50 kilobases from 

the probe of interest are fitted as random-effect components. The exclusion 

window of 50 kilobases is selected to omit probes that show high correlations 

with the probe of interest, and therefore might bias effect size estimates. The 

MOMENT method accounts for the effects of known and unknown 

confounders and intercorrelations between distal probes that confounders may 

induce. This method was more robust in controlling family-wise error rates and 

false positive rates than linear regression methods, latent factor linear mixed-

effects models and other preceding linear mixed-effects models using 

simulation data (132).  

In Chapter 6, I conduct the first integrated GWAS and EWAS on blood protein 

levels using Bayesian penalised regression (BayesR+, n = 876, LBC1936) 
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(133). I also perform sensitivity analyses using the linear regression and 

mixed-effects modelling approaches outlined above. BayesR+ assumes a 

prior mixture of Gaussian distributions that correspond to markers with effect 

sizes of different magnitudes (i.e. small, medium or large effects). The prior 

distribution also includes a discrete spike at zero that allows for the exclusion 

of markers with non-identifiable effects on phenotypes. Marker effects are 

estimated after adjusting for all other measured omics probes and structural 

influences such as batch effects and population stratification. Simulated DNAm 

data were used to compare the performances of BayesR+, single-probe linear 

regression and penalised regression approaches in estimating true marker 

effect sizes. BayesR+ showed higher correlations between simulated and 

estimated marker effect sizes and lower mean squared errors when compared 

to other methods. Methylation data were simulated to have significant 

confounding due to differential blood cell type proportions. There was no 

correlation between the first principal component of methylation data and the 

difference between simulated and marker effect sizes. This suggested that 

BayesR+ appropriately accounted for cell type heterogeneity and 

intercorrelations between probes induced by confounders. BayesR+ exhibited 

lower mean squared errors than linear mixed-effects models when estimating 

the variance in complex traits accounted for by DNA methylation (133). In 

Chapter 6, I perform GWAS on plasma protein levels using BayesR+ and linear 

regression models. I use BayesR+, limma and OSCA-MOMENT to conduct 

EWAS on plasma protein levels. I assess the replication of pQTL and CpG 

associations across these methods. Furthermore, I utilise BayesR+ to estimate 

the proportion of variability in blood protein levels accounted for by genome-

wide genotype and DNAm data. I quantify genetic, epigenetic, and combined 

variance component estimates for protein levels.  

 

In Chapter 7, I use BayesR+ to perform integrated GWAS and EWAS on 282 

AD-associated plasma proteins (n ≤ 1,064, GS). GS is a family-based study 

and therefore relatedness between samples could bias effect size estimates 

and reduce study power. I use samples from the LBC1936 in Chapters 5 and 

6 and this cohort does not contain closely-related individuals. Therefore, 
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methods including linear regression may be more appropriate for the LBC1936 

than GS. In Chapter 7, I use BayesR+ as it implicitly accounts for data structure 

and relatedness (133). I also apply linear mixed-effects models as sensitivity 

EWAS analyses. The lmekin function in the R package coxme is used to 

perform linear mixed-effects models with a kinship matrix fitted to account for 

relatedness (407). I quantify independent and combined contributions of 

genetic and epigenetic data towards inter-individual variability in blood protein 

levels. In each chapter, I perform colocalisation analyses using the coloc 

package in R (234). I conduct MR analyses using the TwoSampleMR package 

in R (408). Analyses downstream from GWAS and EWAS are detailed in full 

within Chapters 5, 6 and 7. 

 

In Chapter 8, DNAm GrimAge estimates for 906 LBC1936 participants are 

derived using Illumina 450k array data and the online Horvath age calculator 

(https://dnamage.genetics.ucla.edu/) (314). In Chapter 9, estimates for 

Horvath Age, Hannum Age, DNAm PhenoAge, DNAm GrimAge and DNAm 

Telomere Length are also obtained using the online calculator. EPIC array 

data are available for 9,537 individuals in GS. I apply an addition quality control 

procedure for DNAm data in the LBC1936 and GS to calculate measures of 

epigenetic ageing. Quality control methods are performed to eliminate missing 

CpG values as recommended by Horvath (314). Data are normalised using 

the preprocessNoob function in minfi, which performs normal-exponential 

convolution using out-of-band probes or ‘noob’ (386). Infinium Type I probes 

use the same colour channel to measure signals from methylated and 

unmethylated beads. The unused colour channel (i.e. red or green) serves as 

the out-of-band channel. Out-of-band intensities from designated control 

probes are used to measure non-specific background fluorescence (409). In 

noob, the background fluorescence that is estimated from out-of-band probes 

is removed from each sample. Dye-bias correction is then performed for 

background-corrected data. Noob-normalised methylation beta values are 

obtained using the getBeta function in minfi (386). Noob-normalised beta 

values were submitted to the online age calculator to obtain epigenetic 

measures of ageing. In Chapter 9, DunedinPoAm is calculated using the R 
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package DunedinPoAm38 and dasen-normalised beta values for CpG sites on 

the EPIC array (323). Association tests between epigenetic measures of 

ageing and phenotypes are detailed within Chapters 8 and 9.  

 

4.4 Summary  

In this chapter, I outlined the measurement of genetics, DNA methylation and 

blood protein data in the two cohort studies that are used in this thesis. These 

cohort studies are the LBC1936 and GS. I provided a rationale for the methods 

employed in Chapters 5-9. In the next chapter, I detail my first study in which I 

aim to identify genetic and epigenetic factors that associate with plasma levels 

of 92 neurology-related proteins in 750 LBC1936 participants.   
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5 Genome-wide and epigenome-wide studies on 

neurology-related proteins   

 

5.1 Introduction  

Blood-based biomarkers are useful for neurological disease states as access 

to in vivo neural tissue is limited to necessary surgical resections. I outline in 

Chapter 2 that conducting GWAS on blood protein levels allows us to apply 

causal modelling methods and evaluate relationships between protein 

biomarkers and disease states. Protein QTLs can be related to existing 

databases of disease-associated variants to accelerate the discovery of 

biomarkers and drug therapies (410). Further, polygenic risk scores based on 

pQTL data could stratify patients into subpopulations that are likely to respond 

positively and safely to certain drug therapies. EWAS on protein levels reveal 

genetic and lifestyle factors that influence the proteome, potentially refining 

patient stratification algorithms and our understanding of disease biology.  

 

When this study was conducted, there were no GWAS or EWAS that focused 

on a panel of proteins that relate to brain health. Only one study performed 

GWAS and EWAS in a single sample on CVD- and cancer-associated 

proteins. In this chapter, I carry out GWAS and EWAS on plasma levels of 92 

neurology-related proteins present on the Olink Neurology panel (n = 750, 

LBC1936). I apply colocalisation analyses to investigate the molecular 

mechanisms through which pQTLs influence blood protein levels. The cell-

surface protein poliovirus receptor is encoded by the PVR gene within the AD-

associated TOMM40-APOE-APOC2 cluster on chromosome 19. SNPs within 

PVR associate with family history of AD (85). However, the causal relationship 

between PVR and AD risk is unknown. Therefore, I also use two-sample MR 

to evaluate the relationship between plasma PVR levels and AD risk.  

 

This study was published in Nature Communications (411) in July 2019 and is 

included in full in Section 5.2. Supplementary material for Chapters 5-9 are 

available in the electronic file attached to this thesis or in the following 

repository: https://github.com/robertfhillary/s1777309_Supplementary_Material.   

https://github.com/robertfhillary/s1777309_Supplementary_Material
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5.2 Genome- and epigenome-wide studies of neurological protein 

biomarkers in the Lothian Birth Cohort 1936 
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tionships (by Mendelian randomisation analysis) between changes in gene expression
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P lasma proteins execute diverse biological processes and
aberrant levels of these proteins are implicated in various
disease states. Consequently, plasma proteins may serve as

biomarkers, contributing to individual disease risk prediction and
personalised clinical management strategies1. Identifying circu-
lating biomarkers is of particular importance in neurological
disease states in which access to diseased neural tissue in vivo is
almost impossible. Furthermore, in neurodegenerative disorders,
symptomatology may appear in only advanced clinical states,
necessitating early detection and intervention2. Elucidating the
factors which underpin inter-individual variation in plasma
protein levels can inform disease biology and also identify pro-
teins with likely causal roles in a given disease, augmenting their
value as predictive biomarkers. Indeed, studies have characterised
genetic variants (protein quantitative trait loci; pQTLs) associated
with circulating protein levels and utilised such genetic infor-
mation to identify proteins with causal roles in conditions such as
cardiovascular diseases3–5. However, studies which have aimed to
examine the genetic determinants of neurology-related protein
levels in human plasma are limited6–8. Furthermore, few studies
have combined genetic with epigenetic data to provide an addi-
tional layer of information regarding the molecular mechanisms
responsible for regulating blood protein levels9. Therefore, the
goal of the present study was to characterise genetic and epige-
netic (using DNA methylation) factors associated with putative
neurology-related protein biomarkers in order to identify
potential molecular determinants which regulate their plasma
levels.

Here, genome-wide and epigenome-wide association studies
(GWAS/EWAS) are carried out on the plasma levels of 92 neu-
rological proteins in 750 relatively healthy older adults from the
Lothian Birth Cohort 1936 study (mean age: 73; levels adjusted
for age, sex, population structure and array plate; hereafter simply
referred to as protein levels). These proteins represent the Olink®
neurology panel and encompass a mixture of proteins with
established links to neurobiological processes (such as axon gui-
dance and synaptic function) and neurological diseases (such as
Alzheimer’s disease (AD)), as well as exploratory proteins with
roles in processes including cellular regulation, immunology, and
development. Following the identification of genotype-protein
associations (pQTLs), functional enrichment analyses are per-
formed on independent pQTL variants. Upon identification of
epigenetic factors associated with protein levels, tissue specificity
and pathway enrichment analyses are conducted to reveal pos-
sible biological pathways in which neurological proteins are
implicated. Protein QTL data are integrated with publicly avail-
able expression QTL data to probe the molecular mechanisms
which may modulate circulating protein levels. Finally, GWAS
summary data for proteins and disease states are integrated using
two-sample Mendelian Randomisation (MR) to determine whe-
ther selected proteins are causally associated with neurological
disease states.

Results
Genome wide study of neurological protein biomarkers. For
the GWAS, a Bonferroni P value threshold of 5.4 × 10−10 (gen-
ome-wide significance level: 5.0 × 10−8/92 proteins) was set. The
GWAS analysis in 750 older adults identified 2734 significant
SNPs associated with 37 proteins (Supplementary Data 1). Con-
ditional and joint analysis (GCTA-COJO) resulted in the iden-
tification of 41 conditionally significant pQTLs associated with
the levels of 33 proteins (P < 5.4 × 10−10; Fig. 1a; Supplementary
Data 2). Notably, while genome-wide significant associations
were present for an additional four proteins (Alpha-2-MRAP,
CD38, MRS1 and SMPD1), the conditional P value for these

signals following COJO (n = 1 independent signal per protein) 
did not surpass the Bonferroni-corrected threshold of P < 5.4 × 
10−10. Of these 41 variants, 36 (87.8%) were cis pQTLs (SNP 
within 10 Mb of the transcription start site (TSS) of the gene) and 
5 (12.2%) were trans variants. Three of the five trans variants 
were located on chromosomes distinct from their respective 
Olink® gene. Furthermore, cis only associations were present for 
28/33 proteins (84.8%), compared to trans only associations for 
3/33 proteins (9.1%). Two proteins (6.1%) were associated with 
both cis and trans pQTLs (CD200R and Siglec-9). For all con-
ditionally significant cis pQTLs associated with a given protein, 
the pQTL with the lowest P value was denoted as the sentinel 
variant (n = 30). The significance of cis associations decreased as 
the distance of the sentinel variant from the TSS increased 
(Fig. 1b).
      The minor allele frequency of independent pQTL variants was 
inversely associated with effect size (Fig. 1c). Notably, this 
association may be, in part, due to ascertainment bias as rarer 
variants (with lower minor allele frequencies) must have large 
effect sizes to attain the same level of power as more common 
variants. Independent pQTLs explained between 5.1%
(rs12139487; DRAXIN; P = 4.38 × 10−10) and 52.5% (rs6938061; 
MDGA1; P = 1.39 × 10−87) of the phenotypic variance in plasma 
protein levels (Supplementary Data 2; Fig. 1d). The majority of 
pQTL variants were located in intergenic and intronic regions 
(Supplementary Data 2; Fig. 1e). The number of independent loci 
associated per protein is shown in Fig. 1f. One trans conditionally 
significant variant (rs4857414) was shared between Siglec-9 and 
CD200R. This variant was annotated to the ST3GAL6-AS1 gene. 
Figure 2 demonstrates the effect of genetic variation at the most 
significant cis pQTL (rs6938061; MDGA1) and trans pQTL 
(rs4857414; Siglec-9) on protein levels.
      We also used an alternative method, FUMA (FUnctional 
Mapping and Annotation) to find independent pQTLs. This 
approach identified 62 significant pQTLs associated with the 
levels of 37 proteins (90.3% cis and 9.7% trans effects; Bonferroni-
corrected level of significance: P < 5.4 × 10−10) (Supplementary 
Data 3). In contrast to GCTA-COJO, FUMA retains the most 
significant pQTL to identify independent signals through linkage 
disequilibrium (LD)-based pruning; therefore, variants were 
identified for all 37 proteins. Seven independent pQTLs 
associated with the levels of 6 proteins were found using both 
approaches, whereas the remaining SNPs identified by COJO for 
a given protein were located within the same locus as 
corresponding SNPs identified by FUMA (overlapping SNPs 
highlighted in Supplementary Data 2). In addition, we calculated 
a measure of LD (r2) between SNPs which were discordant 
between COJO and FUMA. As 7 independent pQTLs were 
identified by both methods, this left 34 (41–7) discordant SNPs 
from COJO and 55 (62–7) discordant SNPs from FUMA. 
Furthermore, as some proteins contained multiple QTLs, this 
resulted in 74 SNP-SNP comparisons between COJO and FUMA. 
SNPs which exhibited an r2 coefficient > 0.75 were considered to 
show evidence of replication (through LD) between both 
methods. In total, 27 COJO SNP-FUMA SNP comparisons 
exhibited an r2 > 0.75. This consisted of 26 unique SNPs identified 
by COJO and encompassed 24 proteins (Supplementary Table 
1).

Colocalisation of cis pQTLs with cis eQTLs. Of the 30 sentinel 
cis pQTL variants, 12 (40.0%) were cis eQTLs for the same gene in 
blood tissue. For 3/12 proteins (DRAXIN, KYNU and MDGA1), 
there was strong evidence (posterior probability (PP) > 0.95) for 
colocalisation of cis pQTLs and cis eQTLs and for 2 proteins, 
LAIR-2 and SIGLEC9, there was weaker evidence (PP > 0.75) 
for colocalisation. For 5/12 proteins, there was strong evidence
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(PP > 0.95) for two distinct causal variants affecting transcript
and protein levels in the locus. For CTSC, there was weaker
evidence (PP > 0.75) for two separate causal signals affecting gene
expression and plasma protein levels within the locus. Finally, for
CLM-6, there was weak evidence (PP > 0.75) for a causal variant
affecting gene expression, but not protein levels, within the locus
(Supplementary Table 2).

For the 3 proteins with strong evidence in favour of a shared
causal variant for gene expression and plasma protein levels, two-
sample MR was performed to test for a causal association between
perturbations in gene expression (using data from eQTLGen
Consortium) and plasma protein levels (using our GWAS data).
Pruned cis protein and expression QTL variants (LD r2 < 0.1)
were used as instrumental variables for the bidirectional MR
analyses. For each trait, the intercept from MR Egger regression
was non-significant, which does not suggest strong evidence for
directional pleiotropy (DRAXIN: P= 0.82; MDGA1: P= 0.38;
KYNU: P= 0.36). For 2 proteins, variation in gene expression
was causally associated with plasma protein levels (Inverse
variance-weighted method; MDGA1: beta= 0.99, se= 0.49, P=
0.02; KYNU: beta= 1.05, se= 0.22, P= 2.2 × 10−6). We did not
observe a causal relationship between gene expression of
DRAXIN and altered plasma protein levels (Inverse variance-
weighted method; beta=−0.98, se= 0.62, P= 0.10); however, we
did observe a causal relationship between DRAXIN plasma
protein levels and changes in gene expression (beta=−0.72, se=
0.07, P= 1.2 × 10−23).

Epigenome wide study of neurological protein biomarkers. For
the EWAS, a Bonferroni P value threshold of 3.9 × 10−10 (gen-
ome-wide significance level: 3.6 × 10−8/92 proteins) was set10 and
analyses were performed using limma, a linear-model-based
method. We identified 26 genome-wide significant CpG sites
associated with the levels of 9 neurological proteins (P < 3.9 ×
10−10). Of these associations, 17 were cis effects (65.4%) and 9
associations were trans effects (35.6%; with 6 trans variants
located on chromosomes distinct from their respective Olink®
gene) (Fig. 3; Supplementary Table 3). As an additional analysis,
we performed a mixed-linear-model approach termed OSCA
(OmicS-data-based Complex trait Analysis)-MOMENT. OSCA
has been recently shown to identify fewer spurious signals than
other methods (including linear regression) (Zhang et al.41). Of
the 9 proteins with genome-wide significant CpG sites identified
using limma (n= 26 CpG sites), 8 proteins were also shown to

have genome-wide significant associations using OSCA (n= 23
CpG sites; 14 cis (60.9%) and 9 trans (39.1%) associations).
Indeed, only CRTAM failed to show a Bonferroni-corrected sig-
nificant association using OSCA when compared to limma.
Furthermore, of the 23 CpG sites identified using OSCA, 19/23
CpGs (82.6%) were also identified by EWAS performed using
limma showing a strong overlap between both methods (Sup-
plementary Table 4).

Three proteins exhibited both genome-wide significant SNP
and CpG site associations: MATN3, MDGA1, and NEP (Fig. 4).
For MATN3, the cis pQTL identified in this study (rs3731663)
has previously been identified as a methylation QTL (mQTL) for
the single cis CpG site associated with MATN3 levels identified by
our EWAS (cg24416238)11. Similarly, the 2 cis pQTLs for
differential blood MDGA1 concentrations in our study have
been significantly associated with methylation levels of cis CpG
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Fig. 3 Genomic locations of CpG sites associated with differential
neurological protein levels. The x-axis represents the chromosomal location
of CpG sites associated with the levels of Olink® neurology biomarkers. The
y-axis represents the position of the gene encoding the associated protein.
Notably, cis CpG sites (n= 17) identified by our EWAS on protein levels lay
within the same cluster for a given protein. Some of these CpG sites lay too
close to discriminate, resulting in the appearance of 5 cis CpG clusters in
this figure
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sites identified by our EWAS on MDGA1 levels11. Finally, for
NEP, we identified a sole independent trans pQTL (rs4687657)
annotated to the ITIH4 gene (beta: 0.53; effect allele: T), as well as
three trans genome-wide significant CpG sites (cg11645453,
cg18404041 and cg06690548 annotated to ITIH1, ITIH4 and
SLC7A11, respectively). In addition to higher circulating levels of
NEP, this SNP has previously been associated with lower
methylation levels of cg18404041 (ITIH4; beta: −0.93; effect
allele: T; P= 4.20 × 10−17) and higher methylation levels
of cg11645453 (ITIH1; beta: 0.83; effect allele: T; P= 1.28 ×
10−87)12. We performed bidirectional MR analyses to formally
test whether there was a causal relationship between DNA
methylation at these sites and Olink® protein levels (see
methods). For each protein, MR analyses suggested that
differential DNA methylation was causally associated with
changes in protein levels. Conversely, altered protein levels of
MATN3, MDGA1 and NEP were also causally associated with
differential methylation levels at CpG sites identified by our
EWAS (Supplementary Table 5).

We conducted tissue specificity and pathway enrichment
analyses (KEGG and GO—see methods for details) based on
genes identified by methylation for each of the 9 proteins with
genome-wide significant CpG associations. Tissue-specific
patterns of expression were observed for 5/9 proteins
(Supplementary Data 4). Neural tissue was the most common
tissue type in which genes were differentially expressed (n= 4/5
proteins), followed by cardiac and splenic tissue (n= 3/5
proteins). Gene ontology analyses revealed that genes annotated
to CpG sites associated with circulating SIGLEC1 and G-CSF
levels are over-represented in immune system processes, viral
response and cytokine response pathways (Supplementary
Data 5–6; FDR-adjusted P value < 0.05). Furthermore, genes
incorporating CpG sites associated with NEP levels are over-
represented in metabolic pathways involving extracellular
matrix components (Supplementary Data 7; FDR-adjusted P
value < 0.05). For CRTAM, MDGA1, MATN3, NC-Dase,
SMPD1 and TN-R, there were no significant results following
multiple testing correction.

Causal evaluation of biomarkers in neurological disease. From
our GWAS, we identified a conditionally significant cis pQTL for
plasma poliovirus receptor (PVR) levels. Furthermore, variation
in the PVR gene has been implicated in AD13. Therefore, colo-
calisation analysis was performed to test if the same SNP variant
might be driving both associations. A 200 kb region surrounding
the sentinel cis pQTL for PVR was extracted from GWAS sum-
mary statistics for PVR levels, as well as AD14. Default priors were
applied. There was evidence to suggest that there are two distinct
causal variants for altered protein levels and AD risk within the
region (PP > 0.99).

In addition to the colocalisation analysis, two-sample MR was
used to test for putatively causal associations between plasma
PVR levels and AD14. After LD pruning, only one independent
SNP remained (rs7255066). Therefore, causal effect estimates
were determined using the Wald ratio test, i.e., a ratio of effect per
risk allele on AD to effect per risk allele on PVR levels. MR
analyses indicated that PVR levels were causally associated with
AD (beta= 0.17, se= 0.02, P= 5.2 × 10−10; Wald ratio test).
Testing for horizontal pleiotropy was not possible owing to an
insufficient number of instruments. Conversely, AD risk was not
causally associated with PVR levels (number of SNPs: 5; Inverse
variance-weighted method: beta= 0.38, se= 0.29, P= 0.34). The
intercept from MR Egger regression was −0.08 (se: 0.08; P=
0.42), which does not provide strong evidence for directional
pleiotropy.
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Fig. 4 Miami plots of three neurological proteins with both genome-wide
significant SNP and genome-wide significant CpG associations. The top half of
the plot (skyline) shows the results from the GWAS on protein levels, whereas
the bottom half (waterfront) shows the results from the EWAS. Blue lines
indicate suggestive associations; red lines indicate epigenome-wide significant
associations. a Miami plot for MATN3 (chromosome 2: 20,191,813–20,212,45
5). b Miami plot for MDGA1 (chromosome 6: 37,600,284–37,667,082).
c Miami plot for NEP (chromosome 3: 154,741,913–154,901,518)
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Replication of previous pQTL studies. Replication of the pQTL
findings was carried out via lookup of genotype-protein summary
statistics from existing pQTL studies4,5,15,16. Of the 33 proteins
with a conditionally significant pQTL in the present study, 15
(with 18 QTLs) were available for lookup. In total, 6/18 (33.3%)
pQTLs replicated at P < 1.25 × 10-7 (denoting the least con-
servative threshold across all studies) (Supplementary Data 8).
We tested the correlation of beta values for these six significant
pQTLs from our study versus those reported in the literature.
Notably, beta values were only available for 3/6 pQTLs in the
literature. However, for these remaining 3 pQTLs, there was
strong agreement between our observed values and previously
reported beta statistics (rs2075803: 0.50 vs. 0.55; rs481076: 0.44
vs. 0.46 and rs1448903: 0.76 vs. 0.65, respectively). In addition, in
relation to the 15 proteins from the Olink® panel which were
available for look-up, we extracted beta values for all significant
pQTLs associated with the levels of these proteins reported in the
literature. Notably, many of these pQTLs were non-significant in
our study; indeed, in this case, we wished only to determine the
correlation of betas for those pQTLs reported as significant in the
literature with betas from our GWAS. Beta statistics were
reported for 13/15 proteins (totalling 38 pQTLs). There was a
strong correlation between betas for previously reported sig-
nificant pQTLs and pQTLs from our study (r2= 0.89, Supple-
mentary Fig. 1). Finally, of the 23 pQTLs identified by FUMA
which were available for look-up, 9/23 (39.1%) replicated at P <
1.25 × 10−7 (Supplementary Data 9).

Discussion
Using a multi-omics approach, we identified 41 independent
genome-wide significant pQTLs and 26 genome-wide significant
CpG sites associated with circulating neurological protein levels.
To probe the molecular mechanisms which modulate plasma
protein levels, we integrated pQTL and eQTL data allowing for
the examination of whether pQTLs affect gene expression. For
three proteins, we found strong evidence that a common causal
variant underpinned changes in transcript and protein levels.
Mendelian randomisation analyses suggested that variants for two
of these proteins (MDGA1 and KYNU) influence protein levels
by altering gene expression. However, for one protein (DRAXIN),
the converse may be true as our data suggested that altered
plasma protein levels of this neurodevelopmental protein may
affect gene expression, perhaps through a feedback mechanism.
Genotype-protein associations for other proteins may exert their
influence on protein levels through modulation of protein clear-
ance, degradation, binding or secretion. Finally, methylation data
revealed that neurological proteins were also implicated in
immune, developmental and metabolic pathways.

In addition to leveraging methylation data to identify pathway
enrichment for plasma proteins, identification of trans pQTLs
may highlight previously unidentified pathways relevant to dis-
ease processes. For instance, we found that genetic variation at the
inter-alpha-trypsin inhibitor heavy chain family member 4 locus
(ITIH4) is associated with differential NEP levels (trans pQTL:
rs4687657). In addition, two CpG sites annotated to ITIH4 and
ITHI1 (cg18404041 and cg11645453, respectively) were asso-
ciated with NEP levels. Methylation QTL analyses revealed that
the SNP rs4687657 has been previously associated with lower
methylation levels of cg18404041 (ITIH4) and higher DNA
methylation levels of cg11645453 (ITIH1)12. Similarly, this SNP
has been associated with higher gene expression of ITIH417 and
lower protein levels of ITIH14. Together, these data suggest that
the expression of NEP, ITIH4 and ITIH1 may be co-regulated,
involving inverse relationships between NEP and ITIH4 with
ITIH1. Given that mutations in NEP have been linked to

Alzheimer’s pathology and that upregulation of ITIH4 has been
demonstrated in sera of AD patients18, mechanistic studies
relating to co-expression of these proteins are merited in patho-
logical states.

In this study, a single trans variant (rs4857414) was associated
with the circulating levels of two proteins—CD200R1 and Siglec-
9. This polymorphism mapped to the ST3GAL6-AS1 gene.
ST3GAL6-AS1 is a long non-coding RNA which is associated
with increased expression of ST3GAL6, an enzyme responsible
for catalysing the addition of sialic acid to cell surfaces19. Upre-
gulation of ST3GAL6 has been reported in multiple
myeloma20,21; this permits evasion of immune responses against
cancer cells through binding of sialic acid to Siglec receptor
proteins, such as Siglec-9. The recognition of sialic acid by Siglec
proteins ignites signalling cascades which promotes immune
inhibitory responses22,23. Furthermore, CD200-CD200R interac-
tion results in the inhibition of immune responses against mul-
tiple myeloma cells24. Therefore, as polymorphisms in ST3GAL6-
AS1 are associated with altered expression of Siglec-9 and
CD200R, this may provide further evidence for co-regulation of
these proteins in pathological milieux, such as tumorigenesis in
cancers including multiple myeloma. Polymorphisms in such
trans pQTLs may also be used to predict disease risk, progression
and provide pharmacogenomic information in predicting indi-
vidual patient responses to inhibition of these co-regulated
proteins.

By using cis pQTLs as instruments for MR analyses, it is
possible to test whether plasma proteins are causally associated
with disease states25. PVR is a component of the AD risk-
associated APOE/TOMM40 cluster on chromosome 19 and has
been hypothesised to influence risk of AD through susceptibility
to viral infections13. However, it is unknown whether PVR is
causally linked to the disease. MR analyses suggested that circu-
lating PVR levels may be causally associated with AD and not vice
versa. However, an insufficient number of instruments were
available to permit testing for potential pleiotropic effects. Fur-
thermore, colocalisation analysis revealed that independent var-
iants in the PVR locus are likely causally associated with altered
plasma PVR levels and AD risk. While this does not support the
argument for a single causal SNP underlying both altered plasma
PVR levels and AD risk, it may nevertheless suggest that genetic
variation in the PVR locus is causally associated with
development of AD.

The discrepancy in replication of pQTLs reported in previous
studies may be due to a number of factors. First, the sample sizes
of these studies (n < 10015,16; n > 10004,5) are different from that
of the present study (n= 750) leading to differences in statistical
power. Second, diverse proteomic platforms may result in the
detection of different genotype-protein associations. Our study is
the first to characterise the genetic variants associated with the
Olink® neurology panel and thus, the protein list and measure-
ment technology do not overlap with platforms employed in
earlier studies. Depending on platform technology, susceptibility
to cross-reactive events and detection of proteins in their free,
versus complexed, forms can result in inappropriate readouts.
SOMAmer technology, employed in the previous pQTL studies, is
a highly sensitive, aptamer-based platform which overcomes
limitations associated with antibody-based methods, such as
cross-reactivity26. Moreover, Olink® technology is particularly
effective in limiting the reporting of cross-reactive events. How-
ever, when compared to these platforms, other technologies such
as mass-spectrometry can produce highly accurate measurements
but with low sensitivity27. Lack of standardisation amongst pro-
teomic platforms, insufficient power to detect associations and
differences in study demographics may all contribute to varia-
bility in the detection of pQTLs for a given protein. In addition,
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we performed both FUMA (LD-based method) and COJO
(stepwise conditional regression) to identify independent pQTL-
protein associations and found a small overlap (17%) between
SNPs identified by both methods. However, SNPs which were
differentially identified by COJO and FUMA for a given protein
were located within the same region. Indeed, the maximum dis-
tance between discordant SNPs for a given protein was 3Mb.

We acknowledge several limitations in the present study. First,
analyses were restricted to individuals of European descent,
complicating the generalisability of our findings to individuals of
other ethnic backgrounds. Second, functional enrichment ana-
lyses indicated that a number of cis pQTL variants may alter the
amino acid sequence of the coded protein. This may lead to
altered structural properties of the protein product, resulting in
impaired antibody–antigen binding and consequently, the ability
of assays to accurately detect protein levels. Notably, as the
LBC1936 cohort consists of relatively healthy older adults, it is
possible that levels of putative neurological-disease related pro-
teins may differ in the general elderly population. Therefore, this
may complicate the generalisability of our findings to other age
ranges and other elderly cohorts with higher incidences of neu-
rological and psychiatric conditions. Finally, as our findings
pertain to whole blood samples, studies examining the genetic
and epigenetic regulation of neurological proteins in post-mortem
brain tissue are warranted.

In conclusion, we have identified genetic and epigenetic factors
associated with neurological proteins in an older-age population.
We have shown that use of a multi-omics approach can help
define whether such proteins are causal in disease processes. We
have shown that PVR may be causally associated with AD. Fur-
thermore, we have provided a platform upon which future studies
can interrogate pathophysiological mechanisms underlying neu-
rological conditions. Together, this information may help inform
disease biology, as well as aid in the prediction of disease risk and
progression in clinical settings.

Methods
The Lothian Birth Cohort 1936. The Lothian Birth Cohort 1936 (LBC1936)
comprises Scottish individuals born in 1936, most of whom took part in the
Scottish Mental Survey 1947 at age 11. Participants who were living within
Edinburgh and the Lothians were re-contacted approximately 60 years later, 1091
consented and joined the LBC1936. Upon recruitment, participants were
approximately 70 years of age (mean age: 69.6 ± 0.8 years). Participants subse-
quently attended four additional waves of clinical examinations every three years.
Detailed genetic, epigenetic, physical, psychosocial, cognitive, health and lifestyle
data are available for members of the LBC1936. Recruitment and testing of the
LBC1936 cohort have been described previously28,29. LBC1936 participants were
49.8% female. Key inclusion/exclusion criteria for the present study are highlighted
in Supplementary Fig. 2.

Ethical approval. Ethical permission for the LBC1936 was obtained from the
Multi-Centre Research Ethics Committee for Scotland (MREC/01/0/56) and the
Lothian Research Ethics Committee (LREC/2003/2/29). Written informed consent
was obtained from all participants.

Protein measurements in the Lothian Birth Cohort 1936. Plasma was extracted
from 816 blood samples collected in citrate tubes at mean age 72.5 ± 0.7 years
(Wave 2). Plasma samples were analysed using a 92-plex proximity extension assay
(Olink® Bioscience, Uppsala Sweden). The proteins assayed constitute the Olink®
neurology biomarker panel. This panel represents proteins with established links to
neuropathology, as well as exploratory proteins with roles in processes including
cellular communication and immunology. In brief, 1 µL of sample was incubated in
the presence of proximity antibody pairs linked to DNA reporter molecules. Upon
binding of an antibody pair to their corresponding antigen, the respective DNA
tails form an amplicon by proximity extension, which can be quantified by high-
throughput real-time PCR. This method limits the reporting of cross-reactive
events. The data were pre-processed by Olink® using NPX Manager software.
Protein levels were transformed by rank-based inverse normalisation. Normalised
plasma protein levels were then regressed onto age, sex, four genetic principal
components of ancestry derived from the Illumina 610-Quadv1 genotype array (to
control for population structure) and Olink® array plate. To obtain an estimate of

population structure, multidimensional scaling (MDS) was performed on LBC1936
genotyping data and the first four MDS components were used to control for
genetic ancestry in the analytic models. Standardised residuals from these linear
regression models were used in our genome-wide and epigenome-wide association
studies. Pre-adjusted (raw) and transformed (rank-based inverse normalised levels
regressed on age, sex, population structure and array plate) protein levels are
presented in Supplementary Data 10 and 11, respectively. The associations of pre-
adjusted protein levels with biological and technical covariates are presented in
Supplementary Data 12.

Methylation preparation in the Lothian Birth Cohort 1936. DNA from whole
blood was assessed using the Illumina 450 K methylation array at the Edinburgh
Clinical Research Facility (Wave 2; n= 895; mean age: 72.5 ± 0.7 years). Details of
quality control procedures have been described in detail elsewhere30. Briefly, raw
intensity data were background-corrected and normalised using internal controls.
Following background correction, manual inspection permitted removal of low
quality samples presenting issues relating to bisulphite conversion, staining signal,
inadequate hybridisation or nucleotide extension. Quality control analyses were
performed to remove probes with low detection rate <95% at P < 0.01. Samples
with a low call rate (samples with <450,000 probes detected at p-values of less than
0.01) were also eliminated. Furthermore, samples were removed if they had a poor
match between genotype and SNP control probes, or incorrect DNA methylation-
predicted sex.

Genotyping in the Lothian Birth Cohort 1936. LBC1936 DNA samples were
genotyped at the Edinburgh Clinical Research Facility using the Illumina 610-
Quadv1 array (Wave 1; n= 1005; mean age: 69.6 ± 0.8 years; San Diego). Pre-
paration and quality control steps have been reported previously31. SNPs were
imputed to the 1000 G reference panel (phase 1, version 3). Individuals were
excluded on the basis of sex discrepancies, relatedness, SNP call rate of less than
0.95, and evidence of non-Caucasian descent. SNPs with a call rate of greater than
0.98, minor allele frequency in excess of 0.01, and Hardy-Weinberg equilibrium
test with P ≥ 0.001 were included in analyses.

Genome-wide association studies. Genome-wide association analyses were
conducted on 8,683,751 autosomal variants against protein residuals in 750 indi-
viduals from the Lothian Birth Cohort 1936. Linear regression was used to assess
the effect of each genetic variant on the protein residuals using mach2qtl32,33.

GWAS model: Olink® protein residuals~SNP

Epigenome-wide association studies. Epigenome-wide association analyses were
conducted by regressing each of 459,309 CpG sites (as dependent variables) on
transformed protein levels using linear regression with adjustments for age, sex,
estimated white blood cell proportions (CD4+ T cells, CD8+ T cells, B cells,
Natural Killer Cells and granulocytes) and technical covariates (plate, position,
array, hybridisation, date). White blood cell proportions were estimated from
methylation data using the Houseman method34. Outliers for white blood cell
proportions (n= 22) were excluded prior to analyses. Complete methylation and
proteomic data were available for 692 individuals. Genome-wide significant CpG
associations mapping to sites with underlying polymorphisms were excluded, as
well as those predicted to cross-hybridise based on findings by Chen et al.35.
Analyses were performed using the limma package in R36.

EWAS model: CpG site~Olink® protein residuals+ age+ sex+ estimated
white blood cell proportions+ array+ plate+ date+ set+ position

Pathway enrichment was assessed among KEGG pathways and Gene Ontology
(GO) terms via hypergeometric tests using the phyper function in R. All gene
symbols from the 450 K array annotation (null set of sites) were converted to
Entrez IDs using biomaRt37,38. GO terms and their corresponding gene sets were
obtained from the Molecular Signatures Database (MSigDB)-C539 while KEGG
pathways were downloaded from the KEGG REST server40. Furthermore, tissue
specificity analyses were conducted using the GENE2FUNC function in FUnctional
Mapping and Annotation (FUMA). Differentially expressed gene sets with
Bonferroni-corrected P values of <0.05 and an absolute log-fold change of ≥0.58
(default settings) were considered to be enriched in a given tissue type (GTEx v7).

OSCA. We also performed EWAS analyses of Olink® protein levels using OmicS-
data-based Complex trait Analysis software (OSCA). We carried out OSCA as an
additional EWAS analysis as it has recently been shown to identify less spurious
associations when compared to other methods (including linear regression)41. CpG
site was the independent variable whereas Olink® protein levels were input as
dependent variables. Models were adjusted for age, sex, estimated white blood cell
proportions (CD4+ T cells, CD8+ T cells, B cells, Natural Killer Cells and gran-
ulocytes) and technical covariates (plate, position, array, hybridisation, date) as
in the previous section. The MOMENT method was used to test for associations
between traits of interest and DNAm at individual probes. MOMENT is a mixed-
linear-model-based method that can account for unobserved confounders and the
correlation between distal probes which may be introduced by such confounders.
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Conditional and joint analysis. We performed approximate genome-wide step-
wise conditional analysis through GCTA-COJO using the ‘cojo-slct’ option as the
primary means to identify independent genetic-protein associations42. Individual
level genotype data were used with default settings of the software.

Functional mapping and annotation of pQTLs. In addition to GCTA-COJO, the
identification of independent pQTL variants from the GWAS which yielded sig-
nificant genotype-protein associations, and their subsequent functional annotation,
were performed using the independent SNP algorithm implemented in FUMA
analysis43. Initial independent significant SNPs were identified using the
SNP2GENE function. These were defined as variants with a P value of <5 × 10−8

that were independent of other genome-wide significant SNPs at r2 < 0.6. Lead
independent SNPs were further defined as the initial independent significant SNPs
that were independent from each other at r2 < 0.1. Independent significant SNPs
were functionally annotated using ANNOVAR44 and Ensembl genes (build 85).

Characterisation of cis and trans effects. Genome-wide significant pQTLs and
CpG sites were categorised into cis and trans effects. Cis associations were defined
as loci which reside within 10Mb of the TSS of the gene encoding the protein of
interest. Trans effects were defined as those loci which lay outside of this region or
were located on a chromosome distinct from that which harboured the gene TSS.
TSS positions were defined using the biomaRt package in R37,38 and Ensembl v83.

Identification of overlap between cis pQTLs and eQTLs. We cross-referenced
sentinel cis pQTLs with publicly available cis eQTL data from the eQTLGen
consortium45. Cis eQTLs were filtered to retain only variants with P < 5.4 × 10−10.
Furthermore, only cis eQTLs for the same gene as the cis pQTL protein were
retained. These associations were then tested for colocalisation.

Colocalisation analysis. To test the hypothesis that a single causal variant might
underlie both an eQTL and pQTL, resulting in modulation of transcript and
protein levels, we conducted Bayesian tests of colocalisation. Colocalisation ana-
lyses were performed using the coloc package in R46. For each pQTL variant, a
200 kb region (upstream and downstream) was extracted from our GWAS sum-
mary statistics for each protein of interest. This window previously has been
recommended in order to capture cis eQTLs, which often lie within 100 kb of their
target gene47. Expression QTLs for genes within this region were extracted from
eQTLGen consortium summary statistics and subset to the gene encoding the
protein of interest45. All SNPs shared by transcripts and proteins were used to
determine the posterior probability for five distinct hypothesis. Default priors were
applied. Posterior probabilities (PP) > 0.95 provided strong evidence in favour of a
given hypothesis. Hypothesis 4 states that two association signals were attributable
to the same causal variant. Associations with PP4 > 0.95 were deemed highly likely
to colocalise. Associations with PP3 > 0.95 provided strong evidence for hypothesis
3 that there were independent causal variants for protein levels and gene expres-
sion. In this study, hypothesis 2 referred to a causal variant for condition 2 (gene
expression only) whereas hypothesis 1 represented a causal variant for protein
levels only. Associations with PP0 > 0.95 (for hypothesis 0) indicated that it is
highly likely there were no causal variants for either trait in the region.

Mendelian randomisation. Two-sample bidirectional Mendelian randomisation
was used to test for putatively causal relationships between (i) PVR, a cell-surface
glycoprotein, and AD risk, (ii) gene expression and plasma protein levels and (iii)
DNA methylation and plasma protein levels. Pruned variants (LD r2 < 0.1) were
used as instrumental variables (IV) in MR analyses. In cases where only one
independent SNP remained after LD pruning, causal effect estimates were deter-
mined using the Wald ratio test. When multiple independent variants were present,
and if no evidence of directional pleiotropy was present (non-significant MR-Egger
intercept), multi-SNP MR was conducted using inverse variance-weighted esti-
mates. All MR analyses were conducted using MRbase48.

(i) While 72 genome-wide significant cis pQTLs were identified for PVR levels,
only one SNP (rs7255066) remained after LD pruning. Five independent
SNPs were identified and used as IV to test for a causal relationship between
AD risk and altered plasma PVR levels.

(ii) Expression QTLs obtained from eQTLGen consortium were used as IV to
test whether changes in gene expression were causally associated with
protein levels45. Protein QTLs identified by our GWAS were used as IV to
test whether protein levels were causally associated with altered gene
expression.

(iii) For the three proteins with GWAS and EWAS associations (MATN3,
MDGA1 and NEP), we wished to test whether methylation affected protein
levels and/or whether protein levels affected methylation. We queried
Phenoscanner to examine whether pQTLs for protein levels of MATN3,
MDGA1 and NEP, identified in this study, were previously identified as
methylation QTLs (mQTLs) for corresponding genome-wide significant
CpG sites49. Methylation QTLs were used as IV to test whether changes in
DNA methylation were causally associated with Olink® protein levels.
Conversely, pQTLs were used as IV to determine whether altered protein

levels were causally linked to differential methylation levels. Of note, as
methylation of the 11 cis CpG sites associated with differential MDGA1
levels in our study are highly inter-correlated (Supplementary Fig. 3), we
considered only the most significant cis CpG site (cg20053110) for MR
analyses.

Reporting summary. Further information on research design is available in
the Nature Research Reporting Summary linked to this article.

Data availability
Full and openly accessible summary statistics from the association studies on Olink®
neurology protein levels are available on the University of Edinburgh Datashare site
(https://datashare.is.ed.ac.uk/). For GWAS data, see: https://datashare.is.ed.ac.uk/handle/
10283/3366; https://doi.org/10.7488/ds/2580. For EWAS data, see: https://datashare.is.ed.
ac.uk/handle/10283/3367; https://doi.org/10.7488/ds/2581.

Code availability
Code will be available from the authors on request.
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5.3 Conclusion 

GWAS and EWAS prioritised possibly co-regulated networks of proteins for 

follow-up mechanistic studies to examine their role in cancer (multiple 

myeloma) or AD. The EWAS stage implicated neurology-related proteins in 

developmental, metabolic and inflammatory pathways. Integrating multiple 

lines of omics data identified molecular mechanisms through which pQTLs 

affect the plasma levels of five proteins.  

 

MR analyses suggested that PVR levels causally associate with AD risk, but 

not vice versa. There was a high probability (>99%) that distinct causal variants 

within the PVR locus affect blood PVR levels and AD risk. Knockout animal 

models of PVR are required to examine its role in neurological phenotypes. 

Furthermore, the mechanisms that link pQTLs to the expression of PVR and 

other neurological protein biomarkers should be examined in in vitro systems.  

 

In this chapter, I performed the first GWAS and EWAS on a panel of proteins 

enriched for their relevance to neurological conditions. GWAS and EWAS were 

conducted separately. In the next chapter, I model genetic and epigenetic data 

alone and together to probe the molecular correlates of 70 inflammation-

associated proteins.  
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6 Genome-wide and epigenome-wide studies on 

inflammatory proteins  

 

6.1 Introduction  

Inflammation is a key feature of neurodegenerative disease states. Microglia 

or endothelial cells within the brain recruit peripheral immune cells, which 

execute detrimental and protective effects in the CNS (412). Peripheral 

inflammatory proteins associate with dementia and cognitive decline in 

epidemiological studies. For instance, higher blood levels of inflammatory 

proteins during mid-life were associated with cognitive decline over 20 years 

(413). Elevations in inflammatory proteins in middle age associated with brain 

lesions in older age (414). In a recent meta-analysis of 175 studies, the blood 

levels of 16 proteins were altered in AD patients when compared to controls. 

IL6 levels negatively correlated with MMSE scores (415). GWAS on AD risk 

implicate genes that encode proteins involved in the innate immune system 

including CR1, CLU, CD33 and TREM2 (82, 84, 85). Many lines of evidence 

implicate peripheral inflammation as a possible causal mechanism in cognitive 

decline and dementia. GWAS and EWAS on inflammatory proteins can help 

to elucidate whether associations between individual proteins and dementia 

risk are causal or might reflect confounding due to lifestyle factors.   

 

In this chapter, I perform an integrated GWAS and EWAS on plasma levels of 

proteins present on the Olink Inflammation panel (n = 876, LBC1936). I use a 

novel Bayesian penalised regression framework termed BayesR+ that 

accounts for unknown confounders and intercorrelations between genetic and 

epigenetic data. I estimate the separate and combined contributions of 

common genetic and epigenetic variation towards inter-individual variability in 

inflammatory protein levels. In Chapter 4, I outline that BayesR+ outperforms 

mixed-effects models in estimating the variance in complex traits explained by 

genetic and methylation data. BayesR+ also showed reduced mean squared 

errors between true and simulated coefficients in single probe-regression 

when compared to linear and penalised regression models (133). Here, I 

assess the replication of pQTL and CpG associations across BayesR+, linear 
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regression and mixed-effects models. I also apply MR analyses to probe 

causal relationships between 13 inflammatory proteins and the risk of AD.  

 

This study was published in Genome Medicine (416) in July 2020 and is 

included in full in Section 6.2. 
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6.2 Multi-method genome- and epigenome-wide studies of 

inflammatory protein levels in healthy older adults 
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Background
Inflammation represents a concerted cascade of molecu-
lar and cellular events to combat infectious pathogens
and endogenous insults. Inflammatory proteins are key
mediators of defence and repair responses, and tight
spatiotemporal regulation of their plasma concentrations
permits effective immune activation and resolution [1].
Whereas acute inflammatory states may prompt severe
illness and death, absence of resolution precipitates tran-
sition from acute to deleterious chronic inflammatory
states [2]. Chronic inflammation facilitates the pathogen-
esis of various disease states, including diabetes, heart
disease, stroke and allergic conditions [3]. Furthermore,
inflammatory lesions in brain tissue are often associated
with, and may contribute to, neurodegeneration and
cognitive decline [4]. Globally, 60% of individuals will
die as a consequence of a chronic inflammation-
associated disease state [5]. Therefore, identifying bio-
logical factors which govern inter-individual variation in
circulating inflammatory protein levels may allow for
better prediction of individual disease risk and prognosis,
and inform disease biology.
To date, a number of studies have aimed to character-

ise genetic factors associated with the levels of single in-
flammatory proteins or a small number of such proteins,
including C-reactive protein, fibrinogen and interleukin-
6 [6–25]. These genetic factors are also known as pro-
tein quantitative trait loci or pQTLs. Additionally, stud-
ies have examined the genetic architecture of panels of
proteins, including inflammatory mediators, and have in-
vestigated co-regulatory pathways and associations with
disease states [26–35]. Instead of using imputed geno-
type data, Höglund et al. used whole genome sequencing
data to carry out genome-wide association studies
(GWAS) on the levels of 72 inflammatory proteins. This
led to the identification of 18 novel loci that were not
identified using genotyped or imputed SNPs [36]. A
number of studies have also carried out epigenome-wide
association studies (EWAS) on the levels of a small set
of inflammatory proteins, including C-reactive protein,
interleukins-(1β, 4, 6, 9 and 10), interferon-gamma,
transforming growth factor-beta and tumour necrosis
factor [37–42]. Zaghlool et al. performed an EWAS of
1123 proteins, which pointed towards networks of
chronic low-grade inflammatory biomarkers (n = 944 in-
dividuals) [43]. In an integrative approach, Ahsan et al.
aimed to identify genetic and epigenetic markers associ-
ated with protein biomarkers including inflammatory
mediators (n ≤ 1033 individuals) [44]. No study has mod-
elled GWAS and EWAS both as stand-alone association
studies and in a combined analysis in the context of
proteomic data. This would allow for the identification
of genetic and epigenetic correlates of inflammatory pro-
tein levels and for the estimation of variance in protein

levels explained by genetic and epigenetic data, consid-
ered in isolation but also conditioned on one another to
reflect reciprocal influences of these molecular data
types. Here, we triangulate results from multiple statis-
tical approaches to provide a robust set of genetic and
epigenetic correlates of inflammatory protein levels.
Notably, most studies examining the molecular archi-

tecture of human traits have relied on linear model-
based methods which examine marker or probe effects
marginally [45, 46]. A number of issues may arise when
using linear regression-based methods and if these are
not addressed in the study design, it may lead to model
overfitting and biased estimation of effect sizes. These
potential issues include correlation structure within mo-
lecular datasets, data structure (i.e. cellular heterogen-
eity, batch effects) and omitted variable bias [47]. Several
approaches have been proposed to address these issues
[47–53] and these encompass strategies which permit
the joint and conditional estimation of effect sizes whilst
accounting for correlations among markers and con-
founding variables. Here, we consider a Bayesian pena-
lised regression framework termed BayesR+ which was
developed to assess genetic and epigenetic architectures
of complex traits [54]. In BayesR+, marker effects
(SNP or CpG site) can be estimated jointly whilst con-
trolling for data structure and correlations among mo-
lecular markers of different types. Indeed, this method
permits the estimation of variance explained in the trait
by all methylation probes or genetic markers, either sep-
arately or together. BayesR+ has been shown to outper-
form single-probe linear regression and penalised
regression approaches, such as ridge and LASSO, in rela-
tion to the correlation of estimated effects with true sim-
ulated values as well as mean squared errors between
true and estimated coefficients for single-probe regres-
sion. Additionally, BayesR+ shows a higher correlation
between estimated effects for variance explained by gen-
etic and epigenetic markers in phenotypic traits and true
simulated values when compared to a mixed model
strategy in both sparse and non-sparse marker settings
[54].
In the present study, we use the BayesR+ method (and

sensitivity analyses using ordinary least squares (OLS)
[55, 56] and mixed model methods [57]) to examine
both the genetic and epigenetic architectures of 70 blood
inflammatory proteins in 876 relatively healthy older
adults from the Lothian Birth Cohort 1936 study (mean
age 69.8 ± 0.8 years; levels adjusted for age, sex, popula-
tion structure and array plate). Hereinafter, we refer to
the adjusted inflammatory protein levels as protein
levels. These proteins are present on the Olink® inflam-
mation panel and comprise a mixture of proteins with
defined functions pertinent to human inflammatory
pathways as well as putative roles in inflammation-
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related disease states. We use priors guided by results
from previous genome-wide and epigenome-wide studies
[54, 58] for the expected variance explained in circulat-
ing protein levels by genetic and epigenetic factors. Ap-
plying a stringent approach, we only consider markers
or probes that were identified across all methods
employed as being associated with a given protein (con-
cordantly identified) and integrate multiple levels of
‘omics’ data to investigate mechanisms by which genetic
variants may influence protein levels. Finally, we use our
GWAS summary data to test for putatively causal rela-
tionships between inflammatory protein biomarkers and
neurological or inflammatory disease states. Thus, this
paper has two major aims. The first aim is to provide ro-
bust and novel estimates for the contribution of genetic
and epigenetic factors towards inter-individual variation
in circulating inflammatory protein concentrations. The
relationships between genetic and epigenetic factors with
inflammatory proteins levels are modelled both alone
and together. The second aim is to provide the first use
of multiple statistical methods in performing genome-
wide and epigenome-wide association studies of human
proteomic data.

Methods
The Lothian Birth Cohort 1936
The Lothian Birth Cohort 1936 (LBC1936) study is a
longitudinal study of ageing. Cohort members were all
born in 1936 and most took part in the Scottish Mental
Survey 1947 at age 11 years. Participants who were living
mostly within the Edinburgh area were re-contacted ap-
proximately 60 years later (n = 1091, recruited at mean
age 70 years). Recruitment and testing of the LBC1936
cohort have been described previously [59, 60].

Protein measurements in the Lothian Birth Cohort 1936
Plasma was extracted from 1047 blood samples and col-
lected in lithium heparin tubes at mean age 69.8 ± 0.8
years. Following quality control, 1017 samples remained.
Plasma samples were analysed using a 92-plex proximity
extension assay (Olink® Bioscience, Uppsala Sweden).
One protein from the panel, BDNF, failed quality control
and was removed from the study. For a further 21 pro-
teins, over 40% of samples fell below the lowest limit of
detection. These proteins were removed from analyses
leaving a final set of 70 proteins. The proteins assayed
comprise the Olink® inflammatory biomarker panel.
Briefly, 1 μL of sample was incubated in the presence of
proximity antibody pairs linked to DNA reporter mole-
cules. Upon appropriate antigen-antibody recognition,
the DNA tails form an amplicon by proximity extension
which is quantified by real-time PCR. Data pre-
processing was performed by Olink® using NPX Manager
software. Protein levels were transformed by rank-based

inverse normalisation and regressed onto age, sex, four
genetic principal components of ancestry and array
plate. Standardised residuals from these regression
models were brought forward for all genetic-protein and
epigenetic-protein analyses. Pre-adjusted protein level
distributions are presented in Additional file 1. Associa-
tions between pre-adjusted protein levels and biological
as well as technical covariates are detailed in Add-
itional file 2: Table S1.

Genome-wide association studies
LBC1936 DNA samples were genotyped at the Edin-
burgh Clinical Research Facility using the Illumina 610-
Quadv1 array (n = 1005; mean age 69.6 ± 0.8 years; San
Diego). Quality control procedures for genetic data are
detailed in Additional file 3.
BayesR+ is a software implemented in C++ for per-

forming Bayesian penalised regression on complex traits
[54]. The joint and conditional effects of typed SNPs
(n = 521,523 variants) on transformed protein levels were
examined. The prior distribution is specified as a mix-
ture of Gaussian distributions, corresponding to effect
sizes of different magnitude, and a discrete spike at zero
which enables the omission of probes and markers with
negligible effect on the phenotype. Informed by data
from our previous pQTL study [58], mixture variances
for genetic data were set to 0.01 and 0.1 for the stand-
alone BayesR+ GWAS. In the combined analysis with
epigenetic data, owing to the need for the same number
of mixture variances for genetic and epigenetic data in
the BayesR+ software, mixture variances were set to
0.01, 0.1 and 0.2. Input data were scaled to mean zero
and unit variance, and adjusted for age and sex. To ob-
tain estimates of effect sizes, Gibbs sampling was used to
sample over the posterior distribution conditional on the
input data. The Gibbs algorithm consisted of 10000 sam-
ples and 5000 samples of burn-in after which a thinning
of 5 samples was utilised to reduce autocorrelation. Gen-
etic markers which exhibited a posterior inclusion prob-
ability of ≥ 95% were deemed to be significant.
Details for the OLS regression model approach are

outlined in Additional file 3. In the linear method,
markers which surpassed a Bonferroni-corrected condi-
tional significance threshold of 7.14 × 10−10 (= genome-
wide significance 5.0 × 10−8/70 phenotypes) were consid-
ered. The genome-wide significance level of 5.0 × 10−8

was selected as per convention in GWAS studies.

Epigenome-wide association studies
DNA from whole blood was assessed using the Infinium
450 K methylation array at the Edinburgh Clinical Re-
search Facility (n = 876; mean age 69.8 ± 0.8 years). Qual-
ity control procedures for methylation data are detailed
in Additional file 3.
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Using BayesR+, prior mixture variances for methyla-
tion data (n = 459,309 CpG sites) were set to 0.001, 0.01
and 0.1. Age, sex and Houseman-estimated white blood
cell proportions [61] were incorporated as fixed effect
covariates. The same settings as in the genetic analyses
were applied. Methylation probes which had a posterior
inclusion probability of ≥ 95% were deemed to be
significant.
Details for the OLS and mixed linear model ap-

proaches are outlined in Additional file 3. For these
methods, probes which surpassed a Bonferroni-corrected
significance threshold of 5.14 × 10−10 (= genome-wide
significance 3.6 × 10−8/70 phenotypes) were deemed to
be significant. The genome-wide significance level of
3.6 × 10−8 was selected as per the recommendations of
Safarri et al. [62].

Functional annotation of genetic and epigenetic loci
Genetic markers that were independently associated with
protein levels were functionally annotated using ANNO-
VAR [63] and Ensembl genes (build 85) in FUMA (FUnc-
tional Mapping and Annotation) [64]. Epigenetic probes
associated with protein levels were annotated using the
IlluminaHumanMethylation450kanno.ilmn12.hg19 pack-
age [65].

Identification of overlap between cis pQTLs and cis eQTLs
To determine whether pQTL variants may affect protein
levels through modulation of gene expression, we cross-
referenced cis pQTLs with publicly available (and FDR-
corrected significant) cis expression QTL (eQTL) data
from the eQTLGen consortium. Expression QTL data
were derived from blood tissue, 85% of samples were de-
rived from whole blood and 15% of samples were de-
rived from peripheral blood mononuclear cell data [66].
For each protein, expression QTLs were also subset to
the gene (messenger RNA) encoding the protein of
interest.

Colocalisation
To test whether a sole causal variant might underlie
both an eQTL and pQTL association, we performed
Bayesian tests of colocalisation using the coloc pack-
age in R [67]. For each protein of interest, a 200-kb
region (upstream and downstream—recommended
default setting) surrounding the appropriate pQTL
was extracted from our GWAS summary statistics
[68]. For each respective protein, the same region
was also extracted from eQTLGen summary statis-
tics. Default priors were applied. Summary statistics
for all SNPs within these regions were used to deter-
mine the posterior probability for five distinct hy-
potheses: a single causal variant for both traits, no
causal variant for either trait, a causal variant for

one of the traits (encompassing two hypotheses), or
distinct causal variants for the two traits. Posterior
probabilities (PP) ≥ 0.95 provided strong evidence in
favour of a given hypothesis.

Pathway enrichment and tissue specificity analyses
Using methylation data, pathway enrichment was
assessed among KEGG pathways and Gene Ontology
(GO) terms through hypergeometric tests using the phy-
per function in R. All gene symbols from the 450 K array
annotation (null set of sites) were converted to Entrez
IDs using biomaRt [69, 70]. GO terms and their corre-
sponding gene sets were retrieved from the Molecular
Signatures Database (MSigDB)-C5 [71]. KEGG pathways
were downloaded from the KEGG REST server [72]. Tis-
sue specificity analyses were performed using the GEN-
E2FUNC function in FUMA. Differentially expressed
gene sets with Bonferroni-corrected P values < 0.05 and
an absolute log-fold change of ≥ 0.58 (default settings)
were considered to be enriched in a given tissue type
(GTEx v7).

Mendelian randomisation
Two-sample Mendelian randomisation was used to test
for putatively causal relationships between (i) the 4 pro-
teins whose pQTLs were previously shown to be associ-
ated with human traits, as identified through GWAS
Catalog, and the respective traits [73, 74] (http://www.
nealelab.is/uk-biobank/); (ii) the 13 proteins which har-
boured significant pQTLs and Alzheimer’s disease risk
[75]; (iii) gene expression and inflammatory protein
levels; and (iv) DNA methylation and inflammatory pro-
tein levels. Pruned variants (LD r2 < 0.1) were used as in-
strumental variables (IV) in MR analyses. In tests where
only one independent SNP remained after LD pruning,
causal effect estimates were assessed using the Wald ra-
tio test, i.e. a ratio of effect per risk allele on trait to ef-
fect per risk allele on protein levels. In tests where
multiple independent variants were identified, and if no
evidence of directional pleiotropy was present (non-sig-
nificant MR-Egger intercept), multi-SNP MR was carried
out using inverse variance-weighted estimates. Analyses
were conducted using MRbase [76]. Further details are
provided in Additional file 3.

Results
Genome-wide studies of inflammatory protein levels
In a Bayesian penalised regression model (BayesR+), 16
pQTLs were identified for 14 proteins (Additional file 2:
Table S2). Thirteen of these 16 pQTLs (n = 13 proteins)
directly, or through variants in high linkage disequilib-
rium (LD) r2 > 0.75, replicated conditionally significant
pQTLs from the OLS regression model (Additional file
2: Tables S3-S5; Additional file 3). The correlation
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structure among these 13 proteins is shown in Add-
itional file 4: Fig. S1.
Twelve (92.3%) of the concordant SNPs were cis

pQTLs (SNP within 10Mb of the transcription start site
(TSS) of a given gene [69, 70]) and 1 pQTL (7.7%) was a
trans-associated variant (Fig. 1a; Additional file 2: Table

S6). There was an inverse relationship between the
minor allele frequency of variants and their effect size
(Fig. 1b). The functional category to which the greatest
proportion of variants was assigned was exonic variants
(38.5%), as identified by FUMA (FUnctional Mapping
and Annotation analysis) (Fig. 1c). Four of the five SNPs

Fig. 1 Genetic architecture of inflammatory protein biomarkers in the Lothian Birth Cohort 1936. a Chromosomal locations of pQTLs concordant between
Bayesian penalised and ordinary least squares regression models for genome-wide association studies (n=13 pQTLs). The x-axis represents the chromosomal
location of concordantly identified cis and trans SNPs associated with the levels of Olink® inflammatory proteins. The y-axis represents the position of the gene
encoding the associated protein. The sole conditionally significant concordant trans association is annotated. Cis (red circles); trans (blue circles). b Absolute
effect size (per standard deviation of difference in protein level per effect allele) of pQTLs versus minor allele frequency. Cis (red circles); trans (blue circles). c
Classification of 13 pQTLs by function as defined by functional enrichment analysis in FUMA. d Variance in protein levels explained by pQTLs (estimates from
Bayesian penalised regression are displayed)
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annotated to exonic regions produce missense muta-
tions. From the Bayesian model, pQTLs explained be-
tween 5.28% (rs10005565; CXCL6) and 35.80%
(rs3138036; MCP2) of inter-individual variation in pro-
tein levels (Fig. 1d). The estimates for variance
accounted for in protein levels by single SNPs were cor-
related 99% between the BayesR+ and OLS regression
models (Fig. 2a; Additional file 2: Table S6). The
BayesR+ common (minor allele frequency > 1%) SNP-
based heritability estimates ranged from 11.4% (CXCL9;
95% credible interval [0%, 43.5%]) to 45.3% (MCP2; 95%
credible interval: [23.5%, 70.6%]), with a mean estimate
of 20.2% across the 70 proteins (Additional file 2: Table
S7). Figure 2b shows heritability estimates for the 13
proteins exhibiting concordantly identified pQTLs across
OLS regression and Bayesian approaches. Figure 3 dem-
onstrates the effect of genetic variation at the most sig-
nificant cis pQTL (rs3138036; MCP2) and the sole trans
pQTL (rs12075; MCP4) on protein levels.

There was a strong correlation between our SNP-
based heritability estimates and those from a previous
study of 961 individuals [44]: 29 overlapping proteins, r
0.71, 95% CI [0.43, 0.84] (Additional file 2: Table S8 and
Additional file 4: Fig. S2).

Molecular mechanisms underlying pQTLs: colocalisation
analysis
Of the 12 cis pQTLs which were identified across OLS
regression and BayesR+, 8 SNPs (66.67%) previously
have been identified as cis-acting expression QTLs
(eQTLs) in blood (Additional file 2: Table S9). Using
coloc [67], we tested the hypothesis that one causal vari-
ant might underlie both a pQTL and eQTL for each
protein. For 4/8 proteins, there was strong evidence
(posterior probability (PP) > 0.95) for colocalisation of cis
pQTLs and cis eQTLs (Additional file 2: Table S10).
These proteins were CCL25, CD6, CXCL5 and CXCL6.

Fig. 2 Variance in circulating inflammatory protein levels explained by common genetic variation. a In this panel, the variance explained (r2) by
consensus SNPs (n = 13 SNP, 1 per protein) in the ordinary least squares regression model was compared against the variance explained by the
same SNP set identified in the Bayesian penalised regression approach. b The proportion of variance explained in Olink® inflammatory protein
levels by common genetic variants genotyped in the LBC1936 participants is shown. Only those proteins which had significant pQTL associations
in both the ordinary least squares and Bayesian methods are presented (n = 13). Additionally, the proportion of variance explained attributable to
medium effects (prior: variance of 1% explained) and large effects (prior: variance of 10% explained) are demonstrated in purple and green,
respectively. Error bars represent 95% credible intervals
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Mendelian randomisation analyses (MR; see the
‘Methods’ section) indicated that altered gene expression
was causally associated with changes in protein levels for
each of the four aforementioned proteins (CCL25, CD6,
CXCL5 and CXCL6; range of beta [0.68, 12.25], se [0.09,
1.12], P [9.54 × 10−7, 1.05 × 10−37]). However, a second
colocalisation approach termed Sherlock [77] suggested
that, from the 13 proteins with concordantly identified
pQTLs, only expression of ADA, CXCL5 and IL18R1
were associated with levels of their respective protein
products (Additional file 2: Table S11; Additional file 3).

Epigenome-wide studies of inflammatory protein levels
In the Bayesian model, 8 CpG-protein associations (n = 8
proteins) had a posterior inclusion probability of more
than 95% (Additional file 2: Table S12). Five of these asso-
ciations overlapped with those identified by the OLS re-
gression model (P < 5.14 × 10−10; Additional file 2: Table
S13); three of which were also identified in the mixed
model approach (P < 5.14 × 10−10; Additional file 2: Table
S14). These were the smoking-associated probe
cg05575921 for CCL11 levels (trans association at AHRR;
mixed model—beta − 1.97, se 0.32, P 4.86 × 10−10),
cg07839457 for CXCL9 levels (trans association at

NLRC5; beta − 2.91, se 0.39, P 8.03 × 10−14 ) and
cg03938978 for IL18R1 levels (cis association at IL18RAP;
beta − 1.37, se 0.16, P 5.86 × 10−17) (Additional file 2:
Table S14). Adjustment for smoking attenuated the asso-
ciation between CCL11 levels and the cg05575921 probe
(linear model—before adjustment: beta − 1.74, P 2.68 ×
10−10, after adjustment: beta − 1.20, P 0.03; % attenuation
31.03%). GWAS and EWAS of CCL11 levels were re-
peated adjusting for smoking status, the results of the as-
sociation studies are detailed in Additional file 3. Figure 4
depicts an epigenetic map of CpG-protein associations
within this study and demonstrates the degree of overlap
between methodologies. The correlation among the three
proteins with concordantly identified CpG associations is
shown in Additional file 4: Fig. S3. Look-up analyses of
the top GWAS and EWAS findings with those reported in
the literature are detailed in Additional file 3. For the
GWAS, 11/13 pQTLs (84.62%) from the present study
were previously reported in the literature. The two loci
which represent novel pQTLs are rs11700291 (ADA) and
rs1458038 (FGF-5). Beta coefficients displayed a correl-
ation coefficient of 0.88 between those in the present
study and those reported in previous studies. For the
EWAS, only one of the three concordantly identified

Fig. 3 Effect of genetic variation on inflammatory protein levels. a Box plot of MCP2 levels as a function of genotype (rs3138036, effect allele: G,
other allele: A, beta = − 1.20, se = 0.06). b Box plot of MCP4 levels as a function of genotype (rs14075, effect allele: G, other allele: A, beta = − 0.62,
se = 0.05). Centre line of boxplot: median, bounds of box: first and third quartiles
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CpG-protein associations was previously reported in the
literature by Ahsan et al. [44]. This association was be-
tween the cg07839457 probe (NLRC5) and CXCL9 levels
(betaLBC − 2.91 vs. betaAhsan − 3.26).
We conducted tissue specificity and pathway enrichment

analyses based on genes identified by EWAS for each of the
3 proteins with significant CpG associations. Tissue-specific
patterns of expression were observed for 2/3 proteins (Add-
itional file 4: Fig. S4-S6). For CCL11, differential expression
was observed in breast, adipose and kidney tissue. For
IL18R1, differential expression of associated genes was ob-
served in pancreatic tissue. Furthermore, down-regulation of
genes associated with IL18R1 was observed in the hippocam-
pus and substantia nigra. There was no significant enrich-
ment of pathways incorporating genes annotated to CXCL9,
CCL11 or IL18R1 following multiple testing correction.

One protein, IL18R1, harboured both a significant cis
pQTL and cis CpG site in our study (Additional file 4:
Fig. S7). This SNP (rs917997) previously has been identi-
fied as a methylation QTL (mQTL) for the single cis
CpG site associated with IL18R1 levels identified by our
epigenome-wide studies (cg03938978) [78]. Using bidir-
ectional MR analysis (Wald ratio test; see methods), we
show evidence that DNA methylation at this locus may
be causally associated with circulating IL18R1 levels
(beta − 0.81, se 0.17, P 2.14 × 10−33). Conversely, IL18R1
levels may also be causally associated with altered DNA
methylation (beta − 1.22, se 0.16, P 3.4 × 10−14).
The methylation data explained an average of 18.2% of

variance in protein levels using BayesR+; estimates
ranged from 6.3% (IL15RA, 95% credible interval [0.0%,
27.3%]) to 46.1% (CXCL10, 95% credible interval [24.1%,

Fig. 4 Genomic locations of CpG sites associated with differential inflammatory protein levels. The x-axis represents the chromosomal location of
CpG sites associated with the levels of Olink® inflammation biomarkers. The y-axis represents the position of the gene encoding the associated
protein. The level of concordance across three models used to perform epigenome-wide association studies is represented by different shape
patterns. Those CpG sites (n = 3) which were identified by linear (ordinary least squares), mixed model and Bayesian penalised regression models,
and passed a Bonferroni-corrected significance threshold are represented by diamonds and annotated. Three proteins (CXCL9, CXCL10 and
CXCL11) were associated with differential methylation levels at the cg07839457 site in the NLRC5 transcription factor locus. Additionally, two
proteins (CCL11 and TGF-alpha) were associated with the smoking-associated cg05575921 site in the AHRR locus. Cis (red); trans (blue)
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67.1%]) (Additional file 2: Table S15). There was strong
concordance with estimates from the mixed model sen-
sitivity analysis (Additional file 2: Table S16 and Fig. 5a).
Figure 5b shows the variance explained by methylation
data for the 3 proteins exhibiting concordantly identified
CpGs across OLS regression, mixed-model and Bayesian
approaches.

Variation in inflammatory protein levels explained by
genetics and DNA methylation
When accounting for genetic data, the estimates for vari-
ance explained by methylation data were largely un-
changed for most proteins (Additional file 2: Table S17;
n = 9 proteins with change > 5%, 1 with change < − 5%
(VEGFA)). The mean absolute change was 2.6% (mini-
mum 0.01% for TNFRSF9 and maximum 15.0% for
IL18R1). Similarly, estimates from genetic data were
largely unchanged in the combined analysis (n = 2 pro-
teins with change > 5%). The mean absolute change was
1.8% (minimum 0.02% for CD244 and maximum 6.7%
for CCL28). For 22 proteins, the variance explained by
methylation data was greater than that explained by gen-
etic data (Additional file 5).

For each protein, we performed t-tests to determine
whether the variance explained by methylation or gen-
etic data alone was significantly different from the esti-
mate for variance explained in the combined analysis.
For methylation data, 40 proteins showed a significant
difference between the estimates for variance in protein
levels explained by methylation data alone and methyla-
tion data conditional on SNPs (P < 0.05). For genetic
data, 50 proteins showed a significant difference (P <
0.05) (Additional file 2: Table S17).
The combined estimate for variance explained by gen-

etic and methylation data ranged from 23.4% for CXCL1
to 66.4% for VEGFA. The mean and median estimates
were 37.7 and 36.0%, respectively. Details of which SNPs
and CpGs were identified as being associated with pro-
tein levels in the combined BayesR+ analyses, accounting
for all genetic and epigenetic factors together, is outlined
in Additional file 2: Table S18 and Additional file 3.

Evaluating causal associations between inflammatory
biomarkers and human traits
The 13 independent pQTL associations were queried
against GWAS Catalog to identify existing associations

Fig. 5 Variance in circulating inflammatory protein levels explained by DNA methylation. a In this panel, the variance explained in circulating
protein levels by complete methylation data from sites present on the Infinium 450 K methylation array was examined. A comparison between
variance explained (h2) by a mixed model approach (OSCA) and a Bayesian penalised regression approach (BayesR+) is shown. b The proportion
of variance explained in Olink® inflammatory protein levels by DNA methylation, as estimated by BayesR+ is shown. Only those proteins (n = 3)
which had significant CpG associations in ordinary least squares, mixed model and Bayesian methods are presented. Additionally, the proportion
of variance explained attributable to small effects (prior: variance of 0.1% explained), medium effects (prior: variance of 1.0% explained) and large
effects (prior: variance of 10% explained) are demonstrated in blue, gold and dark orange, respectively. Error bars represent 95% credible intervals
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between these pQTLs and phenotypes [73]. We investi-
gated whether these associations represented causal rela-
tionships. Using two-sample MR, we showed that CD6
levels were causally associated with inflammatory bowel
disease (IBD) (beta 0.20, se 0.04, P 2.59 × 10−6). Further-
more, FGF-5 levels were causally associated with systolic
and diastolic blood pressure (beta 0.07 and 0.07, se 0.01
and 0.01, P 1.04 × 10−34 and 4.29 × 10−42, respectively).
IL12B levels were associated with Crohn’s disease (beta
0.42, se 0.05, P 2.76 × 10−15). Circulating IL18R1 levels
showed a causal relationship with IBD (beta 0.17, se
0.03, P 1.63 × 10−9).
Peripheral inflammatory processes and proteins have

been linked to risk of late-onset Alzheimer’s disease
(AD) [79, 80]. We tested whether the 13 proteins with
significant genetic correlates in our study were causally
associated with AD risk (Additional file 3). One protein,
IL18R1, showed a nominally significant, unidirectional
relationship with AD risk (beta 0.02, se 0.01, P 0.04)
(Additional file 2: Table S19).

Discussion
Using a Bayesian framework and sensitivity analyses with
OLS regression and mixed linear models, we robustly
identified 13 independent genetic and 3 epigenetic cor-
relates of circulating inflammatory protein levels. Two of
these pQTLs and two CpG sites have not been previ-
ously reported as genome-wide significant in the litera-
ture. This is the first study to have integrated genetic
and epigenetic data together using multiple methods to
identify molecular correlates of, and estimate the contri-
bution of these molecular factors towards inter-
individual variability in, the circulating proteome. Our
results also provide an important and novel demonstra-
tion of the overlap between disparate methodologies for
performing genome-wide and epigenome-wide associ-
ation studies on proteomic data. Using integrative causal
frameworks, we identified mechanisms through which
genetic variation may perturb plasma protein levels.
Additionally, we demonstrated causal relationships be-
tween prioritised circulating inflammatory proteins and
blood pressure as well as inflammatory bowel diseases.
For genome-wide association studies, there is a neces-

sity to perform secondary analyses in order to identify
independent loci from association studies. This is often
carried out through employing conditional and joint
analyses (GCTA-COJO) or LD clumping-based methods,
such as those implemented in FUMA [54, 64]. BayesR+
negates the need for such secondary analyses; it allows
for the modelling of single marker or probe effects
whilst controlling for all other markers or probes. In-
deed, BayesR+ can outperform OLS regression or mixed
model methods in providing single probe or marker co-
efficient estimates whilst controlling for all other input

SNP and/or CpG sites, as well as known and unknown
confounding variables. However, identifying true mo-
lecular correlates of protein data over false positive asso-
ciations is challenging. By relying on careful corrections
for multiple testing and triangulation of evidence across
disparate methods, our stringent approach was well-
equipped to identify likely true biological signal as op-
posed to false positives.
The issue of identifying true biological signals over

false positive associations is particularly pertinent in re-
lation to trans associations which show poor replication
and often have smaller effect sizes than cis associations
[81]. We identified one trans pQTL (rs12075) associated
with levels of the chemokine MCP4 (encoded for by
CCL13 gene on chromosome 17). This SNP represents a
nonsynonymous polymorphism (Asp42Gly) annotated to
the Duffy antigen/chemokine receptor (DARC) gene on
chromosome 1. Previously, this SNP has been associated
with lower MCP1 levels and evidence shows that the
base-change results in altered chemokine-receptor bind-
ing [10, 20, 82]. Additionally, this polymorphism has
been shown to explain approximately 20% of variation in
MCP1 levels, similar to our estimate of 18.66% in MCP4
levels [82]. The Duffy antigen receptor is expressed on
erythrocytes and acts as a reservoir for circulating che-
mokines resulting in reduced distribution of chemokines
to extravascular tissue and dampened pro-inflammatory
effects [83]. Our findings suggest that this polymorphism
may also lead to reduced MCP4 levels, possibly through
augmented chemokine-receptor interaction.
In the EWAS analyses, the probe cg05575921, located

in the AHRR locus, was associated with CCL11 levels.
This probe is strongly associated with smoking status
[84–91] and the association was attenuated after adjust-
ment for smoking. Furthermore, higher levels of CCL11
have been associated with tobacco smoking and cannabis
use [92–94]. We also found altered methylation at the
NLRC5 locus (NOD-like receptor family CARD domain
containing 5) is associated with circulating CXCL9
levels. NLRC5 acts as a potent regulator of the inflam-
masome [44, 95]. Zaghlool et al. showed that altered
methylation at the NLRC5 locus associates with several
inflammatory markers, including CXCL10 and CXCL11,
with pathway analyses linking it to disease states in
which NLRC5 dysfunction is implicated such as cancer
and cardiovascular disease [43].
Using our database of genotype-protein associations, we

tested for causal relationships between inflammatory pro-
tein biomarkers and human phenotypes. However, in each
case, only one variant was available to test for such associ-
ations which does not allow for the testing of pleiotropic
effects. CD6 was associated with clinically diagnosed IBD.
Expression of the CD6 receptor and its ligand, ALCAM,
are overexpressed in the intestinal mucosa of IBD patients
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where it may promote CD4+ T cell proliferation and dif-
ferentiation into pro-inflammatory Th1/Th17 cells [96].
FGF-5 levels were associated with automated readings of
systolic and diastolic pressure; previously, FGF-5 levels
have been significantly correlated with blood pressure
[97]. Variation in the IL12B gene has been linked strongly
to the pathogenesis of Crohn’s disease and an antibody
targeted towards the p40 subunit of IL12 demonstrated ef-
ficacy in the treatment of moderate-to-severe Crohn’s dis-
ease [98]. In our study, we showed that circulating IL12B
levels may be causally linked to this disease. Lastly,
IL18R1 levels may also be causally associated with IBD. A
number of studies have demonstrated that increased IL18
signalling confers detrimental effects in the context of
gastrointestinal inflammatory processes [99].
Our study has a number of caveats. First, proteins with

high sequence homology and structural similarities to a
targeted protein of interest may be inappropriately cap-
tured by assay probes resulting in quantification errors.
Olink®’s Proximity Extension Assay technology uses a
matched pair of antibodies, coupled to unique, partially
complementary oligonucleotides resulting in exceptional
readout specificity and greatly reducing this problem
compared to other immunoassays. Second, there was a
strong correlation structure among the inflammatory
protein panel. However, given that inflammatory pro-
teins are often co-expressed and synergistic, overlapping
loci may reveal biologically important foci or nodes of
co-regulation [100]. Third, functional enrichment ana-
lyses indicated that four robustly identified pQTL signals
reflect missense mutations in their protein products,
three of which were cis associations with proteins
present on the Olink® inflammation panel. This may lead
to altered structural properties of the protein target,
thereby affecting antibody-antigen recognition and the
ability of assays to accurately quantify protein levels. It is
possible that the variants identified may not reflect vari-
ants causally associated with blood protein levels, and
instead capture a causal variant in the locus. Neverthe-
less, the identification of such potential protein-altering
variants is an important technical consideration in stud-
ies aiming to determine the molecular architecture of
the human proteome. Furthermore, these variants reflect
important candidates for functional characterisation in
in vitro studies which aim to dissect their influence on
protein abundance in cellular systems. Fourth, our Scot-
tish cohort contains individuals from a homogenous
genetic background limiting the generalisability of our
findings to individuals of other ethnic backgrounds.
Fifth, ageing is closely linked to chronic low-grade in-
flammation. Therefore, the distributions of, and correl-
ation structure among, inflammatory protein biomarkers
may differ in our cohort of healthy older ageing when
compared to other age ranges and the general older

adult population. Sixth, the sample size within our study
resulted in large confidence and credible intervals in the
reported estimates for heritabilities in inflammatory pro-
tein levels.

Conclusions
Our integrative and multi-method approach has identi-
fied high-confidence genetic and epigenetic loci associ-
ated with inflammatory protein biomarker levels.
Furthermore, we have provided novel estimates for the
contribution of common genetic and epigenetic variation
towards differences in circulating inflammatory bio-
marker levels, considered alone and together. Together,
our data may have important implications for informing
the molecular regulation of the human proteome. Our
data provides a platform upon which other researchers
may investigate relationships between inflammatory bio-
markers and disease, and a resource to further inform
biological insights into immunological and inflammatory
processes.
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1186/s13073-020-00754-1.

Additional file 1. Distribution of raw values for inflammatory protein
levels across individuals in Lothian Birth Cohort 1936.

Additional file 2: Supplementary Tables. The association of pre-
adjusted protein levels with biological and technical covariates. Protein
levels were adjusted for age, sex, array plate and four genetic principal
components (population structure) prior to analyses. Significant associa-
tions are emboldened. (Table S1). pQTLs associated with inflammatory
biomarker levels from Bayesian penalised regression model (Posterior In-
clusion Probability > 95%). (Table S2). All pQTLs associated with inflam-
matory biomarker levels from ordinary least squares regression model
(P < 7.14 × 10− 10). (Table S3). Summary of lambda values relating to or-
dinary least squares GWAS and EWAS performed on inflammatory protein
levels (n = 70) in Lothian Birth Cohort 1936 study. (Table S4). Condition-
ally significant pQTLs associated with inflammatory biomarker levels from
ordinary least squares regression model (P < 7.14 × 10− 10). (Table S5).
Comparison of variance explained by ordinary least squares and Bayesian
penalised regression models for concordantly identified SNPs. (Table S6).
Estimate of heritability for blood protein levels as well as proportion of
variance explained attributable to different prior mixtures. (Table S7).
Comparison of heritability estimates from Ahsan et al. (maximum likeli-
hood) and Hillary et al. (Bayesian penalised regression). (Table S8). List of
concordant SNPs identified by linear model and Bayesian penalised re-
gression and whether they have been previously identified as eQTLs.
(Table S9). Bayesian tests of colocalisation for cis pQTLs and cis eQTLs.
(Table S10). Sherlock algorithm: Genes whose expression are putatively
associated with circulating inflammatory proteins that harbour pQTLs.
(Table S11). CpGs associated with inflammatory protein biomarkers as
identified by Bayesian model (Bayesian model; Posterior Inclusion Prob-
ability > 95%). (Table S12). CpGs associated with inflammatory protein
biomarkers as identified by linear model (limma) at P < 5.14 × 10− 10.
(Table S13). CpGs associated with inflammatory protein biomarkers as
identified by mixed linear model (OSCA) at P < 5.14 × 10− 10. (Table S14).
Estimate of variance explained for blood protein levels by DNA methyla-
tion as well as proportion of explained attributable to different prior mix-
tures - BayesR+. (Table S15). Comparison of variance in protein levels
explained by genome-wide DNA methylation data by mixed linear model
(OSCA) and Bayesian penalised regression model (BayesR+). (Table S16).
Variance in circulating inflammatory protein biomarker levels explained
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by common genetic and methylation data (joint and conditional esti-
mates from BayesR+). Ordered by combined variance explained by gen-
etic and epigenetic data - smallest to largest. Significant results from t-
tests comparing distributions for variance explained by methylation or
genetics alone versus combined estimate are emboldened. (Table S17).
Genetic and epigenetic factors identified by BayesR+ when conditioning
on all SNPs and CpGs together. (Table S18). Mendelian Randomisation
analyses to assess whether proteins with concordantly identified genetic
signals are causally associated with Alzheimer’s disease risk. (Table S19).

Additional file 3. Details of Supplementary Methods. Contains
information for the following data: Conditional and joint analysis from
ordinary least squares GWAS on protein levels; Sherlock: identifying genes
whose expression associates with inflammatory biomarkers; GWAS and
EWAS of CCL11 levels – incorporating smoking status as a covariate;
Replication of previous pQTLs and protein associated-CpG sites; BayesR+
combined analysis – GWAS and EWAS modelled together; Evaluating
causal associations between blood inflammatory proteins and Alzheimer’s
risk.

Additional file 4: Supplementary Figures. Correlation between the
13 proteins with significant pQTLs as identified by ordinary least squares
and Bayesian penalised regression. (Figure S1). Correlation between
heritability estimates for circulating inflammatory protein biomarkers from
present study and that of Ahsan et al. The protein with the greatest
discordance between studies (MMP-1) is annotated. (Figure S2).
Correlation between the 3 proteins with significant CpG associations as
identified across ordinary least squares model, mixed model and Bayesian
penalised regression approaches. (Figure S3). Tissue-specific expression
of genes annotated to CpGs associated with CCL11 levels at P < 1 × 10− 5.
Differential expression was observed in kidney, adipose and breast tissue.
(Figure S4). Tissue-specific expression of genes annotated to CpGs asso-
ciated with IL18R1 levels at P < 1 × 10− 5. Differential expression was ob-
served in pancreatic, hippocampal and substantia nigra tissue. (Figure
S5). Tissue-specific expression of genes annotated to CpGs associated
with CXCL9 levels at P < 1 × 10–5. No tissue-specific expression was ob-
served. (Figure S6). Miami plot for IL18R1 which exhibited both
genome-wide significant SNP and genome-wide significant CpG associa-
tions. The top half of the plot (skyline) shows the results from the GWAS
on protein levels, whereas the bottom half (waterfront) shows the results
from the EWAS. IL18R1 (chromosome 2: 102,311,529-102,398,775). (Figure
S7).

Additional file 5. Variance in circulating protein levels explained by
common genetic and methylation data together.
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6.3 Conclusion 

For the first time, I provided estimates for the proportion of inter-individual 

variability in blood protein levels explained by genome-wide genotype and 

methylation data. The 70 inflammatory proteins that passed quality control 

criteria showed a wide range of estimates for the variance in plasma levels 

explained by genetic and methylation data.  

 

I provided further evidence for associations between methylation in the NLRC5 

locus and blood levels of cytokines (366). My analyses suggested that 

cigarette smoking might influence CCL11 levels by altering DNA methylation 

in the AHRR locus. A cis-acting pQTL may explain the association between 

IL18R1 methylation and plasma IL18R1 levels. We did not observe strong 

evidence for causal associations between AD risk and the 13 inflammatory 

proteins that exhibited significant pQTLs in this study. However, MR analyses 

suggested that higher blood levels of CD6 and IL18R1 associate with an 

increased risk for inflammatory bowel disease. There was a positive 

association between circulating IL12B levels and Crohn’s disease risk.   

 

GWAS using larger sample sizes are required to uncover further pQTL 

associations for inflammatory protein levels. This will refine our knowledge of 

the molecular mechanisms that regulate the circulating levels of proteins 

involved in inflammation. We could apply these data in more robust multi-SNP 

MR analyses to evaluate the relationships between inflammatory proteins and 

AD or other neurological disorders. In this integrative study, I provided insights 

into the molecular processes that are associated with plasma levels of 

inflammatory proteins. In the next chapter, I use BayesR+ to study the genetic 

and epigenetic factors that associate with 282 proteins linked to AD in the 

literature.  
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7 Genome-wide and epigenome-wide studies on 

Alzheimer’s disease-associated proteins 

 

7.1 Introduction 

Many blood proteins have been associated with AD and other causes of 

dementia in the literature. In this chapter, I perform a structured literature 

review to identify blood proteins that have been associated with AD diagnosis 

or features of the disease. I then use BayesR+ to conduct an integrated GWAS 

and EWAS on plasma levels of these proteins in GS participants (n ≤ 1,064). 

Plasma protein levels were measured using the SOMAscan platform in GS. 

Therefore, I focus on existing studies that assayed plasma proteins using 

SOMAscan technology. I apply two-sample MR to investigate causal 

relationships between plasma protein levels and AD risk. 

 

This study has been submitted for publication and is included in full from 

Section 7.2 to 7.4. 
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Abstract  

The levels of many blood proteins are associated with Alzheimer’s disease or 

its pathological hallmarks. Elucidating the molecular factors that control 

circulating levels of these proteins may help to identify proteins associated with 

disease risk mechanisms. Genome-wide and epigenome-wide studies 

(nindividuals ≤ 1,064) were performed on plasma levels of 282 Alzheimer’s 

disease-associated proteins, identified by a structured literature review. 

Bayesian penalised regression estimated contributions of genetic and 

epigenetic variation towards inter-individual differences in plasma protein 

levels. Mendelian randomisation and colocalisation tested associations 

between proteins and disease-related phenotypes. Sixty-four independent 

genetic and 26 epigenetic loci were associated with 45 proteins. Novel findings 

included an association between plasma TREM2 levels and a polymorphism 

and CpG site within the MS4A4A locus. Higher plasma TBCA and TREM2 

levels were significantly associated with lower Alzheimer’s disease risk. Our 

data inform the regulation of biomarker levels and their relationships with 

Alzheimer’s disease. 

 

7.3 Background 

Alzheimer’s disease (AD) is one of the leading causes of disease burden and 

death globally (417, 418). Blood-based methods for assessing disease risk are 

potentially more cost-effective and less-invasive than neuroimaging methods 

or lumbar punctures for collecting cerebrospinal fluid (CSF). Further, blood-

based measures that reflect brain pathology including beta-amyloid and 

phosphorylated tau are highly promising markers for diagnosis, and for 

recruitment and patient stratification in preventative trials (419-422). 

Approaches that use genomics and untargeted proteomics have suggested 

that there are signals in blood that might supplement targeted assays, and 

contribute to the understanding and prediction of AD (82, 84, 181).  However, 

the relevance of many candidate protein markers identified by untargeted 

approaches to AD remains unclear (181, 422-424). Understanding the 
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molecular factors that regulate the levels of AD-associated proteins may 

identify proteins with likely causal roles in disease risk (204, 205, 339, 425).  

 

Unlike genetic factors which remain largely stable over the life-course, 

differential DNA methylation (DNAm) profiles at individual CpG sites are 

influenced by genetic and non-genetic factors. These include dietary and 

lifestyle behaviours (116). DNAm data may capture independent information 

beyond genetic factors in explaining inter-individual variation in circulating 

protein levels. Several genome-wide association studies (GWAS) have 

catalogued polymorphisms associated with plasma protein levels and 

identified causal relationships between proteins and disease states including 

AD (204, 206, 331, 334-336, 339, 343, 351). Further, Zaghlool et al. (2020) 

performed the only large-scale epigenome-wide association study (EWAS) to 

date on plasma protein levels (>1,000 proteins) (366). Few studies have 

combined GWAS and EWAS data to quantify the independent and combined 

contributions of genetic and epigenetic factors towards differential protein 

biomarker levels (326, 411, 416).   

 

We performed a structured literature review of studies that report associations 

between plasma proteins and AD diagnosis or related traits such as amyloid 

burden and cortical atrophy (155, 163, 170-172, 178, 179, 426-430). We 

focused on studies that measured plasma protein levels using the SOMAscan 

affinity proteomics platform (SomaLogic Inc.) as this matches the protocol 

used in our study, Generation Scotland. We identified 282 proteins that were 

also measured in our sample. Our first aim was to quantify the degree to which 

genome-wide genetic and DNA methylation factors explain inter-individual 

differences in plasma levels of 282 AD-associated proteins. Using these data, 

our second aim was to investigate whether plasma proteins have likely causal 

relationships with AD.     

 

For our first aim, we performed a combined GWAS/EWAS on circulating levels 

of 282 proteins in up to 1,064 participants of the family-based Generation 

Scotland study. Using Bayesian penalised regression (through BayesR+ 
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software), we estimated the proportion of inter-individual variability in plasma 

protein levels that can be accounted for by variation in genetic and DNA 

methylation factors. BayesR+ implicitly adjusts for probe intercorrelations and 

data structure, including relatedness (133). Results were then integrated with 

publicly-available methylation and expression quantitative trait loci 

(mQTL/eQTL) data to probe the molecular mechanisms that might regulate 

protein abundances in plasma. For our second aim, Mendelian randomisation 

(MR) and colocalisation analyses tested for possibly causal relationships 

between plasma protein levels and AD phenotypes.    

 

7.4 Methods  

 

7.4.1 Study Cohort  

Analyses were performed using blood samples from participants of the 

STratifying Resilience and Depression Longitudinally (STRADL) cohort, which 

comprises 1,188 individuals from the larger, family-structured Generation 

Scotland: the Scottish Family Health Study (GS). GS consists of 24,084 

individuals from across Scotland, some of whom were members of the Walker 

Cohort in Dundee (431) and the Aberdeen Children of the 1950s study (432). 

Recruitment for GS took place between 2006 and 2011. Members of the 

STRADL cohort partook in follow-up data collection 4-13 years after baseline 

(388, 433). Of the original GS members, 5,649 were invited to take part in the 

STRADL cohort. There were 1,188 positive respondents. Participants were 

tested across two sites (n = 582 and 606 from Aberdeen and Dundee, 

respectively).  

 

7.4.2 Search strategy and inclusion criteria 

We searched MEDLINE (Ovid interface, Ovid MEDLINE in-process and other 

non-indexed citations and Ovid MEDLINE 1946 onwards), Embase (Ovid 

interface, 1980 onwards), Web of Science (core collection, Thomson Reuters) 

and medRxiv/bioRxiv to identify relevant articles indexed as of 28 May 2021. 

Search terms are outlined in Additional File 1. Twenty-five articles were 
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identified and one further article was identified through a supplemental manual 

literature search. After removal of duplicates, 23 articles were assessed for 

inclusion criteria: (i) original research article, (ii) proteins were measured in 

plasma, (iii) proteins were measured using SOMAscan technology and (iv) 

proteins were associated with Alzheimer’s disease or related phenotypes. 

Twelve articles met inclusion criteria. 

 

7.4.3 Protein measurements in Generation Scotland  

The 5k SOMAscan v4 array was used to quantify the levels of plasma proteins 

in GS participants (n = 1,065). This highly multiplexed platform uses chemically 

modified aptamers termed SOMAmers (Slow Off-rate Modified Aptamers) that 

recognise epitopes on their cognate protein targets with high specificity and 

high affinity in the nanomolar-to-picomolar range. The recognition signal is 

measured as relative fluorescence units (RFUs) on microarrays (195).  

 

Plasma samples were collected in 150 µl aliquots and stored at -80°C. 

Samples were run in 96-well plates and reagents were spread across three 

dilution factors (0.005%, 0.5%, and 20%) to create distinct sets for high, 

medium, and low abundance proteins, respectively. Raw microarray data were 

normalised through a number of quality control steps, which are detailed in 

Additional File 1 (403). After quality control and the exclusion of non‐human 

proteins, deprecated markers and spuriomers, 4,235 SOMAmers were 

retained for proteomic analyses.  

 

Normalised RFUs (from SomaLogic) were first log-transformed and regressed 

onto the following covariates: age, sex, study site (Aberdeen/Dundee), time 

between sample being collected and sample being processed for proteomics 

(factor, 4 levels) and 20 genetic principal components (PCs) of ancestry from 

multidimensional scaling (to control for population structure). Relationships 

between covariates and SOMAmers are shown in Additional File 2: Table S1. 

Residualised RFUs were transformed by rank-based inverse normalisation. 

We refer to these as protein levels; however, they reflect RFUs which have 



109 

 

undergone a number of quality control, transformation and pre-correction 

steps.  

 

7.4.4 Genome-wide association studies 

Generation Scotland samples were genotyped using the Illumina Human 

OmniExpressExome-8v1.0 Bead Chip and processed using the Illumina 

Genome Studio software v2011 (Illumina, San Diego, CA, USA) (389). Quality 

control steps are outlined in Additional File 1. After quality control, 561,125 

SNPs remained for 1,064 individuals. In total, 1,064 individuals had both 

genotype and proteomic data available for analyses.  

 

Bayesian penalised regression GWAS were performed using BayesR+ 

software in C++ (133). BayesR+ utilises a mixture of prior Gaussian 

distributions to allow for markers with effect sizes of different magnitudes. It 

also includes a discrete spike at zero that enables the exclusion of markers 

with non-identifiable effects on the trait of interest. Guided by data from our 

previous studies, mixture variances for the stand-alone GWAS were set to 0.01 

and 0.1 to allow for markers that account for 1% or 10% of variation in 

circulating protein levels, respectively (411, 416). In the combined 

GWAS/EWAS analysis, genotype and DNAm data must have had the same 

number of prior variances (n = 3 each). Therefore, mixture variances for SNP 

data were set to 0.01, 0.1 and 0.2 in the combined analyses. Input data were 

scaled to mean zero and unit variance. Gibbs sampling was used to sample 

over the posterior distribution conditional on input data and 10,000 samples 

were used. The first 5,000 samples of burn-in were removed and a thinning of 

5 samples was applied to reduce autocorrelation. SNPs which exhibited a 

posterior inclusion probability ≥ 95% were deemed significant. 

 

7.4.5 Epigenome-wide association studies 

Blood DNAm in Generation Scotland participants was assessed using the 

Illumina HumanMethylationEPIC BeadChip Array. Blood DNAm was assessed 

in two separate sets. After quality control, 793,706 and 773,860 CpG remained 
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in sets 1 and 2, respectively. In total, 772,619 CpG sites were shared across 

sets. Each set was truncated to these overlapping probes. 

 

In the stand-alone EWAS and combined GWAS/EWAS, mixture variances 

were set to 0.001, 0.01 and 0.1 (n = 778). Missing DNAm data were mean 

imputed separately within each set as BayesR+ cannot accept missing values. 

Both sets were then combined and adjusted for DNAm batch, set, age and 

sex. Each CpG site was scaled to mean zero and unit variance. Houseman-

estimated white blood cell proportions were included as fixed-effect covariates 

in EWAS models (434). CpG sites that had a posterior inclusion probability ≥ 

95% were deemed significant. 

 

Linear mixed-effects models were performed in sensitivity EWAS analyses 

using the lmekin function from the coxme package in R (version 2.2-16) (407). 

DNAm data were pre-corrected for age, sex, batch and set. Houseman-

estimated white blood cell proportions were incorporated as fixed-effect 

covariates and a kinship matrix was fitted to account for relatedness among 

individuals in the family-based STRADL cohort.  

 

7.4.6 Colocalisation analyses  

Formal Bayesian tests of colocalisation were used to determine whether a 

shared causal variant likely underpinned two traits of interest (234). For each 

protein, a 200 kilobase region (upstream and downstream, recommended 

default setting) surrounding the variant was extracted from our GWAS 

summary statistics.  

 

Expression QTL data were extracted from eQTLGen summary statistics. 

Methylation QTL summary statistics were extracted from phenoscanner, 

GoDMC or our own mQTL analyses. Methylation QTL analyses were 

performed using additive linear regression models and by regressing CpG 

sites (beta values) on SNPs (0, 1, 2) while adjusting for age, sex, DNAm batch, 

set, Houseman-estimated white blood cell proportions and 20 genetic PCs (n 

= 778). In instances where an mQTL effect was identified in more than one 
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database, summary statistics from the study with the largest sample size were 

used in coloc (199, 275, 435). For AD-related traits, summary statistics were 

extracted from the relevant GWAS (84, 436, 437). Default priors were applied. 

Summary statistics for all SNPs (± 200 kilobases from the queried SNP) were 

used to estimate the posterior probability for five separate hypotheses: a single 

causal variant for both traits, separate causal variants for both traits, a causal 

variant for just one trait (encompassing two hypotheses), or no causal variant 

for either trait. Posterior probabilities ≥ 95% provided strong evidence for a 

given hypothesis. 

 

7.4.7 Mendelian randomisation  

Bidirectional Mendelian randomisation was used to test for possibly causal 

relationships between (i) gene expression and plasma protein levels, (ii) 

DNAm and plasma protein levels and (iii) plasma protein levels and AD risk or 

related biomarkers. Pruned variants (r2 < 0.1) were used as instrumental 

variables (IVs) in MR analyses. In tests where only one independent variant 

remained after pruning, effect size estimates were assessed using the Wald 

ratio test.  In tests where two SNPs remained, analyses were performed using 

the inverse variance-weighted method. Analyses were conducted using MR-

base (408). Further information on IVs used are provided in Additional File 1.  

 

7.4.8 Ethics approval and consent to participate 

All components of the Generation Scotland study received ethical approval 

from the NHS Tayside Committee on Medical Research Ethics (REC 

Reference Numbers: 05/S1401/89 and 10/S1402/20). All participants provided 

broad and enduring written informed consent for biomedical research. 

Generation Scotland has also been granted Research Tissue Bank status by 

the East of Scotland Research Ethics Service (REC Reference Number: 20-

ES-0021). This study was performed in accordance with the Helsinki 

declaration. 
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7.5 Results  

7.5.1 Identification of plasma proteins associated with Alzheimer’s disease  

Following a structured search of MEDLINE (Ovid), Embase (Ovid), Web of 

Science (Thomson Reuters) and preprint servers, twelve studies were 

identified that reported associations between SOMAscan plasma proteins and 

AD or related traits (Figure 7-1). In total, 359 unique proteins were identified 

and 22 (6.1%) were reported in more than one study (Additional File 2: Table 

S2-S4). In the Generation Scotland dataset, there were 308 SOMAmers (Slow 

Off-rate Modified Aptamers) that targeted 282/359 proteins of interest 

(Additional File 2: Table S5 and Additional File 3: Figure S1). The 282 unique 

proteins were brought forward for analyses (UniProt IDs and Seq-ids are 

shown in Additional 2: Table S6).  
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Figure 7-1 Structured literature review of SOMAscan plasma proteins that were 
associated with Alzheimer’s disease in the literature, and assessment of their 
molecular architectures and relationships with Alzheimer’s disease in the 
present study.  The MEDLINE, Embase, Web of Science databases and preprint 
servers were queried to identify studies that reported associations between 
SOMAscan-measured plasma proteins and Alzheimer’s disease. GWAS, EWAS and 
causal inference analyses were performed to identify molecular correlates of 282 AD-
associated plasma protein levels and to probe their causal relationships with 
Alzheimer’s disease and related traits. AD, Alzheimer’s disease; EWAS, epigenome-
wide association studies; GWAS, genome-wide association studies. Figure created 
using Biorender.com. 
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7.5.2 Genome-wide studies on plasma protein correlates of Alzheimer’s 

disease   

There were 1,064 individuals with genotype and proteomic data in Generation 

Scotland. The mean age of the sample was 59.9 (SD = 5.9) years and 59.1% 

of the sample was female. In the BayesR+ GWAS, 65 independent variants 

(or protein quantitative trait Loci, pQTLs) were associated with 41 SOMAmers 

that mapped to 39 unique protein targets (posterior inclusion probability (PIP) 

≥ 95%; Additional File 2: Table S7). The phenotypic correlation structure of 

these 41 SOMAmers is presented in Additional File 3: Figure S2. The median 

correlation coefficient between SOMAmer levels was 0.18. Thirty-six pQTLs 

represented cis associations (pQTLs within 10 Mb of transcription start site 

(TSS) for a given gene) and 28 pQTLs were trans-chromosomal effects (Figure 

7-2). The majority of variants were located in intronic regions using annotations 

from the ENSEMBL variant effect predictor (46.9%, Additional File 3: Figure 

S3) (438).  
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Figure 7-2. Genome-wide association studies on plasma protein levels 
previously associated with Alzheimer’s disease and disease-related 
phenotypes. (A) Chromosomal locations of pQTLs identified through Bayesian 
penalised regression GWAS. The x-axis shows the chromosomal location of pQTLs 
associated with the levels of SOMAmers that correlate with Alzheimer’s disease 
status or related pathways. The y-axis represents the position of the gene encoding 
the target protein. Cis (red circles); trans (blue circles). (B) A circos plot for the 28 
trans-associated pQTLs from (A). Lines indicate an association between a pQTL and 
SOMAmer. GWAS, genome-wide association studies; pQTL, protein quantitative trait 
locus.  
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Fifty-seven pQTLs were previously reported in GWAS of blood protein levels 

(Additional File 2: Table S8) (204-206, 328, 331, 333, 339, 343, 345, 346, 351, 

360, 363, 411, 416, 439, 440). Variants either directly replicated known 

associations or showed high linkage disequilibrium (LD, r2 > 0.75) with known 

pQTLs for queried proteins. Relative effect sizes reported in the literature 

correlated strongly with those in our study (r = 0.77, 95% confidence interval 

(CI) = [0.66, 0.84]). We identified seven novel pQTLs associated with seven 

unique proteins. Three pQTLs were in cis (for GM2A, MATN3 and IL1RAP). 

Four pQTLs represented trans-chromosomal effects: rs1126680 (BCHE for 

KLK6), rs7867739 (near ABO for ALPI), rs3820897 (COLEC11 for ALPL) and 

rs1530914 (MS4A4A for TREM2). 

 

Thirty-three pQTLs were associated with at least one trait in the GWAS 

Catalog at P < 5 x 10-8 (range = 1-96 associations, Additional File 2: Table S9) 

(62). In relation to AD traits, the trans pQTL in MS4A4A (rs1530914) for 

TREM2 levels is in high LD with a TREM2 variant (rs1582763, r2 ~ 0.9) 

associated with AD in APOE ε4 carriers and family history of AD (84, 441). 

Further, the trans pQTL in APOE (rs769449) for TBCA levels was associated 

with 15 AD-related traits including genetic predisposition to AD and CSF 

biomarkers of the disease (442, 443).  

 

BayesR+ was used to estimate the proportions of inter-individual variation in 

individual plasma protein levels that were attributable to common SNPs (minor 

allele frequency > 1%). Estimates ranged from 5.3% (PRL; 95% credible 

interval (CrI) = [0%, 24.4%]) to 73.0% (IL1RAP; 95% CrI = [56.0%, 83.0%]), 

with a median estimate of 13.0% across all 308 SOMAmers (Additional File 2: 

Table S10).  

 

7.5.3 Colocalisation of protein QTLs with expression QTLs  

The 36 cis pQTLs identified in BayesR+ were annotated to 23 unique proteins. 

For 12/23 proteins, at least one pQTL was previously reported to be an 

expression QTL for the respective gene in blood tissue (eQTL consortium 

database) (199). The R package coloc (234) was used to test the hypothesis 
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that one causal variant might underpin differences in gene expression (eQTL) 

and protein levels (pQTL) for each gene of interest. For two proteins (PCSK7 

and F7), there was strong evidence (posterior probability (PP) > 95%) for a 

shared causal variant underlying gene expression and protein levels 

(Additional File 2: Table S11). MR analyses provided evidence for reciprocal 

associations between changes in gene expression and circulating levels of 

these proteins (Additional File 2: Table S12). Three proteins had weaker 

evidence for colocalisation (PP ≥ 75% for GM2A, LYZ and PDCD1LG2) and 

seven proteins had strong evidence for separate variants underlying gene 

expression and protein levels. 

 

7.5.4 Epigenome-wide studies on plasma protein correlates of Alzheimer’s 

disease   

There were 778 individuals with DNA methylation and proteomic data in the 

Generation Scotland sample. The mean age of the sample was 60.2 (SD = 

8.8) years and 56.4% of the sample were female. Twenty-six CpGs were 

associated with the levels of 20 unique proteins (PIP > 95%, Additional File 2: 

Table S13 and Additional File 3: Figure S4). The median correlation coefficient 

between measured protein levels was 0.16. The associations consisted of 10 

cis CpG sites and 16 trans CpG loci (Figure 7-3). The cg07839457 probe in 

the NLRC5 locus was associated with IL18BP and CSF1R levels, and the 

smoking-associated probe cg05575921 in AHRR (368, 369, 444) was 

associated with PIGR, GHR and WFDC2 levels.  
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Figure 7-3. Epigenome-wide association studies on plasma protein levels 
previously associated with Alzheimer’s disease and disease-related 
phenotypes.  (A) Chromosomal locations of CpGs identified through Bayesian 
penalised regression EWAS. The x-axis shows the chromosomal location of CpG 
sites and the y-axis represents the position of the gene encoding the target 
protein. Cis (red circles); trans (blue circles). (B) A circos plot for the 16 trans-
associated CpGs from (A). Lines indicate an association between a CpG site and 
SOMAmer. EWAS, epigenome-wide association studies.  
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We used linear mixed-effects models that accounted for relatedness to 

perform sensitivity analyses for the 26 CpG associations identified in BayesR+ 

(Additional File 2: Table S14) (407). Effect sizes were highly correlated with 

those from BayesR+ and showed full directional concordance (r = 0.95, 95% 

CI = [0.90, 0.98], Additional File 3: Figure S5). Twenty-one associations were 

replicated at a genome-wide significance threshold of P < 3.6 x 10-8 (125) and 

the remaining five associations were replicated with P < 2.0 x 10-3. Further, 

7/26 CpG associations were previously reported in the literature and effect 

sizes correlated strongly with those in our study (r = 0.98, 95% CI = [0.87, 1.0]). 

The 19 novel CpG sites were associated with levels of 14 unique proteins.   

 

In BayesR+, estimates for the proportions of variability in SOMAmer levels that 

could be accounted for by DNA methylation measured on the EPIC BeadChip 

array ranged from 7.1% (EEA1; 95% CrI = [0%, 27.7%]) to 33.8% 

(MAPKAPK5; 95% CrI = [22.6%, 47.0%]), with a median estimate of 10.0%  

(Additional File 2: Table S15).  

 

Estimates for variance in SOMAmer levels accounted for by genetic and 

methylation data together, while conditioned on each other, ranged from 

21.8% for ENTPD1 (95% CrI = [0.0%, 59.1%]) to 93.3% for GHR (95% CrI = 

80.1%, 100%]) (Additional File 2: Table S16 and Additional File 4). The mean 

and median estimates were 48.7% and 46.8%, respectively.  

 

7.5.5 Colocalisation of protein QTLs with methylation QTLs  

Fourteen proteins had both genome-wide significant pQTL and CpG 

associations in our study. There were 39 possible SNP-CpG pairs across 

these proteins. For each pair, we used linear regression to test whether the 

SNP was associated with CpG methylation at P < 5 x 10-8, thereby 

representing an mQTL effect (Additional File 2: Table S17). We also performed 

look-up analyses of mQTL databases including GoDMC and phenoscanner 

(267, 275, 435). In instances where an mQTL effect was identified in more than 

one database, coefficients from the study with the largest sample size were 

brought forward for colocalisation analyses. Further, in instances where two or 
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more mQTLs were associated with the same CpG site in a given locus, only 

the most significant mQTL was brought forward for colocalisation analyses (n 

= 19 mQTLs, 13 proteins, Additional File 2: Table S18).  

 

For six proteins, we observed strong evidence in coloc that a single causal 

variant might underpin differential DNA methylation levels and protein 

abundances (PP > 95%, Additional File 2: Table S19). The six proteins were 

ANXA2, F7, MATN3, PLA2G2A, PCSK7 and SERPINA3. MR analyses 

provided evidence that relationships between methylation and protein levels 

were bidirectional (Additional File 2: Table S20). 

 

7.5.6 Causal associations between plasma proteins and Alzheimer’s 

disease risk  

Bidirectional MR was applied to test for relationships between the 41 

SOMAmers with pQTL associations in BayesR+ and 20 AD-related traits 

(Additional File 2: Table S21). A Bonferroni-corrected threshold of P < 6.10 x 

10-5 (<0.05/41 x 20) was set. Plasma levels of three proteins had a 

unidirectional association with AD risk: TREM2 (Table 7-1, Wald ratio test, beta 

= -0.13, SE = 0.05, P = 8.4 x 10-17), CSF3 (Wald ratio test, beta = 0.10, SE = 

0.02, P = 5.9 x 10-6) and TBCA (inverse variance-weighted method, beta = -

0.50, SE = 0.12, P = 1.2 x 10-5). Conversely, AD risk was not associated with 

plasma levels of these proteins. Colocalisation analyses provided evidence for 

one causal variant underlying TREM2 or TBCA levels and AD risk, and two 

separate causal variants underlying CSF3 levels and AD risk (Additional File 

2: Table S22).  
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Table 7-1. Mendelian randomisation analyses of plasma protein levels and 
Alzheimer’s disease-associated traits (Bonferroni-corrected P < 6.10 x 10-5).  

Protein Trait Method Beta SE P Reference 

Protein levels affecting Alzheimer’s disease-associated traits 

TBCA 
Log-transformed 

CSF Aβ42 
IVW -0.09 0.01 2.5 x 10-17 (437) 

TREM2 
Alzheimer’s 
disease risk 

Wald ratio -0.13 0.02 8.4 x 10-17 (84) 

TBCA CSF APOE Wald ratio 0.75 0.10 7.3 x 10-14 (445) 

TBCA CSF Aβ (Z-scores) IVW -0.45 0.06 2.1 x 10-13 (437) 

TBCA 
Log-transformed 
CSF Aβ42/Aβ40 

IVW -0.08 0.01 6.9 x 10-10 (437) 

CSF3 
Alzheimer’s 
disease risk 

Wald ratio 0.10 0.02 5.9 x 10-6 (84) 

TBCA 
Alzheimer’s 
disease risk 

IVW -0.50 0.12 1.2 x 10-5 (84) 

Alzheimer’s disease-associated traits affecting protein levels 

TBCA 
Log-transformed 

CSF Aβ42 
Wald ratio -11.14 0.53 4.4 x 10-98 (437) 

TBCA CSF Aβ (Z-scores) Wald ratio -2.13 0.10 5.7 x 10-98 (437) 

TBCA 
Log-transformed 
CSF Aβ42/Aβ40 

Wald ratio 

 

-11.13 

 

0.53 5.7 x 10-98 (437) 

TBCA CSF Aβ Wald ratio 12.21 0.63 3.7 x 10-84 (436) 

CSF, cerebrospinal fluid; IVW, inverse variance-weighted method; SE, standard error.  

 

7.6 Discussion  

In this study, we identified seven novel protein QTLs and 19 novel CpG sites 

that associated with the levels of 18 AD-related plasma proteins. Using 

BayesR+, we provided estimates for associations between common genetic 

and DNAm variation and inter-individual differences in plasma levels of 282 

AD-related proteins. We integrated our data with publicly-available gene 

expression and methylation QTL databases thereby highlighting molecular 

mechanisms that might causally link pQTLs to differential levels of six proteins. 

Using Mendelian randomisation and colocalisation analyses, we observed 
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strong evidence for relationships between plasma levels of TREM2 or TBCA 

and AD risk. These associations were driven by trans pQTLs in MS4A4A and 

APOE, respectively.  

 

For the first time, we show that the trans pQTL (rs1530914) in the MS4A4A 

locus associates with higher plasma TREM2 levels. It is in strong LD (r2 ~ 0.9) 

with the variant rs1582763, which has been associated with higher CSF 

TREM2 levels and lower AD risk (84, 446). Furthermore, it is in moderate LD 

(r2 = 0.6) with a variant in the 3’UTR region of MS4A6A (rs610932) that was 

associated with serum TREM2 levels in a sample of 35,559 Icelanders (447). 

Polymorphisms in MS4A4A was shown to alter MS4A4A expression and 

subsequently modulate TREM2 concentration in human macrophages (448). 

We also identified a novel blood CpG correlate of plasma TREM2 levels 

(cg02521229) located near MS4A4A that previously associated with dementia 

risk in Generation Scotland participants (449). Our data suggest that risk 

mechanisms arising from MS4A4A polymorphisms and TREM2 levels can be 

captured in plasma assays and that these mechanisms may involve differential 

methylation in the MS4A4A locus.  

  

We observed associations between plasma levels of three proteins (CSF3, 

MAPKAPK5 and TBCA) and trans pQTLs in the TOMM40-APOE-APOC2 

locus. Further, we identified two pQTLs and three CpG correlates of plasma 

MAPKAPK5 levels in the TMEM97 locus. MAPKAPK5 correlated with cognitive 

decline in the Twins UK cohort, however its relationship with neuropathology 

is unknown (426). TMEM97 acts a synaptic receptor for beta-amyloid and 

mediates its cellular update via APOE-dependent and APOE-independent 

mechanisms (450, 451). Given that TMEM97 polymorphisms may influence 

MAPKAPK5 levels, our data prioritise MAPKAPK5 for follow-up studies as a 

potential downstream effector or correlate of TMEM97 in amyloid clearance. 

TBCA correlates with beta-amyloid burden (172). TBCA levels are higher in 

individuals with the protective APOE ε2/ε2 genotype and lower in carriers of 

the risk ε4 polymorphism (452). These data are consistent with our GWAS and 

MR analyses. Future studies should examine whether TBCA dysregulation is 
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a cause or consequence of disease risk mechanisms in carriers of APOE ε4 

polymorphisms.  

 

Our study has a number of limitations. First, our review does not reflect an 

exhaustive list of potential AD-associated traits. Furthermore, there is 

heterogeneity across studies in terms of diagnostic criteria and phenotype 

definitions. Second, by focussing on the SOMAscan platform alone, we do not 

capture all blood protein correlates of AD that are reported in the literature. 

Third, an insufficient number of variants were available to test for horizontal 

pleiotropy in Mendelian randomisation analyses. Fourth, it is important to note 

that variants may alter SOMAmer reactivity with protein targets, or reflect 

technical artefacts such as sample handling and cross-reactive events. Fifth, 

our sample consisted of Scottish individuals with a relatively homogenous 

genetic background thereby limiting generalisability of findings.  

 

 

7.7 Conclusion  

In this study, the integration of multiple omics measures has clarified 

associations between blood proteins and disease risk mechanisms in AD. The 

findings in this chapter implicate TBCA and TREM2 as candidate blood-based 

markers of AD risk.  

 

Across Chapters 5-7, I have performed GWAS and EWAS on plasma levels of 

422 unique proteins. My analyses suggested that protein QTLs might influence 

blood levels of eleven proteins through altered DNA methylation. These 

proteins were: ANXA2, DRAXIN, F7, IL18R1, KYNU, MATN3 (Chapters 5 and 

7), MDGA1, NEP, PLA2G2A, PCSK7 and SERPINA3. I used BayesR+ to 

quantify genetic and epigenetic variance component estimates for 342 unique 

proteins across Chapters 6 and 7. I have shown that combining genetic, 

epigenetic and proteomic data can help to elucidate relationships between 

individual blood proteins and disease risk.    
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In the next chapter, I consider an existing composite biomarker termed DNAm 

GrimAge, which combines epigenetic and blood proteomic data to predict 

biological ageing. I assess cross-sectional associations between DNAm 

GrimAge and several cognitive and neurology-related traits.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



125 

 

8 DNAm GrimAge and measures of brain health 

 

8.1 Introduction 

In Section 2.6, I introduce epigenetic measures of ageing and their potential 

utility in understanding the mechanisms that underlie age-related frailty and 

disease. The first generation of epigenetic clocks included Horvath Age and 

Hannum Age and were trained to predict chronological age (314, 315). There 

is conflicting evidence for their cross-sectional associations with cognitive 

function (453-456). However, accelerated biological ageing as indexed by 

Horvath Age and Hannum Age is associated with brain lesions (453, 455), 

longitudinal measures of cognitive decline (457, 458) and established risk 

factors for AD (309). Lu et al. (2019) demonstrated that a novel epigenetic 

predictor of mortality termed DNAm GrimAge outperformed existing epigenetic 

clocks in predicting the incidence of common diseases including coronary 

artery disease and cancer. Furthermore, an accelerated DNAm GrimAge 

cross-sectionally associated with type 2 diabetes, high blood pressure and 

excess visceral fat (313). However, the authors did not test for associations 

between DNAm GrimAge and measures of cognitive ability or decline.  

 

DNAm GrimAge is of particular interest in this thesis as it incorporates 

methylation-based signatures of seven plasma protein levels. Therefore, in this 

chapter, I investigate cross-sectional associations between age-adjusted 

DNAm GrimAge and measures of physical and cognitive fitness, lesions on 

brain MRI scans and neurological protein biomarkers. I carry out these 

analyses using blood, cognitive and neuroimaging data from 709 LBC1936 

participants (mean age = 73 years). I also examine whether an accelerated 

DNAm GrimAge measured at age 70 predicts all-cause mortality and cognitive 

decline up to age 79 in the LBC1936 cohort (n = 906).  

 

This study was published in Molecular Psychiatry (459) in December 2019 

and is included in full in Section 8.2.   
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8.2 An epigenetic predictor of death captures multi-modal 

measures of brain health 
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Abstract
Individuals of the same chronological age exhibit disparate rates of biological ageing. Consequently, a number of
methodologies have been proposed to determine biological age and primarily exploit variation at the level of DNA
methylation (DNAm). A novel epigenetic clock, termed ‘DNAm GrimAge’ has outperformed its predecessors in predicting
the risk of mortality as well as many age-related morbidities. However, the association between DNAm GrimAge and
cognitive or neuroimaging phenotypes remains unknown. We explore these associations in the Lothian Birth Cohort 1936
(n= 709, mean age 73 years). Higher DNAm GrimAge was strongly associated with all-cause mortality over the eighth
decade (Hazard Ratio per standard deviation increase in GrimAge: 1.81, P < 2.0 × 10−16). Higher DNAm GrimAge was
associated with lower age 11 IQ (β=−0.11), lower age 73 general cognitive ability (β=−0.18), decreased brain volume
(β=−0.25) and increased brain white matter hyperintensities (β= 0.17). There was tentative evidence for a longitudinal
association between DNAm GrimAge and cognitive decline from age 70 to 79. Sixty-nine of 137 health- and brain-related
phenotypes tested were significantly associated with GrimAge. Adjusting all models for childhood intelligence attenuated to
non-significance a small number of associations (12/69 associations; 6 of which were cognitive traits), but not the association
with general cognitive ability (33.9% attenuation). Higher DNAm GrimAge associates with lower cognitive ability and brain
vascular lesions in older age, independently of early-life cognitive ability. This epigenetic predictor of mortality associates
with different measures of brain health and may aid in the prediction of age-related cognitive decline.

Introduction

The rapid ageing of the global population has resulted in an
increase in the personal and societal burden of age-associated
disease and disability [1]. Consequently, there is an urgent
need to identify those individuals at high risk of age-related

morbidities and mortality. Recently, a number of methods for
determining biological age have been developed which
leverage inter-individual variation in physiological and
molecular characteristics [2–6]. Primarily, these measures of
biological age have focussed on variation at the level of
DNA methylation (DNAm). DNAm is a commonly-studied
epigenetic mechanism typically characterised by the addition
of a methyl group to a cytosine-phosphate-guanine (CpG)
nucleotide base pairing, thereby permitting regulation of
gene activity [7]. Crucially, these biological age predictors,
also referred to as ‘epigenetic clocks’, correlate strongly with
chronological age; furthermore, for a given chronological
age, an advanced epigenetic age is associated with increased
mortality risk and many age-related morbidities [8–12].

A novel epigenetic clock, termed ‘DNAm GrimAge’ has
been developed to predict mortality [13]. To derive DNAm
GrimAge, an elastic net Cox regression model was used to
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regress time-to-death due to all-cause mortality on chron-
ological age, sex and DNAm-based surrogates for smoking
pack years and 12 plasma proteins. The model selected
chronological age, sex and methylation-based surrogates for
smoking pack years and for 7/12 plasma proteins. The
linear combination of these variables allows for an estima-
tion of DNAm GrimAge. As with other epigenetic clocks, if
an individual’s DNAm GrimAge is higher than their
chronological age, then this provides a measure of accel-
erated biological ageing. Lu et al. [13] comprehensively
demonstrated that an accelerated DNAm GrimAge (also
known as AgeAccelGrim) is associated with a number of
peripheral, lifestyle and cardiometabolic traits and outper-
forms predecessor clocks in predicting death. However, the
relationship between an accelerated GrimAge and cognitive
as well as neuroimaging phenotypes remains unexplored.
As brain structure and cognitive function show mean
declines with age, and associate with disability and disease
burden, the discovery of molecular correlates of neurolo-
gical and neurostructural aberrations may be of particular
benefit in gerontology [14, 15]. In this study we test the
hypothesis that, in a large narrow age-range population
cohort of older adults (Lothian Birth Cohort 1936
(LBC1936)), an accelerated DNAm GrimAge is cross-
sectionally associated with poorer cognitive performance,
structural neuroimaging measures and neurology-related
proteins.

In addition, higher childhood intelligence (as defined by
age 11 IQ) is associated with a lower risk of mortality across
the life course [16–18]. Furthermore, childhood intelligence
associates with a healthier lifestyle and less morbidity in
middle age, as well as a lower allostatic load in older age
[19–21]. Intelligence in early life is related to variability in
cortical thickness, white matter macro- and micro-structure,
as well as cognitive ability, fewer vascular lesions and lower
risk of stroke in later life [22–27]. Notably, adjustment for
age 11 IQ was recently shown to attenuate associations
between another epigenetic clock measure, DNAm Pheno-
Age, and a wide range of phenotypes including cognitive
traits in LBC1936 [28]. Therefore, we also test the
hypothesis that controlling for childhood intelligence
attenuates associations between DNAm GrimAge and mor-
tality, cognitive and neuroimaging measures, as well as
neurology-related proteins in older age.

Materials and methods

The Lothian Birth Cohort 1936

The LBC1936 comprises Scottish individuals born in 1936,
most of whom took part in the Scottish Mental Survey 1947
at age 11. Participants who were living within Edinburgh

and the Lothians were re-contacted ~60 years later. Of these
participants, 1091 consented and joined the LBC1936.
Upon recruitment, participants were ~70 years of age (mean
age: 69.6 ± 0.8 years) and subsequently attended four
additional waves of clinical examinations about every 3
years. Detailed genetic, epigenetic, physical, psychosocial,
cognitive, neuroimaging, health and lifestyle data are
available for members of the LBC1936. Recruitment and
testing of the LBC1936 have been described previously
[29, 30].

Methylation preparation in the Lothian Birth Cohort
1936

DNA from whole blood was assessed using the Illumina
450 K methylation array at the Edinburgh Clinical Research
Facility. Details of quality control procedures have been
described elsewhere (see Supplementary Methods) [31, 32].

Derivation of DNAm GrimAge

DNAm GrimAge was calculated using the online age cal-
culator (https://dnamage.genetics.ucla.edu/) developed by
Horvath [33]. LBC1936 methylation data were used as
input for the algorithm and data underwent a further round
of normalisation by the age calculator. The DNAm
GrimAge biomarker was calculated using a method
developed by Lu et al. [13] and is based on a linear com-
bination of age, sex, DNAm-based surrogates for smoking,
and seven proteins (adrenomedulin (DNAm ADM), beta-2-
microglobulin (DNAm B2M), cystatin C (DNAm cystatin
C), growth differentiation factor 15 (DNAM GDF15),
leptin (DNAm leptin), plasminogen activation inhibitor
1 (DNAm PAI1), and tissue inhibitor metalloproteinaise
(DNAm TIMP1)). Supplementary Fig. 1 shows the corre-
lation between all methylation-based surrogates. All pre-
dictors, with the exception of DNAm Leptin (r2=−0.29),
were positively correlated with DNAm GrimAge (absolute
range= [0.24: 0.82], median= 0.25 and mean of correla-
tion coefficients= 0.25). The difference between DNAm
GrimAge and chronological age (an accelerated DNAm
GrimAge) provides a measure of biological ageing. In a
previous study, for a given chronological age, individuals
with higher DNAm GrimAge had a higher risk for mor-
tality than individuals of the same chronological age with a
lower DNAm GrimAge [13].

Phenotypic data

Our phenotypic analyses were divided into four sections.
Firstly, we examined the association between age-adjusted
DNAm GrimAge and mortality in the LBC1936 over
9 years of follow-up. For our survival models (and later
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longitudinal cognitive analyses), we aimed to determine
whether DNAm GrimAge at Wave 1 of the LBC1936 study
(n= 906; age: 70 years) could predict mortality (or cogni-
tive decline) over all four waves of available data (to age
79 years). For all other phenotypic analyses, we examined
cross-sectional associations with age-adjusted DNAm
GrimAge at Wave 2 (age: 73 years). This is because com-
plete proteomic, brain imaging, DNAm and phenotypic data
were available at this time point only (n= 709 individuals).
For cross-sectional analyses, we did not wish to determine
whether Wave 1 (age: 70 years) epigenetic data associated
with Wave 2 (age: 73 years) phenotypic data in order to
limit the potential issue of retrocausality. In this first sec-
tion, we also investigated the cross-sectional association of
an accelerated DNAm GrimAge with a number of physical
(body mass index, height, grip strength, lung function and
weight) and blood traits (albumin, C-reactive protein, cho-
lesterol, creatinine, ferritin, interleukin-6 and iron; at Wave
2; age 73 years) that have been related to mortality and
frailty in older age [34–42].

Secondly, we tested the association between an acceler-
ated DNAm GrimAge and cognitive traits (n= 18 pheno-
types). Cognitive tests taken at Wave 2 (age: 73 years)
included six Wechsler Adult Intelligence Scale-III UK
(WAIS-III) non-verbal subtests (matrix reasoning, letter
number sequencing, block design, symbol search, digit
symbol, and digit span backward). Principal component
analysis (PCA) was performed using these cognitive tests
and scores on the first un-rotated principal component
(general cognitive ability, g) were extracted which
explained 51% of variance. Individual test loadings ranged
from 0.65 to 0.75. Wechsler Memory Scale-III items as well
as measures of crystallised intelligence and reaction time
were also examined in relation to DNAm GrimAge. In
addition, we examined whether an accelerated DNAm
GrimAge associated with APOE ε4 carrier status. Similar to
our survival analyses, we used Wave 1 epigenetic data to
determine whether DNAm GrimAge (at age 70 years) could
predict decline in general cognitive ability across all four
waves of the LBC1936 study. For this analysis, we used the
lmerTest package in R to fit mixed-effects models to regress
general cognitive ability onto sex and an interaction term
between DNAm GrimAge at Wave 1 and chronological
age, all as fixed effects [43]. In addition, participant ID was
fitted as a random effect on the intercept.

Thirdly, we tested the association between an accelerated
DNAm GrimAge and neuroimaging phenotypes at Wave 2
(age: 73 years, see Supplementary Methods). The brain
MRI acquisition and processing pipeline has been made
available in an open access protocol paper [44]. Total brain,
normal-appearing white matter, grey matter and white
matter hyperintensity volumes were segmented using
a semi-automated multi-spectral technique [45]. These

volumes were then expressed as a proportion of intracranial
volume (ICV), which controls for the confounding effect of
head size. The resultant ratios were tested for associations
with age-adjusted DNAm GrimAge. Diffusion-tensor ima-
ging-derived measures of fractional anisotropy (FA) and
mean diffusivity (MD) were obtained for participants at
Wave 2 (age: 73 years). Prior to conducting region-specific
analyses, general factors of FA (gFA) and MD (gMD) were
derived by entering the left and right FA and MD values
of each tract separately into a PCA. Scores from the first
un-rotated principal component were extracted and labelled
as gFA (variance explained: 52%, loadings: 0.46–0.95) or
gMD (variance explained: 48%, loadings: 0.47–0.88),
respectively. These general factors reflect common micro-
structural properties across main white matter pathways and
capture the common variance in white matter integrity [46].

Fourthly, we tested the association between an acceler-
ated DNAm GrimAge and the levels of 92 neurological
protein biomarkers (Olink® neurology panel). The neurol-
ogy panel represents proteins with established links to
neuropathology as well as exploratory proteins with roles in
processes including cellular communication and immunol-
ogy. Plasma was extracted from 816 blood samples col-
lected in citrate tubes at mean age 72.5 ± 0.7 years (Wave 2;
Supplementary Methods). Protein levels were transformed
by rank-based inverse normalisation. Normalised protein
levels were regressed onto age-adjusted DNAm GrimAge.

Descriptive statistics for phenotypes are presented in
Supplementary File 1. Data collection protocols have
been described fully previously and are described in Sup-
plementary Note 1 [47].

Statistical analyses

DNAm GrimAge was regressed onto chronological age for
all LBC1936 participants. These residuals were defined as
an accelerated DNAm GrimAge (also known as AgeAc-
celGrim). Linear regression models were used to investigate
relationships between continuous variables and an acceler-
ated DNAm GrimAge, as well as age-adjusted methylation-
based surrogates for smoking pack years and the plasma
proteins that feed into DNAm GrimAge. Logistic regression
was used to test the association between methylation-based
predictors and APOE ε4 carrier status. An accelerated
DNAm GrimAge, age-adjusted DNAm Pack Years or age-
adjusted DNAm plasma protein levels were the independent
variable of interest in each regression model and all vari-
ables were scaled to have a mean of zero and unit variance.
Height and smoking status were included as covariates in
the models for lung function (forced expiratory volume
FEV1; forced vital capacity: FVC; forced expiratory ratio:
FER; and peak expiratory flow: PEF). All models were
adjusted for chronological age and sex. Mixed-effects
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models were used to examine the longitudinal association
between an accelerated DNAm GrimAge and general cog-
nitive ability. To investigate possible statistical confounding
by childhood cognitive ability, all models were repeated
with adjustment for age 11 IQ scores. To correct for mul-
tiple testing, and given that the methylation-based pre-
dictors exhibited a high degree of inter-correlation, we
applied the false discovery rate (FDR; [48]) method to
phenotypic association analyses (n= 137 phenotypes),
separately for each predictor. Associations between age-
adjusted DNAm GrimAge and regional cortical volume
were conducted using the SurfStat toolbox (http://www.ma
th.mcgill.ca/keith/surfstat) for Matrix Laboratory R2018a
(The MathWorks Inc, Natick, MA), using the same cov-
ariates as above and FDR correction for multiple testing.

Results

Cohort characteristics

Details of LBC1936 participant characteristics at Waves 1
and 2 are presented in Supplementary File 1. Briefly, 47.6%
of participants in this study were female. At Wave 1
(relating to the mortality and longitudinal analyses), mean
chronological age for both males and females was 69.6
years (SD 0.8), whereas the mean DNAm GrimAge was
67.4 years (SD 5.2). At Wave 2 (relating to cross-sectional
analyses), mean chronological age for both males and
females was 72.5 years (SD 0.7), whereas the mean DNAm
GrimAge was 70.0 years (SD 4.9). The lower mean mea-
sure of epigenetic age when compared to chronological age
may reflect overall good health of the cohort. However, the
variance associated with DNAm GrimAge is much higher
than that of chronological age. When calculated across all
four available waves of the LBC1936 study, DNAm
GrimAge exhibits an intra-class correlation coefficient of
0.85. Mean age 11 IQ scores were 100.69 (SD: 15.37).
Notably, lower IQ scores at age 11 (β=−0.11, P= 0.02)
were associated with an accelerated DNAm GrimAge.
Associations between age 11 IQ and tested phenotypes are
presented in Supplementary File 2.

DNAm GrimAge predicts mortality and associates
with frailty factors in the LBC1936

Mortality in LBC1936 participants was assessed in relation
to an accelerated DNAm GrimAge as well as age-adjusted
DNAm-based surrogate markers for plasma protein levels
and smoking pack years. DNAm GrimAge was derived for
906 participants with methylation data (at Wave 1: age
70 years). There were 226 deaths (24.9%) over 9 years of
follow-up.

A higher DNAm GrimAge was significantly associated
with risk of all-cause mortality (Hazard Ratio (HR)= 1.81
per SD increase in DNAm GrimAge, 95% confidence
interval (CI)= [1.58, 2.07], P < 2.0 × 10−16). Furthermore,
higher levels of age-adjusted DNAm Pack Years were
associated with all-cause mortality in the LBC1936 (HR=
1.64 per SD, 95% CI [1.46, 1.86], P= 2.0 × 10−16). In
relation to methylation-based surrogates for plasma protein
levels, six of the seven DNAm protein surrogates (DNAm
ADM, B2M, Cystatin C, GDF15, PAI1 and TIMP1) were
significantly associated with all-cause mortality (see Sup-
plementary File 3; Fig. 1a). Following adjustment for age
11 IQ, there was very little change in the HRs and all of
the predictors remained significant. Indeed, HRs from all
survival models ranged from an attenuation of 2.4% to
an increase of 1.8% following adjustment for childhood
intelligence.

A Kaplan–Meier survival plot for an accelerated DNAm
GrimAge, split into the highest and the lowest quartiles, is
presented in Fig. 1b illustrating the higher mortality risk for
those with a higher DNAm GrimAge. Kaplan–Meier sur-
vival plots for methylation-based surrogates for smoking
pack years and plasma protein levels are presented in
Supplementary Fig. 2.

For the remainder of the results, only those associations
with an FDR-corrected significant P value ( < 0.05) are pre-
sented herein and in Fig. 2. Full results are presented in
Supplementary File 4. In relation to major mortality- and
frailty-associated physical traits in the LBC1936, an accel-
erated DNAm GrimAge was associated with increased levels
of interleukin-6 (β= 0.37, P= 2.3 × 10-18), C-reactive pro-
tein (β= 0.25, P= 2.8 × 10−8), creatinine (β= 0.16, P=
1.1 × 10−4), an increased body mass index (β= 0.16, P=
2.9 × 10−4), triglyceride concentration (β= 0.13, P= 5.0 ×
10−3) and body weight (β= 0.09, P= 0.04) (Fig. 2). The
relationship between accelerated DNAm GrimAge and tri-
glycerides was no longer significant after controlling for
childhood cognitive ability with the effect size decreasing
from 0.13 to 0.09 (32.5% attenuation) (Supplementary
File 4).

An accelerated DNAm GrimAge was negatively asso-
ciated with all four measures of lung function (β= [−0.16
to −0.27], P= [9.4 × 10−7 to 1.7 × 10−16]), iron levels
(β=−0.24, P= 7.2 × 10−7), low-density lipoprotein
cholesterol levels (β=−0.17, P= 1.1 × 10−4), total cho-
lesterol levels (β=−0.13, P= 1.1 × 10−4) and height
(β=−0.08, P= 0.01) (Fig. 2). Only the relationship
between accelerated DNAm GrimAge and height was
non-significant after controlling for childhood intelli-
gence, with the effect size attenuating from −0.08 to
−0.06 (% attenuation: 24.5%) (Supplementary File 4). On
average, associations were attenuated by 2.5% after con-
trolling for age 11 IQ [ranged from: 19.1% increase (total
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Fig. 2 Cross-sectional association between age-adjusted DNAm
GrimAge and cognitive, neuroimaging and physical traits in the
LBC1936. Cognitive: An accelerated DNAm GrimAge was negatively
associated with the general factor of cognitive ability, digit symbol
coding, symbol search and matrix reasoning tasks. DNAm GrimAge
was also associated with an increased mean four choice reaction time.
Neuroimaging: Age-adjusted DNAm GrimAge was negatively asso-
ciated with the ratios of white matter volume, brain volume and grey
matter volume to intracranial volume, and positively associated with
the ratio of volume of white matter hyperintensities to intracranial
volume. Physical: An accelerated DNAm GrimAge was negatively
associated with four measures of lung function: forced expiratory

volume in 1 s, forced vital capacity, forced expiratory ratio and peak
expiratory flow, as well as levels of iron, low-density lipoprotein
cholesterol and total cholesterol. Age-adjusted DNAm GrimAge was
positively associated with weight, levels of creatinine, body mass
index as well as levels of C-reactive protein and interleukin-6.
Horizontal lines indiciate 95% confidence intervals. BMI body mass
index, CRP C-reactive protein, FCRT four choice reaction time, FER
forced expiratory ratio, FEV forced expiratory volume, FVC forced
vital capacity, GM grey matter, ICV intracranial volume, IL6 inter-
leukin-6, LDL low-density lipoprotein, PEF peak expiratory flow, WM
white matter, WHM white matter hyperintensities

Fig. 1 DNAm GrimAge and its component surrogate markers predict
mortality in the LBC1936. a Forest plot showing hazard ratios and
95% confidence intervals (horizontal lines) from Cox proportional
hazard models for DNAm GrimAge and its constituent DNAm sur-
rogate markers in the LBC1936 (n= 906, no. of deaths= 226

following nine years of follow-up). All associations with the excep-
tions of DNAm Leptin were significant. b Kaplan–Meier survival
curve exhibiting the survival probabilities for the top (highest DNAm
GrimAge) and bottom quartiles (lowest DNAm GrimAge) for DNAm
GrimAge in the LBC1936 following 9 years of follow-up
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cholesterol) to 32.5% attenuation (triglycerides)]. All
associations between blood and physical traits and an
accelerated DNAm GrimAge in this study are presented in
Supplementary Fig. 3. Relationships between all pheno-
types tested in this study and age-adjusted DNAm Pack
Years as well as age-adjusted plasma protein levels are
presented in Supplementary File 5. Significant relation-
ships are further detailed in Supplementary Note 2.

DNAm GrimAge associates with lower cognitive
ability in the LBC1936

An accelerated DNAm GrimAge was significantly asso-
ciated with lower measures of general cognitive ability
(g: β=−0.18, P= 8.0 × 10−6; n= 709). Furthermore, an
accelerated DNAm GrimAge was negatively associated with
all six component tests for fluid intelligence from which g
was derived (see Section “Phenotypic data”; β= [−0.11 to
−0.16], P= [0.02 to 2.4 × 10−4]). In addition, an accelerated
DNAm GrimAge was associated with an increased four
choice reaction time mean (β= 0.16, P= 2.9 × 10−4). Lower
IQ scores at age 70 (which correlated 0.70 with age 11 IQ
scores) were associated with age-adjusted DNAm GrimAge
(β=−0.11, P= 0.02). An accelerated DNAm GrimAge
was also negatively associated with the following measures
of crystallised intelligence: the Wechsler Test of Adult
Reading (β=−0.13, P= 4.0 × 10−3) and the National Adult
Reading Test (β=−0.10, P= 0.03).

Following adjustment for age 11 IQ, an accelerated
DNAm GrimAge remained significantly associated with
general cognitive ability (g: β=−0.12, P= 2.0 × 10−3;
33.9% attenuation). Three out of the six tests which con-
stitute the general intelligence factor remained significant
after adjustment for age 11 IQ (digit-symbol coding, symbol
search, and matrix reasoning). Furthermore, the association
between an accelerated DNAm GrimAge and an increased
mean four choice reaction time remained significant fol-
lowing adjustment for age 11 IQ (Fig. 2). On average,
associations between cognitive tasks and an accelerated
DNAm GrimAge were attenuated by 41.1% following con-
trolling for age 11 IQ (ranging from 21.7% attenuation [four
choice reaction time] to 77.4% attenuation [National Adult
Reading Test]). All associations between cognitive traits and
an accelerated DNAm GrimAge in this study are presented
in Supplementary Fig. 4. Finally, an accelerated DNAm
GrimAge was not associated with APOE ε4 carrier status—
the strongest genetic risk factor for Alzheimer’s disease
(odds ratio= 0.96, 95% CI= [0.93, 1.00], P= 0.06).

Accelerated DNAm GrimAge showed a borderline sig-
nificant association with faster cognitive decline (interac-
tion term between an accelerated DNAm GrimAge at Wave
1 and age: β=−0.018, P= 0.05; n= 906). This associa-
tion was attenuated following adjustment for age 11 IQ

(β=−0.015, P= 0.11, % attenuation: 16.7%). Secondly,
restricting the set of individuals to just those incorporated
into our cross-sectional design (n= 709), accelerated
DNAm GrimAge at Wave 1 was significantly associated
with decline in general cognitive ability across the eighth
decade (β=−0.020, P= 0.03; n= 709). After adjusting
for childhood cognitive ability, this association was
attenuated to non-significance (β=−0.017, P= 0.07, %
attenuation: 15%).

DNAm GrimAge is associated with gross
neurostructural differences in the LBC1936

An accelerated DNAm GrimAge was associated with lower
white matter volume (β=−0.28, P= 1.7 × 10−8), total
brain volume (β=−0.25, P= 1.4 × 10−7) and grey matter
volume (β=−0.22, P= 1.3 × 10−5). Furthermore, an
accelerated DNAm GrimAge was associated with an
increased volume of white matter hyperintensities (β=
0.17, P= 1.0 × 10−3) (Fig. 2). All associations remained
significant following adjustment for age 11 IQ (Supple-
mentary File 4). On average, these associations were
attenuated by 6.98% after adjusting for age 11 IQ. All
associations between neuroimaging traits and an accelerated
DNAm GrimAge in this study are presented in Supple-
mentary Fig. 5.

An accelerated DNAm GrimAge was not significantly
associated with general factors of white matter micro-
structural metrics i.e. fractional anisotropy (β=−0.009,
P= 0.89) or mean diffusivity (β=−0.001, P= 0.98), hence
additional regional analyses were not performed. However,
given that DNAm GrimAge was associated with grey matter
volume, we further tested whether there was regional cor-
tical heterogeneity in relation to the DNAm GrimAge-grey
matter association. The negative association between accel-
erated DNAm GrimAge and cortical volume showed a
degree of regional heterogeneity across the cortical surface
(Fig. 3). The strongest magnitudes were evident in lateral
and medial frontal and temporal regions, extending into
motor and somatosensory cortex as well as into the posterior
cingulate and precuneal areas. In contrast, associations in
occipital and inferior lateral and medial frontal regions
were non-significant. When the associations were addition-
ally corrected for age 11 IQ, the magnitude of the effect sizes
at the FDR-significant loci were weakly attenuated
(mean t-value attenuation= 3.36%; Supplementary Fig. 6).

Association of DNAm GrimAge with neurological
protein biomarkers

Forty of the 92 neurology-related Olink® proteins were
significantly associated with an accelerated DNAm
GrimAge at FDR-corrected P < 0.05 (n= 709). These
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proteins explained between 0.73% (β=−0.09, NC-Dase)
to 7.19% (β= 0.30, SKR3) of inter-individual variation in
an accelerated DNAm GrimAge (in a model which was not
adjusted for age and sex; Supplementary File 6). Following
adjustment for age 11 IQ, 36/40 associations (90%)
remained significant. After adjusting for age 11 IQ, asso-
ciations were, on average, attenuated by 3.03%.

Correlation between DNAm GrimAge and DNAm
Pack Years

We observed that DNAm GrimAge and DNAm Pack
Years were highly correlated (correlation coefficient:
0.82) and were cross-sectionally associated with many of
the same variables in our phenotypic analyses (Supple-
mentary File 7). Therefore, we carried out a follow-up
analysis to determine the difference in magnitude between
the effect sizes for DNAm GrimAge or DNAm Pack
Years in relation to phenotypes associated with both
predictors. Prior to adjusting for age 11 IQ, the effect sizes
had a correlation coefficient of 0.88. However, they were,
on average, 16.5% greater for DNAm GrimAge when
compared to DNAm Pack Years. Following adjustment
for age 11 IQ, the correlation coefficient was 0.84, and the
effect sizes were, on average, 23.1% greater for DNAm
GrimAge upon comparison to DNAm Pack Years. A plot
demonstrating the correlation between effect sizes for
DNAm GrimAge and DNAm Pack Years from our cross-
sectional phenotypic analyses is presented in Supple-
mentary Fig. 7.

Sex-specific differences in associations with DNAm
GrimAge

As a sensitivity analysis, we accounted for an interaction
between age-adjusted DNAm GrimAge and sex. Prior to
adjusting for age 11 IQ, there was evidence for a sex-specific
difference only in the relationships between an accelerated
DNAm GrimAge and all four measures of lung function
(FVC: βGrimAge ×males= 0.50, PGrimAge ×males= 5.6 × 10−39;
FEV: βGrimAge ×males= 0.39, PGrimAge ×males= 1.3 × 10−23;
PEF: βGrimAge ×males= 0.17, PGrimAge ×males= 1.2 × 10−4; FER:
βGrimAge ×males=−0.14, PGrimAge ×males= 0.049) (Supplemen-
tary File 8). The same interaction model was also rerun
accounting for age 11 IQ. Three of the lung function tests
(all but FER), as well as reading ability and general cognitive
ability, exhibited significant interactions between sex and
DNAm GrimAge (Supplementary File 9).

Adjustment for educational attainment

In a further sensitivity analysis, we found that an accelerated
DNAm GrimAge was significantly associated with years of
education (β=−0.12, P= 1.7 × 10−3). Models adjusted for
age 11 IQ were rerun with an additional adjustment for years
of education. Of the 57 relationships which remained sig-
nificant after adjusting for age 11 IQ, eight were attenuated to
non-significance when adjusting for education. These inclu-
ded associations with symbol search and weight (β=−0.10
to −0.08, % attenuation= 22.3%; β= 0.09 to 0.05, %
attenuation= 44.4%, respectively) and with six proteins

Fig. 3 Cross-sectional association between age-adjusted DNAm
GrimAge and regional cortical volume in the LBC1936. Left panel: t
values indicate the magnitude of the negative association (values have
been flipped for visualisation purposes). An accelerated DNAm

GrimAge was negatively associated with cortical volume. Right panel:
Corresponding FDR-corrected P values indicate the spatial distribution
of significant associations. FDR false discovery rate
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(THY 1, RGMA, CDH3, TNFRSF21, NEP and TMPRSS5,
mean attenuation: 8.8%) (Supplementary File 10).

Discussion

In this study, we found that a higher-than-expected DNAm
GrimAge strongly predicted mortality and was associated
with a number of mortality- and frailty-associated traits. This
provides the first external replication of the association
between DNAm GrimAge and survival. After controlling for
childhood cognitive ability, we found that an accelerated
DNAm GrimAge was cross-sectionally associated with lower
general cognitive ability as well as slower reaction time speed
and lower scores on processing speed and perceptual orga-
nisation tasks. There was tentative evidence to suggest that an
accelerated DNAm GrimAge measured at age 70 may predict
decline in general cognitive ability up to age 79. Furthermore,
an accelerated DNAm GrimAge was associated with gross
neuroanatomical differences and vascular lesions in older age.
Finally, a number of neurology-related proteins were asso-
ciated with an accelerated DNAm GrimAge.

DNAm GrimAge was developed using mortality as a
reference and consequently supplants its predecessors in
relation to mortality risk prediction. Indeed, in this study, we
observed a hazard ratio of 1.81 per standard deviation
increase in an accelerated DNAm GrimAge, which outper-
forms that of previous epigenetic clocks (Hannum Age HR:
1.22, Horvath Age HR: 1.19; DNAm PhenoAge HR: 1.17; all
applied to LBC1936) [8, 28]. In relation to mortality- and
frailty-associated traits, the strongest association was between
DNAm GrimAge and interleukin-6. Furthermore, DNAm
GrimAge was strongly associated with C-reactive protein
(whose production is stimulated by interleukin-6). Together,
this corroborates evidence for the “inflammaging” theory
which postulates that chronic, low-grade inflammation sig-
nificantly influences biological ageing and decline [49]. An
accelerated DNAm GrimAge was also associated with lower
low-density lipoprotein cholesterol and total cholesterol. In
older age, lower levels of these blood-based factors are also
associated with higher risk of mortality [50]. In addition,
DNAm GrimAge was associated with a higher body mass
index which does not agree with previous findings showing
that an increased body mass index is protective against
mortality risk [39]. However, this may be driven by a strong
association between DNAm Leptin and body mass index.
Indeed, leptin is an adipose tissue-derived hormone which
acts an appetite suppressant, and is strongly correlated with
body mass index and obesity [51, 52].

We observed a significant relationship between higher
childhood intelligence (as well as age 70 IQ) and a lower

DNAm GrimAge in older age. After controlling for child-
hood cognitive ability, associations between DNAm
GrimAge and tests of crystallised intelligence were atte-
nuated to non-significance. This finding is not surprising
given that crystallised intelligence remains stable through-
out adulthood [53], and that the National Adult Reading
Test strongly retrodicts childhood IQ in this sample [54].
However, relationships between DNAm GrimAge and
general cognitive ability, as well as fluid intelligence mea-
sures, remained significant after adjusting for age 11 IQ.
Nevertheless, these associations were attenuated by an
average of 41.4% following adjustment for age 11 IQ.
Therefore, blood-based methylation changes, as captured by
DNAm GrimAge, helps to explain additional variance in
late life cognitive ability and fluid intelligence.

An accelerated DNAm GrimAge was significantly
associated with gross neurostructural differences, including
reductions in total brain, grey matter and white matter
volumes and increases in white matter hyperintensity
volumes. There was also some heterogeneity in the associa-
tions with regional cortical volume, whereby effects were
strongest in frontal and temporal regions. These regions also
exhibit the largest annual decrease in middle and older age
[55], and are most informative for predicting chronological
age (albeit using cortical thickness rather than volume; [56]).
White matter hyperintensities, which associate with DNAm
GrimAge, have also been linked to cortical loss in temporal
and lateral frontal regions [57]. This may indicate that altered
methylation profiles could help explain mechanistic rela-
tionships between neurovascular lesions and cortical atrophy.
However, adjustment for vascular risk factors such as
hypercholesterolaemia, smoking and diabetes is merited in
this context. Furthermore, white matter hyperintensities are
also related to physical disability, processing speed and
cognitive decline [58, 59]. Additionally, the presence of white
matter hyperintensities doubles the risk of dementia, and
triples the risk of stroke, and is associated with clinical out-
comes in stroke [60, 61]. Therefore, DNAm GrimAge may
capture vital aspects of age-related alterations in neuro-
structural integrity and gross brain pathology.

Here, DNAm GrimAge associated with poorer cognitive
ability and neurostructural correlates of dementia. Dementia
encompasses strong psychiatric components and overlaps
with other psychiatric conditions [62]. In addition, there is a
significant genetic or phenotypic overlap between cognitive
ability and psychiatric conditions, such as schizophrenia and
depression [63, 64]. Furthermore, DNAm GrimAge captured
various deleterious aspects of brain health, including altered
brain structure and neurological protein biomarkers, which
relate to psychiatric disorders. Thus, this composite molecular
predictor of mortality should be measured in other large-scale
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cohorts with incident and prevalent neurological and neu-
ropsychiatric phenotype data to determine its utility in pre-
dicting clinically-defined disease.

We observed a very strong correlation between DNAm
GrimAge and DNAm Pack Years. Indeed, the associations
between smoking and mortality, cognitive decline and brain
pathology are well-documented [65–67]. However, the
larger effect sizes for DNAm GrimAge suggest that this
composite biomarker is supplemented by the inclusion of
methylation-based surrogates for plasma protein levels. We
identified associations with a number of neurology-related
proteins (n= 40 before adjustment for age 11 IQ; n= 36
after adjustment for age 11 IQ) which may further inform
the risk of mortality and age-related morbidities, particu-
larly in relation to neurological disease. Future studies are
necessary to define the biological relationships between
such proteins and their relevance to age-related pathologies
and cognitive decline.

The use of methylation-based proxies for smoking pack
years and proteomic data is advantageous as methylation-
based predictors are often more accurate than self-reported
phenotypes, and the cost of complex proteomic platforms is
negated [68]. One strength of this study is that rich data
were available across the eighth decade of life, a period in
which risk of cognitive decline and compromised brain
integrity increases significantly. However, LBC1936 com-
prises relatively healthy older adults, complicating the
generalisability of findings to at-risk clinical populations
and broader age ranges.

In conclusion, we demonstrated that an epigenetic pre-
dictor of mortality associates with cognitive ability, cogni-
tive decline and neuroimaging phenotypes in a cohort of
healthy older ageing adults. These associations were largely
independent of another well-known predictor of mortality,
childhood intelligence. Indeed, methylation alterations in
blood, as captured by DNAm GrimAge, could help provide
early indications towards mortality prediction and decline in
brain health.
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8.3 Conclusion 

In their initial report of DNAm GrimAge, Lu et al. determined that DNAm 

GrimAge associated with several peripheral and metabolic traits. I 

supplemented these data by conducting a comprehensive investigation of 

relationships between DNAm GrimAge and cognitive and neuroimaging 

phenotypes. Age-adjusted DNAm GrimAge showed strong associations with 

all-cause mortality, neurological protein biomarkers and many measures of 

frailty and brain health. I also provided the first external report of an association 

between DNAm GrimAge and all-cause mortality. Rezwan et al. (2020) and 

Maddock et al. (2020) replicated associations between DNAm GrimAge and 

lung function (460, 461). Furthermore, Maddock et al. (2020) reported that 

age-adjusted DNAm GrimAge was cross-sectionally associated with episodic 

memory and mental speed (P < 0.001) (460). McCrory et al. (2021) showed 

that DNAm GrimAge outperformed other epigenetic measures of ageing 

(Horvath Age, Hannum Age and DNAm PhenoAge) in its associations with 

measures of cognitive ability (462).  

 

Approximately 50 of the phenotypic associations in this study were 

independent of childhood intelligence and years of education. The possibility 

of reverse causation cannot be ruled out. However, my analyses suggest that 

blood methylation profiles reflected in DNAm GrimAge could supplement 

established health risk factors in predicting late-life frailty and cognitive ability. 

There was tentative evidence for an association between DNAm GrimAge and 

cognitive decline from age 70 to 79 years.  

 

Whereas age-adjusted DNAm GrimAge correlated with poorer cognitive ability 

and brain atrophy, it is unknown whether this ageing biomarker associates with 

AD. In the next chapter, I assess whether DNAm GrimAge and other epigenetic 

measures of ageing predict the prevalence and incidence of AD and co-

morbidities including type 2 diabetes, depression and CVD.  
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9 Associations between DNAm GrimAge and 

common disease states 

 

9.1 Introduction 

An accelerated DNAm GrimAge has been associated with the incidence of 

CVD (313, 379, 463), cancer (313, 376), type 2 diabetes (464) and death due 

to oropharyngeal cancer (378). Age-adjusted DNAm GrimAge was associated 

with a reduced risk of all-cause dementia in the Lothian Birth Cohort of 1921 

(n = 387, no. of events = 240, HR = 0.89, P < 0.05). The authors concluded 

that this unexpected association was likely explained by collinearity between 

DNAm GrimAge and smoking in this sample. The relationship between DNAm 

GrimAge and causes of dementia such as AD is unclear. Furthermore, no 

study has examined relationships between DNAm GrimAge and the incidence 

of multiple common diseases.  

 

Here, I examine associations between DNAm GrimAge and the prevalence 

and incidence of ten leading causes of death and disease burden, including 

AD. I utilise blood DNAm and electronic health record linkage data from GS 

participants (n ≤ 9,537). This is the single largest study on DNAm GrimAge 

and health outcomes in terms of sample size and the number of conditions 

considered. I also compare DNAm GrimAge against five other epigenetic 

ageing biomarkers with respect to their associations with the prevalence and 

incidence of common disease states. These epigenetic measures of ageing 

are Horvath Age, Hannum Age, DNAm PhenoAge, DNAm Telomere Length 

and DunedinPoAm, which are described in Section 2.6.2.    

 

This study was published in Clinical Epigenetics (465) in July 2020 and is 

included in full in Section 9.2.  
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9.2 Epigenetic measures of ageing predict the prevalence and 

incidence of leading causes of death and disease burden 
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Abstract

Background: Individuals of the same chronological age display different rates of biological ageing. A number of
measures of biological age have been proposed which harness age-related changes in DNA methylation profiles.
These measures include five ‘epigenetic clocks’ which provide an index of how much an individual’s biological age
differs from their chronological age at the time of measurement. The five clocks encompass methylation-based
predictors of chronological age (HorvathAge, HannumAge), all-cause mortality (DNAm PhenoAge, DNAm GrimAge)
and telomere length (DNAm Telomere Length). A sixth epigenetic measure of ageing differs from these clocks in
that it acts as a speedometer providing a single time-point measurement of the pace of an individual’s biological
ageing. This measure of ageing is termed DunedinPoAm. In this study, we test the association between these six
epigenetic measures of ageing and the prevalence and incidence of the leading causes of disease burden and
mortality in high-income countries (n ≤ 9537, Generation Scotland: Scottish Family Health Study).

Results: DNAm GrimAge predicted incidence of clinically diagnosed chronic obstructive pulmonary disease (COPD),
type 2 diabetes and ischemic heart disease after 13 years of follow-up (hazard ratios = 2.22, 1.52 and 1.41,
respectively). DunedinPoAm predicted the incidence of COPD and lung cancer (hazard ratios = 2.02 and 1.45,
respectively). DNAm PhenoAge predicted incidence of type 2 diabetes (hazard ratio = 1.54). DNAm Telomere
Length associated with the incidence of ischemic heart disease (hazard ratio = 0.80). DNAm GrimAge associated
with all-cause mortality, the prevalence of COPD and spirometry measures at the study baseline. These associations
were present after adjusting for possible confounding risk factors including alcohol consumption, body mass index,
deprivation, education and tobacco smoking and surpassed stringent Bonferroni-corrected significance thresholds.

Conclusions: Our data suggest that epigenetic measures of ageing may have utility in clinical settings to
complement gold-standard methods for disease assessment and management.
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Background
The sustained increase in global life expectancy and
population size has prompted a concomitant elevation in
the prevalence of chronic disease states [1]. The World
Health Organisation specifies ten leading causes of
mortality and ten leading causes of disease burden. In
high-income countries, six diseases are present in both
sets: ischemic heart disease, stroke, lung cancer, Alzhei-
mer’s disease (AD) and other dementias, diabetes and
chronic obstructive pulmonary disease (COPD). The
remaining four leading causes of mortality are lower re-
spiratory tract diseases, bowel cancer, kidney disease and
breast cancer [2]. The additional four causes of disease
burden are back or neck pain, skin disease, sense organ
disease and depression [3]. Many of these disease states
encompass heterogeneous, complex aetiologies resulting
in a paucity of effective treatment paradigms. Given the
number of individuals affected by such disorders and the
associated burden, there is an urgent need for effective
molecular predictors in clinical settings that can identify
individuals on trajectories towards disease.
Ageing is a major risk factor for many common

disease states. However, individuals of the same chrono-
logical age exhibit disparate rates of biological ageing
and susceptibilities to common morbidities and mortal-
ity. Differential patterns of biological ageing among indi-
viduals may be exploited to identify novel predictors of
disease [4]. Recently, a number of strategies have been
proposed to estimate biological age by leveraging inter-
individual variation in DNA methylation (DNAm)
profiles. These epigenetic measures of ageing, many of
which are called ‘epigenetic clocks’, correlate strongly
with chronological age [5]. Moreover, for a given
chronological age, an accelerated epigenetic age or faster
rate of ageing is associated with an increased risk of
mortality and shows cross-sectional relationships with
age-related morbidities [6–10].
In this paper, we focus on six epigenetic predictors of

ageing. In 2013, Horvath developed a pan-tissue epigen-
etic clock, termed ‘Horvath Age’, derived from the linear
combination of 353 CpG sites in multiple tissues [11].
Hannum created a DNAm-based clock termed ‘Hannum
Age’ based on 71 CpG sites in blood tissue [12]. Levine
et al. proposed a predictor of lifespan and health by de-
veloping a methylation-based predictor of an individual’s
‘phenotypic age’ (‘DNAm PhenoAge’). Phenotypic age is
informed by chronological age as well as haematological
and biochemical measures, including creatinine levels
and lymphocyte percent [13]. Lu et al. proposed ‘DNAm
GrimAge’ as a predictor of mortality and demonstrated
that it outperforms existing clocks in predicting death
and age-related conditions, including cardiovascular dis-
ease [14]. DNAm GrimAge was developed in two stages.
In the first stage, DNAm-based surrogates for 88 plasma

protein levels and smoking pack years were developed
using elastic net regression models. Only DNAm-based
surrogates which exhibited a correlation coefficient of at
least 0.35 with their respective phenotype were consid-
ered for stage two. In addition to smoking pack years,
12/88 protein proxies satisfied this condition. In the
second stage, time-to-death due to all-cause mortality
was regressed on chronological age, sex, DNAm-based
surrogates for smoking pack years and 12 plasma protein
levels. The model selected chronological age, sex,
DNAm-based proxies for smoking pack years and the
levels of 7/12 plasma proteins; the linear combination of
these variables provides a measure of DNAm GrimAge.
Furthermore, telomere length is associated with cardio-
vascular disease, cancer risk and all-cause mortality [15–
17]. Lu et al. proposed a DNAm-based estimator of telo-
mere length termed ‘DNAm Telomere Length’ (DNAm
TL) which exhibits stronger associations with lifespan,
smoking history and body mass index when compared
to phenotypic telomere length as measured by quantita-
tive polymerase chain reaction or Southern blotting [18].
These five measures of biological ageing provide an
index of the difference between an individual’s biological
age and chronological age at the time of measurement
and are derived from cross-sectional measurements
across individuals of varying ages. This can approximate
a longitudinal ageing trajectory but can also be con-
founded by the possibility that individuals who were
born in different years may have been exposed to differ-
ent early-life exposures [4]. As a result, individuals of
different chronological ages may display differential
DNAm patterns that do not reflect age-related DNAm
changes but rather reflect differential early-life environ-
mental influences. To address this, Belsky et al. (2015)
developed a longitudinal measure of biological age by
examining the rate of change in 18 blood-chemistry and
organ-system-function biomarkers at three successive
time points from ages 26 to 38 in participants of the
Dunedin study (n = 954) [19]. This measure was termed
‘Pace of Aging’ (PoA), and all of the individuals in the
sample were born in 1972–1973. Recently, Belsky et al.
(2020) derived a DNAm-based proxy of PoA termed
‘DunedinPoAm’ [20]. The authors state that this meas-
ure reflects a speedometer which tracks how fast the
subject is ageing whereas the previous measures of epi-
genetic ageing represent clocks recording how much
time has passed.
For epigenetic clocks, the difference between an indi-

vidual’s methylation-based age and their chronological
age provides a measure of accelerated or decelerated
ageing. DunedinPoAm returns a measure in years of bio-
logical ageing per each calendar year with higher values
reflecting a faster rate of ageing. Higher values of Dune-
dinPoAm as well as age-adjusted Horvath Age, Hannum
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Age, DNAm PhenoAge and DNAm GrimAge are
hypothesised to associate with poorer health outcomes
as these measures capture accelerated biological ageing.
Lower values of age-adjusted DNAm TL are hypothe-
sised to correlate with poorer health as this reflects
shorter telomere length. To date, a number of studies
have demonstrated associations between epigenetic mea-
sures of ageing and risk of mortality and disease states
[21–24] or have provided comparisons of such epigen-
etic measures [25–30]. However, no study has compared
all six epigenetic measures of ageing with respect to
their association with a broad range of common health
conditions.
In this study, we test the association between the six

epigenetic measures of ageing and the prevalence, and
incidence, of the ten leading causes of mortality and dis-
ease burden (as indexed by disability-adjusted life years;
DALYs) [2, 3]. In addition, we examine their association
with continuous traits underlying these conditions, such
as lung function tests for chronic obstructive pulmonary
disease (COPD). We utilise DNA methylation array data
and electronic health record data from a Scottish cohort,
Generation Scotland: Scottish Family Health Study (GS:
SFHS or GS). GS is a family-based cohort consisting of
over 20,000 individuals with rich health and lifestyle
information. Genome-wide methylation data were gener-
ated on approximately 10,000 participants making it one
of the largest DNAm resources in the world. We exam-
ine associations between epigenetic measures of ageing
and prevalent disease as well as an assessment of their
ability to predict time-to-disease onset. These findings
may expedite the future use and refinement of large-
scale molecular data-based approaches for predicting
clinically defined outcomes and subsequent individual
disease risk prediction.

Results
Demographics and epigenetic measures of ageing
In the discovery cohort, 56.3% of the participants were
female with a mean age of 51.4 years (standard deviation
(SD) = 13.2) (n = 4450). The mean values for epigenetic
measures of ageing were as follows: Horvath age (60.1
years, SD = 9.8), Hannum age (47.4 years, SD = 9.6),
DNAm PhenoAge (43.7 years, SD = 11.5), DNAm
GrimAge (48.8 years, SD = 10.9), DNAm Telomere
Length (7.4 kilobase pairs, SD = 0.3), and DunedinPoAm
(1.1 years of biological ageing per each calendar year, SD
= 0.1). Summary data for all variables in this study are
presented in Additional file 1.
In the replication cohort, 61.4% were female with a

mean age of 50.0 years (SD = 12.5) (n = 2578). Values
for all phenotypes were comparable between discovery
and replication cohorts with the exception of DNAm
GrimAge (discovery: 48.8 years, SD = 10.9, replication:

60.5 years, SD = 10.6), and the incidence of self-reported
depression (discovery: 8.4%, replication: 16.4%), and
SCID (Structured Clinical Interview for DSM)-identified
Depression (discovery: 18.5%, replication: 38.2%). This
disparity in depression prevalence reflects an over-
sampling of depression cases in the replication cohort. It
is unclear as to why the replication cohort shows a
higher mean DNAm GrimAge. However, it is possible
that this difference may be driven by a latent aspect of
poorer overall health that may be associated or corre-
lated with depression.

Epigenetic measures of ageing and disease prevalence
In a basic model adjusting for age and sex, 51 pheno-
types were significant at Bonferroni-corrected levels of
significance in both the discovery and replication
cohorts (Additional file 2: Note 1 and Additional file 3:
Tables S1-S4). In the discovery cohort, a Bonferroni-
corrected threshold of P < 2.54 × 10-4 was applied as this
corrected for all tests performed (0.05/197 tests). Of
these 197 models, 78 were significant at P < 2.54 × 10-4

in the discovery set and were therefore carried forward
to the replication stage. In the replication set, associa-
tions which surpassed a Bonferroni-corrected threshold
of P < 6.41 × 10-4 were deemed significant (0.05/78
tests). Additional file 4: Fig. S1-S3 highlight significant
associations present in both sets for categorical traits,
continuous traits and all-cause mortality, respectively. A
measure-by-measure comparison of associations with
categorical and continuous phenotypes from fully
adjusted models in the replication cohort, stratified by
disease type, is shown in Additional file 5. For all
models, beta coefficients for continuous traits were cor-
related 0.96 between discovery and replication sets. For
categorical phenotypes, the correlation coefficient for log
odds was 0.79 between sets (Additional file 4: Fig. S4).
Fifteen relationships remained significant in both

discovery and replication sets in a fully adjusted model
accounting for age, sex and five common risk factors
(Additional file 3: Tables S5 and S6, respectively). Those
relationships which were significant in both cohorts at a
Bonferroni-corrected significance threshold of P < 6.41
× 10-4 (reflecting the same stringent threshold as above)
are reported herein and presented in Table 1 and Fig. 1.

Associations with disease
In relation to prevalent disease data, only the association
between an accelerated DNAm GrimAge and COPD
remained significant in both cohorts in the fully adjusted
model (replication cohort: odds ratio (OR) per SD =
3.29, 95% confidence interval (CI) = [1.73, 6.30], P = 3.4
× 10-4; Fig. 1)
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Associations with all-cause mortality
An accelerated DNAm GrimAge alone was associated
with all-cause mortality following adjustment for the
lifestyle risk factors (replication cohort: hazard ratio
(HR) per SD = 2.10, 95% CI = [1.36, 3.25], P = 5.6 ×
10-4; Fig. 1).

Associations with continuous clinically associated traits
An accelerated DNAm GrimAge was associated with
greater deprivation (a lower Scottish Index of Multiple
Deprivation (SIMD) rank; βreplication = -0.19, 95% CI =
[-0.25, -0.13], P = 4.6 × 10−9), an increased average heart
rate (βreplication = 0.20, 95% CI = [0.13, 0.27], P = 1.6 ×
10−8), a reduced forced expiratory flow (βreplication =
-0.15, 95% CI = [-0.21, -0.09], P = 1.4 × 10−6), a reduced
forced expiratory volume (βreplication = -0.10, 95% CI =
[-0.15, -0.05], P = 1.4 × 10−4) and increased serum cre-
atinine levels (βreplication = 0.13, 95% CI = [0.06, 0.20], P
= 2.0 × 10−4).
Higher values of DunedinPoAm, indicating a faster

rate of ageing, were positively associated with smoking
pack years (βreplication = 0.33, 95% CI = [0.28, 0.38], P =
7.6 × 10−36), greater deprivation (lower SIMD rank;

βreplication = -0.16, 95% CI = [-0.22, -0.10], P = 2.2 ×
10−8) and average heart rate (βreplication = 0.11, 95% CI =
[0.05, 0.17], P = 2.2 × 10−4).
An accelerated DNAm PhenoAge was associated with

smoking pack years (βreplication = 0.16, 95% CI = [0.11,
0.21], P = 9.5 × 10−10), an increased body mass index
(βreplication = 0.12, 95% CI = [0.07, 0.17], P = 7.4 × 10−6)
and an increased average heart rate (βreplication = 0.12,
95% CI = [0.07, 0.17], P = 7.7 × 10−6).
Age-adjusted DNAm Telomere Length was negatively

associated with smoking pack years (βreplication = -0.18,
95% CI = [-0.23, -0.13], P = 2.7 × 10−11). An accelerated
DNAm Hannum Age (EEAA) was associated with in-
creased serum creatinine levels (βreplication = 0.13, 95%
CI = [0.08, 0.18], P = 4.2 × 10−7).

Covariate-specific attenuation
To examine the contribution of each of the five common
disease risk factors in attenuating the 51 significant
associations brought forward to the fully adjusted model,
we repeated each model including only one of these five
covariates at a time. These risk factors were alcohol con-
sumption, body mass index, deprivation, education and

Table 1 Significant and replicated relationships between epigenetic age measures and prevalent disease data, and continuous traits

Discovery cohort Replication cohort

Categorical phenotypes

Measure Variable n event OR P n event OR P

DNAm GrimAge COPD 48 2.00 1.0 × 10−4 32 3.29 3.4 × 10−4

Continuous phenotypes

Measure Variable n β P n β P

DunedinPoAm Pack Years 2419 0.45 1.2 × 10−112 1340 0.33 7.6 × 10−36

DNAm TL Pack Years 2419 -0.14 1.1 × 10−11 1340 -0.18 2.7 × 10−11

DNAm PhenoAge Pack Years 2419 0.11 3.0 × 10−08 1340 0.16 9.5 × 10−10

DNAm GrimAge SIMD 2419 -0.13 5.9 × 10−08 1340 -0.19 4.6 × 10−09

DNAm GrimAge Average Heart Rate 2416 0.19 1.4 × 10−12 1339 0.20 1.6 × 10−08

DunedinPoAm SIMD 2419 -0.13 1.8 × 10−09 1340 -0.16 2.2 × 10−08

Hannum Age Creatinine 2406 0.21 1.4 × 10−26 1334 0.13 4.2 × 10−07

DNAm GrimAge FEF 2055 -0.12 1.2 × 10−06 1149 -0.15 1.4 × 10−06

DNAm PhenoAge Body Mass Index 2419 0.12 2.5 × 10−10 1340 0.12 7.4 × 10−06

DNAm PhenoAge Average Heart Rate 2416 0.11 2.1 × 10−07 1339 0.12 7.7 × 10−06

DNAm GrimAge FEV 2074 -0.08 2.0 × 10−05 1151 -0.10 1.4 × 10−04

DNAm GrimAge Creatinine 2406 0.19 3.0 × 10−15 1334 0.13 2.0 × 10−04

DunedinPoAm Average Heart Rate 2416 0.19 1.6 × 10−15 1339 0.11 2.2 × 10−04

Mortality analysis

Measure Variable n event HR P n events HR P

DNAm GrimAge All-cause mortality 89 1.62 1.4 × 10−4 30 2.10 5.6 × 10−4

Analyses were performed using a fully adjusted model accounting for age, sex, alcohol consumption, body mass index, deprivation, education and smoking
pack years
COPD chronic obstructive pulmonary disease, FEF forced expiratory flow, FEV forced expiratory volume, HR hazard ratio, OR odds ratio, SIMD Scottish Index of
Multiple Deprivation, TL telomere length

Hillary et al. Clinical Epigenetics          (2020) 12:115 

144



smoking pack years. The ranges of mean attenuation in
traits by these covariates were 9.5 to 15.1% in the discov-
ery set and 4.7 to 20.3% in the replication set (Additional
file 3: Tables S7 and S8, respectively). Smoking pack
years exhibited the greatest mean attenuation in both
cohorts (discovery = 15.1%, replication = 20.3%).

Epigenetic measures of ageing and disease incidence
For incident disease outcomes, there were 17
Bonferroni-corrected significant associations at P < 8.33
× 10−4 (P < 0.05/60 tests; full output in Additional file 3:
Table S9, see also Additional file 4: Fig. S5 and Add-
itional file 6: Note 2). Of these, 7 remained significant in
a fully adjusted model at a Bonferroni-corrected signifi-
cance threshold of 8.33 × 10−4 (Additional file 3: Table
S10). These relationships are presented herein and in
Fig. 2.
A one standard deviation increase in DNAm GrimAge

at baseline was associated with the incidence of COPD
(HR = 2.22, 95% CI = [1.81, 2.72], P = 2.4 × 10−14), type

2 diabetes (HR = 1.52, 95% CI = [1.20, 1.90], P = 3.1 ×
10−4) and heart disease (HR = 1.41, 95% CI = [1.18,
1.68], P = 1.1 × 10−4). Higher values of DunedinPoAm
(per SD) associated with the incidence of COPD (HR =
2.02, 95% CI = [1.59, 2.57], P = 8.4 × 10−9) and lung can-
cer (HR = 1.45, 95% CI = [1.18, 1.79], P = 5.3 × 10−4).
An accelerated DNAm PhenoAge (per SD) associated
with a higher incidence of type 2 diabetes (HR = 1.54,
95% CI = [1.21, 1.97], P = 4.5 × 10−4). Age-adjusted
DNAm Telomere Length (per SD) associated with a
lower incidence of heart disease (HR = 0.80, 95% CI =
[0.69, 0.92], P = 2.5 × 10−4).

Sex-specific analyses of epigenetic measures of ageing
and phenotypes in Generation Scotland
As the occurrence of common diseases differs between
the sexes, we ran sensitivity analyses using cross-
sectional data to determine the correlation between
effect sizes for males versus females. In the discovery
cohort, continuous phenotypes had a correlation

Fig. 1 The associations between epigenetic measures of ageing and disease prevalence, continuous traits and all-cause mortality in Generation
Scotland. Only associations present in discovery and replication sets are shown, and replication test statistics are presented. Continuous: Age-
adjusted DNAm GrimAge was associated with greater deprivation (lower SIMD rank), reduced forced expiratory flow and forced expiratory
volume. Age-adjusted DNAm GrimAge was positively associated with serum creatinine levels and average heart rate. Age-adjusted DNAm
PhenoAge was positively associated with body mass index, average heart rate and smoking pack years. Age-adjusted DNAm Telomere Length
was negatively associated with smoking pack years. Higher values for DunedinPoAm were associated with greater deprivation (lower SIMD rank),
a higher average heart rate and smoking pack years. Age-adjusted Hannum Age was positively associated with serum creatinine levels. Disease:
Age-adjusted DNAm GrimAge alone was associated with the prevalence of COPD in both discovery and replication sub-cohorts after correction
for multiple testing. All-Cause Mortality: Age-adjusted DNAm GrimAge alone was associated with all-cause mortality in both sets after multiple
testing correction. Associations represent a one standard deviation increase in the respective measure of biological ageing. Models were adjusted
for age, sex, alcohol consumption, body mass index, deprivation, education and smoking. Models involving lung function tests were also
corrected for height. COPD (chronic obstructive pulmonary disease), SIMD (Scottish Index of Multiple Deprivation)
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coefficient of 0.93 between sexes whereas categorical
disease phenotypes exhibited a correlation coefficient of
0.81 (Additional file 4: Fig. S6). In the replication co-
hort, there was a correlation of 0.86 and 0.70 between
effect sizes for continuous and categorical phenotypes,
respectively (Additional file 4: Fig. S7). Excluding
diseases ≤ 10 cases (lung and bowel cancer), the largest
difference between males and females was for the
DunedinPoAm-chronic kidney disease relationship
(males: no. of events = 40, OR = 1.23, females: no. of
events = 45, OR = 1.72, absolute difference = 0.49). On
average, the largest difference between males and
females across measures was observed for COPD with
males having a higher odds ratio for each measure of
ageing (mean difference in effect sizes across measures
= 0.25, range = [0.12, 0.37], discovery cohort;
Additional file 3: Table S11).

Discussion
In this study, we examined associations between six
major epigenetic measures of ageing and the prevalence
and incidence of the leading causes of mortality and dis-
ease burden in high-income countries. DNAm GrimAge,

a predictor of mortality, associated with the prevalence
of COPD and incidence of various disease states, includ-
ing COPD, type 2 diabetes and cardiovascular disease. It
was associated with death due to all-cause mortality and
outperformed competitor epigenetic measures of ageing
in capturing variability across clinically associated con-
tinuous traits. Higher values for DunedinPoAm, which
captures faster rates of biological ageing, associated with
the incidence of COPD and lung cancer. Higher-than-
expected DNAm PhenoAge predicted the incidence of
type 2 diabetes in the present study. Age-adjusted
measures of DNAm Telomere Length associated with
the incidence of ischemic heart disease. Our results
replicate previous cross-sectional findings between
DNAm PhenoAge and body mass index, diabetes [21]
and socioeconomic position (in a basic model) [28]. We
also replicated associations between DNAm GrimAge
and heart disease [14]. Lastly, we replicated the relation-
ship between Hannum Age and creatinine [31] and be-
tween DNAmTLadjAge and smoking pack years [18].
This is also the first external study examining the associ-
ation between DunedinPoAm and a wide range of health
outcomes.

Fig. 2 The associations between epigenetic measures of ageing and incidence of common disease states in Generation Scotland. Age-adjusted
DNAm GrimAge was associated with the incidence of COPD, type 2 diabetes and ischemic heart disease after 13 years of follow-up. Age-adjusted
DNAm PhenoAge associated with the incidence of type 2 diabetes. Age-adjusted measures of DNAm Telomere Length associated with the
incidence of ischemic heart disease. Higher DunedinPoAm values, indicating a faster pace of ageing, were associated with the incidence of COPD
and lung cancer. Associations represent a one standard deviation increase in the respective epigenetic measure of ageing. Models were adjusted
for age, sex, alcohol consumption, body mass index, deprivation, education and smoking. COPD (chronic obstructive pulmonary disease)
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DNAm GrimAge served as a powerful correlate of
various phenotypes in our study and has been previously
shown to associate with incident heart disease, time-to-
cancer and neurological health [14, 22]. DNAm
GrimAge is derived from chronological age, sex and
methylation-based surrogates of smoking pack years and
seven plasma proteins (including DNAm-based estima-
tors of plasminogen activator inhibitor 1, growth differ-
entiation factor 15 and cystatin C). Here, we show that
this blood-based epigenetic predictor of mortality risk is
associated with poorer performance in lung function
tests and predicted incidence of COPD. Compromised
lung function has previously been linked to mortality
[32, 33]. While it is possible that the associations are
mainly driven by the inclusion of smoking pack years,
DNAm GrimAge remained associated with COPD and
spirometry tests when controlling for self-reported
smoking pack years. Similarly, DunedinPoAm associated
with time-to-onset of COPD and lung cancer. Dunedin-
PoAm also demonstrated a strong correlation with
smoking pack years in our study; however, the associa-
tions between DunedinPoAm and incident disease out-
comes remained after adjusting for common disease risk
factors, including smoking behaviour. In their original
study, Belsky et al. identified that the AHRR probe
cg05575921 was among the 46 CpG sites used to calcu-
late DunedinPoAm. This probe has been strongly associ-
ated with smoking behaviour [34–41]. The authors also
demonstrated that a version of DunedinPoAm calculated
without this probe correlated 0.94 with the Dunedin-
PoAm measure including all probes [20]. DNAm Pheno-
Age predicted the incidence of type 2 diabetes; however,
this may reflect the inclusion of HbA1c in the pheno-
typic age measure which is used to diagnose diabetes. In
our study, an epigenetic predictor of telomere length
predicted time-to-onset of ischemic heart disease. A
shorter leukocyte telomere length has been shown to
associate with heart disease in diverse populations, sug-
gesting that the DNAm Telomere Length predictor may
capture key facets of this clinical association [42–44].
Our rich resource of genome-wide DNA methylation
and longitudinal health data is the first to show the asso-
ciation of epigenetic measures of ageing with a wide
range of common disease states, even after accounting
for major confounding influences. These findings have
implications for the potential utility of epigenetic mea-
sures of ageing in clinical settings.
The majority of our prevalent disease data relied on

self-report. Self-report prevalence data have been shown
to have a high degree of sensitivity and specificity [45].
Our incident data was obtained using ICD-10 codes
from health record linkage. Strikingly, measures of
biological ageing showed strong associations with the in-
cidence of common diseases following 13 years of

follow-up from the study baseline. These measures
performed better at predicting incident rather than
prevalent data. However, this may reflect the inclusion
of health record-linked versus self-report data and the
larger sample size in incidence analyses. Notably, the six
epigenetic measures of ageing in our study are correlated
with one another among study participants. As well as
this, the incidence or prevalence of different disease
states, as well as associated continuous traits, may be
correlated with one another as they may reflect patterns
of poor overall health and disease risk behaviours.
Therefore, our application of Bonferroni-corrected sig-
nificance thresholds is stringent and only captured the
most high-confidence associations in our study. These
associations were also independent of common disease
risk factors and therefore may reflect important associa-
tions between age-related physiological changes and risk
of disease.
An important limitation is the lack of adjustments for

medication use, which may confound associations
between epigenetic measures and chronic conditions.
Furthermore, studies examining causality between the
relationships shown are merited. It is also unclear
whether the risk factors examined in this study play a
causal role in driving associations between epigenetic
measures of ageing and phenotypes, or whether these
pleiotropically affect altered DNA methylation and
adverse health outcomes. Genetic influences may
contribute to differences in DNA methylation and the
subsequent estimation of epigenetic age or pace of
ageing; therefore, it is possible that our findings may not
be generalisable to individuals of non-European ancestry
[46, 47].

Conclusions
In conclusion, using a large cohort with rich health and
DNA methylation data, we provide the first comparison
of six major epigenetic measures of biological ageing
with respect to their associations with leading causes of
mortality and disease burden. DNAm GrimAge outper-
formed the other measures in its associations with dis-
ease data and associated clinical traits. This may suggest
that predicting mortality, rather than age or homeostatic
characteristics, may be more informative for common
disease prediction. Thus, proteomic-based methods (as
utilised by DNAm GrimAge) using large, physiologically
diverse protein sets for predicting ageing and health may
be of particular interest in future studies. Our results
may help to refine the future use and development of
biological age estimators, particularly in studies which
aim to comprehensively examine their ability to predict
stringent clinically defined outcomes. Our analyses sug-
gest that epigenetic measures of ageing can predict the
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incidence of common disease states, even after account-
ing for major confounding risk factors. This may have
significant implications for their potential utility in clin-
ical settings to complement gold-standard methods of
clinical disease assessment and management.

Methods
Generation Scotland
Details of the Generation Scotland (GS) study have been
described previously [48, 49]. Briefly, the cohort includes
23,960 individuals, where most individuals (94.2%) have
at least one other first-degree family member participat-
ing in the study. This encompasses 5573 families with a
median family size of 3 (interquartile range = 2–5 mem-
bers; excluding 1400 singletons without any relatives in
the study). For prevalence analyses, the discovery cohort
comprised unrelated GS participants with genome-wide
methylation data (ndiscovery = 4450). The replication co-
hort was also derived from GS participants, unrelated to
those in the discovery cohort, who had genome-wide
DNA methylation measured in a separate batch (n =
5087). Within the replication cohort, 2578 participants
were also unrelated to one another and these unrelated
individuals were considered for cross-sectional analyses
(nreplication = 2578). For incidence analyses, all individuals
with available methylation and phenotypic data in GS
were considered (n = 4450 + 5087 = 9537).

DNA methylation and calculation of biological ageing
measures
DNA methylation levels were measured using the Illu-
mina HumanMethylationEPIC BeadChip Array on blood
samples from GS participants. Further details on the
processing of DNAm data and the calculation of the six
measures of ageing, or pace of ageing, are outlined in
Additional file 7; the five clocks (other than Dunedin-
PoAm) were calculated using Horvath’s online age calcu-
lator (https://dnamage.genetics.ucla.edu/). Normalised
GS methylation data were uploaded as input for the al-
gorithm. Data underwent a further round of normalisa-
tion by the age calculator. Briefly, Horvath Age provides
an estimate of biological ageing termed “intrinsic epigen-
etic age acceleration (IEAA)” as it is independent of age-
related changes in blood composition. IEAA is derived
from regressing Horvath Age onto chronological age. In
contrast, Hannum Age provides a measure of ageing re-
ferred to as “extrinsic epigenetic age acceleration
(EEAA)” as it encompasses age-related changes in blood
cell composition. EEAA is derived from regressing a
weighted average of Hannum Age and three blood cell
types (naive and exhausted cytotoxic T cells, and plas-
mablasts) onto chronological age. DNAm PhenoAge re-
flects an individual’s ‘Phenotypic Age’ and, when
regressed onto chronological age, provides an index of

age acceleration termed ‘AgeAccelPheno’. Similarly,
when age-adjusted, DNAm GrimAge is termed ‘AgeAc-
celGrim’. Lastly, age-adjusted ‘DNAm Telomere Length’
is referred to as ‘DNAmTLadjAge’. DunedinPoAm was
calculated using DNAm beta values as input and the
DunedinPoAm38 package in R developed by the original
study’s authors (https://github.com/danbelsky/Dunedin-
PoAm38 [20]). The five aforementioned epigenetic
clocks capture a state of accelerated or decelerated bio-
logical ageing reflecting how much ageing has occurred
in the individual. However, DunedinPoAm was trained
to provide a single time-point, blood-based measure-
ment of the pace of biological ageing in individuals.
DunedinPoAm is a DNAm-based proxy of the ‘Pace of
Aging’ (PoA) measure. PoA was derived by examining
the rate of change in 18 blood-chemistry and organ-
system-function biomarkers at three successive time
points in participants of Dunedin Study (n = 954). The
participants were all born in 1972–1973 and were aged
26, 32 and 38 at the time of biomarker measurements.
Mixed-effects growth modelling of longitudinal changes
in biomarker levels among participants allowed for esti-
mations of the rate of change in biomarker levels for
each participant. The sum of random slopes for the bio-
marker levels (rate of change for each participant) pro-
vided a measure of PoA [19]. An elastic net regression
model using DNAm data and PoA calculated at age 38
in participants of the Dunedin Study identified 46 CpG
sites as informative for predicting PoA, thereby creating
a single time-point measure of PoA called Dunedin-
PoAm. DunedinPoAm reflects years of biological ageing
per each calendar year. These six measures of biological
ageing were input as independent variables in statistical
models. Correlations between these predictors are
shown in Additional file 4: Fig. S8 for the discovery and
replication sets. The correlation structure between these
predictors was similar in both sets. DNAmTLadjAge was
negatively correlated with the other five indices of ageing
(discovery: mean coefficient = − 0.34, range = − 0.12 to
− 0.47). This negative correlation was present as shorter
telomere lengths typically correspond to an advanced
age. The mean correlation coefficient between the
remaining five predictors was 0.35 (discovery: range =
0.07 to 0.73).

Phenotype preparation
For continuous phenotypes, outliers were defined as
those values which were beyond 3.5 standard deviations
from the mean for a given trait. These outliers were
removed prior to analyses. Body mass index was log-
transformed. To reduce skewness in the distribution of
alcohol consumption and smoking pack years, a log(u-
nits +1) or log(pack years +1) transformation was
performed. The interval from the start of the Q wave to
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the end of the T wave on electrocardiogram tests (QT
interval) was corrected for heart rate. A general fluid
(‘gf’) cognitive ability score was derived from principal
components analysis of three tests examining different
cognitive domains. These domains were processing
speed (Wechsler Digit Symbol Substitution Test), verbal
declarative memory (Wechsler Logical Memory Test)
and verbal fluency (the phonemic verbal fluency test).
To derive a general (‘g’) cognitive ability score, the prin-
cipal component analysis was performed on the above
three tests and a measure of crystallised intelligence:
The Mill Hill Vocabulary test. The first unrotated princi-
pal components from these analyses were extracted and
labelled as ‘gf’ and ‘g’, respectively.
For categorical phenotypes, we aimed to examine

the ten leading causes of mortality in high-income
countries [2]. We also aimed to examine the ten lead-
ing causes of disease burden, six of which overlap
with the top causes of mortality. This represents four-
teen diseases. We had self-report phenotypic informa-
tion for the prevalence of nine of these diseases
(Additional file 1); specifically, we lacked self-report
information on lower respiratory diseases and kidney
disease (mortality), skin and sense organ diseases (dis-
ease burden), and Alzheimer’s disease (AD; present in
both the leading causes of mortality and disease bur-
den). We were able to use proxy phenotypes for two
of these conditions. We used self-reported maternal
history and paternal history as proxies for AD. For
kidney disease, we estimated glomerular filtration rate
(eGFR) from serum creatinine levels using the chronic
kidney disease epidemiology collaboration CKD-EPI
equation [50] from which we inferred the prevalence
of chronic kidney disease (CKD). Individuals with an
eGFR < 60 ml/min/1.73 m2 were considered to have
CKD. In addition to self-report depression, we also
had available information on SCID (Structured Clin-
ical Interview for DSM)-identified depression [51].
Lastly, we separated self-reported back and neck pain
into distinct phenotypes for analyses. Together, this
resulted in a total of fourteen disease phenotypes for
prevalence analyses.
In relation to disease incidence, health record linkage

was available for up to 13 years of follow-up since the
study baseline (median time-of-onset from baseline =
5.75 years, range = [< 1 month, 13 years]). For each dis-
ease state, those individuals who self-reported disease at
study baseline were excluded. For cancer, individuals
present on the Scottish Cancer Registry (SMR06) were
included as cases for incidence analyses. Additionally,
for incident cancer analyses, individuals who were
recorded on the General Acute Inpatient and Day Case -
Scottish Morbidity Records (SMR01) were removed
from the control set. For a given condition, individuals

who self-reported no disease at study baseline but had
prior evidence of diagnosis through health record link-
age were removed from analyses. Discovery and replica-
tion cohorts were combined to consider all participants
for follow-up and to provide a sufficient number of cases
for analyses. For incident disease analyses, ICD-10-coded
data were retrieved for the following ten conditions: AD,
bowel cancer, breast cancer, COPD, depression, type 2
diabetes, dorsalgia (neck and back pain combined), is-
chemic heart disease, lung cancer and stroke. These re-
flect the disease states examined in the prevalence
analyses with the exception of chronic kidney disease.
Furthermore, the two proxies of AD, two measures of
depression and separate measures of neck and back pain
were replaced by single, clinically defined counterparts
in the incidence analyses. Additional file 4: Fig. S9 shows
a heatmap for effect sizes from Cox regression models
between epigenetic measures of ageing and incident dis-
ease outcomes in a fully adjusted model.

Statistical analyses
Linear regression models were used to examine the asso-
ciation between continuous traits and age-adjusted
epigenetic clock measures (reflecting the difference be-
tween an individual’s estimated biological age and
chronological age) or DunedinPoAm (reflecting the rate
of biological ageing). In cross-sectional analyses, logistic
regression was used to test the association between
categorical disease phenotypes and these epigenetic mea-
sures of ageing. In longitudinal analyses, Cox propor-
tional hazards regression models were used to examine
whether measures of biological ageing were associated
with the incidence of disease. Cox models were also used
to examine whether these measures were associated with
all-cause mortality in discovery and replication cohorts.
There were 182 (4.09%) and 57 (2.25%) deaths in the
discovery and replication sets, respectively. The propor-
tional hazards assumption was tested using the cox.zph()
function in the survival package in R [52, 53]. There was
no strong evidence (P > 0.05) of assumption violation
for the reported significant associations. Phenotypes
were scaled to mean zero and unit variance. Continuous
or categorical phenotypes were input as dependent vari-
ables with measures of biological ageing incorporated as
independent variables.
In a basic model, all analyses were adjusted for

chronological age and sex. Additional adjustments for
height were carried out for measures of lung function.
All significant tests from the basic model were then re-
peated adjusting for additional five covariates, which
represent important risk factors for common diseases.
These covariates were alcohol intake (units consumed/
week), body mass index, educational attainment,
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deprivation (Scottish Index of Multiple Deprivation) and
tobacco smoking pack years.

a. Basic model: Phenotype ~ Epigenetic Measure + age
+ sex

b. Fully adjusted model: Phenotype ~ Epigenetic
Measure + age + sex + alcohol units consumed per
week + body mass index + educational attainment
+ Scottish Index of Multiple Deprivation + smoking
pack years

In relation to cross-sectional prevalence data, the dis-
covery analyses consisted of 33 phenotypes which were
tested against every epigenetic measure of ageing (all-
cause mortality, fourteen disease and eighteen continu-
ous phenotypes; Additional file 3: Table S1). This led to
a total of 198 (33 × 6 measures) tests; however, the
DNAm GrimAge versus smoking pack years comparison
was excluded given the inclusion of a DNAm-based sur-
rogate of pack years in the development of DNAm
GrimAge. This led to a Bonferroni-corrected significance
threshold of P < 0.05/197 tests = 2.54 × 10-4. Of these
197 tests, 78 were significant; thus, in the replication co-
hort, a Bonferroni-corrected significance threshold of P
< 0.05/78 tests = 6.41 × 10−4 was set. In total, 51 associa-
tions were significant in both cohorts. The fully adjusted
model was then applied to these 51 associations in both
the discovery and replication cohorts, holding the same
stringent Bonferroni-corrected threshold of P < 0.05/78
tests = 6.41 × 10−4.
In relation to incidence data, all ten phenotypes were

tested against each of the six measures of ageing. In the
basic model, this resulted in a Bonferroni-corrected sig-
nificance threshold of P < 0.05/60 tests = 8.33 × 10−4. In
total, seventeen associations were significant and
brought forward to the fully adjusted analysis stage. In
the fully adjusted model, the same Bonferroni-corrected
significance threshold of P < 0.05/60 tests = 8.33 × 10-4

was applied.
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model adjusted for age and sex. Significant associations that survived a
multiple testing correction threshold of 8.33 x 10-4 (0.05/60 tests) are
emboldened. Nominally significant associations are italicised. (Table S9).
The associations between epigenetic measures of ageing measured at
study baseline and ICD-10-coded incident disease data in Generation
Scotland in a fully-adjusted model adjusted for age, sex and common dis-
ease risk factors. Significant associations that survived a multiple testing
correction threshold of 8.33 x 10-4 (0.05/60 tests) are emboldened. Nom-
inally significant associations are italicised. (Table S10). Sex-specific differ-
ences in categorical phenotype-epigenetic age relationships within the
discovery cohort. (Table S11).

Additional file 4. Significant associations between epigenetic measures
of ageing and prevalent disease phenotypes present in both discovery
and replication sets in a basic model adjusted for age and sex. (Fig. S1).
Significant associations between epigenetic measures of ageing and
continuous phenotypes present in both discovery and replication sets in
a basic model adjusted for age and sex. (Fig. S2). Associations between
epigenetic measures of ageing and all-cause mortality in both discovery
(A) and replication (B) sets in a basic model adjusted for age and sex.
(Fig. S3). Degree of correlation for continuous variables (A) or categorical
variables (B) between discovery and replication cohorts. (Fig. S4). Signifi-
cant associations between epigenetic measures of ageing and incidence
of common disease states in Generation Scotland in a basic model
adjusting for age and sex. (Fig. S5). Degree of correlation between males
and females in relation to continuous variables (A) or categorical variables
(B) in the discovery cohort. (Fig. S6). Degree of correlation between males
and females in relation to continuous variables (A) or categorical variables
(B) in the replication cohort. (Fig. S7). Correlation structure between differ-
ent epigenetic measures of biological ageing in discovery (A) and replica-
tion (B) sets. (Fig. S8). Heatmap demonstrating the relationship between
epigenetic measures of ageing and incident disease outcomes in a fully-
adjusted Cox regression model in Generation Scotland. (Fig. S9).

Additional file 5. Comparison of epigenetic age measures in terms of
their associations with categorical and continuous phenotypes from fully-
adjusted models in the replication cohort, stratified by disease type.

Additional file 6. Supplementary Note 2. Associations between
epigenetic measures of ageing and incidence of ICD-10-coded common
diseases in a basic model adjusting for age and sex.

Additional file 7. Details of Supplementary Methods.

Abbreviations
AD: Alzheimer’s disease; CI: Confidence interval; COPD: Chronic obstructive
pulmonary disease; CKD: Chronic kidney disease; DNAm: DNA methylation;
DNAm TL: DNAm methylation-based estimator of telomere length;
DSM: Diagnostic and Statistical Manual of Mental Disorders; EEAA: Extrinsic
epigenetic age acceleration; eGFR: Estimated glomerular filtration rate;
FEF: Forced expiratory flow; FEV: Forced expiratory volume; GS: Generation
Scotland; GS:SFHS: Generation Scotland: Scottish Family Health Study;
HR: Hazard ratio; ICD-10: International Classification of Diseases, 10th

Hillary et al. Clinical Epigenetics          (2020) 12:115 

150

https://doi.org/10.1186/s13148-020-00905-6
https://doi.org/10.1186/s13148-020-00905-6


Revision; IEAA: Intrinsic epigenetic age acceleration; OR: Odds ratio;
SCID: Structured Clinical Interview for Diagnostic and Statistical Manual of
Mental Disorders; SD: Standard deviation; SIMD: Scottish index of multiple
deprivation; SMR: Scottish morbidity records; TL: Telomere length

Acknowledgements
The authors thank all of the participants of the Generation Scotland: Scottish
Family Health Study as well as study team members for their previous and
ongoing contribution to this study.

Authors’ contributions
RFH, AJS and REM designed the research. RFH, AJS, DLMcC and REM
contributed to the analyses. RFH and REM wrote the manuscript. Data were
prepared and collected by AC, RMW, DMH, CH, AMM, DJP, IJD and KLE. All
authors read, revised and approved the final manuscript.

Funding
GS received core support from the Chief Scientist Office of the Scottish
Government Health Directorates (CZD/16/6) and the Scottish Funding
Council (HR03006). DNA methylation profiling of the GS samples was carried
out by the Genetics Core Laboratory at the Wellcome Trust Clinical Research
Facility, Edinburgh, Scotland, and was funded by the Medical Research
Council UK, the Brain & Behavior Research Foundation (Ref: 27404) and the
Wellcome Trust (Wellcome Trust Strategic Award ‘STratifying Resilience and
Depression Longitudinally’ ((STRADL) Reference 104036/Z/14/Z)). AMM is
supported by the Wellcome Trust (104036/Z/14/Z, 216767/Z/19/Z), UKRI MRC
(MC_PC_17209, MR/S035818/1) and the European Union H2020 (SEP-
210574971). RFH and AJS are supported by funding from the Wellcome Trust
4-year PhD in Translational Neuroscience – training the next generation of
basic neuroscientists to embrace clinical research [RFH: 108890/Z/15/Z; AJS:
203771/Z/16/Z]. DLMcC and REM are supported by Alzheimer’s Research UK
major project grant ARUK-PG2017B-10. SH is supported by 1U01AG060908 –
01. DMH is supported by a Sir Henry Wellcome Postdoctoral Fellowship (Ref-
erence 213674/Z/18/Z) and a 2018 NARSAD Young Investigator Grant from
the Brain & Behavior Research Foundation (Ref: 27404)

Availability of data and materials
According to the terms of consent for GS participants, access to data must
be reviewed by the GS Access Committee. Applications should be made to
access@generationscotland.org.

Ethics approval and consent to participate
All components of the Generation Scotland received ethical approval from
the NHS Tayside Committee on Medical Research Ethics (REC Reference
Numbers: 05/S1401/89 and 10/S1402/20). All participants provided broad
and enduring written informed consent for biomedical research. The
Generation Scotland has also been granted Research Tissue Bank status by
the East of Scotland Research Ethics Service (REC Reference Number: 15/
0040/ES). This study was performed in accordance with the Helsinki
declaration.

Consent for publication
Not applicable.

Competing interests
AMM has received research support from Eli Lilly, Janssen and the Sackler
Foundation. AMM has also received speaker fees from Illumina and Janssen.
The other authors declare that they have no competing interests.

Author details
1Centre for Genomic and Experimental Medicine, Institute of Genetics and
Molecular Medicine, University of Edinburgh, Edinburgh EH4 2XU, UK.
2Institute of Psychiatry, Psychology and Neuroscience, King’s College London,
London SE5 8AF, UK. 3Division of Psychiatry, Centre for Clinical Brain
Sciences, University of Edinburgh, Edinburgh EH16 4UX, UK. 4Edinburgh
Dementia Prevention, Centre for Clinical Brain Sciences, University of
Edinburgh, Edinburgh EH16 4UX, UK. 5Department of Human Genetics, David
Geffen School of Medicine, University of California Los Angeles, Los Angeles
90095-7088, USA. 6Department of Biostatistics, Fielding School of Public
Health, University of California Los Angeles, Los Angeles 90095-1772, USA.
7MRC Human Genetics Unit, Institute of Genetics and Molecular Medicine,

University of Edinburgh, Edinburgh EH4 2XU, UK. 8Lothian Birth Cohorts,
University of Edinburgh, Edinburgh EH8 9JZ, UK.

Received: 12 May 2020 Accepted: 14 July 2020

References
1. Vos T, Flaxman AD, Naghavi M, Lozano R, Michaud C, Ezzati M, et al. Years

lived with disability (YLDs) for 1160 sequelae of 289 diseases and injuries
1990-2010: a systematic analysis for the Global Burden of Disease Study
2010. Lancet. 2012;380(9859):2163–96.

2. 2016 GHE. Deaths by cause, age, sex, by country and by region, 2000–2016.
Geneva: World Health Organization; 2018.

3. Hay SI, Abajobir AA, Abate KH, Abbafati C, Abbas KM, Abd-Allah F, et al.
Global, regional, and national disability-adjusted life-years (DALYs) for 333
diseases and injuries and healthy life expectancy (HALE) for 195 countries
and territories, 1990–2016: a systematic analysis for the Global Burden of
Disease Study 2016. Lancet. 2017;390(10100):1260–344.

4. Bell CG, Lowe R, Adams PD, Baccarelli AA, Beck S, Bell JT, et al. DNA
methylation aging clocks: challenges and recommendations. Genome Biol.
2019;20(1):249.

5. Horvath S, Raj K. DNA methylation-based biomarkers and the epigenetic
clock theory of ageing. Nat Rev Genet. 2018;19(6):371–84.

6. McCartney DL, Stevenson AJ, Walker RM, Gibson J, Morris SW, Campbell A,
et al. Investigating the relationship between DNA methylation age
acceleration and risk factors for Alzheimer’s disease. Alzheimers Dement
(Amsterdam, Netherlands). 2018;10:429-437.

7. Perna L, Zhang Y, Mons U, Holleczek B, Saum K-U, Brenner H. Epigenetic
age acceleration predicts cancer, cardiovascular, and all-cause mortality in a
German case cohort. Clin Epigenetics. 2016;8(1):64.

8. Horvath S, Ritz BR. Increased epigenetic age and granulocyte counts in
the blood of Parkinson’s disease patients. Aging (Albany NY). 2015;7(12):
1130–42.

9. Chen BH, Marioni RE, Colicino E, Peters MJ, Ward-Caviness CK, Tsai PC, et al.
DNA methylation-based measures of biological age: meta-analysis
predicting time to death. Aging (Albany NY). 2016;8(9):1844–65.

10. Han LKM, Aghajani M, Clark SL, Chan RF, Hattab MW, Shabalin AA, et al.
Epigenetic aging in major depressive disorder. Am J Psychiatry. 2018;175(8):
774–82.

11. Horvath S. DNA methylation age of human tissues and cell types. Genome
Biol. 2013;14(10):R115.

12. Hannum G, Guinney J, Zhao L, Zhang L, Hughes G, Sadda S, et al. Genome-
wide methylation profiles reveal quantitative views of human aging rates.
Mol Cell. 2013;49(2):359–67.

13. Levine ME, Lu AT, Quach A, Chen BH, Assimes TL, Bandinelli S, et al. An
epigenetic biomarker of aging for lifespan and healthspan. Aging. 2018;
10(4):573–91.

14. Lu AT, Quach A, Wilson JG, Reiner AP, Aviv A, Raj K, et al. DNA methylation
GrimAge strongly predicts lifespan and healthspan. Aging (Albany NY).
2019;11(2):303–27.

15. Ma H, Zhou Z, Wei S, Liu Z, Pooley KA, Dunning AM, et al. Shortened
telomere length is associated with increased risk of cancer: a meta-analysis.
PLoS One. 2011;6(6):e20466.

16. Honig LS, Kang MS, Schupf N, Lee JH, Mayeux R. Association of shorter
leukocyte telomere repeat length with dementia and mortality. Arch Neurol.
2012;69(10):1332–9.

17. Wang Q, Zhan Y, Pedersen NL, Fang F, Hagg S. Telomere length and all-
cause mortality: a meta-analysis. Ageing Res Rev. 2018;48:11–20.

18. Lu AT, Seeboth A, Tsai PC, Sun D, Quach A, Reiner AP, et al. DNA
methylation-based estimator of telomere length. Aging (Albany NY). 2019.

19. Belsky DW, Caspi A, Houts R, Cohen HJ, Corcoran DL, Danese A, et al.
Quantification of biological aging in young adults. Proc Natl Acad Sci U S A.
2015;112(30):E4104–E10.

20. Belsky DW, Caspi A, Arseneault L, Baccarelli A, Corcoran DL, Gao X, et al.
Quantification of the pace of biological aging in humans through a blood
test, the DunedinPoAm DNA methylation algorithm. eLife. 2020;9.

21. Stevenson AJ, McCartney DL, Hillary RF, Redmond P, Taylor AM, Zhang Q,
et al. Childhood intelligence attenuates the association between biological
ageing and health outcomes in later life. Translational psychiatry. 2019;9(1):
323.

Hillary et al. Clinical Epigenetics          (2020) 12:115 

151

mailto:access@generationscotland.org


22. Hillary RF, Stevenson AJ, Cox SR, McCartney DL, Harris SE, Seeboth A, et al.
An epigenetic predictor of death captures multi-modal measures of brain
health. Molecular psychiatry. 2019.

23. Rosen AD, Robertson KD, Hlady RA, Muench C, Lee J, Philibert R, et al. DNA
methylation age is accelerated in alcohol dependence. Transl Psychiatry.
2018;8(1):182.

24. Horvath S, Garagnani P, Bacalini MG, Pirazzini C, Salvioli S, Gentilini D, et al.
Accelerated epigenetic aging in Down syndrome. Aging Cell. 2015;14(3):
491–5.

25. Fransquet PD, Wrigglesworth J, Woods RL, Ernst ME, Ryan J. The epigenetic
clock as a predictor of disease and mortality risk: a systematic review and
meta-analysis. Clin Epigenetics. 2019;11(1):62.

26. Marioni RE, Shah S, McRae AF, Chen BH, Colicino E, Harris SE, et al. DNA
methylation age of blood predicts all-cause mortality in later life. Genome
Biol. 2015;16(1):25.

27. Ryan J, Wrigglesworth J, Loong J, Fransquet PD, Woods RL. A systematic
review and meta-analysis of environmental, lifestyle and health factors
associated with DNA methylation age. J Gerontol A Biol Sci Med Sci. 2019.

28. Fiorito G, McCrory C, Robinson O, Carmeli C, Rosales CO, Zhang Y, et al.
Socioeconomic position, lifestyle habits and biomarkers of epigenetic aging:
a multi-cohort analysis. Aging. 2019;11(7):2045–70.

29. Zhao W, Ammous F, Ratliff S, Liu J, Yu M, Mosley TH, et al. Education and
lifestyle factors are associated with DNA methylation clocks in older African
Americans. Int J Environ Res Public Health. 2019;16(17):3141.

30. McCrory C, Fiorito G, Hernandez B, Polidoro S, O’Halloran AM, Hever A, et al.
Association of 4 epigenetic clocks with measures of functional health,
cognition, and all-cause mortality in The Irish Longitudinal Study on Ageing
(TILDA). bioRxiv. 2020:2020.04.27.063164.

31. Horvath S, Gurven M, Levine ME, Trumble BC, Kaplan H, Allayee H, et al. An
epigenetic clock analysis of race/ethnicity, sex, and coronary heart disease.
Genome Biol. 2016;17(1):171.

32. Mannino DM, Davis KJ. Lung function decline and outcomes in an elderly
population. Thorax. 2006;61(6):472–7.

33. Mannino DM, Buist AS, Petty TL, Enright PL, Redd SC. Lung function and
mortality in the United States: data from the First National Health and
Nutrition Examination Survey follow up study. Thorax. 2003;58(5):388–93.

34. Tsaprouni LG, Yang T-P, Bell J, Dick KJ, Kanoni S, Nisbet J, et al. Cigarette
smoking reduces DNA methylation levels at multiple genomic loci but the
effect is partially reversible upon cessation. Epigenetics. 2014;9(10):1382–96.

35. Joehanes R, Just AC, Marioni RE, Pilling LC, Reynolds LM, Mandaviya PR,
et al. Epigenetic signatures of cigarette smoking. Circ Cardiovasc Genet.
2016;9(5):436–47.

36. Zeilinger S, Kühnel B, Klopp N, Baurecht H, Kleinschmidt A, Gieger C, et al.
Tobacco smoking leads to extensive genome-wide changes in DNA
methylation. PLoS ONE. 2013;8(5):e63812-e.

37. Zhang Y, Breitling LP, Balavarca Y, Holleczek B, Schottker B, Brenner H.
Comparison and combination of blood DNA methylation at smoking-
associated genes and at lung cancer-related genes in prediction of lung
cancer mortality. Int J Cancer. 2016;139(11):2482–92.

38. Elliott HR, Tillin T, McArdle WL, Ho K, Duggirala A, Frayling TM, et al.
Differences in smoking associated DNA methylation patterns in South
Asians and Europeans. Clin Epigenetics. 2014;6(1):4.

39. Philibert RA, Beach SRH, Brody GH. Demethylation of the aryl hydrocarbon
receptor repressor as a biomarker for nascent smokers. Epigenetics. 2012;
7(11):1331–8.

40. Dogan MV, Shields B, Cutrona C, Gao L, Gibbons FX, Simons R, et al. The
effect of smoking on DNA methylation of peripheral blood mononuclear
cells from African American women. BMC Genomics. 2014;15:151.

41. Kodal JB, Kobylecki CJ, Vedel-Krogh S, Nordestgaard BG, Bojesen SE. AHRR
hypomethylation, lung function, lung function decline and respiratory
symptoms. Eur Respir J. 2018;51(3):1701512.

42. Bhattacharyya J, Mihara K, Bhattacharjee D, Mukherjee M. Telomere length
as a potential biomarker of coronary artery disease. Indian J Med Res. 2017;
145(6):730–7.

43. Stefler D, Malyutina S, Maximov V, Orlov P, Ivanoschuk D, Nikitin Y, et al.
Leukocyte telomere length and risk of coronary heart disease and stroke
mortality: prospective evidence from a Russian cohort. Sci Rep. 2018;8(1):
16627.

44. Haycock PC, Heydon EE, Kaptoge S, Butterworth AS, Thompson A,
Willeit P. Leucocyte telomere length and risk of cardiovascular disease:

systematic review and meta-analysis. BMJ : British Medical Journal. 2014;
349:g4227.

45. Oksanen T, Kivimaki M, Pentti J, Virtanen M, Klaukka T, Vahtera J. Self-report
as an indicator of incident disease. Ann Epidemiol. 2010;20(7):547–54.

46. Lu AT, Xue L, Salfati EL, Chen BH, Ferrucci L, Levy D, et al. GWAS of
epigenetic aging rates in blood reveals a critical role for TERT. Nat Commun.
2018;9(1):387.

47. Jylhava J, Hjelmborg J, Soerensen M, Munoz E, Tan Q, Kuja-Halkola R, et al.
Longitudinal changes in the genetic and environmental influences on the
epigenetic clocks across old age: evidence from two twin cohorts.
EBioMedicine. 2019;40:710–6.

48. Smith BH, Campbell A, Linksted P, Fitzpatrick B, Jackson C, Kerr SM, et al.
Cohort Profile: Generation Scotland: Scottish Family Health Study (GS:SFHS).
The study, its participants and their potential for genetic research on health
and illness. Int J Epidemiol. 2013;42(3):689–700.

49. Smith BH, Campbell H, Blackwood D, Connell J, Connor M, Deary IJ, et al.
Generation Scotland: the Scottish Family Health Study; a new resource for
researching genes and heritability. BMC Med Genet. 2006;7(1):74.

50. Levey AS, Stevens LA, Schmid CH, Zhang YL, Castro AF 3rd, Feldman HI,
et al. A new equation to estimate glomerular filtration rate. Ann Intern Med.
2009;150(9):604–12.

51. Fernandez-Pujals AM, Adams MJ, Thomson P, McKechanie AG, Blackwood
DHR, Smith BH, et al. Epidemiology and heritability of major depressive
disorder, stratified by age of onset, sex, and illness course in Generation
Scotland: Scottish Family Health Study (GS:SFHS). PLoS ONE. 2015;10(11):
e0142197-e.

52. Grambsch PM, Therneau TM. Modeling survival data: extending the Cox
model. Statistics for Biology and Health. 2000.

53. Therneau T. A package for survival analysis in R. version 2.42-6. 2018.
Reference Source. 2019.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Hillary et al. Clinical Epigenetics          (2020) 12:115 

152



153 

 

9.3 Conclusion 

None of the six epigenetic ageing measures in this study were significantly 

associated with maternal or paternal history of AD. DNAm GrimAge and 

DunedinPoAm were nominally associated with the incidence of AD in a basic 

model adjusted for chronological age and sex (HR = 1.70 and 1.67, 

respectively, and P = 0.03). These associations did not surpass multiple testing 

correction and therefore were not brought forward to the fully-adjusted model. 

The number of incident cases for AD was low during 14 years of follow-up (n 

= 20 cases and 1,936 controls). Therefore, my study may have been 

underpowered. These relationships should be tested in samples with longer 

periods of follow-up or more incident cases of AD and other forms of dementia.  

 

DNAm GrimAge outperformed other epigenetic measures of ageing in its 

associations with prevalent and incident disease in the GS cohort. This is in 

agreement with findings from Lu et al. in their initial description of DNAm 

GrimAge (313). Further, McCrory et al. (2021) showed that DNAm GrimAge 

associated with a greater number of physical and cognitive performance 

measures than DNAm PhenoAge, Horvath Age and Hannum Age (462).    

 

It is unclear why DNAm GrimAge explains more of the variance in health-

related characteristics than other epigenetic ageing biomarkers. Data from my 

study and others suggest that predicting the risk of mortality might be of greater 

clinical utility than estimating chronological age or telomere shortening. 

Further, the ‘state’ measure of DNAm GrimAge outperformed DunedinPoAm, 

which estimates the rate of biological ageing. DNAm GrimAge and DNAm 

PhenoAge are both based on the prediction of all-cause mortality. The 

inclusion of smoking-related damage in the DNAm GrimAge estimate may 

explain its stronger associations with health-related phenotypes when 

compared to DNAm PhenoAge (466). However, DNAm GrimAge associated 

with the incidence of chronic obstructive pulmonary disease (COPD), type 2 

diabetes and ischemic heart disease independently of common risk factors 

including smoking. DNAm GrimAge might capture risk mechanisms in age-
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related diseases that are not explained by common lifestyle-related factors. 

Risk factors were based on self-report data. Therefore, there may have been 

residual confounding due to measurement error in covariates such as smoking 

pack years. Further work is needed to assess causality between epigenetic 

biomarkers, lifestyle risk factors and health outcomes.  

 

In this chapter, I comprehensively investigated cross-sectional and longitudinal 

relationships between six major epigenetic measures of ageing and common 

diseases. My findings in Chapters 8 and 9 suggest that DNAm GrimAge, which 

integrates methylomic and blood proteomic data, serves as a powerful 

correlate of cognitive fitness as well as incident COPD, heart disease and type 

2 diabetes. In the following chapter, I discuss my findings from Chapters 5-9 

in the context of the wider literature, the limitations of these studies and 

recommendations for future work.                 
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10  Discussion 

 

In this thesis, I explored the integration of genomics, epigenomics and 

proteomics to identify molecular correlates of cognitive function and dementia. 

First, I carried out GWAS and EWAS on 422 plasma protein levels to probe 

molecular pathways that link genotype, lifestyle factors and blood proteins to 

AD risk (Chapters 5-7). Second, I considered a blood-based predictor of 

mortality risk termed DNAm GrimAge that is derived from methylation-based 

estimates of seven plasma protein levels and smoking behaviour. I examined 

associations between DNAm GrimAge and brain health and the incidence of 

common diseases, including AD (Chapters 8 and 9). In this chapter, I first 

summarise the findings from Chapters 5-9. I then critically evaluate the 

strengths and limitations of the samples and methodologies used in this thesis. 

I finish by recommending future research directions.  

 

10.1  GWAS and EWAS on plasma protein levels  

I outlined in Chapter 1 that identifying blood-based markers of neurological 

diseases such as dementia could allow for non-invasive and repeated 

monitoring of disease risk and progression. GWAS and EWAS on complex 

disease states reveal genomic regions that might influence disease risk 

mechanisms. Combining these approaches with large-scale proteomics 

further informs underlying disease-associated pathways (Chapter 2) (410, 

467). There are over 30 GWAS with multiplexed blood protein measurements; 

however, only two such EWAS are reported in the literature (Chapter 3). 

Further, only Ahsan et al. have combined genomics, epigenomics and 

proteomics to examine the molecular architecture of cancer and CVD protein 

biomarkers (326). In this thesis, I conducted both GWAS and EWAS on plasma 

levels of neurology-related proteins (Chapter 5), peripheral inflammatory 

biomarkers (Chapter 6) and AD-associated proteins (Chapter 7). The studies 

advance our understanding of the genetic and epigenetic regulation of the 

plasma proteome. This is the first time that GWAS and EWAS were conducted 

on panels of blood proteins enriched for their relevance to neurological 
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conditions. Using a range of molecular genetic techniques, I highlighted 

possible molecular pathways and causative relationships between plasma 

proteins and AD risk. Further, I estimated the contribution of common genetic 

and epigenetic variation towards inter-individual differences in plasma levels 

of 342 proteins (BayesR+, Chapters 6 and 7).  

 

In Chapter 5, I performed separate GWAS and EWAS on plasma levels of 92 

neurological protein biomarkers using linear regression models (Olink 

neurology panel). In the GWAS stage, 41 pQTLs were identified across 33 

plasma proteins. Twenty-seven of these associations were not reported in the 

existing literature. I found 26 novel CpG associations across nine plasma 

proteins. Linear mixed-effects models (implemented in OSCA software) 

outperform linear regression methods in controlling for inflation and 

intercorrelations among CpG probes (132). Therefore, I also carried out EWAS 

using OSCA. Twenty-three of the 26 CpG associations identified by linear 

regression were present in OSCA. Integrating GWAS, EWAS and mQTL data 

suggested that a trans pQTL in ITIH4 affects neprilysin (NEP) levels through 

altered methylation within ITIH1 and ITIH4. NEP is a zinc-dependent 

metalloprotease that cleaves beta-amyloid in neural tissue. The loss of NEP 

causes AD-like behaviour in mice (468, 469). Inter-alpha-trypsin inhibitor 

heavy chain H1 and H4 (encoded by ITIH1 and ITIH4, respectively) are up-

regulated in serum samples from AD patients and murine AD models (470, 

471). Whether the co-regulation of these proteins occurs in human central 

nervous tissue is unclear. Plasma PVR levels were causally associated with 

the risk of AD in MR analyses. PVR is located within the TOMM40-APOE-

APOC2 cluster on chromosome 19, which harbours the most significant 

genomic risk loci for AD (472, 473). Decreased expression of PVR in 

monocytes has been associated with AD; however, the authors showed that 

this association was dependent on APOE genotype (474). Further, PVR levels 

in the dorsolateral prefrontal cortex were associated with AD risk. 

Colocalisation analyses suggested that distinct causal variants underpinned 

brain PVR levels and AD risk (475). This mirrors the findings from my study 

that two independent causal SNPs in PVR associated with blood PVR levels 
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and AD risk. The multi-omics strategy highlighted plausible networks of 

proteins and candidate disease markers for follow-up mechanistic studies in 

the context of AD pathology.  

 

In Chapter 6, I used a novel Bayesian penalised regression framework 

(BayesR+) to conduct the first integrated GWAS and EWAS on blood protein 

levels. I performed sensitivity analyses using linear regression (GWAS and 

EWAS) and OSCA (EWAS alone). The analyses were applied to a panel of 

inflammation-associated proteins (Olink inflammation panel). Thirteen pQTLs 

were detected in both BayesR+ and linear regression GWAS. Three CpG 

associations were concordant across linear regression EWAS, OSCA and 

BayesR+. Two pQTL and two CpG associations were not previously reported 

in the literature. I used two-sample MR to test whether the 13 proteins with 

robust pQTL associations were causally associated with AD risk. Whereas 

IL18R1 showed a nominally significant relationship with AD risk (P = 0.04), no 

association withstood multiple testing correction. There was a limited number 

of instruments available to proxy for plasma protein levels in MR analyses. 

After LD pruning, 11/13 proteins had only one available instrument. The power 

of MR is affected by how much of the variance in the exposure variable 

instruments explain. Including additional pQTLs in allele scores that explain 

more variability in inflammatory protein levels can improve power (476). 

However, the pQTLs should directly regulate inflammatory proteins. External 

meta-analyses of GWAS on inflammation (and neurology-related) proteins are 

ongoing. The increased sample sizes afforded by meta-analyses and consortia 

are poised to uncover more pQTL associations. This will help to clarify causal 

mechanisms between peripheral proteins and neurological disease states.   

 

I estimated the proportion of phenotypic variance in 70 inflammatory protein 

levels explained by genotyped SNPs (MAF > 1%) and methylation probes on 

the Illumina 450k array. Up to 66.4% of the variance in protein levels (for 

vascular endothelial growth factor A, VEGFA) was accounted for by genotype 

and methylation data when conditioned on one another. Methylation-based 

variance components estimates were strongly correlated between BayesR+ 
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and OSCA in Chapter 6 (r = 0.73). BayesR+ shows a higher correlation 

between estimated and simulated phenotype-epigenetic probe associations 

with reduced mean squared errors when compared to linear regression and 

OSCA. The simulated data pertained to complex traits (133). The relative 

performances of these methods in the context of simulated proteomic data are 

unknown. BayesR+ is more flexible than OSCA as different prior distributions 

can be assigned to individual covariates (i.e. CpG probes of small, medium 

and large effects) or groups of covariates (i.e. genotype and methylation data). 

However, pre-specifying series of prior Gaussian distributions can increase 

computational cost over other methods. In a given study, the most appropriate 

method for understanding the molecular architecture of the human proteome 

may depend on sample size, proteome coverage, computational cost and 

controlling for false positives. Nevertheless, BayesR+ is a powerful and 

accurate method for the joint inference of genetic and epigenetic effects over 

phenotypes. 

 

In Chapter 7, I performed a structured literature review to identify plasma 

proteins that have been associated with AD-related phenotypes (SOMAscan 

platform). In total, 359 proteins were identified, of which 282 were available to 

analyse in the Generation Scotland STRADL cohort. I showed that, in 

combination, genotyped SNPs and methylation data explained between 21.8% 

and 93.3% of the variance in SOMAmer levels. I identified 64 pQTLs across 

39 proteins and 26 CpG sites that associated with 20 proteins. Seven pQTLs 

and 19 CpG loci were novel. There was evidence for causal associations 

between AD risk and plasma levels of TREM2 and TBCA (Tubulin-specific 

chaperone A). The role of TREM2 in AD is well described. A rare loss of 

function mutation in TREM2 (frequency ~ 0.2%) increases the risk of AD by 

three-fold (477, 478). TREM2 regulates the recruitment of microglia to amyloid 

plaques and limits the spread of AD pathology (479-482). Further, MS4A4A is 

a key regulator of TREM2 production in the CNS (448, 483). TBCA regulates 

the proper folding of beta-tubulin, which interacts with tau (484, 485). However, 

the relationship between APOE, TBCA and AD risk is unknown. My findings 

also suggested that the sigma-2 receptor encoded by TMEM97 regulates MAP 
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kinase-activated protein kinase 5 (MAPKAPK5) levels. The sigma-2 receptor 

promotes neuroinflammation and cognitive deficits in animal models and the 

uptake of toxic amyloid species in neurons in vitro (450, 486, 487). Future 

studies should investigate whether MAPKAPK5 lies on the causal path 

between the sigma-2 receptor and synaptotoxicity.  

   

The novel findings in Chapters 5-7 included 36 pQTLs and 47 CpG site 

associations. The NLRC5 probe cg07839457 was linked to differential plasma 

levels of five inflammatory proteins (CXCL9, CXCL10, CXCL11, CSF1R and 

IL18BP). This CpG site was associated with six other inflammatory proteins 

(CD163, CD48, FCGR3B, IL12, IL18 and LAG3) in the studies by Ahsan et al. 

(326) and Zaghlool et al. (366). NLRC5 methylation may therefore serve as a 

read-out for low-grade chronic inflammation. Six proteins (CCL11, GHR, PIGR, 

TGF-alpha, TN-R, and WFDC2) were associated with CpG sites in AHRR and 

F2RL3, which are among the strongest methylation-based correlates of 

cigarette smoking (368, 369, 444). Further work is required to test whether 

these proteins mediate associations between cigarette smoking and health 

outcomes. I showed that pQTLs might influence plasma levels of eleven 

proteins via their effects on DNA methylation. There was strong evidence that 

pQTLs for nine proteins exert their effects at the level of transcription. 

Integrating genomics, epigenomics and proteomics shed light on the molecular 

regulation of individual proteins and their relationships with lifestyle factors, 

inflammation and AD risk. In the next section, I discuss the main findings from 

Chapters 8 and 9 in which I consider the composite biomarker DNAm 

GrimAge.  

 

10.2  Epigenetic ageing and neurological outcomes 

In Chapter 8, I assessed cross-sectional relationships between DNAm 

GrimAge and 137 phenotypes of interest in older age (mean age = 73 years). 

Age-adjusted DNAm GrimAge (AgeAccelGrim) associated with lower age 11 

IQ (β = -0.11), age 70 IQ (β = -0.11), general cognitive ability (‘g’, β = -0.18) 

and nine additional measures of crystallised and fluid intelligence. 
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AgeAccelGrim associated with lower white matter, grey matter and total brain 

volumes on MRI scans (range of β = [-0.22, -0.28]). AgeAccelGrim was 

positively associated with white matter hyperintensities, which predict cognitive 

impairment and incident dementia (488, 489). I also observed significant 

relationships between an accelerated DNAm GrimAge and 14 spirometric, 

physical and blood chemistry measures and 40 Olink neurology proteins. I 

tested whether early-life cognitive ability confounded associations between 

health- and brain-related phenotypes in older age. Twelve of the 69 

associations outlined above (excluding age 11 IQ) were non-significant after 

adjusting for age 11 IQ. The twelve traits included six cognitive measures, 

triglycerides, height and four neurological protein biomarkers (CTSS, GDNF, 

NC-Dase and VWC2). Effect sizes for cognitive traits were attenuated, on 

average, by 41%. Associations between AgeAccelGrim and ‘g’ and 

neuroimaging traits remained significant after controlling for age 11 IQ. These 

findings suggest that DNAm GrimAge explains additional variance in frailty and 

cognitive traits in older age beyond an established mortality predictor, 

childhood intelligence.  

 

There was a weak association between an accelerated DNAm GrimAge at age 

70 and faster cognitive decline over the eighth decade of life (P = 0.05). This 

association was attenuated after adjusting for age 11 IQ (P = 0.11). Maddock 

et al. (2020) showed that AgeAccelGrim cross-sectionally associated with 

episodic memory and mental speed at age 53 years in up to 1,368 participants 

from the National Survey of Health and Development Cohort. Models were 

adjusted for age and sex. AgeAccelGrim did not associate with cognitive 

decline from age 53 to age 69 years in this cohort (460). Longitudinal 

relationships between AgeAccelGrim and normal age-related cognitive decline 

should be tested with longer periods of follow-up, for instance from middle age 

to age 79 years or above. McCrory et al. (2021) reported that AgeAccelGrim 

associated with errors on three cognitive tasks (MMSE, Montreal Cognitive 

Assessment and Sustained Attention to Response Task) and slower reaction 

time in models adjusted for age, sex and white blood cell counts. Associations 

were attenuated to non-significance after controlling for body mass index, 
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physical activity, socioeconomic status and smoking (462). I demonstrated in 

Chapter 8 that DNAm GrimAge and DNAm Pack Years were highly correlated 

(r = 0.84). In Chapter 9, the association between AgeAccelGrim and ‘g’ was 

attenuated by 64% when adjusting for common lifestyle factors including 

smoking. Smoking behaviour likely accounts for most of the variance in 

cognitive traits explained by AgeAccelGrim in these studies. However, my 

analyses showed that effect sizes were, on average, 23% greater for the full 

DNAm GrimAge predictor than the smoking proxy alone. Methylation-based 

predictors of circulating protein levels explained additional variance in 

cognitive ability and frailty over the smoking predictor. Together, the findings 

from this study (and others) show that DNAm GrimAge, a composite biomarker 

of mortality risk, correlates strongly with poorer cognitive function and brain 

lesions.  

 

In Chapter 9, I investigated whether DNAm GrimAge associated with the 

prevalence and incidence of AD and nine other common diseases. I 

considered five additional epigenetic measures of ageing that predict 

chronological age (Horvath Age and Hannum Age), all-cause mortality (DNAm 

PhenoAge), telomere length (DNAm Telomere Length) or the rate of biological 

ageing (DunedinPoAm) (314, 315, 317, 318, 323). DNAm GrimAge 

outperformed other epigenetic ageing measures in its associations with 

continuous health measures and prevalent and incident disease. This agrees 

with findings from Lu et al. (2019) and McCrory et al. (2021) (313, 462). There 

were no significant associations between epigenetic ageing biomarkers and 

prevalent or incident AD. Parental history of AD was used as a proxy-

phenotype for prevalent cases at GS baseline. Prevalence estimates for AD 

are twice as high for women than men (490). Analyses were therefore 

conducted separately for self-reported measures of maternal and paternal 

history. There is a near-unit genetic correlation between self-reported 

measures of parental AD and the incidence of late-onset AD. This suggests 

that parental history is a valid proxy for AD in genetic studies (85, 491, 492). 

However, the prevalent cases in this study consisted of healthy individuals, 

which might have precluded biomarkers from detecting age- or disease-related 
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processes that underlie AD. There were 20 incident cases of AD during 14 

years of follow up, and the study may have had insufficient power to identify 

associations between epigenetic ageing and AD. The relationship between 

DNAm GrimAge and AD should be tested further in large-scale studies with 

rich incidence data.   

 

AgeAccelGrim predicted time-to-onset of COPD, CVD, type 2 diabetes 

independently of common lifestyle risk factors. The risk factors included 

alcohol consumption, body mass index, deprivation, education and smoking 

pack years. DNAm GrimAge might serve as a read-out for causal genomic and 

cellular mechanisms underlying peripheral age-related diseases. However, 

unmeasured confounders or measurement errors in known covariates could 

have biased the observed associations in this study. In summary, I have 

performed the largest and most comprehensive studies of DNAm GrimAge in 

reference to its associations with cognitive fitness and common disease states. 

This work sets out a template for future studies to examine associations 

between blood-based composite biomarkers and cognitive ageing or 

dementia. 

 

10.3   Limitations  

I have discussed limitations specific to each study in Chapters 5-9. In the 

following section, I outline general limitations that apply to the cohorts and 

methods used in this thesis.  

 

10.3.1 Cohorts  

The empirical work in this thesis was based on data from two Scottish cohorts: 

the LBC1936 (Chapters 5, 6 and 8) and GS (Chapters 7 and 9). The cohorts 

are intensively-phenotyped with genotyping, blood DNA methylation profiling, 

protein measurements, brain scans, cognitive assessments and detailed 

health and lifestyle questionnaire data (Chapter 4). A key strength of the 

LBC1936 cohort is the rare phenotype of lifetime cognitive change, marking it 

as an important resource for cognitive epidemiology. GS is the single largest 
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published cohort with methylation data. The cohorts were well-suited to test 

the hypotheses in this thesis.  

 

The majority of health and lifestyle questionnaire data in the cohorts relied on 

self-report, which might be affected by recall bias (493). The cohorts are also 

limited by selection bias. They are oversampled for individuals with higher 

educational attainment and socioeconomic status than the general population. 

Although GS is not fully representative of the general Scottish population, it 

contains participants from all socioeconomic status strata (389). The samples 

primarily include individuals of white British ancestry. Therefore, the results in 

this thesis are not necessarily generalisable to other populations. A key issue 

in epidemiological research is the lack of diverse cohort studies. Estimates for 

GrimAge acceleration are higher in African Americans when compared to 

European Americans (Cohen’s d = 0.32, 95% CI = [0.24, 0.41]) (494). 

However, it is unknown whether relationships between AgeAccelGrim and 

cognitive function and peripheral disease states are present in non-European 

samples. The majority of pQTL and protein-CpG studies have been conducted 

in individuals with European ancestry. Recently, Zhang et al. (2021) analysed 

cis-genetic regulation of the plasma proteome in European and African 

Americans. Associations detected in European Americans replicated at a 

lower rate in African Americans than vice versa (59.7% vs. 74.1%). Elastic net 

regression models were used to predict protein levels based on all cis pQTLs 

within each population. The European model performed much worse in African 

Americans than the converse, further underscoring the need for more diverse 

cohorts in molecular epidemiology (495).     

 

10.3.2 Methodological 

Proteomic assays  

The Olink Neurology and Inflammatory panels were used to measure plasma 

protein levels in Chapters 5 and 6, respectively. The SOMAscan platform was 

employed in Chapter 7. There are strengths and limitations to all high-

throughput proteomic assays. SomaLogic technology allows for deeper 
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coverage of the blood proteome than Olink. However, it has been estimated 

that 7% of SOMAmers bind to non-target proteins (204, 496). Olink technology 

allows for multiplexed immunoassays (92 proteins and 96 samples) without 

the extensive cross-reactivity that would occur in conventional ELISAs at this 

scale (191). The degree to which assay-based measurements of protein levels 

reflect in vivo abundances is uncertain. Further, few studies have assessed 

the agreement of protein measurements across high-throughput proteomic 

assays. Fifty-six out of 425 proteins were highly correlated across SOMAscan 

and Olink platforms (r > 0.7, n = 48 blood samples). The median correlation 

coefficient was 0.36 (497). This is in line with a median estimate of 0.38 in a 

larger study that analysed 871 proteins in 485 individuals (351). However, 

median correlation coefficients of 0.62 and 0.73 have been reported in 

samples from high-grade serous ovarian cancer patients (498, 499). Eight out 

of 35 proteins measured across Olink and MS-based methods showed a 

correlation coefficient above 0.5 across 173 plasma samples from a Southern 

German population-based cohort (500). The specificities of many aptamers 

have been confirmed with complementary MS-based proteomics; however, not 

all available SOMAmers have been tested (339, 501).  

 

The identification of cis pQTLs or CpG associations provides evidence for 

specific antibodies and aptamers. However, pQTLs might induce differential 

binding effects including alterations to the epitope region. Therefore, some 

pQTL associations might reflect differential binding of reagents to targets 

rather than differences in protein abundances. These pQTLs may be platform-

specific. Sun et al. (2018) demonstrated that 371/549 cis pQTLs (67.6%) for 

SOMAscan-measured proteins were unlikely to have been influenced by 

differential aptamer binding. The authors tested replication of pQTL 

associations in 4,998 individuals using Olink data. Effect sizes were strongly 

correlated between pQTLs detected with SOMAscan and Olink (r = 0.83), and 

65% of pQTLs replicated (81% cis and 52% trans) (204). Pietzner et al. (2021) 

reported a similar estimate of 64% for the proportion of pQTLs shared across 

SomaLogic and Olink platforms (n = 10,708). However, correlations between 

effect sizes were lower (cis r = 0.41, trans r = 0.34). Variants were more likely 
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to replicate when cross-platform correlations between protein measurements 

and SOMAmer binding affinities were higher. Protein altering variants were 

significantly associated with SOMAscan-specific pQTLs, but not with 

associations specific to the Olink platform. This finding might reflect the 

reliance of SOMAmers on the shape of their protein targets (351). In this thesis, 

I did not account for the presence of protein altering variants. I performed 

functional annotation of all pQTL associations and highlighted nonsynonymous 

polymorphisms that might affect protein structure. However, it is possible that 

other pQTLs were in LD with protein altering variants. I also applied existing 

evidence from the literature to identify potentially non-specific pQTL 

associations. Additional cross-platform studies will aid in deciphering the 

biological relevance of pQTL and protein-CpG associations.        

 

DNA methylation assays  

Microarrays were used to quantify genome-wide methylation in this thesis. At 

present, the arrays only cover up to 3% of CpGs across the genome. In relation 

to Chapters 5-7, important CpG loci that associate with protein levels could be 

missed owing to this limited coverage. The proportion of distal regulatory 

elements interrogated by Illumina microarrays is limited (115). Increased 

coverage of distal regulatory sites could reveal important functional 

relationships between the epigenome and proteome or biological ageing. 

However, it is unclear whether examining additional sites in the epigenome will 

add substantial value to epigenetic measures of ageing (306). Zhang et al. 

(2019) showed that a near-perfect predictor of chronological age can be 

generated using Illumina 450k data in a large training sample (n = 13,661) 

(291). Building a reliable epigenetic predictor of biological ageing is more 

challenging given that there is no clear definition of biological age.  
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Statistical methods  

I used BayesR+ to estimate SNP-based heritabilities of plasma protein levels. 

Heritability estimates based on common SNPs are generally lower than those 

based on twin and family studies (502, 503). Pedigree studies assess 

heritability based on all causal variants regardless if they are common or rare. 

SNP-based studies depend on LD between genotyped SNPs and causal 

variants. Incomplete LD between tagged and unknown causal variants induces 

an underestimation of narrow-sense heritability. Liu et al. (2015) quantified the 

relative contributions of heritable and environmental factors towards plasma 

levels of 342 proteins measured using MS in 58 pairs of monozygotic and 

dizygotic twins. The most strongly heritable protein was apolipoprotein A 

(66%). The protein most affected by common environmental factors was 

immunoglobulin heavy constant alpha 2 (67%) (358). Using a family-based 

design, Enroth et al. (2014) demonstrated that 75% of proteins on the Olink 

Oncology I panel were significantly heritable. The most heritable protein was 

CCL24 with an estimate of 78%. This is higher than the estimate of 67% that I 

obtained using SNP data and BayesR+, which implicitly controls for 

relatedness (324). BayesR+ controls for intercorrelations between CpG probes 

(133). However, the variance in protein levels explained by epigenetic variation 

might have been underestimated due to the limited coverage of probes on 

state-of-the-art microarrays.  

 

The majority of MR analyses in this thesis relied on single instruments.  

Estimates of causal effects in MR analyses were obtained from a Wald ratio, 

which is the ratio of the SNP-outcome effect and the SNP-exposure effect 

(504). The result is reliable if the SNP directly influences the outcome through 

the exposure (vertical pleiotropy). A causal effect might instead reflect 

horizontal pleiotropy where the SNP affects the outcome through pathways 

other than, or in addition to, the exposure. The association could arise if distinct 

causal variants for the exposure and outcome are in LD with one another (505). 

Genetic colocalisation techniques including coloc can help to rule out the 

possibility of distinct causal variants and highlight unreliable associations in 

MR (220). PVR and CSF3 levels were associated with AD risk in Chapters 5 
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and 7, respectively. Colocalisation analyses suggested the presence of 

separate causal variants for plasma protein levels and disease risk. There was 

strong evidence for colocalisation between TREM2 or TBCA levels and AD 

risk (Chapter 7). As discussed in Section 2.4, the presence of multiple 

conditionally independent causal SNPs in a given locus could lead to an 

incorrect interpretation of colocalisation (274, 506, 507). Future work is 

required to determine whether methods that account for single or multiple 

causal variants are best suited to pQTL studies. In any case, vertical pleiotropy 

cannot be inferred in single instrument MR tests. Triangulation of evidence 

across other experimental and epidemiological approaches will be necessary 

to determine if blood TREM2 and TBCA levels influence AD risk.  

 

I could not infer causal directionality between epigenetic ageing and health 

outcomes in this thesis. A recent GWAS on epigenetic ageing measures 

detected causal effects of adiposity and smoking status on GrimAge 

acceleration (508). These associations might reflect the inclusion of DNAm-

based proxies for plasma leptin levels and smoking pack years in DNAm 

GrimAge (509). There was consistent evidence across several MR methods 

for a causal link between higher educational attainment and lower GrimAge 

acceleration. Alcohol intake was not associated with GrimAge acceleration. 

DNAm GrimAge acceleration was not causally associated with 23 health and 

disease outcomes, including heart disease and type 2 diabetes (508). In 

Chapter 9, associations between AgeAccelGrim and COPD, heart disease and 

type 2 diabetes were independent of several lifestyle factors that exhibit causal 

influences on GrimAge acceleration. The biological and environmental factors 

that underlie associations between epigenetic ageing measures and health 

outcomes are yet unknown.  

 

10.4  Recommendations for future research  

The first objective of this thesis was to identify molecular determinants of 

plasma protein levels and explore their relationships with neurological disease 

risk. Looking to the future, meta-analyses and increased sample samples are 
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required to identify additional pQTL and protein-CpG associations. There is 

also a need for multi-ethnic GWAS and EWAS on blood protein levels, which 

may increase power to detect associations and highlight loci that generalise 

across multiple populations (510, 511). Similarly, pooling proteomic data 

across different cohorts and assays could determine high-confidence sets of 

pQTL and CpG associations. SomaLogic and Olink report relative 

quantification of protein levels, whereas other methods use absolute 

quantification. Therefore, appropriate harmonisation and standardisation 

methods are required to account for possible systematic biases across data 

sources and ensure that protein measurements are comparable. Together, 

these advances will help to identify ancestry- and platform-specific 

associations and determine why they occur.  

 

Tissue- or cell type-specific pQTL and protein-CpG studies are required to find 

shared associations between blood and distal tissues including the brain and 

CSF. In a recent multi-tissue GWAS on protein levels, over 70% of pQTLs 

identified in plasma and CSF were replicated in brain tissue (parietal cortex). 

These results suggest that plasma is informative for identifying genetic 

regulators of the brain proteome (342). EPIC methylation data averaged 

across CpG sites correlates strongly between blood and resected brain tissue 

(r = 0.86) (512). However, fewer than 10% of CpG sites show significant 

correlations between blood and brain samples (150, 151) (Section 1.5.3). 

EWAS on the brain proteome are needed to determine the proportion of 

protein-CpG associations that are shared with blood-based studies.  

 

There is a limited understanding of how pQTLs affect protein abundances. 

Evidence from my studies and others show that some pQTLs influence protein 

levels through their effects on DNA methylation and gene expression. The role 

of other processes, such as histone acetylation and chromatin remodelling, in 

protein regulation should be examined using multi-omics methodologies. 

Further, a given protein may show many ‘proteoforms’ owing to sequence 

variations, splicing isoforms and post-translational modifications, such as 

glycosylation. Characterising genetic and epigenetic factors that underpin 
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differential proteoform levels will refine our understanding of protein regulation. 

For instance, Klarić et al. (2020) performed GWAS on immunoglobulin G 

glycosylation using 8,090 plasma samples. The authors demonstrated that 

immunoglobulin G glycosylation is influenced by variation in key transcription 

factors and enzymes involved in glycan synthesis (513). Wahl et al. (2018) 

found 7 CpG correlates of immunoglobulin G glycosylation, including smoking-

associated probes in AHRR and F2RL3 (514). An important area of future 

research is the development of efficient statistical methods that can integrate 

several omics types to study the regulation of proteins and their relationships 

with disease states. These methods must account for correlation structure 

among high-dimensional multi-omics data. Summary association results and 

high-dimensional molecular data pose significant data access and storage 

burdens. Therefore, these challenges must be overcome to permit feasible 

workflows in multi-omics study designs. 

 

The second objective of this thesis was to determine whether the blood-based 

epigenetic ageing biomarker DNAm GrimAge associated with cognitive 

function and incident disease. Further studies are needed to define the factors 

that explain associations between DNAm GrimAge and health outcomes. 

Epigenetic alterations are important markers of disease even if they are non-

causal and reflect passive changes in the underlying biology (306). Recently, 

we generated DNAm-based predictors of 953 plasma protein levels via elastic 

net regression (Gadd*, Hillary* et al., (515)). Protein levels were adjusted for 

known pQTL effects. The DNAm proxy for acid sphingomyelinase (ASM) 

predicted the incidence of AD several years before diagnosis (515). Adapting 

epigenetic ageing biomarkers to include proxies for proteins associated with 

dementia, such as ASM, might improve blood-based prediction of dementia 

risk. Many epigenetic ageing measures rely on bulk-cell-derived data. Further 

improvements might be gained by single-cell analyses, which could reveal 

novel biological insights into ageing-related processes (516).  

 

Methylation-based predictors of human traits work well at the population level 

but are not consistently accurate at the individual level. At present, their use 
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as biomarkers relates to their research rather than clinical applications. I 

highlighted these limitations in an online, interactive platform for methylation-

based health profiling termed ‘MethylDetectR’ (517). Future work is warranted 

to assess the translational potential of methylation-based health predictors and 

their utility across different clinical populations. The increasing accuracy of 

DNAm-based predictors for traits such as chronological age has led to their 

use in forensics (518-520). The potential application of epigenetic biomarkers 

in forensic contexts and insurance risk assessments poses significant ethical 

and legal considerations (521-523). Frameworks are needed to enable 

adequate informed consent in advance of DNAm-based trait estimations and 

the preservation of patient or individual autonomy (306). Further research is 

also required to rigorously assess the validity of epigenetic ageing biomarkers 

in different ethnicities, disease contexts and environmental conditions.  

 

10.5  Final summary 

The increasing application of high-throughput molecular phenotyping 

technologies to large-scale population biobanks provides a growing resource 

upon which the molecular mechanisms that underlie complex disease states 

can be interrogated. In this thesis, an integrative, multi-omics approach was 

employed to examine the molecular regulation of blood proteins and their 

relationships with dementia risk. First, a number of statistical approaches were 

applied to assess the genetic and epigenetic architectures of over 400 plasma 

proteins. Thirty-six novel genetic variants and 47 novel epigenetic loci were 

associated with plasma protein abundances. Causal modelling implicated 

blood proteins including TREM2 and TBCA in Alzheimer’s disease risk. 

Second, a blood-based predictor of all-cause mortality termed DNAm 

GrimAge, which integrates epigenetic and proteomic data, associated with 

cognitive function and pulmonary and cardiometabolic disease states. 

However, DNAm GrimAge did not predict incident Alzheimer’s disease. The 

body of work in this thesis provides evidence that blood-based multi-omics 

approaches can be used to track disease risk mechanisms in other tissues.  

Further progress in these research areas will uncover perturbed molecular 

systems that promote dementia risk and may enable non-invasive methods 

that aid in the prediction of cognitive decline.   
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