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Douw and Carine Cronjé, this one is for you. 

Thank you. 
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And I said to the man who stood at the gate of the year: 

“Give me a light that I may tread safely into the unknown.” 

And he replied: 

“Go out into the darkness and put your hand into the Hand of God. 

That shall be to you better than light and safer than a known way.” 

So I went forth, and finding the Hand of God, trod gladly into the night. 

And He led me towards the hills and the breaking of day in the lone East. 

So heart be still: 

What need our little life 

Our human life to know, 

If God hath comprehension? 

In all the dizzy strife 

Of things both high and low, 

God hideth His intention. 

 

God knows. His will 

Is best. The stretch of years 

Which wind ahead, so dim 

To our imperfect vision, 

Are clear to God. Our fears 

Are premature; In Him, 

All time hath full provision. 

 

Then rest: until 

God moves to lift the veil 

From our impatient eyes, 

When, as the sweeter features 

Of Life’s stern face we hail, 

Fair beyond all surmise 

God’s thought around His creatures 

Our mind shall fill. 

 

The Gate of the Year – Minnie Louise Haskins 
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ABSTRACT 

INTRODUCTION AND AIM 

Eighty-five percent of the 41 million annual non-communicable disease (NCD) mortalities 

worldwide occur in low- and middle-income countries (LMICs).  A large proportion of these deaths 

are caused by cardio-metabolic diseases (CMDs).  The prevalence of CMDs continues to 

increase in part owing to the rapid urbanisation experienced by these countries.  Evidence has 

shown that epigenetic mechanisms, such as DNA methylation (DNAm), associate with CMDs and 

CMD risk factors.  These mechanisms potentially mediate the relationship between 

genetic/environmental exposure (such as the behaviour and lifestyle changes related to 

urbanisation) and disease.  Valuable insights have so far come from investigations of DNAm in 

the context of CMD through epigenome-wide association analyses (EWASs), white blood cell 

count (WBC) ratios and DNAm clocks.  Although these investigations could be of great benefit to 

CMD prevention and treatment in LMICs, thus far data have largely been collected in individuals 

from European descent, mostly living in urbanised, high-income countries.  Data on populations 

from different ancestries, living in LMICs, including continental Africans, are scarce.  Because 

there are known genetic and epigenetic differences between ancestral groups, the generalisability 

of the current epigenetic literature, mostly resulting from European cohorts, to understudied 

African populations is unknown.  This thesis reports the first investigation into the relationship 

between DNAm and cardio-metabolic health in black South Africans.  First, the urban-rural divide, 

as is experienced in developing countries such as South Africa, was described as an 

epidemiological approach to investigate the role of DNAm in the association between urbanisation 

and NCD risk, in the form of a review.  This formed part of the literature required to understand 

and interpret the experimental data.  Empirically, DNAm was investigated using EWASs and 

analysis of methylation-derived WBC ratios and DNAm clocks, in relation to a range of CMD-

related phenotypes including chronological and biological age, alcohol consumption, smoking 

status, body composition, biochemical indicators of metabolic health and inflammation, as well as 

markers of cardiovascular function (CVF) and risk. 

METHODS 

A sub-sample of 120 apparently healthy Batswana men, aged 45 to 88 years, who participated in 

the 2015 arm of the Prospective Urban and Rural Epidemiology study in the North West province 

of South Africa (PURE-SA-NW) were investigated.  Genome-wide DNAm data were generated 

from whole-blood DNA using the Illumina® Infinium HumanMethylationEPIC bead chip (EPIC 

array).  Multiple CMD-related EWASs were performed and compared to previously published 

EWASs conducted in different ethnicities, to evaluate the reproducibility of current literature and 
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to contribute novel findings from the PURE-SA-NW cohort.  Next, methylation-derived WBC ratios 

were investigated and compared to protein-based inflammatory markers in their associations with 

CVF markers and their literature-based portrayal of CVD risk.  Lastly, DNAm ages were estimated 

using five widely used DNAm clocks.  Age estimates from the Horvath, Hannum and skin and 

blood clocks were compared in terms of their accuracy of chronological age estimation and those 

from PhenoAge and GrimAge clocks were compared according to their ability to characterise 

biophysiological decline. 

RESULTS 

Up to 86% of previously identified epigenome-wide associations overlapped with the findings from 

the PURE-SA-NW study, and a further 13% were directionally consistent.  Only 1% of the 

replicated associations presented with effects opposite to findings in other ancestral groups and 

were largely explained by population-specific genomic variance.  Nineteen novel CpG 

associations with alcohol consumption (11 EPIC probes and eight 450K probes also present on 

the EPIC array) and one with high-density lipoprotein (450K probe) were observed.  The WBC 

ratio estimates of the PURE-SA-NW group were comparable to previously investigated ostensibly 

healthy ethnic groups.  The CVD risk portrayed by these markers was also similar to that of 

conventionally used risk markers, including C-reactive protein.  The methylation-derived WBC 

ratio indicators performed better than the protein-based inflammatory markers when disentangling 

variance in CVF.  Optimal clarification of CVF variance was obtained when the methylation-

derived and protein-based markers were used in tandem.  The skin and blood clock had a 

stronger correlation with chronological age and less variation in age acceleration compared to the 

Horvath and Hannum clocks.  All three of these clocks, however, tended to underestimate the 

chronological age of the cohort.  This underestimation was increasingly pronounced with older 

chronological age.  GrimAge provided superior characterisation of biophysiological decline 

compared to the PhenoAge estimate, partly because of its incorporation of smoking-related 

effects, which were not encapsulated by the PhenoAge estimate or any of its constituents.  This 

was of particular importance in this study population, given that more than half of them were 

current smokers. 

CONCLUSION 

This thesis demonstrates that the methylation associations observed in this black South African 

population are largely in agreement with the epigenetic data published on other ethnicities, with 

some differences related to genomic variance, highlighting the need for population-specific data.  

The enhanced coverage of the EPIC array proved useful in expanding the current epigenetic 

literature.  Methylation-derived WBC ratio markers provided additional value to conventionally 
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used inflammatory markers in the elucidation of the role of inflammation in CVF, even in 

population-based research without overt inflammatory diseases.  The DNAm clocks require 

further optimisation for their use in older populations, as was observed in their systematic 

underestimation of biological age in the PURE-SA-NW data.  The fact that the GrimAge 

incorporates, for the first time, lifestyle-related exposure, such as smoking, seemed to add to its 

accuracy in characterising biophysiological decline.  Empirically, this thesis shows that 

investigations of diverse populations are valuable and can reveal new associations.  The critical 

narrative literature review highlights the need for epidemiological studies of DNAm across urban-

rural divides where suitable data sets exist.  Future studies can replicate the data reported here 

and further investigate causal pathways and utility in disease prediction. 

KEYWORDS: cardiovascular disease, cardiovascular function, DNA methylation, epigenetic 

clocks, EWAS, inflammation, LMICs, methylation age, PURE, urbanisation 
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INTRODUCTION 

1.1 Background and problem statement 

Non-communicable diseases (NCDs) are responsible for 71% of all deaths globally (World Health 

Organization [WHO], 2018a).  A large proportion of these deaths are caused by cardio-metabolic 

diseases (CMDs), such as cardiovascular diseases (CVDs) and diabetes, which account for 44% 

and 4% of all NCD deaths, respectively (WHO, 2018a).  Of all mortalities registered in South 

Africa in 2016, 12.3% were the result of CVD and another 5.5% were due to diabetes.  Overall, 

NCDs accounted for 57% of all deaths in that year (Stats SA, 2018).  As in the rest of the 

developing nations, the proportion of NCD-related deaths compared to death from infectious 

diseases and malnutrition is increasing annually.  It is estimated that 85% of the global NCD 

mortalities occur in low- and middle-income countries (LMICs) (WHO, 2018b).  Adults in these 

regions face twice the risk of NCD mortality than their counterparts living in high-income countries 

(WHO, 2018a).  Although this discrepancy is partly accounted for by the lack of adequate health 

care and infrastructure, the main driver of the increase in NCDs in LMICs has been ascribed to 

be the rapid urbanisation and globalisation of lifestyles experienced by LMIC residents (Miranda 

et al., 2019; WHO, 2018b).  In South Africa specifically, urbanisation, accompanied by nutritional 

transition, has been identified as the driving force of the increased NCD prevalence (Department 

of Health et al., 2019; Nienaber-Rousseau et al., 2017; Pieters & Vorster, 2008; Popkin, 2015; 

Vorster, 2002).  The association of lifestyle and environmental changes with NCD prevalence 

shows, in line with global findings, that a large component of the NCD/CMD epidemic is the result 

of environmental influence, notwithstanding the known genetic component of these diseases 

(Holland, 2017; Popkin, 2015; Prioreschi et al., 2017; Rider & Carlsten, 2019).  

Because a significant proportion of CMD cases are preventable, modifiable risk factors of CMDs 

and the ways in which these may alter disease risk and mortality have received considerable 

attention (Bennett et al., 2018; Forouzanfar et al., 2016; Reddy, 2016).  It is, however, becoming 

increasingly evident that the epigenetic mechanisms, such as DNA methylation (DNAm), which 

bridge genetic predisposition and environmental exposure with complex disease, may be a 

valuable novel target for intervention (Jhun et al., 2017; Ladd-Acosta & Fallin, 2016; Ligthart et 

al., 2018; Richard et al., 2017; Richardson et al., 2017). 

Although the genome is fixed at conception, the body is able to respond to short- and long-term 

environmental exposure through the epigenome (West-Eberhard, 1989) by altering the way in 
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which this genomic blueprint is expressed (Holland, 2017; Laubach et al., 2018; Martin & Fry, 

2018).  DNAm is the most investigated epigenetic modification because of its ease of 

measurement and its intervention potential (Christman, 2002; Lioznova et al., 2019; Singh et al., 

2013).  DNAm, in the context of cardio-metabolic health and specifically disease, is the focus of 

this thesis.  Multiple epigenome-wide association studies (EWASs) have highlighted the 

relationship between the methylation of specific cytosine-guanine-phosphate sites (CpGs) and 

the risk of CVD (Davis Armstrong et al., 2018; Richardson et al., 2017) and diabetes (Chambers 

et al., 2015; Elliott et al., 2017; Ortiz et al., 2018).  Similarly, differential CpG methylation has been 

associated with well-known risk factors of CMDs, such as smoking (Joehanes et al., 2016), 

alcohol consumption (Liu et al., 2018), physical inactivity (Hunter et al., 2019), adiposity 

(Aslibekyan et al., 2015; Mendelson et al., 2017), blood lipid concentrations (Braun et al., 2017; 

Hedman et al., 2017), impaired glucose metabolism (Kriebel et al., 2016) and inflammation 

(Ligthart et al., 2016).  Investigations into the potential causal influence of DNAm on CMD 

development are increasing (Elliott et al., 2017; Mendelson et al., 2017; Richardson et al., 2017; 

Richmond et al., 2016), although conclusive evidence is yet to be published. 

A recognised limitation of the current epigenetic literature is that the vast majority of research only 

represents European populations (Popejoy & Fullerton, 2016).  This limits the generalisability of 

current literature to different ethnic and demographic landscapes and consequently the ability to 

validate these findings in alternative settings.  Although efforts are being made in the larger 

genomics research community to address this, only marginal increases in data on African 

Americans (Akinyemiju et al., 2018; Barcelona et al., 2019; Chitrala et al., 2019), Asians (Zhu et 

al., 2016) and Latin Americans (Galanter et al., 2017) have been observed (Popejoy & Fullerton, 

2016).  In relation to CMD, thus far only one continental African EWAS cohort has represented a 

West African sample population (Agyemang et al., 2014; Meeks et al., 2018). 

One of the integral features of this thesis is that it utilises the unique genetic and environmental 

aspects of the South African population to broaden the current perspectives on the role of DNAm 

in cardio-metabolic health and disease.  Continental Africans are known for their vast genomic 

diversity and low genetic linkage (Schlebusch & Jakobsson, 2018; Schuster et al., 2010).  This 

has proven useful in genetic research when attempting to narrow down on causal variants 

(Marigorta et al., 2018; Park, 2019; Pranavchand & Reddy, 2016).  In terms of epigenetic 

research, investigating a population with a different ancestral origin from any referred to in the 

previously published literature is useful for both validation and expansion of current findings.  As 

with all epidemiology, validation of epigenetic research is crucial to rule out any spurious findings.  
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In addition, as a relatively new area of research, advancements in methylation research, such as 

the new methylation quantification platform, Illumina® Infinium HumanMethylationEPIC bead chip 

(EPIC array), allows for a continual increase in the loci available for testing and consequently the 

acceleration in the discovery of novel associations.  This array currently also provides the most 

cost-effective way (price per CpG) to generate genome-wide methylation data.  Of the ~850 000 

loci represented on the EPIC array, ~450 000 can be investigated for validation of previous 

findings (from data generated from the EPIC predecessor, the 450K array) and ~400 000 can be 

leveraged for the discovery of novel associations.  Apart from EWASs (reported in Chapter 4), 

many of the computational methods developed for methylation data, have not been tested in 

continental Africans, including two of the methods applied in this thesis:  methylation-derived cell 

ratios (Chapter 5) and epigenetic clocks (Chapter 6). 

Added to the genomic novelty of continental African groups are the differences in environmental 

exposure and, therefore, potential DNAm modifiers these cohorts can contribute.  South Africa, 

for example, is a developing country that contains vast open stretches of agricultural land 

inhabited by small farming communities, but also world-class cities and large, densely-populated 

informal settlements (Government Communications, 2019; Miranda et al., 2019).  These socio-

economic distinctions are further intertwined with numerous ethno-linguistic, religious and cultural 

groups showcasing vast behavioural differences.  The country is furthermore home to eight 

distinct biomes, ranging from desert to forest (Government Communications, 2019; Department 

of Health et al., 2019; Ramsay, 2012), all of which can modulate gene expression by altering the 

DNAm. 

1.2 Study cohort 

Funding for this project was received to pilot an epigenetics investigation of cardio-metabolic 

health within the South African arm of the international Prospective Urban and Rural Epidemiology 

(PURE) study.  The PURE study was established to investigate the relationship between social, 

behavioural, genetic and environmental factors and NCD progression in urban and rural 

individuals (N = 225 000) residing in 27 developing countries around the world, of which South 

Africa is one (Teo et al., 2009).  The North-West University administrates the North West province 

arm of the PURE study (PURE-SA-NW).  At baseline, in 2005, the PURE-SA-NW cohort recruited 

2 010 self-identified black Batswana participants.  Participants had to be healthy adults (no 

diagnosed chronic or acute disease, including negative status for the human immunodeficiency 

virus), older than 30.  These participants were followed up for 10 years.  In these 10 years, three 
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major data collections took place, in 2005, 2010 and 2015 (De Lange et al., 2012; Jacobs et al., 

2019; Wentzel-Viljoen et al., 2018). 

In line with the acknowledged strengths of African cohorts, prior evidence confirmed vast genetic 

variation and low linkage disequilibrium in the PURE-SA-NW group (Chikowore et al., 2015; 

Cronjé et al., 2017a; Cronjé et al., 2017b), as well as environmental diversity through its inclusion 

of rural, urban and transitioning study sites (Nienaber-Rousseau et al., 2013; Wentzel-Viljoen et 

al., 2018).  Other aspects of this cohort that make it ideal for an epigenetic epidemiology pilot 

study include (1) a longitudinal design spanning 10 years, (2) a large sample size (N = 2 010), (3) 

an extensive data set on a range of phenotypes over the 10 years, including data on 

demographics, biochemical markers, body composition, lifestyle (e.g. diet, stress and physical 

activity), cardiovascular function, injuries and non-fatal events, (4) the availability of cryo-stored 

samples from all three time points, and (5) a multi-disciplinary research team from multiple 

faculties and areas of expertise.  Challenges associated with using this cohort were that (1) major 

rural development occurred during the 10-year follow-up in the rural study area, resulting in the 

rural and urban groups being largely indistinguishable in their lifestyles by 2015, (2) the sample 

size was reduced through attrition to 980 by the tenth year of follow-up, (3) epigenetics was only 

introduced as a specific aim in 2015, which means that DNA-containing samples collected 

previously (2005 and 2010) might be of sub-optimal quality; (4) limited genetic data were available 

(118 single nucleotide polymorphisms in the larger cohort and whole-genome sequences for a 

sub-sample of 30 individuals) and, (5) mortality data were not yet available. 

1.3 Research questions, aims and objectives 

Based on the above, four research questions were identified that best suited the strengths and 

limitations of our study population and available PURE-SA-NW data within the overarching theme 

of:  The relationship between DNAm and cardio-metabolic health in black South Africans.  These 

are explored in four manuscripts, presented in this thesis.  The aims, objectives and context of 

each of these will be discussed next.
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1.3.1 Leveraging the urban-rural divide for epigenetic research 

Aim: To evaluate the use of an urban-rural divide as an epidemiological approach when 

investigating the role of DNAm in the association between urbanisation and NCD risk. 

Objectives: 

1. Critically review current literature on urbanisation-NCD, urbanisation-DNAm and 

DNAm-NCD relationships. 

2. Evaluate the suitability of the migration, income-comparative and urban-rural study designs 

to clarify the role of DNAm in the association between urbanisation and NCDs by: 

a. Comparing their strengths and limitations; 

b. Describing the best suited research questions that can be addressed with each of 

these study designs; and 

c. Describing appropriate cohorts that are/can be leveraged for each study design.  

These objectives were pursued in the form of a narrative review manuscript.  The results of a vast 

number of investigations on associations between DNAm and individual components of 

urbanisation (such as reduced physical activity, Westernised diet, increased alcohol 

consumption) and urbanisation-related NCD/CMD risk factors (insulin resistance, adiposity, 

hypertension, unfavourable blood lipid profiles) have been published (Kriebel et al., 2016; Levine 

et al., 2018; Ligthart et al., 2016; Liu et al., 2018; Lu et al., 2019; Martin & Fry, 2018; Richardson 

et al., 2017; Ryan et al., 2019).  The urban-rural divide may provide a unique opportunity to 

investigate the amalgamated environmental exposure that defines the urban-dwelling compared 

to rural-dwelling individual, and to extend that to an investigation of the associated DNAm 

differences and increased NCD risk.  This review evaluates the ability of three epidemiological 

study designs (migration, income-comparative and urban-rural designs) to investigate the role of 

DNAm in the association between urbanisation and the rise in NCD prevalence and mortality.  

The varied aims, strengths and weaknesses of each of these investigative frameworks are 

reviewed in this manuscript.  
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1.3.2 Replication and expansion of epigenome-wide association literature in a black 

South African population 

Aim: To replicate findings from previously published NCD-related EWASs and contribute novel 

findings from the PURE-SA-NW cohort to the current literature. 

Objectives: 

1. Find and extract summary statistics from the largest reproducible EWAS of each of the traits 

for which data are available in the PURE-SA-NW cohort (age, alcohol consumption, smoking 

status, body mass index, waist circumference, blood lipids and C-reactive protein). 

2. Perform EWASs as described in the respective reference manuscripts using the PURE-SA-

NW data. 

3. Evaluate and report the overall agreement between the summary statistics of each EWAS 

performed and the reference cohorts by: 

a. Determining whether any systematic differences exist between the PURE-SA-NW 

EWAS findings and the respective reference studies; 

b. Evaluating causes for such systematic differences; 

c. Determining whether there are any population-specific differences at an individual 

CpG-trait association level; and 

d. Evaluating the causes of such probe-specific population differences. 

4. Identify any novel epigenome-wide associations from the PURE-SA-NW results, including: 

a. Loci previously investigated (450K probes present on the EPIC array) and found 

not to be associated with the trait of interest in other populations; and 

b. Associations of novel EPIC array probes, investigated for the first time. 

Since this was the first epigenetic study in this South African ethnic group, the first empirical aim 

was to replicate the available, validated EWAS literature obtained in other ethnic groups.  

Replication serves the purpose of validating the sufficiency of the data quality and statistical power 
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of this study to replicate well-known associations.  This also provides a first look at the degree of 

generalisability of findings between the PURE-SA-NW cohort and European and African 

American cohorts.  This aim was extended to expand the current literature with any novel 

associations observed in the EWASs conducted.  Novel associations can either be previously 

investigated probes that resulted in population-specific associations, or new probes (represented 

for the first time on the EPIC array) that have not been investigated before. 

1.3.3 Methylation vs protein inflammatory biomarkers and their associations with 

cardiovascular function 

Aim: Compare the association of methylation-derived markers of cell count and protein-based 

inflammatory markers with cardiovascular function (CVF) and their literature-based 

portrayal of CVD risk. 

Objectives: 

1. Compare the CVD risk of the PURE-SA-NW cohort reflected by the measured protein-based 

(C-reactive protein, interleukins 6 and 10, tumour-necrosis factor alpha and interferon-

gamma) and methylation-derived (neutrophil-to-lymphocyte and lymphocyte-to-monocyte 

ratio (mdNLR and mdLMR) and five myeloid differentiation-associated CpGs) inflammatory 

markers according to literature-based cut-offs. 

2. Compare the PURE-SA-NW cell count ratios to ratios reported in population-based studies 

from other ethnic groups. 

3. Investigate the relationship among and between the methylation-derived and protein-based 

inflammatory biomarkers in the PURE-SA-NW data. 

4. Compare the associations of the methylation-derived and protein-based inflammatory 

biomarkers with CVF markers. 

5. Investigate whether a combination of methylation-derived and protein-based inflammatory 

biomarkers provides added benefit in explaining CVF variance, or whether one proxies the 

other.   

In the PURE-SA-NW cohort, apart from the whole-genome methylation data generated for this 

sub-study, various protein-based inflammatory markers have been measured and CVF has been 
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well characterised.  This strength of extensive phenotype data is leveraged to pursue a unique 

research question regarding the methylation-derived cell count ratios (mdNLR and mdLMR) that 

have emerged over the past few years.  When directly measured using flow cytometry, NLRs and 

LMRs are used to characterise systemic inflammation and inform prognosis and disease 

progression (Angkananard et al., 2019; Corriere et al., 2018; Venkatraghavan et al., 2015; Wang 

et al., 2018).  Cancer and rheumatoid arthritis case-control research has reported very similar 

observations when using methylation-derived ratios compared to the literature on directly 

measured cell counts (Ambatipudi et al., 2018a; Ambatipudi et al., 2018b; Koestler et al., 2016).  

Directly measured cell counts have also been used in previous investigations of CVD risk, 

progression and prognosis (Angkananard et al., 2019; Corriere et al., 2018; Haybar et al., 2019; 

Jhuang et al., 2019; Wang et al., 2018).  However, to date, no data on methylation-derived cell 

count ratios and CVD risk or CVF have been reported.  No data comparing the information 

provided by these cell ratios and conventionally used inflammatory markers (interleukin-6, C-

reactive protein etc.) have been published either.  Inflammation is an integral part of CMD 

development and risk (Angkananard et al., 2019; Bao et al., 2018; Lopez-Candales et al., 2017), 

and the use of methylation-based cell ratios in CMD remains unexplored.  The second empirical 

aim was, therefore, to compare methylation-derived markers of cell count ratios and protein-based 

inflammatory markers in their associations with CVF markers and their literature-based portrayal 

of CVD risk in the PURE-SA-NW cohort.   

1.3.4 Comparing DNAm clocks in black South African men 

Aim: Characterise the behaviour of five DNAm clocks in the PURE-SA-NW cohort. 

Objectives: 

1. Compare the three first-generation (Horvath, Hannum and skin and blood) DNAm clocks in 

terms of: 

a. Their accuracy in estimating chronological age; 

b. Their relative chronological age underestimation in older adults; and 

c. Their age acceleration estimates. 

2. Compare two next-generation clocks (PhenoAge and GrimAge) in terms of:  
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a. Their portrayal of the cohort’s age-related biophysiological decline; 

b. Their relative underestimation of age-related biophysiological decline in older 

adults; and 

c. The contribution of their constituents to the accuracy of and the differences 

between their biological age estimates. 

Similar to global trends, life expectancy in South Africa is increasing (Mathers et al., 2015; Stats 

SA, 2018).  This is largely the result of better access to medication and appropriate health care.  

However, with increased life expectancy, a heavier burden of chronic CMD and CMD co-

morbidities is experienced (Banerjee, 2015; Miranda et al., 2019).  Biological clocks have been 

suggested as a way to investigate aging when the aim is to discern the level of biophysiological 

decline in same-aged (chronological age from birth) individuals (Horvath & Raj, 2018; Jylhävä et 

al., 2017).  Ultimately, this discernment would allow for timely intervention to prolong a healthier 

life span as opposed to only a longer one (Horvath & Raj, 2018).  Currently, most of the evidence 

suggests DNAm-based biological age markers as the most promising biological clocks for 

epidemiology (Jylhävä et al., 2017).  To date, a number of these clocks, divided into first- and 

next-generation clocks, have been developed and used in epigenetic epidemiology research.  

First-generation DNAm clocks are used when the goal is to estimate the chronological age of 

unknown donors or compare the biological age of multiple tissues in the same individual (Hannum 

et al., 2013; Horvath, 2013; Horvath et al., 2018).  The three first-generation clocks that have 

undergone the most frequent validation and are most often used are the Horvath, Hannum and 

skin and blood clocks.  Next-generation clocks, however, have been developed as indicators of 

the physiological dysregulation and morbidity and mortality risk associated with age acceleration, 

as opposed to estimating chronological age.  The two currently available next-generation clocks 

are the PhenoAge (Levine et al., 2018) and GrimAge (Lu et al., 2019) clocks.  The GrimAge clock 

is set apart from the PhenoAge (and all the first-generation clocks) by its inclusion of a lifestyle-

related risk factor, smoking pack-years, in its estimation of biological age (Lu et al., 2019).  

DNAmAge acceleration (when the estimated biological age is older than the chronological age) 

has been associated with numerous CMD risk factors (adiposity, inflammation, fasting glucose 

concentration, blood pressure) and have been proven accurate in predicting CMD incidence and 

prognosis (Fransquet et al., 2019; Horvath et al., 2014; Levine et al., 2015; Levine et al., 2018; 

Lu et al., 2019; Quach et al., 2017; Ryan et al., 2019).  These clocks have, however, not yet been 

applied to any continental African cohorts.  Furthermore, recent evidence shows that the Horvath 
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and Hannum clocks systematically underestimate the biological age of older adults (El Khoury et 

al., 2019).  Because CMD is mainly a concern in older adults, it is necessary to evaluate this 

underestimation in all clocks in independent cohorts and to draw comparisons between the 

currently available DNAm clocks to determine the best-fitting clocks for future research.   

1.4 Structure of this thesis 

This thesis is presented as seven chapters, written in article format.  A literature review, Chapter 

2, follows this introductory chapter.  Chapter 3 is a narrative review article and is followed by three 

original research manuscripts (Chapters 4, 5 and 6).  The article presented in Chapter 3 has been 

accepted for pulication at Epigenomics (impact factor (IF): 4.40).  Chapter 4 presents a manuscript 

published in Clinical Epigenetics (Cronjé et al. (2020), IF: 5.50).  Chapter 5 has been accepted 

for publication at Frontiers in Immunology (IF: 4.72) and Chapter 6 is currently under review at 

Aging (IF: 5.52).  A discussion and conclusions chapter, Chapter 7, concludes the thesis, followed 

by a reference list for citations used in Chapters 1, 2 and 7.  Addendum A presents the manuscript 

version of Chapter 4, as published by Clinical Epigenetics.  Each article includes its own reference 

list according to the guidelines of the journal to which the manuscript was submitted or in which it 

was published.  These chapters are also formatted in the respective journal language and layout.  

As such, Chapters 5 and 6 are written in US English while the rest of this thesis, including 

Chapters 3 and 4, makes use of UK English.   
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Table 1-1 Research team members and contributions 
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Prof. Marlien Pieters (Promotor)1 

Acted as principal investigator and funder of the project; 
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Served as primary supervisor of the statistical analysis and writing of this thesis; 
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Co-authored all manuscripts; 
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CHAPTER 2  

LITERATURE REVIEW 
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LITERATURE REVIEW 

2.1 Introduction 

This thesis focusses on DNA methylation (DNAm) as an epigenetic mechanism in the context of 

cardio-metabolic health and disease.  DNAm is the most frequently investigated epigenetic 

modification, partly owing to its ease of measurement, but also because of its ability to respond 

to environmental change and, therefore, possibly, intervention (Christman, 2002; Singh et al., 

2013; Xiao et al., 2013). 

This chapter presents a literature review covering the key themes of this thesis.  First, a summary 

of the relevant concepts and potential applications of epigenetics, specifically DNAm, is given.  

Here, general epigenetic concepts are briefly discussed before narrowing the focus to DNAm.  

The biochemical framework of DNAm is explored, including the addition to and the preservation 

and removal of methyl groups from the human genome.  This is followed by a review of the 

physiological utility of DNAm and some of the distinct ways in which the methylome is investigated 

in subsequent chapters.  Then, the roles of DNAm in the context of cardio-metabolic health 

research are described.  This entails (i) differential DNAm as a biomarker of exposures related to 

cardio-metabolic health; (ii) differential methylation as a biomarker of cardio-metabolic health and 

disease itself and (iii) differential DNAm as a mediator between the exposures and the outcomes 

of cardio-metabolic processes.  The ways in which these roles are investigated in subsequent 

chapters are also highlighted.  Lastly, the African, particularly the South African, context is 

described.  This final section focusses on the advantages of conducting epigenetic research in a 

(South) African population, particularly the genetic and environmental diversity, and how these 

advantages are leveraged in this thesis. 

2.2 Epigenetics: concepts and applications 

The differential output of the same genetic code is the result of epigenetic mechanisms that 

regulate how DNA is transcribed to RNA before proteins are formed.  In contrast with the static 

genome, it is the malleability of the epigenome that makes epigenetic research critical, as it 

represents a regulatory mechanism that can be altered through targeted intervention.  Genetics 

of common complex diseases explain some but not all of the variation in disease risk (Ladd-

Acosta & Fallin, 2016; Shah et al., 2015; Shah et al., 2014).  Investigation of epigenetic variation 

is therefore important, as it can enhance researchers’ understanding of disease aetiology and 

progression and also offer a route for possible intervention. 

The four main interrelating systems of epigenetic control are covalent modifications, higher-order 

chromatin remodelling, histone variants and non-coding RNAs (Jones & Liang, 2012).  Covalent 
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modifications occur when chemical groups change the way DNA is read by either attaching to the 

DNA itself (such as DNAm) or attaching to the histone proteins around which the DNA is wrapped 

(histone modifications).  Chromatin remodelling refers to the shifting of DNA or histone proteins 

to alter the density of the chromatin, which affects the accessibility of the DNA for transcription 

(Clapier & Cairns, 2009).  Histone variants include the post-translational acetylation, methylation 

or phosphorylation of histones three and four, which alter their interactions with DNA and other 

nuclear proteins (Jones & Liang, 2012).  Non-coding RNAs (functional RNA not translated to 

protein) encompass micro-RNAs, short interfering RNAs, Piwi-interacting RNAs and long non-

coding RNAs, which influence gene expression in a transcriptional or post-transcriptional manner 

(Lee, 2012; Mercer et al., 2009). 

2.2.1 DNA methylation 

DNA methylation entails a post-replication addition of a methyl group to the fifth carbon of a 

cytosine base (5mC) adjacent to a guanine nucleotide (cytosine-phosphate-guanine site [CpGs]) 

(Razin & Riggs, 1980).  CpGs often gather in high densities referred to as CpG islands (more 

than 500 consecutive base pairs with a GC content greater than 55%) that are flanked by CpG 

island shores and more distally, CpG island shelves with CpG density decreasing in each region 

(Deaton & Bird, 2011; Irizarry et al., 2009; Jones, 2012; Takai & Jones, 2002).  CpG islands are 

often observed in the promoter regions of genes, where they are predominantly unmethylated 

and frequently associated with increased transcription (Bird & Wolffe, 1999; Deaton & Bird, 2011). 

In humans, DNAm of somatic cells is almost exclusively present at cytosine residues in the CpG 

context, in a symmetrical manner.  It is estimated that 20 of the 28 million (60–80%) cytosine 

nucleotides in the human genome are methylated; therefore, methylated rather than 

unmethylated CpGs are referred to as the “default state” of the genome (Borgel et al., 2010; 

Suzuki & Bird, 2008; Zemach et al., 2010).  Unmethylated regions (often observed in CpG islands) 

are primarily co-localised with regions overlapping active regulatory elements occupied with 

transcription factors such as gene promotors and enhancers.  The unmethylated state of these 

regulatory elements is associated with their active transcription (Krebs et al., 2014; Ziller et al., 

2013). 

The DNAm process is regulated by three interrelated pathways (discussed separately in the 

following sub-sections) that direct the generation, maintenance and loss of methyl groups at 

cytosine nucleotides.  These mechanisms are co-regulated and allow methylomic response to 

environmental stimuli by tightly regulating the transcriptional competence of the genome (Ziller et 

al., 2013). 
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2.2.1.1 The methylation process 

2.2.1.1.1 De novo cytosine methylation 

The selective acquisition of methyl groups by cytosine is catalysed by a set of DNA 

methyltransferases (DNMTs), namely DNMT3A and 3B (Okano et al., 1999; Okano et al., 1998), 

which are modulated by DNMT3L (Aapola et al., 2000; Bourc'his et al., 2001; Goll & Bestor, 2005).  

S-adenosylmethionine acts as the methyl donor to cytosine and is converted to 

S-adenosylhomocysteine in a reaction incorporating zinc and the above-mentioned DNMTs.  

S-adenosylhomocysteine is then hydrolysed to form homocysteine, a bio-synthesiser of the amino 

acid methionine that can itself be remethylated back to methionine.  Cytosine methylation occurs 

in a symmetric manner where methyl groups can be added to both sides of the double-stranded 

DNA (Jones, 2012).  Figure 2-1 depicts the de novo methylation of cytosine nucleotides in the 

context of CpGs. 

 

Figure 2-1 De novo cytosine methylation 

Adapted from Jones and Liang (2012), Wu and Zhang (2014), Schübeler (2015), Ambrosi et al. (2017), Iurlaro et al. 

(2017) and Laubach et al. (2018) 

A = adenosine; AHCY = adenosylhomocysteinase; C = cytosine; CH3 = methyl; DNMT = deoxyribonucleic acid methyltransferases; 

G = guanine; H = hydrogen; N = nitrogen; O = oxygen; SAH = s-adenosylhomocysteine; SAM = s-adenosylmethionine; T = thymine 

2.2.1.1.2 Preservation of existing methylation marks 

Each cell division has the potential for partial or full methylation loss.  Newly synthesised CpGs 

require active re-methylation to maintain methylation status faithfully (Chen et al., 2003; Wu & 

Zhang, 2014).  This process is depicted in Figure 2-2 and is discussed below. 

Upon symmetric CpG de novo methylation, DNA undergoes semi-conservative replication, 

resulting in hemi-methylated CpGs.  The daughter strand retains the methylation pattern of the 
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mother strand, and it is the role of DNMT1 to replicate the mother strand’s methylation to the 

newly formed strand (Bostick et al., 2007).  Through its association with the replication complex 

and the co-operation of ubiquitin-like plant homeodomain and RING finger domain 1 (UHRF1), 

DNMT1 is able to restore symmetrical CpG methylation (Bostick et al., 2007; Chen et al., 2007; 

Hermann et al., 2004; Li et al., 1992; Sharif et al., 2007). 

Although DNMT1 is referred to as the “maintenance DNMT”, it has become clear that the DNMT3s 

are also critical for the maintenance process (Chen et al., 2003).  DNMT3A and 3B are responsible 

for the restoration of methylation at sites left untouched by DNMT1s.  This was observed by Chen 

et al. (2003) when the deactivation of DNMT3s resulted in progressive dilution of methyl groups 

during cell differentiation.  DNMT3s are referred to as the “proof-readers” of DNMT1’s work (Chen 

et al., 2003).  The DNMT3s associate with the replication complex and replicate methylation using 

the de novo methylation process discussed above (Chen et al., 2003; Jackson et al., 2004; Liang 

et al., 2002).  In the event of failed methylation maintenance, methyl groups dilute and finally 

disappear throughout multiple cell divisions.  This phenomenon is discussed in the following 

section. 

 

Figure 2-2 Maintenance of cytosine methylation 

Adapted from Chen et al. (2003), Moore et al. (2013) and Wu and Zhang (2014) 

A = adenosine; AHCY = adenosylhomocysteinase; C = cytosine; CH3 = methyl; DNMT = deoxyribonucleic acid methyltransferases; 

G = guanine; H = hydrogen; N = nitrogen; O = oxygen; SAH = s-adenosylhomocysteine; SAM = s-adenosylmethionine; T = thymine; 

UHRF = ubiquitin-like plant homeodomain and RING finger domain 1 
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2.2.1.1.3 Removal and dilution of methyl groups 

During embryonic development the methylome undergoes two rapid erasures of almost all its 

methyl marks in an effort to reset the methylome and potency of the inherited DNA (reviewed by 

Jones (2012); Wu and Zhang (2014) and Lee et al. (2014)).  As cells begin to differentiate upon 

exiting pluripotency, re-methylation takes place (Section 2.2.1.1.1) as cells create their individual 

epigenetic identity and memory (Lee et al., 2014).  After the methylome has been reset, methyl 

groups are removed in a locus-specific manner through either passive or active removal 

processes throughout the rest of the life course (Figure 2-3) (Sadakierska-Chudy et al., 2015). 

The faithful inheritance of methylation marks through cell division and replication is performed 

with 95% accuracy through the preservation of existing methylation marks (Section 2.2.1.1.2).  In 

the absence of proper methylation maintenance, replication-dependent or passive demethylation 

occurs, resulting in stochastic methylomic variation (Chen et al., 2003).  The active loss of 

methylation is replication-independent and is achieved by a group of ten-eleven translocation 

enzymes (TETs) that oxidise 5mCs to remove specific methyl groups (Ito et al., 2010; Tahiliani et 

al., 2009).  The intermediate products of TET-mediated demethylation are 5-

hydroxymethylcytosine (5hmC), 5-formylcytosine (5fC) and 5-carboxylcytosine (5caC) and are 

produced through stepwise oxidation in the presence of α-ketoglutarate and water (Ito et al., 2011; 

Kriaucionis & Heintz, 2009; Tahiliani et al., 2009). 

The demethylation derivatives each plays a unique biological role such as recruitment of specific 

binders or DNA reparation machinery (reviewed by Breiling and Lyko (2015) and Fong et al. 

(2013)).  Only 0.1–0.2% of the cytosines in mammalian tissues are observed as 5hmC, where the 

maximum concentration (0.6% of cytosines) occurs in the brain and spinal cord (Globisch et al., 

2010; Kriaucionis & Heintz, 2009).  The relative scarcity of these intermediates in comparison to 

5mC makes their quantification and physiological effects difficult to investigate.  These 

intermediate products are removed through human thymine DNA glycosylase (5caC specifically, 

Zhang et al., 2012), DNA reparation mechanisms or through further cell division, as these are 

poor substrates for DNMT1 and UHRF1 (Hashimoto et al., 2012; He et al., 2011). 
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Figure 2-3 DNA demethylation and methylation dilution 

Adapted from Jones and Liang (2012), Wu and Zhang (2014), Breiling and Lyko (2015) and Schübeler 

(2015) 

CH3 = methyl; DNMT = deoxyribonucleic acid methyltransferases; H = hydrogen; N = nitrogen; O = oxygen; OH = hydroxide; 

TET = ten-eleven translocation enzymes 

2.2.1.2 The physiological importance of DNA methylation 

Practically, the identical genomic blueprint is not expressed in all cells simultaneously, and genes 

are not expressed in the same manner or at the same intensity in different cell types.  This is 

controlled by the transcriptional competence of cells, partly through methylomic variation.  

Although more complex and context-specific, hypermethylation at CpGs situated in gene 

promoter regions are typically associated with transcriptional silencing, whereas the opposite is 

true for CpGs situated within the gene body (Dirks et al., 2016; Razin & Cedar, 1991; Siegfried & 

Simon, 2010).  Methylated cytosine nucleotides are specifically recognised by methyl-CpG-

binding domain proteins (MBDs).  These MDBs are significantly enriched in promoter regions and 

are known to boost methylation-mediated transcriptional repression (Baubec et al., 2013; Meehan 

et al., 1989).  The two primary ways in which DNAm alters transcriptional competency is through 

physically altering the accessibility of transcription factors (Campanero et al., 2000; Watt & Molloy, 

1988) or selectively recruiting protein complexes that influence chromatin structure and in turn, 

also transcription (Buck-Koehntop & Defossez, 2013). 

Transcriptional repression is often critical, as in the case of the inactivation of one of the female 

X-chromosomes during embryonic development (Beard et al., 1995; Borgel et al., 2010; Panning 

& Jaenisch, 1996; Riggs, 1975).  Animal studies have revealed the importance of 
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hypermethylation during embryonic development (Chen et al., 2003; Dodge et al., 2005).  

Removal of DNMTs during the embryonic development of mice resulted in substantially reduced 

methylation, which was associated with premature death (Li et al., 1992).  Removing only 

DNMT3A and 3B completely inhibited de novo methylation in mice, also resulting in premature 

death (Okano et al., 1999).  Hypotheses as to why disruption of DNMTs has these severe effects 

are all centred on the loss of transcriptional control, such as inability to inactivate the X-

chromosome, inefficient genomic imprinting and unwanted mobilisation of transposons (Bird & 

Wolffe, 1999). 

Appropriate transcriptional activation or silencing as a result of DNAm is also crucial to prevent 

the expression of potentially harmful proteins.  An example of this is the hypermethylation of the 

promoter regions of cancer- or virus-inducing proteins, which effectively reduces their expression 

(Egger et al., 2004; Jones & Baylin, 2002; Walsh et al., 1998).  Similarly, hypermethylation of 

selected retrotransposons is necessary to silence their transcription to reduce viral sequences 

effectively (Jähner et al., 1982; Walsh et al., 1998).  Conversely, hypomethylation of tumour 

suppressor gene promoters actively challenges tumour growth, thus promoting health (Jones & 

Baylin, 2002; Jones & Laird, 1999).  Furthermore, hypomethylation of selected retrosponsons 

(ALU elements) allows them to fulfil critical physiological roles in response to stress and infections 

(Schulz et al., 2006). 

In the context of epidemiology and cardio-metabolic health, however, it is the differential 

methylation in response to disease-related genetic variance or environmental exposure that is of 

interest.  While methylation at many sites either does not change over the life course, or changes 

in a predictable manner to aid a specific developmental process, it is the subset of loci that reveals 

environmental plasticity or relationships with disease outcomes when behaviour deviates from 

the norm that is the interest of the research community.  It is these sites that can potentially be 

targeted through intervention strategies, or the sites that can provide insight into the biological 

mechanisms of common complex diseases that remain to be understood (Egger et al., 2004; 

Jones, 2012; Moore et al., 2013; Schübeler, 2015). 

2.2.1.3 Information content of DNA methylation analysis 

The methylation state of each CpG site is binary: methylated (denoted by a value of 1), or 

unmethylated (0).  The reported CpG methylation represents the fraction of methylated cytosines 

of the specific locus in the total repeated measures.  A beta CpG methylation value of 1, therefore, 

represents a methyl group on both alleles in all the quantified cells (Laubach et al., 2018).  

Determining the methylated vs unmethylated state of a cytosine can be done using various 

methods, all based on one of three primary strategies:  bisulphite-, restriction enzyme- or affinity-
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based quantification.  Extensive reviews of these strategies have been published (Dedeurwaerder 

et al., 2011; Michels et al., 2013; Olkhov‐Mitsel & Bapat, 2012; Sun et al., 2015).  For the project 

presented in this thesis, a bisulphite-based strategy was used.  The principle of bisulphite 

conversion is that a methyl group, when attached to a cytosine nucleotide, protects the nucleotide 

from deamination.  When DNA is treated with sodium bisulphite, unmethylated cytosines are 

deaminated, yielding uracil that is read as thymine when sequenced.  Conversely, 5mC is 

protected from deamination and yields a cytosine when sequenced.  Sequencing prior to and after 

bisulphite treatment is then used to determine whether a site is unmethylated or methylated 

(Kurdyukov & Bullock, 2016).   

The following sub-sections provide more detail on the approaches followed in this thesis to use 

the data generated from whole-genome methylation profiling (discussed below) in the context of 

cardio-metabolic health research.  Genome-wide methylation (Chapter 4), methylation-derived 

cell count estimations (Chapter 5) and methylation age and age acceleration (Chapter 6) 

approaches are discussed. 

2.2.1.3.1 Genome-wide methylation analysis 

The method that provides the most extensive genome-wide DNAm coverage is whole genome 

bisulphite sequencing, but it is extremely costly and labour-intensive.  An alternative to 

sequencing the entire genome prior to, and upon bisulphite treatment, is to sequence regions that 

have been identified as 5mC-enriched.  Genome-wide DNAm analysis makes use of the 

percentage methylation quantified at some, but not all, CpGs throughout the genome.  Illumina® 

is currently the largest supplier of genome-wide methylation assays.  Their latest release, the 

Infinium HumanMethylationEPIC bead chip (also referred to as the 850K or EPIC array), 

quantifies the methylation of more than 850 000 CpGs and is used as the ‘next generation’ 

replacement of the widely used Illumina® precursor, the 450K array (Dedeurwaerder et al., 2011; 

Fortin et al., 2016).  Although this is currently the most comprehensive alternative to whole 

genome bisulphite sequencing, only approximately 5% of the total amount of genomic CpGs is 

included.   

An effort was made by Illumina®, however, to select a diverse set of CpGs that were likely to be 

the most useful to future research endeavours.  The Illumina® arrays, therefore, include CpGs in 

the RefSeq genes, known differentially methylated regions, and CpG-enriched regions (including 

gene promotor regions, CpG islands, shores and shelves) (Fernandez-Jimenez et al., 2019; 

Mansell et al., 2019; Nakabayashi, 2017; Zhou et al., 2017).  The EPIC array is set apart by not 

only its increased genomic coverage, but also by its increased inclusion of CpGs at regulatory 

enhancers (Pidsley et al., 2016).  Data from the encyclopaedia of DNA elements and the 
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functional annotation of the mammalian genome projects were used to identify CpGs that could, 

through methylation, alter transcriptional competency by modulating transcription factor binding 

(Pidsley et al. (2016), https://emea.support.illumina.com/).  The inclusion of these elements 

significantly increases the probability that transcriptionally relevant sites are sequenced.  Other 

genome-wide approaches include reduced-representation bisulphite sequencing, target 

enrichment bisulphite sequencing and methylated DNA immunoprecipitation sequencing.  These 

methods have been reviewed and compared by Michels et al. (2013) and Sun et al. (2015).  For 

the current study, we generated genome-wide methylation data using the Illumina® EPIC platform.  

Because it contains more than 90% of the loci present on the 450K array, data from the EPIC 

array can be integrated with previously generated data when replicating previously published 

associations (one of the aims of the first empirical manuscript of this thesis presented in Chapter 

4).  In addition, because the EPIC array contains twice the amount of probes on the 450K array, 

it provides ample opportunity (~400 000) for novel findings.  Lastly, validated and widely used 

protocols and platforms for data pre-processing (Min et al., 2018), epigenome-wide association 

studies (EWASs) (Mansell et al., 2019; Min et al., 2018) and cell count (Houseman et al., 2014; 

Salas et al., 2018) and methylation age (https://DNAmAge.genetics.ucla.edu/home; Horvath et 

al., 2013; McEwen et al., 2018) estimation, are easily accessible and available.  Although the 

EPIC array data are used and reported throughout this thesis, Chapter 4, in particular, 

incorporates the single base resolution data by reporting the results of ten EWASs on traits related 

to cardio-metabolic health.   

2.2.1.3.2 Methylation-derived cell distributions 

Methylation-derived cell distribution estimates are possible because each leukocyte sub-type (B-

cells, T-cells, neutrophils, natural killer cells, granulocytes and monocytes) represented in a 

peripheral whole blood sample (origin of the DNA reported on in this thesis), has a unique 

methylomic signature (Reinius et al., 2012).  As such, methylation profiles quantified in whole 

blood represent a mixture of cell sub-types and therefore require adjustment for cellular 

composition between individuals to ensure that methylation-disease associations are not, instead, 

cell count-disease associations (Jaffe & Irizarry, 2014).  Adjusting for cell proportions measured 

using flow cytometry is the gold standard for minimising cell sub-type confounding.  However, 

because flow cytometry requires fresh blood samples and most cohorts analyse DNA-containing 

samples retrospectively, their inability to perform flow cytometry necessitates the use of 

methylation-derived cell count estimates.  Statistical models inferring cell composition from 

methylation data have been developed, are widely used and are continually improved (Houseman 

et al., 2012; Houseman et al., 2014; Salas et al., 2018; Titus et al., 2017). 

https://dnamage.genetics.ucla.edu/home
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The role of methylation-derived cell distribution in the context of cardio-metabolic epidemiology is 

primarily fulfilled through its association with inflammation.  Inflammation alters the leukocyte 

composition in peripheral blood (Kelsey & Wiencke, 2018).  This characteristic of the inflammatory 

response has led to the development of neutrophil-to-lymphocyte and lymphocyte-to-monocyte 

ratios (NLRs and LMRs) as acknowledged biomarkers for the degree of inflammation and the 

prognosis of inflammation-related diseases, including cardiovascular diseases and cancer 

(Angkananard et al., 2019; Guthrie et al., 2013; Suárez‐Cuenca et al., 2019; Turkmen et al., 

2012).  These ratios are useful because of their ability to reflect the relative contribution of the 

adaptive and innate immune response, thereby providing a more integrated view of systemic 

inflammation than protein-based inflammatory markers such as interleukin-6 and C-reactive 

protein (Balta et al., 2014).  Through the ability of methylation data to determine cell composition 

accurately, methylation-derived NLRs and LMRs (mdNLRs and mdLMRs) are used as surrogates 

of those directly measured (Koestler et al., 2016; Koestler et al., 2017; Salas et al., 2018).  

Validation analysis reported R2 >0.95 when comparing directly measured and methylation-derived 

cell count and NLR estimates with each other (Koestler et al., 2017; Salas et al., 2018).  Recently, 

five CpGs, robustly associated with neutrophil and monocyte differentiation (adjusted R2 ≥0.80), 

have been suggested as proxies for the mdNLR (Wiencke et al., 2017) in relation to cancer.  One 

subsequent case-control study confirmed their possible proxy status by reporting 

hypermethylation of these five loci (associated with lower NLR) in cancer patients who had 

survived, during follow-up (Ambatipudi et al., 2018a).  The behaviour of these CpGs in relation to 

cardio-metabolic disease has not been investigated. 

In addition to conventional markers of inflammation (acute-phase proteins and cytokine 

concentrations) the mdNLR, mdLMR and the percentage methylation of the five myeloid CpGs 

were quantified in a black South African study population, for this thesis.  Chapter 5 reports the 

usefulness of these methylation-derived cell count estimates (compared with and in relation to 

inflammatory proteins) in reflecting systemic inflammation and cardiovascular function. 

2.2.1.3.3 DNA methylation age 

A group of same-aged peers can represent a spectrum of biophysiological health and age-related 

deterioration.  Some show disease-induced rapid aging (such as Alzheimer’s disease), whereas 

others follow a lineage of centenarians and seem to age slowly. It is in these chronological vs 

biological age discrepancies that the science of gerontology aims to find the cellular mechanisms 

of aging that can be targeted to delay the functional decline and prolong the health span of the 

global population.  Within epigenetic epidemiology, various methods of estimation of biological as 

opposed to chronological ages have been developed.  A recent review of these methods provided 

evidence that epigenetic clocks outperform telomere length, proteomic-, metabolomic- and 
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transcriptomic-based methods and composite markers in their ability to estimate biological age 

(Horvath & Raj, 2018).  Epigenetic clocks make use of targeted differentially methylated CpGs to 

estimate a biological/methylation age, hereafter referred to as DNAmAge (Horvath, 2013; Horvath 

et al., 2018; Horvath & Raj, 2018; Levine et al., 2018; Lu et al., 2019).  The two most frequently 

cited epigenetic clocks are those from Steve Horvath (Horvath, 2013) and Gregory Hannum 

(Hannum et al., 2013).  More recently, the skin and blood (SB) (Horvath et al., 2018), PhenoAge 

(Levine et al., 2018) and GrimAge (Lu et al., 2019) clocks have been developed and are becoming 

increasingly popular (Horvath & Raj, 2018; Nelson et al., 2019; Ryan et al., 2019; Zhao et al., 

2019).  These clocks all ultimately aim to identify instances where discrepancies exist between 

chronological age and DNAmAge, referred to as DNAm age acceleration (DNAmAgeAccel).  A 

brief description of these clocks follows. 

Horvath’s epigenetic clock (Horvath, 2013) comprises a weighted average of the methylation of 

353 CpGs, selected using an elastic net regression of genome-wide methylation on chronological 

age.  Of these CpGs, 193 correlate positively and 160 negatively with chronological age.  Gene 

enrichment analysis revealed significant enrichment for pathways related to cellular survival, 

growth, proliferation and death, as well as tissue development and cancer.  Horvath’s clock was 

developed as a multi-tissue, robust age estimator.  His manuscript reports correlation estimates 

>0.96 with a median absolute difference (error) of <3.6 years (p <1 x 10–200) across 8 000 samples 

from 51 healthy tissues and cell types (Horvath, 2013). 

Hannum’s clock, on the other hand, was developed as a blood-based (single tissue) age estimator 

(Hannum et al., 2013).  This clock incorporates 71 CpGs selected using a similar elastic net 

regression model described above.  Again, these statistically selected probes were all within or 

near genes for which clear associations with age-related functions had been published.  The 

model predicted chronological age with accuracy in DNA from peripheral blood samples, reporting 

a correlation of 0.96 and a median error of 3.88 years in 656 individuals.  Validation of the model 

in a separate cohort of 174 individuals revealed slightly lower predictive power (r = 0.91, error = 

4.89 years) than the training data, also in whole blood.  When tested on other tissue types (breast, 

kidney, lung and skin), a further loss of predictive accuracy was observed, emphasising that the 

model should be used as developed, in DNA obtained from whole blood (Hannum et al., 2013). 

Building on the foundation of these two, in 2018, Steve Horvath and his colleagues developed the 

SB clock.  The motivation for this clock was the fact that the multi-tissue (Horvath, 2013) and 

blood-based estimators (Hannum et al., 2013) both performed poorly in cases where the age of 

skin cells was estimated.  Because skin cells are often incorporated in clinical investigations, 

Horvath and his team argued that research on, for example, anti-aging therapeutics will suffer in 

the absence of a clock that is accurate both in and ex vivo.  In addition to skin cells, DNA from 
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other easily accessible tissues (and therefore feasible candidates for clinical research), including 

saliva samples and blood, was also incorporated in the training of this algorithm.  A weighted 

average of 391 CpGs, selected using an elastic net regression of genome-wide methylation on 

chronological age, comprises the SB clock (Horvath et al., 2018).  Validation of the SB clock 

revealed that it outperforms both the Hannum and Horvath algorithms in its accuracy of 

chronological age prediction, when applied to blood, skin, fibroblasts, keratinocytes and 

endothelial cells (Horvath et al., 2018). 

After the success of the SB clock, and the preceding multi-tissue and blood clocks, Morgan Levine 

and his colleagues, including Steve Horvath, developed PhenoAge.  PhenoAge is an epigenetic 

clock that provides information about the biological process of aging instead of the chronological 

age itself.  The premise was to replace chronological age with a composite marker that captures 

the functional state of organ systems as a proxy of organismal aging between same-aged 

individuals (Levine et al., 2018).  The authors regressed the hazard of aging-related mortality 

against chronological age and 42 clinical biomarkers in 9 926 adults with follow-up data over 23 

years.  A weighted average of the ten best performing biomarkers (albumin, alkaline phosphatase, 

creatinine, C-reactive protein, serum glucose, mean cell volume, lymphocyte percentage, red cell 

distribution width, white blood cell counts and chronological age) was calculated and regressed 

on genome-wide methylation levels using an elastic net regression model.  This resulted in the 

statistical selection of 513 CpGs that, when expressed as a weighted average, constituted 

PhenoAge.  In contrast to the Horvath and Hannum clocks that sought the most accurate 

prediction of chronological age, the PhenoAge algorithm sought to optimise the prediction of 

mortality due to age-associated physiological dysregulation.  The CpGs incorporated in the 

PhenoAge model did not strongly correlate with age, but rather with the relative age acceleration.  

As hypothesised, the PhenoAge predictor outperforms both the Horvath and Hannum clocks in 

its ability to predict age-related pathological outcomes (Horvath & Raj, 2018). 

Finally, in an attempt to improve on all of the above-described age predictors, Lu et al. (2019), 

under the guidance of Steve Horvath, developed the GrimAge estimate.  As with the PhenoAge, 

the GrimAge incorporates surrogate markers of disease risk, rather than chronological age, 

although this model uses DNAm surrogates instead of clinical biomarkers per se.  The GrimAge 

estimator comprises DNAm surrogate markers for smoking pack-years and seven plasma 

proteins (adrenomedullin, beta‐2 microglobulin, cystatin C, growth differentiation factor 15, leptin, 

plasminogen activation inhibitor type 1 and tissue inhibitor metalloproteinase 1).  These markers 

where chosen in a similar fashion as Levine’s method, although this time regressing on time-to-

death and taking in to account sex and chronological age.  It is worth noting that this is the only 

epigenetic clock that directly incorporates a modifiable lifestyle-related exposure such as smoking 
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habits.  Cigarette smoking is known to affect most chronic diseases and DNAm (Bollepalli et al., 

2019; Gakidou et al., 2017; Joehanes et al., 2016).  The GrimAge model was validated in five 

independent cohorts and outperformed the three preceding epigenetic clocks in its ability to 

predict time-to-death (Lu et al., 2019).   

Apart from the ability of these clocks to estimate the risk of all-cause mortality (with increased 

accuracy) (Chen et al., 2016; Fransquet et al., 2019; Levine et al., 2018; Lu et al., 2019; 2016; 

2015; Perna et al., 2016), numerous investigations on the associations between DNAmAge and 

DNAmAgeAccel and cardio-metabolic diseases, risk factors and mortality have been published.  

Lifestyle factors known to reduce cardio-metabolic disease risk, such as smoking abstinence 

(Levine et al., 2018; Zhao et al., 2019), high fruit and vegetable consumption (Lu et al., 2019), 

omega-3 supplementation (Lu et al., 2019), level of education (Fiorito et al., 2019; Liu et al., 

2019b; Zhao et al., 2019) and physical activity (Levine et al., 2018; Quach et al., 2017), have 

consistently been associated with a lower DNAmAge (most recent publications cited).  In contrast, 

obesity (Fiorito et al., 2019; Ryan et al., 2019), alcohol consumption (Rosen et al., 2018; Zhao et 

al., 2019), increased blood lipid (Lu et al., 2019), glucose and insulin (Lu et al., 2019) and C-

reactive protein (Levine et al., 2018; Lu et al., 2019) concentrations are associated with older 

DNAmAges.  Cardio-metabolic diseases, including ischemic stroke (Soriano-Tárraga et al., 2016; 

Soriano-Tárraga et al., 2017), hypertension (Lu et al., 2019), congestive heart failure (Lu et al., 

2019), type II diabetes (Lu et al., 2019) and incident CVD (Lind et al., 2018) are associated with 

DNAmAgeAccel. 

All the age estimators discussed in this thesis are publicly available on a platform where the 

respective algorithms are applied to user-uploaded data (Horvath et al. (2013), 

https://DNAmAge.genetics.ucla.edu/home).  This platform was used to determine and compare 

DNAmAge and DNAmAgeAccel, using the five clocks described in this section (Chapter 6).   

2.3 Epigenetic epidemiology 

The investigation of methylomic variability, in the context of cardio-metabolic health, can be 

approached in three ways.  Differential methylation can, firstly, be investigated as a biomarker of 

the cardio-metabolic health-related exposures to which an individual is subject.  Secondly, 

methylation differences could be investigated as a non-causal biomarker of the risk, presence or 

progression of cardio-metabolic disease. Finally, methylation differences could act as a mediator 

in the causal pathway that links these exposures with cardio-metabolic disease risk/outcomes.  

Figure 2-4 depicts these three approaches (numerically indicated) and is followed by a brief 

review of each concept.  It should be acknowledged that genetic architecture contributes to this 

https://dnamage.genetics.ucla.edu/home
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framework by influencing individual translation of exposures, determining baseline methylomic 

variability and competency and informing heritable disease risk.  

 

Figure 2-4  Investigation framework of epigenetics in epidemiology 

2.3.1 Methylation as a biomarker of exposure 

Methylation differences as biomarkers of exposures are particularly useful in cases where 

reporting bias is frequent, and a more reliable surrogate marker is needed.  An example is the 

classification of smoking status and behaviour, which is often under- or over-reported in 

epidemiology (Klesges et al., 1995; Stanton et al., 1996).  DNAm markers offer the ability to 

indicate true present and past smoking behaviour accurately (Bojesen et al., 2017; Elliott et al., 

2014; Joehanes et al., 2016; Zhang et al., 2016).  Similarly, accurate discrimination between 

heavy, light and non-drinkers using a methylation-based biomarker of alcohol consumption has 

been reported (Liu et al., 2018).  Evidence for the associations between global or targeted 

methylation or methylation age and specific environmental exposures (related to cardio-metabolic 

health) has accumulated in the last five years, including findings related to diet (Quach et al., 

2017), cigarette smoking (Bollepalli et al., 2019; Joehanes et al., 2016), alcohol consumption (Liu 

et al., 2018), air pollution (Ding et al., 2017), socio-economic status (Fiorito et al., 2019; Needham 

et al., 2015), physical activity (Dimauro et al., 2016) and stress (Wolf et al., 2017; Zannas et al., 

2015).   
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2.3.2 Methylation as a biomarker of cardio-metabolic disease 

A great deal of literature has been published on methylation differences as biomarkers of cardio-

metabolic disease or disease progression.  Many EWASs have, for example, reported and 

validated associations between CpG methylation and diabetes (Meeks et al., 2018), metabolic 

syndrome (Chitrala et al., 2019), stroke (Davis Armstrong et al., 2018), adiposity (Aslibekyan et 

al., 2015; Meeks et al., 2017) and inflammation (Braun et al., 2017; Hedman et al., 2017; Ligthart 

et al., 2016).  Similarly, DNAmAge and DNAmAgeAccel have been associated with obesity 

(Horvath et al., 2014), CVD development (Lind et al., 2018) and cardiovascular mortality (Perna 

et al., 2016; Soriano-Tárraga et al., 2017).  Methylation-derived cell count ratios have been used 

as biomarkers for several cancers (Ambatipudi et al., 2018a; Koestler et al., 2017; Wiencke et al., 

2017) and rheumatoid arthritis (Ambatipudi et al., 2018b), although this has not been investigated 

in the context of cardio-metabolic disease. 

2.3.3 Methylation as a mediator 

Apart from its role as a biomarker of either exposure or disease, methylation differences could be 

the mediator between genetic susceptibility, environmental exposures and cardio-metabolic 

disease risk/outcomes.  The majority of the genome-wide significant associations reported to date 

are of single nucleotide polymorphisms (SNPs) residing in non-coding genomic regions, 

suggesting that the basis of these associations is the regulatory role of SNPs.  The identification 

of numerous methylation and expression quantitative trait loci (mQTLs and eQTLs; SNPs 

associating with methylation levels or gene expression competency at a separate genomic 

location) has solidified the notion that DNAm could be a potential causal role player in the SNP-

disease pathway (Bonder et al., 2016; Zhernakova et al., 2016).  Mendelian randomisation is the 

most frequently used causal inference method and involves identification of robust associations 

between genetic variants and modifiable phenotypes as the anchor to evaluating the role of 

DNAm in the causal pathway (Haycock et al., 2016; Relton & Davey Smith, 2010; Richardson et 

al., 2017).  The past years have brought about an accumulation of evidence for the potential 

mediatory role of DNAm in inflammation (Jhun et al., 2017), diabetes (Elliott et al., 2017), CVD 

(Richardson et al., 2017) and adiposity (Mendelson et al., 2017; Richmond et al., 2016) – although 

the possibility of horizontal pleiotropy, genetic linkage, reverse causality and unmeasured 

confounding indicates the need for replicated, well-powered, well-phenotyped and genotyped, 

analytically rigorous studies.  Mediation analyses investigating methylation as the mediator 

between specific exposure and disease without a genetic anchor have shown promise, 

particularly for the role of smoking-related methylation changes and cancer (Bojesen et al., 2017; 

Jordahl et al., 2019). 
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Figure 2-5 depicts the layout of this thesis in terms of the three approaches discussed above.  

Chapter 3 presents literature encapsulating all three these approaches in the form of a review.  

This review explores urbanisation as an amalgamated exposure and non-communicable diseases 

(NCDs) as the urbanisation-related outcome.  Chapter 4, then, reports on epigenome-wide 

methylation associations with age, alcohol consumption, smoking status, body composition, blood 

lipid levels and C-reactive protein.  Chapter 5 discusses the ability of DNAm indicators of cell 

count distribution to reflect inflammation, cardiovascular function and CVD risk.  Finally, Chapter 

6 reports the association of alcohol consumption and smoking habits with DNAmAge and 

DNAmAgeAccel.   

 

Figure 2-5 Thesis outline according to the three investigative approaches and three 

methylation quantification methods discussed 

DNAm: DNA methylation; DNAmAgeAccel: DNA methylation age acceleration; CRP: C-reactive protein CVD: 

cardiovascular disease; EWAS: epigenome-wide association study; mdLMR: methylation-derived lymphocyte-to-

monocyte ratio; mdNLR: methylation-derived neutrophil-to-lymphocyte ratio. 

2.4 Epigenetic epidemiology in the (South) African framework 

The major informants of the epigenome are the genome, the environment and stochastic 

variability (Grundberg et al., 2013; McRae et al., 2014; Van Dongen et al., 2016).  The population-

specific nature of genetics and environmental influencers requires epigenetic epidemiology 

research to incorporate multiple ancestral groups and environmental landscapes in order to fully 
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understand and contextualise global epigenetic variability.  The South African framework is 

particularly beneficial in this regard.    

Despite the recognised value of genomic research in Africans, most of the ethno-linguistic groups 

in Africa remain uncharacterised and research investigating genetic, particularly epigenetic, 

associations in African populations is scarce.  This underrepresentation is partly because of 

financial limitations, scarcity in training and skilled researchers and a shortage of adequate health-

service infrastructure, that result in a lack of proper record-keeping (Ramsay, 2012).  The diversity 

within Africa also poses some language and cultural barriers between researchers and 

participants, which make recruiting, truly informing participants prior to consent being requested 

and getting to remote locations more challenging (Ramsay, 2012; Ramsay et al., 2014). This 

section discusses the value of the South African context in terms of the benefit to be gained when 

its genomic and environmental characteristics are leveraged.   

2.4.1 Genomic diversity 

The methylome is regulated by the genome through: (i) polymorphic variation that determines the 

presence or absence of cytosine nucleotides with methylation potential (Galanter et al., 2017), (ii) 

the efficacy of the proteins responsible for establishing, maintaining and removing methylation 

marks (Bjornsson et al., 2004; Lienert et al., 2011; Gutierrez-Arcelus et al., 2013; Krebs et al., 

2014) and (iii) genetic variation that influences the methylation of CpG sites elsewhere in the 

genome (mQTLs) (Gaunt et al., 2016; McRae et al., 2014). 

A vast body of literature describes the value of the continental African genome in biomedical 

research (Gurdasani et al., 2015; Ramsay, 2012; Retshabile et al., 2018).  As Africa is the 

ancestral home of Homo Sapiens (Tishkoff et al., 2009; Tishkoff & Williams, 2002), more genetic 

variation is observed among Africans than among their non-African counterparts (International 

HapMap 3 Consortium, 2010).  A breakthrough in this regard was made when Schuster et al., in 

2010, reported more genetic variation between three San exomes than one would expect between 

an Asian and a European individual.  In addition, low linkage disequilibrium (LD) has consistently 

been reported in African populations (Park, 2019).  This enables researchers to narrow down on 

potential causal variants in African vs non-African populations (Cronjé et al., 2017b; Jallow et al., 

2009; Teo et al., 2010).  The inherent depth of genetic diversity is coupled with a complex 

population structure comprising various ethnic and linguistic affiliations (Gurdasani et al., 2015; 

Schlebusch & Jakobsson, 2018). 

More consistent methylation patterns are observed within than between families (Bjornsson et al., 

2008) and in monozygotic twin pairs vs dizygotic twin pairs or non-twin siblings (Grundberg et al., 
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2013; McRae et al., 2014).  A recent investigation on disease-related mQTLs reported that 

common SNPs accounted for approximately 20% of methylation variance in mothers investigated 

during pregnancy and at middle age and their children at birth, during childhood and as 

adolescents, and that the effects of these mQTLs probably remain stable throughout life (Gaunt 

et al., 2016).  In terms of population-based investigations, a genome-wide study comparing 107 

self-declared African American new-born babies with 94 Caucasian American new-born babies 

reported differential DNAm in whole blood in approximately 14% of the investigated CpGs (Adkins 

et al., 2011).  Teh et al. (2014), investigating new-born infants (Chinese, Indian and Malayan), 

reported that 25% of the most variable methylomic regions (quantified from the umbilical cord) 

were accounted for by genetics.  Ethnic-specific patterns of DNAm, DNAmAge and DNAm-

associations have since been reported in numerous population-based studies (Akinyemiju et al., 

2018; Barcelona et al., 2019; Chitrala et al., 2019; Liu et al., 2018; Liu et al., 2019a; Liu et al., 

2019b; Park et al., 2018; Tajuddin et al., 2019). 

In terms of genomic diversity, investigating DNAm in Africans offers three main advantages.  

Firstly, it opens up the opportunity for the identification of novel, population-specific mQTLs.  

Secondly, it allows for rigorous validation of previous findings regarding environmental influence, 

because of its ability to contribute alternative genetic structures and in so doing, elucidate 

unknown genetic confounding.  Lastly, the low LD in African populations makes them particularly 

helpful in statistical frameworks such as Mendelian randomisation.  This characteristic allows 

better ability to narrow down on potential causality of identified mQTLs. 

Chapter 4 of this thesis incorporates two of these research advantages by replicating EWAS 

findings from European and African American cohorts and exploring novel associations in our 

cohort.  The degree to which current literature can be extrapolated to a South African cohort, such 

as the one investigated in this thesis, is not yet known.  The implication is that, for this and many 

other underrepresented populations that have limited resources to conduct their own large-scale 

analysis, the ability to assume the applicability of current research findings is uncertain.  Chapter 

4 addresses this gap and contribute to the epigenetic epidemiology field by investigating novel 

associations. 

2.4.2 Environment 

The influence of environmental exposure commences in utero.  The best known research in this 

regard centres around the Dutch hunger winter cohort (Heijmans et al., 2008; Tobi et al., 2014; 

Tobi et al., 2009; Tobi et al., 2018).  Six decades after the Dutch lived through famine in the 

German-occupied Netherlands, same-sex siblings (with less than a five-year age difference 

between them), one of whom was exposed to famine during early gestation and the other not, 
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were investigated.  Landmark findings from these investigations include vast methylation 

differences in regulatory genomic regions enriched for pathways related to growth and 

metabolism between sibling pairs (Tobi et al., 2014) and the observation that some methylomic 

differences were specific to periconceptional deprivation, but not to deprivation in late gestation 

(Heijmans et al., 2008).  A recent publication provides evidence that periconceptional deprivation 

is linked to metabolic disease risk in adulthood (Tobi et al., 2018).  These findings have added to 

the molecular framework of the well-known Developmental Origins of Health and Disease 

hypothesis, which states that prenatal malnutrition is associated with metabolic diseases later in 

life, because of the offspring’s inability to process nutritional affluence metabolically (Mandy & 

Nyirenda, 2018; Nyirenda & Byass, 2019).  Differential methylation in new-born infants as a result 

of maternal smoking (Cardenas et al., 2019; Joubert et al., 2016a), plasma folate concentrations 

(Joubert et al., 2016b) and level of education (Alfano et al., 2018) has been observed, although, 

surprisingly, findings on maternal alcohol consumption have been unconvincing (Sharp et al., 

2018). 

Apart from the extremes investigated in maternal and offspring health, evidence for environmental 

influence on methylation is also observed in the discrepancy in methylation between monozygotic 

twins as they grow older, even though they started their lives practically indistinguishably 

methylomically (Martin, 2005).  More similar methylation profiles have also been observed in 

unrelated spouse-pairs that cohabit and, therefore, share an environment, than in those who live 

apart (Li et al., 2018). 

The African continent is known for its stark contrasts in environmental exposure, ranging from 

tropical forests and affluence to drought and immense food scarcity and poverty (Campbell & 

Tishkoff, 2008; Ramsay, 2012; Teo et al., 2010).  South Africa is no different.  South Africa is 

home to eight distinct biomes, ranging from dessert to forest.  The country is divided into nine 

provinces, including highly populated urbanised provinces (e.g. Gauteng province 

accommodating ~15 million residents in 18 178 km2, which provides ~15% of the country’s 

domestic product) to deeply rural less densely populated provinces (e.g. Northern Cape province 

accommodating ~1.2 million residents in 372 889 km2, who are largely dependent on sheep 

farming for economic sustenance).  Food insecurity estimates per province varied from 13% to 

28% in 2016 (Stats SA, 2016).  The percentage of households with access to a formal dwelling 

place and safe water ranged from 65% to 89% and 73% to 93%, respectively.  The proportions 

of households sustained by agriculture varied between 4% and 28% (Government 

Communications, 2019; Stats SA, 2016). 

These provincial discrepancies are factual indicators of the socio-economic divide still present in 

South Africa.  Amidst the socio-economic extremities, the entire country is undergoing continual 
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and rapid urbanisation.  The urban proportion of South African residents has risen by 10% in the 

past 20 years, with just over 66% of the population currently classified as urban (World Bank, 

2018).  The consequence of this urban transition has been a rapidly accelerating NCD epidemic 

added to the high burden of infectious disease still dominating rural regions.  Of the reported 

natural deaths in the year 2016, 57% resulted from non-communicable and 31% from 

communicable diseases.  Ten years prior, in 2006, the distribution was reversed, with 44% and 

48% attributed to NCD and infectious diseases, respectively (Stats SA, 2018). 

The increased NCD prevalence is largely the result of shifts in lifestyles related to urbanisation 

(Department of Health et al., 2019; Nienaber-Rousseau et al., 2017; Pieters & Vorster, 2008; 

Popkin, 2015; Vorster, 2002).  For instance, urban populations in South Africa and around the 

world generally smoke more and consume alcohol more regularly (Dixon & Chartier, 2016; 

Department of Health et al., 2019; Roberts et al., 2016; WHO, 2017; WHO, 2018c).  Urbanicity, 

furthermore, is positively associated with education, sedentary lifestyles and the consumption of 

fat and processed foods (Brathwaite et al., 2017; Department of Health et al., 2019; Wentzel-

Viljoen et al., 2018; WHO, 2018d).  Differential methylation is associated with and provides 

biomarkers for most of these urban-rural discrepancies, from systemic (including population 

density, pollution, access to education and sanitation), to lifestyle-related (including diet, 

substance use and physical activity) characteristics (Bollepalli et al., 2019; Dimauro et al., 2016; 

Ding et al., 2017; Fiorito et al., 2019; Joehanes et al., 2016; Liu et al., 2018; Needham et al., 2015; 

Olden et al., 2015; Quach et al., 2017; Smith et al., 2017).  Similarly, methylation is associated 

with the NCDs related to urbanisation (Aslibekyan et al., 2015; Braun et al., 2017; Chitrala et al., 

2019; Davis Armstrong et al., 2018; Hedman et al., 2017; Ligthart et al., 2016; Meeks et al., 2017). 

Chapter 3 showcases a narrative review summarising evidence of the potential role of DNAm in 

the association between urbanisation (and the shifting environment it implies) and NCDs.  It 

proposes the urban-rural divide present in many developing countries, such as South Africa, as 

a platform that can, and should, be leveraged for epigenetic epidemiology. 

2.5 Conclusion 

This chapter provided an overview of the current literature pertaining to the overarching theme of 

this thesis: “Epigenetic analysis of cardio-metabolic health in an African population”.  A vast body 

of research supports the fact that epigenetic, particularly DNAm, modifications may be useful 

biomarkers and/or mediators in the framework of cardio-metabolic health and disease.  This 

includes markers such as epigenetic age, genome-wide CpG associations and methylation-

derived cell count estimators.  Currently, epigenetic epidemiology is, however, deficient in its 

representation of genetic and environmental diversity.  This limits the usefulness of current 
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knowledge in other ethnicities, but also limits the research field in its ability to replicate findings 

and narrow down on potentially causal markers to identify novel environmental or genetic targets.  

The African continent is characterised by incredible genetic and environmental diversity, although 

lack of adequate resources has restrained research in most of its regions.  Validating current 

findings will allow for better understanding of the generalisability of what is largely European-

based knowledge, favouring both the continent and the research environment.  The following 

chapters present the manuscripts reporting on the research done in this thesis, which focuses on 

aspects pertaining to the South African framework as set out in this chapter.   
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CHAPTER 3  
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formats – invaluable to a time constrained community.  Substantial developments in our current 

knowledge and understanding of genomics and epigenetics are constantly being made, yet this 

field is still in its infancy.  Epigenomics provides a critical overview of the latest and most significant 

advances as they unfold and explores their potential application in the clinical setting.  
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3.1 Abstract 

Urbanisation coincides with a complex change in environmental exposure and a rapid increase 

in non-communicable diseases (NCDs).  Epigenetics, including DNA methylation (DNAm), is 

thought to mediate part of the association between genetic/environmental exposure and NCDs.  

The urban-rural divide provides a unique opportunity to investigate the effect of the combined 

presence of multiple forms of environmental exposure on DNAm and the related increase in 

disease risk.  This review evaluates the ability of three epidemiological study designs (migration, 

income-comparative and urban-rural designs) to investigate the role of DNAm in the association 

between urbanisation and the rise in NCD prevalence.  We also discuss the ability of each study 

design to address the gaps in current literature, including the complex methylation-mediated risk 

attributable to the cluster of forms of exposure characterising urban and rural living, while 

providing a platform for developing countries to leverage their demographic discrepancies in 

future research ventures. 
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3.2 Introduction 

Cancer, type 2 diabetes, respiratory disorders and cardiovascular diseases (CVDs) are 

collectively responsible for 80% of the 41 million deaths caused by non-communicable diseases 

(NCDs) each year [1].  These diseases result from the interplay between fixed genetic [2] and 

modifiable environmental and behavioural factors [3].  It is the modifiable factors, such as pollution 

and industrial toxin exposure, physical activity, diet, smoking and alcohol consumption, that are 

the current focus of NCD prevention and education worldwide [4]. 

Low- and middle-income countries (LMICs) currently carry 85% of the global NCD death toll.  

Adults in these regions face twice the risk of NCD mortality than their counterparts living in high-

income countries (HIC) [1].  Although this discrepancy is partly accounted for by the lack of 

adequate health care and infrastructure, the main driver of the disproportionate burden of NCDs 

has been ascribed to the globalisation of lifestyles and environmental changes resulting from the 

rapid rate of urbanisation experienced by LMICs.  At the same time, these regions remain 

vulnerable to malnutrition and infectious diseases and are therefore considered to carry the 

‘double burden of disease’ [4, 5].  Urban areas are broadly defined by their dense population, 

commercial activity, non-agricultural employment, level of available education and infrastructure 

[6].  The strong link between the degree of urbanisation (urbanicity) and NCDs supports the notion 

of environmental factors being instrumental in the aetiology of NCDs, rather than purely inherited 

risk [5].  The possibility exists that differences in epigenetic regulation between urban and rural-

dwelling individuals could be the basis by which the differences in environmental exposure shift 

disease prevalence with urbanicity. 

The epigenome, unlike the genome, is environmentally modifiable and involves the alteration of 

gene expression without altering the genes themselves [7].  It is also influenced by genetic 

variation [8].  Epigenetic mechanisms include DNA methylation (DNAm), miRNAs, histone and 

chromatin modifications [7].  DNA methylation is currently the most studied epigenetic 

modification and has been implicated in the aetiology and progression of several NCDs over and 

above genetic predisposition [9].  Methylation differences can be (i) biomarkers of exposure that 

do not affect disease, (ii) part of the causal pathway between exposures and disease, or (iii) a 

biomarker of current disease [9].  Apart from its potential role as a disease mediator, the plasticity 

of DNAm also makes it a valuable topic of investigation owing to its intervention potential in 

preventative care [10]. 

To date, most methylation studies have investigated only single exposures or disease outcomes.  

This does not take into account that an individual, in any given environment, experiences a 

combination of exposures simultaneously such as those clustered together in rural and urban 
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landscapes.  In this review we evaluate the ability of three epidemiological study designs to 

investigate the role of DNAm in the association between urbanisation and the NCDs.  

Investigating urbanisation, as a well-defined cluster of exposures, could allow for a better 

understanding of methylation’s role in the global urbanisation–NCD trend.  First, we review the 

current evidence for the urbanisation-NCD, urbanisation-DNAm and DNAm-NCD relationships as 

the theoretical backdrop to the research models discussed.  We then discuss and compare the 

migration, income-comparative and urban-rural study designs in terms of the questions they are 

best suited to answer, suitable cohorts and their respective strengths and weaknesses.  Figure 

3-1 provides an illustrated summary of this review. 
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Figure 3-1 The role of DNAm in mediating the association between urbanisation and NCDs and the strengths and limitations of 

different study designs aimed at investigating these associations  
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3.3 Contextualising methylation 

Genetics and environmental exposures both influence phenotype, partly through epigenetic 

modifications.  Genetic architecture affects DNAm in terms of the availability of cytosine-

phosphate-guanine (CpG) sites, the efficacy of methylation-related enzyme expression [8, 11], 

how DNAm responds to exposure [12] and inherent NCD risk [2].  Environmental exposures can 

be either external (behavioural or lifestyle-related factors such as diet, exercise and air purity) or 

internal (metabolic and biochemical factors such as inflammation and adiposity).  The external 

environment’s role in methylomic variance is best observed in monozygotic twins that start their 

lives methylomically indistinguishable (genetically determined), but grow ever more discordant 

throughout the life course [13].  Additionally, it has been observed that unrelated spouse-pairs 

that share an environment have more similar methylation profiles than those who live apart [14].  

Methylomic variance attributed to the internal environment, on the other hand, is most prominent 

in the presence of disease, as a result of disease-related metabolic and biochemical changes [15, 

16].  Three key aspects of the exposure-methylation-disease framework will be discussed in the 

sections to follow.  These are also depicted in Figure 3-1. 

3.3.1 Urbanisation is associated with NCD risk 

The association between urbanisation and NCDs is predominantly driven by characteristics of the 

urban environment and behavioural factors.  Urbanisation-associated environmental factors 

known to increase NCD risk include increased exposure to pollution and occupational toxins [3, 

4]. Urbanisation-associated behavioural factors contributing to increased NCD risk include 

increased food availability [17], decreased non-recreational physical activity [18], a higher portion 

of energy intake from fat [19], protein [20] and processed foods [21], a reduction in relative energy 

from carbohydrates [19] and increased adiposity [21].  While smoking and alcohol consumption 

are known contributors to NCD risk, their relationship with urbanisation is more complex [3].  

Urbanisation coincides with increased purchase of commercial tobacco products and exposure 

to tobacco-encouraging advertising, while second-hand smoke inhalation tends to be reduced 

[20, 22, 23].  Although urban individuals are less likely to be subject to alcohol abuse, they are 

more likely to consume alcohol during their lifetime [20, 24].  Urbanisation is also associated with 

increased psychosocial stress as a result of social inequity and exclusion, job insecurity and 

growing concerns of violence and crime [25].  These are particularly prevalent when urbanisation 

coincides with the growth of informal settlements within the urban landscapes [5].  Access to 

education, on the other hand, decreases NCD risk [26]. 
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3.3.2 Urbanisation is associated with DNAm 

The same types of exposure related to NCD risk, described above, have also been independently 

associated with altered DNAm.  In this context mostly non-causal associations between 

exposures and DNAm have been investigated, although evidence for causal associations are 

accumulating (Figure 3-1).  Evidence that DNAm is causally affected by urbanisation-related 

exposures (i.e. the exposure alters DNAm not vice versa) have been published for body mass 

index [27] and smoking [28].  Genome-wide [29] and gene-specific [27] investigations have 

reported adiposity-related methylation changes.  These methylation signatures have been used 

successfully to predict the efficacy of weight-loss interventions [30].  Smoking status, cumulative 

smoking exposure and smoking intensity can also be determined using DNAm as biomarker [31, 

32].  Smoking-associated differential DNAm is only partially reversible upon cessation [31, 32].  

Similarly, heavy drinking can be identified using a methylation-based biomarker [33].  Methylation 

differences associated with alcohol consumption seem to be completely reversible, indicating 

possible causality [33]. 

Regarding non-casual associations, dietary patterns, such as high fat [34] and Western diets [35], 

have been associated with methylation differences in genes involved in lipid metabolism, 

adipogenesis, inflammation and glucose regulation.  Physical activity-based intervention studies 

reported beneficial methylation and transcription changes in genes related to longevity, 

inflammation and metabolism in blood, skeletal muscle and adipose tissue [36-38].   

Methylation levels at specific CpGs have also been incorporated into methylation-derived 

biological age predictors [39, 40].  The discrepancy between DNAmAge and chronological age is 

referred to as biological/methylation age acceleration (DNAmAgeAccel) and, when positive, is 

used as a biomarker of accelerated cellular ageing [39, 40].  Urbanicity-related factors such as 

adiposity [41], meat consumption [41] and cigarette smoking [42] are associated with 

DNAmAgeAccel.  Alcohol associates with DNAmAge in a non-linear manner, where light and 

heavy drinkers experience DNAmAgeAccel and moderate alcohol consumers have a relative 

deceleration of DNAmAge [43, 44].  Education, aligned with its negative association with NCD 

risk [26], also protects against DNAmAgeAccel [42, 43]. 

In terms of the urban environment, a vast amount of literature has reported on the genome-wide, 

global and gene-specific DNAm associations with exposure to general pollution and distinct 

pollutants [45].  Increased exposure to traffic-related air pollution, for example, has been 

associated with altered methylation at the Ten-eleven translocation 1 gene, which encodes a key 

enzyme involved in DNA demethylation [46].  A dose-response association between traffic-related 

pollution and DNAm changes has also been observed [47].  Accelerated DNAmAge has also 
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been observed in groups exposed to pollution and pesticides [48].  From a social environment 

point of view, neighbourhood unity, aesthetics and safety have been associated with favourable 

DNAm and downstream expression changes in particularly stress- and inflammation-related 

genes [49, 50].  Such neighbourhood characteristics also enable outdoor recreational physical 

activity that in itself has proven beneficial [5], although these characteristics are likely to be largely 

present in urban-dwellers of high socio-economic status [5, 51]. 

3.3.3 DNAm is associated with NCDs 

Associations between DNAm and NCDs have been reported in both directions (Figure 3-1), as 

exposure-related differential DNAm may precede disease (DNAm being on the causal pathway 

between exposure and disease), and, conversely, disease-related metabolic changes can affect 

DNAm (DNAm as a non-causal biomarker of disease).  Investigations into the potential causal 

influence of DNAm on type 2 diabetes [52] and CVD development [53] are increasing, although 

conclusive evidence is yet to be published.  As non-causal biomarkers, both DNAm and 

DNAmAge have been used to identify several sub-types of cancer [54, 55] and CVD [56, 57].  

Tumorous tissues are epigenetically older than their non-cancerous counterparts [58].  As a 

prognostic marker, DNAm, particularly DNAmAge, has been useful in predicting cancer incidence 

[59, 60] and survival [61], cardiac events [62], premature CVD [40, 63] and all-cause mortality [60] 

independent of traditional risk factors.  Lastly, as an intervention strategy, methylation-altering 

drugs are proving to be increasingly successful in the treatment of CVD [64], cancer [65, 66] and 

type 2 diabetes [67]. 

3.3.4 The missing link 

Collectively, the evidence summarised in the previous sections highlight the potential role of 

DNAm as a mediator between urbanisation and NCDs.  The only robust evidence that has been 

able to link the environment to DNAm, and then DNAm to disease concerns the relationship 

between smoking and bladder cancer in postmenopausal women [68].  Preliminary findings have, 

however, associated BMI-related changes in DNAm with cardio-metabolic disease development 

[29].  In addition, a randomised controlled trial has provided some evidence of DNAm mediating 

the association between exposure to air pollution and adverse cardiovascular profiles [69]. 

The main gaps remaining in the literature, and the best way to address them, are the topic of 

interest of this review.  Key questions include: i) Have we identified all the key risk factors in the 

urbanicity-NCD relationship?  ii) How does the research currently address the amalgamated risk 

posed by the entirety of the urban vs rural context? iii) How can we investigate and understand 

the role of DNAm in this lifestyle-disease model better?  Thus far, the role of DNAm in NCDs has 
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been investigated typically by focusing on one form of exposure at a time.  Investigating DNAm 

in the context of urbanisation provides the opportunity to aggregate NCD-related exposures to 

provide not only a more accurate reflection of the amalgamated disease risk associated with 

urbanicity, but also to start identifying currently unknown contributing factors that explain the 

variance in risk after accounting for all the known single forms of exposure.  Such an investigation 

could also provide insight regarding the extent of potential additive risk compared to a wash-out 

effect when numerous methylation-altering exposures are clustered together.  By identifying 

DNAm mediators involved in the relationship between urbanisation and NCD we might find 

modifiable targets for improving population health.  The sections to follow evaluate the ability, 

strengths and weaknesses of different approaches to best answer key questions and elaborate 

on our current understanding of the role of DNAm in urbanisation-related population health (Figure 

3-1). 

3.4 Contextualising urbanisation 

Urbanisation can be driven by the net movement of individuals from rural to urban residency in 

search of, among others, better education or health care, economic success, safety or food 

security.  In this context, urbanisation can be the result of individuals moving from a rural to an 

urban community within their own countries or to another country/culture entirely (migration).  

Alternatively, urbanisation can occur as a specific region progressively urbanises.  There are three 

main epidemiological approaches that can be used to investigate the health-related 

consequences of urbanisation: the migration, income-comparative and urban-rural divide 

approach. 

3.4.1 Migration models 

Migration studies are able to investigate the effects of environmental shifts in two ways.  The first 

studies groups of similar ancestral and geographical origin, living in different countries, such as 

those who remained in the home country compared to those who moved to different locations 

[70].  These studies are useful in that they allow investigation of an altered environment while 

controlling for early life exposure and ethnicity.  A study of Japanese migrants, for example, 

reported a dramatic increase in CVD risk in the migrant compared to the non-migrant group, 

providing evidence that the environmental shift increased CVD risk in this population [71].  A 

second approach is the comparison of the migrant population with their host.  In these cases, 

ethnic inequalities in NCD risk and outcomes can be assessed, for example the major differences 

in the rate of specific CVD incidence and mortality between migrants from different countries and 

the same HIC host population [70]. 
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The complexity of using migration models to investigate the association of urbanisation with health 

stems from the numerous migration-associated confounders that are not part of the rural-urban 

shift.  First, the migrant group themselves are not necessarily reflective of the group they 

originated from in that migrants are often better resourced to enable their migration than those 

staying behind [72].  Second, the circumstances of migration complicate the separation of the 

health effects related to the rural-urban shift, through the stress and impact of the migration itself 

[72, 73].  Third, migrants often experience a vast shift in culture and climate.  In addition, cultural 

differences in health-seeking behaviour may lead to a lack of timely disease diagnosis or non-

compliance in treatment, particularly in new migrants [74].  Lastly, migration timing may profoundly 

influence the relative severity of the effect of urbanisation on health outcomes.  According to the 

Developmental Origins of Health and Disease hypothesis, individuals born in an environment with 

limited nutritional resources (often rural settlements) are prenatally programmed to survive in 

these conditions.  If they are then subsequently exposed to nutritional abundance, they are not 

metabolically equipped to manage this affluence and are pre-disposed to develop NCDs [75, 76]. 

3.4.2 Income-comparative models 

An alternative model that can be used to investigate urbanisation is a global income-comparative 

research model where groups of differing demographic backgrounds from across the world are 

compared with respect to disease prevalence.  The largest investigation currently implementing 

such a study design is the international Prospective Urban and Rural Epidemiology (PURE) study.  

The study includes 225 000 individuals residing in 27 low-, middle- and high-income countries 

[77].  The PURE study has provided many insights on global NCD risk progression and 

contributors.  Meta-analyses by the PURE cohort include topics such as carbohydrate and fat 

intake [78] fruit, vegetable and legume intake [79], dietary nutrients [78], education [26], physical 

activity [80] and alcohol consumption [81] in relation to CVD and its related health outcomes such 

as blood lipid concentrations and blood pressure.  The primary focus of these meta-analyses is 

better understanding of the relationship between country-income classification, subsequent 

exposure and the influence of this on CVD incidence and mortality.  

Although these investigations provide vital information on the extent of the NCD crisis, particularly 

in LMICs, this approach is limited in a few ways.  First, it is often unable to account for the genetic 

diversity risk of specific groups when comparing and combining multiple ethnicities.  It is widely 

known that the risk models, ranges and cut-off created for one population are not always indicative 

of the same risk variance in other populations [82].  For this reason, continual attempts are being 

made by the World Health Organisation to recalibrate NCD risk models that are currently used in 

HICs to be used in LMIC population groups [83]. 
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The numerous genome-wide association analyses that have indicated ethnic differences in 

genotype frequencies and their associations with intermediate phenotypes and ultimate risk 

indicate that although phenotypic risk assessment might be the most feasible, the gap in risk 

variability might only be fully addressed when also considering genetic contributors [2].  In the 

epigenetic context, methylation differences have also been reported among ethnic groups [11]. 

Second, as with migrant studies, differing geographical locations also introduce confounding by 

climate and diet [21, 84].  Cross-cultural adaption of data collection methods is critical in these 

cases, as reference material developed for one population might leave many factors unstudied in 

the population to which it is applied, purely because of their absence in the reference group [85].  

Many developing nations remain severely underrepresented in genetic and epigenetic research, 

suggesting that the driver of observed DNAm associations might not have been identified or 

studied previously, resulting in potentially unquantifiable confounding when comparing these 

population groups [86]. 

Lastly, although socio-economic status is associated with urbanicity, national economic status 

(such as the World Bank status used in most income-comparative models) does not reflect 

urbanicity.  Developing nations, for example, are often LMICs, but generally have urban capitals, 

informal urban and rural settlements and rural agricultural landscapes [87].   

3.4.3 Within-country rural-urban models 

A third approach that can be used to investigate the process of progressive urbanisation is to 

consider those who do not undergo urbanisation during their lifetime, but are, instead, subject to 

the urban-rural divide still common in developing countries [51].  This research design can be 

used under the condition of having a cohort that represents communities of a single genetic origin, 

part of which resides in an urban, and the other in a rural area, and does so for its entire lifespan.  

These individuals should have been born, and remained, on either the rural or urban side of the 

socio-demographic divide throughout their lifetime.  A cohort of this nature will allow for the 

investigation of discrepant environmental exposure and health outcomes while limiting many of 

the confounding factors discussed in the previous sections. 

Two examples of large-scale studies that can leverage this approach are the PURE [77] and the 

Research on Obesity and Diabetes among African Migrants (RODAM, [88]) cohorts.  Although 

spanning continents, all the countries participating in the PURE study contribute a variety of both 

rural and urban sub-cohorts [87].  The RODAM study, on the other hand, includes a rural and an 

urban site in Ghana (Africa), in addition to the Ghanaian migrants residing in Europe [88]. 



 

48 

Only one of the PURE sub-cohorts has published epigenetic data [89], but many of the other sub-

cohorts have access to previously collected peripheral blood samples in cryo-storage facilities 

[77].  No epigenetic data from the PURE cohort have been used to investigate urban-rural 

disparities.  The advantage of a cohort such as PURE is the availability of longitudinal data on the 

disparity between large well-defined urban and rural communities in at least 27 countries [87].  

The RODAM cohort has published genome-wide DNAm data in relation to obesity [90] and type 

2 diabetes [91], although no urban-rural epigenetic comparisons have been made to date.  

Although the RODAM study is currently of cross-sectional design, there are plans to transform it 

into a longitudinal cohort [92].  The PURE cohort was established in 2003, and the RODAM cohort 

in 2012.  These cohorts are, therefore, able to capture urbanisation at the pace it is currently 

experienced [77].  

The country-specific urban-rural research platform has the benefit of being able to investigate the 

clusters of types of exposure that represent rural or urban living, while factors such as genetics, 

climate and geographical influencers remain constant and similar between groups.  Developing 

nations, such as those included in the PURE and RODAM studies, are particularly likely to benefit 

from this approach, as the urban-rural divide is most severe in these countries.  Furthermore, 

particularly in the context of epigenetic epidemiology, these countries often contain many under- 

or unstudied ethnic groups.  Currently, most of the available evidence on NCDs, NCD risk factors 

and the role of epigenetics originates from study populations in developed countries [83, 93].  As 

there are vast genomic and socio-economic differences between these countries and the ethnic 

groups they contain [2, 11], the feasibility of simply extrapolating findings from what is largely HIC 

European literature is unknown.  Inclusion of more LMICs in large-scale research efforts will, 

therefore, not only provide an opportunity to generate population-relevant information to inform 

prevention, detection and treatment of NCDs in these countries, but will also contribute to closing 

the knowledge gaps in the global literature.  Findings from such investigations will provide external 

validation of generalisable findings, while highlighting the circumstances where population-

specific research is needed. 

3.5 Current challenges 

One of the limitations of most epigenetic investigations is the unavailability of disease-relevant 

tissues.  It has been well established that DNAm signatures differ among tissues, although the 

available evidence on environment-methylation-disease patterns is almost exclusively derived 

from blood-based methylation investigations [94].  Urbanicity-associated DNAm changes are, 

therefore, more likely to be leveraged as biomarkers of exposure or disease indicators, as the 

unavailability of target tissues for specific disease or outcomes limits causal inference.  Mediation 

analyses such as Mendelian randomisation could be employed to help with this, although multiple 
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causal inference methods might be needed for triangulation of evidence [52, 95].  Because, to 

our knowledge, population-specific genomic data are not available for many LMICs currently 

investigated, the addition of genetic data will be a valuable contribution. 

As progressive urbanisation is likely to affect both the rural and urban groups in LMICs, 

longitudinal measurements of DNAm will be a beneficial and informative resource.  Research has 

shown that altered environments affect health at different rates.  Adiposity, for example, seems 

to increase rapidly once individuals relocate to urban areas, whereas fasting insulin increases at 

a much more gradual pace [96].  Cross-sectional representations of urbanicity and health are 

therefore limited, as they capture only the factors that have an impact at the specific point in time.  

Should longitudinal data collection be performed, not only will there be better control of the 

epidemiological transition over time, but this will also allow researchers to address the gap in 

longitudinal epigenetic research in terms of causality, reversibility and/or stability of DNAm.  

Standardised protocols for blood collection, handling and storage will be critical in avoiding the 

limitation of time-point-related batch variance. 

Leveraging richly phenotyped, genetically similar, rural and urban communities with genome-wide 

epigenetic data and the ability to track NCD risk progression and mortality prospectively provides 

a unique opportunity to investigate the full environment → DNAm → NCD framework where such 

pathways exist, and where they do not, the value of DNAm as a biomarker for either environmental 

exposure or existing disease risk can be evaluated. 

3.6 Future perspectives 

As the 21st century continues to be marked by urbanisation, it is essential to improve our 

understanding of the molecular mechanisms driving the effect of the environmental shift on NCD 

prevalence and incidence.  The current global landscape allows numerous approaches to be 

taken to investigate these mechanisms, each with its own strengths, limitations and answerable 

questions.  In the era of big data and the continual pressure of the scientific community to promote 

open access and increase data availability, we expect the use of these models to significantly add 

to the genetic and environmental diversity captured in global epigenetic epidemiology data.  

Integrating the knowledge gained from the different perspectives of each of these three models 

will allow for a more holistic view of the different genetic and environmental origins of disease and 

the epigenetic mechanisms that bridge them.  Ultimately, it is within the rounded understanding 

of methylation’s role in the urbanisation-NCD relationship that modifiable targets can be identified 

to translate research to population-based NCD prevention strategies. 
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Executive summary 

The non-communicable disease (NCD) death toll is rising globally 

• In LMIC, this is thought to be the result of urbanisation 

DNA methylation (DNAm) could mediate the urbanisation-disease relationship 

• Urbanisation-related exposures associates with DNAm 

• DNAm associates with NCD risk factors and outcomes 

• Urbanisation associates with NCD risk factors and outcomes 

The following models can be used to explore this hypothesis 

• Migration model 

This model is particularly useful when investigating genetic predisposition and the 

developmental origins of health and disease.  The migration process itself may, 

however, confound associations.  Keep in mind that migrants are not always 

representative of their native population. 

• Global income comparative model 

This model can be used to report the extent of global urbanisation and health 

disparities over time, but is susceptible to genetic, cultural and climate confounding.  

Comparable data collection methods and reference material is a necessity when this 

model is used. 

• Within country urban-rural models 

This model significantly reduces abovementioned confounding and is, therefore, the 

most controlled setting to explore the hypothesis of DNAm mediating the effect of 

urbanisation on NCD risk.  This model is likely to be suitable only for developing 

nations, but can, therefore, be used when investigating un- or understudied 

populations. 

Integrating knowledge gained from these three models is the key 

Integrating the knowledge gained from the different perspectives of each of these three 

models will allow for a more holistic view of the different genetic and environmental 

origins of disease and the epigenetic mechanisms that bridge them.  Ultimately, it is 

within the rounded understanding of methylation’s role in the urbanisation-NCD 

relationship that modifiable targets can be identified to translate research to 

population-based NCD prevention strategies. 
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4.1 Abstract 

Background: DNA methylation is associated with non-communicable diseases (NCDs) and 

related traits. Methylation data on continental African ancestries are currently scarce, even though 

there are known genetic and epigenetic differences between ancestral groups and a high burden 

of NCDs in Africans. Furthermore, the degree to which current literature can be extrapolated to 

the understudied African populations, who have limited resources to conduct independent large-

scale analysis, is not yet known. To this end, this study examines the reproducibility of previously 

published epigenome-wide association studies of DNA methylation conducted in different 

ethinicities, on factors related to NCDs, by replicating findings in 120 South African Batswana 

men aged 45 to 88 years. In addition, novel associations between methylation and NCD-related 

factors are investigated using the Illumina® EPIC BeadChip. 

Results: Up to 86% of previously identified epigenome-wide associations with NCD-related traits 

(alcohol consumption, smoking, body mass index, waist circumference, C-reactive protein, blood 

lipids and age) overlapped with those observed here and a further 13% were directionally 

consistent. Only 1% of the replicated associations presented with effects opposite to findings in 

other ancestral groups. The majority of these inconcistencies were associated with population-

specific genomic variance. In addition, we identified eight new 450K array CpG associations not 

previously reported in other ancestries, and 11 novel EPIC CpG associations with alcohol 

consumption. 

Conclusions: The successful replication of existing EWAS findings in this African population 

demonstrates that blood-based 450K EWAS findings from commonly investigated ancestries can 

largely be extrapolated to ethnicities for which epigenetic data are not yet available. Possible 

population-specific differences in 14% of the tested associations do, however, motivate the need 

to include a diversity of ethnic groups in future epigenetic research. The novel associations found 

with the enhanced coverage of the Illumina® EPIC array support its usefulness to expand 

epigenetic literature. 
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4.2 Background 

The role of epigenetics in the aetiology of non-communicable diseases (NCDs) is of interest owing 

to its valuable addition to the limited variance of disease risk explained by genetics alone [1].  The 

modifiable nature of the epigenome also offers opportunities to predict, detect and prevent 

lifestyle-related diseases [2].  DNA methylation (DNAm) is the most intensively researched 

epigenetic modification, partly because of its ease of measurement from stored samples 

commonly collected in epidemiological studies.  A number of robust associations between 

differentially methylated cytosine-guanine dinucleotides (CpGs) and NCD-related traits or 

exposures have been reported [3-7].  Epigenetic research has allowed for richer insight into the 

origin and progression of complex diseases, and is expected to continue doing so, thereby 

enhancing our ability to combat the continued rise in NCD prevalence [2, 8]. 

Despite its importance in the global context of NCDs, current epigenetic literature remains limited 

by the lack of ethnic diversity, with most investigating associations between DNAm and health 

outcomes/traits within European (EU) populations.  Although several large-scale epigenome-wide 

association studies (EWASs) have used data collected from African American (AA) individuals [4, 

5, 9], information on continental African populations remain particularly limited.  Sub-Saharan 

Africans are known to be genetically different from AA individuals, who typically stem from West 

African ancestors, with varying levels of admixture [10].  Because DNAm differences have been 

reported among ethnic groups [11-13], the degree to which current EWAS results can be 

extrapolated to other populations, including Sub-Saharan Africans, remains to be established.  

Understanding the degree of generalisability of EWAS results to different ethnicities informs one 

whether existing knowledge can be extrapolated to understudied ethnic groups or whether 

additional research is needed in these populations, where resources are often limited [14]. 

To this end, we replicated data extracted from the EWAS Catalog (http://www.ewascatalog.org) 

on traits related to NCDs (alcohol consumption, smoking status, body mass index (BMI), waist 

circumference (WC), high-density lipoprotein cholesterol (HDL-C), low-density lipoprotein 

cholesterol (LDL-C), total cholesterol (TC), triglycerides (TG), C-reactive protein (CRP) and age), 

in a subset of Batswana men from the North-West (NW) province of South Africa, who participated 

in the international Prospective Urban and Rural Epidemiology study (PURE-SA-NW).  In doing 

so, we evaluated the reproducibility of previous EWAS findings in a Sub-Saharan African 

population that has never been investigated before.  In addition, because the majority of EWASs 

to date have been conducted using the older Illumina® 450K BeadChip, our secondary aim was 

to report novel DNAm associations by using the new Illumina® MethylationEPIC platform, to 

extend existing knowledge on methylation and traits related to NCDs in this population [15]. 

http://www.ewascatalog.org/
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4.3 Results 

For each trait, we report the degree of replication between EWAS findings in the PURE-SA-NW 

cohort and the reference studies identified, using the EWAS catalog (complete test statistics in 

Additional file 1).  In cases where the reference study included cohorts of different ancestries, the 

PURE-SA-NW cohort was compared to these ancestries separately.  We first report the 

agreement between the effect sizes obtained in the PURE-SA-NW data and the reference studies 

for all the tested CpGs per trait, to evaluate the overall consensus between the studies (PURE-

SA-NW vs reference study).  We then examine the similarity between studies at the individual 

CpG level by determining whether or not the individual PURE-SA-NW association’s confidence 

intervals (CIs) overlap with those of the reference study.  This allows us to identify systematic 

differences (e.g.  attributable to exposure variation) between cohorts before investigating 

differences at an individual CpG level (e.g.  attributable to site-specific genetic variation).  To 

permit further investigation of individual CpG association differences, we inspect probes 

previously identified to measure methylation at polymorphic sites of which either the global minor 

allele frequency (MAF) is higher than 1% [16], or variation has been documented in Africans, 

specifically [17] (Additional file 1).  Probes identified to hybridise to multiple genomic regions or to 

be cross-reactive are also noted [18].  Replication analyses are followed by a report of any 

methylation associations of newly investigated EPIC probes and novel 450K associations (of 

450K probes present on the EPIC array used here), where applicable (Additional file 2).  Table 4-

1 provides the descriptive statistics for (i) the PURE-SA-NW cohort for traits used as covariates 

in the models, (ii) the trait of interest as reported by the EWAS catalog reference study, and (iii) 

the PURE-SA-NW cohort trait of interest reported in the same unit as in the specific reference 

study.  For the different traits, the sample size here differs because we applied the specific 

inclusion criteria of the respective reference studies to our population to permit comparison 

(Additional file 1). 

Comparatively, our study population had a more favourable body composition and blood lipid 

profile, but a much higher CRP concentration than those included in the reference studies [3, 9, 

22].  The proportion of current smokers in our study population was twice as high as the reference 

cohort [4], and they consumed larger volumes of alcohol than the EU, but less than the AA 

reference cohorts [5].  The remaining traits were similar between our population and that of the 

reference studies. 
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Table 4-1 Descriptive characteristics of the study and reference cohorts 

Trait PURE-SA-NW 
Reference 

study 
Comparative 
PURE-SA-NW 

Reference 
study 

citation 

N 120 See Additional file 1  

Age (y)  64 [55–70] 62 [58–67] 64 [55–70] [19] 

BMI (kg/m2) 22.5 ± 4.9 
27.6 ± 4.41* 

22.4 ± 5.0 [20] 
27.7 ± 4.52* 

WC (cm)  83.8 ± 12.8 
101 ± 15.13* 

83.6 ± 12.7 
[9] 

97 ± 164* [21] 

Physical activity (index) 2.41 ± 0.94    

Smoking status [N(%)]     

Never smoker  56 (47)  6 956 (74)2,4* 56 (48)  
[4] 

Current smoker 61 (51) 2 433 (26)2,4* 61 (52) 

Ever smoker 64 (53)    

Alcohol use [N(%)]     

 Never user  56 (47)     

 Ever user  64 (53)     

Alcohol consumption (g/d)  16.7 ± 36.6 
1.3 (0, 301)3 

0 (0, 240) [5] 
5.6 (0, 181)4 

CRP (mg/L) 9.7 ± 27.2 
6.2 ± 8.83* 

9.9 ± 27.5 [22] 
3.3 ± 5.64* 

TC (mg/dL) 171 ± 41.6 207 ± 37.14* 171 ± 41.6 

[3] 
LDL-C (mg/dL) 96.5 ± 35.7 125 ± 30.94* 96.5 ± 35.7 

HLD-C (mg/dL) 54.1 ± 22.7 57.0 ± 16.84 54.1 ± 22.7 

TG (mg/dL) 48.5 ± 30.5 126 ± 69.04* 48.5 ± 30.5 

Education [N(%)]     

 None  26 (22)    

 1–7 years of schooling 66 (55)    

 8–12 years of schooling 28 (23)     

Blood cell type proportions (%)    

 B-cells 0.04 ± 0.02    

 CD4 T-cells 0.11 ± 0.04    

 CD8 T-cells 0.11 ± 0.06    

 Granulocytes 0.47 ± 0.11    

 Monocytes 0.09 ± 0.02    

 Natural killer cells 0.11 ± 0.03    
1Indian Asian ancestry, 2European American ancestry, 3African American ancestry, 4European ancestry.  *Population 

means differ between the reference study and comparative PURE-SA-NW study population at p <0.05 following 

Bonferroni adjustment.  BMI: body mass index; CRP: C-reactive protein; HDL-C: high-density lipoprotein cholesterol; 

LDL-C: low-density lipoprotein cholesterol; TC: total cholesterol; TG: triglycerides; WC: waist circumference.  Values 

are presented as median [IQR], mean ± standard deviation, N (%) or median (minimum, maximum).  Blood cell 

proportions were determined using methylation-based estimates [23].
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4.3.1 Alcohol consumption 

Ancestry-stratified (European American (EA) and AA) findings from the meta-analysis by Liu et 

al.  [5] on the association of alcohol consumption (g/d) with differential methylation at individual 

CpGs were compared with those from the PURE-SA-NW (Figure 4-1).  In the study of Liu et al.  

[5], alcohol consumption was more strongly associated with DNAm in AA than EA individuals 

(regression slope = 3.2, p = 8.6 x 10–70).  Effect sizes in the PURE-SA-NW cohort were larger 

than in either of the reference groups (regression slope = 0.12, p = 3.2 x 10–16 and 0.47, p = 3.2 

x 10–17 for the AA and EA comparisons, respectively).   

 

Figure 4-1 % Methylation change per gram of alcohol intake 

From left to right: (i) reference AA vs EA data (247 CpGs), (ii) PURE-SA-NW vs AA data (228 CpGs), and (iii) PURE-

SA-NW vs EA data (228 CpGs).  Model used: methylation ~ alcohol consumption+ age + BMI + cell counts + surrogate 

variables.  Reference data: Liu et al.  (2018).  Green data points represent CpGs where the 95% CIs for effect size 

estimates in each sample group overlap.  Yellow data points represent CpGs where the 95% CIs for effect size 

estimates in each sample group do not overlap.  Red data points represent the comparison of effect sizes within the 

reference cohorts.  Black dashed line: line of equality.  Blue dashed line: regression line. 

Individual association results showed stronger similarity between the PURE-SA-NW and the AA 

than with the EA findings.  Overall, 361 CpGs were investigated (two unique AA, 131 unique EA 

and 228 associations reported for both ethnicities).  Out of the 230 association tests to compare 

the AA reference cohort to the PURE-SA-NW data, 93% (213) of the regression CIs overlapped, 

compared to 80% (287) of the 359 comparisons between the EA and PURE-SA-NW.  Where CIs 

did not overlap, directional consistency was nevertheless observed with the exception of the 

associations for cg15636519 (EA and AA comparisons), cg08471846 (EA comparison only) and 

cg21227253 (EA comparison only) with alcohol consumption (Additional file 1a).  Data from the 
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Biobank-based Integrative Omics Studies (BIOS) Consortium indicated that, apart from 

cg08471846, methylation quantitative trait loci (mQTLs) have been identified for each of these 

CpGs with absolute reported Z-scores ranging from 4.15 to 12.9 [24, 25].  Data from the 1000 

Genomes project support that the differences observed here could be partly influenced by 

ancestry-specific genetic variance; for example, the MAF of rs7153432 (cis mQTL for 

cg21227253) is 18% in Africans and 40% in Europeans [26]. 

The EWAS conducted on alcohol consumption in the PURE-SA-NW cohort resulted in 19 

genome-wide significant findings (p < 9.4 x 10–8), 11 of which were newly investigated EPIC 

probes and eight were part of those previously investigated by 450K probes, that were present 

on the EPIC array, but failed to reach association thresholds in other cohorts (Additional file 2a).  

Table 4-2 provides the test statistics for these CpGs.   

The proportion of methylation variance of these CpGs explained by including alcohol consumption 

in the model methylation ~ age + BMI + cell counts + smoking status, ranged from 10.3 to 43.8%.  

When alcohol consumption was used as the outcome variable, the addition of these 19 probes to 

the regression model increased the percentage of alcohol consumption variance explained by 

57% (adjusted R2 = 0.05 before and 0.62 after including the CpGs, p = 5.5 x 10–26). 
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Table 4-2 EWAS CpG-alcohol consumption associations p <9.4 x 10–8 

ProbeID Location Gene Region β SE p 
% Variance 
explained 

Χ2 

p-value 

cg13153796* 14:101405628 SNORD113-6 TSS1500 –6.78E–04 8.45E–05 2.2E–11 29.4 (38.4) 3.8E–12 

cg00712390* 17:79373624 BAHCC1 1stExon 8.08E–04 1.14E–04 9.7E–10 37.5 (47.0) 5.6E–18 

cg05706661 7:36134301 LOC101928618 TSS1500 –1.05E–03 1.51E–04 2.0E–09 17.6 (57.1) 6.7E–12 

cg24252287* 17:40250379 
  

1.48E–04 2.21E–05 4.8E–09 36.5 (41.8) 7.7E–15 

cg12177743* 11:113185079 TTC12 TSS200 1.59E–04 2.41E–05 7.5E–09 13.4 (23.4) 2.8E–05 

cg19323439 17:9136232 NTN1 Body 5.06E–04 7.93E–05 1.9E–08 14.1 (59.0) 2.1E–08 

cg19683675* 5:142077712 FGF1 TSS200 –1.13E–03 1.78E–04 2.0E–08 35.1 (43.6) 2.7E–15 

cg08333974 12:1956337 CACNA2D4 Body –1.24E–03 1.95E–04 2.2E–08 25.8 (38.3) 8.3E–12 

cg12325997 15:59280148 RNF111 1stExon 9.84E–05 1.57E–05 3.2E–08 10.5 (58.4) 9.4E–08 

cg19642811 13:95453039 LOC101927284 Body –6.02E–04 9.64E–05 3.4E–08 19.3 (37.3) 2.3E–08 

cg06943216 8:102683096 
  

–1.33E–03 2.13E–04 3.5E–08 17.5 (33.9) 4.3E–08 

cg26187237* 2:217498574 IGFBP2 1stExon 4.19E–04 6.72E–05 3.6E–08 15.5 (53.0) 2.2E–09 

cg16358446* 1:1534984 
  

8.10E–05 1.31E–05 4.4E–08 43.8 (52.4) 1.9E–21 

cg08724692 6:133646558 EYA4 Body –6.26E–04 1.03E–04 6.4E–08 10.3 (43.4) 1.2E–06 

cg08035774 9:136600662 SARDH 5'UTR –1.12E–03 1.85E–04 7.5E–08 23.6 (32.8) 6.3E–10 

cg18780412* 3:179755086 PEX5L TSS1500 6.36E–04 1.06E–04 8.6E–08 27.0 (33.5) 6.4E–11 

cg15942324 1:38482118 UTP11L Body –6.63E–04 1.10E–04 8.8E–08 23.3 (33.2) 3.4E–09 

cg25278025 2:103378026 TMEM182 TSS1500 5.99E–04 9.98E–05 8.8E–08 15.4 (26.0) 5.0E–06 

cg22572934& 5:173171061 LINC01484 Body –1.21E–03 2.02E–04 9.3E–08 13.3 (24.3) 5.5E–05 

Model: methylation ~ alcohol consumption (g/d) + age + BMI + smoking + cell counts + surrogate variables. * 450K probes. & Probe that should be interpreted 

with caution owing to the presence of genomic variance at probe measurement site [17]. The percentage variance explained reflects the added value of alcohol 

consumption to the variance in CpG methylation, reported as percentage explained by alcohol as an added exposure (percentage variance explained by the total 

model). Χ2 p value = Chi-square p value when the regression models with and without alcohol consumption are compared. 
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4.3.2 Smoking status 

The association of smoking status with the DNAm of 3 618 CpGs in the PURE-SA-NW cohort 

was compared to a multi-ethnic (EA and AA) EWAS conducted by Joehanes et al.  [4].  ‘Current’ 

users in the PURE-SA-NW cohort included individuals regularly smoking any bought or self-made 

tobacco product (commercial cigarettes, bidis, pipes and cigars).  Joehanes et al.  [4], however, 

restricted the definition of ‘current’ smokers to those specifically reporting cigarette use.  

Regardless of the discrepancy in the product smoked, results from the respective EWASs were 

fairly similar.  No ancestral comparisons were made by Joehanes et al.  [4], who combined data 

from a number of different ethnic groups in a meta-analysis. 

Effect sizes were generally larger in the PURE-SA-NW than in the reference data (regression 

slope = 0.34, p = 1.7 x 10–206).  Of the 3  618 CpGs tested for their independent association with 

smoking status, 3 315 (92%) of the regression β 95% CIs overlapped and 269 were directionally 

consistent between cohorts (Figure 4-2).  Only 34 CpGs showed a difference in the direction of 

effect between the findings of Joehanes et al.  [4] and the PURE-SA-NW cohort (Additional file 

1b).  Thirteen of these probes measure methylation at polymorphic sites, 20 had cis-mQTLs and 

five had trans-mQTLs, all of which had differing AA and EU ancestry MAFs, suggesting that 

genetic variation between cohorts could drive some of the dissimilarities observed [24-26].  No 

novel associations with smoking were identified and the only genome-wide significant CpG 

association was for a previously identified CpG (cg05575921) that was associated with a 17% (p 

= 4.2 x 10–10) reduction in DNAm in current smokers compared to participants who had never 

smoked (Additional file 2b). 

 

Figure 4-2 % Methylation difference 

between current and never smokers in 

reference vs PURE-SA-NW data.   

Model used for PURE-SA-NW EWAS: methylation ~ 

smoking + age + cell counts + surrogate variables.  

Green data points represent CpGs where the 95% CIs 

for effect size estimates in each sample group overlap.  

Yellow data points represent CpGs where the 95% CIs 

for effect size estimates in each sample group do not 

overlap.  Black dashed line: line of equality.  Blue 

dashed line: regression line. 
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4.3.3 Body mass index 

We replicated findings from the largest EWAS on BMI conducted to date, that of Wahl et al.  [20].  

These authors investigated the relationship of methylation with BMI in individuals of Indian Asian 

(IA) and EU descent.  Wahl et al.  [20] observed larger effect sizes among the IA than the EU 

group (regression slope = 0.48, p = 4.9 x 10–72).  PURE-SA-NW data reflected the IA data better 

than the EU data, but in both instances, PURE-SA-NW data showed larger effect sizes than either 

reference group (regression slope = 0.57, p = 6.0 x 10–7 and 0.37, p = 1.8 x 10–8 for IA and EU 

groups, respectively).  However, when comparing the overlap between individual effect estimates, 

PURE-SA-NW mirrored findings from the EU group better.  The 95% CIs of the 265 regression 

estimates between the cohorts overlapped 55% (147) and 77% (203) of the time when compared 

with IA data and EU data, respectively (Figure 4-3).  All regression CIs that did not overlap were 

directionally consistent between the PURE-SA-NW and reference cohorts.  No genome-wide 

significant associations with BMI were identified (Additional file 2c).   

 

Figure 4-3 Change in BMI (kg/m2) per % methylation change 

From left to right: (i) reference EU vs IA data, (ii) IA vs PURE-SA-NW data, and (iii) EU vs PURE-SA-NW data.  Model 

used for PURE-SA-NW EWAS: BMI ~ methylation + age + smoking status + alcohol consumption + physical activity + 

cell counts + surrogate variables.  Reference data: Wahl et al.  (2017).  Green data points represent CpGs where the 

95% CIs for effect size estimates in each sample group overlap.  Yellow data points represent CpGs where the 95% 

CIs for effect size estimates in each sample group do not overlap.  Red data points represent the comparison of effect 

sizes within the reference cohorts.  Black dashed line: line of equality.  Blue dashed line: regression line. 
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4.3.4 Waist circumference 

Eight previously reported associations of WC with DNAm in cohorts of AA and EA descent [9] 

were replicated in the PURE-SA-NW cohort (Figure 4-4).  The regression model used to quantify 

the relationship between WC and DNAm differed between the reference cohort subgroups.  In 

addition to the covariates adjusted for in the EA regression model (age, smoking and white blood 

cell counts), the AA model also included alcohol consumption status, physical activity, education 

and household income.  The use of the two different models was justified, as it resulted in highly 

comparable findings between the reference study’s AA and EA groups (r = 0.96), with a slightly 

larger average effect size observed in the EA than in the AA data (regression slope = 0.56, p = 

0.0001).  Applying the fully adjusted (AA) model to the PURE-SA-NW data resulted in a 10.4% 

increase in average effect size compared to the model used for the EA group, justifying the use 

of the fully adjusted model in our cohort. 

  

Figure 4-4 % Methylation change per centimetre change in WC 

From left to right: (i) reference EA vs AA data, (ii) AA vs PURE-SA-NW data, and (iii) EA vs PURE-SA-NW data.  WC 

was normalised to have a mean of 0 and a standard deviation of 1.  Model used for PURE-SA-NW EWAS: methylation 

~ WC + age + alcohol consumption + smoking + physical activity + education + cell counts + surrogate variables.  

Reference data: Demerath et al.  (2015).  Green data points represent CpGs where the 95% CIs for effect size estimates 

in each sample group overlap.  Yellow data points represent CpGs where the 95% CIs for effect size estimates in each 

sample group do not overlap.  Red data points represent the comparison of effect sizes within the reference cohorts.  

Black dashed line: line of equality.  Blue dashed line: regression line. 

As for the previous traits, larger effect sizes were observed in the PURE-SA-NW than both the 

AA (regression slope = 0.38, p = 0.03) and EA (regression slope = 0.21, p = 0.04) cohorts with a 

closer resemblance to the AA than the EA data (R2 = 0.53 vs 0.47).  When comparing individual 

effect estimates between the PURE-SA-NW and reference data, the 95% CIs overlapped in seven 
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of the eight assessed associations in both groups (Additional file 1d).  The non-overlapping 

associations were directionally consistent between studies, overall indicating strong comparability 

between WC’s association with DNAm across the investigated ancestral groups.  The single non-

overlapping locus was the same in both ethnic groups compared.  This site, cg26403843, is 

associated with five cis-mQTLs and one trans-mQTL with absolute Z-scores ranging from 4.9 to 

39.8.  Population differences between the mQTL-associated SNPs were observed; rs6556405, 

for example, has an MAF of 26% in Europeans compared to a frequency of 66% in Africans [24-

26]. 

4.3.5 Blood lipids 

Findings from the largest TC, LDL-C, HDL-C and TG EWASs to date, reported by Hedman et al.  

[3], were compared to those of the PURE-SA-NW cohort.  For each of the four lipids, larger effect 

sizes were observed in the PURE-SA-NW than in the EU reference cohort.  The regression slopes 

when modelling the PURE-SA-NW effect sizes against those of the reference cohorts were 0.12 

(p = 0.18), 0.13 (p = 0.27), 0.19 (p = 9.9 x 10–06) and 0.30 (p = 0.01) for TC, LDL-C, HDL-C and 

TG, respectively (Figure 4-5).  Effect estimates and 95% CIs overlapped for 38/40 (95%) for TC, 

18/21 (86%) for LDL-C, 96/102 (94%) for HDL-C and 15/16 (94%) for TG, of the associations 

tested (Additional file 1e).  Ten of the 12 non-overlapping associations were directionally 

consistent, leaving only two associations divergent in the direction of effect: cg24939194-HDL-C 

and cg15878619-TC.  Two mQTLs have been identified for cg24939194 (rs748097 and 

rs2969017), the strongest of which has an MAF of 6% in Africans and 37% in Europeans, 

indicating that genetic ancestry may be important for the association of cg24939194 with HDL-C 

[26]. 

Despite the consistency in the effect sizes between the PURE-SA-NW and the reference data, 

the large CIs observed in our data do not allow for further interpretation of these findings.  There 

was one genome-wide significant lipid-DNAm association in our cohort (Additional file 2e).  High-

density lipoprotein cholesterol associated with cg23636606 at a regression β of 2.6 x 10–04 ± 4.4 

x 10–05 (p = 4.8 x 10–08). 
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Figure 4-5 % Methylation change per mg/dL change in lipid concentration in reference 

vs PURE-SA-NW data 

Models used: methylation ~ lipid (TC, LDL-C, HDL-C or TG) + age + cells + surrogate variables.  Green data points 

represent CpGs where the 95% CIs for effect size estimates in each sample group overlap.  Yellow data points 

represent CpGs where the 95% CIs for effect size estimates in each sample group do not overlap.  Red data points 

represent the comparison of effect sizes within the reference cohorts.  Black dashed line: line of equality.  Blue dashed 

line: regression line.  

4.3.6 CRP 

Ancestry-stratified (AA and EU) data on the effect of CRP on the DNAm of 207 loci, by Ligthart et 

al.  [22] were compared to PURE-SA-NW.  The reference study reported highly comparable effect 

sizes between the AA and EU ancestral groups (regression slope = 0.82, p = 1.25 x 10–107), with 
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slightly larger effects observed in the AA group.  The comparison of the regression slope of effect 

sizes between the reference data and our own showed moderately larger effect sizes in the 

PURE-SA-NW findings than in the reference data, more so for the EU (regression slope = 0.25, 

p = 2.5 x 10–10) than the AA (regression slope = 0.22, p = 1.3 x 10–10) comparison (Additional file 

1f).  Confidence intervals of the individual effect estimates between the reference and PURE-SA-

NW data overlapped for 192 out of the 207 tests (93%) in each ethnicity (Figure 4-6).   

Twenty-two of the 30 non-overlapping associations were directionally consistent.  Two CpGs had 

associations in opposing directions of effects compared to EU (cg01588592 and cg23740758) 

and three compared to the EU and AA (cg24174557, cg26846781, cg27184903) reference 

datasets.  All the non-overlapping CpGs have cis-mQTLs with absolute reported Z-scores ranging 

from 4.06 to 22.95 [24, 25].  Data from the 1000 Genomes project support the notion that the 

differences observed here could be partly influenced by ancestry-specific genetic variance: for 

example, the MAF of rs9791189 (cis-mQTL for cg23740758) is 12% in Africans and 23% in 

Europeans [26].  There were no genome-wide significant or novel CRP-DNAm associations in 

our cohort (Additional file 2f). 

 

Figure 4-6 Change in logarithmic CRP (mg/L) per % methylation change 

From left to right: (i) reference EU vs AA data, (ii) AA vs PURE-SA-NW data, and (iii) EU vs PURE-SA-NW data.  Model 

used for PURE-SA-NW EWAS: methylation ~ CRP + age + smoking + BMI + cells + surrogate variables.  Reference 

data: Ligthart et al.  (2016).  Green data points represent CpGs where the 95% CIs for effect size estimates in each 

sample group overlap.  Yellow data points represent CpGs where the 95% CIs for effect size estimates in each sample 

group do not overlap.  Red data points represent the comparison of effect sizes within the reference cohorts.  Black 

dashed line: line of equality.  Blue dashed line: regression line. 
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4.3.7 Age 

Previous findings from EU-based research on the association of age with DNAm of 152 CpGs 

[19] were compared to those from the PURE-SA-NW cohort (Figure 4-7).  In contrast to all other 

traits, a much weaker association between age and DNAm was observed in our data than in the 

reference data (regression slope = 12.9, p = 4.2 x 10–31).  Although the direction of effects was 

consistently similar between the two studies, none of the regression CIs overlapped when 

comparing the individual associations (Additional file 1g). 

 

Figure 4-7 % Methylation change per 

year of age in reference vs PURE-SA-NW 

data 

Model used for PURE-SA-NW EWAS: methylation ~ 

age + smoking + cell counts + surrogate variables.  

Yellow data points represent CpGs where the 95% CIs 

for effect size estimates in each sample group do not 

overlap.  Black dashed line: line of equality.  Blue 

dashed line: regression line. 

 

 

Formal data on disease diagnosis were not available for the PURE-SA-NW cohort and were, 

therefore, not included in regression models, as done by Florath et al.  [19].  Furthermore, cell 

counts were not adjusted for in the reference study, but were included in our models, since cell 

counts are recognised confounder in our data.  Sensitivity analyses were, however, performed by 

including data on chronic medication use (as a proxy for disease) as well as excluding cell count 

adjustments.  These analyses did not result in any discernible differences in findings (inclusion of 

medication use: regression slope = 13.0, p = 4.5 x 10–30, exclusion of cells: regression slope = 

12.4, p = 1.7 x 10–32).  There were no genome-wide significant or novel age-DNAm associations 

in our cohort (Additional file 2g). 
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4.4 Discussion 

Our primary analysis focussed on the replication of relevant EWAS literature in 120 Batswana 

men from the PURE-SA-NW cohort.  Secondary analysis included the discovery of novel findings, 

either investigated for the first time on the EPIC array, or with the 450K probes incorporated in 

the EPIC array that had not previously been associated with these traits. 

Overall the 95% CI of effect estimates for 86% (4 730 out of the 5 498 CpG-trait association tests) 

of the PURE-SA-NW associations overlapped with previously reported findings, and a further 13% 

(720 out of the 5 498 CpG-trait association tests) were directionally uniform.  Generally, larger 

effect sizes were observed in the PURE-SA-NW data than those of the reference studies.  

Although the reason for differing effect sizes cannot be answered definitively, given the small 

sample size, the degree of association seems to be related to population-specific differences.  

Only ~1% of our findings (48 out of the 5 498 CpG-trait association tests, including 44 unique 

CpGs) were directionally inconsistent with its compared association reported in the reference 

study.  No data quality concerns were observed for any of these directionally contradicting 

findings.  Of the 44 CpGs, 36 have mQTLs [24, 25] for which population differences in MAFs have 

been observed by the 1000 genomes project [26]. 

Overall, these results indicate general consistency in epigenome-wide associations among 

ethnicities, but ancestry may be important in up to 14% of the tested associations.  This is 

supported by the fact that regardless of the similarity in traits measured among groups, the 

associations observed in PURE-SA-NW data consistently reflected those reported in AA better 

than in EU/EA cohorts and better in EU than IA in the case of methylation-BMI associations.  

Furthermore, eight novel associations between the methylation of 450K array probes, present on 

the EPIC platform, and alcohol consumption are reported in the Batswana South Africans that 

were not previously observed in populations of different ancestral origins.  These population 

distinctions indicate the value of ethnic diversity in epigenetic research.   

The only trait for which we were unable to replicate any associations was age.  Apart from the 

reference study for age being the smallest of the reference studies included (N = 498), there were 

also clear differences in the pre-processing, data normalisation and EWAS approach followed 

between PURE-SA-NW and Florath et al.  [20].  The reference cohort’s analyses were restricted 

to a pre-selected set of 200 CpGs, the methylation levels of which were normalised using Box–

Cox transformations.  A mixed regression model with plate and BeadChip as random effects was 

used.  For the PURE-SA-NW data, however, we employed a functional normalisation strategy on 

the raw methylation data of all the EPIC BeadChip probes, followed by linear regression where 

surrogate variables were adjusted for as fixed effects to control for possible unaccounted 
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variance.  Our findings remained directionally consistent with the reference study’s, with the 

average difference in effect size amounting to 0.87% methylation change per year increase in 

age (calculated as the percentage difference between the average of the 152 tests’ absolute 

regression βs of the PURE-SA-NW vs Florath et al. [19] results). 

In terms of findings related to the EPIC array, 11 genome-wide significant alcohol associations 

are reported here.  An additional eight genome-wide significant alcohol associations were 

observed for 450K probes present on the EPIC array.  Alcohol consumption contributed to a large 

portion of the variance in the methylation of these probes, as well as, when reversed, the probes 

to the variance in alcohol consumption.  Previous 450K CpG-alcohol associations have been used 

successfully to identify risky and heavy drinkers [5].  Our sample size did not allow stratification 

of alcohol intake, but we expect the addition of the alcohol-associated EPIC probes reported here 

to enhance the discriminatory potential of the current methylation-based biomarker of alcohol 

consumption [5].  The variance explained by these findings and their usefulness as potential 

biomarkers warrant replication in large and ethnically diverse cohorts.  Larger sample sizes and 

ethnic diversity will also permit further exploration of the biological basis of these findings and 

their potential application in NCD-related epigenetic research. 

The strengths of this study are the expansion of current data, both by using the EPIC array and 

investigating a novel study population, after first being able to observe similar findings to those 

from independent, highly powered, previously replicated literature.  The overall consistency 

between effect sizes is reassuring, in terms of not only the comparability of the PURE-SA-NW 

data with previous findings, but also the consistency in the effect size and explained variability of 

novel associations compared to previous EWASs on similar traits [5, 9, 20, 21].  The efficacy of 

the enhanced coverage of the EPIC array, to uncover new associations with a range of traits, is 

shown in our study, even with our limited sample size.  We motivate the use of this array in future 

large-scale analyses, as it is likely to add to the variance that can be explained using methylation 

markers and also to identify novel sites that may be important in prediction, risk stratification or 

understanding causal disease pathways. 

In this study, however, the corresponding limitation to doubling the coverage of the 450K array 

was the relative loss of statistical power, given our sample size.  The lack of power resulted in 

wide regression CIs for most association estimates that limited our capacity for the fine scale 

inference of findings.  We were able to comment on general patterns and large differences, but 

we do not know whether more subtle differences between population subgroups exist.  

Furthermore, the unavailability of genomic data in our cohort and the absence of data on Southern 

African populations in the 1000 genomes’ database restricted our ability to evaluate MAF 

differences between the reference and Batswana South African groups.  We are, therefore, 
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unable to quantify the relative contribution of genetic compared to environmental factors in the 

associations and association differences observed.  The overall congruence in replication results 

between cohorts—even when large differences in phenotypes are demonstrated—does, 

however, suggest that these associations might be the result of genetic architecture rather than 

environmental differences, which we expect to affect the investigated traits as well. 

The inclusion of only one sex also limits this study in that no assumptions can be made regarding 

the generalisability of these results to black South African women.  However, because all the 

reference studies we replicated contained mixed-gender data, there are likely not major 

differences in these associations between the sexes. 

4.5 Conclusions 

This study reports that up to 86% of the previously reported epigenome-wide associations 

observed in other ethnicities are present in this black male South African population.  While 

acknowledging the value of ethnic-specific genomic data, our results support the notion that 

current blood-based 450K EWAS findings can largely be extrapolated to under-represented 

ethnicities for whom epigenetic data are not yet available.  However, the population-specific 

differences in up to 14% of the CpGs, tested together with the unique associations reported here, 

do motivate the inclusion of a diversity of ethnic groups in epigenetic association studies.  

Investigating multi-ethnic data in epigenome-wide studies should be considered the golden 

standard. 

4.6 Methods 

4.6.1 Study design 

This study was performed on a sub-sample of individuals participating in the international PURE 

study [27].  The PURE study includes sub-cohorts across the world, including one comprising 

individuals residing in the NW province of South Africa.  This sub-cohort represents a single, self-

reported ethnicity, Batswana South Africans, who were born and still reside in the NW province 

of South Africa.  Detailed descriptions of the international and PURE-SA-NW cohorts have been 

published previously [27, 28]. 

PURE-SA-NW data were collected in 2005, 2010 and 2015.  A total of 126 participants were 

randomly selected for the current investigation, from a group of 990 individuals who took part in 

the 2015 PURE-SA-NW data collection.  Eligibility depended on the following inclusion criteria: 

availability of bio-samples, testing negative for the human immunodeficiency virus at the time of 

data collection and male sex.  These criteria were incorporated to eliminate confounding by sex 
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and CD4 cell counts in a study with already limited power.  The participants included in this study 

are referred to as the PURE-SA-NW cohort in this manuscript. 

4.6.2 Data collection 

Height and weight were quantified using a stadiometer and an electronic scale.  BMI was 

calculated as weight per unit height squared (kg/m2).  WC was measured at the appropriate 

landmarks, by qualified anthropometrists using a steel tape. 

An adapted physical activity index questionnaire was used to gather data to calculate a physical 

activity index [29].  Alcohol intake (g/d) was determined from a quantitative food frequency 

questionnaire adapted and validated for use in this population [30].  Participants reported the 

amount, frequency and any relevant description of the alcoholic drinks they had consumed in the 

preceding month.  Data were processed to an amount in g/d, based on the South African food 

composition tables using FoodFinder3® software (available from http://foodfinder.mrc.ac.za).  

Smoking status (current, former or never) was self-reported, using a standardised questionnaire.  

When used as a covariate, smoking and drinking status were dichotomised into never and ever 

groups, with former smokers/drinkers included in the ever category.  When investigated as the 

EWAS exposure, smoking status and alcohol consumption were classified according to the 

classification used in the reference studies. 

Fasting blood samples were collected and handled as described previously [31].  High-sensitivity 

CRP and fasting blood lipids (TC, LDL-C, HDL-C, TG) were quantified using the Cobas® Integra 

400 (Roche® Clinical System, Roche Diagnostics, Indianapolis, IN, USA). 

4.6.3 DNAm data generation and processing 

Whole blood intended for the isolation of genomic DNA was collected in 9 mL Tempus tubes 

(Applied BiosystemsTM, Foster city, CA, USA) at the same time as blood used for the quantification 

of all other phenotypes.  Tubes were vortexed for 10 seconds prior to storage in a -20°C freezer 

for up to 5 days, after which samples were transferred to cryostorage (–80°C) until analysis.  DNA 

was isolated using QIAGEN Flexigene DNA extraction kits (QIAGEN® Valencia, CA, USA).  The 

manufacturer’s protocol was followed with minor modifications. 

Upon extraction, the picoGreen® dsDNA quantitation assay (Invitrogen™, Carlsbad, CA, USA) 

was used to quantify DNA.  Five hundred nanograms DNA from each participant was bisulphite-

converted using the Zymo EZ DNAm™ kit (Zymo Research, Irvine, CA, USA), followed by 

genome-wide DNAm profiling on the Illumina® Infinium MethylationEPIC BeadChip according to 

the manufacturer’s protocol (Illumina®, San Diego, CA, USA). 
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Samples were randomised across slides to minimise the possibility of confounding by batch.  Raw 

signal intensity data were processed from .idat files using functional normalisation as described 

by the R package meffil [32].  The quality threshold for samples and probes was set at 95%.  All 

probes or samples with a detection p value > 0.01 for more than 5% of the evaluated measures 

were excluded.  Six samples were removed on account of low quality: four samples because of a 

proportion of undetected probes above the quality control (QC) threshold and two with outlying 

control probes.  Probes failing QC were removed prior to data normalisation (N= 8343).  

Eventually 857 516 probes and 120 individuals were included in subsequent data normalisation 

and analysis.  Principal component analysis of the control probes identified 12 principal 

components to be included in the functional normalisation.  In addition, slide was specified as a 

random effect to be included to address batch variance.  Sample cell fractions (B-cells, CD4 and 

CD8 T-cells, neutrophils, monocytes and natural killer cells) were estimated using the IDOL 

optimised L-DMR library for whole blood samples [23]. 

4.6.4 Identification of reference data using the EWAS catalog 

Data we sought to replicate were extracted from the EWAS catalog (http://www.ewascatalog.org, 

date of access: 27 April 2019).  The EWAS catalog indexes EWAS studies performed in a study 

sample of at least 100 individuals for whom at least 100 000 CpGs were available genome-wide.  

Only associations with p < 1 x 10–4 are included in the catalog. 

Data from the catalog were pruned according to the following criteria: (i) the EWAS catalog trait 

had to be available in the PURE-SA-NW study cohort in a comparable unit, (ii) methylation-trait 

associations had to be replicated (below a p value threshold of 1 x 10–4) in at least one 

independent cohort, regardless of tissue, to reduce the possibility of including false positive 

findings from among the reference studies, (iii) the DNA had to have been extracted from a blood-

based sample, (iv) DNAm had to be reported in Beta units; and (v) an effect estimate (β) and 

standard error had to be available for each association.  Traits that fitted these criteria were age, 

alcohol consumption, smoking, BMI, WC, CRP, HDL-C, LDL-C, TG and TC.  To simplify data 

analysis, we attempted to replicate results from the largest study indexed by the EWAS catalog 

for each investigated trait only.  The results reported in each replication sub-section make 

reference to the particular study used for comparison, which would have been the largest EWAS 

included in the catalog at the time of writing. 

4.6.5 Statistical analysis 

Statistical analysis was conducted using R 3.4.3 [33].  The normality of trait data was assessed 

using Shapiro-Wilks tests.  Linear regression models were used to identify epigenome-wide 

http://www.ewascatalog.org/
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associations using the meffil [32] and ewaff (https://github.com/perishky/ewaff) packages.  DNAm 

was modelled as a β value between 0 and 1, representing the ratio of methylated to unmethylated 

probes.  The relative contribution of exposures to the variance of outcome variables was 

determined using the relaimpo package’s lmg metric from the calc.relimp function applied to linear 

models.   

For the replication analysis, because of the small sample size of the PURE-SA-NW study 

population and, therefore, limited power, replication of previously published results focusses on 

the size and direction of effect sizes rather than comparison of p values.  Associations were 

considered replicable when the 95% CI of the regression β of the reference and the PURE-SA-

NW cohort overlapped.  Most reference studies extracted from the EWAS catalog adjust 

regression models for “technical variation”.  In PURE-SA-NW, surrogate variables were added to 

all models to reduce any unknown or unmeasured confounding [34].  The sva and 

generate.confounders functions within the meffil and ewaff packages estimated the surrogate 

variables that were included in each model based on the method described by Leek and Storey 

[34].  Annotation data were obtained from meffil.   

For the investigation of novel findings, only associations with p < 9.4 x 10–8 were considered 

genome-wide significant [15].  Within our cohort, we estimated 80% power to detect a 5% 

difference in methylation at this threshold for 69% of the EPIC probes, assuming an alpha level 

of 0.05 and 530 639 independent tests [15].  Packages used in analyses, in addition to those 

already specified, include BaseR, dplyr, FlowSorted.Blood.EPIC, ggplot, 

IlluminaHumanMethylationEPICanno.ilm10b2.hg19, minfi, readxl and xlsx. 

4.7 Additional files 

Additional file 1: EWAS test statistics (PURE-SA-NW vs reference study) for: (a) alcohol 

consumption; (b) smoking status; (c) BMI; (d) WC; (e) lipids; (f) CRP and (g) age.  (XLSX 659kb) 

Additional file 2: EWAS associations with p < 1 x 10–4 in the PURE-SA-NW study for: (a) alcohol 

consumption; (b) smoking status; (c) BMI; (d) WC; (e) lipids; (f) CRP and (g) age.  (XLSX 162kb) 
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5.1 Abstract 

DNA methylation data can be used to estimate proportions of leukocyte subsets retrospectively, 

when directly measured cell counts are unavailable.  The methylation-derived neutrophil-to-

lymphocyte and lymphocyte-to-monocyte ratios (mdNLRs and mdLMRs) have proven to be 

particularly useful as indicators of systemic inflammation.  As with directly measured NLRs and 

LMRs, these methylation-derived ratios have been used as prognostic markers for cancer, 

although little is known about them in relation to other disorders with inflammatory components, 

such as cardiovascular disease (CVD).  Recently, methylation of five genomic cytosine-

phosphate-guanine sites (CpGs) was suggested as proxies for mdNLRs, potentially providing a 

cost-effective alternative when whole-genome methylation data are not available.  This study 

compares seven methylation-derived inflammatory markers (mdNLR, mdLMR and individual CpG 

sites) with five conventionally used protein-based inflammatory markers (C-reactive protein, 

interleukins 6 and 10, tumor-necrosis factor alpha and interferon-gamma) and a protein-based 

inflammation score, in their associations with cardiovascular function (CVF) and risk.  Markers of 

CVF were more strongly associated with methylation-derived than protein-based markers.  We 

found that the protein-based and methylation-derived inflammatory markers complemented rather 

than proxied one another in their contribution to the variance in CVF.  There were no strong 

correlations between the methylation and protein markers either.  Therefore, the methylation 

markers could offer unique information on the inflammatory process and are not just surrogate 

markers for inflammatory proteins.  Although the five CpGs mirrored the mdNLR well in their 

capacity as proxies, they contributed to CVF above and beyond the mdNLR, suggesting possible 

added functional relevance.  We conclude that methylation-derived indicators of inflammation 

enable individuals with increased CVD risk to be identified without measurement of protein-based 

inflammatory markers.  In addition, the five CpGs investigated here could be useful surrogates for 

the NLR when the cost of array data cannot be met.  Used in tandem, methylation-derived and 

protein-based inflammatory markers explain more variance than protein-based inflammatory 

markers alone. 
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5.2 Contribution to the field 

Neutrophil-to-lymphocyte and lymphocyte-to-monocyte ratios (NLRs and LMRs) are valuable 

prognostic markers in cancer and cardiovascular disease patients.  Whole-genome DNA 

methylation data can be used to estimate the methylation-derived neutrophil-to-lymphocyte and 

lymphocyte-to-monocyte ratios (mdNLRs and mdLMRs) of a blood sample.  Five methylation sites 

were recently suggested as surrogate markers for the mdNLR in the absence of whole-genome 

methylation data.  This can be very useful because, methylation data, unlike directly performed 

cytometry, can be quantified retrospectively.  Because many large cohorts possess DNA 

methylation data from suitable quantification platforms, it is important to understand the utility of 

these data in epidemiology.  This study evaluated these methylation-derived cell ratios in the 

context of CVD risk by comparing their usefulness in explaining variance in cardiovascular 

function factors with frequently used inflammatory proteins (interleukin-6, interleukin-10, tumor-

necrosis factor alpha, interferon gamma and C-reactive protein).  We report that the methylation 

sites not only reflect the mdNLR, but provide additional information in explaining cardiovascular 

function variance.  We also report that methylation-derived inflammatory markers can be useful 

above and beyond information that can be gained from protein inflammation biomarkers.  We 

encourage cohorts to explore their methylation data in this regard and use already gathered 

information to expand current epidemiological research.   

5.3 Introduction 

Methylation-derived cell count ratios, particularly methylation-derived neutrophil-to-lymphocyte 

and lymphocyte-to-monocyte ratios (mdNLRs and mdLMRs), are increasingly being used as 

robust alternatives to flow cytometry-based cell count ratios as indicators of systemic inflammation 

(1-3).  One key advantage is that they can be derived from archived blood in cohorts where 

cytometric measurements have not been performed (1, 4).  Through unique methylation 

signatures, leukocyte subtypes can be separated and quantified with comparative accuracy.  

Validation analyses have reported an R2 estimate of at least 0.95 when methylation-derived 

estimates of leukocyte sub-types and NLRs are regressed on those measured directly (1, 5). 

Similar to cytometry-based ratios, mdNLRs and mdLMRs are considered prognostic markers of 

overt inflammatory diseases such as rheumatoid arthritis (3) and cancer (2, 6).  However, little is 

known about these methylation-derived ratios in relation to less pronounced inflammatory 

diseases such as cardiovascular disease (CVD).  While directly measured cell counts have been 

established as indicators of CVD severity, recurrence and prognosis (7-12), the use of cell counts, 

methylation-derived or directly measured, in CVD risk prediction and disease progression in the 

epidemiological setting is less well known.  There is also no consensus on the reference ranges 
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or thresholds to be used when characterizing the NLR or MLR as healthy, at risk or pathological 

(13), with large ethnic diversity also being reported (14-16).  More recently, methylation levels of 

five cytosine-phosphate-guanine sites (CpGs), namely cg25938803, cg10456459, cg01591037, 

cg03621504 and cg00901982, have been suggested as proxy markers for the mdNLR, because 

of their robust associations with myeloid cell (neutrophil and monocyte) differentiation (2, 4).  If 

true, measurement of this small panel of CpGs could render whole genome methylation 

measurement unnecessary in cohorts with limited financial resources. 

Blood-based protein inflammatory markers, such as C-reactive protein (CRP), interleukin-6 (IL-6) 

and tumor necrosis factor alpha (TNF-α) are useful epidemiological tools for quantifying 

inflammatory state and disease risk (17).  However, cell count ratios are considered superior to 

circulating inflammatory markers in their ability to quantify systemic inflammation (7, 18, 19).  Cell-

count ratios provide a more integrated view of systemic inflammation by reflecting the relative 

contribution of the innate (neutrophils/monocytes as indicators of general inflammation) and 

adaptive (lymphocytes as an indicator of physiological stress) immune responses (19), supporting 

their use in population-based research.  Because few cohorts have access to data on both cell 

counts and protein-based inflammatory markers, we set out to determine whether cell count ratios 

provide added benefit in characterizing inflammatory status and CVD risk independent from 

protein-based inflammatory markers in our cohort where both are measured.  The rapid 

advancement of epigenetic investigations in CVD research, together with the increasing number 

of samples with epigenetic data available, including increasing ethnic diversity among available 

samples (20, 21), also motivate our interest in exploring novel ways to mine for valuable additional 

information from previously analyzed samples. 

To this end, we investigated methylation-derived and protein-based biomarkers of inflammation 

in relation to cardiovascular function (CVF) in a cohort of black South African men.  We included 

seven methylation-derived (mdNLR, mdLMR, and the five myeloid CpGs) and five high-sensitivity 

protein-based (CRP, IL-6, IL-10, TNF-α, interferon (IFN)-γ) markers of inflammation.  In addition, 

we used a protein-based inflammation score (22) to provide the combined effect of inflammatory 

biomarkers.  First, we compared how well the protein-based and methylation-derived 

inflammatory markers reflected CVD risk according to literature-based cut-offs.  We also 

compared the mdNLRs and mdLMRs reported in this sample population to ratios reported in 

studies on healthy individuals from different ethnicities.  This is followed by an investigation of the 

relationship between the methylation-derived and protein-based inflammatory biomarkers in our 

study population, and a comparison of their relative associations with CVF markers.  Lastly, we 

investigated whether a combination of methylation and protein inflammatory biomarkers provided 

added benefit in explaining CVF variance, or whether one proxies the other.  Cardiovascular 
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function is represented by blood pressure (BP), heart rate (HR), and arterial stiffness.  In contrast 

to previous work, we evaluated the methylation-derived biomarkers in a population-based cohort 

as opposed to a case-control design, to yield better understanding of the value these markers 

may have in the general population. 

5.4 Methods 

5.4.1 Study population 

This is a cross-sectional investigation of 120 self-identified Batswana men who were enrolled in 

the North West province, South African arm of the international Prospective Urban and Rural 

Epidemiology study (PURE-SA-NW) in 2015 (23).  Individuals were randomly selected from 926 

participants residing in selected rural and urban regions, based on the following criteria: male sex, 

testing negative for the human-immunodeficiency virus at the time of data collection and bio-

sample availability.  These criteria were incorporated to minimize confounding by sex and CD4+ 

cell counts.  The PURE-SA-NW study received ethical approval from the Health Research Ethics 

Committee of the North-West University, South Africa (NWU-00016–10-A1).  Written informed 

consent was obtained from participants prior to data collection. 

5.4.2 DNA methylation, cell counts and cell count ratios 

Genomic DNA isolated from peripheral whole blood was bisulfite-converted prior to genome-wide 

methylation quantification using the Illumina Infinium MethylationEPIC BeadChip according to the 

manufacturer’s protocol (Illumina®, San Diego, CA, USA).  Details regarding DNA extraction, 

quality control, methylation quantification, data processing and data normalization have been 

reported previously (24).  Sample cell fractions were estimated using the IDOL optimized L-DMR 

library for whole blood samples in the FlowSorted.Blood.EPIC R software package (5).  Neutrophil 

counts were divided by lymphocytes (calculated as the sum of B-, CD4T, CD8T and natural killer 

cell counts), and lymphocytes by monocytes, to obtain the respective mdNLRs and mdLMRs (1, 

2). 

5.4.3 Inflammatory markers 

Fasting blood samples were collected in ethylenediamine tetra acetic acid tubes for the analysis 

of cytokines and in anti-coagulant-free tubes for the quantification of CRP.  Samples were 

centrifuged within 30 minutes of collection at 2000 x g for 15 minutes.  The Cobas© Integra 400 

(Roche© Clinical System, Roche Diagnostics, Indianapolis, IN) was used to quantify high-

sensitivity CRP concentrations.  High-sensitivity Q-Plex™ planar-based multiplexed enzyme-
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linked immunosorbent assays (Quansys Biosciences, Logan, UT) were performed to measure IL-

6, IL-10, TNF-α and IFN-γ.  An inflammation summary score was calculated to amalgamate 

related inflammatory proteins as suggested previously (22, 25, 26).  Data on CRP, IL-6, IL-10, 

TNF-α, and IFN-γ were loge-transformed to improve distribution.  Thereafter data were converted 

to Z-scores to account for the difference in measurement units.  The average of the Z-scores is 

reported here as the inflammatory score. 

5.4.4 Measures of cardiovascular function 

Systolic and diastolic BP (SBP and DBP) and HR were measured using the OMRON M6 device 

(Omron Healthcare, Kyoto, Japan).  Participants were seated in an upright position with legs 

uncrossed.  After participants had rested for 10 minutes, the correct cuff size was fitted on their 

right arms, whereafter two measurements were recorded with a five-minute interval.  Data from 

the second measurement were used for analysis.  Pulse pressure (PP) was then calculated as 

the difference between SBP and DBP.  Large artery stiffness was investigated using the current 

gold standard measurement, carotid-femoral pulse wave velocity (cfPWV, (26)) using the 

SphygmoCor XCEL device (AtCorMedical Pty. Ltd., Sydney, Australia).  The transit-distance 

method was used to measure PWV along the descending thoracoabdominal aorta.  Two readings 

were taken from each participant while supine.  Data from the second reading were used. 

5.4.5 Cardiovascular risk factors (covariates) 

Socio-demographic information and data on medicine use and smoking habits, alcohol 

consumption and physical activity were collected by interview, using a standardized and validated 

questionnaire (23).  Current smoking and alcohol consumption status were reported as current, 

former or never, but has been dichotomized here to never and ever (where ever denotes formerly 

and currently).  Participants also reported the frequency and quantity of usage, age at the start of 

use and previous attempts at abstinence.  Participants were asked by interviewers to provide 

information on any prescribed or over-the-counter medication they regularly make use of.  Body 

mass index (BMI) was calculated as weight (measured using an electronic scale) per unit height 

(measured using a stadiometer) squared (kg/m2).  Waist circumference was measured using a 

steel tape (Lufkin, Cooper Tools, Apex NC, USA), according to standard anthropometric 

procedures.  Physical activity is reported as a continuous physical activity index measure 

determined using data from a modified Baecke’s questionnaire validated for use in South Africa 

adults (27). 

Blood samples for the subsequent analyses were collected and processed in the same manner 

as described above.  Fasting glucose, total cholesterol, triglycerides and low- and high-density 
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lipoprotein cholesterol (LDL-C and HDL-C), were quantified with the Cobas© Integra 400 (Roche© 

Clinical System, Roche Diagnostics, Indianapolis, IN).  The Cobas© Integra 400 plus (Roche©, 

Basel, Switzerland) was used to determine serum gamma-glutamyl transferase concentrations.  

Glycated hemoglobin was quantified using the D-10 Hemoglobin testing system from Bio-Rad© 

(#220-0101). 

5.4.6 Statistical analysis 

Analyses were performed using version 3.5.0 of R statistical software (28).  Data distribution was 

evaluated using Shapiro-Wilks tests and visual inspection of histograms and quantile-quantile 

plots.  As most of the data were not normally distributed, we proceeded with non-parametric 

testing where appropriate.  Prior to linear modeling, all skewed data were loge-transformed.  A 

Bonferroni adjustment, based on the number of independent comparisons, was used to account 

for multiple testing.  Variables were considered dependent when the coefficient of determination 

(R2) between them was greater than 0.2.  Based on these criteria, we regarded the number of 

independent inflammatory markers tested here as four: ((1) methylation-derived markers, (2) 

CRP, (3) IL-6 and IL-10 and (4) TNF-α and IFN-γ) and the CVF markers as three: ((1) BP markers, 

(2) HR and (3) cfPWV). 

Relationships among the biomarkers of inflammation were assessed with partial Spearman 

correlations, controlling for age and smoking status (Hmisc R package for quantification and 

corrplot for visualization, Figure 5-1), because of the well-described association of age and 

smoking status with methylation (29, 30).  The Bonferroni threshold for these correlations was 

p <0.003 (α = 0.05/16 tests, calculated as 4 x 4 independent inflammatory marker comparisons). 

Next, the associations between individual inflammatory biomarkers (protein-based and 

methylation-derived) and CVF, and the variance in CVF explained by these inflammatory markers, 

were investigated using linear multivariate regression models adjusted for known cardiovascular 

risk markers (Table 5-2 and Supplementary Table 1). The Bonferroni threshold for these models 

was set at p <0.004 (α = 0.05/12 tests, calculated as 4 independent inflammatory x 3 independent 

CVF markers). 

Thereafter, a combination of methylation-derived inflammatory markers (selected using 

backwards-stepwise regression models) were investigated in similar linear multivariate regression 

models (using the car and relaimpo packages), this time adjusting for known cardiovascular risk 

markers including inflammation, represented by the protein-based inflammatory score (Table 5-3 

and Supplementary Table 3).  The Bonferroni threshold was 0.02 (0.05/3, calculated as 3 

independent CVF markers x 1 independent inflammatory marker).  The relative contribution of 
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inflammatory biomarkers to the CVF variance was determined using the relaimpo package’s lmg 

metric from the calc.relimp function.  Chi-square tests were used to compare linear models, before 

and after adding methylation-derived biomarkers (Table 5-3). 

To identify covariates, known cardiovascular risk markers were entered in backward stepwise 

linear regression models with CVF markers as outcome, to identify risk markers strongly 

associated with CVF in this study population.  Age, dwelling place (rural/urban), body composition 

(BMI and waist circumference), level of education, physical activity, smoking status, alcohol 

consumption, medicine use, blood lipid levels (total cholesterol, LDL-C, HDL-C and triglycerides), 

markers of glucose metabolism (fasting glucose and glycated hemoglobin) and gamma-glutamyl 

transferase were tested.  With the exception of dwelling place, smoking and alcohol consumption 

status and medicine use, all variables were investigated as continuous variables.  Only risk 

markers retained by the stepwise regression models were adjusted for in subsequent models to 

avoid overfitting, given our limited sample size.  Based on these results, we made use of two main 

covariate clusters in all regression analyses.  First (hereafter referred to as Model 1), we adjusted 

for age only.  Second (hereafter referred to as Model 2), we adjusted for age, smoking status, 

dwelling place (rural/urban), BMI, LDL-C, HDL-C, and medicine use (as a binary variable, yes or 

no).  When cfPWV was the outcome, mean arterial pressure was additionally adjusted for in both 

models.  In Table 5-3, inflammation, quantified using the inflammatory score, was added to Model 

2 and is referred to as Model 3. 

5.5 Results 

The clinical characteristics of our cohort are provided in Table 5-1 and Supplementary Table 1.  

We report on 120 ostensibly healthy men, aged between 45 and 88 years (x̄ = 63).  Sixty-nine of 

these men resided in rural areas, 79 reported regular medication use, and 64 classified 

themselves as ever smokers. 

Table 5-1 also indicates, where available, literature-based cut-off values for increased CVD risk, 

in the same unit as reported in our cohort.  Based on the CVF and cardiovascular risk markers 

reported in Table 5-1, 25–50% of our study population was at increased CVD risk.  Regarding the 

protein-based inflammatory markers, CRP reflected a similar risk (50%), while IL-6 cut-offs 

categorized almost 90% of the study population as suffering from low-grade inflammation (25, 31) 

and increased CVD risk.  No reference ranges for IL-10, TNA-α or IFN-γ in terms of chronic low-

grade inflammation or CVD risk are established. 

The methylation-derived cell ratios were in agreement with the CVD risk portrayed by CRP and 

the CVF and CVD risk markers (Table 5-1).  The mdNLR and mdLMR, respectively, classified 
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21% and 50% of the PURE-SA-NW participants as having increased CVD risk.  Nineteen 

participants (16%) were classified as at higher CVD risk by both ratios.  Supplementary Figures 

1 and 2 depict the methylation-derived cell count ratios observed in the PURE-SA-NW men (blue) 

in relation to directly measured reference ranges published for healthy individuals from several 

ethnic groups (green) and cut-offs previously used to predict the odds of specific CVD outcomes, 

or ranges from patients in case-control studies (orange).  On average, the PURE-SA-NW cohort 

had comparatively lower mdNLRs than the NLR ranges reported in other population-based 

cohorts.  The PURE-SA-NW cohort also exhibited only slight overlap with the patient groups 

reported.  In terms of the mdLMR (where a higher ratio is more favorable), comparatively lower 

ratios were observed than those reported in other population-based cohorts.  The PURE-SA-

NW’s mdLMR range also spanned the LMRs of the three CVD patient cohorts. 
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Table 5-1 Descriptive characteristics of the study population according to their CVD 

risk 

Clinical characteristics 
Median 

(25% ; 75%) 

Increased 
CVD risk 
cut-off 

Reference 
value 

citation 

Individuals at  

increased risk 

N* (%) 

Protein-based inflammatory markers 

CRP (mg/L) 3.00 (1.52 ; 7.90) >3.0 (17) 60/119 (50.4) 

IFN-γ (pg/mL) 1.51 (0.76 ; 2.79)    

IL-6 (pg/mL) 3.97 (2.10 ; 7.47) >1.5 (32) 104/118 (89.7) 

IL-10 (pg/mL) 3.53 (2.88 ; 4.86)    

TNF-α (pg/mL) 10.1 (7.68 ; 13.1)    

Methylation-derived cell ratio markers 

MdNLR 1.34 (0.90 ; 1.71) >1.8& (33) 26/120 (21.7) 

MdLMR 4.30 (3.39 ; 4.88) <4.3& (34) 60/120 (50) 

cg25938803 (β) 0.32 (0.26 ; 0.38)    

cg10456459 (β) 0.38 (0.31 ; 0.47)    

cg01591037 (β) 0.38 (0.32 ; 0.45)    

cg03621504 (β) 0.25 (0.19 ; 0.34)    

cg00901982 (β) 0.30 (0.21 ; 0.35)    

Markers of cardiovascular function 

bSBP (mmHg) 137 (122 ; 147) >140 

(35) 

50/120 (41.6) 

bDBP (mmHg) 83.0 (77.0 ; 94.0) >90 40/120 (33.3) 

bPP (mmHg) 49.0 (41.8 ; 60.3) ≥60 36/120 (30.0) 

HR (bpm) 68.0 (58.0 ; 82.0) >80 31/120 (25.8) 

cfPWV (m/s) 9.35 (8.30 ; 10.5) >10 47/111 (42.3) 

Cardiovascular risk markers 

BMI (kg/m2) 21.2 (18.7 ; 25.3) >25 (36) 37/117 (31.6) 

LDL-C (mmol/L) 2.47 (1.77 ; 3.15) ≥2.60 
(37) 

51/120 (42.5) 

HDL-C (mmol/L) 1.29 (0.99 ; 1.65) <1.00 31/120 (25.8) 

*Expressed as number of participants at increased risk out of the number of participants with data for the specific 

variable &Directly measured cell count ratio cut-off.  bDBP, brachial diastolic blood pressure; bSBP, brachial systolic 

blood pressure; bPP, brachial pulse pressure; CRP, C-reactive protein; cfPWV, carotid-femoral pulse wave velocity; 

IFN-γ, interferon-gamma; IL-6, interleukin-6; IL-10, interleukin-10; IQR, interquartile range; mdLMR, methylation-

derived lymphocyte-to-monocyte ratio; mdNLR, methylation-derived neutrophil-to-lymphocyte ratio; HR, heart rate; 

TNF-α, tumor necrosis factor-alpha. 
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5.5.1 Relationship between biomarkers of inflammation 

Figure 5-1 depicts the relationship between the 13 investigated indicators of inflammation, 

adjusted for age and smoking status.  Positive correlations were observed among the protein 

biomarkers.  The strongest correlations were between IL-6 and IL-10 (r = 0.44, p = 9.9 x 10–7) and 

between TNF-α and IFN-γ (r = 0.47, p = 1.1 x 10–7).  All inflammatory proteins also associated 

strongly with the inflammatory score (r >0.55, p <1.6 x 10–10 for all).  Comparatively stronger 

correlations were observed among the methylation-derived biomarkers.  The negative 

CpG-mdNLR and positive CpG-mdLMR correlation coefficients reflect the positive associations 

of these CpGs with monocytes (r >0.27, p <0.004 in all instances) and lymphocytes (r >0.70, p 

<1.0 x 10–18 for all), and the negative association with neutrophils (r <–0.72, p <2 x 10–20 in all 

instances).  No convincing evidence for protein-methylation correlations was observed. 

5.5.2 Association of biomarkers of inflammation with markers of cardiovascular function 

Supplementary Table 2 reports the partial Spearman correlation coefficients among the protein-

based and methylation-derived biomarkers of inflammation and markers of CVF, adjusted for age.  

No evidence was observed for a linear relationship between BP (SBP, DBP and PP) and 

inflammatory markers (protein-based and methylation-derived).  Comparatively stronger 

correlations were observed where HR and cfPWV were concerned, particularly in relation to the 

methylation-derived inflammatory biomarkers.  The only Bonferroni significant correlations 

observed (p ≤ 0.004) were between cg25938803 and HR (r = –0.27, p = 0.003), cg25938803 and 

cfPWV (r = –0.29, p = 0.002) and cg10456459 and HR (r = –0.30, p = 0.001). 

Summary statistics of the linear regression models quantifying the relative contribution of the 

investigated inflammatory biomarkers to the variance in CVF markers are shown in Table 5-2.  

Only inflammatory biomarkers that contributed to these models (either Model 1 or 2) at a 

Bonferroni-adjusted significance threshold of p <0.004 are reported in Table 5-2.  Test statistics 

for all 13 investigated inflammatory markers and the five CVF markers (SBP, DBP, PP, HR and 

cfPWV) are reported in Supplementary Table 3. 

Markers of CVF appeared to be more strongly associated with methylation-derived inflammatory 

markers than with protein-based biomarkers (Table 5-3, Supplementary Table 3).  Regarding 

relationships with HR, four methylation-derived biomarkers reached the Bonferroni cut-off, 

although the associations were attenuated when additional covariates were added to the model.  

The association between HR and CRP, on the other hand, strengthened upon full adjustment 

(Model 2).  Two CpGs, cg25938803 and cg03621504, associated negatively with cfPWV.  Both 

associations attenuated on full adjustment with evidence remaining for the association between 
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cg25938803 and cfPWV.  To specifically determine the impact of medications impacting the 

cardiovascular system we repeated our analysis and replaced total medication use with CVD 

medication use (detailed in Supplementary Table 1).  No attenuation of associations was 

observed upon doing so.   

 

Figure 5-1 Heat map of the partial Spearman correlations among protein-based and 

methylation-derived biomarkers of inflammation 

Numeric values indicate Spearman’s rho values while controlling for age and smoking status.  The presence of color 

indicates p <0.003 (α = 0.05/16, calculated as 4 x 4 independent inflammatory marker comparisons).  The shades of 

color represent the strength and direction of the correlation.  ‘Score’ represents the average of the IL-6, IL-10, TNA-α, 

IFN-γ and CRP Z-scores.  CRP: C-reactive protein; IFN-γ: interferon-gamma; IL-6: interleukin-6; IL-10: interleukin-10; 

mdLMR: methylation-derived lymphocyte-to-monocyte ratio; mdNLR: methylation-derived neutrophil-to-lymphocyte 

ratio; TNF-α: tumor necrosis factor-alpha.   
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Table 5-2 Variance in cardiovascular function explained by individual inflammatory 

biomarkers 

Inflammatory 
biomarker* 

Model 

CVF 
variance 

explained 
by 

covariates 

Inflammatory biomarker’s 
contribution to the model 

Variance 
explained by 

full model 
(including the 
inflammatory 
biomarker) 

β (25% ; 75%) P 

HR (log bpm) 

CRP 
1 0% 0.04 (0.01 ; 0.07) 0.006 7% 

2 9% 0.05 (0.02 ; 0.07) 0.001 19% 

mdNLR 
1 0% 0.11 (0.04 ; 0.18) 0.003 7% 

2 9% 0.10 (0.02 ; 0.18) 0.01 15% 

mdLMR 
1 0% –0.19 (–0.32 ; –0.07) 0.003 8% 

2 9% –0.18 (–0.30 ; –0.07) 0.005 16% 

cg10456459 
1 0% –0.20 (–0.32 ; –0.08) 0.002 8% 

2 9% –0.17 (–0.29 ; –0.08) 0.008 15% 

cg03621504 
1 0% –0.12 (–0.21 ; –0.04) 0.004 7% 

2 9% –0.11 (–0.19 ; –0.04) 0.02 14% 

cfPWV (log m/s) 

cg25938803 
1 25% –0.20 (–0.31 ; –0.09) 3.8E–04 33% 

2 36% –0.18 (–0.29 ; –0.09) 0.002 42% 

cg03621504 
1 25% –0.12 (–0.19 ; –0.04) 0.002 31% 

2 36% –0.09 (–0.16 ; –0.04) 0.01 40% 

All inflammatory and CVF biomarkers reported were loge-transformed prior to analysis.  Regression coefficient 

interpretation should be that one per cent change in x (inflammatory marker) will induce a regression coefficient (β) 

per cent change in y (CVF marker).  p ≤ 0.004 highlighted in bold.  CRP: C-reactive protein; cfPWV: carotid-femoral 

pulse wave velocity; mdLMR: methylation-derived lymphocyte-to-monocyte ratio; mdNLR: methylation-derived 

neutrophil-to-lymphocyte ratio; HR: heart rate.  Model 1: CVF marker ~ (inflammatory biomarker) + age; Model 2: 

CVF marker ~ (inflammatory biomarker) + age + smoking status + dwelling place + smoking status + BMI + LDL-C 

+ HDL-C + medication use.  When cfPWV was the outcome, mean arterial pressure was additionally adjusted for. 

5.5.3 Additive value of methylation-derived inflammatory markers when investigating 

cardiovascular function 

Next, we investigated whether the methylation-derived inflammatory markers can increase the 

variance explained in CVF when added to a model containing known CVD risk markers, including 

inflammation.  To this end, we included the protein-based inflammatory score, as an amalgamated 

biomarker of inflammation in the covariate list of Model 2 (referred to below as Model 3).  To 

identify which methylation-derived biomarkers to investigate, we performed a backward stepwise 

regression analysis for all CVF phenotypes.  Age (and mean arterial pressure when cfPWV was 
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the outcome) and the seven methylation-derived inflammatory biomarkers were added to these 

models as independent variables.  Only the markers retained by the backward stepwise 

regression were included in further analyses (Table 5-3).  For all three BP-related markers, 

cg03621504 and mdNLR were retained.  For HR, cg25938803, cg10456459 and cg01591037 

were retained.  For cfPWV, cg25938803, cg03621504 and mdNLR were retained.  The additive 

variance explained was determined when the retained methylation markers were added to a fully 

adjusted (Model 3) multivariate regression analysis.  Table 5-3 reports only the models for which 

the addition of methylation biomarkers increased the explained variance at a Bonferroni-adjusted 

threshold of p <0.02.  Full summary statistics are provided in Supplementary Table 4. 

Table 5-3 The additive value of methylation-derived inflammatory biomarkers to 

known cardiovascular risk markers in relation to cardiovascular function 

Regression 
model* 

Inflammatory biomarker 

Variance 
explained 

Χ2 

p-value β (25% ; 75%) P 
Contribution 

to CVF 
variance& 

SBP (log mmHg) 

Model 3    14% 

0.005 +mdNLR 0.11 (0 ; 0.23) 0.05 2.2% 
22% 

+cg03621504 0.21 (0.08 ; 0.35) 0.003 7.3% 

cfPWV (log m/s) 

Model 3    41% 

0.008 
+mdNLR –0.13 (–0.26 ; –0.003) 0.05 1.5% 

48% + cg25938803 –0.24 (–0.43 ; –0.06) 0.01 4.7% 

+ cg03621504 –0.11 (–0.24 ; 0.02) 0.10 1.6% 

All inflammatory and CVF biomarkers reported were loge-transformed prior to analysis.  Regression coefficient 

interpretation should be that one per cent change in x (inflammatory marker) will induce a regression coefficient (β) 

per cent change in y (CVF marker).  &lmg metric providing a decomposition of the model explained variance into 

non-negative contributions (38).  Χ2 p value = Chi-square p value when the regression models with and without 

methylation-derived inflammatory biomarkers are compared.  bSBP: brachial systolic blood pressure; cfPWV: 

carotid-femoral pulse wave velocity; mdNLR: methylation-derived neutrophil-to-lymphocyte ratio.  Model 3: CVF 

marker ~ age + smoking status + dwelling area + BMI + LDL-C + HDL-C + medicine use + score (the average of 

the IL-6, IL-10, TNA-α, IFN-γ and CRP Z-scores).  When cfPWV was the outcome, mean arterial pressure was 

additionally adjusted for. 

Myeloid CpGs, cg03621504 and cg25938803 were the only methylation-derived markers that had 

strong evidence of individual contribution to the variance in SBP and cfPWV, respectively.  The 

retained methylation-derived inflammatory markers contributed an additional ~7% to the variance 

explained in SBP and cfPWV, after age, smoking status, body composition, blood lipids, socio-

economic status (represented by urban/rural status), medication use and inflammation (protein-
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based) had been accounted for.  For every ~2 percent methylation increase in cg03621504 a 10 

mmHg change in the geometric mean of SBP was observed.  For cfPWV, an increase of one m/s 

in the geometric mean resulted from a ~3 percent methylation increase in cg25938803.  Again, 

findings remained robust upon replacing total medication use with CVD medication use.   

5.6 Discussion 

In this study we report the value of methylation-derived indicators of inflammation in relation to 

CVF, including BP and large artery stiffness.  Although the methylation-derived and protein-based 

inflammatory markers did not demonstrate strong associations with each other, both reflected a 

similar degree of increased CVD risk.  Methylation-derived markers appeared to be more strongly 

associated with CVF than the protein-based inflammatory markers tested.  Furthermore, when 

exploring models performed to explain variance in CVF, we found that methylation biomarkers, 

particularly the myeloid CpGs, explained variance in addition to variance already explained by 

known CVD risk markers, including inflammation reflected by a protein-based inflammatory score.  

This suggests that methylation-derived inflammatory markers may complement protein-based 

inflammatory markers in explaining CVF marker variance, rather than simply being a proxy 

thereof. 

5.6.1 mdNLR and mdLMR in the PURE-SA-NW cohort 

Although the evidence for appropriate cut-off values for increased CVD rather than overt disease 

risk remains unclear, a meta-analysis of 38 studies, investigating NLRs in relation to stroke, acute 

coronary syndrome, coronary artery disease and a composite of these events (33), provides some 

guidelines.  According to these guidelines, 21% of the PURE-NW cohort can be classified as at 

increased CVD risk.  This is lower than the risk percentage indicated by CRP and IL-6 

concentrations, but in agreement with the other CVF and CVD risk markers investigated, albeit in 

the lowest range of risk prediction.  When comparing our CVD risk and mdNLRs with the individual 

cohorts depicted in Supplementary Figure 1, some discrepancies are, however, noted.  Almost 

60% of the PURE-SA-NW study population can be classified as suffering from hypertension 

(according to BPs and anti-hypertensive medication use), yet more than 75% of the sample 

population had NLRs (methylation-derived) lower than directly measured NLRs reported in a 

cohort with hypertension (39).  It should be noted that, although validated and widely used (5), 

the methylation-derived cell deconvolution has been shown to underestimate neutrophil and 

overestimate lymphocyte proportions, by –1.66% and 0.4–1.0%, respectively (5).  An average 

underestimation of the mdNLR vs directly measured NLR of 0.6 units has also been reported (1).  

Consequently, such a 0.6-unit increase in mdNLR will shift our study population’s median to just 

above the CVD risk cut-off (33), resulting in a reclassification of ~50% of the cohort being at 
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increased risk, thereby aligning with the protein-based estimation (Supplementary Figure 1).  

Regardless of a possible adjustment, our data agrees with prior reports of more favorable NLRs 

in black populations (14), than Hispanic and white American ethnic groups.  For the first time a 

comparison has been drawn between an African study population and European, Asian and 

Chinese cohorts (13, 15, 16).  No notable differences were observed between our black African 

study population and data from European, Asian or Chinese cohorts.  

In agreement with the adjusted mdNLR, the mdLMR also classified half of the PURE-SA-NW 

population as being at increased risk of CVD.  Contrary to the mdNLR, no adjustment is required 

when comparing the mdLMR with directly measured ratios (5).  On average, the PURE-SA-NW 

study population had lower mdLMRs than the LMRs previously reported for Asian, Chinese and 

Western Indian cohorts (15, 16, 40).  An overlap in the reference ranges of these four ethnic 

groups that were compared was, however, clearly visible (Supplementary Figure 2).  These 

ranges furthermore, spanned the LMRs reported in patients with coronary artery disease, 

coronary lesions and chronic stable angina (34, 40, 41).  It is noteworthy that, altogether, the 

studies that investigate LMR in the context of CVD represent fewer than 1 000 individuals of whom 

only 162 are controls (34).  The limited evidence, together with the observation that the LMRs 

reported in four ostensibly healthy cohorts spanned, by a wide margin, the LMRs reported for 

CVD patients, highlights the need for more research on the LMR and its accuracy in risk 

prediction, because recent evidence suggested that the LMR might, in some instances, be more 

useful in CVD risk prediction than the NLR (34). 

5.6.2 Inflammation as a contributor to cardiovascular risk 

The central finding of this study is that, although current research relies heavily on protein-based 

inflammatory markers for CVD risk estimation (17, 25), methylation-derived inflammatory markers 

appear not only to be more strongly associated with cardiovascular function than protein-based 

markers, but also independently so. Collectively, more variance was explained using a 

combination of methylation and protein markers, than the conventional protein markers on their 

own, suggesting that the methylation biomarkers could offer unique information on the 

inflammatory process and are not just surrogate markers for inflammatory proteins. 

Prior evidence has shown a multitude of possible mechanisms through which individual leukocyte 

sub-types, proxied for in this study by methylation-derived cell count markers, may directly 

contribute to CVD (reviewed by 7, 34, 45).  Neutrophils, for example, secrete inflammatory 

mediators and proteolytic enzymes related to vascular wall degeneration (7, 33).  Macrophages 

(matured monocytes) contribute to cardiovascular risk mainly through its secretion of cytokines 

and reactive oxidative species once infiltrated to atherosclerotic plaque (34).  On the other hand, 
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regulatory T-cells (a lymphocyte sub-type) is a known role player in the development of 

hypertension through its role in the renin–angiotensin system (39). 

The implication of these findings is that using a single protein marker (typically CRP, IL-6 or TNF-

α in CVD-related investigations) to adjust for ‘inflammation’ might not capture all the variance of 

the true inflammatory effect.  The superiority of cell counts lies in their ability to reflect information 

about both the innate and complementary inflammatory processes.  Adding to this advantage is 

the ability to provide methylation-derived cell count estimates retrospectively, from any well-

preserved DNA-containing whole blood or leukocyte samples, thus enabling the reinvestigation 

of large sample sets already collected. 

5.6.3 CpGs as an mdNLR proxy 

One previous study identified (4) and another replicated (2) the use of the five investigated CpGs 

as surrogates for the mdNLR in cancer case-control studies in American populations.  Here, we 

evaluated their potential use in black South African men with low-grade inflammation associated 

with CVD risk.  All five CpGs strongly associated with the mdNLR, confirming their robust 

associations with myeloid cell differentiation in a population-based study of a different ethnic 

group than previously reported.  For arterial stiffness, cg25938803 was the most important 

contributor, even after the mdNLR and cg03621504 had been accounted for.  Similarly, for SBP, 

cg03621504 contributed considerably (7.3%) to the explained variance, also after protein-based 

inflammatory markers and the mdNLR were added to the model.  Apart from its strong 

associations with HR and arterial stiffness, cg03621504 was the only inflammatory biomarker with 

evidence of a possible association with BP, contributing 3–4% to the variance in all instances, at 

p <0.05 (Supplementary Tables 3 and 4).  It is, therefore, possible that this CpG represents a 

novel marker of CVD risk.  

Our observation that the myeloid CpGs contributed to CVF variance regardless of the prior 

inclusion of the mdNLR suggests that these CpGs may associate with CVF independently of cell 

counts.  This argument is strengthened by the fact that although the five CpGs were equally 

reflective of the mdNLR, associations with CVF markers differed in strength.  Population-specific 

variance may contribute to the different patterns of association.  Indeed, we found that two of the 

investigated CpGs, cg01591037 and cg00901982, are associated with cis single nucleotide 

polymorphisms (SNPs, rs76297553 and rs6546566, respectively) that are both methylation 

quantitative trait loci (mQTLs) for these CpGs and are expression QTLs for local genes (42, 43).  

Population differences in the minor allele frequencies of these SNPs (0.3% and 26% in African 

Americans compared to 6% and 30% in Europeans for rs76297553 and rs6546566, respectively) 

have been reported by the 1000 Genomes project (44).   
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5.6.4 Strengths and limitations  

A limitation of this study is that we only investigated men, so we are unable to generalize our 

findings to women from the same population.  Secondly, although methylation-derived cell ratios 

are accurate reflections of directly measured ratios, the lack of available literature on methylation-

derived cut-offs for CVD risk and outcomes hindered direct comparison with directly measured 

ratios, particularly in the case of NLR.  As a result of our limited sample size and the stringent 

statistical approach followed, there may be some true positive findings not emphasized here.  For 

this reason, we reported all our results in the supplementary material so that our findings may be 

replicated in larger cohorts.  Lastly, although we were able to provide evidence for the 

independent contribution of the myeloid CpGs to CVF variance and CVD risk, we were not able 

to further investigate these mechanisms. 

These limitations are met with various strengths.  We were able to layer evidence from five 

inflammatory proteins frequently investigated in the context of CVD, with cytological data, 

whereas previous studies mostly had access to one or the other (3, 33, 45).  This is particularly 

rare in an ostensibly healthy cohort.  This is also the first time methylation-derived cell ratio 

estimates and the myeloid CpGs has been investigated in a Sub-Saharan African study 

population, which addresses the need for more ethnic representation and reference sets, 

particularly in epigenetic epidemiology (14, 15, 46).  The lack of data on covariates known to affect 

cell count ratios, some even in a population-specific manner (14), such as adiposity, smoking and 

medication use, has hindered previous investigations of population-specific reference ranges.  

We addressed this by investigating a richly phenotyped study population in whom we were able 

to identify and evaluate many, previously unstudied, potential confounding factors. 

5.7 Conclusion 

The methylation-derived cell ratio estimates observed in this South African study population were 

comparable to previously investigated ostensibly healthy ethnic groups.  The CVD risk reflected 

by these ratios was in accordance with that of CRP and several CVF and CVD risk markers.  Five 

CpGs previously suggested as surrogates for the mdNLR in cancer patients were similarly highly 

associated with mdNLR in our cohort, regardless of the absence of overt inflammation.  However, 

the contribution of these CpGs to CVF was independent from their effect on myeloid differentiation 

and robust to adjustment for known CVD risk factors, illustrating their potential functional 

relevance, apart from their role in myeloid differentiation.  We demonstrate that population-specific 

genetic variance may contribute to these CpG-CVF associations even when comparable CpG-

mdNLR relationships are observed.  Methylation-derived and protein-based inflammatory 

biomarkers explain independent portions of CVF variance; the best characterization of CVF 
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variance is obtained when methylation biomarkers, particularly the myeloid CpGs, are included in 

models containing known CVD risk markers, including protein-based inflammatory markers.  Cell 

count data are highly valuable when the aim is to characterize inflammation, particularly when 

DNA is available, allowing the reinvestigation of existing cohort data and potentially circumventing 

the need for new data collection.  The widely used Infinium HumanMethylation 450K and EPIC 

arrays include the myeloid CpGs reported here and methods to derive cell counts have been 

rigorously validated for these assays.  Consequently, many large epigenetic epidemiology cohorts 

are already in possession of the necessary data to investigate cell count-related 

immunomodulation.  
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5.10 Supplementary material 

Supplementary Table 1 Descriptive characteristics of the study 

population 

Clinical characteristics 
Median 

(25% ; 75%) 

Blood cell type proportions  

B-cells (%) 3.33 (2.51 ; 4.79) 

CD4+ T-cells (%) 10.7 (7.92 ; 14.3) 

CD8+ T-cells (%) 11.1 (7.18 ; 14.4) 

Neutrophils (%) 46.9 (39.7 ; 53.7) 

Monocytes (%) 8.94 (7.41 ; 10.8) 

Natural killer cells (%) 10.6 (8.90 ; 12.6) 

Education [N(%)]  

None 26 (21.7) 

1–7 years of schooling 66 (55.0) 

8–12 years of schooling 28 (23.3) 

Alcohol consumption status [N(%)]  

Never user 56 (46.7) 

Ever user 64 (53.3) 

Alcohol consumption* (g/d) 20.8 (5.61 ; 47.93) 

Duration of smoking [N(%)&]  

>10 years 45 (70.3) 

5-10 years 15 (23.4) 

<5 years 4 (6.3) 

CVD medication use [N(%)]  

Aspirin 20 (16.7) 

Statins 4 (3.33) 

Anti-hypertensive medication incl.# 40 (33.3) 

Diuretics 34 (28.3) 

Beta-blockers 3 (2.5) 

ACE inhibitors 13 (10.8) 

Calcium channel blockers 13 (10.8) 

Gamma-glutamyl transferase (U/L) 40.6 (25.8 ; 78.4) 

Total cholesterol (mmol/L) 4.37 (3.64 ; 4.97) 

Triglycerides (mmol/L) 1.05 (0.80 ; 1.41) 

Markers of glucose metabolism  

Fasting glucose (mmol/L) 5.04 (4.65 ; 5.55) 

Glycated haemoglobin (mmol/mol) 5.40 (5.10 ; 5.70) 

Waist circumference (cm) 81.6 (74.4 ; 93.5) 
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Physical activity (index) 2.42 (1.94 ; 2.90) 

CVD: Cardiovascular disease. *Current users with available consumption data only, 

n = 50. & Limited to current users, n=64. #Detailed summary of types of 

antihypertensive medication reported; participants may use more than one of these 

at a time. 
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Supplementary Table 2  Partial Spearman correlations among protein-based 

and methylation-derived biomarkers of inflammation 

and markers of cardiovascular function 

Inflammatory biomarker 

SBP DBP PP HR cfPWV 

Spearman Rho 

IL-6 –0.09  –0.09  –0.09  0.14  0.09  

IL-10 –0.08  –0.01  –0.13  0.22  0.03  

TNF-α –0.05  –0.04  –0.08  0.11  0.13  

IFN-γ 0.05  –0.04  0.08  –0.06  0.18  

CRP –0.07  –0.01  –0.09  0.23  0.03  

Score –0.06  –0.04  –0.09  0.24  0.15  

mdNLR –0.07  –0.04  –0.07  0.25  0.21  

mdLMR 0.11  0.07  0.09  –0.23  –0.09  

cg25938803 0.11  0.04  0.13  –0.27  –0.29  

cg10456459 0.07  0.02  0.11  –0.30  –0.15  

cg01591037 0.07  0.04  0.07  –0.13  –0.16  

cg03621504 0.24  0.18  0.22  –0.25  –0.18  

cg00901982 0.14  0.11  0.12  –0.22  –0.18  

Data reported as Spearman’s rho values while controlling for age.  Significant correlations are highlighted in 

bold using the Bonferroni threshold of p ≤ 0.004 (α = 0.05/12 tests, calculated as 4 independent inflammatory 

x 3 independent CVF markers). ‘Score’ represents the average of the IL-6, IL-10, TNA-α, IFN-γ and CRP z-

scores.  CRP: C-reactive protein; IFN-γ: interferon-gamma; IL-6: interleukin-6; IL-10: interleukin-10; mdLMR: 

methylation-derived lymphocyte-to-monocyte ratio; mdNLR: methylation-derived neutrophil-to-lymphocyte 

ratio; TNF-α: tumor necrosis factor-alpha. 
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Supplementary Table 3  Variance in cardiovascular function explained by individual 

inflammatory biomarkers 

Inflammatory 
biomarker 

Model 

CVF 
variance 

explained 
by 

covariates 

Inflammatory biomarker’s 
contribution to the model 

Variance 
explained 

by full 
model  β (25% ; 75%) p 

SBP (log mmHg) 

IL-6 
1 5% –0.01 (–0.04 ; 0.02) 0.49 7% 

2 12% –0.01 (–0.04 ; 0.02) 0.60 13% 

IL-10 
1 5% 0.02 (–0.06 ; 0.09) 0.68 5% 

2 12% 0.01 (–0.07 ; 0.09) 0.86 12% 

TNF-α 
1 5% 0.05 (–0.03 ; 0.13) 0.21 7% 

2 12% 0.05 (–0.04 ; 0.13) 0.27 13% 

IFN-γ 
1 5% 0.02 (–0.01 ; 0.05) 0.27 7% 

2 12% 0.02 (–0.02 ; 0.05) 0.30 13% 

CRP 
1 5% –0.01 (–0.03 ; 0.02) 0.59 7% 

2 12% –0.01 (–0.03 ; 0.02) 0.66 13% 

Score 
1 5% –1.70 (–7.39 ; 4.34) 0.71 7% 

2 12% –1.07 (–6.53 ; 4.70) 0.57 14% 

mdNLR 
1 5% –0.03 (–0.1 ; 0.03) 0.34 6% 

2 12% –0.04 (–0.1 ; 0.03) 0.26 13% 

mdLMR 
1 5% 0.08 (–0.03 ; 0.19) 0.14 7% 

2 12% 0.08 (–0.03 ; 0.19) 0.17 13% 

cg25938803 
1 5% 0.07 (–0.05 ; 0.2) 0.26 6% 

2 12% 0.09 (–0.04 ; 0.2) 0.17 13% 

cg10456459 
1 5% 0.08 (–0.03 ; 0.18) 0.16 7% 

2 12% 0.08 (–0.03 ; 0.18) 0.13 14% 

cg01591037 
1 5% 14.3 (–16.7 ; 56.9) 0.41 6% 

2 12% 17.7 (–14.8 ; 62.6) 0.32 12% 

cg03621504 
1 5% 0.10 (0.02 ; 0.17) 0.01 11% 

2 12% 0.10 (0.02 ; 0.17) 0.01 17% 

cg00901982 
1 5% 23.7 (–8.77 ; 67.7) 0.17 7% 

2 12% 26.0 (–7.77 ; 72.0) 0.14 13% 

DBP (mmHg) 

IL-6 
1 0% –0.01 (–0.03 ; 0.01) 0.38 1% 

2 12% –0.01 (–0.03 ; 0.01) 0.44 13% 
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Inflammatory 
biomarker 

Model 

CVF 
variance 

explained 
by 

covariates 

Inflammatory biomarker’s 
contribution to the model 

Variance 
explained 

by full 
model  β (25% ; 75%) p 

IL-10 
1 0% 0.01 (–0.04 ; 0.06) 0.73 1% 

2 12% 0.001 (–0.05 ; 0.06) 0.97 12% 

TNF-α 
1 0% 0.02 (–0.04 ; 0.08) 0.52 1% 

2 12% 0.01 (–0.05 ; 0.07) 0.75 12% 

IFN-γ 
1 0% –0.002 (–0.03 ; 0.02) 0.86 1% 

2 12% –0.01 (–0.03 ; 0.02) 0.61 12% 

CRP 
1 0% 0.004 (–0.02 ; 0.02) 0.68 1% 

2 12% 0.004 (–0.02 ; 0.02) 0.71 12% 

Score 
1 0% –0.63 (–4.77 ; 3.52) 0.77 1% 

2 12% –1.68 (–5.89 ; 3.52) 0.43 13% 

mdNLR 
1 0% –0.01 (–0.06 ; 0.03) 0.55 1% 

2 12% –0.02 (–0.07 ; 0.02) 0.34 12% 

mdLMR 
1 0% 0.03 (–0.04 ; 0.11) 0.39 1% 

2 12% 0.03 (–0.05 ; 0.10) 0.47 12% 

cg25938803 
1 0% 0.02 (–0.07 ; 0.11) 0.62 1% 

2 12% 0.05 (–0.04 ; 0.14) 0.25 13% 

cg10456459 
1 0% 0.04 (–0.04 ; 0.11) 0.35 1% 

2 12% 0.05 (–0.03 ; 0.12) 0.20 13% 

cg01591037 
1 0% 9.62 (–12.8 ; 32.0) 0.40 1% 

2 12% 13.6 (–8.54 ; 32.0) 0.23 13% 

cg03621504 
1 0% 0.06 (0.01 ; 0.11) 0.03 4% 

2 12% 0.06 (0.01 ; 0.11) 0.03 15% 

cg00901982 
1 0% 15.3 (–6.20 ; 36.8) 0.16 2% 

2 12% 17.1 (–4.23 ; 36.8) 0.12 14% 

PP (log mmHg) 

IL-6 
1 9% –0.01 (–0.07 ; 0.04) 0.60 12% 

2 12% –0.01 (–0.06 ; 0.04) 0.78 14% 

IL-10 
1 9% 0.01 (–0.12 ; 0.14) 0.87 8% 

2 12% 0.001 (–0.14 ; 0.14) 0.98 11% 

TNF-α 
1 9% 0.08 (–0.06 ; 0.22) 0.28 10% 

2 12% 0.08 (–0.07 ; 0.22) 0.28 13% 

IFN-γ 
1 9% 0.06 (0.00 ; 0.11) 0.06 12% 

2 12% 0.06 (0.00 ; 0.11) 0.04 16% 
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Inflammatory 
biomarker 

Model 

CVF 
variance 

explained 
by 

covariates 

Inflammatory biomarker’s 
contribution to the model 

Variance 
explained 

by full 
model  β (25% ; 75%) p 

CRP 
1 9% –0.03 (–0.07 ; 0.02) 0.25 12% 

2 12% –0.02 (–0.07 ; 0.02) 0.34 15% 

Score 
1 9% –1.98 (–10.89 ; 7.82) 0.68 12% 

2 12% –1.54 (–11.1 ; 9.06) 0.76 14% 

mdNLR 
1 9% –0.06 (–0.17 ; 0.05) 0.29 10% 

2 12% –0.06 (–0.17 ; 0.05) 0.32 13% 

mdLMR 
1 9% 0.14 (–0.04 ; 0.33) 0.13 10% 

2 12% 0.14 (–0.06 ; 0.33) 0.16 14% 

cg25938803 
1 9% 0.15 (–0.07 ; 0.36) 0.17 10% 

2 12% 0.14 (–0.09 ; 0.36) 0.23 13% 

cg10456459 
1 9% 0.14 (–0.05 ; 0.32) 0.15 10% 

2 12% 0.13 (–0.06 ; 0.32) 0.18 13% 

cg01591037 
1 9% 23.2 (–29.8 ; 116) 0.42 9% 

2 12% 24.8 (–27.4 ; 115) 0.46 12% 

cg03621504 
1 9% 0.14 (0.02 ; 0.27) 0.03 12% 

2 12% 0.15 (0.01 ; 0.27) 0.03 16% 

cg00901982 
1 9% 26.6 (–25.0 ; 114) 0.37 9% 

2 12% 29.1 (–25.0 ; 122) 0.35 13% 

HR (log bpm) 

IL-6 
1 0% 0.02 (–0.02 ; 0.05) 0.34 2% 

2 9% 0.02 (–0.02 ; 0.05) 0.30 12% 

IL-10 
1 0% 0.09 (0.00 ; 0.17) 0.04 4% 

2 9% 0.11 (0.02 ; 0.17) 0.02 14% 

TNF-α 
1 0% 0.04 (–0.06 ; 0.13) 0.44 1% 

2 9% 0.05 (–0.05 ; 0.13) 0.34 11% 

IFN-γ 
1 0% –0.02 (–0.06 ; 0.02) 0.25 1% 

2 9% –0.03 (–0.07 ; 0.02) 0.17 12% 

CRP 
1 0% 0.04 (0.01 ; 0.07) 0.006 7% 

2 9% 0.05 (0.02 ; 0.07) 0.001 19% 

Score 
1 0% 5.96 (–0.79 ; 13.2) 0.08 3% 

2 9% 7.20 (0.05 ; 14.9) 0.05 13% 

mdNLR 
1 0% 0.11 (0.04 ; 0.18) 0.003 7% 

2 9% 0.10 (0.02 ; 0.18) 0.01 15% 
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Inflammatory 
biomarker 

Model 

CVF 
variance 

explained 
by 

covariates 

Inflammatory biomarker’s 
contribution to the model 

Variance 
explained 

by full 
model  β (25% ; 75%) p 

mdLMR 
1 0% –0.19 (–0.32 ; –0.07) 0.003 8% 

2 9% –0.18 (–0.30 ; –0.07) 0.006 16% 

cg25938803 
1 0% –0.20 (–0.35 ; –0.06) 0.005 7% 

2 9% –0.15 (–0.30 ; –0.06) 0.05 13% 

cg10456459 
1 0% –0.20 (–0.32 ; –0.08) 0.002 8% 

2 9% –0.17 (–0.29 ; –0.08) 0.01 15% 

cg01591037 
1 0% –25.8 (–48.6 ; 7.24) 0.11 2% 

2 9% –18.7 (–44.2 ; 18.6) 0.28 10% 

cg03621504 
1 0% –0.12 (–0.21 ; –0.04) 0.004 7% 

2 9% –0.11 (–0.20 ; –0.04) 0.02 14% 

cg00901982 
1 0% –35.2 (–54.3 ; –7.95) 0.02 5% 

2 9% –31.2 (–52.0 ; –1.38) 0.04 13% 

cfPWV (log bpm) 

IL-6 
1 25% 0.02 (–0.01 ; 0.05) 0.16 26% 

2 36% 0.02 (–0.01 ; 0.05) 0.19 38% 

IL-10 
1 25% 0.03 (–0.04 ; 0.09) 0.48 26% 

2 36% 0.04 (–0.02 ; 0.09) 0.20 38% 

TNF-α 
1 25% 0.04 (–0.03 ; 0.12) 0.28 27% 

2 36% 0.06 (–0.02 ; 0.12) 0.13 40% 

IFN-γ 
1 25% 0.03 (–0.01 ; 0.06) 0.12 27% 

2 36% 0.02 (–0.01 ; 0.06) 0.23 40% 

CRP 
1 25% 0.01 (–0.01 ; 0.03) 0.41 25% 

2 36% 0.02 (–0.01 ; 0.03) 0.13 38% 

Score 
1 25% 4.33 (–1.26 ; 10.2) 0.13 26% 

2 36% 5.97 (0.41 ; 11.85) 0.04 41% 

mdNLR 
1 25% 0.07 (0.01 ; 0.14) 0.02 29% 

2 36% 0.06 (0.00 ; 0.14) 0.05 39% 

mdLMR 
1 25% –0.12 (–0.22 ; –0.02) 0.02 28% 

2 36% –0.08 (–0.18 ; –0.02) 0.11 38% 

cg25938803 
1 25% –0.20 (–0.31 ; –0.09) 3.8E–04 33% 

2 36% –0.18 (–0.29 ; –0.09) 0.002 42% 

cg10456459 
1 25% –0.10 (–0.21 ; 0.00) 0.05 27% 

2 36% –0.08 (–0.18 ; 0.00) 0.12 38% 
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Inflammatory 
biomarker 

Model 

CVF 
variance 

explained 
by 

covariates 

Inflammatory biomarker’s 
contribution to the model 

Variance 
explained 

by full 
model  β (25% ; 75%) p 

cg01591037 
1 25% –24.5 (–44.4 ; 2.40) 0.07 27% 

2 36% –16.9 (–38.5 ; 12.2) 0.22 37% 

cg03621504 
1 25% –0.12 (–0.19 ; –0.04) 0.002 31% 

2 36% –0.09 (–0.16 ; –0.04) 0.01 40% 

cg00901982 
1 25% –32.1 (–49.0 ; –9.58) 0.009 30% 

2 36% –25.0 (–43.4 ; –0.55) 0.05 39% 

*With the exception of cg00901982, cg01591037 and DBP all inflammatory and cardiovascular biomarkers were 

loge-transformed prior to analysis. Linear-log and log-linear regression coefficients are presented as marginal 

effects.  For log(CVF marker/‘y’) ~ log(inflammatory marker/‘x’), interpretation should be that one per cent change 

in x will induce a regression coefficient (β) per cent change in y.  For log(y)~x, interpretation should be that one unit 

change in x will induce a β per cent change in y.  For y~log(x), interpretation should be one per cent change in x 

results in a β unit change in y.  ‘Score’ represents the average of the IL-6, IL-10, TNA-α, IFN-γ and CRP Z-scores 

(derived from loge-transformed data for all).  Model 1: CVF marker ~ (inflammatory biomarker) + age; Model 2: 

CVF marker ~ (inflammatory biomarker) + age + smoking status + dwelling place + smoking status + BMI + LDL-C 

+ HDL-C + medication use.  When cfPWV was the outcome, mean arterial pressure was additionally adjusted for.  

DBP: diastolic blood pressure; SBP: systolic blood pressure; PP: pulse pressure; CRP: C-reactive protein; cfPWV: 

carotid-femoral pulse wave velocity; IFN-γ: interferon-gamma; IL-6: interleukin-6; IL-10: interleukin-10; IQR: 

interquartile range; mdLMR: methylation-derived lymphocyte-to-monocyte ratio; mdNLR: methylation-derived 

neutrophil-to-lymphocyte ratio; HR: heart rate; TNF-α: tumour necrosis factor-alpha. 
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Supplementary Table 4  The additive value of methylation-derived inflammatory 

biomarkers to known cardiovascular risk markers in relation 

to cardiovascular function 

Regression 
model* 

Inflammatory biomarker 
Total 

variance 
explained 

Χ2 

p-value β (25% ; 75%) p 
Contribution 

to CVF 
variance& 

SBP (log mmHg) 

Model 3    14% 

0.005 +mdNLR 0.11 (0 ; 0.23) 0.05 2.2% 
22% 

+cg03621504 0.21 (0.08 ; 0.35) 0.003 7.3% 

DBP (mmHg) 

Model 3    13% 

0.03 +mdNLR 0.06 (–0.02 ; 0.01) 0.15 1.5% 
19% 

+ cg03621504 0.01 (0.02 ; 0.02) 0.02 5.4% 

PP (log mmHg) 

Model 3    14% 

0.03 +mdNLR 0.17 (–0.03; 0.37)  0.10 1.4% 
20% 

+ cg03621504 0.30 (0.06 ; 0.54) 0.01 4.5% 

HR (log bpm) 

Model 3    13% 

0.04 
+ cg25938803 –0.09 (–0.31 ; 0.14) 0.44 2.0% 

20% + cg10456459 –0.27 (–0.50 ; –0.05) 0.02 4.8% 

+ cg01591037 111.7 (7.25 ; 322) 0.03 2.2% 

cfPWV (log m/s) 

Model 3    41% 

0.008 
+mdNLR –0.13 (–0.26 ; –0.003) 0.05 1.5% 

48% + cg25938803 –0.24 (–0.43 ; –0.06) 0.01 4.7% 

+ cg03621504 –0.11 (–0.24 ; 0.02) 0.10 1.6% 

*With the exception of cg00901982, cg01591037 and DBP all inflammatory and cardiovascular biomarkers were 

loge-transformed prior to analysis. Linear-log and log-linear regression coefficients are presented as marginal 

effects.  For log(CVF marker/‘y’) ~ log(inflammatory marker/‘x’), interpretation should be that one per cent change 

in x will induce a regression coefficient (β) per cent change in y.  For log(y)~x, interpretation should be that one 

unit change in x will induce a β per cent change in y.  For y~log(x), interpretation should be one per cent change 

in x results in a β unit change in y.  .  The &lmg metric providing a decomposition of the model explained variance 

into non-negative contributions (Grömping, 2006).  Χ2 p value = Chi-square p value when the regression models 

with and without methylation-derived inflammatory biomarkers are compared DBP: diastolic blood pressure; SBP: 

systolic blood pressure; PP: pulse pressure; cfPWV: carotid-femoral pulse wave velocity; mdNLR: methylation-

derived neutrophil-to-lymphocyte ratio.  Model 3: CVF marker ~ age + smoking status + dwelling area + BMI + 
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LDL-C + HDL-C + medicine use + score (the average of the IL-6. IL-10. TNA-α. IFN-γ and CRP Z-scores).  When 

cfPWV was the outcome. mean arterial pressure was additionally adjusted for.  
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Supplementary Figure 1  PURE-SA-NW methylation-derived NLR compared to 

previously published directly measured NLR reference 

ranges for healthy and at-risk groups 

IQR: interquartile range; md: methylation derived; NLR: neutrophil-to-lymphocyte ratio; PURE-SA-NW: Prospective 

urban and rural epidemiology study cohort in South Africa’s North West province.  Adjusted mdNLR: mdNLR + 0.6 – 

accounting for reported differences in methylation-derived and directly measured NLR (Koestler et al. (2016), see 

Discussion).  Only evidence relating to cardiovascular disease risk is reported. Higher NLRs are associated with poor 

survival.  References: [1] Forget et al. (2017); [2] Lee et al. (2018), [3] Meng et al. (2018); [4] Azab et al. (2014); [5] 

Tahto et al. (2017); [6] Belen et al. (2015); [7] Angkananard et al. (2018).  Reference 4 reports on cohorts from the 

United States.  Black and White refer to self-identified non-Hispanic black and non-Hispanic white groups.  References 

5 and 6 report groups (n = 50) defined by specific diseases.  Reference 7 is a meta-analysis reporting on the cut-offs 

used when evaluating the odds of CVD outcomes; multiple studies of different group sizes are reported.  
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Supplementary Figure 2  PURE-SA-NW methylation-derived LMR compared to 

previously published directly measured LMR ranges for 

healthy and at-risk groups 

IQR: interquartile range; LMR: lymphocyte-to-monocyte ratio; Prospective urban and rural epidemiology study cohort 

in South Africa’s North West province.  Only evidence relating to cardiovascular disease risk is reported.  Lower LMRs 

are associated with poor survival.  References: [1] Lee et al. (2018); [2] Meng et al. (2018); [3] Sharma et al. (2017); 

[4] Ji et al. (2017); [5] Zouridakis et al. (2000).   
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6.1 Abstract 

Accelerated biological vs chronological aging is associated with a variety of chronic diseases 

and mortality.  DNA methylation (DNAm) clocks are widely used to estimate biological age, 

although only limited data are available on their behavior in non-European ethnicities.  The 

online methylation age clock provides aging estimates from three first-generation (Horvath, 

Hannum and skin and blood (SB)) and two next-generation (PhenoAge and GrimAge) DNAm 

clocks.  This study characterizes the behavior of these five clocks in a healthy cohort of older 

black South African men, aged 45 to 88.  Of the first-generation clocks, SBAge had the 

strongest correlation with chronological age and the least variation in age acceleration.  Our 

data confirm the tendency of all the tested clocks to underestimate the biological age of older 

individuals.  The Horvath, Hannum and SB clocks best estimated chronological age at 55, 29 

and 44 years, respectively.  GrimAge provided superior characterization of age-related 

biophysiological decline compared to PhenoAge, which estimated an average biological age 

16 years younger than the cohort’s average chronological age.  The superior performance of 

the GrimAge vs PhenoAge could be because of its incorporation of smoking-related 

biophysiological decline, particularly because more than half of the study sample were current 

smokers. 



 

133 
 

6.2 Introduction  

As global life expectancy continues to increase, the chronic disease burden expands and the 

need for better understanding of how to promote healthy aging is emphasized [1].  

Chronological age is an integral component of frailty, non-communicable disease risk and 

mortality [2].  Although easily accessible and standardized, chronological age as a biomarker 

is limited by its inability to portray changes in biological functionality accurately over the life 

span, especially in later life [3].  A group of peers, for example, may be the same chronological 

age, while exhibiting a spectrum of age-related deterioration [3].  For this reason, extensive 

efforts have been made to develop markers that are able to reflect biophysiological aging 

better than years since birth do [3, 4].  Ultimately, the availability of such markers could allow 

for improved targeted intervention through the identification of high-risk, functionally declining 

individuals before clinical symptoms appear [4]. 

DNA methylation (DNAm) refers to attachment of a methyl group to a DNA base.  DNAm 

changes accumulate with age [5, 6] and are thought to mediate the effects of environmental 

risk factors on disease [7].  DNAm levels at specific cytosine-phosphate-guanine sites 

(referred to as clock CpGs), can also be used to predict chronological age [4, 8-10].  These 

predictors are termed “epigenetic clocks” and quantify, in years, a chronological-age-

independent, biological age estimate [4].  Residuals from the regression of epigenetic age on 

chronological age are defined as DNAmAge acceleration (DNAmAgeAccel).  When biological 

age is estimated to be older than chronological age, it is considered as positive age 

acceleration.  Age acceleration is used as a biomarker of aging and has been associated with 

diabetes [11], cancer [12], cardiovascular disease [13] and all-cause mortality [10, 12, 14], 

although causality still has to be established [4, 15]. 

To date, multiple DNAmAge clocks have been developed, with some variation in composition 

and outcome.  The Horvath [8], Hannum [16] and skin and blood (SB, [10]) clocks are three of 

the first-generation clocks most often used and readily calculated [8].  These DNAmAge clocks 

continue to be widely used because of their ability to robustly predict either the chronological 

age of unknown donors or biological age discrepancies in specific tissues in a single individual.  

They differ mainly in terms of the number of CpGs included in the clock model and the target 

tissues they were developed for:  the Horvath clock is a multi-tissue clock [8], whereas the 

Hannum clock is blood-based [16] and the SB clock is a peripheral tissue and ex vivo trained 

age-estimator [10].  The clocks were developed using similar penalized regression protocols, 

where chronological age is regressed against genome-wide DNAm and consist of 353 

(Horvath), 71 (Hannum) and 391 (SB) CpGs, respectively [8, 10, 16]. 
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Because the first-generation clocks were developed with chronological age as the sole 

outcome of interest, they often fail to capture the inter-individual methylation differences that 

predict biophysiological decline above that of advancing age itself [3, 4].  The next-generation 

clocks; PhenoAge [17] and GrimAge [18], address this limitation by capturing the physiological 

dysregulation and morbidity and mortality risk associated with age acceleration, as opposed 

to estimating chronological age.  Instead of relying solely on chronological age, these models 

incorporate a composite outcome of aging-related clinical measurements that differentiate 

between healthy and unhealthy aging.  For PhenoAge, ten clinical biomarkers were chosen 

based on their ability to predict age-related mortality and then aggregated by means of a 

weighted average to create a single aging biomarker, referred to as phenotypic age.  A 

penalized regression of DNAm on this phenotypic age resulted in the selection of the 513 

CpGs that comprise the PhenoAge clock.  Because these CpGs were selected based on their 

associations with a biomarker of age-related mortality risk, PhenoAge is said to represent the 

biological age-associated physiological dysregulation that relates to mortality risk [17].  For 

GrimAge, seven protein markers and smoking pack-years were chosen as variables of interest 

based on their ability to predict time to death [18].  For each of these GrimAge components, a 

methylation surrogate was developed, consisting of a variable number of CpGs that, when 

viewed collectively (1 030 CpGs in total), represent the GrimAge clock CpGs.  A distinguishing 

characteristic of the GrimAge is its ability to encapsulate the accelerated aging brought on by 

a modifiable lifestyle behavior, namely smoking [18]. 

While these clocks are widely used and studied, a number of limitations in their use have been 

identified.  Firstly, a systematic underestimation of Horvath and Hannum DNAmAge in older 

adults has been reported [19], necessitating further investigation into their use in older 

populations. Secondly, although ethnic differences in the behavior of the epigenetic clocks 

have been reported [17, 20, 21], most of the current literature represent data obtained from 

individuals of European ancestry only, with very limited information available on other ethnic 

groups.  A recent editorial [22], furthermore, proposed testing multiple measures of DNAmAge 

and DNAmAgeAccel simultaneously, to determine the relative utility of these markers and to 

steer future research.  We, therefore, compared the behavior of five DNAm clocks available 

on the new DNAm age calculator (https://dnamage.genetics.ucla.edu/new, [8]) in a group of 

black South African men between the ages of 45 and 88.  For the Horvath, Hannum and SB 

clocks we investigated their accuracy in age estimation (and the potential issue of 

underestimation in older adults) and for the PhenoAge and GrimAge estimators, we evaluated 

the relative age-related mortality risk and predicted time to death, respectively, in a population 

with a particularly high prevalence of smoking.   

https://dnamage.genetics.ucla.edu/new
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6.3 Results and discussion 

This study evaluates the behavior of five epigenetic clocks in a sub-cohort of 120 apparently 

healthy black men, aged 45 to 88, from the North-West arm of the Prospective Urban and 

Rural Epidemiology study in South Africa (PURE-SA-NW).  Approximately half (61 and 58) of 

the 120 participants were current smokers and alcohol consumers, respectively, and 48 

participants (40% of the cohort) were using both substances at the time of data collection.  The 

majority of the study population were of normal weight, with only 21% and 8% of the 

participants, respectively, classified as overweight (body mass index (BMI) ≥25 – 29.9 kg/m2) 

or obese (BMI ≥30 kg/m2).  Fifty-five percent of the study population had undergone 1–7 years, 

and 23% had undergone 8–12 years of schooling.  The remainder of the population had 

received no formal education. 

6.3.1 Comparison of biological age and age acceleration estimates with chronological 

age 

Table 6-1 reports the means and standard deviations of three first-generation and two next-

generation DNAmAge and DNAmAgeAccel estimates.  The association of each DNAmAge 

estimate with chronological age is also reported.  The first and next-generation clocks are 

discussed separately in the following sections, because of the integral differences in their aims 

and outcomes.  While the first-generation clocks were developed with the aim of accurately 

estimating chronological age [8, 10, 16], the PhenoAge and GrimAge clocks aimed to provide 

estimators of age-related mortality risk (PhenoAge, [17]) and time to death (GrimAge, [18]). 
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Table 6-1 Descriptive characteristics of age, DNAmAge and 

DNAmAgeAccel measurements in the PURE-SA-

NW study population 

Age measure  

(years) 
Mean ± SD 

Correlation with 
chronological age 

r P 

Chronological Age 63 ± 10   

First-generation clocks 

HorvathAge 59 ± 8 0.58 2.3E–12 

HannumAge 47 ± 8 0.64 2.2E–15 

SBAge 54 ± 8 0.70 7.4E–19 

IEAA 0 ± 6.4   

EEAA 0 ± 7.6   

SBAA 0 ± 5.5   

Next-generation clocks 

PhenoAge 47 ± 9 0.51 2.7E–09 

GrimAge 64 ± 9 0.80 1.9E–28 

PhenoAA  0 ± 7.5   

GrimAA 0 ± 5.3   

AA: Age acceleration; EEAA: Extrinsic epigenetic age acceleration; IEAA: Intrinsic 

epigenetic age acceleration; SBAge: Skin and blood age; SBAA: Skin and blood age 

acceleration; SD: Standard deviation. 

 

6.3.1.1 First-generation clocks 

SBAge demonstrated the highest correlation with chronological age, although HorvathAge 

gave the closest estimate of mean age within our cohort (Table 6-1).  These correlations were 

comparatively weaker than those obtained in the SBAge validation analysis, where the 

correlation coefficients between chronological age and predicted age were 0.96 for 

HorvathAge, 0.97 for HannumAge and 0.98 for SBAge [10].  The biological ages predicted by 

these clocks are known to differ within the same dataset, in part because of the limited overlap 

in represented CpGs and the likelihood that each clock (and the clock CpGs it contains) 

captures varying degrees of cell count, environmental and ethnic influences or confounding 

[4, 23, 24].  The SB clock shares 45 loci with the Hannum and 60 with the Horvath clocks [10], 

while the last-named two share only five [8, 16].  In our data HorvathAge correlated with 
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HannumAge and SBAge with a correlation coefficient of 0.62 (p = 1.5E–13) and 0.64 (p = 

6.0E-15) respectively.  HannumAge and SBAge associated with each other more strongly, 

with r = 0.71 (p = 2.8E–19), probably owing to their overlap in CpGs (63% of the Hannum clock 

CpGs are in the SB clock model) and the similarity of the target tissue on which they were 

trained. 

The weaker correlations observed in our data compared to the validation study are potentially 

due to the differences in age ranges between the studies.  The validation study compared the 

three first-generation clocks using samples from individuals aged 19 to 82 years [10] 

compared to the age range of 45-88 in this study population.  El Khoury and colleagues [19] 

recently highlighted the tendency of the Horvath and Hannum clocks to systematically 

underestimate the chronological age in older individuals.  However, because older individuals 

fall victim to age-related diseases at a much higher rate, accurate age estimation in these 

groups might be more important than for their younger counterparts.  In addition, it has been 

reported that the size of associations between lifestyle factors and biological age tend to be 

bigger as the study population gets older [25].   

Based on theories of methylation saturation with age and age-related decay, El Khoury 

hypothesized that the underestimation could be ameliorated by adding more loci [19].  Figure 

6-1 depicts scatterplots comparing the relative underestimation of chronological age by the 

Horvath (top), Hannum (middle) and SB clocks (bottom), respectively.  On the left, 

chronological age is plotted against the difference between each first-generation estimated 

age and chronological age (linear regression line of best fit depicted in blue).  On the right-

hand side of Figure 6-1, Bland Altman plots, comparable to the reporting of El Khoury et al. 

[19], depict the relationship between the mean of each estimated and chronological age 

against the difference between each estimated and chronological age. 
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Figure 6-1 Scatterplots illustrating the relative difference in biological vs 

chronological age by three first-generation DNAmAge estimates 

Left: Scatterplots depicting the relationship between chronological age and the age difference when 

subtracting chronological age from the DNAmAge estimates.  Right:  Bland Altman plots depicting the mean 

of each DNAmAge and chronological age against the difference between each DNAmAge and chronological 

age.  The line of best fit from a linear regression model is formulated as y = mx + c in the top right corner and 

depicted in blue on the plot.  The p-value represents the statistical significance of the linear regression model. 
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We replicated El Khoury’s findings [19] by observing a similar degree of underestimation of 

chronological age by the Horvath and Hannum clocks, as well as a similar systematic trend 

where this deviation increases with age.  The trend of underestimation was stronger for 

HorvathAge than HannumAge, although the HannumAges were consistently lower than the 

HorvathAges.  When applied to the PURE-SA-NW group, the Horvath clock was most 

accurate at a chronological age of 55 years (evaluated using the y = 0 intercept of the linear 

regression line of best fit) and the HannumAge estimates seemed to be most accurate for 

individuals younger than those represented in our cohort, at the chronological age of 29. 

Contrary to El Khoury’s [16] hypothesis that the addition of more loci would correct the 

underestimation, the SB clock did not perform better than the HannumAge or HorvathAge.  

Evidence to reject or accept the hypothesis is, however, not yet sufficient, given that the CpGs 

are still relatively few, compared to the 513 and 1 030 loci of the PhenoAge and GrimAge 

clocks discussed in the next section.  Optimal age estimation for the SB clock in this population 

was obtained for a chronological age of 44 years, which is older than the optimal age of 

estimation for the Hannum, but younger than for the Horvath clocks.  As a sensitivity analysis, 

additional adjustment for white blood cell (WBC) counts, known to vary with chronological age, 

did not significantly alter the degree of underestimation. 

In terms of age acceleration (AA) measures, in agreement with the SBAge having the 

strongest correlation with chronological age, SBAA also displayed the least amount of AA 

variance, followed by intrinsic epigenetic AA (IEAA) and then extrinsic epigenetic AA (EEAA) 

measures.  These differences in AA variation probably occurred because of the varying role 

of WBC counts within the different DNAmAge algorithms from which each AA was derived.  

Based on the fact that WBC composition changes with age, the EEAA incorporates WBC 

changes in a weighted manner by aggregating the HannumAge estimate with plasmablasts, 

naïve cytotoxic T-cells and exhausted cytotoxic T-cells [16, 26].  This can, however, introduce 

inter-individual variation, since WBC composition is influenced by factors apart from aging 

itself, such as sex, medication use, disease and ethnicity [26-29].  For the IEAA, however, 

inter-individual variation is reduced by adjustment for cell counts.  The adjustment is 

specifically made to optimize the performance of the multi-tissue predictor (HorvathAge) when 

it is applied to blood samples [8, 26].  The SBAA consequently outperforms both these 

estimates, as it was initially developed for blood samples and therefore needs no additional 

WBC count adjustments, nor does it introduce potential additional variance by incorporating 

differential WBC composition [10].   

The SB clock was developed to improve the accuracy of age estimation of the Horvath clock 

(by limiting training data to a smaller number of cell types) and Hannum clock (by using bigger 
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training datasets and increasing represented loci).  In our cohort, the superiority of the SB 

clock is confirmed in its higher correlation with chronological age and its improvement in AA 

variation, in samples derived from whole blood.  

6.3.1.2 Next-generation clocks 

A clear discrepancy between the biophysiological decline reflected by the PhenoAge and the 

GrimAge is visible (Table 6-1).  The mean PhenoAge of the PURE-SA-NW study sample is 

much lower than its mean chronological age.  The mean GrimAge, on the other hand, is 

strikingly similar to mean chronological age.  The PhenoAge clock, therefore, estimates the 

PURE-SA-NW cohort at a much lower age-related mortality risk than suggested by both their 

chronological age and by the time to death reflected by their GrimAges.  Although the GrimAge 

and PhenoAge estimates cannot be directly compared in terms of age estimation, the ideal 

would be that these clocks reveal a comparable estimation of biophysiological decline.  In our 

cohort, however, PhenoAge correlated with GrimAge with a correlation coefficient of only 0.51 

(p = 4.2E–09).  

The role of chronological age in the development of the PhenoAge and GrimAge clocks is 

critical in untangling their behavior in subsequent investigations.  For the PhenoAge algorithm, 

chronological age was incorporated as one of ten clinical markers associated with the risk of 

mortality, which were aggregated to represent phenotypic age.  Chronological age is, 

therefore, used in a similar manner as used by the first-generation clocks, the difference being 

its aggregation with other clinical markers, rather than being the single outcome measure.  The 

GrimAge clock incorporated age in a different manner.  Instead of being a constituent of the 

outcome variable CpGs are tested against, chronological age was used as an adjustment 

variable in the CpG selection models.  Age was selected together with gender, smoking pack-

years and seven protein markers to best predict time to death.  First a penalized regression, 

adjusted for gender and chronological age, was applied to select CpGs associated with each 

of the GrimAge proteins and smoking pack-years.  After all the selected CpGs had been 

combined to form the GrimAge marker, linear transformation based on forcing the GrimAge 

mean and variance to match chronological age was applied.   

Based on these protocols, a weaker correlation between chronological age and PhenoAge 

compared to HorvathAge, HannumAge and SBAge, was expected, because of the diluted 

contribution of chronological age in the prediction models.  Although, even compared to 

external data, the PhenoAge clock performed particularly poorly in the PURE-SA-NW cohort 

[17, 23].  For example, the correlations between PhenoAge and chronological age reported 

for four independent validation cohorts were much stronger than what was observed for the 
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PURE-SA-NW participants (r = 0.51 in PURE-SA-NW vs 0.66, 0.69, 0.78 and 0. 89 in the 

respective validation cohorts [17]).  For the GrimAge, however, the relationship we observed 

with chronological age (r = 0.81) was strikingly similar to those reported for the same validation 

cohorts mentioned above (reported here in the same order, r = 0.79, 0.80, 0.82 and 0.89, [18]).  

The reduced accuracy of the PhenoAge compared with the GrimAge-chronological age 

correlation in this population probably reflects environmental or ethnic confounding in the 

PURE-SA-NW group that is not captured by the design of the PhenoAge clock, but is captured 

by the GrimAge clock.  In agreement with this hypothesis, when testing ethnic variability, 

Levine et al., [17] reported significant differences in PhenoAge between Hispanics, non-

Hispanic blacks and non-Hispanic whites (p = 5.1E–05).  When investigating the standard 

deviations of the PhenAA compared to GrimAA, Lu et al. [18] found an overall larger variance 

for the PhenoAA, as well as larger inter-ethnic differences, with the largest variation reported 

for African American cohorts, followed by white and then Hispanic groups.  Our observation 

of larger variation in the PhenoAA than the GrimAA is in agreement with that of both Lu et al. 

[18] and a more recent comparison by Zhao et al. [23] in an independent African American 

study cohort.  Availability of genome-wide genetic data will facilitate further investigation into 

potential ethnic confounding in future research.  

Similar to Figure 6-1, Figure 6-2 depicts scatterplots comparing the relative underestimation 

of chronological age by the PhenoAge (top) and GrimAge (bottom) algorithms, respectively.  

Despite a two- and 15-fold increase in the number of clock CpGs included in the estimators 

compared to the Horvath and Hannum clocks, a stronger trend in chronological age 

underestimation was observed for PhenoAge.  Similar to the HannumAge estimate, the 

PhenoAge clock likely performs best at ages outside of the PURE-SA-NW age range, as 

shown in the simulation on PURE-SA-NW data where the y-axis intercept is 34.3 years.  For 

the GrimAge clock, however, optimal estimation is at age 67.4, which is the highest optimal 

age of all the tested clocks and is also closest to the mean age of our cohort.  Moreover, for 

the next-generation clocks, additional adjustment for WBC count variation did not significantly 

alter the degree of underestimation. 
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Figure 6-2 Scatterplots illustrating the relative difference in biological vs 

chronological age by two next-generation DNAmAge estimates  

Left: Scatterplots depicting the relationship between chronological age and the age difference when subtracting 

chronological age from the DNAmAge estimates.  Right:  Bland Altman plots depicting the mean of each 

DNAmAge and chronological age against the difference between each DNAmAge and chronological age.  The 

line of best fit from a linear regression model is formulated as y = mx + c in the top right corner and depicted in 

blue on the plot.  The p-value represents the statistical significance of the linear regression model. 

Apart from the above-mentioned validation studies, only one independent investigation 

compared the next-generation clocks [23].  Mean PhenoAge estimates in an African American 

cohort were found to be 13 years younger than chronological age (44 vs 57 years) compared 

to much more congruent behavior observed in the GrimAge estimate (54 years), analogous to 

our findings.  Because of the limited literature, it remains difficult to confirm whether the 

comparatively weaker performance of the PhenoAge clock is the result of population-specific 

ethnic or environmental confounding, or a general limitation of the PhenoAge clock.  

Population-specific confounding could result from either different associations between the 
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clinical markers used in the design of the clock and mortality risk in the study population 

investigated or differing CpG-phenotypic age associations.  In addition, a major strength of the 

GrimAge clock, advocated by its developers, is the fact that it incorporates smoking, a known 

influencer of advanced aging and mortality risk.  Because more than half of the PURE-SA-NW 

study population were current smokers, we hypothesized that the difference in the contribution 

of smoking to the PhenoAge and GrimAge estimates might explain the large discrepancy 

between the two clocks. 

6.3.2 Role of smoking in the next-generation clocks 

Although the PhenoAge algorithm was not developed to encapsulate smoking habits 

specifically, previous research, including the PhenoAge validation analysis, reported that this 

age estimate was able to discriminate between smokers and non-smokers [17, 23].  When 

tested in the PURE-SA-NW data, however, mean PhenoAges of 47.4 ± 9 and 46.8 ± 9 

respectively were observed when never and current smokers were compared (p = 0.71).  No 

differences between the PhenoAA of smokers (–0.35 ± 7.96) and non-smokers (0.49 ± 7.23) 

were observed (p = 0.55) either.  The fact that our study sample only included men should not 

affect this association [15, 23].  The PhenoAge biomarker, according to its developers, should 

be able to capture smoking-related differences through the association smoking has with the 

protein biomarkers that comprise phenotypic age [17].  To explore this further, we evaluated 

the association of smoking with seven of the ten clinical components of phenotypic age that 

were available for the PURE-SA-NW study population.  We also evaluated the associations 

of each of these clinical components with PhenoAge and PhenoAA (Table 6-2). 

In the PURE-SA-NW data, none of the available clinical components of phenotypic age 

differed significantly between smokers and non-smokers except for creatinine, where only a 

borderline difference (p=0.04) was evident.  However, creatinine did not correlate with 

PhenoAge or PhenoAA.  PhenoAge correlated with chronological age, C-reactive protein and 

lymphocyte percentage, while PhenoAA, correlated only with the last-named two.  These 

results confirm that neither PhenoAge nor the clinical components of phenotypic age seem to 

encapsulate the biophysiological effects of smoking in this study population.   
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Table 6-2 Comparison of seven clinical components of phenotypic age between 

current and never smokers and each component’s association with 

PhenoAge and PhenoAA 

Clinical 
components of 
phenotypic age 

Never 
smoker 

(n = 56) 

Current 
smoker 

(n = 61) 
t-test 

p 

PhenoAge 
correlation 

PhenoAA 
correlation 

Geometric mean ± SD r p r p 

Age (years) 63 ± 10 63 ± 10 0.78 0.51 2.7E–09 0.00 0.96 

Albumin (g/L) 42.1 ± 1.19 44.2 ± 1.17 0.10 –0.15 0.10 –0.11 0.23 

ALP (U/L) 83.9 ± 1.45 85.1 ± 1.39 0.82 0.04 0.63 0.04 0.69 

Creatinine (umol/L) 0.08 ± 0.03 0.07 ± 0.02 0.04 0.10 0.30 –0.06 0.54 

CRP (mg/dL) 3.62 ± 4.23 3.00 ± 3.37 0.45 0.39 1.1E–05 0.36 9.0E–05 

Glucose (mmol/L) 5.21 ± 1.20 4.99 ± 1.16 0.19 –0.03 0.72 –0.07 0.45 

Lymphocyte (%) 37.2 ± 9.30 36.6 ± 10.5 0.75 –0.31 4.8E–04 –0.33 2.9E–04 

All clinical components were log transformed apart from age and lymphocyte %.  Lymphocyte estimates are 

methylation-derived.  Phenotypic age components for which no data are available are mean cell volume, WBC 

counts, and red cell distribution width. p <0.05 highlighted in bold. 

Compared to PhenoAge, both GrimAge and GrimAA differed significantly between current and 

never smokers, even after adjusting for chronological age, education, BMI and WBC count 

proportions, based on the convention of current literature, to facilitate useful comparison of 

results (Model 1 in Table 6-3).  Next, we investigated the association of smoking with each of 

the eight methylation surrogate markers that comprise the GrimAge estimate.  Apart from the 

smoking pack-years methylation component (DNAmPackY), DNAmPAI1 and DNAmLeptin 

also differed between current and never smokers.  Since alcohol consumption often coincides 

with smoking habits, we performed a sensitivity analysis additionally adjusting for alcohol 

(Model 2 in Table 6-3).  This did not significantly alter the associations observed with smoking 

status, apart from an attenuating effect on DNAmPAI.  All results can be found in the 

supplementary material (Supplementary Table 1) and all results at p <0.05 are included in 

Table 6-3, below.   
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Table 6-3 Adjusted group means of aging-related phenotypes for current vs 

never smokers 

Outcome Model 

Smoking status 

Group mean ± SE  

Never (n = 56) Current (n = 61) p 

GrimAge 
1 62.2 ± 0.68 66.6 ± 0.65 2.0E–05 

2 62.0 ± 0.79 66.7 ± 0.76 3.5E–04 

GrimAA 
1 –2.27 ± 0.68 2.19 ± 0.65 2.0E–05 

2 –2.4 ± 0.79 2.31 ± 0.76 3.5E–04 

DNAmPackY 
1 19.9 ± 1.6 35.1 ± 1.6 4.2E–09 

2 19.5 ± 1.9 35.5 ± 1.8 6.5E–07 

DNAmLeptin 
1 6448 ± 541 8514 ± 520 1.1E–02 

2 6450 ± 634 8512 ± 604 4.5E–02 

DNAmPAI 
1 16657 ± 503 18757 ± 483 5.5E–03 

2 16956 ± 586 18479 ± 559 1.1E–01 

Group N: Never = 56, Current = 61. AA: Age acceleration; PackY: Smoking pack years. Variables prefaced 

by DNAm are the methylation-derived surrogates of the following component as used for the GrimAge 

estimate.  Model 1: Outcome ~ smoking status + chronological age + BMI + education + WBC counts; 

Model 2: Outcome ~ smoking status + chronological age + BMI + education + WBC counts + alcohol 

consumption status. 

In the study by Zhao et al. [23], smoking status associated not only with DNAmPackY, but also 

with other methylation components such as the adrenomedullin, beta-2 microglobulin, growth 

differentiation factor 15, Cystatin C, plasminogen activation inhibitor 1 (PAI1) and tissue 

inhibitor metalloproteinase methylation components, confirming the integral role of smoking in 

GrimAge.  Our data furthermore demonstrated that it is primarily smoking rather than 

combined smoking and alcohol use that is encapsulated by GrimAge.  The only methylation 

component that additional adjustment for alcohol consumption affected was DNAmPAI1.  This 

is in line with Zhao’s findings of alcohol consumption having the strongest influence on 

DNAmPAI1 [23]. 

6.3.3 Strengths and limitations 

These clocks were tested in an older population in apparently good health, which allowed us 

to investigate the largely disease-independent underestimation of biological age in older 

individuals.  Literature in this area is currently lacking.  We were also able to contribute to the 
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limited ethnic diversity represented in the epigenetic aging literature by investigating a group 

of continental Africans.  We were, however, limited by our sample size and related to this the 

age range in the selected study sample.  We are unable to extrapolate our findings to women 

or to younger individuals, or those with specific disease diagnoses.  Furthermore, we were 

only able to investigate seven of the ten clinical phenotypic age components, which may have 

presented individual differences in smoking status groups.  The fact that smoking-related 

differences were not observed in the aggregate PhenoAge marker does, however, suggest 

that it may be unlikely.  Lastly, the lack of longitudinal and mortality data limits our ability to 

test the PhenoAge and GrimAge clocks’ accuracy in predicting age-related mortality risk and 

time to death, respectively.   

6.4 Conclusions 

This study compared five epigenetic clocks previously proven to be highly effective in reaching 

their respective aims of chronological age prediction (first-generation clocks) and prediction of 

mortality-related functional decline (next-generation clocks).  The next-generation clocks are 

particularly important in the context of health research because they have been developed 

using longitudinal data and well-defined mortality outcomes and are therefore able to generate 

very useful biological age biomarkers.  This gives cohorts without such data, such as the 

PURE-SA-NW study, an opportunity to use methylation-derived biomarkers supported by 

causal models to indicate the health risks of study populations.  Because many existing 

cohorts possess DNAm data, mostly generated using the Illumina platforms, understanding 

the multitude of uses of DNAm data is essential.   

Our data echoes previous findings of discrepancies between the predicted biological ages 

generated by different clocks, indicating that each clock provides a different fraction of 

information regarding the aging body.  We also confirm the tendency of all the tested clocks 

to underestimate the biological age of older individuals.  We demonstrate that the GrimAge 

best fits the aging of a study sample of continental African men with high smoking and alcohol 

use prevalence.  This could potentially be because of the larger number of methylation loci 

included in this algorithm, the incorporation of smoking and/or because it is built on CpGs that 

are more functionally relevant in this population.  Epigenetic clocks provide unique possibilities 

to understand healthy vs accelerated aging better and consequently improve the quality of life 

of a global population with an ever-increasing lifespan. 
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6.5 Methods 

6.5.1 Study population 

The international PURE study comprises cohorts from 27 countries tracked over a period of 

20 years.  The data reported in this manuscript are from the PURE-SA-NW study.  A subset 

of 120 apparently healthy black South African men with available peripheral blood samples 

were randomly selected for this study, provided they tested negative for the human 

immunodeficiency virus at the time of data collection (2015).  Eligibility was restricted to reduce 

confounding by sex and CD4-T cell count.  Ethical approval for this study was granted by the 

Human Research Ethics committee of the North-West University (NWU-00119-17-S1).  

Additional information on the international cohort [30] and this sub-study [31] has been 

published.  

6.5.2 Data collection 

Smoking and alcohol status data are interview-based.  Participants reported their current 

status and if applicable, the frequency and quantity of use, age at the start of use and previous 

attempts at abstinence.  Peripheral blood samples were used for DNA extraction.  Genome-

wide methylation data were generated using the standard protocol of the Illumina Infinium 

MethylationEPIC BeadChip (Illumina®, San Diego, CA, USA) platform.  Quality control, sample 

filtering and functional normalization were done using the meffil [32] package in R 3.4.3 [33].  

A detailed description of the DNA extraction, quality control, methylation quantification and 

data processing protocols has been published previously [31].   

6.5.3 Cell counts and DNAmAge 

The IDOL optimised L-DMR library for whole blood samples [34] was used to estimate the 

distribution of B-, CD4-T, CD8-T, neutrophil, monocyte and natural killer cells.  For the 

estimation of DNAmAge and DNAmAgeAccel, the new online DNA methylation age calculator 

from Steve Horvath’s group was used (https://dnamage.genetics.ucla.edu/new, [8]).  The 

following age estimates were used as provided in the calculator output:  DNAmAge, 

DNAmAgeHannum, EEAA, DNAmAgeSkinBloodClock, BloodskinAA, DNAmPhenoAge, 

PhenoAA, DNAmGrimAge and GrimAA.  IEAA was self-determined and corresponded to the 

residuals from a linear model where DNAmAge was used as the outcome and chronological 

age, the calculator’s plasmaBlast, CD8pCD28nCD45Ran and CD8.naive and IDOL-estimated 

CD4-T, natural killer cells, monocytes and neutrophils as predictors.  Note that the Illumina 

Infinium MethylationEPIC array used to quantify methylation data for the current study 

https://dnamage.genetics.ucla.edu/new
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excludes 19 of the 353 Horvath and six of the 71 Hannum clock CpGs [8, 16].  The absence 

of these CpGs has previously been reported not to compromise the accuracy of these clocks 

[35].  All further cell-count adjustments were performed using cell estimates from the IDOL 

package [34]. 

6.5.4 Statistical analysis 

Data normality was evaluated using Shapiro-Wilks tests.  Prior to any parametric or linear 

modeling, skewed data were logarithmically transformed.  We report the mean and standard 

deviation of the chronological age, DNAmAge and DNAmAA estimates in this study 

population.  We also report Spearman correlation coefficients between chronological age and 

each of the DNAmAge estimates.  Figures 6-1 and 6-2 were compiled with the ggplot2 and 

BlandAltmanLeh packages.  In Table 6-2 we compared the means of the clinical components 

of phenotypic age between current and never smokers using a t-test.  Spearman tests were 

used to evaluate the association between the components of phenotypic age and PhenoAge 

and PhenoAA.  Type III analysis of variance models in the car package were applied to linear 

regression objects to quantify the differences in outcome means between smokers and non-

smokers, reported in Table 6-3.  Adjusted group means and standard errors were extracted 

using the effects package.  Two models were run for each outcome.  First, a model adjusting 

for chronological age, BMI, education and WBC counts was developed, and then, in a second 

model, an additional adjustment for alcohol consumption was made.  Covariates were chosen 

based on current literature to ease comparability [36].  R version 3.5.0 was used for all 

analyses [37]. 
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6.8 Supplementary material 

Supplementary Table 1 Adjusted group means of aging-related phenotypes for 

current vs never smokers 

Outcome Model 

Smoking status 

Group mean ± SE  

Never (n = 56) Current (n = 61) p 

GrimAge 
1 62.2 ± 0.68 66.6 ± 0.65 2.0E–05 

2 62.0 ± 0.79 66.7 ± 0.76 3.5E–04 

GrimAA 
1 –2.27 ± 0.68 2.19 ± 0.65 2.0E–05 

2 –2.4 ± 0.79 2.31 ± 0.76 3.5E–04 

Pack-years* 
1 19.9 ± 1.6 35.1 ± 1.6 4.2E–09 

2 19.5 ± 1.9 35.5 ± 1.8 6.5E–07 

Leptin* 
1 6448 ± 541 8514 ± 520 1.1E–02 

2 6450 ± 634 8512 ± 604 4.5E–02 

Plasminogen 
activator inhibitor 1* 

1 16657 ± 503 18757 ± 483 5.5E–03 

2 16956 ± 586 18479 ± 559 1.1E–01 

Adrenomedullin* 
1 286 ± 2.69 291 ± 2.59 2.80E–01 

2 285 ± 3.15 292 ± 3.00 2.20E–01 

Beta-2 
microglobulin*# 

1 1795 ± 26.1 1814 ± 25.0 6.20E–01 

2 1807 ± 30.4 1803 ± 29.0 9.40E–01 

Cystatin C*# 
1 651 ± 4.46 646 ± 4.29 4.50E–01 

2 648 ± 5.16 650 ± 4.92 7.50E–01 

Growth differentiation 
factor 15* 

1 1236 ± 41.7 1289 ± 40.1 3.90E–01 

2 1296 ± 47.44 1233 ± 45.2 4.10E–01 

Tissue inhibitor 
metalloproteinase 1* 

1 33548 ± 180 33482 ± 173 8.00E–01 

2 33442 ± 209 33580 ± 200 6.80E–01 

Group N: Never = 56, Current = 61. AA: Age acceleration; *Methylation–derived surrogates as used for the 

GrimAge estimate. #Reported values are divided by 1000, therefore 286 reports >286000.   Model 1: 

Outcome ~ smoking status + chronological age + BMI + education + WBC counts; Model 2: Outcome ~ 

smoking status + chronological age + BMI + education + WBC counts + alcohol consumption status. 
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DISCUSSION AND CONCLUSIONS 

7.1 Introduction 

This thesis explored the relationship between DNA methylation (DNAm) and cardio-metabolic 

health in a group of black South African men from the North West province, South African arm of 

the Prospective Urban and Rural Epidemiology study (PURE-SA-NW).  First, the urban-rural 

divide, as is experienced in developing countries such as South Africa, was evaluated as an 

epidemiological approach to investigate the role of DNAm in the association between urbanisation 

and non-communicable disease (NCD) risk, in the form of a review (Chapter 3).  Empirically, 

methylation was investigated at an individual CpG level (Chapter 4) and as aggregate measures 

of systemic inflammation (methylation-derived cell count ratios, Chapter 5) and biological aging 

(DNAm clocks, Chapter 6).  The data reported in this thesis contribute to the limited data available 

on continental African cohorts.  Additionally, this thesis adds to the limited data available on the 

novel loci recently introduced in the Illumina® Infinium HumanMethylationEPIC bead chip (EPIC 

array).  Multiple phenotypes related to cardio-metabolic health were considered, including 

chronological and biological age, alcohol consumption, smoking status, education, body 

composition, biochemical markers and markers of cardiovascular function (CVF).  The aims of 

this thesis were to: 

1. Evaluate the use of an urban-rural divide as an epidemiological approach when investigating 

the role of DNAm in the association between urbanisation-associated NCD risk; 

2. Replicate findings from previously published NCD-related epigenome-wide association 

studies (EWASs) and contribute novel findings from the PURE-SA-NW cohort to the current 

literature; 

3. Compare methylation-derived markers of cell-count and protein-based inflammatory 

markers in the PURE-SA-NW cohort in their associations with CVF markers and their 

literature-based portrayal of cardiovascular disease (CVD) risk; and 

4. Characterise the behaviour of five DNAm clocks in the PURE-SA-NW cohort. 

This final chapter summarises and integrates the main findings of this study to the current 

literature and concludes this thesis.   
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7.2 The role of urbanisation 

Chapter 3 reports a proof of concept for future work in the PURE-SA-NW, international PURE or 

other similar cohorts.  From the critical review of current literature, three investigative approaches 

proved to contribute to the understanding of amalgamated exposures and their contribution to 

disease risk.  These were the migration, income-comparative and urban-rural study designs.  It 

is, however, the integration of the knowledge gained from the different aspects of the perspective 

of each of these three models that will allow for a more holistic view of the different genetic and 

environmental origins of disease and the epigenetic mechanisms that bridge them.  For the 

question of urban vs rural environment, lifestyle and health disparities, particularly in low- and 

middle-income countries, the urban-rural investigative approach is valuable.  This approach 

provides the most controlled setting (least confounding) for investigating exposure-methylation-

disease relationships.  When, however, centring the question on genetic pre-disposition or the 

developmental origins of health and disease, the migration approach may be best suited.  This 

approach allows for the investigation of migrants vs the population of origin, to disentangle the 

environmental contributors without genetic confounding.  On the other hand, investigating 

migrants vs host populations allows for the investigation of the genetic origins of disease while 

reducing environmental confounding.  Lastly, when the focus is shifted from individual populations 

or cohorts to a better global understanding of the extent and impact of urbanisation, this review 

showed that income-comparative models are particularly useful.  Income-comparative models 

can provide valuable information on disease demographics stratified to stages of rural 

development.  All three models are beneficial in their inclusion of typically under-represented 

cohorts (developing countries, migrant populations and low-income countries around the world).  

Apart from the benefit of understanding urbanisation and its health-related effects better, 

investigating understudied cohorts contributes to the lacking genetic/ethnic and environmental 

diversity of current epigenetic epidemiology literature. 

7.3 Replication and expansion of EWAS literature 

Chapter 4 contributes to the literature by providing access to novel EPIC array association data 

on commonly investigated NCD-related traits, in a non-European cohort.  Furthermore, replication 

association statistics on loci represented on the HumanMethylation450K bead chip (450K array) 

that have already been published in other ethnic groups are provided.  EWAS protocols were 

tailored to match that of the largest EWAS available in the EWAS catalog, per trait, to allow for 

comparative results, but also to allow for future replication of novel and/or population-specific 

associations.  Consistent directionality was reported for most of the comparisons drawn between 

the PURE-SA-NW and reference cohort data, suggesting that many of the observed CpG 
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associations (with age, alcohol consumption, smoking, body mass index, waist circumference, C-

reactive protein and blood lipids) are shared across different ethnic groups.  More specifically, 

86% of the findings overlapped between the PURE-SA-NW and reference cohorts, 13% did not 

overlap but were associated in the same direction and 1% showed clear differences in the 

direction and size of effect.  This 1% consisted of 48 non-overlapping CpG-trait associations (44 

unique CpGs).  Thirty-six of these CpGs are associated with methylation quantitative trait loci 

(mQTLs) that have documented population differences in their minor allele frequencies (MAF) 

according to the 1000 Genomes project (Genomes Project Consortium, 2015).  For example, two 

of the three CpGs identified to differ in their association with alcohol consumption between the 

PURE-SA-NW and reference cohorts (out of 361 tests), were linked to mQTLs reported to have 

substantial functional enrichment.  Population differences in the MAF of these mQTLS, illustrated 

by the 1000 Genomes project, strengthened the evidence of population specificity in these 

differential associations (Bonder et al., 2016; Genomes Project Consortium, 2015; Zhernakova et 

al., 2016). 

For the CpG associations that were directionally consistent but that did not overlap, wide 

confidence intervals of findings from the PURE-SA-NW data limited the ability to pursue any fine 

scale inference for possible explanations of the differences in effect sizes.  Importantly, many of 

the confidence intervals of these findings spanned a zero effect.  Consequently, although there is 

no evidence for differences in effects between the PURE-SA-NW and the reference cohorts, 

evidence of a specific directionality in the PURE-SA-NW findings is also not compelling and 

requires further exploration.  Increased funding to generate methylation data for more PURE-SA-

NW participants will allow for more robust evidence to support these findings.  Apart from 

increasing DNAm data for the PURE-SA-NW cohort, generating data on similar comparisons of 

findings between ethnic groups from other large ethnically diverse cohorts will enable better global 

understanding of the generalisability of methylation associations of commonly investigated cardio-

metabolic disease-related phenotypes.  This will be particularly important as a surrogate data 

source for groups yet to generate DNAm data for their cohort of interest.  

For this thesis, the successful replication of the numerous previously published EWASs 

strengthened confidence in the quality and statistical power of the methylation data generated for 

this PhD.  It was therefore subsequently possible to report 19 novel genome-wide significant CpG 

associations with alcohol consumption, eight of which were 450K array probes present on the 

EPIC array and 11 were novel EPIC array probes.  One genome-wide significant novel 

association with high-density lipoprotein was also reported (450K probe).  Replication of 

particularly the CpG-alcohol associations will be beneficial for future epigenetic research.  A 

methylation-based biomarker of alcohol consumption (Liu et al., 2018) has proven successful in 
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identifying risky and heavy drinkers.  Once replicated, the addition of these 11 EPIC probes to 

this biomarker could enhance its discriminatory potential.  Alternatively, the addition of the eight 

450K probes (which failed to reach significance in their associations with alcohol in other cohorts) 

to the biomarker could allow for its optimal use in the PURE-SA-NW and potentially other 

continental African cohorts that replicate these associations.  Unfortunately, the limited sample 

size of the instigated PURE-SA-NW group did not allow for adequately powered stratification of 

the alcohol consumers to test the adapted alcohol consumption biomarker in this thesis.  

Generation of more DNAm data in the PURE-SA-NW cohort will, however, allow such an 

investigation in future research.  

7.4 DNAm in the context of inflammation and cardiovascular risk 

Chapter 5 reported the first use of the methylation-derived white blood cell (WBC) ratio estimates 

in an African cohort, and also the first investigation of methylation-derived WBC ratio estimates 

in the context of cardiovascular function/disease.  The WBC ratios observed in the PURE-SA-NW 

cohort were comparable to other previously investigated ostensibly healthy ethnic groups.  More 

favourable WBC ratios in black cohorts compared to white or Hispanic cohorts was also confirmed 

by the PURE-SA-NW data.  Methylation-derived WBC ratios reflected a similar degree of CVD 

risk compared to protein-based inflammatory and CVD risk markers in the PURE-SA-NW group.  

The methylation-derived and protein-based inflammatory markers complemented one another in 

explaining variance in CVF, although when considered separately, stronger associations between 

CVF and the methylation-derived markers than between CVF and the protein-based markers 

were observed.  Five CpGs, investigated as potential proxies for the methylation-derived 

neutrophil-to-lymphocyte ratio (mdNLR) proved not only to reflect the mdNLR in the PURE-SA-

NW data, but also to complement the mdNLR by associating with CVF independently of the 

mdNLR. 

The data generated for Chapter 5 will be useful for a range of researchers.  Firstly, for epigenetic 

epidemiology groups, it provides the incentive to reconsider previously generated 450K or EPIC 

data, to investigate methylation-derived cell ratios as useful indicators of systemic inflammation.  

These groups can also retrieve data on the five reported myeloid CpGs, given the fact that such 

strong associations were observed in relation to CVF in the PURE-SA-NW cohort.  Based on our 

confirmation of previous suggestions that the five myeloid CpGs surrogate for the mdNLR, groups 

without access to genome-wide data can consider sequencing only the five myeloid CpGs as 

proxies for the mdNLR, when investigating immunomodulation.  This is, however, the first 

investigation of these CpGs as mdNLR proxies in a population-based, rather than cancer-based 

context, so replication in larger, more diverse population-based cohorts is warranted.  Replication 
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of the findings presented in Chapter 5 in other ethnic groups in the context of cardio-metabolic 

disease will be particularly useful, given the limited methylation-based investigations of cell counts 

in low-grade inflammatory diseases.   

The data presented in Chapter 5 is also of use to researchers of cardiovascular health/disease, 

in terms of the evidence that the characterisation of systemic inflammation should not be achieved 

by conventionally used inflammatory proteins only, but can be more comprehensive when 

including cell count distribution, and, if available, the five myeloid CpG sites.  For researchers of 

immunology and inflammation, it is of interest that particularly C-reactive protein, frequently used 

as a general marker of inflammation either adjusted for or incorporated as an outcome, only 

associated with some, but not all of the CVF markers tested.  C-reactive protein was also not 

strongly correlated to any of the cell count-related markers, suggesting that previous claims of it 

being a proxy for cell counts might not be true in cases of less overt inflammation. 

7.5 DNAm in relation to aging 

Chapter 6 reported the first investigation of DNAm clocks in a continental African cohort.  To our 

knowledge, this was also the first comparison of the five predominantly used DNAm clocks in a 

single study population.  Additionally, this was the first exploration of specific phenotypic age 

constituents and how these relate to the information provided by the aggregated methylation-

based PhenoAge marker. 

Generally, younger methylation-based biological ages were observed in the PURE-SA-NW cohort 

compared to their chronological age.  These data therefore confirmed prior evidence of a 

tendency of the first-generation DNAm clocks to underestimate chronological age in older adults.  

When investigating the biophysiological decline portrayed by the next-generation clocks, similar 

observations of larger underestimations with age were observed, regardless of substantial 

increases in clock loci.  The underestimation was, however, much more pronounced in the 

PhenoAge than in the GrimAge estimates.  The data presented in Chapter 6 show that the PURE-

SA-NW cohort, on average 63 years old (chronologically), is at the same average level of age-

related mortality risk than a 47-year-old participant in the Levine et al. (2018) investigation 

(PhenoAge clock) while having, on average, the same estimated time-to-death than a 64-year-

old in the Lu et al. (2018) investigation (GrimAge).  Although the PURE-SA-NW cohort was 

apparently healthy, none of the other data presented in this thesis suggest that this group should 

have a particularly low mortality risk or decelerated biophysiological decline.  These findings were 

analogous to those reported by the only other available study that compared the PhenoAge and 

GrimAge estimates of an African American cohort (Zhao et al., 2019).  The mean chronological 
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age of the cohort investigated by Zhao et al. was 57, while the PhenoAge was 44 (13 years 

younger) and the GrimAge 54 (three years younger).  Although no further evaluation of these 

findings was reported in Zhao’s investigation, for the PURE-SA-NW cohort, at least some of the 

variation between biological ages estimated by these clocks was attributed to the incorporation of 

smoking data by the GrimAge, but not by the PhenoAge algorithm.  More than half of the PURE-

SA-NW cohort were smokers and although previously reported to encapsulate the 

biophysiological effects of smoking, PhenoAge in the PURE-SA-NW data does not support this.   

7.6 Limitations 

All the manuscripts contained in this thesis discuss general limitations such as sample size, 

representation of only one sex and the inability to infer causality (lack of longitudinal and/or 

mortality data).  One limitation of particular interest to the larger thesis is the lack of available 

genomic data for the PURE-SA-NW group.  Genetic variation is associated with methylomic 

variance.  For this reason, integrating genomic and DNAm data is always beneficial when 

attempting to account for ethnic confounding, or when attempting to infer causality (through 

methods such as Mendelian randomisation).  The lack of genomic data available in the PURE-

SA-NW group hindered our ability to investigate any hypotheses regarding ethnic-specific 

variance.  Hypotheses generated regarding ethnic-specific variance relied on publicly available 

data from the 1000 Genomes project (Genomes Project Consortium, 2015).  Limited genomic 

data on continental Africans are available in the 1000 Genomes project, which currently only 

represents individuals from one East African (Kenya) and three West African (Gambia, Nigeria 

and Sierra Leone) countries.  In addition, the available data are hindered by the inability to 

extrapolate findings from one African sub-population to the next because of high levels of genetic 

diversity between African populations (Campbell & Tishkoff, 2008; Tishkoff et al., 2009; Tishkoff 

& Williams, 2002).  Although the diversity of the African genome is a well-known benefit to 

genomic research, the limitation related to increased inter-population diversity is the lack of 

generalisability of findings between groups.  For the PURE-SA-NW cohort, specifically, individuals 

from a single, self-reported ethnic group named ‘Batswana’ South Africans were investigated.  

The lack of genetic data hinders the ability to explore the validity of self-reported classifications 

and also possible ancestral differences in this group.  The impact of the findings reported in this 

thesis, although a worthy contribution to epigenetics research, can be expanded greatly and 

should be supplemented by numerous independent cohorts representing other ethno-linguistic 

groups in and around South Africa. 
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7.7 Future research 

For the PURE-SA-NW cohort, this PhD represents only the start of the exploration of the 

epigenome’s role in the relationship between the environment (specifically environmental 

exposures related to urbanisation) and NCDs.  Many unexplored research questions remain in 

this cohort specifically, and also potentially in other PURE sub-cohorts internationally.  The main 

advantage that should be leveraged in future PURE-SA-NW investigations is its longitudinal study 

design.  The ten-year follow-up within the PURE-SA-NW cohort (and inclusion of mortality data 

for the foreseeable future) allows retrospective investigation of epigenetic and mortality risk.  

Ideally, the question pertaining to the role of DNAm in the relationship between urbanisation and 

cardio-metabolic disease/NCD-related mortality should be investigated longitudinally once there 

are sufficient mortality data to yield statistical power to do so.  Until then, clinically relevant risk 

factors, other than those investigated in this thesis, such as metabolic syndrome, diabetes-related 

risk factors (insulin and glycated haemoglobin) and cardiac structure markers (intima-media 

thickness and plaque scores) can still be investigated.  Genomic data will be an ideal addition to 

the current dataset, and could be valuable for cross-sectional Mendelian randomisation 

investigations, or in the retrospective setting where reverse causation is of less concern, for 

further investigation of ethnic-specific associations or confounding.  One concern to keep in mind 

is that with the exception of the 2015 PURE-SA-NW samples, DNA-containing samples were not 

collected for the purpose of future epigenetic analyses.  For example, for 2015, two main sources 

of DNA are available:  whole blood collected in Tempus tubes and buffy coat preserved in 

RNAlater.  For 2005, buffy coat and whole blood samples, each without preservative buffers, are 

available.  Although DNA of sufficient quality is likely to be available from all of these samples, it 

should be noted that particular attention needs to be paid to the potential batch effects that result, 

not only from DNA collected 10 years earlier, but also from the influence of the contained buffer.   

Furthermore, preliminary analyses conducted during the conceptualisation of this thesis revealed 

that while the rural and urban participants demonstrated clear differences in lifestyle and 

behavioural patterns in 2005, these became largely indistinguishable in 2015.  Should a 

longitudinal research question concerning urbanisation be pursued, it will be critical to 

characterise the rural development comprehensively, because of the rapid changes occurring in 

these areas.  Overall, the pilot data generated for this PhD resulted in many interesting findings 

that warrant larger scale validation.  Generating methylation and genomic data for all the PURE-

SA-NW participants (n = 2 010 at baseline) will allow maximal use of the phenotypic data 

generated over 10 years for further exploration of questions of causality not dealt with in this 

thesis.   
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7.8 Conclusion 

This thesis contributes to the epigenetic epidemiology literature by providing a characterisation of 

the methylome of an ethnic population never investigated before.  This is particularly relevant in 

Chapter 4, which evaluates the reproducibility of the current EWAS literature on frequently 

investigated cardio-metabolic traits and identifies where population differences occur.  Data 

provided in Chapter 5 add to the current literature by providing normal ranges of the neutrophil-

to-lymphocyte and lymphocyte-to-monocyte ratios of the PURE-SA-NW cohort, in response to 

previous acknowledgements of lack of ethnically-diverse data of these biomarkers (Azab et al., 

2014; Jhuang et al., 2019; Lee et al., 2018).  The role of these ratios in the context of 

cardiovascular health and disease risk is also described for the first time.  Lastly, Chapter 6 reports 

the first investigation of DNAmAge in an African population. 

This thesis provides a starting point for more targeted intervention strategies in (South) Africa by 

investigating the ethnic-specific molecular aspects of disease through investigating associations 

of various methylomic traits with cardio-metabolic risk factors.  The data used to inform current 

policies and interventions aimed at mitigating cardio-metabolic effects are skewed toward 

European data, where genetic and environmental variation are less pronounced (Petrovski & 

Goldstein, 2016).  The lack of population-specific literature in combination with the known 

increase in cardio-metabolic disease prevalence, particularly in low- and middle-income countries 

such as South Africa, necessitates attempts to tailor strategies that promote health and combat 

disease progression better to the specific needs of these populations.   
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Abstract

Background: DNA methylation is associated with non-communicable diseases (NCDs) and related traits.
Methylation data on continental African ancestries are currently scarce, even though there are known genetic and
epigenetic differences between ancestral groups and a high burden of NCDs in Africans. Furthermore, the degree
to which current literature can be extrapolated to the understudied African populations, who have limited resources to
conduct independent large-scale analysis, is not yet known. To this end, this study examines the reproducibility of
previously published epigenome-wide association studies of DNA methylation conducted in different ethinicities, on
factors related to NCDs, by replicating findings in 120 South African Batswana men aged 45 to 88 years. In addition, novel
associations between methylation and NCD-related factors are investigated using the Illumina EPIC BeadChip.

Results: Up to 86% of previously identified epigenome-wide associations with NCD-related traits (alcohol consumption,
smoking, body mass index, waist circumference, C-reactive protein, blood lipids and age) overlapped with those observed
here and a further 13% were directionally consistent. Only 1% of the replicated associations presented with effects
opposite to findings in other ancestral groups. The majority of these inconcistencies were associated with population-
specific genomic variance. In addition, we identified eight new 450K array CpG associations not previously reported in
other ancestries, and 11 novel EPIC CpG associations with alcohol consumption.

Conclusions: The successful replication of existing EWAS findings in this African population demonstrates that blood-
based 450K EWAS findings from commonly investigated ancestries can largely be extrapolated to ethnicities for which
epigenetic data are not yet available. Possible population-specific differences in 14% of the tested associations do,
however, motivate the need to include a diversity of ethnic groups in future epigenetic research. The novel associations
found with the enhanced coverage of the Illumina EPIC array support its usefulness to expand epigenetic literature.

Keywords: Ancestry, DNAm, EPIC, Epigenetic epidemiology, EWAS, Methylation, NCD, PURE

Background
The role of epigenetics in the aetiology of non-
communicable diseases (NCDs) is of interest owing to
its valuable addition to the limited variance of disease
risk explained by genetics alone [1]. The modifiable na-
ture of the epigenome also offers opportunities to pre-
dict, detect and prevent lifestyle-related diseases [2].
DNA methylation (DNAm) is the most intensively
researched epigenetic modification, partly because of its
ease of measurement from stored samples commonly

collected in epidemiological studies. A number of robust
associations between differentially methylated cytosine-
guanine dinucleotides (CpGs) and NCD-related traits or
exposures have been reported [3–7]. Epigenetic research
has allowed for richer insight into the origin and pro-
gression of complex diseases, and is expected to con-
tinue doing so, thereby enhancing our ability to combat
the continued rise in NCD prevalence [2, 8].
Despite its importance in the global context of NCDs,

current epigenetic literature remains limited by the lack
of ethnic diversity, with most investigating associations
between DNAm and health outcomes/traits within Euro-
pean (EU) populations. Although several large-scale
epigenome-wide association studies (EWASs) have used
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data collected from African American (AA) individuals
[4, 5, 9], information on continental African populations
remain particularly limited. Sub-Saharan Africans are
known to be genetically different from AA individuals,
who typically stem from West African ancestors, with
varying levels of admixture [10]. Because DNAm differ-
ences have been reported among ethnic groups [11–13],
the degree to which current EWAS results can be ex-
trapolated to other populations, including Sub-Saharan
Africans, remains to be established. Understanding the
degree of generalisability of EWAS results to different
ethnicities informs one whether existing knowledge can
be extrapolated to understudied ethnic groups or
whether additional research is needed in these popula-
tions, where resources are often limited [14].
To this end, we replicated data extracted from the

EWAS Catalogue (http://www.ewascatalog.org) on traits
related to NCDs (alcohol consumption, smoking status,
body mass index (BMI), waist circumference (WC),
high-density lipoprotein cholesterol (HDL-C), low-
density lipoprotein cholesterol (LDL-C), total cholesterol
(TC), triglycerides (TG), C-reactive protein (CRP) and
age), in a subset of Batswana men from the North-West
(NW) province of South Africa, who participated in the
international Prospective Urban and Rural Epidemiology
study (PURE-SA-NW). In doing so, we evaluated the re-
producibility of previous EWAS findings in a Sub-
Saharan African population that has never been investi-
gated before. In addition, because the majority of
EWASs to date have been conducted using the older
Illumina 450 K BeadChip, our secondary aim was to re-
port novel DNAm associations by using the new Illu-
mina MethylationEPIC platform, to extend existing
knowledge on methylation and traits related to NCDs in
this population [15].

Results
For each trait, we report the degree of replication be-
tween EWAS findings in the PURE-SA-NW cohort and
the reference studies identified, using the EWAS cata-
logue (complete test statistics in Additional file 1). In
cases where the reference study included cohorts of dif-
ferent ancestries, the PURE-SA-NW cohort was com-
pared to these ancestries separately. We first report the
agreement between the effect sizes obtained in the
PURE-SA-NW data and the reference studies for all the
tested CpGs per trait, to evaluate the overall consensus
between the studies (PURE-SA-NW vs. reference study).
We then examine the similarity between studies at the
individual CpG level by determining whether or not the
individual PURE-SA-NW association’s confidence inter-
vals (CIs) overlap with those of the reference study. This
allows us to identify systematic differences (e.g. attribut-
able to exposure variation) between cohorts before

investigating differences at an individual CpG level (e.g.
attributable to site-specific genetic variation). To per-
mit further investigation of individual CpG association
differences, we inspect probes previously identified to
measure methylation at polymorphic sites of which ei-
ther the global minor allele frequency (MAF) is higher
than 1% [16], or variation has been documented in Afri-
cans, specifically [17] (Additional file 1). Probes identi-
fied to hybridise to multiple genomic regions or to be
cross-reactive are also noted [18]. Replication analyses
are followed by a report of any methylation associations
of newly investigated EPIC probes and novel 450K asso-
ciations (of 450K probes present on the EPIC array used
here), where applicable (Additional file 2). Table 1 pro-
vides the descriptive statistics for (i) the PURE-SA-NW
cohort for traits used as covariates in the models, (ii) the
trait of interest as reported by the EWAS catalogue ref-
erence study and (iii) the PURE-SA-NW cohort trait of
interest reported in the same unit as in the specific refer-
ence study. For the different traits, the sample size here
differs because we applied the specific inclusion criteria
of the respective reference studies to our population to
permit comparison (Additional file 1).
Comparatively, our study population had a more

favourable body composition and blood lipid profile, but
a much higher CRP concentration than those included
in the reference studies [3, 9, 22]. The proportion of
current smokers in our study population was twice as
high as the reference cohort [4], and they consumed lar-
ger volumes of alcohol than the EU, but less than the
AA reference cohorts [5]. The remaining traits were
similar between our population and that of the reference
studies.

Alcohol consumption
Ancestry-stratified (European American (EA) and AA)
findings from the meta-analysis by Liu et al. [5] on the
association of alcohol consumption (g/day) with differ-
ential methylation at individual CpGs were compared
with those from the PURE-SA-NW (Fig. 1). In the study
of Liu et al. [5], alcohol consumption was more strongly
associated with DNAm in AA than EA individuals (re-
gression slope = 3.2, p = 8.6 × 10−70). Effect sizes in the
PURE-SA-NW cohort were larger than in either of the
reference groups (regression slope = 0.12, p = 3.2 × 10−16

and 0.47, p = 3.2 × 10−17 for the AA and EA compari-
sons, respectively).
Individual association results showed stronger similar-

ity between the PURE-SA-NW and the AA than with
the EA findings. Overall, 361 CpGs were investigated
(two unique AA, 131 unique EA and 228 associations re-
ported for both ethnicities). Out of the 230 association
tests to compare the AA reference cohort to the PURE-
SA-NW data, 93% (213) of the regression CIs
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overlapped, compared to 80% (287) of the 359 compari-
sons between the EA and PURE-SA-NW. Where CIs did
not overlap, directional consistency was nevertheless ob-
served with the exception of the associations for
cg15636519 (EA and AA comparisons), cg08471846 (EA
comparison only) and cg21227253 (EA comparison only)

with alcohol consumption (Additional file 1a). Data from
the Biobank-based Integrative Omics Studies (BIOS)
Consortium indicated that, apart from cg08471846,
methylation quantitative trait loci (mQTLs) have been
identified for each of these CpGs with absolute reported
Z-scores ranging from 4.15 to 12.9 [24, 25]. Data from

Table 1 Descriptive characteristics of the study and reference cohorts

Trait PURE-SA-NW Reference study Comparative PURE-SA-NW Reference study citation

N 120 See Additional file 1

Age (years) 64 [55–70] 62 [58 − 67] 64 [55–70] [19]

BMI (kg/m2) 22.5 ± 4.9 27.6 ± 4.4a,e 22.4 ± 5.0 [20]

27.7 ± 4.5b,e

WC (cm) 83.8 ± 12.8 101 ± 15.1c,e 83.6 ± 12.7 [9]

97 ± 16d,e [21]

Physical activity (index) 2.41 ± 0.94

Smoking status [N (%)]

Never smoker 56 (47) 6956 (74)b,d,e 56 (48) [4]

Current smoker 61 (51) 2433 (26)b,d,e 61 (52)

Ever smoker 64 (53)

Alcohol use [N (%)]

Never user 56 (47)

Ever user 64 (53)

Alcohol consumption (g/day) 16.7 ± 36.6 1.3 (0, 301)c 0 (0, 240) [5]

5.6 (0, 181)d

CRP (mg/L) 9.7 ± 27.2 6.2 ± 8.8c,e 9.9 ± 27.5 [22]

3.3 ± 5.6d,e

TC (mg/dL) 171 ± 41.6 207 ± 37.1d,e 171 ± 41.6 [3]

LDL-C (mg/dL) 96.5 ± 35.7 125 ± 30.9d,e 96.5 ± 35.7

HLD-C (mg/dL) 54.1 ± 22.7 57.0 ± 16.8d 54.1 ± 22.7

TG (mg/dL) 48.5 ± 30.5 126 ± 69.0d,e 48.5 ± 30.5

Education [N (%)]

None 26 (22)

1–7 years of schooling 66 (55)

8–12 years of schooling 28 (23)

Blood cell type proportions (%)

B cells 0.04 ± 0.02

CD4 T cells 0.11 ± 0.04

CD8 T cells 0.11 ± 0.06

Granulocytes 0.47 ± 0.11

Monocytes 0.09 ± 0.02

Natural killer cells 0.11 ± 0.03

BMI body mass index, CRP C-reactive protein, HDL-C high-density lipoprotein cholesterol, LDL-C low-density lipoprotein cholesterol, TC total cholesterol, TG
triglycerides, WC waist circumference. Values are presented as median [IQR], mean ± standard deviation, N (%) or median (minimum, maximum). Blood cell
proportions were determined using methylation-based estimates [23]
aIndian Asian ancestry
bEuropean American ancestry
cAfrican American ancestry
dEuropean ancestry
ePopulation means differ between the reference study and comparative PURE-SA-NW study population at p < 0.05 following Bonferroni adjustment
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the 1000 Genomes project support that the differences
observed here could be partly influenced by ancestry-
specific genetic variance; for example, the MAF of
rs7153432 (cis mQTL for cg21227253) is 18% in Afri-
cans and 40% in Europeans [26].
The EWAS conducted on alcohol consumption in the

PURE-SA-NW cohort resulted in 19 genome-wide sig-
nificant findings (p < 9.4 × 10−8), 11 of which were newly
investigated EPIC probes and eight were part of those
previously investigated by 450K probes, that were
present on the EPIC array, but failed to reach association
thresholds in other cohorts (Additional file 2a). Table 2
provides the test statistics for these CpGs.
The proportion of methylation variance of these CpGs

explained by including alcohol consumption in the
model methylation ~ age + BMI + cell counts + smoking
status, ranged from 10.3 to 43.8%. When alcohol con-
sumption was used as the outcome variable, the addition
of these 19 probes to the regression model, increased
the percentage of alcohol consumption variance ex-
plained by 57% (adjusted R2 = 0.05 before and 0.62 after
including the CpGs, p = 5.5 × 10−26).

Smoking status
The association of smoking status with the DNAm of
3618 CpGs in the PURE-SA-NW cohort was compared
to a multi-ethnic (EA and AA) EWAS conducted by Joe-
hanes et al. [4]. ‘Current’ users in the PURE-SA-NW co-
hort included individuals regularly smoking any bought
or self-made tobacco product (commercial cigarettes,
bidis, pipes and cigars). Joehanes et al. [4], however, re-
stricted the definition of ‘current’ smokers to those spe-
cifically reporting cigarette use. Regardless of the

discrepancy in the product smoked, results from the re-
spective EWASs were fairly similar. No ancestral compari-
sons were made by Joehanes et al. [4], who combined data
from a number of different ethnic groups in a meta-analysis.
Effect sizes were generally larger in the PURE-SA-NW

than in the reference data (regression slope = 0.34, p =
1.7 × 10−206). Of the 3618 CpGs tested for their inde-
pendent association with smoking status, 3315 (92%) of
the regression β 95% CIs overlapped and 269 were direc-
tionally consistent between cohorts (Fig. 2). Only 34
CpGs showed a difference in the direction of effect be-
tween the findings of Joehanes et al. [4] and the PURE-
SA-NW cohort (Additional file 1b). Thirteen of these
probes measure methylation at polymorphic sites, 20
have cis-mQTLs and five have trans-mQTLs, all of
which with differing AA and EU ancestry MAFs, sug-
gesting that genetic variation between cohorts could
drive some of the dissimilarities observed [24–26]. No
novel associations with smoking were identified and the
only genome-wide significant CpG association was for a
previously identified CpG (cg05575921) that was associ-
ated with a 17% (p = 4.2 × 10−10) reduction in DNAm in
current smokers compared to participants who had never
smoked (Additional file 2b).

Body mass index
We replicated findings from the largest EWAS on BMI
conducted to date, that of Wahl et al. [20]. These au-
thors investigated the relationship of methylation with
BMI in individuals of Indian Asian (IA) and EU descent.
Wahl et al. [20] observed larger effect sizes among the
IA than the EU group (regression slope = 0.48, p = 4.9 ×
10−72). PURE-SA-NW data reflected the IA better than

Fig. 1 % Methylation change per gram of alcohol intake. From left to right: (i) reference AA vs. EA data (247 CpGs), (ii) PURE-SA-NW vs. AA data
(228 CpGs) and (iii) PURE-SA-NW vs. EA data (228 CpGs). Model used: methylation ~ alcohol consumption + age + BMI + cell counts + surrogate
variables. Reference data: Liu et al. (2018). Green data points represent CpGs where the 95% CIs for effect size estimates in each sample group
overlap. Yellow data points represent CpGs where the 95% CIs for effect size estimates in each sample group do not overlap. Red data points
represent the comparison of effect sizes within the reference cohorts. Black dashed line: line of equality. Blue dashed line: regression line
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the EU data, but in both instances, PURE-SA-NW data
showed larger effect sizes than either reference group (re-
gression slope = 0.57, p = 6.0 × 10−7 and 0.37, p = 1.8 ×
10−8 for IA and EU groups, respectively). However, when
comparing the overlap between individual effect estimates,
PURE-SA-NW mirrored findings from the EU group bet-
ter. The 95% CIs of the 265 regression estimates between
the cohorts overlapped 55% (147) and 77% (203) of the
time when compared with IA data and EU data, respect-
ively (Fig. 3). All regression CIs that did not overlap were
directionally consistent between the PURE-SA-NW and
reference cohorts. No genome-wide significant associa-
tions with BMI were identified (Additional file 2c).

Waist circumference
Eight previously reported associations of WC with DNAm
in cohorts of AA and EA descent [9] were replicated in
the PURE-SA-NW cohort (Fig. 4). The regression model
used to quantify the relationship between WC and DNAm
differed between the reference cohort subgroups. In
addition to the covariates adjusted for in the EA regres-
sion model (age, smoking and white blood cell counts),
the AA model also included alcohol consumption status,

physical activity, education and household income. The
use of the two different models was justified, as it resulted
in highly comparable findings between the reference
study’s AA and EA groups (r = 0.96), with a slightly larger
average effect size observed in the EA than in the AA data
(regression slope = 0.56, p = 0.0001). Applying the fully ad-
justed (AA) model to the PURE-SA-NW data resulted in
a 10.4% increase in average effect size compared to the
model used for the EA group, justifying the use of the fully
adjusted model in our cohort.
As for the previous traits, larger effect sizes were ob-

served in the PURE-SA-NW than both the AA (regression
slope = 0.38, p = 0.03) and EA (regression slope = 0.21, p =
0.04) cohorts with a closer resemblance to the AA than
the EA data (R2 = 0.53. vs. 0.47). When comparing individ-
ual effect estimates between the PURE-SA-NW and refer-
ence data, the 95% CIs overlapped in seven of the eight
assessed associations in both groups (Additional file 1d).
The non-overlapping associations were directionally con-
sistent between studies, overall indicating strong compar-
ability between WC’s association with DNAm across the
investigated ancestral groups. The single non-overlapping
locus was the same in both ethnic groups compared. This

Table 2 EWAS CpG-alcohol consumption associations p < 9.4 × 10−8

ProbeID Location Gene Region β SE p % Variance explained Χ2

p value

cg13153796a 14:101405628 SNORD113-6 TSS1500 − 6.78E–04 8.45E–05 2.2E–11 29.4 (38.4) 3.8E–12

cg00712390a 17:79373624 BAHCC1 1stExon 8.08E–04 1.14E–04 9.7E–10 37.5 (47.0) 5.6E–18

cg05706661 7:36134301 LOC101928618 TSS1500 − 1.05E–03 1.51E–04 2.0E–09 17.6 (57.1) 6.7E–12

cg24252287a 17:40250379 1.48E–04 2.21E–05 4.8E–09 36.5 (41.8) 7.7E–15

cg12177743a 11:113185079 TTC12 TSS200 1.59E–04 2.41E–05 7.5E–09 13.4 (23.4) 2.8E–05

cg19323439 17:9136232 NTN1 Body 5.06E–04 7.93E–05 1.9E–08 14.1 (59.0) 2.1E–08

cg19683675a 5:142077712 FGF1 TSS200 − 1.13E–03 1.78E–04 2.0E–08 35.1 (43.6) 2.7E–15

cg08333974 12:1956337 CACNA2D4 Body − 1.24E–03 1.95E–04 2.2E–08 25.8 (38.3) 8.3E–12

cg12325997 15:59280148 RNF111 1stExon 9.84E–05 1.57E–05 3.2E–08 10.5 (58.4) 9.4E–08

cg19642811 13:95453039 LOC101927284 Body − 6.02E–04 9.64E–05 3.4E–08 19.3 (37.3) 2.3E–08

cg06943216 8:102683096 − 1.33E–03 2.13E–04 3.5E–08 17.5 (33.9) 4.3E–08

cg26187237a 2:217498574 IGFBP2 1stExon 4.19E–04 6.72E–05 3.6E–08 15.5 (53.0) 2.2E–09

cg16358446a 1:1534984 8.10E–05 1.31E–05 4.4E–08 43.8 (52.4) 1.9E–21

cg08724692 6:133646558 EYA4 Body − 6.26E–04 1.03E–04 6.4E–08 10.3 (43.4) 1.2E–06

cg08035774 9:136600662 SARDH 5′UTR − 1.12E–03 1.85E–04 7.5E–08 23.6 (32.8) 6.3E–10

cg18780412a 3:179755086 PEX5L TSS1500 6.36E–04 1.06E–04 8.6E–08 27.0 (33.5) 6.4E–11

cg15942324 1:38482118 UTP11L Body − 6.63E–04 1.10E–04 8.8E–08 23.3 (33.2) 3.4E–09

cg25278025 2:103378026 TMEM182 TSS1500 5.99E–04 9.98E–05 8.8E–08 15.4 (26.0) 5.0E–06

cg22572934b 5:173171061 LINC01484 Body − 1.21E–03 2.02E–04 9.3E–08 13.3 (24.3) 5.5E–05

Model: methylation ~ alcohol consumption (g/d) + age + BMI + smoking + cell counts + surrogate variables
a450K probes
bProbe that should be interpreted with caution owing to the presence of genomic variance at probe measurement site [17]
The percentage variance explained reflects the added value of alcohol consumption to the variance in CpG methylation, reported as percentage explained by
alcohol as an added exposure (percentage variance explained by the total model). Χ2 p value = Chi-square p value when the regression models with and without
alcohol consumption are compared
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site, cg26403843, is associated with five cis-mQTLs and
one trans-mQTL with absolute Z-scores ranging from 4.9
to 39.8. Population differences between the mQTL-
associated SNPs were observed; rs6556405, for example,
has a MAF of 26% in Europenas compared to a frequency
of 66% in Africans [24–26].

Blood lipids
Findings from the largest TC, LDL-C, HDL-C and TG
EWASs to date, reported by Hedman et al. [3], were com-
pared to those of the PURE-SA-NW cohort. For each of
the four lipids, larger effect sizes were observed in the
PURE-SA-NW than in the EU reference cohort. The re-
gression slopes when modelling the PURE-SA-NW effect
sizes against those of the reference cohorts’ were 0.12 (p =
0.18), 0.13 (p = 0.27), 0.19 (p = 9.9 × 10−06) and 0.30 (p =
0.01) for TC, LDL-C, HDL-C and TG, respectively (Fig. 5).
Effect estimates and 95% CIs overlapped for 38/40 (95%)
for TC, 18/21 (86%) for LDL-C, 96/102 (94%) for HDL-C
and 15/16 (94%) for TG, of the associations tested (Add-
itional file 1e). Ten of the 12 non-overlapping associations
were directionally consistent, leaving only two associations
divergent in the direction of effect: cg24939194-HDL-C
and cg15878619-TC. Two mQTLs have been identified
for cg24939194 (rs748097 and rs2969017), the strongest
of which has a MAF of 6% in Africans and 37% in Euro-
peans, indicating that genetic ancestry may be important
for the association of cg24939194 with HDL-C [26].
Despite the consistency in the effect sizes between the

PURE-SA-NW and the reference data, the large CIs ob-
served in our data do not allow for further interpretation
of these findings. There was one genome-wide significant

Fig. 3 Change in BMI (kg/m2) per % methylation change. From left to right: (i) reference EU vs IA data, (ii) IA vs. PURE-SA-NW data and (iii) EU vs.
PURE-SA-NW data. Model used for PURE-SA-NW EWAS: BMI ~methylation + age + smoking status + alcohol consumption + physical activity +
cell counts + surrogate variables. Reference data: Wahl et al. (2017). Green data points represent CpGs where the 95% CIs for effect size estimates
in each sample group overlap. Yellow data points represent CpGs where the 95% CIs for effect size estimates in each sample group do not
overlap. Red data points represent the comparison of effect sizes within the reference cohorts. Black dashed line: line of equality. Blue dashed
line: regression line

Fig. 2 % Methylation difference between current and never smokers
in reference vs. PURE-SA-NW data. Model used for PURE-SA-NW
EWAS: methylation ~ smoking + age + cell counts + surrogate
variables. Green data points represent CpGs where the 95% CIs for
effect size estimates in each sample group overlap. Yellow data
points represent CpGs where the 95% CIs for effect size estimates in
each sample group do not overlap. Black dashed line: line of
equality. Blue dashed line: regression line
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Fig. 5 % Methylation change per mg/dL change in lipid concentration in reference vs. PURE-SA-NW data. Models used: methylation ~ lipid (TC,
LDL-C, HDL-C or TG) + age + cells + surrogate variables. Green data points represent CpGs where the 95% CIs for effect size estimates in each
sample group overlap. Yellow data points represent CpGs where the 95% CIs for effect size estimates in each sample group do not overlap. Red
data points represent the comparison of effect sizes within the reference cohorts. Black dashed line: line of equality. Blue dashed line:
regression line

Fig. 4 % Methylation change per centimetre change in WC. From left to right: (i) reference EA vs. AA data, (ii) AA vs. PURE-SA-NW data and (iii)
EA vs. PURE-SA-NW data. WC was normalised to have a mean of 0 and a standard deviation of 1. Model used for PURE-SA-NW EWAS: methylation
~WC + age + alcohol consumption + smoking + physical activity + education + cell counts + surrogate variables. Reference data: Demerath
et al. (2015). Green data points represent CpGs where the 95% CIs for effect size estimates in each sample group overlap. Yellow data points
represent CpGs where the 95% CIs for effect size estimates in each sample group do not overlap. Red data points represent the comparison of
effect sizes within the reference cohorts. Black dashed line: line of equality. Blue dashed line: regression line
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lipid-DNAm association in our cohort (Additional file 2e).
High-density lipoprotein cholesterol associated with
cg23636606 at a regression β of 2.6 × 10−04 ± 4.4 × 10−05

(p = 4.8 × 10−08).

CRP
Ancestry-stratified (AA and EU) data on the effect of
CRP on the DNAm of 207 loci, by Ligthart et al. [22]
were compared to PURE-SA-NW. The reference study
reported highly comparable effect sizes between the AA
and EU ancestral groups (regression slope = 0.82, p =
1.25 × 10−107), with slightly larger effects observed in the
AA group. The comparison of the regression slope of ef-
fect sizes between the reference data and our own
showed moderately larger effect sizes in the PURE-SA-
NW findings than in the reference data, more so for the
EU (regression slope = 0.25, p = 2.5 × 10−10) than the AA
(regression slope = 0.22, p = 1.3 × 10−10) comparison
(Additional file 1f). Confidence intervals of the individual
effect estimates between the reference and PURE-SA-
NW data overlapped for 192 out of the 207 tests (93%)
in each ethnicity (Fig. 6). Twenty-two of the 30 non-
overlapping associations were directionally consistent.
Two CpGs had associations in opposing directions of ef-
fects compared to EU (cg01588592 and cg23740758)
and three compared to the EU and AA (cg24174557,
cg26846781, cg27184903) reference datasets. All the
non-overlapping CpGs have cis-mQTLs with absolute
reported Z-scores ranging from 4.06 to 22.95 [24, 25].
Data from the 1000 Genomes project support the no-
tion that the differences observed here could be partly
influenced by ancestry-specific genetic variance: for ex-
ample, MAF of rs9791189 (cis-mQTL for cg23740758) is

12% in Africans and 23% in Europeans [26]. There were
no genome-wide significant or novel CRP-DNAm asso-
ciations in our cohort (Additional file 2f).

Age
Previous findings from EU-based research on the associ-
ation of age with DNAm of 152 CpGs [19] were com-
pared to those from the PURE-SA-NW cohort (Fig. 7).
In contrast to all other traits, a much weaker association
between age and DNAm was observed in our data than
in the reference data (regression slope = 12.9, p = 4.2 ×
10−31). Although the direction of effects was consistently
similar between the two studies, none of the regression
CIs overlapped when comparing the individual associa-
tions (Additional file 1g).
Formal data on disease diagnosis were not available for

the PURE-SA-NW cohort and were, therefore, not in-
cluded in regression models, as done by Florath et al. [19].
Furthermore, cell counts were not adjusted for in the ref-
erence study, but were included in our models, since cell
counts are recognised confounders in our data. Sensitivity
analyses were, however, performed by including data on
chronic medication use (as a proxy for disease) as well as
excluding cell count adjustments. These analyses did not
result in any discernible differences in findings (inclusion
of medication use: regression slope = 13.0, p = 4.5 × 10−30,
exclusion of cells: regression slope = 12.4, p = 1.7 × 10−32).
There were no genome-wide significant or novel age-
DNAm associations in our cohort (Additional file 2g).

Discussion
Our primary analysis focussed on the replication of rele-
vant EWAS literature in 120 Batswana men from the

Fig. 6 Change in logarithmic CRP (mg/L) per % methylation change. From left to right: (i) reference EU vs. AA data, (ii) AA vs. PURE-SA-NW data
and (iii) EU vs. PURE-SA-NW data. Model used for PURE-SA-NW EWAS: methylation ~ CRP + age + smoking + BMI + cells + surrogate variables.
Reference data: Ligthart et al. (2016). Green data points represent CpGs where the 95% CIs for effect size estimates in each sample group overlap.
Yellow data points represent CpGs where the 95% CIs for effect size estimates in each sample group do not overlap. Red data points represent
the comparison of effect sizes within the reference cohorts. Black dashed line: line of equality. Blue dashed line: regression line
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PURE-SA-NW cohort. Secondary analysis included the
discovery of novel findings, either investigated for the
first time on the EPIC array, or with the 450K probes in-
corporated in the EPIC array that had not previously
been associated with these traits.
Overall, the 95% CI of effect estimates for 86% (4730

out of the 5498 CpG-trait association tests) of the PURE-
SA-NW associations overlapped with previously reported
findings, and a further 13% (720 out of the 5498 CpG-trait
association tests) were directionally uniform. Generally,
larger effect sizes were observed in the PURE-SA-NW
data than those of the reference studies. Although the rea-
son for differing effect sizes cannot be answered defini-
tively, given the small sample size, the degree of
association seems to be related to population-specific dif-
ferences. Only ~ 1% of our findings (48 out of the 5498
CpG-trait association tests, including 44 unique CpGs)
were directionally inconsistent with its compared associ-
ation reported in the reference study. No data quality con-
cerns were observed for any of these directionally
contradicting findings. Of the 44 CpGs, 36 have mQTLs
[24, 25] for which population differences in MAFs have
been observed by the 1000 genomes project [26].
Overall, these results indicate general consistency in

epigenome-wide associations among ethnicities, but an-
cestry may be important in up to 14% of the tested asso-
ciations. This is supported by the fact that regardless of

the similarity in traits measured among groups, the associ-
ations observed in PURE-SA-NW data consistently
reflected those reported in AA better than in EU/EA co-
horts and better in EU than IA in the case of methylation-
BMI associations. Furthermore, eight novel associations
between the methylation of 450K array probes, present on
the EPIC platform, and alcohol consumption are reported
in the Batswana South Africans that were not previously
observed in populations of different ancestral origins.
These population distinctions indicate the value of ethnic
diversity in epigenetic research.
The only trait for which we were unable to replicate

any associations was age. Apart from the reference study
for age being the smallest of the reference studies in-
cluded (N = 498), there were also clear differences in the
pre-processing, data normalisation and EWAS approach
followed between PURE-SA-NW and Florath et al. [19].
The reference cohort’s analyses were restricted to a pre-
selected set of 200 CpGs, the methylation levels of which
were normalised using Box–Cox transformations. A
mixed regression model with plate and BeadChip as ran-
dom effects was used. For the PURE-SA-NW data, how-
ever, we employed a functional normalisation strategy
on the raw methylation data of all the EPIC BeadChip
probes, followed by linear regression where surrogate
variables were adjusted for as fixed effects to control for
possible unaccounted variance. Our findings remained
directionally consistent with the reference study’s, with
the average difference in effect size amounting to 0.87%
methylation change per year increase in age (calculated
as the percentage difference between the average of the
152 tests’ absolute regression βs of the PURE-SA-NW
vs. Florath et al [19] results).
In terms of findings related to the EPIC array, 11

genome-wide significant alcohol associations are re-
ported here. An additional eight genome-wide significant
alcohol associations were observed for 450K probes
present on the EPIC array. Alcohol consumption con-
tributed to a large portion of the variance in the methy-
lation of these probes, as well as, when reversed, the
probes to the variance in alcohol consumption. Previous
450K CpG-alcohol associations have been used success-
fully to identify risky and heavy drinkers [5]. Our sample
size did not allow stratification of alcohol intake, but we
expect the addition of the alcohol-associated EPIC
probes reported here to enhance the discriminatory po-
tential of the current methylation-based biomarker of al-
cohol consumption [5]. The variance explained by these
findings and their usefulness as potential biomarkers
warrant replication in large and ethnically diverse co-
horts. Larger sample sizes and ethnic diversity will also
permit further exploration of the biological basis of these
findings and their potential application in NCD-related
epigenetic research.

Fig. 7 % Methylation change per year of age in reference vs. PURE-
SA-NW data. Model used for PURE-SA-NW EWAS: methylation ~ age
+ smoking + cell counts + surrogate variables. Yellow data points
represent CpGs where the 95% CIs for effect size estimates in each
sample group do not overlap. Black dashed line: line of equality.
Blue dashed line: regression line
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The strengths of this study are the expansion of current
data, both by using the EPIC array and investigating a
novel study population, after first being able to observe
similar findings to those from independent, highly pow-
ered, previously replicated literature. The overall
consistency between effect sizes is reassuring, not only in
terms of the comparability of the PURE-SA-NW data with
previous findings, but also the consistency in the effect
size and explained variability of novel associations com-
pared to previous EWASs on similar traits [5, 9, 20, 21].
The efficacy of the enhanced coverage of the EPIC array,
to uncover new associations with a range of traits, is
shown in our study, even with our limited sample size.
We motivate the use of this array in future large-scale
analyses, as it is likely to add to the variance that can be
explained using methylation markers and also to identify
novel sites that may be important in prediction, risk strati-
fication or understanding causal disease pathways.
In this study, however, the corresponding limitation to

doubling the coverage of the 450K array was the relative
loss of statistical power, given our sample size. The lack
of power resulted in wide regression CIs for most associ-
ation estimates that limited our capacity for the fine
scale inference of findings. We were able to comment
on general patterns and large differences, but we do not
know whether more subtle differences between popula-
tion subgroups exist. Furthermore, the unavailability of
genomic data in our cohort and the absence of data on
Southern African populations in the 1000 genomes’
database restricted our ability to evaluate MAF differ-
ences between the reference and Batswana South Afri-
can groups. We are, therefore, unable to quantify the
relative contribution of genetic compared to environ-
mental factors in the associations and association differ-
ences observed. The overall congruence in replication
results between cohorts—even when large differences in
phenotypes are demonstrated—does, however, suggest
that these associations might be the result of genetic
architecture rather than environmental differences,
which we expect to affect the investigated traits as well.
The inclusion of only one sex also limits this study in

that no assumptions can be made regarding the general-
isability of these results to black South African women.
However, because all the reference studies we replicated
contained mixed-gender data, there are likely not major
differences in these associations between the sexes.

Conclusions
This study reports that up to 86% of the previously re-
ported epigenome-wide associations observed in other
ethinicities are present in this black male South African
population. While acknowledging the value of ethnic-
specific genomic data, our results support the notion
that current blood-based 450K EWAS findings can

largely be extrapolated to under-represented ethnicities
for whom epigenetic data are not yet available. However,
the population-specific differences in up to 14% of the
CpGs tested, together with the unique associations re-
ported here, do motivate the inclusion of a diversity of
ethnic groups in epigenetic association studies. Investi-
gating multi-ethnic data in epigenome-wide studies
should be considered the golden standard.

Methods
Study design
This study was performed on a sub-sample of individ-
uals participating in the international PURE study [27].
The PURE study includes sub-cohorts across the world,
including one comprising individuals residing in the
NW province of South Africa. This sub-cohort repre-
sents a single, self-reported ethnicity, Batswana South
Africans, who were born and still reside in the NW
province of South Africa. Detailed descriptions of the
international and PURE-SA-NW cohorts have been pub-
lished previously [27, 28].
PURE-SA-NW data were collected in 2005, 2010 and

2015. A total of 126 participants were randomly selected
for the current investigation, from a group of 990 indi-
viduals who took part in the 2015 PURE-SA-NW data
collection. Eligibility depended on the following inclu-
sion criteria: availability of bio-samples, testing negative
for the human immunodeficiency virus at the time of
data collection and male sex. These criteria were incor-
porated to eliminate confounding by sex and CD4 cell
counts in a study with already limited power. The partic-
ipants included in this study are referred to as the
PURE-SA-NW cohort in this manuscript.

Data collection
Height and weight were quantified using a stadiometer
and an electronic scale. BMI was calculated as weight
per unit height squared (kg/m2). WC was measured at
the appropriate landmarks, by qualified anthropometrists
using a steel tape.
An adapted physical activity index questionnaire was

used to gather data to calculate a physical activity index
[29]. Alcohol intake (g/day) was determined from a
quantitative food frequency questionnaire adapted and
validated for use in this population [30]. Participants re-
ported the amount, frequency and any relevant descrip-
tion of the alcoholic drinks they had consumed in the
preceding month. Data were processed to an amount in
g/day, based on the South African food composition ta-
bles using FoodFinder3® software (available from http://
foodfinder.mrc.ac.za). Smoking status (current, former
or never) was self-reported, using a standardised ques-
tionnaire. When used as a covariate, smoking and drink-
ing status were dichotomised into never and ever groups,
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with former smokers/drinkers included in the ever cat-
egory. When investigated as the EWAS exposure, smoking
status and alcohol consumption were classified according
to the classification used in the reference studies.
Fasting blood samples were collected and handled as

described previously [31]. High-sensitivity CRP and fast-
ing blood lipids (TC, LDL-C, HDL-C, TG) were quanti-
fied using the Cobas® Integra 400 (Roche® Clinical
System, Roche Diagnostics, Indianapolis, IN, USA).

DNAm data generation and processing
Whole blood intended for the isolation of genomic DNA
was collected in 9 mL Tempus tubes (Applied Biosys-
tems™, Foster city, CA, USA) at the same time as blood
used for the quantification of all other phenotypes.
Tubes were vortexed for 10 s prior to storage in a −
20 °C freezer for up to 5 days, after which samples were
transferred to cryostorage (− 80 °C) until analysis. DNA
was isolated using QIAGEN Flexigene DNA extraction
kits (QIAGEN® Valencia, CA, USA). The manufacturer’s
protocol was followed with minor modifications.
Upon extraction, the picoGreen® dsDNA quantitation

assay (Invitrogen™, Carlsbad, CA, USA) was used to
quantify DNA. Five hundred nanograms DNA from each
participant was bisulphite-converted using the Zymo EZ
DNAm™ kit (Zymo Research, Irvine, CA, USA), followed
by genome-wide DNAm profiling on the Illumina Infi-
nium MethylationEPIC BeadChip according to the man-
ufacturer’s protocol (Illumina®, San Diego, CA, USA).
Samples were randomised across slides to minimise the

possibility of confounding by batch. Raw signal intensity
data were processed from .idat files using functional nor-
malisation as described by the R package meffil [32]. The
quality threshold for samples and probes was set at 95%.
All probes or samples with a detection p value > 0.01 for
more than 5% of the evaluated measures were excluded. Six
samples were removed on account of low quality: four sam-
ples because of a proportion of undetected probes above
the quality control (QC) threshold and two with outlying
control probes. Probes failing QC were removed prior to
data normalisation (N = 8343). Eventually 857,516 probes
and 120 individuals were included in subsequent data nor-
malisation and analysis. Principal component analysis of
the control probes identified 12 principal components to be
included in the functional normalisation. In addition, slide
was specified as a random effect to be included to address
batch variance. Sample cell fractions (B cells, CD4 and CD8
T cells, neutrophils, monocytes and natural killer cells)
were estimated using the IDOL optimised L-DMR library
for whole blood samples [23].

Identification of reference data using the EWAS catalogue
Data we sought to replicate were extracted from the
EWAS catalogue (http://www.ewascatalog.org, date of

access: 27 April 2019). The EWAS catalogue indexes
EWAS studies performed in a study sample of at least
100 individuals for whom at least 100,000 CpGs were
available genome-wide. Only associations with p < 1 ×
10−4 are included in the catalogue.
Data from the catalogue were pruned according to the

following criteria: (i) the EWAS catalogue trait had to be
available in the PURE-SA-NW study cohort in a com-
parable unit; (ii) methylation-trait associations had to be
replicated (below a p value threshold of 1 × 10−4) in at
least one independent cohort, regardless of tissue, to re-
duce the possibility of including false positive findings
from among the reference studies; (iii) the DNA had to
have been extracted from a blood-based sample; (iv)
DNAm had to be reported in Beta units; and (v) an ef-
fect estimate (β) and standard error had to be available
for each association. Traits that fitted these criteria were
age, alcohol consumption, smoking, BMI, WC, CRP,
HDL-C, LDL-C, TG and TC. To simplify data analysis,
we attempted to replicate results from the largest study
indexed by the EWAS catalogue for each investigated
trait only. The results reported in each replication sub-
section make reference to the particular study used for
comparison, which would have been the largest EWAS
included in the catalogue at the time of writing.

Statistical analysis
Statistical analysis was conducted using R 3.4.3 [33].
The normality of trait data was assessed using Shapiro-
Wilks tests. Linear regression models were used to iden-
tify epigenome-wide associations using the meffil [32]
and ewaff (https://github.com/perishky/ewaff) packages.
DNAm was modelled as a β value between 0 and 1,
representing the ratio of methylated to unmethylated
probes. The relative contribution of exposures to the
variance of outcome variables was determined using the
relaimpo package’s lmg metric from the calc.relimp
function applied to linear models.
For the replication analysis, because of the small sam-

ple size of the PURE-SA-NW study population and,
therefore, limited power, replication of previously pub-
lished results focusses on the size and direction of effect
sizes rather than comparison of p values. Associations
were considered replicable when the 95% CI of the re-
gression β of the reference and the PURE-SA-NW co-
hort overlapped. Most reference studies extracted from
the EWAS catalogue adjust regression models for ‘tech-
nical variation’. In PURE-SA-NW, surrogate variables
were added to all models to reduce any unknown or un-
measured confounding [34]. The sva and generate.con-
founders functions within the meffil and ewaff packages
estimated the surrogate variables that were included in
each model based on the method described by Leek and
Storey [34]. Annotation data were obtained from meffil.
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For the investigation of novel findings, only associa-
tions with p < 9.4 × 10−8 were considered genome-wide
significant [15]. Within our cohort, we estimated 80%
power to detect a 5% difference in methylation at this
threshold for 69% of the EPIC probes, assuming an alpha
level of 0.05 and 530,639 independent tests [15]. Pack-
ages used in analyses, in addition to those already speci-
fied, include BaseR, dplyr, FlowSorted.Blood.EPIC, ggplot,
IlluminaHumanMethylationEPICanno.ilm10b2.hg19,
minfi, readxl and xlsx.

Supplementary information
Supplementary information accompanies this paper at https://doi.org/10.
1186/s13148-019-0805-z.

Additional file 1. EWAS test statistics (PURE-SA-NW vs reference study)
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