
 

 

 

The development and value assessment 
of an integrated cardiovascular disease 

risk score in an African setting 
 

 

Michelle Kamp 
 

 

 

 

 

Supervisors: 

Prof. Michѐle Ramsay 

Prof. Cathryn Lewis 

Dr Oliver Pain 

 

 

A Thesis submitted to the Faculty of Health Sciences, University of the 

Witwatersrand, Johannesburg, in fulfilment of the requirements for the degree of 

Doctor of Philosophy. 

May 2024 

  



ii 

 

DECLARATION 

I, Michelle Kamp, declare that this Thesis is my own, unaided work, unless otherwise 

specified in the text. This thesis is being submitted for the Degree of Doctor of 

Philosophy at the University of the Witwatersrand, Johannesburg, South Africa. It has 

not been submitted before for any degree or examination at this or any other university.  

 

 

Michelle Kamp 

Signed on the 18th of May 2024  

 

  



iii 

 

 

 

 

 

To all those who have supported me on this journey, especially my 

husband and son, and in memory of my dearest friend Zannie and my  

father, Francois. 

 

  



iv 

 

PRESENTATIONS ARISING FROM THIS THESIS  

SCIENTIFIC SEMINARS  

1. Kamp, M. Clinicians’ Perceptions Towards Precision Medicine Tools for CVD Risk 

Stratification in South Africa. Division of Human Genetics’ Seminar series, Faculty 

of Health Sciences, University of the Witwatersrand, Johannesburg, South Africa, 

31 August 2022 (virtual).  

2. Kamp, M. The development of an integrated risk score for Cardiovascular 

diseases in African populations. Social, Genetic & Developmental Psychiatry 

Centre (SGDP) Seminar series, SGDP, King’s College London, London, UK, 27 

April 2023 (in-person).  

3. Kamp, M. The development of an integrated risk score for Cardiovascular 

diseases in African populations. Medical and Molecular Genetics Seminar series, 
King’s College London, London, UK, 21 June 2023 (in-person). 

CONFERENCE PROCEEDINGS  

1. Kamp, M., Pain, O., Lewis, C.M., and Ramsay, M. Study design: The development 

and value assessment of a precision medicine-based Cardiovascular disease risk 

score. Poster presentation at the London Genetic Network Annual Meeting, 

London, UK (virtual), 03 December 2021.  

2. Kamp, M., Pain, O., May, A., Lewis, C.M., and Ramsay, M. Clinicians’ Perceptions 

Towards Precision Medicine Tools for CVD Risk Stratification in South Africa. 

Poster presentation at the European Society of Human Genetic Conference, 

Vienna, Austria (in-person), 14 June 2022.  

3. Kamp, M., Pain, O., May, A., Lewis, C.M., and Ramsay, M. Clinicians’ Perceptions 

Towards Precision Medicine Tools for CVD Risk Stratification in South Africa. 

Poster presentation at the Annual Wits Faculty of Health Sciences Research Day,  

Johannesburg, South Africa (in-person), 15 September 2022.  

4. Kamp, M., Pain, O., Lewis, C.M., and Ramsay, M. The development and value 

assessment of a precision medicine-based Cardiovascular disease risk score in a 

South African setting. Oral presentation at the 14th International Congress of 



v 

 

Human Genetics (ICHG), Cape Town, South Africa (in-person), 23-26 February 

2023.  

5. Kamp, M., Pain, O., May, A., Lewis, C.M., and Ramsay, M. Clinicians’ Perceptions 

Towards Precision Medicine Tools for CVD Risk Stratification in South Africa. 

Poster presentation at the 7th Global Genomic Medicine Conference (G2MC), 

Geneva, Switzerland (in-person), 2-4 October 2023. 

6. Kamp, M., Pain, O., Lewis, C.M., and Ramsay, M. The development and value 

assessment of a precision medicine-based Cardiovascular disease risk score in a 

South African setting. Oral presentation at the 7th Global Genomic Medicine 

Conference (G2MC), , Geneva, Switzerland (in-person), 2-4 October 2023. 

7. Kamp, M., Achilonu, O., Kisiangani, I., Nderitu, DM., Mpangase, PT., Tadesse, 

G.A., Adetunji, K., Iddi, S.,  Speakman, S., Hazelhurst, S., Asiki, G. and Ramsay, 

M. Multimorbidity in African populations: a scoping review. Poster presentation at 

the 3rd Data Science for Health Discovery and Innovation in Africa (DS-I Africa) 

Consortium meeting, Kigali, Rwanda (in-person), 3-9 November 2023.   



vi 

 

PUBLICATIONS ARISING FROM THIS THESIS 

The research findings from this PhD study were written up as four separate 

manuscripts and submitted to international peer-reviewed scientific journals. Three 

manuscripts have been accepted and published by the respective journals, and one 

manuscript is currently under review. The publications are listed below, and the 

student‘s contribution to each publication follows. The signed co-author agreement for 

the use of each publication within this thesis is in Appendix A. 

Published papers:  

1. Kamp, M., Krause, A., and Ramsay, M., 2021. Has translational genomics come 

of age in Africa?, Human Molecular Genetics. 30(R2): R164–R173, 

https://doi.org/10.1093/hmg/ddab180. 

2. Kamp M., Pain O, May A, Lewis CM, Ramsay M. 2022. Clinicians’ Perceptions 

towards Precision Medicine Tools for Cardiovascular Disease Risk Stratification 

in South Africa. Journal of Personalized Medicine. 12(9):1360. 

https://doi.org/10.3390/jpm12091360 

3. Kamp M., Achilonu, O., Kisiangani, I., Nderitu, DM., Mpangase, PT., Tadesse, 

G.A., Adetunji, K., Iddi, S.,  Speakman, S., Hazelhurst, S., Asiki, G. and Ramsay, 

M. as members of the MADIVA Research Hub and the DS-I Africa Consortium. 

2023. Multimorbidity in African ancestry populations: a scoping review. BMJ 

Global Health. 8:e013509. http://dx.doi.org/10.1136/bmjgh-2023-013509  

Papers under review:  

4. Kamp, M., Pain, O., Lewis C.M., and Ramsay, M., 2023. Combining ancestry-

aligned polygenic risk scores with conventional risk factors improves 

cardiovascular disease risk stratification in African populations. Genome 

Medicine. 

PhD student’s contribution to each publication: 

In each publication, in partnership with supervisors, the student was responsible for 

the study design and conceptualisation of each sub-study, as well as project 

coordination, including data collection (where appropriate) and data management. The 

student performed data cleaning, statistical analyses, interpretation of results, and the 

https://doi.org/10.1093/hmg/ddab180
https://doi.org/10.3390/jpm12091360
http://dx.doi.org/10.1136/bmjgh-2023-013509


vii 

 

writing and revision of each manuscript. Co-authors provided methodological advice, 

coding support, statistical assistance, and critically reviewed the manuscripts.  



viii 

 

GRANTS AND AWARDS  

• 2020: Recipient of a PhD fellowship for PhD fees and stipend through the from 

the NIH AWI-Gen grant held by Prof. Michѐle Ramsay.  

• 2020: Recipient of the Postgraduate Merit Award for PhD fees and stipend 

through the University of the Witwatersrand.  

• 2021: Recipient of the Postgraduate Merit Award for PhD fees and stipend 

through the University of the Witwatersrand.  

• 2022: Recipient of the Postgraduate Merit Award for PhD fees and stipend 

through the University of the Witwatersrand.  

• 2022: Recipient of a University of the Witwatersrand Faculty Research Committee 

(FRC) Individual Research Grant (R3 000).  

• 2022 and 2023: Recipient of the Phillip Vallentine Tobias Educational Bursary 

through the University of the Witwatersrand.  

• 2020: Recipient of a PhD fellowship for PhD fees and stipend through the NIH 

MADIVA Grant held by Prof. Scott Hazelhurst.  

• 2023: Recipient of the NIH Travel Fellowship to attend the International Congress 

of Human Genetics (ICHG) 2023.  

• 2023: Recipient of the DS-I Africa Travel Fellowship to attend the 3rd Data 

Science for Health Discovery and Innovation in Africa (DS-I Africa) Consortium 

meeting 2023. 

 

 

  



ix 

 

ABSTRACT 

Cardiovascular diseases (CVD) are a significant health threat in Africa and are a 

leading cause of mortality and morbidity in the region. Risk stratification is the 

preferred approach to disease prevention but is challenging to apply due to scarce 

data and current scores not being validated in African populations. CVD risk is 

influenced by genetic and environmental factors, with the latter mostly considered in 

risk calculators. Precision medicine (PM) aims to tailor medical diagnostics and 

therapeutics by leveraging the genetics, environment, and lifestyle of individual 

patients. Polygenic scores (PGS) can quantify an individual’s genetic burden for CVD 

and improve the predictive value of risk tools when included with conventional risk 

factors. PGS for European ancestry populations are reaching the point where they 

may be useful in clinical care. However, transferability of European-derived PGS to 

African populations is limited and may hamper application in clinical practice. 

The overarching aim of the study was to develop and evaluate an integrated CVD risk 

score incorporating both genetic and non-genetic factors for continental African 

populations. This comprised of developing ancestry-aligned PGS for various 

cardiometabolic traits, and then deriving, evaluating, and comparing the predictive 

utility of genetic, non-genetic, and integrated (genetic + non-genetic) CVD risk 

prediction models using elastic net regression with nested 10-fold cross validation. 

Furthermore, we aimed to contextualise the potential utility of such PM-based tools in 

Africa through an assessment of the current landscape of translational genomics on 

the continent and by gauging clinician’s perceptions on implementing the derived 

CVD-risk stratification tool in South Africa’s public health setting.  

This study demonstrated the potential of genetic information to enhance disease risk 

stratification among continental African populations. Results revealed PGS provide 

both independent and complementary information in predicting dyslipidaemia, 

hypertension, and obesity - integrated scores improved prediction by at least 2.5% 

compared to models consisting of non-genetic factors alone. The study also highlights 

the challenges limiting the advancement of PM in Africa – 1. the paucity of genetic 

and phenotypic data within continental African populations limits the development and 

validation of robust and clinically useful models. This challenge is exacerbated by 
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Euro-centric genomic and computational tools and echoes the call for more inclusive 

methodological approaches. 2. Despite positive perceptions of PM, there is an urgent 

need to address complex structural and operational barriers, including insufficient 

funding, lack of political will, healthcare infrastructure deficits, and training and 

education gaps. 
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PREFACE 

My journey to a PhD in Human Genetics has been non-linear through diverse 

corporate and academic roles. A growing curiosity and respect for the rigorous nature 

of research drew me back to academia. My interest in genomics, especially polygenic 

risk scores, is due to the promise of genomic medicine and its potential health impact 

for all. I am particularly interested in health equity and have aimed to consider the 

implementation of genomic advances where resources are scarce. I am inspired by 

trailblazing women scientists, such as Prof. Michѐle Ramsay, who champions African 

genomics on a global stage, and hope to contribute to this in some way. 

This PhD thesis is presented in the ‘integrated‘ format’, which includes four 

manuscripts. Three manuscripts have been accepted for publication in the respective 

journals, and one is currently under review. The thesis is divided into three sections 

that are further divided into additional chapters as outlined below:  

• Section 1: Background and Study Context  

This section describes the literature around the topic, the aims and objectives of 

the study, and the approach taken to conduct the research.  

o Chapter 1: Introduction  

o Chapter 2: Methodological approach 

• Section 2: Publications  

This section consists of four publications conducted during this PhD study.  

o Chapter 1: Has translational genomics come of age in Africa? 

o Chapter 2: Combining ancestry-aligned polygenic risk scores with 

conventional risk factors improves cardiovascular disease risk stratification 

in African populations.  

o Chapter 3: Clinicians' perceptions towards Precision Medicine tools for 

Cardiovascular disease risk stratification in South Africa. 

o Chapter 4: Multimorbidity in African ancestry populations: a scoping review. 

Section 3: Integrated Discussion 
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This section consists of an integrated discussion that consolidates the findings in all 

four manuscripts and ends with an overall conclusion. 

o Chapter 1: Publication summaries 

o Chapter 2: Key themes emanating from this thesis 

o Chapter 3: Strengths, limitations, and future directions 

o Chapter 4: Overarching conclusion 
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Section Overview  1 

This chapter provides the background to the study and key methodological 2 

approaches used.  3 

Chapter 1 aims to provide an overview of the literature across key project domains, 4 

specifically, precision medicine in Africa, cardiovascular diseases - and the potential 5 

of precision medicine-driven care such as enhanced risk stratification through 6 

polygenic risk scores, and the clinical translation of such approaches in an African 7 

setting (Figure 1). In addition, given that cardiovascular diseases rarely occur in 8 

isolation in Africa due to the substantial and overlapping chronic infectious disease 9 

burden, this chapter introduces the concept of multimorbidity and suggests that 10 

effective precision medicine will also require the consideration of concomitant 11 

diseases and their impact on diagnosis, prognosis, and treatment. Finally, the 12 

motivation behind the study, the overarching aim, and the specific objectives are 13 

described. 14 

 15 

Figure 1: The three key domains of interest in this body of work - Precision 16 
medicine, Cardiovascular diseases, and Clinical translation 17 
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Chapter 2 describes the study setting, sample, and methodological approaches used 1 

to achieve each objective. This chapter aims to provide details on specific 2 

methodology and statistical analyses described in the publications (Section Two). 3 

Given their complexity, this chapter will focus on polygenic and integrated score 4 

development methodology and statistical approaches. Although described in more 5 

detail, there will be overlap with the methods described in the draft manuscript 6 

(Section 2: Publication 2). The methods used in the clinical utility assessment and 7 

multimorbidity scoping review are sufficiently described in their respective 8 

publications (Section 2: Publication 3 and 4). 9 

  10 
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Chapter 1: INTRODUCTION 1 

1.1. Precision Medicine  2 

Precision medicine (PM) is a healthcare model that challenges the prevailing ‘one-size-3 

fits-all’ care and treatment approach. PM aims to tailor medical diagnostics and 4 

therapeutics by leveraging the genetics, environment, and lifestyle of individual 5 

patients. It aims to improve clinical decision-making by distinguishing patients more 6 

likely to benefit from a specific treatment from those who might not respond or suffer 7 

side effects. As a result, healthcare delivery efficiency could be increased; 8 

encompassing improved patient treatments, better resource allocation and cost 9 

management, and a reduction in the number of return visits (1).  10 

The tools by which PM seeks to achieve its goals are ‘omics’ - genomics, epigenomics, 11 

transcriptomics, proteomics and metabolomics - large-scale biological information 12 

which seek to understand the structure and function of biological organisms, artificial 13 

intelligence, machine learning (ML), environmental, social, and behavioural factors and 14 

their integration with preventive and public health (2).  15 

Advances in genomics, including large-scale biobanks, advanced genome-based 16 

technologies, and powerful computational tools that provide insight into biological 17 

mechanisms and drug targets (3) have contributed to PM approaches being 18 

increasingly adopted. One such example is Canrisk, the extension of the Breast and 19 

Ovarian Analysis of Disease Incidence and Carrier Estimation Algorithm 20 

(BOADICEA)(4). The updated algorithm includes genetic factors to systematically 21 

identify individuals at highest and lowest risk of breast cancer and is routinely used in 22 

the UK and other European settings (5). In addition to lifestyle (e.g. alcohol intake), 23 

hormonal (e.g. oral contraceptive use), reproductive (e.g. age at menarche), 24 

anthropometric (e.g. height and body mass index (BMI)) and mammographic density 25 

risk factors, CanRisk now incorporates an assessment of genetic risk components, 26 

specifically through the effects of truncating variants in BRCA1, BRCA2, PALB2, 27 

CHEK2, and ATM genes; a polygenic risk score (described in further detail in Section 28 

1.4.2) consisting of 313 single-nucleotide polymorphisms (SNPs), and a residual 29 

polygenic component accounting for other genetic/familial effects (6).  30 
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Risk prediction is central to PM and clinical decision-making, providing the ability to 1 

stratify a population into distinct risk categories to optimise the risk–benefit balance of 2 

public health or clinical interventions (7), and is a key approach which can be applied 3 

in the identification and treatment of patients with cardiovascular diseases (CVD).  4 

Subsequent sections detail the current status of CVD in Africa, the prevention and 5 

treatment strategies employed, and the advancements in CVD genetics-associated 6 

methodologies for the development of PM-based tools for CVD in African populations. 7 

1.2. Cardiovascular diseases  8 

Cardiovascular diseases (CVDs) are a set of heterogeneous diseases with different 9 

but overlapping aetiologies affecting the heart and blood vessels, including coronary 10 

artery disease (CAD), stroke, cardiomyopathy, and congenital heart disease. Most 11 

CVD fatalities, among men and women, arise from CAD and stroke (8). Atherosclerosis 12 

– the accumulation of fatty deposits in the arteries, is a primary cause. Common risk 13 

factors include older age, female sex, sedentary behaviour, and intermediary 14 

conditions, such as diabetes, hypercholesterolaemia, hypertension, and obesity (9). 15 

CVDs, the leading non-communicable diseases worldwide, accounted for an  16 

estimated 17.8 million deaths in 2017, which is expected to reach 22.2 million deaths 17 

in 2030 (10). Contrary to historical perceptions, CVDs are no longer limited to affluent 18 

nations, with over 75% of deaths occurring in low- and middle-income regions, such 19 

as Africa (11), due to population-wide demographic, social, and economic shifts (12), 20 

and the associated rise in diabetes and hypertension. South Africans are at particularly 21 

high risk as they have some of the highest prevalence of obesity, hypertension, 22 

undiagnosed diabetes mellitus, smoking and high cholesterol on the continent (13). 23 

These risk factors for CVD also constitute diseases in their own right; hypertension, 24 

dyslipidaemia, obesity, and abnormal glucose levels are disorders that require medical 25 

intervention. These precursor conditions accelerate pathologies in the vascular, 26 

cerebral, and myocardial systems. Over time, these pathologies can evolve into 27 

serious complications, including strokes, myocardial infarctions, and kidney diseases 28 

(14). 29 

CVDs have diverse symptoms, age of onset, and prevalence characteristics due to 30 

their complex and multifactorial aetiology, stemming from a combination of genetic 31 
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susceptibility, environmental exposures, and lifestyle factors (15). Key CVD risk factors 1 

are split into modifiable (smoking, alcohol, high blood pressure, obesity, poor diet, and 2 

physical inactivity) and non-modifiable factors (age, sex, and genetics) (16). 3 

Inadequate preventative screening, delayed diagnosis, and limited access to effective 4 

and equitable healthcare services are exacerbating the CVD epidemic in Africa, which 5 

in turn, impedes social development. Premature deaths during prime working years 6 

limit economic contributions and the potential to uplift households (17). In 2008, South 7 

Africa lost 117,963 potentially productive years of life (PPYLL) due to CVDs among the 8 

population aged 35–64 years, and this is projected to reach 199,964 in 2050. Although 9 

years lost in South Africa are not as high as other middle income countries given 10 

population size (Brazil: 741,065; China: 2,247,802; India: 11,920,506; Russia: 11 

1,362,436), the country will see the second greatest increase in PPYLL between the 12 

two time periods, 70% (Brazil: 59%; China: 17%; India: 108%; Russia: -19%), and 13 

PPYLL are far higher than in Portugal (10,052 in 2050; -16% between 2008 and 2050), 14 

the country with lowest CVD death rates in Europe (14). CVDs place a heavy financial 15 

burden on households and the economy, with out-of-pocket expenditure common 16 

(9,17), and CVDs account for a significant proportion of national health expenditure. 17 

Recent estimates of the latter are not readily available, but approximately 25% of South 18 

African healthcare expenditure was devoted to the direct treatment of CVD in 1991 19 

(18). 20 

CVD prevention and control requires a two-pronged approach involving both 21 

population-wide and individual interventions (17). Public measures include the taxation 22 

of foods containing high levels of fat, sugar, or salt, i.e., legislating the reduction of 23 

these ingredients in purchased foodstuffs, and implementing tobacco and alcohol 24 

control initiatives. Personal interventions focus on health screening, medication, and 25 

lifestyle modifications, but these need to be targeted at those with a high CVD risk (17). 26 

While South Africa has adopted population-wide approaches - it was the first country 27 

to introduce salt reduction legislation (19) and passed the sugary beverage taxation 28 

(20) - personalised interventions based on CVD risk stratification remain challenging 29 

to implement as data on the genetic and environmental risk factors of CVD in African 30 

populations is scarce. 31 
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1.2.1. Cardiovascular disease risk stratification  1 

Globally, assessing CVD risk is complex and requires an integrated approach involving 2 

multiple risk factors to predict the likelihood of experiencing a CVD event within a 3 

specified timeframe (21). Almost all CVD guidelines recommend risk-scoring strategies 4 

for clinical decision-making, cost-effective planning of primary prevention 5 

interventions, and reduction of absolute risk through behaviour change and 6 

medications, such as statins (22). The practice is well-established in most high-income 7 

countries and endorsed by the WHO for low- and middle-income countries (21). 8 

Numerous CVD risk prediction models have been developed, including the 9 

Framingham 10-Year Risk of General Cardiovascular Disease score, The Pooled 10 

Cohort Equation for Atherosclerotic Cardiovascular Disease (PCE), and QRISK3, 11 

(Appendix D) (16) to estimates the 10-year risk of developing CVD. The Framingham 12 

score and its variations are most widely used and endorsed by various international 13 

and local committees, including those in South Africa (e.g., South African Heart 14 

Association, Lipid and Atherosclerosis Society of Southern Africa, Southern African 15 

Hypertension Society and National Department of Health) (23–25). 16 

The Framingham  algorithm  was developed based on data from the Framingham Heart 17 

Study, a long-term, ongoing cardiovascular cohort study of residents of the town of 18 

Framingham, Massachusetts, USA. The score integrates age, gender (meaning 19 

biological sex in this context), smoking status, blood pressure, and cholesterol levels, 20 

utilising sex-specific Cox proportional-hazards regressions to gauge CVD risk (see 21 

Appendix E for sex-specific weightings). It applies to men and women with no prior 22 

history of CVD (26). For resource-limited settings, where blood lipid assessments are 23 

costly, the Framingham model has been successfully modified to the ‘Framingham’s 24 

non-laboratory test’ by substituting cholesterol with body mass index (BMI) (27). 25 

The Framingham 10-Year Risk of General Cardiovascular Disease score formula is as 26 

follows: 27 

 28 
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Where S0(t) represents baseline survival at follow-up time t, βi denotes the estimated 1 

regression coefficient, Xi signifies the log-transformed value of the ith risk factor (if 2 

continuous), 𝑋𝑋𝑋̅̅̅𝑋 corresponds to the respective mean, and p represents the number of 3 

risk factors. The factors by which each risk factor is multiplied (by sex) are detailed in 4 

Appendix D. 5 

The model’s authors acknowledge several limitations to the model, including its 6 

development using a North American-based data set, and primarily with European-7 

ancestry participants. Cultural and lifestyle risk factors differ worldwide and those 8 

identified in this US-based dataset may not apply across diverse global populations 9 

Also, other risk factors, such as abdominal obesity, indications of insulin resistance, 10 

triglycerides, and a strong family history of premature CVD that may be more predictive 11 

of CVD in both US-based populations and others are excluded (26). 12 

The Pooled Cohort Equation for Atherosclerotic Cardiovascular Disease (PCE), 13 

developed in 2013 but not widely implemented in Africa, aims to address 14 

Framingham’s shortcomings in estimating risk among ethnic minority groups (22). The 15 

PCE model was developed by the American College of Cardiology/American Heart 16 

Association (ACC/AHA) using pooled data from several large, diverse, community-17 

based cohorts in the United States, and thus more ethnically diverse. This model 18 

includes the same risk factors as the Framingham Risk Score, albeit with different risk 19 

factor weightings to reflect the different populations and methodologies used in model 20 

development, but also considers ethnicity, and has separate equations for European 21 

and African–American groups (28). Similarly, QRISK3 is a risk calculation tool 22 

developed in the UK to assess the risk of CVD among those living in the UK. It includes 23 

risk factors like age, cholesterol levels, and blood pressure, as well as additional factors 24 

such as ethnicity, Body Mass Index (BMI), family history of CVD, socioeconomic status, 25 

and  medical conditions like rheumatoid arthritis, chronic kidney disease, and diabetes 26 

(29). 27 

While the applicability of Framingham, QRISK3, and PCE models to sub-Saharan 28 

Africa remains largely unexplored - meaning that they have not been validated nor 29 

calibrated for African populations, a study examined the concordance between 30 

Framingham's laboratory, Framingham's non-laboratory, and PCE equations among 31 

Ghanaian migrant and resident populations without evident CVD and identified 32 
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significant differences. Results indicated that CVD risk prediction using the same 1 

algorithm differed between migrant and resident populations, that there was a lack of 2 

concordance in CVD predictions by different risk algorithms, and despite being 3 

adapted for resource-poor settings, the interchangeability of Framingham’s laboratory 4 

and non-laboratory algorithms within these populations was limited (22). Similarly, 5 

another study assessing CVD risk across different African regional populations noted 6 

discordance in predictions by six different risk algorithms (30) 7 

A systematic review of risk prediction models revealed that there are approximately 8 

363 different models, with most relying on similar risk factors. However, most are of 9 

limited usefulness due to their lack of external validation (28). The same review showed 10 

that less than 1% of these models include genetic data in determining CVD risk despite 11 

growing evidence that individual genetic variation influences predisposition to complex 12 

diseases (28).  13 

Inadequate risk-based management may lead to overtreatment or undertreatment, 14 

hampering the effective prevention of CVD and access to appropriate care. Thus, it is 15 

imperative to explore a robust and validated CVD risk model that encompasses 16 

clinically relevant risk factors, is tailored to local populations, and incorporates 17 

individual genetic variability (15,28). 18 

1.2.2. Cardiovascular disease genetics  19 

Heritability (h2) quantifies the relative contribution of genetic susceptibility to disease 20 

predisposition in a population. Defined as the proportion of phenotypic variation in a 21 

population that can be explained by genetic variation, heritability is governed by the 22 

underlying genetic architecture of the disease of interest (15).  23 

The genetic architecture of disease encompasses the number and frequency of 24 

genetic variants influencing disease risk, the magnitude of their influence on disease 25 

predisposition, and the prevalence of the disease in the general population (15). 26 

Common chronic diseases rarely follow a single-gene Mendelian inheritance pattern. 27 

In fact, in many chronic diseases, only a small fraction of individuals with the disease 28 

phenotype (approximately 1–10%) result from rare (minor allele frequency (MAF) 29 

<0.5%) high-risk pathogenic genetic variants (15). Examples include monogenic forms 30 

of obesity (leptin deficiency) and a dominant predisposition to breast and ovarian 31 
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cancer (BRCA1 and BRCA2 pathogenic variants). The heritability of common adult-1 

onset diseases is conferred by numerous common (MAF >5%) and low-frequency 2 

(MAF between 0.5% and 5% ) genetic variants that individually contribute small effects 3 

(7,31).  4 

Genetic factors contributing to CVD risk and associated phenotypes range from rare 5 

high penetrance variants responsible for inherited cardiovascular conditions (e.g., 6 

familial hypercholesterolemia) to common low-penetrance single nucleotide 7 

polymorphisms (SNPs) that modulate risk of CVD in those with common forms of 8 

disease. A SNP is the simultaneous occurrence, at the same locus, of two or more 9 

distinct alleles where the frequency of the least common allele is greater than or equal 10 

to 1%. There are several genetic tests that inform diagnosis or guide treatment. These 11 

tests are largely focused on few variants with high effect. For example, a genetic testing 12 

panel including genes such as KCNQ1, KCNH2, and SCN5A is used to diagnose Long 13 

QT Syndrome (32). Also, screening for mutations in the TITIN gene aids in confirming 14 

a diagnosis of dilated cardiomyopathy (33). 15 

Family- and twin studies estimate the twin heritability of CAD at between 40 and 60% 16 

(34,35) and the SNP heritability of stroke between 30 and 40% (36), indicating a 17 

substantial genetic predisposition to the diseases. However, given the complex nature 18 

of these diseases, identifying robust genetic associations remains an ongoing pursuit. 19 

Nevertheless, through the concurrent establishment of large collaborative consortia, 20 

such as CARDIoGRAM (Coronary ARtery DIsease Genome-Wide Replication And 21 

Meta-Analysis) (37) and the Coronary Artery Disease (C4D) Genetics consortium (38), 22 

novel technologies, and approaches, such as genome-wide association studies 23 

(GWAS), and improved statistical approaches, many loci have been identified, and 24 

have provided invaluable insights into biological processes contributing to disease 25 

aetiology. 26 

1.2.2.1. Genome-wide association studies (GWAS) 27 

GWAS have contributed to successfully identifying genetic variants associated with 28 

CVD phenotypes. GWAS are large-scale, hypothesis-free genetic analyses that 29 

explore the relationships between sites of common genome sequence variation and 30 

disease predisposition on a genome-wide scale (39). A GWAS identifies differences in 31 

the frequency of SNPs across the genome between cases, such as those with coronary 32 



11 

 

artery disease (CAD), and control groups. In 2007, the first GWAS focusing on CAD 1 

identified a disease-associated locus on chromosome 9p21 (CDKN2A, CDKN2B). This 2 

locus has been replicated across multiple cohorts and is considered one of the 3 

strongest genetic risk factors for CAD. Saying that, the effect size of this variant is still 4 

low compared to traditional risk factors and cannot be used alone for prediction. A 5 

recent GWAS consisting of 181,522 cases among 1,165,690 participants identified 241 6 

independent associations at 198 loci,  including PCSK9, APOE, and LDLR, which are 7 

related to lipid metabolism, inflammation, blood pressure regulation, and vascular 8 

function (40). 9 

Genetic association studies for type 2 diabetes mellitus (41,42) and CAD (43,44) 10 

indicate that common variants with small effect sizes explain most of the disease 11 

heritability. Little to no evidence of low-frequency variants with moderate or larger 12 

effects (odds ratio >1.5) were uncovered despite the studies being well-powered to 13 

detect such associations (15). Despite this, all the identified loci together still only 14 

explain a small fraction of disease heritability (CAD SNP-based h2 = ~ 10%, stroke h2 15 

= ~ 10%, diabetes h2 = ~ 10%). One reason for this is that common diseases are highly 16 

polygenic, and genetic variants with small effect sizes act cumulatively to increase risk. 17 

Simultaneously investigating thousands of SNPs, which individually do not reach 18 

statistical significance in a GWAS, could account for a greater proportion of the 19 

heritability (45). Polygenic risk scoring, described in more detail below, tests the 20 

predictive power of such an ensemble of markers.  21 

1.2.2.2. Polygenic risk scores (PGS) 22 

Polygenic risk scores (PRSs), or polygenic scores (PGS), are calculated at the level of 23 

the individual and therefore are ascribed potential utility for ‘precision’ medicine. PGS 24 

summarise genome-wide disease-associated genotype data into a single value 25 

estimate of an individual's total genetic risk (or burden) for a disease over multiple 26 

susceptibility variants. They are an attractive biomarker, as they are easy to calculate 27 

and store, stable across an individual's lifetime, and provide a ‘baseline risk’ on which 28 

external influences act to modulate disease and disease susceptibility (15,46). 29 

PGS are calculated as the summation of the number of risk alleles an individual carries, 30 

weighted by corresponding genotype effect size estimates derived from summary 31 

statistic GWAS data. Analyses can be characterised by the two input data sets that 32 
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they require: (1) base GWAS data, specifically, the summary statistics (e.g., for each 1 

associated SNP, the effect size (betas for continuous traits or odds ratios for 2 

dichotomous (i.e. case-control) studies), significance of the association of genotype-3 

phenotype associations (p-values), and (2) target data: the genotypes and 4 

phenotype(s) of individuals in the target sample. Critical considerations when deriving 5 

PGS is which SNPs to select for the score, and what, if any, shrinkage to apply to the 6 

GWAS effect size estimates (47). 7 

The Clumping and Thresholding (C+T) technique is the most common method for 8 

computing PGS. The clumping step gathers SNPs that are in linkage disequilibrium 9 

(LD) within a specific genomic window, prioritising the most significantly associated 10 

SNP for PGS construction. LD refers to when alleles at different loci are associated 11 

with each other more often than chance. This non-random association, typically due to 12 

their proximity on a chromosome, results in alleles at two loci being inherited together 13 

(48). LD across a region implies that association will be detected at several SNPs and 14 

does not imply independent genetic contributions to the disease. Adjustment for LD is 15 

essential to avoid double-counting an association at a specific locus.  16 

Thresholding selects SNPs based on their association p-values. Any SNPs with p-17 

values below a fixed threshold, which is more liberal than genome-wide significance, 18 

are included in the PGS calculation, and those above the threshold are excluded. This 19 

methodological choice was influenced by the observation that only a fraction of SNP-20 

based heritability is captured by SNPs achieving conventional GWAS significance (p 21 

< 5x10-8). As such, thresholding is used to identify potentially relevant SNPs with 22 

smaller effect sizes that might be overlooked in typical GWAS. To find the best 23 

association with the phenotype, a range of thresholds is typically evaluated. While C+T 24 

offers an easy-to-understand approach, it may not leverage all the available 25 

information (47). 26 

Additional methods dealing with LD include Bayesian inference and penalised 27 

regression and have  shown enhanced PGS prediction (49,50). Unlike (C+T) which 28 

accounts for LD through assessment of SNP-SNP correlations, the Bayesian inference 29 

and penalised regression usually shrinks, or downweighs, the effect sizes of individual 30 

SNPs before their inclusion into a PRS, taking the local strength of LD into account 31 

(51). Simulation studies by Pain et al. (2021) (52) evaluated the predictive performance 32 
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of eight PGS methods, including p-value thresholding and clumping (pT+ clump), 1 

SBLUP, lassosum, LDpred1, LDpred2, PRScs, DBSLMM and SBayesR in the UK 2 

Biobank and the Twins Early Development Study (TEDS); specifically. LDpred2, 3 

lassosum, and PRScs were highlighted as top performers when using 10-fold cross-4 

validation, surpassing pT+clump by 16-18% in terms of correlating observed and 5 

predicted outcomes. Elastic net models that integrated multiple polygenic scores from 6 

a range of parameters consistently enhanced predictions (52).  7 

Genome-wide PGS for many traits have substantially greater predictive power when 8 

they include SNPs associated at a higher p-value than using a small number of 9 

genome-wide significant SNPs (47). PGS for CAD, atrial fibrillation, type 2 diabetes, 10 

inflammatory bowel disease, and breast cancer identified 8.0, 6.1, 3.5, 3.2, and 1.5% 11 

of individuals in the study population, respectively, at greater than threefold increased 12 

risk. For CAD, this 8% of the population is 20-fold higher than the carrier frequency of 13 

rare monogenic mutations, which confer comparable risk. These results suggest that 14 

PGS can identify people at elevated risk similar to that conferred by rare variants (53). 15 

However, the utility of PGS is limited and more predictive models would include other 16 

aspects of the disease causality, including environmental factors, which may not only 17 

be important determinants of risk but could also be potentially modifiable through 18 

changes in lifestyle or other interventions (7). Using CAD as an example, PGS have 19 

shown better prediction of CAD outcomes than any single traditional risk factor alone 20 

(54).  21 

1.2.2.3. Integrated risk scores 22 

An integrated risk score combines the assessment of conventional risk factors (e.g. 23 

age, blood pressure, cholesterol levels, smoking status) with PGS, which are derived 24 

from genetic information, to provide a more comprehensive evaluation of an 25 

individual's risk for developing a certain disease or condition. Several studies 26 

assessing the predictive performance of integrated risk scores have shown the value 27 

of combining different risk factors (54–56). Tada et al. (2015) (56) showed that adding 28 

a PGS to a model based on established risk factors for CHD, including family history, 29 

had the effect of improving risk classification and discrimination. Inouye, et al. (2018) 30 

(54) also noted that integrated scores inclusive of PGS and conventional risk factors, 31 
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such as smoking and BMI, substantially increased prediction over PGS and 1 

conventional risk factors alone (54).  2 

More recently, Riveros-McKay et al. (2022) (55) developed a novel PGS for CAD using 3 

data from the UK Biobank. The PGS was combined with existing CVD risk stratification 4 

tools (PCE, QRISK3) to form an integrated risk tool (IRT). The CAD PRS exhibited 5 

greater prediction power for CAD occurrences than other available PGSs and had 6 

minimal correlation with both PCE and QRISK3. The IRT, when combined with PCE, 7 

outperformed in predictive accuracy. When specifically looking at how the IRT 8 

classifies individual risk, at high, average, or low risk,  the IRT identified 10.4% of CAD 9 

cases labelled as low risk by PCE, as high risk , whereas only 4.4% were misclassified 10 

by the IRT in contrast to the PCE. The net enhancement in classification by the IRT 11 

was 5.9%. Further, when participants were segmented by age and sex, the IRT's 12 

superiority was evident across all categories, particularly in men aged 40-54 years, 13 

with a 15.4% improvement. Similar favourable results were observed when integrating 14 

with QRISK3 and when considering a broader spectrum of cardiovascular diseases 15 

(55). In a subsequent paper, this integrated score’s improved prediction was validated 16 

across ancestries, notably European, African, and South Asian populations. However, 17 

wider variations in results were observed for groups with smaller sample sizes (57). 18 

Importantly, while these findings suggest transferability across ancestries, the African 19 

ancestry individuals in this study are primarily African Americans, Afro-Caribbeans, or 20 

Black Africans living in the UK. Using such populations as proxies for continental 21 

Africans has limitations (58). Consequently, the score's performance in African 22 

ancestries residing in Africa still remains unknown.  23 

1.2.2.4. Transferability of PGS  24 

Although risk loci are often relevant across populations, allele frequencies and LD 25 

patterns differ [28]. The majority, close to 90% (88.6%) of PGS have been developed 26 

from GWASs consisting primarily of participants from European populations (59). Euro-27 

centric PGSs pose major ethical and scientific challenges surrounding their clinical 28 

implementation and relevance in non-European populations. Martin et al. (2019) (60) 29 

examined  prediction accuracy, defined as the correlation between true and genetically 30 

predicted phenotypes, for 17 anthropometric and blood-panel traits in UK Biobank 31 

participants, and observed a decline in genetic prediction accuracy across global 32 
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populations using European-derived PGS (Figure 2). Specifically, accuracy decreased 1 

by approximately 1.6 times for both Hispanic/Latino Americans and South Asians 2 

(SAS), 2.0 times for East Asians (EAS), and 4.5 times for Africans (AFR). Authors 3 

concluded that in their current form, although they provide invaluable insight,  4 

European-derived PGS have the potential to exacerbate health disparities and afford 5 

greater healthcare benefits to those of European descent (60).  6 

 7 

Figure 2: Prediction accuracy relative to European-ancestry individuals across 8 
17 quantitative traits and 5 continental populations in the UK biobank (Martin et 9 
al., 2019).  10 

Violin plots show distributions of relative prediction accuracies. Points show mean 11 
values, and error bars show standard error of the mean (s.e.m) values. 12 

A recent review of PGS and their use in disease risk prediction in Africa by Fatumo 13 

and colleagues (2023) (59) highlight that using large-scale African ancestry cohorts as 14 

discovery sets in the development of PGS may generate more generalisable scores. 15 

To realise the full and equitable potential of PGS and ensure health disparities are not 16 

exacerbated, greater diversity in genetic studies and improved methods must be 17 

prioritised. Several novel multi-ancestry methods have been developed, including 18 

PRS-CSx (61) and BridgePRS (62), that consider population specific LD structure and 19 

coefficient weightings. However, predictive utility remains relatively low in African 20 

ancestry populations compared to other ancestry groupings (EUR, EAS, and SAS), 21 
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and importantly African representation is largely amongst African diaspora, including 1 

African Americans, suggesting prediction may be even lower for continental Africans. 2 

Nonetheless, the most appropriate method for capturing polygenic risk in African 3 

populations remains unclear. To address some of these challenges, this study aims to 4 

develop ancestry-aligned PGS using GWAS summary statistics and target data from 5 

continental Africans.  6 

1.3. Clinical translation 7 

As discussed, current clinical risk prediction relies primarily on basic demographic, 8 

lifestyle, and clinical characteristics with limited inclusion of underlying genetic 9 

predisposition. The clinical application of PGSs relates to the assessment of an 10 

individual’s score in relation to the population. For example, individuals with the highest 11 

disease risk based on PGS values, might be offered regular screening, recommended 12 

lifestyle modifications or prescribed therapeutic interventions (7). The potential value 13 

of using PGS has been observed in the UK for breast cancer, where PGS is used to 14 

stratify women according to breast cancer risk and explore the implications for initiating 15 

screening at different  ages (63,64). The use of PGS  for cardiovascular diseases has 16 

yet to be translated widely into the clinical setting, but a recent clinical trial conducted 17 

in the UK evaluated the real-world feasibility, acceptability, and impact of an integrated 18 

risk tool, inclusive of PGS,  for a cardiovascular disease (CVD IRT). This tool combines 19 

the standard QRISK2 risk algorithm with a PGS. The trial noted that among healthcare 20 

professionals and participants  within the trial, CVD IRT implementation was feasible 21 

and well accepted. Importantly, the results of the CVD IRT were associated with 22 

planned changes in prevention strategies (65).  23 

However, there are substantial barriers to the development and implementation of 24 

PGS, particularly in low- to middle-income settings.  An integrated CVD risk score 25 

approach requires substantial investment in infrastructure and genetic and scientific 26 

capacity, including access to large-scale genotyping facilities and extensive training of 27 

medical professionals. Importantly, education for clinicians and the public will be 28 

necessary to increase genetic literacy and overcome potential negative public attitudes 29 

towards genetic testing (46). The attitudes and perceptions of patients, healthcare 30 

providers, government, and other stakeholders towards PM and risk scores remains 31 
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an understudied area in South Africa, and other resource-constrained settings, and 1 

should be explored. 2 

1.3.1. A need to consider multimorbidity  3 

It is critical to recognise that CVDs often do not occur in isolation, especially within 4 

Africa, where there is a significant burden of chronic infectious diseases, such as 5 

human immuno-deficiency virus (HIV) and tuberculosis (TB) (66). Multimorbidity (MM), 6 

the co-occurrence of two or more chronic conditions in an individual, is a growing global 7 

challenge (67,68) and is associated with increased premature mortality (68), lowered 8 

quality of life (69), and intensified health services utilisation [7]. Consequently, 9 

precision medicine requires a paradigm shift not only in the individual treatment 10 

approach and the data used but also towards a more comprehensive understanding 11 

of an individual's health. The interplay between multiple chronic conditions, on both a 12 

genetic and environmental level, and their respective treatment must be considered. 13 

Epidemiological studies indicate that the co-occurrence of certain disease clusters 14 

such as CVD with T2D, and depression with both—are more common than others and 15 

thus these conditions may be interconnected. Depression has been shown to 16 

significantly increase the risk of CVD morbidity and mortality by 80 to 90% (70), and 17 

the likelihood of developing T2D by 60% (71). Also, about 40% of individuals with CAD 18 

exhibit symptoms of depression (72). The underlying causes of these associations are 19 

complex and may include shared lifestyle factors like physical activity, diet, and BMI 20 

(73–75) but several meta–analyses have shown that the CAD-depression and the 21 

T2D-depression relationship were similar before and after adjusting for major 22 

sociodemographic and lifestyle factors (76,77). These persistent associations suggest 23 

a potential genetic predisposition. Supporting this, twin and family studies revealed 24 

moderate correlations between depression and CAD (42%) (78) and depression and 25 

T2D (25%) (79).  26 

A recent study investigated the genetic overlap between depression, CAD, and T2D, 27 

and identified a latent genetic factor structure for MM across all three diseases. 28 

Bivariate genetic correlations suggested a shared genetic architecture between all 29 

three disorders, albeit with the strongest correlation between CAD and T2D. Eleven 30 

SNPs and 18 genes were linked to MM, with most SNPs related to CAD and T2D, and 31 

a smaller number to depression. Associated genes are mainly active in immune and 32 
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cytokine pathways, which are involved in the regulation of immune and inflammatory 1 

responses–both of which have been implicated in CAD, T2D and depression (80).  2 

However, this research and most other MM studies have largely been confined to high-3 

income, EUR-ancestry populations, limiting the relevance of these findings globally. 4 

Studies that do include African-ancestry populations, primarily African Americans, 5 

suggest a higher risk of MM and poorer health outcomes amongst Africans, but  African 6 

Americans are known to be poorly representative of continental African populations. 7 

Furthermore, these are often based on limited sample sizes and a few diseases or 8 

comorbidities, leaving a gap in understanding for African-ancestry groups. To improve 9 

health outcomes and perform PM effectively in an African setting an understanding of 10 

MM prevalence, patterns, and associated factors specific to African-ancestry 11 

populations is required. 12 

1.4. Summary of the literature  13 

The field of PM challenges the traditional 'one-size-fits-all' approach to healthcare by 14 

tailoring medical diagnostics and treatments based on individual genetics, 15 

environment, and lifestyle. Due to the increasing burden of CVD in South Africa and 16 

the associated burgeoning social and economic costs, identifying the most appropriate 17 

and cost-effective CVD prevention and treatment strategies should be prioritised. 18 

Advancements in genomic technologies and related statistical approaches have the 19 

potential to provide information to guide tailored clinical interventions. PGS are one 20 

such approach and aim to understand an individual's underlying genetic risk for 21 

complex diseases such as CVD. Most PGS have been developed using data from 22 

European ancestry individuals and show limited transferability to African populations, 23 

potentially further exacerbating existing health disparities. Additionally, CVD is 24 

influenced by modifiable environmental risk factors and, hence, when computing CVD 25 

risk, both genetic and environmental factors must be accounted for. An integrated CVD 26 

risk score developed using data from Africans, which includes both genetic and 27 

environmental risks, could lead to improved risk stratification and, thus, the 28 

development of more appropriate prevention and treatment strategies for African 29 

patients. 30 
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However, the clinical utility of an integrated CVD risk score model in a South Africa 1 

setting may be limited, given the country's resource constraints. The risk score’s value 2 

must be explored to identify the key considerations required for effective and feasible 3 

use in the South African clinical setting. 4 

1.5. Gaps in the literature and motivation for this study 5 

CVD remain a major health challenge in  Africa. Individual risk is underpinned by both 6 

genetic predisposition and exposure to environmental risk factors. With advancements 7 

in genomics, such as PGS, understanding the role of genetics in CVD risk, and 8 

subsequent prevention and treatment of CVD is compelling. However, several gaps 9 

and challenges remain: 10 

Integrated Risk Scores: While it is acknowledged that integrating PGS with 11 

established risk factors can enhance CVD prediction, a comprehensive risk score that 12 

includes both genetic and environmental risks from continental African is yet to be 13 

developed and evaluated. 14 

Lack of transferability: Most PGS that assess genetic risk for diseases, including 15 

CVD, have been developed from GWAS using European ancestry populations, 16 

reducing their performance in other populations. Consequently, the applicability and 17 

accuracy of these scores are limited in African-ancestry populations and call for 18 

investigation into the predictive utility of ancestry-aligned scores. 19 

Precision Medicine's feasibility: PM promises individualised healthcare solutions 20 

based on genetics, environment, and lifestyle. However, the clinical translation of PGS, 21 

and other PM tools, in resource-constrained settings, such as South Africa,  faces 22 

infrastructural, educational, and perception-related barriers. Understanding the current 23 

genetic services landscape, and the perceptions and attitudes of PM-based tools 24 

amongst different stakeholders is critical to facilitating translation.  25 

CVD and Multimorbidity: Given the substantial and overlapping chronic infectious 26 

disease burden in Africa, considering concomitant diseases when developing PM-tools 27 

for CVD is important.  28 

Motivated by these significant research and health-impact gaps, this study aims to 29 

improve CVD risk stratification in Africa through the development of a CVD risk score 30 
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tailored for continental African populations. Furthermore, it aims to understand the 1 

feasibility of such genomic-based approaches in an  African setting. 2 

1.6. Aim and Objectives 3 

The overarching aim of this study is to develop and critically assess the value of a PM-4 

based risk score that assesses both genetic and conventional risk for CVD in an African 5 

setting. A major part of this work will be to determine if genetic factors improve CVD 6 

risk prediction over non-genetic factors alone. The second part of the study aims to 7 

assess the potential utility of PM-based approaches in resource constrained settings, 8 

such as South Africa.  9 

The objectives of this study are:  10 

1. To develop ancestry-aligned polygenic risk scores for cardiometabolic traits by 11 

leveraging existing continental African GWAS summary statistics and applying 12 

it to the AWI-Gen study as a target population.  13 

2. To integrate derived PGS with conventional non-genetic risk factors to form an 14 

integrated risk score. 15 

3. To derive, evaluate, and compare the predictive utility of genetic, non-genetic 16 

and integrated CVD risk models in the AWI-Gen population.  17 

4. To understand the current state of genetics and genomics on the African 18 

continent, specifically the current approach to clinical genetics, including 19 

laboratory and healthcare personnel resources. 20 

5. To determine clinician perceptions, readiness, and willingness to adopt PM-21 

based CVD risk stratification in South Africa’s public health setting.  22 

6. To contextualise the CVD burden among the multiple health burdens in Africa.  23 

 24 

 25 

  26 
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Chapter 2: METHODS  1 

The polygenic risk score analysis and prediction modelling component of the study 2 

used two existing datasets: the publicly available GWAS summary statistics from the 3 

African Partnership for Chronic Disease Research (APCDR) and, following a data 4 

agreement, the individual-level genetic and phenotypic data from the Africa-Wits 5 

INDEPTH Partnership for Genomic Research (AWI-Gen).  6 

2.1. Study datasets  7 

2.1.1. Africa Wits-INDEPTH partnership for Genomic Studies  8 

This study is part of the Africa Wits-INDEPTH (University of the Witwatersrand, 9 

Johannesburg (Wits), and the International Network for the Demographic Evaluation 10 

of Populations and Their Health (INDEPTH) (81) partnership for Genomic Studies 11 

(AWI-Gen) project, supported by the NIH as a Collaborative Centre within the Human  12 

Heredity and Health in Africa (H3Africa) Consortium. AWI-Gen's primary objective is 13 

to investigate the genetic and environmental contributors to cardiometabolic diseases 14 

in African populations (82). 15 

AWI-Gen is a population-based cross-sectional study of 12,045 unrelated African 16 

participants (men and women), most of whom are aged between 40-60 years and 17 

reside in one of six sites (rural and urban) across sub-Saharan Africa (83) (Figure 3). 18 

The sites are located in East Africa - Nairobi, Kenya (84); West Africa - Nanoro, 19 

Burkina Faso (85) and Navrongo, Ghana (86); and in South Africa - Agincourt (87), 20 

Dikgale (88) and Soweto (89). The study excludes closely related individuals, 21 

pregnant women, and recent immigrants (<10 years) into the communities. There 22 

were no selection criteria based on body composition, infection or disease history 23 

(82).  24 
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 1 

Figure 3: AWI-Gen research project sites, by sex and age split  2 
https://www.wits.ac.za/research/sbimb/research/  3 

Phenotype data 4 

Data collection involved detailed paper-based questionnaires and biomarker 5 

assessments to collect demographic, general health and infection history variables as 6 

well as information on non-modifiable risk factors (age, sex, genetic predisposition), 7 

lifestyle factors (diet, exercise), and biomarkers for disease (BMI, fat distribution, 8 

blood pressure, lipid levels) (82). 9 

For this study, variables associated with CVDs and used in conventional CVD risk 10 

calculators were included in our models as non-genetic factors (26,29,90). Variables 11 

selected included age, sex, current smoker and alcohol consumer status, sleep 12 

(hours/night) and moderate and vigorous physical activity (minutes/week) as well as 13 

juice (number per week) and sugar drinks (number per week). Weekly consumption 14 

of bread (slices per week), fruit (servings per week), and vegetables (servings per 15 

week) were derived by multiplying the individual's number of servings per day by the 16 

number of times a week each respective food group is consumed. Not all selected 17 

variables were available in the Soweto sample; thus, these samples were excluded 18 

https://www.wits.ac.za/research/sbimb/research/
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from prediction modelling analyses. For the remaining participants, individuals with 1 

more than 5% of data missing amongst these selected variables were removed.  2 

Genotype data 3 

Genotyping was performed on approximately 11, 000 individuals using the H3Africa 4 

genotyping array (Illumina), enriched for common African variants, and included 5 

approximately 2.3 million SNPs, processed by Illumina's FastTrack Sequencing 6 

Service. The genotype dataset underwent pre-imputation quality control that included 7 

the removal of individuals with missing SNP calling rate greater than 0.05, SNPs with 8 

a genotype missingness greater than 0.05, MAF less than 0.01 and Hardy-Weinberg 9 

equilibrium (HWE) p-value less than 0.0001. Non-autosomal and mitochondrial SNPs, 10 

and ambiguous SNPs that did not match the GRCh37 references alleles or strands 11 

were also removed. Samples that were potential duplicates (PIHAT > 0.9), had a 12 

missing SNP genotyping rate greater than 0.05, and reported vs. genetic sex 13 

inconsistencies were excluded.  14 

Population stratification was assessed using a principal component (PC) analysis 15 

based on an LD-pruned subset of SNPs using the smartPCA program implemented 16 

in EIGENSTRAT. Imputation was performed using the African Genome Resources 17 

reference panel (EAGLE2 + PBWT pipeline) at the Sanger Imputation Server 18 

(https://imputation.sanger.ac.uk/). The cleaned dataset, comprising 1,729,661 SNPs 19 

from 10,903 participants, was imputed using the Sanger Imputation Server with the 20 

African Genome Resources as a reference. EAGLE2 was selected for pre-phasing, 21 

and the default PBWT algorithm was used for imputation. Post-imputation QC 22 

involved removing indels, rare SNPs (MAF ≤ 0.01), and poorly imputed SNPs (Info 23 

score ≤ 0.6), resulting in a final dataset containing 10,603 participants and 13.98M 24 

SNPs (91) 25 

2.1.2.  African Partnership for Chronic Disease Research  26 

The African Partnership for Chronic Disease Research (APCDR) is a multi-trait pan-27 

African GWAS involving 14,126 individuals. This GWAS meta-analysis combines 28 

association statistics from four distinct cohorts: the Uganda Genome Resource (UGR) 29 

(n = 6,407), the Durban Diabetes Study (DDS) (n = 1,165), the Diabetes Case-control 30 
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study (DCC) (n = 1,542), and the African American Diabetes Mellitus (AADM) study 1 

(n = 5,231).  2 

The UGR includes 6,407 individuals (4,429 with genotype, and 1,978 with sequence 3 

data) from 9 ethno-linguistic groups from the General Population Cohort (GPC), 4 

Uganda (92). The GPC is a population-based cohort study initiated in 1989 by the UK 5 

Medical Research Council (MRC) in collaboration with the Uganda Virus Research 6 

Institute (UVRI) to study the prevalence and incidence of HIV infection and associated 7 

factors. A questionnaire collected health and lifestyle data, and blood samples and 8 

biophysical measurements were taken (92).  9 

The UGR genetic data comprises of data from 4,778 individuals with genotypes for 10 

∼2.2 million SNPs from the Uganda Genome-wide Association Study (UGWAS) 11 

resource, and sequence data on up to 1,978 individuals, including 41.5 M SNPs and 12 

4.5M indels (Uganda 2000 Genomes [UG2G]). To maximise opportunities for 13 

genomic discovery, the UGR authors meta-analysed GWAS data from the remaining 14 

three study populations (DDS, DCC, and AADM). Genotypes were imputed with 15 

combined reference panel developed by authors (93) using the Han-Eskin random-16 

effects meta-analytic approach implemented in METASOFT. 17 

The DDS  is a population-based cross-sectional study conducted between November 18 

2013 and December 2014 in KwaZulu-Natal (South Africa). Recruited participants 19 

included those over 18 years of age, not pregnant, and residing in urban black African 20 

communities (94). A survey was used to collect health, lifestyle, and socioeconomic 21 

data. Standardised biophysical measurements, biomarkers for non-communicable 22 

and infectious diseases, and genetic data, were collected (94). 23 

In contrast, the DCC targeted individuals with type 2 diabetes to examine the 24 

epidemiology and genomics of type 2 diabetes and related cardiometabolic traits in a 25 

South African population. Participants older than 40 years, residing in Kwa Zulu Natal 26 

and diagnosed with type 2 diabetes according to the WHO criteria were recruited from 27 

a tertiary hospital in Durban, South Africa. The design was for a case-control study, 28 

though only case data were available by the study's end in 2013. 29 

AADM is a genetic epidemiology study of type 2 diabetes and related traits in African 30 

populations, with participants drawn from various study centres in Nigeria (Ibadan, 31 
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Lagos, and Enugu), Ghana (Accra and Kumasi), and Kenya (Eldoret). Demographic 1 

information was collected using standardized questionnaires. Anthropometric, 2 

medical history, and clinical measurements were obtained by trained study staff 3 

during a clinic visit. 4 

For the GWAS meta-analysis, 34 traits were assessed, spanning anthropometric, 5 

haematological, blood pressure, glycaemic, liver function, and lipid measurements. 6 

Of these, this study focused on 14 cardiometabolic traits given their alignment with 7 

the AWI-Gen project. These traits include measurements related to anthropometry 8 

(Body mass index (BMI); height, hip circumference, waist circumference, weight, 9 

Waist-Hip Ratio (WHR)), blood pressure (diastolic blood pressure (DBP), systolic 10 

blood pressure (SBP)), lipid measurements (Total Cholesterol (TC), Low-density 11 

lipoprotein (LDL), Triglycerides (TG), High-density lipoprotein (HDL)). Table 1 lists 12 

these traits, with those in bold and italicised assessed in this study. Summary 13 

statistics were downloaded from the NHGRI-EBI GWAS Catalog (95) on 01 Jun 2021 14 

for studies GCST009042 to GCST009060. 15 

Table 1: Phenotypic traits analysed in the GPC 16 

Traits Traits Grouping Unit Sample 
no. 

Mean SD 

TC Lipids mmol/L 4778 3.6 0.98 
LDL Lipids mmol/L 4778 2.1 0.76 
TG Lipids mmol/L 4778 1.2 0.61 
HDL Lipids mmol/L 4778 1 0.4 
ALT Liver function U/L 4778 20.1 12.7 
AST Liver function U/L 4778 28.1 24.6 
Albumin Liver function g/L 4778 41.4 4.1 
ALP Liver function U/L 4778 133.5 103.4 

GGT Liver function U/L 4778 29.5 73 
Bilirubin Liver function µmol/L 4778 9.9 8.5 

DBP Blood pressure mm/Hg 4773 74 10.5 

SBP Blood pressure mm/Hg 4770 122.8 17 

HbA1c Glycaemic control NGSP% 4772 3.4 0.69 

Height Anthropometric indices cm 4732 157.3 9 

Weight Anthropometric indices kg 4640 52.9 11.3 
BMI Anthropometric indices kg/m2 4618 21.2 3.8 

Waist circum Anthropometric indices cm 4617 75.2 9.2 
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Hip circum Anthropometric indices cm 4616 89.5 9.8 

WHR Anthropometric indices cm 4615 0.8 0.05 
WBC count Blood haematological factors x10^9/l 1479 5.2 1.5 
RBC count Blood haematological factors x10^9/l 1479 4.7 0.61 
MCV Blood haematological factors fl 1479 85.9 7.8 
MCH Blood haematological factors pg/cell 1479 28.9 2.9 
MCHC Blood haematological factors g/L 1479 33.6 1.2 
RDW Blood haematological factors % 1479 13.1 1.4 
PCV Blood haematological factors l/l 1479 40.3 4.6 
Haemoglobin Blood haematological factors g/L 1479 13.6 1.6 
MPV Blood haematological factors fL 1478 8.7 0.8 
PLT Blood haematological factors x10^9/l 1478 219 79.1 
Lymphocytes Blood haematological factors x10^9/l 1423 48.6 9.9 
Monocytes Blood haematological factors x10^9/l 1423 5.7 1.9 
Basophils Blood haematological factors x10^9/l 1423 0.9 1 
Neutrophils Blood haematological factors x10^9/l 1415 38 10.5 
Eosinophils Blood haematological factors x10^9/l 1415 6.7 6.5 

List of the phenotypic traits analysed in the GPC. Bold and italicised traits were the traits 1 
assessed in this study. TC, Total Cholesterol; LDL, Low-density lipoprotein; TG, Triglycerides; 2 
HDL, High-density lipoprotein; DBP, diastolic blood pressure; SBP, systolic blood pressure; 3 
BMI, Body mass index; WHR, Waist-Hip Ratio. 4 

2.1.3. Disease outcomes  5 

Outcome variables in this study comprised 13 cardiometabolic traits and seven CVD-6 

associated outcomes. Cardiometabolic traits included BMI, height, weight, hip 7 

circumference, waist circumference, and W-H ratio, DBP, SBP, LDL-C, HDL-C, TC, 8 

TG, and albumin and bilirubin blood serum levels. CVD-associated disease outcomes 9 

assessed were  CVD, diabetes mellitus, dyslipidaemia, heart attack, hypertension, 10 

obesity, and stroke. 11 

Disease outcome definitions 12 

CVD: defined as present if the participant reported having had a heart attack, stroke, 13 

or transient ischaemic attack. Participants previously diagnosed with congestive heart 14 

failure or angina were also classified as having CVD. No data were available for 15 

angina or heart attack prevalence for the Soweto men, so CVD prevalence was 16 

calculated using the remaining data. 17 
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Diabetes: defined using the WHO criteria, which are the presence of a previous 1 

diagnosis of diabetes by a healthcare professional or fasting blood glucose≥7 mmol/L 2 

or random glucose≥11.1 mmol/L, or on diabetes medication at the time of recruitment. 3 

Dyslipidaemia: defined as the presence of one of the following: total cholesterol 4 

(TC)≥5.0 mmol/L, or high-density lipoprotein cholesterol (HDL-C)<1.0 mmol/L for men 5 

and <1.3 mmol/L for women, or low-density lipoprotein cholesterol (LDL-C) ≥3. 6 

0 mmol/L, or triglycerides (TG)≥1.7 mmol/L. The Randox Daytona Plus (Randox 7 

Laboratories, UK) autoanalyser was used to analyse HDL-C, TG and TC on fasting 8 

venous blood samples. LDL-C was calculated using the Friedewald equation. 9 

Heart attack: defined by yes response to self-reported heart attack status. Participant 10 

asked if a healthcare professional has diagnosed the participant with a heart attack in 11 

the past.  12 

Hypertension : defined as systolic blood pressure≥140 mm Hg and/or diastolic blood 13 

pressure≥90 mm Hg, in line with the seventh report of the Joint National Committee 14 

on Prevention, Detection, Evaluation, and Treatment of High Blood Pressure, or if the 15 

participant was taking hypertension medication. 16 

Obesity: defined as having a Body Mass Index (BMI) of 30 kg/m² or higher, in 17 

accordance with the guidelines set by the World Health Organization. BMI is 18 

calculated by dividing a person's weight in kilograms by the square of their height in 19 

meters. 20 

Stroke: defined by yes response to self-reported stroke status. Participant asked if a 21 

healthcare professional has diagnosed the participant with a stroke in the past.  22 

2.2. Polygenic risk score derivation  23 

2.2.1. Quality control of datasets 24 

2.2.1.1. QC of Base data: GWAS summary statistics 25 

GWAS summary statistics were identified for phenotypes that were also measured in  26 

AWI-Gen. The identified summary statistics underwent a series of quality control (QC) 27 

procedures, including the extraction of HapMap3 variants, and the removal of 28 

ambiguous variants, or where variants had missing data. Variants were flipped to 29 
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match the 1000 Genomes Phase 3 (1KG) reference, following which variants with a 1 

MAF >0.01 in the African subset of 1KG (1KG AFR), a MAF >0.01 in the GWAS 2 

sample, and an INFO >0.6 were retained. GWAS summary statistics variants were 3 

removed if they (1) had a discordant MAF (>0.2) between the reference and GWAS 4 

sample, (2)  had reported p-values outside the range of 0 to 1, (3) were duplicates, or 5 

(4) had a sample size >3 SD from the median sample size. 6 

2.2.1.2. QC of Target data: Ancestry classification 7 

Individuals in AWI-Gen were assigned to the five super populations present in the 8 

1000 Genomes phase 3 (1KG) reference sample (1000 Genomes Project 9 

Consortium, 2015), namely EUR, EAS, SAS, AFR, and Admixed American. Super 10 

population membership was predicted using a 1KG reference trained elastic net 11 

model consisting of the first six reference-projected genetic principal components. 12 

Principal components were defined in  the 1KG reference using variants present in 13 

the unimputed AWI-Gen genotype data with a minor allele frequency >0.05, 14 

missingness <0.02 and Hardy-Weinberg p-value >1×10-6. LD pruning for 15 

independent variants was performed in PLINK (Chang et al., 2015) after removal of 16 

long-range LD regions (Price et al., 2008), using a window size of 1000, step size of 17 

5, and r2 threshold of 0.2.  18 

A multinomial elastic net model predicting super population membership in the 1KG 19 

reference was derived in using the glmnet R package (96), with model performance 20 

assessed using 5-fold cross validation. The reference-derived principal components 21 

were then projected into AWI-Gen, and the reference-derived elastic net model was 22 

used to predict super-population membership in AWI-Gen. AWI-Gen participants 23 

were assigned to a super population if the predicted probability was >0.5. As 24 

expected, all participants were assigned to the AFR superpopulation.  25 

2.2.2. Score Construction  26 

Typically, a PGS follows the form β1X1 + β2X2 + … + βkXk + … + βnXn, where βk 27 

represents the effect size attributed to each allele for a given cardiometabolic trait 28 

associated with SNP k. Xk is the number of effect alleles at SNP k, and n is the total 29 

number of SNPs in the PGS. To derive the PGS for each trait, we used (1) publicly 30 

available GWAS summary statistics from APCDR; extracting the disease-associated 31 
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variants, the effect allele, the estimated β-coefficient for the effect allele, and the p-1 

value of each genetic variant, and (2) LD between genetic variants from the African 2 

1KG reference panel (661 Africans) (97), this is important for reproducibility and 3 

generalisability (52).  4 

After preparation of GWAS summary statistics, PGS were derived using the p-value 5 

thresholding and clumping (pT+ clump) approach, a PGS method commonly applied 6 

across diverse phenotypes and ancestries. The pT + clump method using LD-based 7 

clumping to retain only the single most significant variant within each locus. Within this 8 

study, LD-clumping parameters were an r2 threshold of 0.1 and window of 250 kb, i.e. 9 

variants are removed if they are within 250kb and have r2 ≥ 0.1 with a more significant 10 

variant The African subset of the 1000 Genomes (1KG AFR) was used to estimate LD. 11 

Ten p-value thresholds were used to select variants: 1 × 10−8, 1 × 10−6, 1 × 10−4, 12 

1 × 10−2, 0.1, 0.2, 0.3, 0.4, 0.5 and 1. Polygenic scores were then calculated in AWI-13 

GEN, imputing missing variants using the 1KG AFR allele frequency. 1,104,4026 14 

HapMap3 variants were present. Polygenic scores were standardised (scaled and 15 

centred) based on the mean and SD of PGS in the reference sample (1KG AFR). The 16 

score calculations were implemented using the GenoPredPipe pipeline 17 

(https://github.com/opain/GenoPred) and using PLINK v1.9.  18 

2.2.3. Association testing 19 

Following PGS development, regression analysis was used to assess the within- and 20 

cross-trait prediction utility of each PGS, and with the seven disease outcomes of 21 

interest, while accounting for confounders such as age, sex, and the first eight principal 22 

components (98). Similarly, regression analyses were run to assess the association 23 

between conventional non-genetic risk factors, including age, smoking status, alcohol 24 

consumption, diet-related variables, sleep, and physical activity, with selected disease 25 

outcomes. Given the differences by sex of these traits within African populations, the 26 

analyses were stratified by sex.  27 

The proportion of variance for a trait explained by the PGS and non-genetic factors 28 

was computed as the R2. For PGS association testing, R2 was obtained from a full 29 

model including both PGS and covariates (PCs, sex, age, and age-squared) minus the 30 

R2 obtained from a model including covariates alone. R2 was not adjusted to the liability 31 

threshold model due to limited disease prevalence estimates available across Africa 32 

https://github.com/opain/GenoPred
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and the substantial variation in prevalence noted across cohort sites. For multiple 1 

testing, results were corrected for the number of PGS tested for each outcome (i.e., 2 

applying a p-value threshold of 0.05/14). We did not correct for the number of PGS p-3 

value thresholds as PGS calculated at each threshold are correlated, and a Bonferroni 4 

correction would be overly conservative. 5 

Prediction accuracy was evaluated as the Pearson correlation between the observed 6 

and predicted outcome values. Correlation was used as the main test statistic as it is 7 

applicable for both binary and continuous outcomes and standard errors are easily 8 

computed as:  9 

𝑆𝑆𝑆𝑆𝑟𝑟 =
1 − 𝑟𝑟2

√𝑛𝑛 − 2
 10 

Where SEr is the standard error of the Pearson correlation, r is the Pearson 11 

correlation, and n is the sample size. 12 

2.2.4. Ancestry predictor derivation  13 

Genetically inferred ancestry was included in prediction models to account for 14 

population stratification and potentially improve prediction. To reduce overfitting, 15 

ancestry was determined by fitting the data to the 1KG Phase 3 projected principal 16 

components (PPCs) of population structure. This is in contrast to within-sample PCs 17 

which are traditionally used as covariates in regression models. PPCs are used to 18 

reduce potential overfitting. Calculation of PPCs is described in Section 2.2.3.  19 

2.3. Integrated risk score and prediction modelling 20 

2.3.1. Elastic net regression  21 

When modelling the PGS and integrated risk scores, logistic regression was used for 22 

predicting binary outcomes, and linear regression was used for predicting continuous 23 

outcomes. For genetic and integrated models, for each cardiometabolic trait, rather 24 

than selecting the single best-performing PGS (based on max R2), all PGS 25 

demonstrating significance after multiple testing corrections were retained for 26 

subsequent predictive modelling analyses.  27 

As models contained more than one predictor (i.e. the PGS for each p-value threshold 28 

and several non-genetic factors), an elastic net model was applied to address 29 
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overfitting and multicollinearity (99). Overfitting occurs when a regression model 1 

becomes too complex, capturing noise and random fluctuations in the data rather than 2 

the true underlying relationships, and thus may cause an inflation of association 3 

estimations. Multicollinearity occurs when two or more independent variables in a 4 

regression model are highly correlated with each other; making it challenging to 5 

distinguish the individual effects of each predictor on the dependent variable leading 6 

to unstable and unreliable coefficient estimates.  7 

Elastic net is a hybrid regularisation method that combines both L1 (Least Absolute 8 

Shrinkage and Selection Operator (LASSO)) and L2 (Ridge) penalties to achieve 9 

feature selection and shrinkage simultaneously. The key difference between the L1 10 

and L2 methods are the penalty term. Lasso introduces a penalty based on the 11 

magnitude of the coefficients and shrinks the co-efficient of less important features to 12 

zero, thus removing some features altogether, whilst ridge takes the square and 13 

subsequently distributes the impact of correlated features across multiple coefficients, 14 

with coefficients never reaching zero. The loss function of Elastic Net Regression can 15 

be represented as follows: 16 

𝛽̂𝛽𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = 𝑎𝑎𝑎𝑎𝑎𝑎 𝑚𝑚𝑚𝑚𝑚𝑚𝛽𝛽 �𝑀𝑀𝑀𝑀𝑀𝑀 +  λ �𝛼𝛼‖𝛽𝛽‖1 +  
1
2

(1 −  𝛼𝛼)‖𝛽𝛽‖22�� 17 

𝛽̂𝛽𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 represents the estimated coefficients (or parameters) of the regression model 18 

that the Elastic Net is trying to find. These coefficients define how each predictor 19 

(independent variable) influences the dependent variable. arg min is used to denote 20 

the value of β that minimises the expression. MSE (Mean Squared Error) is a measure 21 

of model fit and is calculated as the average of the squares of the differences between 22 

the predicted and actual values. β are the regression coefficients (weights) for each 23 

predictor. λ (lambda) is the non-negative hyperparameter that controls the overall 24 

strength of the regularisation. A larger λ applies more regularisation (more penalty), 25 

leading to smaller and potentially sparser coefficients. α (alpha) is a hyperparameter 26 

between 0 and 1 that balances the L1 and L2 penalties. An α close to 1 makes the 27 

penalty similar to LASSO (favouring sparsity), while an α close to 0 makes it more like 28 

Ridge regression (favouring smaller, but not zero, coefficients). ‖𝛽𝛽‖1 is the Lasso 29 

penalty term and encourages model sparsity by forcing some coefficients to exactly 30 
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zero. ‖𝛽𝛽‖22 is  the L2 penalty that encourages small, non-zero coefficients by 1 

penalising large ones.  2 

As the optimal hyperparameter values, α and λ, are unique to each model and 3 

unknown prior to modelling analyses, cross-validation techniques are employed to 4 

find optimal values for α and λ. 5 

2.3.2. Nested cross-validation 6 

Cross-Validation (CV) is an out of sampling technique that is used to evaluate the 7 

performance of a model and select the best hyperparameters. The technique helps 8 

reduce bias and overfitting in model evaluation.  9 

Nested CV reduces the potential for overfitting by using a series of train/validation/test 10 

set splits. In this study, and as previously described (100), the data was repeatedly 11 

partitioned into training, validation, and testing sets, and consisted of 5 outer folds 12 

with a 80-20 data split (80% training, 20% testing)  to provide an unbiased estimate 13 

of the predictive utility of the model, and 10 inner folds (90% training, 10% testing) for 14 

hyperparameter tuning . Different hyperparameter settings are evaluated within this 15 

inner loop. The setting that performs best on the validation fold is chosen. This 16 

process is repeated for each combination of training-validation split within the inner 17 

loop. For each outer loop iteration, the model with the best hyperparameters (found 18 

in the inner loop) is trained on the entire training set and tested on the outer test set. 19 

The performance scores from the outer loop are averaged to provide an overall 20 

performance metric (Figure 4). The proportion of variance explained by a model was 21 

computed as R2. Hyperparameters were determined using the 'caret' R package, 22 

which optimises the RMSE for continuous outcomes and accuracy for binary 23 

outcomes. 24 
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 1 

Figure 4: Schematic illustration of nested cross-validation  2 

Schematic representation of nested cross-validation. The sample is split into 5 outer folds, in 3 
each outer fold the data is split into 5 parts - four parts are used as a training sample for 4 
hyperparameter tuning, and the resulting model is then used to predict the outcome in the 5 
remaining part (test sample). This process is repeated until predictions are available for all 6 
parts of the sample. Hyperparameter optimisation is carried out within the inner loop, which 7 
consists of 10-fold cross validation. Figure used with permission from Oliver Pain (100). 8 

The correlation between observed and predicted values of each model were 9 

compared using William’s test (also known as the Hotelling-Williams test) (101) as 10 

implemented by the ‘psych’ R package’s ‘paired.r’ function, with the correlation 11 

between model predictions of each method specified to account for their non-12 

independence. A two-sided test was used when calculating p-values. 13 

Non-genetic models included ten factors selected based on data availability in AWI-14 

Gen and their known association with CVDs. Integrated models included genetic 15 

(PGS and PPCs) and non-genetic models. No data were available for diet-related 16 

variables for the Soweto study site for men and women, so this site was excluded 17 

from prediction modelling analyses.  18 

All analyses were performed using PLINK v1.9 (https://www.cog-19 

genomics.org/plink/1.9/) (102), and R version 3.4.4 (http://www.r-project.org/) (103) 20 

unless specified otherwise.  21 
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Section Overview  1 

This section comprises the four publications emanating from this doctoral study. Each 2 

chapter corresponds to a publication. The numbering for tables, figures, and 3 

references has been updated to a continuous sequence to maintain a coherent flow 4 

and facilitate reading. Also, the spelling has been updated to follow British convention. 5 

The original versions of each publication can be found in Appendix F-H. 6 

The four chapters and their associated publication titles are below, and their  alignment 7 

to the study’s key domains are illustrated in Figure 5:  8 

Publication 1: Has translational genomics come of age in Africa? 

Publication 2: Ancestry-aligned polygenic risk scores combined with conventional risk 
factors improve cardiovascular disease risk stratification in African 
populations. 

Publication 3: Clinicians’ Perceptions towards Precision Medicine Tools for 
Cardiovascular Disease Risk Stratification in South Africa. 

Publication 4: Multimorbidity in African ancestry populations: a scoping review. 

 9 
Figure 5: The alignment of publications emanating from this thesis in relation to three 10 
key domains of interest (Precision medicine, Clinical translation, and Cardiovascular 11 
diseases) 12 
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Chapter1: Publication 1 1 

Has translational genomics come of age in Africa? 2 

This chapter describes an invited review (Appendix F) that was performed in order to 3 

gain an understanding of the current translational genomics landscape in Africa and 4 

what factors would likely be required to accelerate the adoption of genomic medicine 5 

on the continent. This paper aims to understand the potential for precision public 6 

health, a concept similar to precision medicine in that aims to provide tailored 7 

healthcare solutions, except rather than focused on the individual, it aims to provide 8 

the right intervention to the right population at the right time based on extensive 9 

population-specific data (104), in Africa. Understanding the translational genomics 10 

landscape is crucial to ascertaining whether clinical genomic interventions, further 11 

research, and potential policy changes are not only warranted but feasible. The work 12 

described in this chapter was peer-reviewed and published in the  journal Human 13 

Molecular Genetics and is an exact copy of the following journal publication: 14 

Kamp, M., Krause, A., and Ramsay, M., 2021. Has translational genomics come of 15 

age in Africa?, Human Molecular Genetics. 30(R2): R164–R173, 16 

https://doi.org/10.1093/hmg/ddab180.  17 

Author contributions: Conceptualisation: MR, AK, and MK. Interviews and 18 

synthesis: MK. Writing – Original draft preparation – MK. Writing – review and editing: 19 

MR, AK, and MK. Visualisation: MK. Supervision: MR, AK. 20 

 21 

  22 

https://doi.org/10.1093/hmg/ddab180
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ABSTRACT 1 

The rapid increase in genomics research in Africa and the growing promise of precision 2 

public health (PPH) begs the question of whether African genomics has come of age 3 

and is being translated into improved healthcare for Africans. An assessment of the 4 

continent’s readiness suggests that genetic service delivery remains limited and 5 

extremely fragile. The paucity of data on mutation profiles for monogenic disorders and 6 

lack of large genome-wide association cohorts for complex traits in African populations 7 

is a significant barrier, coupled with extreme genetic variation across different regions 8 

and ethnic groups. Data from many different populations are essential to developing 9 

appropriate genetic services. Of the proposed genetic service delivery models 10 

currently used in Africa—Uncharacterised, Limited, Disease-focused, Emerging and 11 

Established—the first three best describe the situation in most African countries. 12 

Implementation is fraught with difficulties related to the scarcity of an appropriately 13 

skilled medical genetic workforce, limited infrastructure and processes, insufficient 14 

health funding and lack of political support, and overstretched health systems. There 15 

is a strong nucleus of determined and optimistic clinicians and scientists with a clear 16 

vision, and there is a hope for innovative solutions and technological leapfrogging. 17 

However, a multi-dimensional approach with active interventions to stimulate genomic 18 

research, clinical genetics and overarching healthcare systems is needed to reduce 19 

genetic service inequalities and accelerate PPH on the continent. Human and 20 

infrastructure capacity development, dedicated funding, political will and supporting 21 

legislation, and public education and awareness, are critical elements for success. 22 

Africa-relevant genomic and related health economics research remains imperative 23 

with an overarching need to translate knowledge into improved healthcare. Given the 24 

limited data and genetic services across most of Africa, the continent has not yet come 25 

of ‘genomics’ age. 26 

1. INTRODUCTION  27 

The past decade has seen significant growth in genomic research in Africa, in large 28 

part as a result of the activities of the African Society of Human Genetics (AfSHG) 29 

(105–107) and the Human Heredity and Health in Africa Consortium (H3Africa) (108–30 

110). However, the question remains whether the genomic revolution and African 31 
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genome research have translated into direct benefits to individuals and families 1 

affected by genetic disorders. 2 

Access to genetic technologies and genomic services remain sparse in Africa for 3 

several reasons. These include a lack of financial resources, poor national health 4 

services and infrastructure and the presence of more compelling health priorities, such 5 

as infectious diseases like tuberculosis, malaria, HIV/AIDS (109,111) and now COVID-6 

19. Furthermore, few countries in Africa have formally recognised genetic services 7 

supported by clinically trained geneticists and dedicated diagnostic laboratory 8 

infrastructure. 9 

The field of genomics holds great promise for health care and medical research, as the 10 

identification of the genetic determinants of diseases or phenotypes bring about the 11 

potential for significant improvements in diagnosis, prevention, and treatment of 12 

disease. Genomics is particularly attractive for Africa, where new technologies and 13 

products from genomics research offer the potential for a precision medicine approach 14 

to help mitigate the heavy burden of infectious and non-communicable diseases, as 15 

well as monogenic disorders (91,112). The availability of large genomic datasets could 16 

feed into precision public health (PPH) initiatives to improve population health by 17 

translating these new genomics and digital technologies, to guide public health practice 18 

through the generation of population-wide tailored interventions and policies. 19 

From a clinical genetics’ perspective, interventions could initially focus on the 20 

identification and molecular characterisation of monogenic disorders in specific African 21 

regions, such that their frequencies and molecular profiles in different areas are well 22 

characterised and defined using genomic technologies. Limited studies on sickle cell 23 

anaemia (113), fragile X syndrome (114–117), hearing loss (118–122), Huntington’s 24 

disease (123,124), familial cancer syndromes (125,126) and others, have been 25 

performed and show the value of such studies, particularly highlighting the diversity in 26 

Africa. In addition, factors that modulate disease severity should be studied (as 27 

reviewed in (125–128)). Simultaneously, a profile of common variation in these 28 

populations would be established, providing a critical resource for interpreting, and 29 

characterising the potential functional impact of variants and their disease 30 

associations. 31 
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Thus, a two-pronged strategy, one firmly rooted in fundamental principles and the other 1 

leveraging state-of-the-art technologies, could propel clinical genetics to new levels in 2 

Africa. The first would involve collecting basic data on the prevalence and phenotype 3 

of monogenic diseases. The second would be to use next-generation sequencing 4 

approaches to establish population architecture and variation and subsequently 5 

identify causal mutations and their geographical distribution. In parallel, the 6 

development of the computational skills required for the analysis and interpretation of 7 

these variants is needed, as is digital innovation in data capture, storage and 8 

integration (129,130). 9 

Worldwide, genetic testing is becoming increasingly complex as it inches closer 10 

towards the era of precision medicine, where genomic medicine becomes integrated 11 

into routine healthcare. However, despite these exciting developments, the fear is that 12 

existing health care inequalities are exacerbated as technologies and discoveries 13 

emanating from genomics research are not translatable across populations and remain 14 

accessible only to those who can afford them (60,131–133). Africa has an urgent need 15 

to develop innovative approaches and to provide timeous and effective genetic 16 

services to patients in resource-constrained environments. 17 

While acknowledging substantial knowledge, capacity, and sustainability gaps, it is 18 

clear that the effective implementation of PPH has the potential to translate into more 19 

effective patient care. This review highlights the current state of genetics and genomics 20 

on the continent, describing how genetic services are currently delivered and how 21 

genomic and digital technologies underpin these services. The goal is to identify key 22 

factors needed to ensure that clinical genetic and laboratory services have broad 23 

benefit in Africa in the era of precision medicine. 24 

2. GENETIC SERVICE DELIVERY MODELS  25 

In order to gauge the readiness for genomic medicine, and subsequent potential of 26 

PPH   in Africa, an assessment of the current genetic services offered is required. This 27 

will, in turn, assist in identifying the factors necessary to drive a PPH agenda on the 28 

continent. Although there is limited published information about the service delivery 29 

models in use (apart from some from South Africa (134,135), Egypt (136), Morocco 30 

(137), Tunisia (138,139), Nigeria (140) and Rwanda (141) preliminary exploration 31 
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suggests the presence of varying strategies from one country to the next. This 1 

variability is a direct consequence of the heterogeneity in healthcare contexts, and in 2 

the case of North Africa, a response to the consequences of high consanguinity levels 3 

(128,136,137,139). 4 

Informal discussions with individuals identified by the authors as being well informed 5 

about the status of genetic service delivery in their respective countries explored the 6 

following areas: (1) the availability of a clinical genetics service in the country; (2) the 7 

level of infrastructure and local capacity available for service delivery and (3) the 8 

evaluation of the service within its given context. 9 

These discussions revealed that genetic service delivery remains very limited and 10 

extremely fragile in Africa. Genetic services are fraught with difficulties relating to the 11 

scarcity of an appropriately skilled dedicated medical genetic workforce, limited 12 

formalisation of structures, insufficient health funding and political support, and 13 

overstretched health systems contending with competing health priorities 14 

(134,137,140,142). Difficulties are exacerbated when cultural and religious aspects 15 

that may influence or limit engagement with genetic services are also considered 16 

(139,143–145). These have not been explored at any significant level. Furthermore, 17 

even where services do exist, access to clinical genetic services remains poor, with 18 

services often restricted to major urban centres leaving a large proportion of the 19 

population of Africa underserved (142,146).  20 

The current practices across African countries have been evaluated by describing the 21 

prevailing service delivery models. We propose that there are five genetic service 22 

delivery models currently employed in Africa, namely: Uncharacterised, Limited, 23 

Disease focused, Emerging and Established, each differentiated by (i) specialist 24 

access (accessibility to clinical geneticists and genetic counselling vs. primary care 25 

physicians/other medical specialists, such as haematologists and paediatricians); (ii) 26 

availability of laboratory testing to confirm diagnoses and (iii) nature of laboratory 27 

testing (where and by whom testing is performed and the type of technology used). 28 

The models, described in Figure 6 reflect successive points on a continuum from no 29 

service provision (or unknown) to an established comprehensive service.  30 
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 1 

Figure 6: The proposed continuum of genetic service delivery models in Africa  2 

We propose that five genetic service delivery models are currently utilised in Africa. 1. 3 
Uncharacterised: No service offered or state of service unknown. Limited clinical genetics 4 
service may be offered on a non-systematic basis. Individuals involved typically rely on 5 
international research collaborations. Few or no resources available for in-country laboratory 6 
testing. 2. Limited: Genetic services are provided by non-genetic specialists. Clinical diagnoses 7 
are not regularly confirmed with laboratory testing. Genetic testing, when requested, is 8 
conducted overseas, often leveraging research collaborations and networks. Services are 9 
often limited to centres where interested specialists are located—uneven distribution across 10 
city/province/ region/country. 3. Disease-focused: Directed genetic services provided by non-11 
genetic specialists in response to high health burden. Clinical diagnoses confirmed with basic 12 
laboratory testing. Testing done within the country by locally trained individuals. 4. Emerging: 13 
Small number of clinical geneticists provide genetic services. Some clinical diagnoses 14 
confirmed by genetic testing. Cytogenetics and limited molecular genetics technologies are 15 
available. Testing is conducted both locally and/or internationally depending on the test 16 
complexity and the technology required or available. 5. Established: Several clinical geneticists 17 
provide formalised genetic services and do so in collaboration with other specialists. Clinical 18 
diagnoses are regularly confirmed by laboratory testing. Cytogenetics and molecular genetics 19 
technologies are available for testing for an array of common diseases. The majority of testing 20 
is done within the country by locally trained capacity. 21 

Uncharacterised, Limited, and Disease-focused represent the majority of models 22 

currently operational on the continent. The ‘Advanced’ model is deemed necessary to 23 

implement a PPH agenda effectively. However, our belief is that this model is not yet 24 

operational in Africa. The Advanced model has formalised services, and all 25 
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components are present to provide access appropriate for given populations. Also, 1 

services are offered beyond just the diagnosis of monogenic conditions and include 2 

broad disease prevention strategies (screening, availability of prenatal diagnosis, pre-3 

clinical diagnosis, and genetic risk stratification). In addition, clinical services need to 4 

be operating within genomic-learning healthcare systems.  5 

The models we have assessed and described relate to the public sector only. Across 6 

most regions private healthcare is available but, generally serves a small and wealthy 7 

segment of the population. In general, private care does afford additional testing, for 8 

instance, newborn screening programs, and often uses overseas testing facilities when 9 

legislation permits this. In most settings, the public sector serves the majority of the 10 

population and requires local genetic services capacity and supportive formal 11 

structures. In most cases, even in established settings, legislation and policy 12 

development relating to service provision is awaiting approval or is not yet developed. 13 

Across all models, services are geared towards confirming diagnosis of common 14 

monogenic disorders. Disease prevention strategies, including population screening, 15 

risk stratification programs and services associated with complex diseases, are 16 

essentially non-existent. Furthermore, testing is focused on affected probands, and 17 

subsequent cascade and prenatal diagnosis testing are rare, particularly in limited and 18 

disease-focused service settings, due to the lack of financing for such testing or the 19 

fear or perceived fear of discrimination amongst family members (144). 20 

In countries with limited or disease-focused models (e.g., focused on sickle cell 21 

disease in Central, West and East Africa), genetic services do not extend beyond the 22 

common disease of focus and are associated with non-genetic medical specialities, 23 

mostly haematology, paediatrics, and pathology. In emerging and established settings, 24 

clinical geneticists are active in the system but often at very low numbers, and genetic 25 

counselling capacity is severely inadequate (137,147), with access to a trained and 26 

certified genetic counsellor only available in South Africa (134,148) or through 27 

clinicians (136–138,140,141). In almost all settings, there is a ‘key person(s)’ risk, 28 

whereby one or a few individuals are at the core, driving the provision of clinical 29 

genetics services, and without them, the system would likely not be sustained. 30 



44 

 

Furthermore, the retention of medical genetics skills remains challenging, with several 1 

countries unable to stem the ‘brain drain’ (134). This loss is entrenched by a lack of 2 

political will, employment and career progression opportunities and limited government 3 

financing of the discipline and healthcare system as a whole (91,135). Formal 4 

structures and posts are limited or non-existent in most African countries. 5 

Additional barriers impeding genetic services and the more widespread adoption of 6 

genomics in Africa are highlighted in Table 2 and can be classified according to limited 7 

opportunities across four dimensions: awareness, accessibility, affordability, and 8 

applicability. 9 

Table 2: Barriers impeding genetic services in Africa 10 

Factor Detail 
Awareness 
 

- Patients and healthcare providers’ limited knowledge about the availability and 
benefit of genetic testing restricts testing uptake and limits the understanding 
of the true burden of genetic disease (149–151). 

- Lack of awareness amongst the general public contributes to discrimination 
and social exclusion of affected individuals (144,145). 

- Funding gaps and a lack of appropriate legislative and regulatory frameworks 
have resulted from the lack of knowledge and awareness amongst 
policymakers and key decision-makers (146,152). 

Accessibility 
 

- Genetic services are not widely available [54,65,66], and significant clinical 
genetics and counselling workforce shortages exist [62,67,70]. Limited access 
to adequate healthcare services, especially in rural areas, exacerbates 
accessibility challenges as the referral system is compromised [58]. 

- Scarce laboratory infrastructure and poor financial support for genetic testing 
and genomic technologies limit the opportunity to broaden genetic services 
and benefit from translational genomic innovations, particularly those 
associated with disease prevention and patient management and care 
[60,66,72,73]. 

- African healthcare systems lack the multidisciplinary medical specialty 
resources required for effective genetic disorder patient management and 
care [57]. 

Affordability 
 

- Financial barriers are a common hindrance to patients’ utilisation of genetic 
services. National health insurance or subsidies may lower burden but not all 
tests are covered by national insurance (including cascade testing). 

- Despite costing decreases in sequencing and associated genomic 
technologies, they remain out of reach for most African laboratories, especially 
when coupled with the additional costs, time delays and complex logistics 
associated with the importation of reagents, and servicing and maintenance 
of laboratory equipment (39,44). 

- Limited financial support from national governments for laboratory testing and 
clinical posts results in a vulnerable system that has a heavy reliance on grant 
and academic institutional funding to subsidise funding shortfalls. 
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Applicability 
 

- Africa’s burden of genetic disorders remains largely unknown (140,153), and 
reliable epidemiological data is not available (154). This limited understanding 
of burden of genetic disease restricts development and subsequent 
prioritisation of genetic service delivery (146,153). 

- Limited transferability of mutation profiles for monogenic disorders and genetic 
associations for complex traits across populations impedes the uptake of 
genomic interventions into clinical practice. This is exacerbated by already low 
levels of translation from genomic research. 

- Need for a culturally competent service that considers and respects the 
culture, values, and traditions of the individuals and communities accessing 
genetic services and contributing to genomic research (111,131,132). 

- Improving the uptake of genomic medicine practice innovations and 
subsequent quality of clinical care requires locally relevant genetic tests and 
programs (60,133,155). 

- Genomic innovations must be successfully translated, scientifically validated 
and their clinical utility demonstrated in each context. This requires a 
supportive and robust genomics research community (146,155). 

Despite the significant challenges, the African genetics community is generally 1 

optimistic about the future of genetic service delivery and the role genomics could play 2 

in improving healthcare on the continent (91,155). Africa’s clinicians pride themselves 3 

on providing a clinical service to their patients and doing so at a level that is on par 4 

with international peers despite their resource-constrained environments. However, 5 

only a small sector of the population has access to these services (153). The novel 6 

discoveries and active research communities that continue to contribute to the global 7 

genetics knowledge base despite a challenging operating environment are also a 8 

source of optimism. 9 

Moving towards PPH will require new and practical strategies to increase accessibility 10 

to genetics and genomics services and to reduce regional or social inequalities. 11 

Discussions with the African clinical genetics’ community revealed that several critical 12 

factors are needed to enhance genetic services on the continent; namely, capacity 13 

development (human resources and infrastructure), dedicated funding and support, 14 

political will and supporting legislation, public education and awareness, and Africa-15 

relevant genomic and related health economics research, with an overarching need to 16 

translate knowledge into improved precision health care. 17 
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3. ACCELERATING THE PPH AGENDA FOR AFRICA 1 

Clinical genetics services do not operate in isolation but are nested within a larger 2 

healthcare system, which is increasingly translating knowledge gained from genomic 3 

research into mainstream health care (2,152,156). On the African continent, there is a 4 

need for active intervention in genomic research and clinical genetics, as well as in the 5 

overarching healthcare systems within which they function, to reduce genetic service 6 

inequalities and accelerate PPH (153,156). 7 

Health systems strengthening is considered fundamental to the successful 8 

implementation of genomic medicine in Africa as a functional and well-resourced 9 

healthcare setting will provide the platform necessary to elevate Africa’s genetic 10 

services (109). Factors identified as necessary for health system strengthening include 11 

capacity building, increased funding for health, and more political support and 12 

commitment (140,157). These factors, along with patient education and awareness, 13 

need to be directed specifically to improving clinical services and genomic and clinical 14 

research on the continent (109,153,155). Additional accelerators unique to the 15 

research and services domain will also be required to advance PPH in Africa. These 16 

above-mentioned cross-cutting factors will be described further in the following 17 

sections and are illustrated in Figure 7. 18 

 19 
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 1 

Figure 7: Accelerating the PPH agenda in Africa requires a multi-dimensional 2 
approach. 3 

In addition to the multi-dimensional accelerators (capacity and infrastructure, dedicated 4 
funding and support, political will and supporting legislation), accelerators are required 5 
at the genomic research level (Population genetics and variant profiles, Monogenic 6 
disease mutation profiles, Complex disease genomics, Infectious diseases and host 7 
response, Pharmacogenomics and Databases & data sharing) and at the clinical 8 
genetics level (Patient registries, Prevalence data on genetic disorders, Broad open 9 
access, Mutation databases and Healthcare integration). Research discoveries should 10 
translate into clinical practice that is beneficial to a broader multidisciplinary clinical 11 
network. A virtuous cycle between the research environment and healthcare system 12 
should exist where genomic learning is active and continuous, and each domain self-13 
improves after successive advances. 14 

3.1.1. Capacity and infrastructure  15 

African countries vary significantly in the availability of genetics and genomics clinical 16 

training programs and infrastructure (146,150). Genomics research and clinical 17 

genetics capacity building, both on a human resources and infrastructure level, is 18 

urgently required to develop the critical mass of genomics and healthcare expertise 19 

needed for translational genomics and precision medicine (2,3,39,48). 20 
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Few African countries provide formalised training in clinical genetics and even fewer 1 

for genetic counselling (134,135,147). Most clinical geneticists in central and west 2 

Africa have been trained at international academic institutions, mainly in Europe. 3 

However, the tide is changing, and more African talent is being developed within Africa. 4 

Most local and continental genomics training initiatives, such as the H3Africa 5 

Consortium (www.h3africa.org) and the African Academy of Sciences 6 

(www.aasciences.africa), have promoted and accelerated training opportunities across 7 

the continent and contribute to the growing genetics knowledge and exposure amongst 8 

the medical fraternity. The African Genomic Medicine Training Initiative (AGMT) (150) 9 

and the West African Genetic Medicine Centre (WAGMC) (https://wagmc.org) promise 10 

additional training opportunities, providing  genomic medicine training for nurses and 11 

targeted education on sickle cell anaemia and cancers. These initiatives have not, to 12 

date, been involved in training genetic health care professionals, who can deliver 13 

dedicated broad high-level genetic counselling and medical genetics services. 14 

Despite this upward trajectory, significant challenges remain. Few efforts train 15 

specifically for the healthcare sector or for patient care, but rather for a research 16 

setting. In addition, language has been identified as a significant barrier to the uptake 17 

of cross-continental training initiatives (158), and the ability of Africa to retain scientific 18 

leaders who are capable of developing and maintaining sustainable research programs 19 

remains difficult (108). 20 

Clinical and genomics infrastructure shortages further impede the continent’s adoption 21 

of genomic medicine (107,146,155,159). Robust clinical infrastructure is required for 22 

adequate and equitable access to service and to collect, process and store clinical 23 

samples destined for diagnostic genomic analysis (160). Additionally, the infrastructure 24 

required for analysis and subsequent genomic medicine implementation is expensive 25 

and requires considerable expertise and a sophisticated operating environment 26 

(155,161). As resources for infrastructure projects remain scarce in Africa (159), 27 

developing innovative approaches that leverage existing infrastructure, promote the 28 

sharing of facilities at the national and regional level or prioritise subcontracting 29 

services to allow efforts to be concentrated on developing services are paramount 30 

(109,155). Furthermore, access is but the first step; proper integration of high-31 
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throughput technologies on affordable technical platforms and based on an African 1 

knowledge-base is needed if Africans are to reap the health benefits (162). 2 

On a more positive note, Africa’s genomics capacity is not restricted to human 3 

genetics, and this provides an opportunity for leveraging shared infrastructure, and 4 

genetics and bioinformatics expertise. There is significant capacity in infectious 5 

disease genomics with institutions such as the African Centre of Excellence for 6 

Genomics of Infectious Diseases (ACEGID), the Africa Centre for Disease Control and 7 

Prevention (Africa CDC), Nigerian CDC, the Kwa-Zulu-Natal Research Innovation and 8 

Sequencing Platform (KRISP) and the National Institute for Communicable Diseases 9 

in South Africa. These initiatives spearheaded the response to COVID-19 on the 10 

continent (163–165). Furthermore, there are pockets of excellence for agricultural 11 

genomics, such as the Agricultural Research Centre (ARC) in South Africa 12 

(www.arc.agric.za) and the African Orphan Crops Consortium 13 

(http://africanorphancrops.org). 14 

The use of digital tools could provide cost-effective solutions that broaden the reach 15 

and efficiency of genomic medicine. Distance-based training initiatives (166) and 16 

telegenetics platforms (167) enable increased access to training, testing and 17 

counselling resources by reducing traditional cost and time barriers (168). Such 18 

approaches would need to be tailored for Africa to assess efficacy and uptake. 19 

While all these initiatives would accelerate the growth of genomics in Africa, dedicated 20 

healthcare professionals with broad genetics and genomics training will be required to 21 

translate this knowledge into appropriate clinical services. Furthermore, while shared 22 

equipment facilities are helpful, human genetics diagnostic laboratories have specific 23 

requirements to ensure results are returned to individual patients with high accuracy 24 

and appropriate counselling. Interpretation of individual genomic data for feedback to 25 

patients needs to be ring-fenced as a distinct requirement. 26 

3.1.2. Dedicated funding and support 27 

Most countries in Africa do not have formal medical specialties in clinical genetics and 28 

therefore lack dedicated funding for this medical discipline. South Africa and several 29 

North African countries, including Egypt, Morocco and Tunisia, are the exceptions, but 30 

http://africanorphancrops.org/
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still have challenges in providing broad and equitable services throughout their 1 

respective countries (135–138). Genetic services are often considered non-essential 2 

in resource-constrained health services and are then only offered where dedicated and 3 

informed medical practitioners seek out or develop diagnostic tests and offer patient 4 

and family counselling. This hampers access to diagnosis, treatment and prevention 5 

strategies, as well as opportunities for family planning across the genetic disease 6 

spectrum (153). 7 

There is a need to create new funding opportunities from within the continent, including 8 

philanthropic, government and industry funding, that allow for African genomics 9 

questions, priorities and intended outcomes to be framed locally, nationally and 10 

regionally (159). A variety of co-operative arrangements, between the government and 11 

private sector, are becoming increasingly popular in health care due to their ability to 12 

mobilise resources, finance and reduce service delivery inefficiencies (169). A venture 13 

capital start-up company in Nigeria, 54gene, is developing such a partnership 14 

(https://54gene.com) and some genetic researchers in Africa have argued that public–15 

private partnerships are necessary for expansion of genomic medicine on the continent 16 

(146). 17 

3.1.3. Political will and supporting legislation 18 

The movement toward integrating genomics into routine medical practice is gaining 19 

momentum with country-level, government-funded initiatives underway in at least 14 20 

countries internationally (170). Such large-scale national efforts drive the adoption of 21 

genomic medicine through financial support (152), increasing genetic literacy, fostering 22 

national and regional collaborations (109), and limiting unnecessary duplication of 23 

effort and infrastructure (170). However, no such initiatives exist in any African country 24 

as yet (170). The potential for national and regional collaboration across Africa is large. 25 

Some African governments are beginning to recognise the value of local genomic data 26 

and have supported research sequencing initiatives (171–173). Recently a call was 27 

made to sequence three million African genomes (3MAG) to capture the extent of 28 

genetic variation across the continent, which would not only improve global health and 29 

research but significantly reduce envisioned health disparities (174). Although such 30 

large scale public health genomic projects may not be feasible for now, African 31 

https://54gene.com/
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governments must still plan for genomic medicine and prioritise legislation, frameworks 1 

and policies that facilitate adequate and equitable genetic service provision and 2 

genomics research (108,152,159), with specific goals to translate knowledge gained 3 

into improved clinical services. 4 

3.1.4. Public education and awareness 5 

Genomic literacy and awareness are critical in managing genetic diseases, including 6 

diagnosis, prevention of complications and therapy (138,144). In Africa, public 7 

knowledge of genetics and genomics is still very poor, and few initiatives aim to 8 

improve genomic literacy amongst the public despite the potential health benefits 9 

(138,150,151,175) and indirect motivation for government buy-in and genomics 10 

medicine investment (146). Africa is characterised by great cultural and language 11 

diversity, thereby requiring a multidisciplinary approach to improving public and 12 

community genomics literacy and engagement (176). The low literacy rates in some 13 

Sub-Saharan African countries add a further complication (137,151). 14 

The catalytic role of patient advocacy groups as a driver for change should not be 15 

underestimated (127,139,143). For example, the Albinism Society of South Africa 16 

(ASSA), which was started in 1994, is very active in providing information on the 17 

condition, as well as support services for people with albinism and advocating for their 18 

rights (particularly for adequate health care) (177). Similar groups are organised in 19 

Kenya, Tanzania, Cameroon and elsewhere (148). 20 

3.1.5. Genomic and public health economics research relevant  21 

to Africa 22 

There is unanimous agreement that understanding population genetic variation as it 23 

links to health is the gateway to genomic medicine in Africa (91,109). For PPH 24 

strategies to be applicable to Africans, African scientists must direct the research 25 

agenda and conduct high-quality genomics research that aims to understand health 26 

problems relevant to African populations (108,159). 27 

There are almost no large-scale population-based studies in Africa. African participants 28 

in GWAS studies contribute <3% of the world genetic data (178), despite harbouring 29 

the greatest genetic diversity. This unequal weighting has not only biased our 30 
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understanding of genetic disease but has also reduced the potential transferability of 1 

translational genomic research. There are also missed opportunities to recognise the 2 

value of African data in fine-mapping causal variants given the high diversity and low 3 

linkage disequilibrium in African populations (as reviewed in (146)). 4 

Furthermore, there are extremely limited data on mutation profiles for monogenic 5 

diseases in Africa, with minimal understanding of the genetic epidemiology. Genomic 6 

technologies offer the potential to increase this knowledge rapidly and systematically. 7 

Key areas of focus where such interventions offer possibilities for rapid acceleration 8 

include baseline characterisation of population variant profiles, monogenic disease 9 

mutation profiles, infectious diseases and host responses, pharmacogenomics, and 10 

precision therapy for complex diseases. Broad open access databases and data 11 

sharing are critical components to ensure accessibility of the data across the continent, 12 

for the benefit of individuals on the continent but also for the many individuals 13 

distributed across the world who have their origins in Africa. 14 

Concurrent clinical service accelerators are required. Apart from ensuring adequate 15 

capacity and training, the establishment of patient registries, biorepositories, electronic 16 

health records and mutation databases with broad access are essential for 17 

translational genomic medicine. This translation must encompass the key areas of 18 

analytical validity, clinical validity, clinically utility and ethical soundness.  19 

Although the economic factors in the establishment of genomics services and their 20 

impact on healthcare in low and middle-income countries have not been assessed, it 21 

is reasonable to assume that they may have similar value to those demonstrated 22 

elsewhere (179–183). On an individual level, families value causal diagnoses to 23 

minimise the financial and emotional effects of the diagnostic odyssey. Further value 24 

arises from directed management strategies that improve patient health and well-being 25 

while expanding evidence-based research to reduce evidentiary uncertainty. The value 26 

at a continent-wide level needs to be explored further (184). 27 

4. CONCLUSION 28 

The need for globalisation in research and the recognition of the critical role of African 29 

genetic diversity in unravelling the aetiology of disease states (91,109,185) is a useful 30 

starting point to justify the development of clinical genetic services in Africa. 31 
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Informal discussions with colleagues in different African countries revealed several 1 

distinct approaches to genetics service delivery but practicing clinical geneticists could 2 

not be identified in most African countries. In some countries, there were no ring-3 

fenced, structured genetic services. Many relied heavily on academic and research 4 

environments and funding to support sporadic clinical genetic services. Only a handful 5 

had formal training for clinical geneticists and genetic counsellors with dedicated 6 

government-supported services. 7 

Service could be expedited by fostering intra- and inter-African institution 8 

collaborations to develop and expand the necessary infrastructure and capacity 9 

required to promote genomics-based health interventions in Africa. However, there is 10 

a need to create new funding opportunities from within the continent, including 11 

philanthropic, government and industry funding, for African researchers so that more 12 

research questions, priorities and intended outcomes can be framed locally, nationally, 13 

and regionally. 14 

Genetic services in Africa need to be culturally competent by considering and 15 

respecting the culture, values and traditions of the individuals and communities 16 

accessing the genetic services. Much research is needed to explore potential barriers 17 

and develop innovative approaches to genetic education and language and the 18 

mechanisms best suited to prevent and treat genetic disorders in Africa. Intensive 19 

community engagement is required to obtain informed opinions and use these to 20 

develop appropriate services. Genetic services need to be based on scientific validity 21 

obtained from studies in Africans and should have clinical utility in low-resourced 22 

settings to ensure that they lead to health benefits. Overall, this will only be possible 23 

with strengthening of underlying general health systems. Considering the limited and 24 

fledgling genetic services across most of Africa, the continent has perhaps not yet 25 

come of ‘genomics’ age but has a strong nucleus of determined and optimistic 26 

clinicians and scientists with a clear vision. There is hope for innovative solutions and 27 

technological leapfrogging, but in the absence of political will, and investment in 28 

translation through strong health care systems, the people of the continent will need to 29 

be patient. 30 

  31 
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Chapter 2: Publication 2 1 

Ancestry-aligned polygenic risk scores combined with conventional 2 

risk factors improve prediction of cardiometabolic outcomes in 3 

African populations  4 

This chapter describes the research conducted to develop an integrated risk score for 5 

cardiovascular diseases in African populations. This research was performed in order 6 

to improve cardiovascular disease risk prediction in African populations. Specifically, 7 

the assessment included deriving an integrated risk score that includes genetic and 8 

non-genetic factors and compares the predictive utility of population-specific polygenic 9 

scores. Given the limited transferability of current polygenic risk scores across 10 

populations, developing a score suitable for Africans is crucial to limiting the potential 11 

health disparities that could arise from precision-medicine approaches, such as 12 

polygenic risk scores. The work described in this chapter is under review at the peer-13 

reviewed journal, Genome Medicine: 14 

Kamp, M., Pain, O., Lewis C.M., and Ramsay, M., 2023. Ancestry-aligned polygenic 15 

risk scores combined with conventional risk factors improve cardiovascular disease 16 

risk stratification in African populations – under review at Genome Medicine.  17 

Author contributions: Conceptualisation: MR, CL, OP and MK; Methodology: MR, 18 

CL, OP and MK; Formal analysis: MK; Writing – Original draft preparation: MK. 19 

Writing – review and editing: MR, CL,OP and MK. Visualisation: MK. Supervision: 20 

MR, CL, and OP; Project administration: MK; Resources: MR. 21 
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ABSTRACT 1 

Background – Cardiovascular diseases (CVD) are a major health concern in Africa. 2 

Identifying and treating high-risk individuals will reduce adverse health outcomes. 3 

Current CVD risk calculators are largely unvalidated in African populations and 4 

overlook genetic factors. Polygenic scores (PGS) can provide a measure of an 5 

individual's genetic susceptibility to CVD and enhance risk prediction beyond 6 

traditional risk factors. However, European ancestry bias limits their applicability in 7 

genetically diverse populations. To address this, we developed models that integrate 8 

genetic and non-genetic data to assess the risk of developing cardiometabolic disease 9 

associated outcomes in African populations.  10 

Methods - Summary statistics from a genome-wide association meta-analysis 11 

(n=14,126) in African populations were used to derive novel genome-wide PGS for 14 12 

cardiometabolic traits in an independent African target sample (AWI-Gen, n=10,603). 13 

Using regression analyses, relationships between each PGS and corresponding 14 

cardiometabolic trait, and seven CVD outcomes (CVD, heart attack, stroke, diabetes 15 

mellitus, dyslipidaemia, hypertension, and obesity) were assessed. Predictive utility of 16 

the genetic data was determined by evaluating elastic net models containing multiple 17 

PGS and reference-projected principal components of ancestry. An integrated risk 18 

prediction model incorporating genetic and conventional risk factors was 19 

developed. To enhance generalisability, nested cross-validation was used when 20 

deriving elastic net models. 21 

Results - Our African-specific PGS displayed significant but variable within- and cross- 22 

trait prediction (max.R2 = 6.8%, p=1.86 × 10−173). The following PGS were 23 

significantly associated with dyslipidaemia: total cholesterol (logOR = 0.210, SE = 24 

0.022, p = 2.18 x10-21), and low-density lipoprotein (logOR = -0.141, SE = 0.022, p = 25 

1.30 x10-20; the PGS for systolic blood pressure was associated with hypertension (. 26 

logOR = 0.150, SE = 0.045, p = 8.34 x10-4); and and multiple PGS, specifically body 27 

mass index  (logOR = 0.131, SE = 0.031, p = 2.22 x10-5), hip circumference (logOR = 28 

0.122, SE = 0.029, p = 2.28 x10-5), waist circumference (logOR = 0.013, SE = 0.098, 29 

p = 8.13 x10-4) and weight (logOR = 0.103, SE = 0.029, p = 4.89 x10-5) were associated 30 

with obesity . Elastic net models combining PGS and reference-projected principal 31 
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components significantly improved prediction over PGS alone. Models including 1 

genetic and non-genetic risk factors were more predictive than non-genetic models 2 

alone (dyslipidaemia: R2 increase= 2.6%, p=4.45x10-12; hypertension: R2 increase= 3 

2.6%, p= 2.37x10-13; obesity: R2 increase = 5.5%, 1.33x10-34).  4 

 5 

Conclusion – In African populations, risk prediction models of CVD and associated 6 

cardiometabolic traits can be improved by incorporating PGS aligned to the target 7 

population and accounting for projected principal components of ancestry. Combining 8 

PGS with conventional risk factors further enhances prediction over traditional models 9 

based on non-genetic data. The generalisability of international predictive models for 10 

CVD to African populations will be enhanced by including data from target populations. 11 

1. INTRODUCTION  12 

Cardiovascular diseases (CVD) are the leading cause of mortality and morbidity 13 

worldwide. In 2019, approximately 17.9 million deaths were attributed to CVD, 75% of 14 

which occurred in low- and middle-income regions, including Africa (17). Early 15 

identification of high-risk patients and timely initiation of appropriate treatment are 16 

crucial in mitigating adverse health outcomes associated with CVD. Clinical guidelines 17 

recommend using ten-year risk calculators, such as Framingham's and QRISK3, to 18 

identify individuals at increased risk of developing CVD (29,186). However, the 19 

application of these calculators in Africa is challenging due to limited longitudinal data 20 

and limited validation in African populations (22,30). Moreover, most calculators do not 21 

consider genetic risk factors, which have been shown to contribute to CVD 22 

development (53). 23 

Polygenic scores (PGS), calculated as the weighted sum of trait-associated alleles, 24 

can provide a single value estimate of an individual's genetic liability for disease. PGS 25 

can potentially improve risk stratification, the systematic process of categorising 26 

individuals based on their likelihood of developing a disease, and better identify those 27 

at higher risk for developing disease (15,187). Furthermore, including PGS alongside 28 

conventional risk factors further improves CVD-risk prediction accuracy (54,55). 29 

However, more than 85% of genome-wide association studies (GWAS) have been 30 

performed in populations of European ancestry, substantially reducing their 31 

predictability in other ancestry groups (59,60,133). This limited portability is likely due 32 
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to differences in population allele frequencies (i.e. the variation in the prevalence of 1 

specific alleles among different populations), linkage disequilibrium (LD), population-2 

specific causal variants or effects (i.e. the variation in the prevalence of specific alleles 3 

among different populations), and potential variations in gene-gene and gene-4 

environment interactions [as reviewed by 8 and 9].  5 

To address these challenges, there is active investment in increasing the 6 

representation of diverse populations in GWAS and developing innovative 7 

methodological and computational approaches to data analysis (133,188). Research 8 

indicates that PGS perform optimally within ancestrally matched populations, including 9 

continental African populations due to the increased genetic diversity, low LD, and high 10 

population substructure in African populations. Whilst scores that work well across all 11 

populations are desired, we believe that developing scores that consider the unique 12 

epidemiological characteristics and genetic diversity of African populations is 13 

necessary and could inform trans-ancestry method. By integrating population-specific 14 

genetic risk factors, we can enhance the accuracy and precision of risk assessment, 15 

ultimately improving patient stratification and optimising the allocation of limited 16 

healthcare resources (54,57,189). This study aimed to develop and assess an 17 

integrated risk score model, considering both genetic and non-genetic factors, for CVD 18 

and associated cardiometabolic traits in populations resident in Africa. 19 

2. METHODS 20 

2.1. Study design and overview 21 

The design of this study is illustrated in Figure 8. The objective of the present study 22 

was to determine and evaluate the predictive performance of an integrated risk score 23 

(IRS), which encompasses genetic and conventional non-genetic factors, for CVD and 24 

related cardiometabolic outcomes in African populations. The genetic factors in the IRS 25 

consist of PGS and genetic ancestry, as inferred by projected principal components 26 

(PC) of ancestry. The non-genetic component included conventional 27 

sociodemographic and behavioural variables such as age, sex, smoking status, 28 

alcohol consumption, diet-related factors, physical activity, and nightly sleep duration.  29 
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Summary statistics from the African Partnership for Chronic Disease Research 1 

(APCDR) GWAS meta-analysis for cardiometabolic traits were used to derive PGS. 2 

The APCDR cohort consists of 14,126 individuals from different African regions (93). 3 

Scores were trained on data from the Africa Wits INDEPTH Partnership for Genomic 4 

Research (AWI-Gen) (82) cohort comprising 10,603 individuals from four African 5 

countries. Study participants from AWI-Gen resided in Burkina Faso, Ghana, Kenya, 6 

and South Africa, while those from ACPDR were from Ghana, Kenya, Nigeria, South 7 

Africa, and Uganda. Despite a similar regional mix, there was no recorded sample 8 

overlap between the target cohort and the individuals analysed in the GWAS from 9 

which summary statistics were obtained.  10 

First, we constructed distinct PGS for each of fourteen cardiometabolic traits, all 11 

continuous phenotypes, using the p-value thresholding and LD clumping approach 12 

(pT+clump) employing the GenoPred pipeline    13 

(https://github.com/opain/GenoPred/tree/master/GenoPredPipe). All approaches 14 

utilised in the construction of the PGS, including the quality control of both the base 15 

and target data, the calculation of scores at multiple p-value thresholds, and the 16 

adjustment for linkage disequilibrium (LD), are standardised and calculated according 17 

to proceures outlined by Choi et al. (2020). Scores were derived for the following traits: 18 

six anthropometric indices (body mass index (BMI), height, weight, hip circumference, 19 

waist circumference, and waist-to-hip ratio (W-H ratio)); two blood pressure 20 

measurements (diastolic blood pressure (DBP) and systolic blood pressure (SBP)); 21 

four lipid traits (low-density lipoprotein cholesterol (LDL-C), high-density lipoprotein 22 

(HDL-C), total cholesterol (TC) and triglycerides (TG)); and two liver function measures 23 

(albumin and bilirubin blood serum levels).  24 

Subsequently, the associations of the PGS and non-genetic factors with thirteen of the 25 

cardiometabolic traits (excluding bilirubin, which was not measured in AWI-Gen) and 26 

seven CVD-associated outcomes, namely CVD, diabetes mellitus, dyslipidaemia, 27 

heart attack, hypertension, obesity, and stroke, were tested. Next, to derive and 28 

evaluate the predictive utility of genetic, non-genetic, and IRS models, elastic net 29 

regression with nested cross-validation (NCV) was used.  30 

https://github.com/opain/GenoPred/tree/master/GenoPredPipe
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 1 

Figure 8: Study design and overview 2 

This study employed two primary datasets, the base and target datasets. Base: The African 3 
Partnership for Chronic Disease Research (APCDR) dataset, encompassing 14,126 4 
participants from South Africa, Kenya, Uganda, Ghana, and Nigeria, and the target was the 5 
Africa Wits INDEPTH Partnership for Genomic Research (AWI-Gen) dataset which included 6 
10,602 participants from Burkina Faso, Ghana, Kenya, and South Africa. Polygenic risk scores 7 
for 14 cardiometabolic traits were derived using the p-value thresholding method combined 8 
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with linkage disequilibrium (LD) clumping. The African subset of the 1000 Genomes Project 1 
(1KG) served as the reference panel. Predictive modelling evaluated the efficacy of genetic, 2 
non-genetic, and integrated models in forecasting disease outcomes. The map included in the 3 
figure visually represents the approximate geographical distribution of the cohorts, with the 4 
position circles indicating the location. Key acronyms: APCDR - African Partnership for Chronic 5 
Disease Research; AWI-Gen - Africa Wits INDEPTH Partnership for Genomic Research; CVD 6 
- Cardiovascular Disease; GWAS - Genome-Wide Association Study; LD - Linkage 7 
Disequilibrium; PGS - Polygenic Score 8 

2.2. Data sources 9 

2.2.1. Base data set: APCDR Meta-analysis 10 

The APCDR (African Partnership for Chronic Disease Research) is a genome-wide 11 

association meta-analysis of association statistics that encompasses association 12 

statistics derived from four African cohorts (93). The cohorts included the Uganda 13 

Genome Resource (UGR) (n = 6,188), the Africa-America Diabetes Mellitus (AADM) 14 

(n = 5,231), the Durban Diabetes Study (DDS) (n = 1,165), and the Durban Case 15 

Control (DCC) (n = 1,542) (93,94,190). In brief, the meta-analysis, as conducted by 16 

Gurdasani et al. (93),  investigated 34 cardiometabolic traits in up to 14,126 individuals 17 

aged 18 years and older residing in Ghana, Kenya, Nigeria, South Africa, and Uganda. 18 

The APCDR data is publicly available and includes imputed dosage data for all 19 

individuals and ~96 million variants. These data were generated using METASOFT 20 

(191) with a composite reference panel developed by authors (93). Summary statistics 21 

were downloaded from the NHGRI-EBI GWAS Catalog (95) on 01 Jun 2021 for studies 22 

GCST009042 to GCST009060 (details of studies are provided in Publication 23 

supplementary materials S1) (93). 24 

2.2.2. Target data set: AWI-Gen  25 

AWI-Gen is a cross-sectional cohort study undertaken across four sub-Saharan African 26 

countries: Burkina Faso, Ghana, Kenya, and South Africa (82). This study's primary 27 

objective is to explore genetic and environmental factors associated with 28 

cardiometabolic diseases in Africans. It is part of the Human Heredity and Health in 29 

Africa Consortium (H3Africa). From 2012 to 2016, approximately 12,000 participants, 30 

primarily between the ages of 40 and 60 years, were enrolled across six study centres, 31 

and individual-level genetic, health-related, and phenotypic data relating to lifestyle 32 

was collected. Baseline data was used in this study. The study sites are: from South 33 
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Africa, the MRC/Wits Agincourt Health and Demographic Surveillance System Site 1 

(HDSS) (referred to as Agincourt), the Dikgale HDSS of the University of Limpopo, and 2 

the Soweto centre which is coordinated by the South African Medical Research 3 

Council/Wits Developmental Pathways for Health Research Unit (DPHRU); in Kenya, 4 

the African Population and Health Research Center HDSS in Nairobi; in Ghana, the 5 

Navrongo HDSS in the Navrongo Health Research Centre; and in Burkina Faso, the 6 

Nanoro HDSS hosted by the Institut de Recherche en Sciences de la Santé Clinical 7 

Research Unit (82,83).  8 

Genetic data 9 

Approximately 11,000 individuals were genotyped on the 2.3 M SNP H3Africa array at 10 

Illumina® FastTrackTM Microarray services (192). Genotype calling was performed 11 

using the Illumina pipeline. Quality control (QC) was performed as described 12 

previously, but in summary, pre-imputation QC was performed using the 13 

H3ABioNet/H3Agwas pipeline (https://github.com/h3abionet/h3agwas) and variants 14 

with a minor allele frequency (MAF) <0.01, missingness >0.05 or Hardy-Weinberg 15 

equilibrium p-value <1×10−3 were removed. Additionally, SNPs from the X and Y 16 

chromosomes, mitochondrial SNPs, and SNPs that did not match the GRCh37 17 

reference alleles were removed. Samples that were potential duplicates (PIHAT > 0.9), 18 

had a missing SNP genotyping rate greater than 0.05, and reported vs. genetic sex 19 

inconsistencies were excluded. Population stratification was assessed using principal 20 

component (PC) analysis based on an LD-pruned subset of SNPs using the smartPCA 21 

program implemented in EIGENSTRAT. Imputation was performed using the African 22 

Genome Resources reference panel (EAGLE2 + PBWT pipeline) at the Sanger 23 

Imputation Server (https://imputation.sanger.ac.uk/). Post-imputation QC involved 24 

removing indels, rare SNPs (MAF ≤ 0.01), and poorly imputed SNPs (Info score ≤ 0.6), 25 

resulting in a final dataset containing 10,603 participants and 13.98 M SNPs. 26 

Phenotypic data 27 

In addition to demographic, general health and infection history variables, the AWI-Gen 28 

questionnaire provided information on diet, smoking status, alcohol use, physical 29 

activity, and sleep. Variables associated with CVDs and used in conventional CVD risk 30 

calculators were included in our models and referred to as non-genetic factors 31 

throughout our analyses (26,29,90). The variables selected included age, sex, current 32 

https://github.com/h3abionet/h3agwas
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smoking status, alcohol consumption status, sleep (hours/night), moderate and 1 

vigorous physical activity (minutes/week), juice (number per week) and sugar drinks 2 

(number per week).  3 

Current smoking status was obtained from “Yes”, “No” responses to the following 4 

question, “Do you currently smoke tobacco?”. Similiarly, alcohol consumption status 5 

was determined from “Yes”, “No” responses to the following question “Are you a current 6 

alcohol consumer?” Those who prefered not to answer or did not know, were excluded. 7 

not inlcuded. The Global Physical Activity Questionnaire (GPAQ) was used to obtain 8 

self-reported physical activity. Total moderate-vigorous physical activity (MVPA) in 9 

minutes per week was calculated from the accumulation of occupation, travel-related 10 

and leisure time physical activity. Sitting time (minutes/week) is used as a proxy for 11 

sedentary behaviour (Ref).  12 

Weekly consumption of bread (slices per week), fruit (servings per week), and 13 

vegetables (servings per week) was calculated by multiplying the individual's number 14 

of servings per day by the number of times a week each respective food group was 15 

consumed. Not all the selected variables were available in the Soweto sample; thus, 16 

these samples were excluded from the prediction modelling analyses. For the 17 

remaining participants, individuals with more than 5% of the data missing among these 18 

selected variables were removed. Additional details on the variables and their 19 

construction can be found in Publication supplementary materials S2.  20 

2.2.3. Disease outcomes  21 

The outcome variables in this study included 13 cardiometabolic traits and seven CVD-22 

associated outcomes. Cardiometabolic traits included BMI, height, weight, hip 23 

circumference, waist circumference, and W-H ratio, DBP, SBP, LDL-C, HDL-C, TC, TG, 24 

and albumin and bilirubin blood serum levels. CVD-associated disease outcomes 25 

assessed were CVD, diabetes mellitus (T2D), dyslipidaemia (DLD), heart attack (HA), 26 

hypertension (HTN), obesity (OBS), and stroke. CVD was defined as present if the 27 

participant reported having had a heart attack, stroke, or transient ischaemic attack. 28 

Participants previously diagnosed with congestive heart failure or angina were also 29 

classified as having CVD. Transient ischaemic attack, congestive heart failure or 30 

angina outcomes are not included as single disease endpoints due to small sample 31 
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size. Further information regarding the outcome definitions can be found in Publication 1 

supplementary materials S3. For disease traits, all cases were included. The maximum 2 

sample sizes for each phenotype in the prediction modelling analyses are shown in 3 

Table 3.  4 

Table 3: Sample sizes for each disease outcome (e.g., Characteristics of the 5 
AWI-Gen cohort for the CVD traits and associated outcomes) 6 

Phenotype Abbrev Total 
sample 
size  

NA No. cases  No. controls  

Cardiovascular 
disease  

CVD 7,586 1,517 
(20%)  

219 (2.9%) 5,850 (77.1%)  

Dyslipidaemia  DLD 10,602 2,121 
(20%) 

5,680 (53.6%) 2,801 (26.4%) 

Heart attack  HA 8,598 1,719 
(20%) 

46 (0.5%) 6,833 (79.5%)  

Hypertension  HTN 10,602 2,121 
(20%) 

3,183 (30%) 5,298 (50%) 

Stroke Stroke 9,737 1,947 
(20%) 

113 (1.2%) 7,677 (78.8%) 

Obesity  OBS 10,602 2,121 
(20%) 

1,775 (16.7%) 6,706 (63.3%) 

Type 2 
Diabetes  

T2D 10,537 2,109 
(20%) 

568 (5.4%) 7,861(74.6%) 

NA refers to participants who reported that they did not know their disease status, and those from the Soweto 7 
site – these participants were excluded from modelling analysis given the high level of missingness of non-8 
genetic risk factors. CVD  includes heart attack, stroke, or transient ischaemic attack, and participants previously 9 
diagnosed with congestive heart failure or angina. Limited case numbers for transient ischaemic attack, 10 
congestive heart failure or angina restricted their use as disease endpoinnts themselves. Some individuals 11 
experienced multiple CVD outcomes and subsequently a summation of individual outcomes does not equate to 12 
the total number of CVD cases reported 13 
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2.3. Polygenic scoring 1 

2.3.1. Quality control of datasets  2 

2.3.1.1. QC of Base data: GWAS summary statistics 3 

GWAS summary statistics of traits for inclusion in the study were selected due to their 4 

relevance to cardiometabolic disease, presence in the AWI-Gen cohort, as well as 5 

sharing a similar ancestry to the target AWI-Gen population. The identified summary 6 

statistics underwent a series of quality control (QC) procedures, including the 7 

extraction of HapMap3 variants, and the removal of ambiguous variants, or where 8 

variants had missing data. Variants were flipped to match the 1000 Genomes Phase 3 9 

(1KG) reference, and then variants were retained if the MAF >0.01 in the African subset 10 

of 1KG (1KG AFR), the MAF >0.01 in the GWAS sample, and the INFO >0.6. GWAS 11 

summary statistics variants and samples were removed if they (1) had a discordant 12 

MAF (>0.2) between the reference and GWAS sample, (2) had reported p-values 13 

outside the range of 0 to 1, (3) were duplicates, or (4) had a sample size >3 SD from 14 

the median sample size. 15 

2.3.1.2. QC of Target data: Ancestry classification 16 

Individuals in AWI-Gen were assigned to the five super populations present in the 1000 17 

Genomes phase 3 (1KG) reference sample (97), namely European, East Asian, South 18 

Asian, African, and Admixed American. Super population membership was predicted 19 

using a 1KG reference trained elastic net model consisting of the first six reference-20 

projected genetic principal components (PPCs). Principal components were defined in 21 

the 1KG reference using HapMap3 SNPs in common between the 1KG and AWIGEN 22 

data with a minor allele frequency >0.05, missingness <0.02 and Hardy-Weinberg p-23 

value >1×10-6. LD pruning for independent variants was performed in PLINK (193) 24 

after removal of long-range LD regions (194), using a window size of 1000, step size 25 

of 5, and r2 threshold of 0.2. 26 

A multinomial elastic net model, created using the glmnet R package (96), predicted 27 

super population membership in the 1KG reference with 5-fold cross validation. This 28 

model, along with reference-derived principal components, was applied to AWI-Gen 29 
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for similar predictions. Participants with a predicted probability over 0.5 were assigned 1 

to a super population, with all being assigned to the AFR superpopulation as expected. 2 

2.3.2. Score Construction  3 

Typically, a PGS follows the form β1X1 + β2X2 + … + βkXk + … + βnXn, where βk 4 

represents the effect size attributed to each allele for a given cardiometabolic trait 5 

associated with SNP k. Xk is the number of effect alleles at SNP k, and n is the total 6 

number of SNPs in the PGS. To derive the PGS for each trait, we used (1) publicly 7 

available GWAS summary statistics described in Gurdasani et al. (2019); extracting 8 

the disease-associated variants, the effect allele, the estimated β-coefficient for the 9 

effect allele, and the p-value of each genetic variant, and (2) linkage disequilibrium 10 

(LD) between genetic variants from the African 1KG LD reference panel (661 Africans) 11 

(97). Scores were derived using the pT+clump approach. The pT + clump method is a 12 

robust approach that enhances the accuracy and relevance of PGS by selecting the 13 

most informative genetic variants while reducing redundancy due to LD. We used 14 

default LD-based clumping parameters (r2 = 0.1, window =250kb) to retain only the 15 

single most significant variant within each locus, as overly aggressive LD thresholds 16 

can detrimentally affect the predictive power PGS (47). The African subset of the 1000 17 

Genomes (1KG AFR) was used to estimate LD. Ten p-value thresholds were 18 

considered (1 × 10−8, 1 × 10−6, 1 × 10−4, 1 × 10−2, 0.1, 0.2, 0.3, 0.4, 0.5 and 1). Polygenic 19 

scores were then calculated in AWI-Gen participants, imputing missing variants using 20 

the 1KG AFR allele frequency. In the AWI-Gen sample, 1,104,4026 HapMap3 variants 21 

were present. Polygenic scores were standardised (scaled and centred) based on the 22 

mean and SD of PGS in the 1KG AFR reference sample. The score calculations were 23 

performed using PLINK v1.9 as implemented in the GenoPred pipeline 24 

(https://github.com/opain/GenoPred). 25 

2.3.3. Association testing 26 

Following PGS development, regression analysis was used to assess the within- and 27 

cross-trait predictive utility of each PGS, and with the seven disease outcomes of 28 

interest, while accounting for confounders such as age, sex, and the first eight with-in 29 

sample principal components to avoid PGS associations being confounded by 30 

population structure (98). Similarly, regression analyses were run to assess the 31 

https://github.com/opain/GenoPred
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association between conventional risk factors, including age, smoking status, alcohol 1 

consumption, diet-related variables, sleep, and physical activity, with selected disease 2 

outcomes. Given the differences by sex of these traits within African populations, the 3 

analyses were stratified by sex (13,195,196). The predictive utility of scores was 4 

assessed as the proportion of variance explained by the PGS or non-genetic factors, 5 

and computed as the R2. For PGS association testing, R2 was obtained from a full 6 

model including both PGS and covariates (PCs, sex, age, and age-squared) minus the 7 

R2 obtained from a model including covariates alone. R2 was not adjusted to the liability 8 

threshold model due to limited disease prevalence estimates available across Africa 9 

and the substantial variation in prevalence noted across cohort sites. For multiple 10 

testing, results were corrected for the number of PGS tested for each outcome (i.e., 11 

applying a p-value threshold of 0.05/14). We did not correct for the number of p-value 12 

thresholds as they are correlated, and a Bonferroni correction would be overly 13 

conservative. Prediction accuracy was evaluated as the Pearson correlation between 14 

the observed and predicted outcome values. Correlation was used as the main test 15 

statistic as it is applicable for both binary and continuous outcomes and standard errors 16 

are easily computed. 17 

2.3.4. Ancestry predictor derivation  18 

In addition to PGS, reference-projected genetic principal components (PPCs) were 19 

included in prediction models to enhance prediction. Genetic principal components 20 

capture major axes of genetic variation, which primarily represent differences in genetic 21 

ancestry and can be used to enhance prediction over PGS alone. To prevent 22 

overfitting, the principal component SNP-weights should be derived independently of 23 

the target sample. Therefore, we used the PPCs described in Section 2.3.1.2, where 24 

the first 6 genetic principal components were derived from the 1KG reference, and then 25 

projected these principal components into the AWI-Gen target sample.  26 

2.4. Integrated risk score and prediction modelling 27 

Elastic net regression with nested cross-validation (NCV) was used to develop and 28 

evaluate the predictive utility of three risk prediction models; specifically genetic, non-29 

genetic, and integrated:  30 

1. Genetic - 31 
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a. MultiPGS - assessed the predictive utility of utilising multiple PGS compared 1 

to single-trait PGS.  2 

b. MultiPGS + Ancestry - assessed the predictive utility of utilising multiple PGS 3 

with genetically inferred ancestry, specifically projected principal 4 

components.  5 

2. Non-genetic - assessed the predictive utility of selected conventional risk factors. 6 

3. Integrated - assessed the predictive utility when combining all genetic (MultiPGS 7 

and ancestry) and non-genetic predictors.   8 

Elastic net balances feature selection and regularisation to reduce over-fitting and 9 

address collinearity among predictors. It combines the properties of both ridge and 10 

lasso regression, where similar to ridge regression, elastic net applies a penalty to 11 

model coefficients which shrinks them towards zero, thus reducing the impact of less 12 

important predictors.  And similar to lasso regression, elastic net performs variable 13 

selection by setting some coefficients to zero. By balancing  the weight of ridge and 14 

lasso penalties, this regularisation removes the need for manual selection of 15 

predictors and selects and weights the most predictive variables appropriately, 16 

reducing redundancy and enhancing model interpretability (99). NCV repeatedly 17 

partitioned the dataset into training, validation, and testing sets, and consisted of 5 18 

outer folds with a 90-10 data split (90% training, 10% testing) to provide an unbiased 19 

estimate of the predictive utility of the model, and 10 inner folds (80% training, 20% 20 

testing) for hyperparameter tuning. The proportion of variance explained by a model 21 

was computed as R2. Hyperparameters were determined using the 'caret' R package, 22 

which optimises the RMSE for continuous outcomes and accuracy for binary 23 

outcomes.  24 

The predictive performance of the models were assessed by the correlation between 25 

observed and predicted values of each model, and the comparative performance of 26 

the models were compared using William's test (also known as the Hotelling–William’s 27 

test) as implemented by the 'psych' R package's 'paired. r' function. The code used to 28 

prepare data and conduct analyses is available on the GenoPredPipe GitHub page 29 

(see Data and Code Availability).  30 

For the MultiPGS, genetic and integrated models, for each cardiometabolic trait, rather 31 

than selecting the single best-performing PGS (based on max R2), all PGS 32 
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demonstrating significance after multiple testing corrections were retained for 1 

subsequent predictive modelling analyses were retained for subsequent predictive 2 

modelling analyses and elastic net regression was utilised to simultaneously select and 3 

weight predictors (52,197). Genetically inferred ancestry was included in prediction 4 

models to account for population stratification and potentially improve prediction (198). 5 

To reduce overfitting, ancestry was determined by fitting data to the 1KG Phase 3 6 

projected principal components (PPCs) of population structure and not to AWI-Gen 7 

sample PCs.  8 

Non-genetic models included ten factors selected based on data availability in AWI-9 

Gen and their known association with CVDs. Integrated models included genetic (PGS 10 

and PPCs) and non-genetic models. No data were available for diet-related variables 11 

for the Soweto study site for men and women, so this site was excluded from prediction 12 

modelling analyses.  13 

2.5. Statistical analysis 14 

All analyses were performed using PLINK v1.9 (https://www.cog-15 

genomics.org/plink/1.9/) (102), and R version 3.4.4 (http://www.r-project.org/) (103) 16 

unless specified otherwise. Data are presented as percentages (%) or mean ± SD. 17 

Associations between non-genetic factors and PGS and CVD-associated outcomes 18 

were assessed by logistic regression with the adjustment of PCs, sex, age, and age 19 

squared as described previously (98).  20 

2.6. Ethics statement 21 

This study was approved by the Human Research Ethics Committee (Medical) of the 22 

University of the Witwatersrand (Wits)(protocol number M210355) as a sub-study of 23 

the AWI-Gen project (protocol number M170880). 24 

3. RESULTS 25 

Fourteen PGS were derived, and their within- and cross-trait associations assessed 26 

using regression analyses. Elastic net regression with nested 10-fold cross-validation 27 

was used to determine the predictive utility of models (genetic, non-genetic, and 28 
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integrated), and the performance for each PGS and model was assessed using the 1 

correlation between observed and fitted values.  2 

3.1. Derivation, validation, and association testing of 3 

PGS  4 

All PGS, except those for albumin and waist-hip ratio, had at least one significant 5 

association after correcting for multiple testing (Figure 9). There was extensive 6 

variability in variance explained across phenotypes, with the variance explained 7 

ranging (R2) from 0.068 (p = 1.86 x 10-173) for LDL to 0.004 (p = 4.70 x 10-20) for height. 8 

The most significant associations were found amongst lipid traits (HDL, LDL, TC, and 9 

TG). Given the genetic correlation across traits, especially amongst anthropometric 10 

and lipid traits, significant cross-prediction was also noted (max R2 = 0.068, p = 6.23 x 11 

10-175 for TC PGS predicting LDL). Table S4 and S5 lists all significant within and cross-12 

trait predictions after correcting for multiple testing. 13 

 14 

Figure 9: Within-trait prediction of derived PGS.  15 

Variance explained (R-squared) by the PGS for 13 cardiometabolic traits in the AWI-16 
Gen target sample across P-value thresholds. Figure only shows the results for the 17 
PGS with the highest variance explained. The values above the bars are P-values 18 
indicating whether the variance explained is significantly different from zero. Within-19 
trait predictive utility, described as phenotypic variance explained (R2), of 13 of the 20 
derived PGS. DBP – diastolic blood pressure, SBP – systolic blood pressure, LDL – 21 
low-density lipoprotein, HDL – high-density lipoprotein, TC – total cholesterol, TG – 22 
triglycerides. 23 
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CVD-associated disease outcomes of DLD, OBS and HTN were significantly 1 

associated with the PGS  (Figure 10). Four PGS (BMI, hip circumference, weight, and 2 

waist circumference) were associated with increased risk of OBS, with the largest  3 

increase in risk linked to the PGS for BMI (max. logOR = 0.131, SE = 0.031, p = 2.22 4 

x10-5). Similarly, three PGS (TC, LDL and HDL) were associated with DLD, with the 5 

greatest increase in risk linked to the PGS for HDL (max. logOR = 0.210, SE 0.022, p 6 

= 2.18 x10-21). For HTN, only the PGS for SBP was associated (max. logOR = 0.150, 7 

SE 0.045, p = 8.34 x10-4). No significant associations were found for CVD, HA, T2D 8 

and stroke disease outcomes (All PGS significant associations provided in Publication 9 

supplementary materials S4, S5, and S6). Distribution assessments (mean, standard 10 

deviation, interquartile range) of derived PGS across AWI-Gen sites were too small to 11 

accurately contrast effect sizes between populations. 12 

 13 

Figure 10: Association analysis of PGS and non-genetic factors with seven CVD-14 
associated outcomes. 15 

Logistic regression analyses assessing the association of each of the 14 derived PGS 16 
and 10 non-genetic factors with the seven selected CVD-disease outcomes. Significant 17 
associations with PGS are coloured in red, significant associations with non-genetic 18 
factors are coloured in blue. Maximum case numbers are indicated by N=. CVD – 19 
Cardiovascular disease, DLD – Dyslipidaemia, HA – Heart attack, HTN – 20 
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Hypertension, OBS – Obesity, T2D – Type 2 diabetes. DBP – diastolic blood pressure, 1 
SBP – systolic blood pressure, LDL – low-density lipoprotein, HDL – high-density 2 
lipoprotein, TC – total cholesterol, TG –triglycerides. 3 

3.2. Non-genetic factor association with CVD disease 4 

outcomes 5 

Factors previously identified as associated with CVD were selected from the AWI-Gen 6 

study: age, sex, smoking status, alcohol consumption, various diet factors, physical 7 

activity, and sleep (hours per night). The dietary variables included weekly 8 

consumption of fruit, vegetables, bread, fruit juice and sugar drinks. Using regression 9 

analysis, and accounting for confounders such as age, sex and principal components, 10 

the relationship between each non-genetic factor and disease outcome was assessed. 11 

These non-genetic factors accounted for little to no variance explained in CVD and HA 12 

(Figure 10 and Publication supplementary materials S7). In contrast, all factors were 13 

associated with HTN (max. logOR = 0.64, SE = 0.023, p = 9.75 x10-173) and OBS (max. 14 

logOR = 0. 58, SE = 0.029, p = 1.23 x10-92). Age was the most significant predictor of 15 

HTN (logORAGE = 0.64, SE = 0.023, p = 9.75 x10-173), T2D (logORAGE = 0.41, SE = 16 

0.037, p = 5.32 x10-28), and stroke (logORAGE = 0.43, SE = 0.073, p = 3.05 x10-9); whilst 17 

bread servings per week accounted for greatest increased odds in OBS (logORBREAD 18 

= 0.58, SE = 0.029, p = 1.23 x10-92) and DLD (logORBREAD = 0.12, SE = 0.025, p = 5.42 19 

x10-06). Alcohol consumption was associated with reduced odds in all diseases except 20 

CVD. This effect was most pronounced in OBS (logORALC = -0.72, SE = 0.039, p = 21 

9.17 x10-77), T2D (logORALC = -0.54, SE = 0.054, p = 6.98 x10-24), and HA (logORALC = 22 

-0.53, SE = 0.154, p = 6.73 x10-04)  (Figure 5).  23 

3.3. Prediction modelling for CVD disease outcomes 24 

3.3.1. Genetic prediction models 25 

Models consisting of all PGS combined (MultiPGS) were significantly associated with 26 

four outcomes: DLD (p = 1.81 x 10-37), HTN (p = 1.84 x 10-162), OBS (1.69 x 10-4), and 27 

T2D (p = 9.43 x10-17) (Figure 11 orange bar). The greatest improvement was noted in 28 

HTN, where phenotypic variance explained more than doubled from 2.8% to 6.7%, 29 

followed by OBS (4.0% to 7.5%) and DLD (1.2% to 1.5%). Prediction in the T2D 30 
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MultiPGS model remained low, increasing from 0.3% to 0.7%. The MultiPGS model for 1 

CVD and HA did not significantly improve prediction (Publication supplementary 2 

materials S8).  3 

 4 

Figure 11: Predictive utility of the single best PGS and MultiPGS models for 5 
seven CVD-associated outcomes.  6 

The predictive utility of a single PGS was compared with that inclusive of all 7 
cardiometabolic trait PGS (MultiPGS) across seven selected CVD-disease outcomes. 8 
Single trait PGS are shown in light orange, and MultiPGS shown in dark orange. 9 
Significant associations have p-values displayed. Case numbers for each phenotype 10 
are indicated by N=. CVD – Cardiovascular disease, DLD – Dyslipidaemia, HA – Heart 11 
attack, HTN – Hypertension, OBS – Obesity, T2D – Type 2 diabetes. DBP – diastolic 12 
blood pressure, SBP – systolic blood pressure, LDL – low-density lipo-protein, HDL – 13 
high-density lipo-protein, TC – total cholesterol, TG –triglycerides. 14 

To further improve prediction of PGS, we assessed whether accounting for population 15 

stratification through the incorporation of ancestry could improve performance. As per 16 

Figure 12, including an ancestry predictor improved prediction, by approximately 2.5% 17 

for both HTN (R2PGS = 6.5%, R2ANS = 8.9%, R2PGS+ANS = 9%) and OBS (R2PGS = 7.1%, 18 

R2ANS = 7.5%, R2PGS+ANS = 10%), but had little to no effect for DLD, stroke, and T2D 19 

with improvements less than 0.1% for each. For DLD, the PGS accounted for greater 20 

variance explained and including ancestry reduced prediction performance by 0.1% 21 

(R2PGS = 1.7%, R2ANS = 0.1%, R2PGS+ANS = 1.6%). Similarly, to models containing 22 
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multiple PGS models, CVD and HA PGS + Ancestry models showed no significant 1 

prediction (Publication supplementary materials S9).  2 

 3 

Figure 12: The predictive utility of genetic models (including PGS and projected 4 
principal components) for CVD-associated disease outcomes.  5 

Comparing the predictive utility of models inclusive of PGS (orange), projected 6 
ancestry (pink), and PGS + Projected Ancestry (red) across seven selected CVD-7 
disease outcomes. Significant associations have p-values displayed. CVD – 8 
Cardiovascular disease, DLD – Dyslipidaemia, HA – Heart attack, HTN – 9 
Hypertension, OBS – Obesity, T2D – Type 2 diabetes. DBP – diastolic blood pressure, 10 
SBP – systolic blood pressure, LDL – low-density lipoprotein, HDL – high-density 11 
lipoprotein, TC – total cholesterol, TG – triglycerides. 12 

3.4. Integrated prediction models 13 

Lastly, we assessed whether including genetic (PGS and PPCs) and non-genetic 14 

factors in an IRS model could improve the predictive performance of models for 15 

selected disease outcomes in African populations. The integrated model consisted of 16 

143 predictors and a maximum of 8,057 individuals. As per Figure 13,  when we 17 

examined the non-genetic and genetic contribution to total variation, the non-genetic 18 

factors (in blue) consistently accounted for greater variance explained than genetic 19 

factors, the greatest prediction from non-genetic factors seen in OBS (R2Nongen = 19%) 20 

and the lowest in Stroke (R2Nongen = 0.3%). Within DLD, HTN and OBS, non-genetic 21 

risk factors explained 7.4% to 9% of the total variation in fully adjusted models 22 

depending on the outcome. The predictive utility of genetic models (in red) was variable 23 
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across outcomes, with the highest R2 noted in HTN (R2Gen = 8%) and OBS (R2Gen = 1 

9%). For CVD, HA and Stroke, genetic models yielded no significant phenotypic 2 

variance explained. In contrast, the IRS models (in green) showed significant 3 

prediction in all outcomes except CVD. Models including genetic predictors minimally 4 

reduced the prediction of Stroke, HA, and T2D (by 0.5% or less) but increased the 5 

prediction of OBS, HTN, and DLD. OBS prediction increased by 5.5% to reach 21% 6 

(R2Gen = 9.3%, R2Nongen = 15.3%, R2IRS = 20.9%), HTN by 2.6% to reach 14% (R2Gen = 7 

8.3%, R2Nongen = 11.2%, R2IRS = 13.8%), and DLD by 2.6% to 15% (R2Gen = 2.9%, 8 

R2Nongen = 11.5%, R2IRS = 14.1%) (Publication supplementary materials S10A). A 9 

pairwise comparison of scores was performed for each model to show the difference 10 

in correlation within and between models for outcomes, with p-values for significant 11 

differences calculated using the William’s test results (Publication supplementary 12 

materials S10B and S10C). The integrated models were significantly different to those 13 

including non-genetic factors alone for the same traits, suggesting genetic information 14 

provides independent and complementary information to non-genetic risk factors for 15 

risk prediction (DLD: p = 4.45x10-12; HTN: p = 2.37x10-13; OBS: p = 1.33x10-34). A 16 

pairwise comparison of scores was performed for each model to show the difference 17 

in correlation within and between models for outcomes, with p-values for significant 18 

differences calculated using the William’s test results (Publication supplementary 19 

materials S10B and S10C). 20 

 21 
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Figure 13: The predictive utility of integrated models (including genetic and non-1 
genetic factors) for four CVD-associated disease outcomes.  2 

Prediction modelling analyses assessing the predictive performance of integrated 3 
models across seven selected CVD-disease outcomes. Predictive performance, 4 
measured as R2, of Genetic models (PGS + Ancestry), Non-genetic models, and 5 
Integrated models, including Genetic and Non-genetic predictors, and denoted as 6 
'Genetic + Non genetic'. Genetic models are shown in red, Non-genetic in blue and 7 
Integrated in green. Significant associations have p-values displayed. 0.00 x10+00 8 
indicates a significance value of ≤1 x10-300. CVD – Cardiovascular disease, DLD – 9 
Dyslipidaemia, HA – Heart attack, HTN – Hypertension, OBS – Obesity, T2D – Type 2 10 
diabetes. DBP – diastolic blood pressure, SBP – systolic blood pressure, LDL – low-11 
density lipoprotein, HDL – high-density lipoprotein, TC – total cholesterol, TG –12 
triglycerides. 13 

4. DISCUSSION 14 

This study developed and evaluated the predictive utility of 14 cardiometabolic trait 15 

ancestry-aligned PGS for seven CVD-associated outcomes in continental African 16 

populations. We investigated whether modelling these PGS into a MultiPGS improved 17 

prediction and if integrating this MultiPGS with established non-genetic risk factors had 18 

greater predictive utility beyond non-genetic factors alone. To date, AWI-Gen provides 19 

the largest sample size for the prediction of CVD and associated cardiometabolic traits  20 

in continental Africa across genetic and traditional risk factors. The study supports the 21 

use of genomic information for enhanced CVD and associated disease outcome risk 22 

stratification in African populations.  23 

PGS of cardiometabolic biomarkers showed significant yet variable prediction within 24 

and across traits in continental African populations. As previously observed in other 25 

populations, lipid measurements had the highest variance explained, likely due to 26 

higher reported heritability compared to obesity/anthropometric, and blood pressure 27 

traits (199). Although cardiometabolic trait PGS predict several CVD-associated 28 

outcomes (Dyslipidaemia, Hypertension and Obesity) in African populations, their 29 

predictive utility is relatively modest and typically explain less phenotypic variance than 30 

conventional non-genetic risk factors (189). This is in part due to limited GWAS sample 31 

sizes within continental populations, although previous research has shown the 32 

substantial value of using ancestry-aligned GWAS compared to those derived from 33 

genetically distant populations (98,200).  34 
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Nonetheless, biomarker PGS provide a potential preliminary step in PM-based risk 1 

stratification in Africa - particularly considering the limited availability of disease-2 

specific cohorts in Africa and potential to leverage more readily accessible and 3 

routinely collected biomarker data for identification of at-risk individuals. As disease-4 

specific variant data becomes available in African populations, future research should 5 

investigate whether models including PGS of both disease outcome and 6 

biomarker/trait PGS enhance predictive accuracy and clinical application as seen in 7 

other studies (201). 8 

Our research also revealed that combining the PGS of multiple related traits into a 9 

single model - MultiPGS - substantially increased the predictive performance for 10 

dyslipidaemia, hypertension, obesity, stroke and diabetes compared with single-score 11 

predictor models (52,197,201). This improvement is partly due to genetic correlation 12 

among traits and leveraging the increased statistical power among discovery GWAS 13 

(variance explained and sample size), of either genetically proximal or distantly related 14 

traits. Sinnott-Armstrong et al. noted improved predictive accuracy of aggregated PGS 15 

– trait PGS plus 35 cardiometabolic PGS -  across multiple disease outcomes in 16 

European ancestry populations, albeit with limited generalisability to other populations 17 

(201).  18 

By including predictors capturing genetic ancestry through projected principal 19 

components, we achieved enhanced risk prediction across our seven phenotypes to 20 

varying degrees. Naret et al., who investigated the inclusion of ancestry in prediction 21 

models using a different approach, observed similar improvements, and hypothesised 22 

that traits that show a greater gain in prediction are likely those that are influenced by 23 

more population-specific alleles (198). This underscores the importance of accounting 24 

for the substantial genetic diversity and regional variation in Africa, since African 25 

populations are markedly heterogeneous and exhibit greater genetic diversity than any 26 

other ancestry group (171,185). Consequently, a prediction score developed in one 27 

African region may not be universally applicable across all African populations 28 

(98,202). This regional variation necessitates the development of region-specific 29 

models or the inclusion of a wider array of African genetic data in global models to 30 

reflect the genetic diversity and population structure of Africans more accurately. For 31 

example, in the 1KG reference data, continental representation is limited to Gambian 32 

individuals from the Gambia, Esan and Yoruba in Nigeria, Luhya in Kenya, and Mende 33 
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in Sierra Leone (97). This approach inadequately captures genetic diversity among 1 

Africans and thus may skew prediction models, highlighting the need for broader 2 

genetic data representation.  3 

Integrating genetic factors with non-genetic risk factors showed statistically significant 4 

improved in predicting dyslipidaemia, hypertension, and obesity. We show that genetic 5 

factors provide independent but complementary information in risk prediction models, 6 

a finding supported by previous research assessing integrated models for CAD and 7 

CVD in primarily European populations (54,55,203).  8 

This research demonstrates the potential of using genetic information, such as PGS, 9 

to improve CVD risk calculators in African populations. It also highlights the need for 10 

additional research investigating the generalisability of models across diverse African 11 

populations and other ancestries, noting that previous work showed that PGSs built 12 

from African Americans increased prediction in sub-Saharan Africans compared to 13 

using a European GWAS, but not consistently across African populations (202). As 14 

data from continental African cohorts grow, the opportunities for validation and 15 

refinement of these scores is also expected to increase. However, robust assessment 16 

of the clinical, financial, and system benefits these scores provide is crucial to gauge 17 

their true translational value (64). Translation will require an understanding of the 18 

sensitivity and specificity of scores in different African populations, whilst considering, 19 

cost, accessibility, and acceptance within the health ecosystem. In clinical contexts, 20 

particularly for PGS, distinguishing between relative and absolute risk is important. 21 

Relative risk assesses the connection between genetic traits and disease, contrasting 22 

disease incidence in individuals with specific genetic markers against those without. 23 

Absolute risk, incorporating factors like age and population disease prevalence, 24 

however, reflects the actual probability of disease development. While PGS may 25 

indicate increased relative risk, this does not necessarily equate to a high absolute risk. 26 

Tools to estimate absolute risk from relative risk (204) require accurate disease 27 

prevalence and other data, and their applicability remains limited in the African context 28 

due to the paucity of such data. In addition, considerations for resource-constrained 29 

settings are essential for the successful integration of genetic approaches into routine 30 

practice (205,206).  31 
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This study is unique for its use of data solely from continental Africa, a region often 1 

underrepresented in genetic research. However, although the study made use of the 2 

largest dataset of continental African populations, sample size is orders of magnitude 3 

smaller than many European and multi-ancestry studies (55,57,207). Some limitations 4 

must be noted. Firstly, the APCDR dataset meta-analysis includes two population-5 

based cohorts and two-disease-based cohorts, specifically diabetes, which may 6 

potentially result  to an overestimation of genetic factors associated with diabetes and 7 

related conditions in the GWAS results. Secondly, while the pT + clump method has 8 

been used given its robustness in calculating PGS in different ancestries, it would be 9 

valuable for future research to compare and evaluate performance of multiple PGS 10 

construction methods in African ancestry populations. Thirdly, is important to 11 

acknowledge the extensive diversity within the continent (185), which means that 12 

despite both the base and target datasets having  representation from multiple African 13 

regions, and a similar regional mix, our base and target data are not necessarily 14 

ancestrally aligned. The strength of this approach lies in its focus on African-specific 15 

genetic profiles, addressing a critical gap in current genomic research which often 16 

generalises findings from non-African populations, and contributes to a more tailored 17 

understanding of CVD prediction and prevention for African populations. However, the 18 

extensive variability means that a model developed for one African region may not 19 

generalise across the continent. Also, despite using nested 10-fold CV to reduce 20 

overfitting, validation in an appropriate continental African dataset was not possible 21 

given the scarcity of such cohorts. Also, the relatively small GWAS sample sizes and 22 

imputation efficiencies in African GWAS studies may affect the precision of the 23 

estimated impact of individual variants on disease risk. Similarly, case numbers were 24 

insufficient to examine CVD and associated disease outcomes such as stroke and 25 

heart attack. Lastly, previous studies have shown the added value of including PGS in 26 

clinical risk scores, such as Framingham Risk Score and QRISK (57,208). AWI-Gen 27 

data does not yet have sufficient 10-year longitudinal data available to undertake such 28 

performance comparisons.  29 

Future research should employ large, diverse multi-ancestry cohorts, once these 30 

become available, to overcome sample size limitations, reduce overfitting, and 31 

enhance generalisability. It is important to note existing multi-ancestry cohorts often 32 

disproportionately represent African ancestry through African American participants. To 33 
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more accurately capture genetic diversity and enhance research applicability, it is 1 

essential to include a broader representation of African ancestry individuals from 2 

regions across Africa. In addition, moving to models that account for gene-gene and 3 

gene-environment interactions will further advance our understanding in this field. 4 

5. CONCLUSION  5 

The integrated risk score derived in this study demonstrates the value of including 6 

genetic and non-genetic risk information for improving CVD risk prediction in African 7 

populations. This approach could provide more accurate and personalised risk 8 

assessment, tailoring prevention and treatment strategies more effectively. The 9 

inclusion of genetic information improves prediction performance over and above 10 

traditional non-genetic factors. In African populations, ancestry accounts for a 11 

substantial proportion of variance in CVD prediction models, and modelling this 12 

variance through principal components, suggests a promising direction for model 13 

refinement. However, improving these models will require research across diverse 14 

African populations and the use of appropriately ancestry-aligned cohorts. Improving 15 

access to extensive African datasets is crucial for refining CVD prediction models and 16 

necessary to effectively address health disparities both on the African continent and 17 

among global African-ancestry populations.  18 
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Chapter 3: Publication 3 1 

Clinicians’ Perceptions Towards Precision Medicine Tools 2 

for CVD Risk Stratification in South Africa 3 

This chapter describes original research that was performed in order to explore the 4 

clinical utility of precision medicine-based approaches, specifically an integrated risk 5 

score for cardiovascular disease, in a resource-constrained setting such as South 6 

Africa. One critical element of clinical utility is user adoption, and as clinicians would 7 

be the primary implementers and at the interface between patient and genomic 8 

centres, understanding their perspectives is paramount to successful implementation. 9 

This research aimed to gain an understanding of clinicians’ perceptions of precision 10 

medicine-based medicine and their willingness to integrate polygenic risk scores into 11 

their clinical practice. The work described in this chapter was published in the peer-12 

reviewed journal, Journal of Personalized Medicine (Appendix G): 13 

Kamp M, Pain O, May A, Lewis CM, Ramsay M. 2022. Clinicians’ Perceptions 14 

towards Precision Medicine Tools for Cardiovascular Disease Risk Stratification in 15 

South Africa. Journal of Personalized Medicine. 12(9):1360. 16 

https://doi.org/10.3390/jpm12091360 17 
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ABSTRACT 1 

Objectives: Cardiovascular diseases (CVDs) are a leading cause of mortality and 2 

morbidity in South Africa. Risk stratification is the preferred approach to disease 3 

prevention, but identifying patients at high risk for CVD remains challenging. Assessing 4 

genetic risk could improve stratification and inform a clinically relevant precision 5 

medicine (PM) approach. Clinicians are critical to PM adoption; thus, this study 6 

explores practising clinicians’ perceptions of PM-based CVD risk stratification in South 7 

Africa’s public health setting.  8 

Design: Practising clinicians (n = 109) at four teaching hospitals in Johannesburg, 9 

South Africa, completed an electronic self-administered survey. The effect of 10 

demographic and professional characteristics on PM-based CVD risk stratification 11 

perceptions was assessed.  12 

Results: Fewer than 25% of respondents used clinical genetic testing, and 14% had 13 

formal genetics training. 78% had a low mean knowledge score, with higher scores 14 

associated with genetic training (p < 0.0005) and research involvement (p < 0.05). 15 

Despite limited knowledge and resources, 84% perceived PM approaches positively. 16 

57% felt confident in applying the PM-based approach, with those already undertaking 17 

CVD risk stratification more confident (p < 0.001). High cost and limited access to 18 

genetics services are key barriers.  19 

Conclusion: Integrating genetic information into established clinical tools will likely 20 

increase confidence in using PM approaches. Addressing the genetics training gap 21 

and investment into the country’s genomics capacity is needed to advance PM in South 22 

Africa. 23 

1. INTRODUCTION  24 

Cardiovascular diseases (CVDs) are the leading cause of mortality globally (209). 25 

South Africans are at risk as they have a high and increasing prevalence of obesity, 26 

hypertension and undiagnosed diabetes (13). In 2019, CVDs were the leading cause 27 

of mortality (15.85% of deaths) and the third leading cause of morbidity (7.08% of 28 

DALYs) in South Africa (210). This growing epidemic is exacerbated by the lack of 29 

preventative screening, early diagnosis, and inadequate access to healthcare services. 30 
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The burden associated with CVDs emphasises the need for intensified efforts to 1 

identify high-risk patients and improve prevention, diagnosis, and management. 2 

Globally, and within South Africa, a risk-based prevention strategy is the most widely 3 

accepted approach to disease prevention, with high-risk individuals offered 4 

preventative medication and encouraged to adopt healthier lifestyles (25,211). Clinical 5 

practice guidelines advocate risk calculators to estimate the 10-year risk of disease in 6 

order to identify and target high-risk individuals (25,29,90,212). Risk stratification is 7 

calculated from multiple demographic and clinical factors, such as age, sex, smoking 8 

status, and blood lipid levels. Despite widespread use, it is estimated that these 9 

calculators fail to identify up to 40% of high-risk patients (208,213), an underestimation 10 

likely greater in Africa, where scores are yet to be validated in local populations (30). 11 

Moreover, although genetics is a known risk factor for CVD (43,53), current clinical 12 

tools do not assess genetic risk directly. 13 

The summation of genetic variants into a polygenic risk score (PRS), provide an 14 

estimate of genetic risk for disease based on the aggregate effect of many common 15 

variants, as originally identified in case-control GWAS studies, and is able to stratify 16 

individuals according to their genetic risk (46,53). Integrating PRSs with traditional risk 17 

factors can improve the prediction of CVD and associated traits (54,55,208,214). Such 18 

integrated tools, or precision medicine (PM) approaches, where individual genetic 19 

variation, lifestyle, and health history are leveraged to tailor prevention and treatment 20 

strategies, have the potential to improve patient care and reduce the burden of CVDs 21 

on healthcare systems (91,205,206). 22 

Despite the anticipated benefits of PM, significant barriers to integrating genomics into 23 

clinical practice remain (91,108,109,205,206). In addition to the scientific, educational, 24 

ethical, legal, and social barriers, the type of testing and physician-based 25 

characteristics may also play a role (215). Given that clinicians are the interface 26 

between healthcare systems and patients, understanding their perceptions and 27 

willingness to utilise PM-based approaches is critical to ensuring patients reap the 28 

benefits of PM in a timely and cost-effective manner, especially where healthcare 29 

systems are fragile and under-resourced (215,216). 30 
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Little is known about healthcare providers’ perceptions of PM tools in Africa (175,217). 1 

Most research has explored medical professionals’ views in higher and middle-income 2 

countries with robust healthcare settings (215,218–226). This study aimed to address 3 

this gap by exploring medical doctors’ perceptions of a PM-based tool for CVD risk 4 

prediction in South Africa. We report our assessment of the findings and discuss 5 

clinicians’ needs and the broader barriers that need to be addressed to introduce PM-6 

based approaches in the South African public health setting. 7 

2. MATERIALS AND METHODS  8 

2.1. Study design and participants 9 

Study participants were drawn from clinicians primarily affiliated with four public 10 

academic hospitals in Johannesburg, South Africa (Charlotte Maxeke Johannesburg 11 

Academic Hospital, Chris Hani Baragwanath Academic Hospital, Helen Joseph 12 

Academic Hospital, and Rahima Moosa Mother and Child Hospital). Four hospitals 13 

were selected to ensure an adequately sized and representative sample. Clinicians at 14 

all levels (intern, medical officer, registrar, and specialist) across all medical 15 

specialisations were eligible for inclusion. Clinicians were excluded if they had not 16 

completed their medical training and/or were not affiliated with the selected hospitals. 17 

The study was approved by the University of the Witwatersrand Human Research 18 

Ethics Committee (Medical), Johannesburg, South Africa (Approval #M210355). 19 

2.2. Study questionnaire 20 

To assess clinician experiences and attitudes towards PM-based tools for CVD risk 21 

stratification, a 107-item electronic survey was developed. The survey was based on 22 

similar validated surveys (224–226), with adaptations to the local context, and was 23 

developed in consultation with a multidisciplinary group of academics and clinicians. 24 

Four specialists, two clinicians, and two geneticists assessed the survey face validity 25 

and ensured question clarity. The survey instrument was tested amongst five clinicians 26 

for content, design, and readability, and revised accordingly based on feedback. 27 

The survey was organised into eight sections (Table 4 and Publication supplementary 28 

materials S11) and administered in identical order (i.e., no section/item randomisation). 29 



 

84 

 

Items consisted of close-ended questions formatted using a five-point Likert-type rating 1 

scale. Items were scored in ascending order for all participants, with higher scores on 2 

rating scales implying increased self-perceived knowledge, perception, and confidence 3 

of PM-based stratification tools. A higher rating indicated a greater degree of benefit 4 

or concern associated with the specific item in the case of benefits and concerns, and 5 

an increased level of impact indicated that the barrier would be a greater hindrance to 6 

tool implementation. ‘I prefer not to answer’ was available for all questions, and free 7 

text options were available for respondents wishing to provide additional clarification. 8 

Table 4: Survey organisation and associated scales used. 9 

Section Theme No. of items Scale 

1 
Demographic and professional     
information 

10 Not applicable 

2 
Exposure: CVD risk 
stratification, genetics training 
and testing 

21 Not applicable 

3 Knowledge: Genetics and PM, 
and Educational video 15 

Understanding: 
None, Little, Some, Moderate, Expert; 

Agreement: 
True, False, I do not know 

4 Perception toward PM-based 
CVD risk stratification 5 

Agreement: 
Strongly disagree, Disagree, Neutral, 

Agree, Strongly agree 

5 Benefits and concerns of PM-
based CVD risk stratification 19 

Benefit/concern: 
Not, A little, Somewhat, Moderately, Very 

6 
Confidence in applying PM-
based CVD risk stratification 8 

Confidence: 
None, A little, Somewhat, Moderately, 

Very 

7 Expectations in applying PM-
based CVD risk stratification 9 

Role:  
None, Supporting, Primary, Not sure 

Adoption likelihood:  
Very unlikely, Unlikely, No difference, 

Likely, Very likely 

8 
Barriers to implementing PM-
based CVD risk stratification 15 

Impact: 
None, Little, Some, Moderate, Strong 

Clinicians working in South Africa have diverse educational backgrounds, with 10 

education and training from multiple institutions within South Africa and abroad. To 11 

ensure that all respondents had a similar baseline understanding of PM and related 12 

concepts, a compulsory 15-min educational video was included in the questionnaire 13 

(available on request). To determine whether the video had successfully relayed the 14 
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pertinent topics, Section 3 included nine true or false questions. A score of 78% (7 out 1 

of 9) and above was interpreted as successfully understanding the topics. 2 

2.3. Data collection and analyses 3 

Invitation to participate was extended via email to clinicians over a six-month period, 4 

from 10 September 2021 to 31 March 2022. Consenting respondents completed the 5 

survey, which was hosted online (REDCap). Due to low initial uptake, researchers 6 

requested permission to attend departmental clinical academic meetings, where the 7 

study aim and survey could be better outlined prior to inviting participation. Of the 15 8 

departments approached, nine accepted (Internal Medicine, Cardiology, Clinical 9 

Genetics, Clinical Pathology, Emergency Medicine, Paediatrics and Child Health, and 10 

Surgery). Study data were collected and managed using REDCap (Research 11 

Electronic Data Capture) (version 12.5.4, Vanderbilt University, Nashville, TN, USA) 12 

tools hosted at the University of the Witwatersrand (227,228). 13 

Self-perceived knowledge, perception and confidence (Sections 3, 4 and 6; Table 2) 14 

were calculated as continuous scores by converting responses to a numerical scale 15 

and summing the participants’ responses, e.g., Knowledge: level of understanding 16 

scale converted to numeric scale (No understanding = 0, Little understanding = 1, 17 

Some understanding = 2, moderate understanding = 3, Expert understanding = 4) and 18 

the total score calculated by summing scores for each question (maximum score = 24). 19 

Mean knowledge score (MKS) was derived by dividing the participants’ total score by 20 

6 (number of questions). The mean perception (MPS) and confidence (MCS) scores 21 

were calculated similarly, with a maximum obtainable score of 4. However, MPS was 22 

calculated over five items. Regarding the nine items for assessing comprehension 23 

following the educational video, one point was given if the correct answer was chosen, 24 

and a score of zero was given if the wrong answer or ‘I do not know’ was chosen. 25 

For descriptive comparisons, participants were dichotomised into high/low categories 26 

for the MKS and MCS scores using a breakpoint mean score of 2 (with low being ≤ 2, 27 

high > 2). Similarly, respondents were dichotomised into negative/positive categories 28 

for MPS scores at a breakpoint mean score of 2. As categorising a continuous variable 29 

causes a loss of appreciable information, inferential analysis was restricted to mean 30 
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scores. Similarly, age and number of years of clinical experience were dichotomised 1 

by the median. 2 

Differences in MKS, MPS, and MCS distributions between groups were assessed with 3 

parametric (t-test and ANOVA) or non-parametric tests (Mann–Whitney or Kruskal–4 

Wallis), where appropriate, followed by multivariate regression analysis (see Table 5 5 

for study variables). Practice level and medical specialty were removed from the model 6 

due to collinearity with other predictors (Publication supplementary materials S12). All 7 

analyses were done using RStudio [38] (version 1.1.456), the psych (version 1.8.4; 8 

(229)) and ggplot2 (version 3.0.0; (230)) packages. Study responses were presented 9 

as percentages (95% confidence intervals; CI) and means (standard deviation; SD). 10 

Statistical significance was accepted at a p-value < 0.05. 11 

Table 5: Categorical and continuous predictor variables used for analysis in 12 
this study. 13 

Variable Description Type (range) Categories 
Outcome variables    

Mean knowledge score (MKS)  Average self-reported knowledge 
relating to genetics and PM 

Continuous  
(0-4) 

Not applicable 

Mean perception score (MPS) 
Average self-reported perception 

relating to value of PM-based CVD 
risk stratification tool 

Continuous  
(0-4) 

Not applicable 

Mean confidence score (MCS) 
Average self-reported confidence 
relating to implementation of PM-
based CVD risk stratification tool 

Continuous  
(0-4) 

Not applicable 

Predictor variable    

Sex Reported sex Categorical 
Female 

Male 

Medical group 
Practitioner type based on self-

reported practice level and years of 
experience 

Categorical 
Consultant 

Trainee 

Clinical experience Number of years conducting clinical 
duties Categorical 

< 8 years 
≥ 8 years 

Postgraduate qualifications Have a postgraduate qualification in 
addition to a medical degree Categorical 

Yes 
No 

Involvement in research Are involved in medical research 
activities Categorical 

Yes 
No 

Genetics or PM training Have training specifically relating to 
genetics and/or PM Categorical 

Yes 
No 

CVD stratification in clinical 
practice 

Conducts CVD screening in their 
clinical practice Categorical 

Yes  
Sometimes 

No 
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*CVD – Cardiovascular disease, PM – Precision Medicine. 1 

3. RESULTS 2 

3.1. Participant characteristics and exposure to genetics and 3 

cardiovascular disease screening 4 

A total of 114 participants completed the survey. Five respondents were excluded as 5 

the respondents were non-patient-facing, resulting in a final sample of 109 participants. 6 

An accurate response rate could not be calculated, as the exact number of clinicians 7 

who received the questionnaire is unknown. Power calculations using Raosoft® 8 

showed a sample size of at least one hundred was required for an 8% margin of error 9 

and 95% confidence interval, assuming a response distribution of 50%. Table 6 10 

presents respondent characteristics and exposure to study-related clinical variables. 11 

One-quarter of respondents were interns, designated ‘trainees’ in subsequent 12 

analyses, with a maximum of two years clinical experience and no medical 13 

specialisation. Over three-quarters were consultant clinicians. 25% of these practiced 14 

within internal medicine disciplines, such as Cardiology and Endocrinology, and 70% 15 

within non-internal medicine disciplines, including Paediatrics and Clinical Genetics. 16 

The mean (SD) age of the study population was 37.1 years (12.5), with a mean of 11.8 17 

years (12.1) of clinical experience. Age and clinical experience were highly correlated 18 

(r = 0.97, SE = 0.03). Consequently, inferential analysis was restricted to clinical 19 

experience as to avoid multicollinearity. 20 

Table 6: Respondents’ demographics, professional characteristics, and study-21 
related clinical exposures (n = 109). 22 

Variable Detail N (%) 

Hospital affiliation 

Chris Hani Baragwanath Academic Hospital 
Charlotte Maxeke Johannesburg Academic Hospital 

 Helen Joseph Hospital  
Rahima Moosa Mother and Child Hospital  

I prefer not to answer  

23 (21.1) 
36 (33.0) 
13 (11.9) 
32 (29.4) 
5 (4.6) 

Medical specialty 

Internal medicine 21 (19.3) 
Non-internal medicine 57 (52.3) 

Not yet specialised (trainee) 27 (24.8) 
I prefer not to answer 4 (3.7) 

Sex  
Female 67 (61.5) 

Male 42 (38.5) 
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Age < 33 years 57 (51.4) 
 ≥ 33 years 51 (46.8) 
 I prefer not to answer 1 (0.9) 

Medical group 
Consultant 82 (75.2) 

Trainee  27 (24.8)  

Clinical experience 
< 8 years 55 (50.5) 
≥ 8 years 50 (45.9) 

Postgraduate qualifications 
Yes 66 (60.6) 
No 41 (37.6) 

I prefer not to answer 2 (1.8) 

Involvement in medical 
research 

Yes 59 (54.1) 
No 50 (45.9) 

CVD stratification in clinical 
practice 

 Yes 41 (37.6) 
Sometimes 31 (28.4) 

No 36 (33.0) 
I prefer not to answer 1 (0.9) 

CVD stratification using a 
risk score 
 (n = 72) 

 Yes 25 (34.7) 
Sometimes 19 (26.4) 

No 28 (38.9) 

Genetics training  
Yes 17 (15.6) 
No 91 (83.5) 

I prefer not to answer 1 (0.9) 

Genetics testing in clinical 
practice 

Yes 31 (28.4) 
No 78 (71.6) 

Conditions genetics testing 
discussed*  
(n = 31) 

Monogenic disorders 30 (96.8) 
Cancers 16 (51.6) 

CVD 6 (19.4) 
Nutrigenomics 1 (3.2) 

Pharmacogenomics 2 (6.5) 

Genetic testing frequency  
(n = 31) 

1 patient every 2 to 3 months 13 (41.9) 
1 patient per month  2 (6.5) 

2 to 5 patients per month  6 (19.4) 
6 to 10 patients per month 2 (6.5) 
11 to 20 patients per month 3 (9.7) 

20+ patients per month  3 (9.7) 
I prefer not to answer 2 (6.5) 

* Each respondent could select multiple options. 1 

Two-thirds of respondents undertake CVD risk stratification in their clinical practice. 2 

Sixty per cent of those use a stratification tool to determine risk, with the Framingham 3 

Coronary Heart Disease Risk Score being the most used (80%). 58% undertake CVD 4 

screening in response to risk factors, including family history and abnormal laboratory 5 

results. Clinicians are confident in the tool, with the majority sharing results with 6 
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patients (86%) and using them to guide treatment (96%). Most of those who do not 1 

undertake screening (68%) indicate that screening is not standard practice in their 2 

patient population, e.g., paediatrics and clinical genetics. 3 

Overall exposure to genetics and PM was low. Fifteen per cent of respondents 4 

indicated they had formal genetics training, and approximately one-quarter had 5 

performed genetic testing in their clinical practice, although testing is infrequent (Table 6 

6). 7 

3.2. Genetics and precision medicine knowledge 8 

Participants rated their level of understanding of six genetics and PM-related topics. 9 

The mean knowledge scores per individual across all six items were low (mean (SD) 10 

= 1.57 (0.64); max score = 4) (Figure 14) resulting in 80% (n = 108; 95% CI 70.5–86.5) 11 

of respondents categorised as having ‘low knowledge’. A single individual indicated 12 

they had ‘extensive knowledge’ across all six themes, and no respondents answered 13 

all six items as ‘expert.’  14 

 15 

Figure 14: Respondents’ overall mean knowledge, perception, and confidence 16 
scores.  17 

Mean scores calculated per individual across items relating to knowledge, perception, 18 
and confidence. 19 

Variability in understanding shifted towards little or no knowledge for newer genetic 20 

concepts, with approximately two-thirds of individuals indicating little or no 21 

understanding of Genome-Wide Association Study (GWAS) and PRS (Figure 15A). 22 

Regarding the assessment of knowledge following the introductory video, 97% of 23 



 

90 

 

respondents obtained a score of 78% or higher, suggesting the educational lecture 1 

successfully relayed the study’s pertinent points and assisted in providing context to 2 

survey questions. 3 

 4 

Figure 15: Respondents’ knowledge, perception and confidence of items relating 5 
to PM-based CVD risk stratification. 6 

The distribution of the clinicians’ responses regarding (A) Genetics and PM knowledge, 7 
(B) Perceptions towards PM-based CVD risk stratification and (C) Confidence in 8 
applying PM-based CVD risk stratification in clinical practice. GWAS—Genome-wide 9 
association studies, PRS—Polygenic risk scores, PM—Precision Medicine. 10 

3.3. Perceptions toward precision medicine-based CVD risk 11 

stratification 12 

Overall, clinicians had a positive perception of a PM-based tool for CVD risk 13 

stratification (mean (SD) = 2.60 (0.90); max score = 4). Three-quarters of respondents 14 

had a positive mean perception score when categorised as positive or negative (n = 15 
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104; 76%, 95% CI 67.0–83.7) (Figure 14). Despite just over half of respondents 1 

believing such a tool would be relevant in their practice, at least two-thirds believed it 2 

should be applied in clinical practice (69%) and that it would improve care and 3 

prevention of CVD (70%) and national resource allocation (73%) (Figure 15B). 4 

3.4. Confidence in applying a precision medicine-based CVD 5 

risk stratification tool in their practice settings 6 

Confidence (self-perceived) scores showed considerable variation (mean (SD) = 2.31 7 

(1.04); max score = 4). Approximately half of respondents (55%) considered 8 

themselves confident across all confidence items (Figure 14). Otherwise, confidence 9 

depended on the action required within the clinical pathway. Clinicians were most 10 

confident in suggesting and using the risk score, whereas 29% had little to no 11 

confidence in interpreting the risk score and explaining any potential adverse insurance 12 

policy impacts that may arise from risk information (27% little to no confidence) (Figure 13 

15C). Forty per cent of respondents indicated they would be moderately or very 14 

comfortable with adapting prevention and treatment strategies based on score results. 15 

However, a greater proportion of respondents were comfortable with adapting their 16 

treatment strategies (22%) than their prevention approaches (13%). 17 

3.5. Factors influencing knowledge, perceptions, and 18 

confidence 19 

We assessed how respondents’ characteristics influenced their knowledge, 20 

perceptions, and self-confidence toward PM-based CVD risk stratification (Table 7). 21 

Medical specialty, sex, and clinical experience did not significantly influence knowledge 22 

levels. Medical research involvement had a small effect on knowledge, with those 23 

involved in research having increased self-perceptions of knowledge [1.71 (0.61) vs. 24 

1.38 (0.61); p < 0.01; effect size r = 0.26]. Previous genetics training had a large effect 25 

on knowledge, with those having had training having significantly higher mean 26 

knowledge scores [2.26 (0.62) vs. 1.42 (0.54); p < 5 × 10−5; effect size R = 0.76]. 27 

Similarly, medical research involvement influenced overall self-confidence in applying 28 

PM-based risk stratification [2.57 (0.96) vs. 2.01 (1.06); p < 0.05; effect size R = 0.26]. 29 

Self-confidence scores were also influenced, with a moderate effect, by whether 30 
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respondents currently undertook CVD risk stratification in their clinical practice or not 1 

[2.65 (1.10) vs 1.93 (0.96); p < 0.05; effect size η2= 0.07]. Conducting CVD screening 2 

on a regular or infrequent basis resulted in a significantly higher mean perception 3 

score, and with a large effect [Yes: 2.89 (0.63), Sometimes: 2.65 (0.88) vs No: 2.11 4 

(1.03); p < 0.0005; effect size η2= 0.13]. 5 

Table 7: Predictors’ influence on respondents’ mean (SD) knowledge, 6 
confidence, and perception scores. P-value is assessing differences in mean 7 
scores across variable subgroups. 8 

Variable 

Mean (SD)  
knowledge 

score  
(n = 107) 

p-value 

Mean (SD)  
confidence 

score  
(n = 104) 

p-value 

Mean (SD)  
perception 

score  
(n = 106) 

p-value 

Medical specialty       
Internal medicine 1.67 (0.67)  2.70 (0.94)  2.95 (0.64) 

0.052 Non-int. medicine 1.47 (0.62) 0.310 2.12 (1.09) 0.098 2.40 (0.98) 
Not yet specialised 1.66 (0.62)  2.30 (0.92)  2.58 (0.85)  
Sex        

Female 1.59 (0.67) 
0.682 

2.41 (0.98) 
0.404 

2.45 (1.11) 0.632 
Male 1.54 (0.61) 2.26 (1.08) 2.64 (0.74) 

Medical group       
Clinician 1.52 (0.64) 

0.318 
2.26 (1.08) 

0.933 
2.54 (0.93) 

0.969 Trainee 1.66 (0.62) 2.30 (0.92) 2.58 (0.85) 
Practice level       

Specialist 1.61 (0.66) 

0.470 

2.25 (1.27) 

0.897 

2.48 (0.90) 

0.526 
Registrar 1.41 (0.65) 2.32 (0.81) 2.71 (1.05) 

Medical officer 1.48 (0.53) 2.56 (0.86) 2.60 (0.82) 
Intern 1.66 (0.62) 2.30 (0.92) 2.58 (0.85) 

Clinical 
experience 

      

< 8 years 1.59 (0.60) 
0.580 

2.32 (0.84) 
0.651 

2.59 (0.86) 
0.945 ≥ 8 years 1.53 (0.67) 2.31 (1.23) 2.55 (0.95) 

Postgrad. 
qualifications 

      

Yes 1.62 (0.68) 
0.195 

2.32 (1.17) 
0.490 

2.62 (0.890) 
0.317 No 1.45 (0.53) 2.27 (0.78) 2.48 (0.93) 

Medical research 
involvement 

      

Yes 1.71 (0.61) 
0.007** 

2.57 (0.96) 
0.007 ** 

2.69 (0.87) 
0.249 No 1.38 (0.61) 2.01 (1.06) 2.43 (0.92) 

Genetics training       
Yes 2.26 (0.62) 3.518 x 

10-5 *** 
2.46 (0.86) 

0.720 
2.96 (0.61) 

0.146 
No 1.42 (0.54) 2.29 (1.17) 2.50 (0.93) 

CVD screening       
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Yes 1.75 (0.59) 
0.074 

2.65 (1.10) 
0.010 * 

2.89 (0.63) 
4.162 x 
10-4 *** 

No 1.46 (0.63) 1.93 (0.96) 2.11 (1.03) 
Sometimes 1.45 (0.65) 2.33 (0.94) 2.65 (0.88) 

*Non-int – Non-internal Postgrad.—Postgraduate, CVD—cardiovascular diseases; p-value 1 
thresholds: *** = p ≤ 0.001, ** = p ≤ 0.01, * = p ≤ 0.05. 2 

3.6. Multivariable analysis of the factors affecting knowledge, 3 

perceptions, and confidence 4 

When adjusting for study predictors, medical research involvement and genetics 5 

training remained positively associated with mean knowledge score, with the model 6 

explaining 30% of the overall variance. Similarly, for confidence and perception, 7 

medical research involvement (confidence only) and CVD screening status remained 8 

associated. However, the influence of CVD screening increased, and the model 9 

explained 14% and 13%, respectively. The model revealed the medical group to be 10 

associated with the mean knowledge and mean confidence score when adjusting for 11 

other predictors (Publication supplementary materials S13). 12 

3.7. Benefits and concerns of a PM-based CVD risk 13 

stratification 14 

Figure 16 presents the distribution of the clinicians’ responses regarding perceived 15 

benefits (A) and concerns (B) of a PM-based CVD risk stratification in the South African 16 

public setting. Respondents believed the main benefits associated with PM-based 17 

CVD risk stratification was the potential availability of a CVD risk score tailored to 18 

African populations (very beneficial and moderately beneficial n = 91; 86%; 95% CI: 19 

77.4–91.6), followed by the adaption of prevention and treatment strategies (very 20 

beneficial and moderately beneficial (n = 89; 84%: 95% CI: 75.3–90.1). The most 21 

concerning issue for clinicians was the potential adverse impact that score results may 22 

have on a patient’s life and insurance policies (very concerned and moderately 23 

concerned n = 77; 73%; 95% CI: 63.0–80.6), and the lack of transferability of current 24 

PM risk that scores have across populations (very concerned and moderately 25 

concerned n = 56; 53%; 95% CI: 42.9–62.5). 26 
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 1 

Figure 16: Perceived benefits and concerns of a PM-based CVD risk 2 
stratification. 3 

The distribution of the clinicians’ responses relating to the perceived benefits (A) and 4 
concerns (B) of a PM-based CVD risk stratification in the South African public setting. 5 

3.8. Clinician’s expectations: time horizon, funding, and 6 

expected role 7 

Assessing clinicians’ expectations of PM-based tools for CVD risk stratification in 8 

South Africa’s public revealed that clinicians anticipate a clinically relevant tool for 9 

African populations to be available in the longer term. Over one third (36%) expect the 10 

tool within the next six to ten years, and another third in more than ten years (39%). 11 

Half of the respondents feel that funding would be the responsibility of multiple players, 12 

but at least a third (35%) believe that national and provincial governments should be 13 

the primary funder. Despite the expected wait and funding complexities, 85% of 14 

respondents indicate that they are likely or very likely to alter their CVD screening 15 

approach if a tool becomes available (Publication supplementary materials S14). 16 

When asking clinicians what they believe their expected role will be in the 17 

implementation of PM-based CVD risk stratification, approximately two-thirds identify 18 
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themselves as having the primary role in traditional patient-facing activities (referring 1 

the patient for testing (73%), sharing results with the patient (62%), and using results 2 

to guide prevention and treatment approaches (70%). In contrast, at least half of the 3 

respondents recognise that interpreting (55%) and explaining results to patients (54%) 4 

will require additional expertise and thus a multidisciplinary team (Publication 5 

supplementary materials S14). 6 

3.9. Perceived barriers to the implementation of pm-based 7 

CVD risk stratification 8 

According to respondents, the top implementation barriers facing PM-based CVD risk 9 

stratification in South Africa’s public health setting are the cost (strong impact = 89%), 10 

and the lack of genetics services (strong impact = 85%) and associated shortage in 11 

genetics personnel (strong impact = 83%). Other barriers included the lack of a funder 12 

(strong impact = 81%), the absence of clinical guidelines (strong impact = 66%) and 13 

limited training in PM and related concepts (62%) (Figure 17). 14 

 15 

Figure 17: Perceived impact of PM-based CVD risk stratification implementation 16 
barriers in the South African public setting.  17 
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The distribution of responses regarding the barriers facing the implementation of PM-1 
based CVD risk stratification in the South African public setting. 2 

4. DISCUSSION 3 

As little is known about healthcare providers’ perceptions of PM tools in Africa, this 4 

study aimed to explore medical doctors’ perceptions of a PM-based tool for CVD risk 5 

prediction in South Africa. Results revealed clinical exposure to, and knowledge of 6 

genetics is limited in the South African public health setting, but most perceive PM 7 

approaches positively. Confidence in applying PM-based CVD risk stratification is 8 

variable, with those involved in research currently undertaking CVD risk stratification 9 

being more confident. 10 

4.1. Positive perceptions of PM-based tools despite 11 

knowledge gaps and resource constraints 12 

Our study identified low rates of genomic testing, coupled with low self-perceived 13 

knowledge of genetics and PM-related concepts among clinicians and trainees 14 

practising in South Africa’s public health setting. Despite limited understanding and 15 

resource challenges, over two-thirds of respondents expressed positive perceptions of 16 

PM-based stratification tools. Such findings are not dissimilar to existing literature, 17 

which reveals low self-perceived knowledge but positive perceptions amongst 18 

healthcare providers across medical specialisations, geographies and economic 19 

regions (175,215,217,221,223–226,231–235). Assessment across five Implementing 20 

GeNomics In pracTicE (IGNITE) sites in the USA involving differing precision medicine 21 

applications revealed most clinicians believed genetic testing to be clinically useful. 22 

However, only a third thought they were adequately trained to provide care for 23 

genetically “high-risk” patients (215). 24 

Although the value of integrated CVD risk scores was recognised, the perceived 25 

relevance of PM-based risk stratification to individual practice was variable and linked 26 

to varying practice standards across medical specialties, highlighting the need for 27 

clinician inclusion in the development of appropriate PM tools. The availability of risk 28 

estimates tailored to African populations was considered to be of particular value to 29 
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providers, but the current limited transferability of PM-based approaches across 1 

ancestries (60) was also a key concern. 2 

4.2. Addressing the genetics education gap is paramount to 3 

successful adoption 4 

Given that exposure to genetic testing and PM approaches is likely to increase with 5 

decreasing costs and increasing efforts to understand African genetic variation, these 6 

findings support prior calls for increased training and educational resources 7 

(215,221,234,236,237). Furthermore, the limited genetic literacy amongst South 8 

African patients further necessitates additional support from healthcare providers to 9 

benefit from genetics and PM. 10 

Lower self-perceived knowledge amongst consultants compared to trainees suggests 11 

that exposure to PM and related concepts in undergraduate training may have shifted 12 

in recent years. Alternatively, inexperienced clinicians may not be aware of the 13 

complexities of testing in a clinical setting as yet. Although different, mean knowledge 14 

scores for both groups were low, and  highlight training requirements at undergraduate 15 

and practice levels. Genetics curricula can go unnoticed by clinicians as it is often 16 

integrated into the content of a course (238). Simply increasing the volume and 17 

duration of genetic curricula is unlikely to be helpful, as advances in genomics do not 18 

occur in isolation and compete with other compelling learning demands (236). 19 

Specialised courses and qualifications, although increasingly available, require 20 

substantial commitments and have relatively low uptake amongst non-genetic 21 

specialists (238). Genomics education incorporated into healthcare providers’ usual 22 

work activities, including departmental presentations and clinical meetings, has been 23 

identified as a preferred training strategy (239,240). The most appropriate training 24 

approach is debated. However, there is consensus that education should address 25 

common misconceptions related to genetics, emphasise the clinical applications of 26 

genomics while not negating the complexity of the associated basic science, and 27 

ensure that clinicians can correctly utilise genetic-based risk estimations in their clinical 28 

practice (236,238,241). 29 

Practicing clinicians have indicated a preference for online continued medical 30 

education, conferences, peer-reviewed literature, and in-clinic training (219,240,242). 31 
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Historically, most continued medical education has been passive and didactic, with 1 

limited impact on changing practice. The most impactful approaches are those that are 2 

interactive, use a variety of instructional techniques, and focus on outcomes 3 

considered important by healthcare professionals. The appropriateness of such 4 

activities in South Africa will need to be further investigated, prioritising culturally 5 

sensitive approaches that consider language differences and delivery format 6 

challenges. 7 

4.3. Integrated models compatible with current clinical 8 

practices are needed 9 

In this study, confidence in utilising the approach was variable and was directly 10 

influenced by previous CVD risk stratification exposure. Literature suggests that 11 

clinicians lack confidence in using and implementing new genomic tests and precision 12 

medicine approaches, and that this low confidence is linked to limited knowledge of 13 

genetics and related topics (219,221,224,235,239,243). However, increased 14 

confidence has been associated with increased exposure to testing, or when the 15 

application is clearly defined and given within the context of a specific disease 16 

(215,244). For example, oncologists already using genetic testing in clinical practice 17 

reported the highest confidence in using multi-marker tumour panel results to guide 18 

patient care (244). Increased confidence amongst those already using CVD 19 

stratification algorithms suggests that successfully integrating genetic risk assessment 20 

into existing clinical frameworks requires strategies compatible with current practice. 21 

The areas clinicians lacked the most confidence in were related to the interpretation of 22 

score results and explaining potential impacts on insurance policies, which may reflect 23 

the lack of understanding of the genetic components of the score and the legislative 24 

framework. Respondents indicated a strong preference for a multidisciplinary model 25 

approach to testing, particularly interpreting score results and explaining such to 26 

patients. Multidisciplinary teams require specialised genetics skillsets, such as clinical 27 

geneticists and genetic counsellors, which may not be feasible in the context of a skills 28 

shortage in South Africa. Increasing clinicians’ comfort with using genomics in routine 29 

care may reduce the reliance on genetic specialists and improve the feasibility of 30 

genomic medicine over the long term. Additionally, the development of guidelines for 31 
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PM-based scoring may help improve understanding in these areas and would support 1 

testing practices. 2 

4.4. Funding shortfalls and skills shortages hinder PM 3 

adoption in resource-scarce settings 4 

Similar to previous research and other settings, surveyed clinicians identified the 5 

affordability and accessibility of genetic services and genetics skills shortage as major 6 

impediments to PM implementation in South Africa’s public health settings 7 

(91,152,217,221,234,235). These challenges are not unique to PM and successful 8 

innovative models in funding and delivering care, especially within limited resource 9 

settings, should be explored. 10 

Additional barriers raised from studies in well-resourced settings include those related 11 

to organisational structures (management, organisational culture and/or decentralised 12 

care), lack of clinical guidelines and the poor coordination of tests relative to treatment 13 

decisions (224). Nephrologists in Australia highlighted barriers relating to their specific 14 

practice setting, e.g., leadership endorsement and goal setting (235), and medical 15 

oncologists in Canada identified patient genomic literacy and the current clinical utility 16 

of genomics as key challenges (226). Although not identified as primary barriers in this 17 

South African study, these challenges are likely to be critical in the South African public 18 

setting as system-level barriers are addressed. Stakeholders will need to consider 19 

these challenges when developing a PM implementation roadmap, and leverage 20 

lessons learned as resource challenges are overcome and healthcare systems 21 

stabilise. 22 

This study was novel in that it included a compulsory educational video before 23 

responding to the questionnaire. The purpose was to provide context and some 24 

exposure to PM across the responder group. However, several limitations to the study 25 

design merit discussion. Over and above the limited sample size and potential 26 

responder biases associated with online convenience sampling strategies (245), the 27 

study makes use of a newly developed instrument which has not yet been extensively 28 

tested for reliability and validity. There may have been issues with biased response 29 

sets (e.g., “faking good”) that would be difficult to detect in the absence of reverse-30 
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scored items (246). Reassuringly, however, our results are intuitive and align with 1 

literature trends, diminishing concerns around the psychometric rigor of the instrument. 2 

Lastly, for convenience, the study survey was administered to clinical practitioners 3 

based in large, relatively well-funded urban medical centres. Consequently, 4 

respondents in this study are unlikely to be representative of health professionals 5 

across South Africa. Understanding primary care providers’ perceptions of and 6 

willingness to utilise PM-based tools in the primary care setting should be explored. 7 

Primary care provision is the foundation of care in South Africa, serving most 8 

communities, especially in rural areas, and where CVD risk stratification could have 9 

the greatest benefit (247–249). Successful PM utilisation requires multi-stakeholder 10 

co-operation, and thus the views of patients, insurers, policy making bodies and 11 

governments, should also be explored in follow up studies. 12 

This study sheds light on an under-researched area of South African healthcare and 13 

contributes to a greater understanding of what will be required to successfully 14 

implement PM in South Africa, and potentially other resource-constrained 15 

environments. 16 

5. CONCLUSION 17 

Practicing clinicians have a positive perception of PM-based CVD risk stratification 18 

despite limited genomic knowledge, and they have a desire to adopt such tools in their 19 

practices. Limiting adoption barriers requires developing tools that leverage existing 20 

clinical approaches. The advancement of PM in South Africa requires an active effort 21 

to address the gap in genetic training whilst simultaneously investing in the country’s 22 

genomics capacity, including both skill force and infrastructure. 23 

  24 
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Chapter 4: Publication 4 1 

Multimorbidity in African populations: a scoping review  2 

This chapter describes a review that was performed in order to gain an understanding 3 

of the current prevalence of multimorbidity in African populations, including continental 4 

Africans and African diaspora. Given the multiple disease burdens in Africa, we believe 5 

it is crucial to look beyond a single disease in isolation and understand that multiple 6 

chronic conditions may be affecting a patient, and thus their treatment and 7 

management, as well as risk for other disease. Conducting this scoping review allowed 8 

for us to  gain an understanding of current literature of multimorbidity research 9 

conducted in African ancestry populations and identify research gaps that could be 10 

addressed in future work. The work described in this chapter is under review in the 11 

peer-reviewed journal, BMJ Global Health (Appendix H): 12 

Kamp M., Achilonu, O., Kisiangani, I., Nderitu, DM., Mpangase, PT., Tadesse, G.A., 13 

Adetunji, K., Iddi, S.,  Speakman, S., Hazelhurst, S., Asiki, G. and Ramsay, M. 2023. 14 

Multimorbidity in African ancestry populations: a systematic scoping review. BMJ 15 

Global Health. 8:e013509 16 

Author contributions: MR, GA, SH and MK conceived the study and participated in the 17 

design of the study. MK, OA, IK, DMN, GAT, KA and SI undertook the literature review 18 

process. MK, OA and PTM undertook data analysis and visualisation. MK drafted the 19 

manuscript with input from OA. MR is acting as guarantor.20 
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ABSTRACT  1 

Objectives: Multimorbidity (MM) is a growing concern linked to poor outcomes and 2 

higher healthcare costs. While most MM research targets European ancestry 3 

populations, the prevalence and patterns in African ancestry groups remain 4 

underexplored. This study aimed to identify and summarise the available literature on 5 

MM in populations with African ancestry, on the continent, and in the diaspora. 6 

Design:- A scoping review was conducted in five databases (PubMed, Web of 7 

Science, Scopus, Science Direct and JSTOR) in July 2022. Studies were selected 8 

based on predefined criteria, with data extraction focusing on methodology and 9 

findings. Descriptive statistics summarised the data, and a narrative synthesis 10 

highlighted key themes. 11 

Results: Of the 232 publications on MM in African-ancestry groups from 2010 to June 12 

2022—113 examined continental African populations, 100 the diaspora and 19 both. 13 

Findings revealed diverse MM patterns within and beyond continental Africa. 14 

Cardiovascular and metabolic diseases are predominant in both groups (80% 15 

continental and 70% diaspora). Infectious diseases featured more in continental 16 

studies (58% continental and 16% diaspora). Although many papers did not specifically 17 

address these features, as in previous studies, older age, being women and having a 18 

lower socioeconomic status were associated with a higher prevalence of MM, with 19 

important exceptions. Research gaps identified included limited data on African-20 

ancestry individuals, inadequate representation, under-represented disease groups, 21 

non-standardised methodologies, the need for innovative data strategies, and 22 

insufficient translational research.  23 

Conclusion: The growing global MM prevalence is mirrored in African-ancestry 24 

populations. Recognising the unique contexts of African-ancestry populations is 25 

essential when addressing the burden of MM. This review emphasises the need for 26 

additional research to guide and enhance healthcare approaches for African-ancestry 27 

populations, regardless of their geographic location.  28 
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1. INTRODUCTION   1 

Multimorbidity (MM), the co-occurrence of two or more chronic conditions in an 2 

individual, is a growing global challenge (67,68). MM is associated with increased 3 

premature mortality (68), lowered quality of life (69), diminished mental health 4 

(250,251), increased polypharmacy risk (252), and intensified health services 5 

utilisation and associated costs, particularly in resource-poor settings (253).  6 

There are, however, different interpretations of the MM definition and a lack of global 7 

consensus. Some use the above-described definition but highlight that there is no 8 

index condition or dominant disease in the affected individual (254,255). This is 9 

consistent with the WHO’s definition emphasising the chronic and long-term nature of 10 

conditions and the absence of hierarchy or clustering of diseases (256). Comorbidity, 11 

on the other hand, refers to additional conditions in patients with a primary condition 12 

of interest. The distinction between MM and comorbidity is important but not always 13 

clear, despite its critical importance for accurate phenotyping, research analyses and 14 

in healthcare settings. Additionally, there is variability in the nature and number of 15 

chronic diseases included in MM studies and the measurement methods used to 16 

assess MM across studies, as highlighted by a recent Delphi study (257). 17 

Improved life expectancy resulting from global health efforts has led to a rise in MM 18 

due to ageing populations and shifting lifestyle risk factors, including obesity and 19 

physical inactivity (67,258–260). MM encompasses various combinations of chronic 20 

conditions, with concordant MM sharing origins and treatment requirements, and 21 

discordant MM involving unrelated or differently managed conditions (261). As 22 

reviewed by Roomaney et al. (2022), in low- and middle-income countries (LMICs), 23 

MM is further complicated by overlapping infectious disease burdens, poverty-related 24 

environmental stressors, limited social infrastructure and under-resourced healthcare 25 

settings (262). It is estimated that at least one-third of adults residing in LMICs have 26 

multiple chronic conditions (263), yet the epidemiology of MM in these regions 27 

remains relatively unknown.  28 

Despite the substantial growth in MM studies, most have been conducted in high-29 

income countries or among those of European-ancestry, limiting the generalisability 30 

of findings (262,264). Although studies involving diverse ancestries, particularly 31 
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European and African American (AA) populations, indicate increased MM risk and 1 

adverse health outcomes among individuals of African-ancestry (265,266), the 2 

analyses are primarily focused on AAs and often based on small sample sizes. 3 

Moreover, most studies examine single disease outcomes or comorbidities with an 4 

index disease, leaving the true burden of MM, its epidemiological characteristics, and 5 

healthcare strategies in African-ancestry populations largely unknown (267).  6 

This scoping review is timely as the global health community is advocating for 7 

diversity and inclusion in research studies, a viewpoint strongly echoed by 8 

researchers, healthcare professionals, policymakers, and pharma. It is well 9 

recognised that African and African-ancestry populations are under-represented and 10 

understudied (265) and this review and critical analysis of the published studies are, 11 

therefore, important to raise awareness. When global studies report continent-wide 12 

prevalence, the projections for African populations are often based on a few small 13 

studies on selected communities. They do not reflect the heterogeneity across Africa 14 

and in diaspora populations, providing false impressions that could lead to disastrous 15 

public health interventions in communities where the data and findings do not apply. 16 

In addition to the limited representation of diverse populations, MM studies face 17 

several methodological challenges, including the lack of international consensus on 18 

the definition of MM and the frequent use of non-standardised phenotype and 19 

laboratory-based measurement methods. These inconsistencies hinder research, 20 

comparative assessments and the translation of findings into guidelines and 21 

interventions(268). 22 

This scoping review seeks to identify, evaluate, and summarise existing evidence on 23 

MM prevalence, patterns, associated factors, and research gaps specific to African-24 

ancestry populations. It provides insight into similar and divergent trends among 25 

continental and diaspora African-ancestry individuals, in order to inform the most 26 

appropriate and relevant future research priorities. 27 

The following research questions were addressed to guide the scoping review: (1) 28 

How many studies have been done on this topic, and what are the geographical 29 

locations of the studied populations? (2) Which definitions of MM and what study 30 

designs are commonly used in MM studies that include African-ancestry populations? 31 
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(3) What are the common MM disease clusters among African-ancestry populations 1 

living on the continent and in the diaspora? (4) How does MM prevalence differ across 2 

sociodemographic characteristics and are these patterns consistent across 3 

continental and diasporic African populations? 4 

2. METHODS 5 

To assess MM within African-ancestry populations, a scoping review methodology was 6 

employed rather than a systematic review or meta-analytic approach as a scoping 7 

review is more appropriate when aiming to assess an emerging field of literature and 8 

identify research gaps (269). This review began with the establishment of a research 9 

team consisting of members with expertise in epidemiology, demography, clinical 10 

medicine, genetics, and data science research in Africa. Members were from several 11 

African countries (Kenya, Nigeria, South Africa, Ghana, and Uganda) and advised on 12 

the broad study aim and protocol, including search terms, databases, and thematic 13 

synthesis. A review protocol for this study is not available.  14 

2.1. Search strategy and database search 15 

This review followed the Preferred Reporting Items for Systematic Reviews and Meta-16 

Analyses for scoping reviews (270). The initial search was implemented in July 2022 17 

and included a comprehensive literature search by one researcher (MK) in consultation 18 

with a librarian and field experts. Five electronic databases (PubMed, Scopus, Science 19 

Direct, Web of Science and JSTOR) were searched to identify relevant publications on 20 

MM in individuals of African-ancestry. The search strategy incorporated a combination 21 

of MeSH (Medical Subject Headings) terms and keywords, including ‘multimorbidity,’ 22 

‘comorbidity’ and ‘African population’ and their synonyms. The final search terms are 23 

listed in Table 8 and detailed in Publication supplementary materials S15. Search 24 

terms relating to MM were derived from previous systematic reviews, and search 25 

themes 1 and 2 were combined using the Boolean operator ‘AND’. The search was 26 

limited to the title and abstract fields only, as a trial search found searching full text 27 

reduced the ability to detect relevant papers. Similarly, for this reason, a list of African 28 

countries was not included in the search strategy. Although the search terms were 29 

consistent across all databases, the search query was tailored to the specific 30 

requirements of each database. 31 
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The publication time frame was limited to 1 January 2010–31 June 2022, as research 1 

on MM has increased significantly since 2010, with approximately 80% of publications 2 

published after this date (264). 3 

Table 8: Search term strategy 4 

 Search themes MeSH terms 
1 Multimorbidity  "comorbidity" OR "co-morbidity" OR "multimorbidity" OR 

"multi-morbidity" OR "multiple chronic conditions" OR 
"chronic conditions" OR "chronic disease"  

2 African populations "Africa" OR "African" OR "African population" OR "African 
ancestry" OR "African-ancestry" 

 5 

2.2. Citation management and study selection 6 

After conducting database searches, the search output citations were downloaded in 7 

BibTeX format and uploaded to an electronic screening and data management 8 

website, Rayyan (271). The deduplication function was employed to remove 9 

duplicates. For the first level of screening, only the title and abstracts of unique entries 10 

were reviewed to avoid wasting resources on articles that did not meet the minimum 11 

inclusion criteria. Entries were screened independently and blindly by MK and three 12 

other reviewers (IK, DMN and GAT), and studies deemed irrelevant were discarded. A 13 

third group (GA and MR) assisted with conflict resolution. 14 

2.3. Eligibility criteria 15 

The inclusion criteria were studies reporting epidemiological data on MM or 16 

comorbidity in individuals of African-ancestry aged 18 years and above from 17 

continental Africa and studies including populations of African-ancestry in other global 18 

regions (e.g., Caribbean, Europe, North America). Studies written in French were 19 

included to mitigate missing data from Francophone Africa.  20 

The inclusion criteria were studies reporting epidemiological data on MM or 21 

comorbidity in individuals of African-ancestry aged 18 years and above from 22 

continental Africa and studies including populations of African-ancestry in other global 23 

regions (e.g., Caribbean, Europe, North America). Studies written in French were 24 

included to mitigate missing data from Francophone Africa. 25 
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The definition of MM used in this review was based on the Academy of Medical 1 

Sciences definition—the coexistence of two or more chronic conditions, which included 2 

conditions in the following categories: physical non-communicable disease (NCD) of 3 

long duration, such as cardiovascular disease or cancer, a mental health condition of 4 

long duration, such as a mood disorder or dementia, or an infectious disease of long 5 

duration, such as HIV or hepatitis (267). The term 'comorbidity' was included, as it has 6 

been used interchangeably with MM in the past, although it is now recognised as a 7 

distinct concept (268). As per the Academy of Medical Sciences definition, acute 8 

conditions (<6 months) were not included in our definition. We use the term diaspora 9 

to specifically refer to populations of African-ancestry who no longer reside on the 10 

African continent, contrasting them to continental African populations residing in Africa. 11 

Table 9 provides a detailed summary of our inclusion and exclusion criteria. 12 

Table 9: Study inclusion/exclusion criteria for the scoping review 13 

 Inclusion Exclusion 
Methodology - MM defined as a combination 

of recognised 
diseases/conditions (e.g., self-
report or International 
Classification of Disease 9th 
revision (ICD-9) or 10th 
revision (ICD-10) codes) 

- MM defined as a combination of 
symptoms or pre-disease conditions, 
not defined as ICD-9 or ICD-10 
diseases (e.g., predisease, frailty, 
disability, and quality of life) 

- Transitions or trajectories within a 
single disease or from one condition 
into another (e.g., cancer progression) 

Study design - Cross-sectional studies 
- Longitudinal quantitative 
studies, including retrospective 
and prospective cohort studies 

- Qualitative studies 

- Systematic reviews 
- Meta-analyses 
- Case studies 
- Expert opinion/committee reports 

Population - Adult humans (18+ years) 
- African continent 
- African-ancestry diaspora 

- Infants, children, or adolescents (<18 
years) 

- Animal research 
Publication 
date 

- 01 Jan 2010 - 31 June 2022 - Prior to 01 Jan 2010 
- Post 31 June 2022 

Publication 
type 

- Peer-reviewed journal articles 
- Clinical trials  

- Case reports 
- Reviews 
- Editorials 
- Letters 

Language - English 
- French 

- Other languages 
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Studies were excluded when both initial reviewers indicated that they did not meet the 1 

eligibility criteria. When their responses were discordant, a third reviewer assessed the 2 

abstract, and in some cases, reviewed the full publication before deciding whether the 3 

publication met inclusion criteria.  4 

2.4.  Data extraction and analyses 5 

All citations deemed relevant after title and abstract screening underwent full-text 6 

review. Four reviewers (IK, MK, DMN and GAT) independently assessed the full texts 7 

(more than one person evaluated some citations), and study characteristics were 8 

captured electronically using a template to extract relevant data (Appendix F 9 

Supplementary materials Table S1). Data on MM definition, the approach to measuring 10 

MM, the conditions included, and the characteristics of the population under 11 

investigation were extracted. Studies were categorised by geographical location, 12 

participant ancestry and study design. The chronic conditions assessed to define MM 13 

were collected and organised into categories based on the body system affected (257). 14 

Five reviewers independently extracted data and updated the extraction spreadsheet 15 

(OA, IK, MK, DM, and GAT). For the extracted variables (Publication supplementary 16 

materials S16), the mean and standard deviation (SD), the absolute number, or the 17 

percentage was recorded as appropriate.  18 

To effectively analyse and interpret the extensive range of diseases evaluated, a 19 

categorisation approach was employed. Diseases were grouped into nine broader 20 

clusters (Table 10). These clusters were derived using a body system approach with 21 

nuances to reflect the major global mortality and morbidity disease burdens over the 22 

last decade (272), and through consultation with clinicians.  23 

Table 10: Disease clusters and the associated definition and diseases 24 

Cluster Cluster detail Example conditions 

Cancer Diseases in which 
abnormal cells divide 
uncontrollably and can 
invade nearby tissues. 

Breast, lung, colon, cervical, and 
prostate cancers, Kaposi Sarcoma, 
etc. 

Cardiovascular Chronic diseases that 
affect the heart and 
blood vessels. 

Arrhythmias, atrial fibrillation, 
cardiomyopathy, coronary artery 
disease, heart failure, hypertension, 
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peripheral artery disease, stroke, etc. 

Infectious Conditions caused by 
persistent infections; 
including bacterial, viral, 
or parasitic infections. 

Chronic viral hepatitis (hepatitis D, E, 
and G), hepatitis B, hepatitis C, 
human immunodeficiency virus (HIV), 
human papillomavirus (HPV), long-
COVID, tuberculosis, etc.  

Metabolic Chronic diseases that 
affect the body's 
metabolic system. 

Dyslipidaemia, fatty liver disease, 
metabolic syndrome, obesity, type 2 
diabetes mellitus, etc.  

Musculoskeletal Chronic conditions that 
affect the bones, joints, 
and muscles. 

Chronic back pain, osteoarthritis, 
osteoporosis, rheumatoid arthritis, 
back syndrome with radiating pain, 
back syndrome with non-radiating 
pain, etc. 

Neurological Conditions that affect the 
brain and nervous 
system. 

Alzheimer's Disease, dementia, 
epilepsy, multiple sclerosis, 
Parkinson's disease, autistic 
spectrum disorder, etc. 

Psychiatric Disorders that affect 
mood, thinking and 
behaviour. 

Attention deficit hyperactivity disorder 
(ADHD), bipolar, depression, 
generalised anxiety disorder (GAD), 
substance use disorders, post-
traumatic stress disorder (PTSD), 
schizophrenia, etc.  

Renal Chronic diseases that 
affect the kidneys. 

Chronic kidney disease, Renal 
failure, End-stage renal disease, etc. 

Respiratory Chronic diseases that 
affect the lungs. 

Asthma, Bronchiectasis, Chronic 
obstructive pulmonary disease 
(COPD), Cystic fibrosis, Sleep 
apnoea, Pneumonia, etc. 

 1 

2.5.  Data summary and synthesis  2 

The data extraction spreadsheet was imported into Microsoft Excel (273) for validation 3 

and coding. The data were then exported into R statistical Computing Tool (version 4 

4.3) (103) for analysis. Descriptive statistics were calculated to summarise the data, 5 

with frequencies and percentages utilised to describe nominal data. An UpSet plot 6 

(274) for the two groups of African-ancestry populations was constructed to visualise 7 

the disease clusters. A thematic synthesis was used to identify key themes emanating 8 

from the included articles. 9 
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2.6.  Patient and public involvement 1 

Patients and the public were not involved in this study. Clinicians known by the 2 

authors and working in MM across Africa were invited to comment.  3 

2.7. Ethics statements 4 

This is a review of already published material; therefore, no ethics approval needed. 5 

3. RESULTS 6 

Below we describe the results of our article search, the analyses of the included 7 

papers, and the themes identified through content analyses.  8 

3.1.1.  Search results  9 

Figure 18 provides an overview of the search results. The initial search yielded 2397 10 

articles, and after removing duplicates (366), 2031 unique records remained. Out of 11 

these, 1678 articles were excluded after screening. During the title and abstract 12 

screening phase, reviewers had disagreements on the exclusion/inclusion of 15% of 13 

the articles, which were resolved through discussion. A total of 353 abstracts were 14 

evaluated for eligibility, with 47 articles excluded due to misclassification (n=23) and 15 

the exclusion of papers focusing on MM in COVID-19 severity (n=24). 307 full-text 16 

articles were assessed, and an additional 74 exclusions were made due to 17 

misclassification (n=30) or the full text being unavailable (n=44). The BibTex citation 18 

file of analysed articles is available on GitHub (https://github.com/MADIVA-DSI/MM-in-19 

African-ancestry-pops.git).  20 

https://github.com/MADIVA-DSI/MM-in-African-ancestry-pops.git
https://github.com/MADIVA-DSI/MM-in-African-ancestry-pops.git
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 1 

Figure 18: PRISMA-ScR flow diagram of the study selection process. 2 

Misclassified papers refer to those that on further analysis did not meet the inclusion 3 
criteria, for example, inappropriate outcome (did not meet the criteria for MM), Incorrect 4 
publication type (not original research). MM, multimorbidity; PRISMA-ScR, Preferred 5 
Reporting Items for Systematic Reviews and Meta-Analyses for Scoping Reviews. 6 

While multiple criteria led to paper exclusion, only one reason was assigned to each 7 

study. The most common exclusion reason was ‘inappropriate outcome,’ indicating the 8 

research question did not address MM (as defined by the Academy of Medical 9 

Sciences) in African-ancestry populations, the focus of this review. These studies often 10 

examined comorbidity or broader chronic disease prevalence, prevention, and 11 

treatment strategies. 12 

3.1.2.  Study characteristics 13 

The number of publications increased over the past decade from 5 in 2010 to 11 in 14 

2022 (Figure 19). While there was a decline in papers addressing MM in African-15 

ancestry populations from 2020 to 2022, the upward trend persisted when including 16 

papers related to MM and COVID-19. During this period, we identified 23 publications 17 
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associating MM as a risk factor for severe COVID-19 in African populations (2020: 8 1 

studies, 2021: 10 studies, 2022: 5 studies).  2 

Geographical location of African-ancestry populations studied  3 

Figure 19 shows the number of publications per year by African ancestry population, 4 

distinguishing between those from the diaspora and the continent. The data show there 5 

were slightly more publications among continental populations (49%, n=113) than 6 

diaspora (43%, n=100), with 8% conducted in multiple countries involving both 7 

populations (n=19).  8 

 9 

 10 

Figure 19: Number of publications by African-ancestry population geographic 11 
origin.  12 

(A) Proportion of publications by population group over the full assessed timeframe 13 
(January 2010–June 2022) (n=232). (B) Proportion of papers by African-ancestry 14 
population origin per year. 15 

Figure 20 illustrates the global distribution of studies investigating MM in African-16 

ancestry populations. Figure 20A presents the overall coverage of papers, while 17 

Figure 20B displays the proportion of papers originating from different regions. Among 18 

the 113 papers focused on continental populations, the majority (55%) were conducted 19 



 

113 

 

in Southern Africa (n=61), followed by East Africa (22%, n=24) and West Africa (15%, 1 

n=17). Less than 5% of studies included multiple African regions (n=3).  2 

Diaspora studies were concentrated in North America (95%, n=94), specifically among 3 

AA, who were often part of diverse ancestry studies examining the influence of race 4 

on MM-related health outcomes. In Europe, diaspora studies typically involved recently 5 

migrated individuals (born in Africa or first-generation migrants). 6 

 7 

Figure 20: Global distribution of studies investigating Multimorbidity in African 8 
populations.  9 

(A) Global location of participants from 213 multimorbidity studies in populations of 10 
African-ancestry. Studies including representation from both continental and diaspora 11 
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populations (n=19) are not shown. (B) Distribution of papers in diaspora (n=100) and 1 
continental (n=113) African-ancestry populations by geographical region (n=213). 2 
Regional distribution is based on the five regions of Africa described by the United 3 
Nations Statistics Division (Publication supplementary materials S17). ‘Africa’ includes 4 
countries from multiple regions. 5 

In continental and diaspora groups, epidemiological studies focused on determining 6 

disease clusters and prevalence in specific populations. The most common study 7 

designs were cross-sectional (67%, n=155) and longitudinal (31%, n=73). Incidence 8 

measurement of MM was primarily observed in diaspora studies. Around two-thirds of 9 

the studies were conducted in hospital settings, including primary care and clinical 10 

settings, while 36% involved the general population. In the diaspora, secondary 11 

analysis of large cohorts or databases was prominent (64% of diaspora studies), while 12 

continental studies often utilised prospective hospital-based cohorts (32%). 13 

Continental studies had smaller sample sizes (median (range)=990 (14 to 417 786)) 14 

compared with diaspora studies (median (range)=2022 (20 to 3 739 528)). 15 

Studies examined various risk factors for MM, including sociodemographic variables 16 

like age, sex, and socioeconomic status (SES). Research conducted in North America 17 

was particularly interested in comparing MM between what they identified as 18 

race/ethnic groups. Some studies explored the impact of MM on mortality, morbidity, 19 

hospital resource utilisation, polypharmacy, adverse drug reactions and care 20 

integration. 21 

Disease and multimorbidity ascertainment  22 

We considered a study to have a clear definition of MM when it was stated in the 23 

objectives, methodology, or discussion of the study. Our literature search found that 24 

most studies lacked clear MM definitions and showed considerable variability in 25 

disease inclusion. The terms MM and comorbidity were often used interchangeably, 26 

particularly in earlier studies. 27 

Studies commonly employed disease counts to identify MM, but diseases included 28 

varied widely from 2 to over 200. Many studies used an author-developed disease list 29 

or, in some cases, a tool used to determine MM, such as the Charlson Comorbidity 30 

Index (275,276). These lists were available in 105 continental studies and 93 diaspora 31 

studies. In studies employing electronic health records or chart review, patient disease 32 
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was identified mostly by ICD9 or ICD10 codes, based on clinical diagnosis. In smaller 1 

cohort studies, primarily in Africa, disease was determined through self-reporting or 2 

proxy variables such as medication use, or when clinical biomarkers were outside 3 

normal ranges. Although more cost-effective and feasible in resource-constrained 4 

research environments, the latter, particularly self-reporting, can introduce biases like 5 

recall errors and misclassification, potentially skewing the accuracy and prevalence of 6 

diagnoses. 7 

Figure 21 illustrates the frequency of MM combinations in continental and diaspora 8 

studies. The most studied cluster in continental studies was cardiovascular-infectious-9 

metabolic diseases (n=16). In the diaspora, psychiatric conditions (represented by 10 

more than one condition but grouped for simplicity) were most frequent (n=11), 11 

followed by cardiovascular-metabolic (n=10) and metabolic-psychiatric (n=8) clusters. 12 

Cardiovascular (e.g., hypertension) and metabolic diseases (e.g., diabetes) were the 13 

most widely included in both groups. In continental populations, 80% of studies 14 

assessed cardiovascular (n=92) or metabolic (n=90) diseases, while in the diaspora, 15 

at least 70% focused on these conditions (cardiovascular (73%, n=72); or metabolic 16 

(72%, n=71)) (see Figure 21).  17 

In contrast, the diaspora and continental studies differ greatly in their assessment of 18 

infectious diseases (predominantly HIV, Tuberculosis (TB) and malaria). Infectious 19 

diseases were more prevalent in continental studies (58%) compared with the diaspora 20 

(16%), whereas renal diseases, cancer, neurological and musculoskeletal disorders 21 

were under-represented in both groups.  22 
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 1 

Figure 21: Distribution of disease cluster combinations (Cancer, Cardiovascular, 2 
Infectious, Metabolic, Musculoskeletal, Neurological, Psychiatric, Renal and 3 
Respiratory) across 213 studies stratified by population.  4 

A. continental (113 studies) and B. diaspora African-ancestry populations (100 5 
studies). upSet plots generated using RStudio. 6 

Sociodemographic characteristics such as age, sex, household income and SES were 7 

examined in relation to MM prevalence and cumulative disease counts in studies 8 

involving continental and diaspora populations. Older individuals, particularly those 9 

aged 60 years and above, were found to have a higher risk of MM in both continental 10 

and diaspora populations. However, among continental populations, MM was also 11 

observed in relatively younger adults, approximately 45 years and below (277–280). 12 
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Differences in MM by sex were identified, with women often showing a higher 1 

prevalence of MM, particularly in cardiovascular-metabolic clusters (27,280–285). Low 2 

SES and income were generally associated with MM, but there were some population-3 

specific differences. In the diaspora, lower SES was linked to higher MM prevalence 4 

and increased disease count (286–288) while in continental studies, the impact of SES 5 

was variable. Lower SES was associated with higher MM (289–294); but differences 6 

were observed. For example, studies in South Africa (295,296), Burkina Faso (285), 7 

and Ghana (297) found that higher income was associated with concordant 8 

cardiometabolic MM, while lower incomes were associated with infectious disease-9 

related MM (290,292). In both populations, some studies revealed no effect of SES 10 

(277,298–300). Ancestry effects in diaspora studies varied depending on recent 11 

migrations to Europe or AA in North America. In the USA, AA ethnicity consistently 12 

posed a risk factor for MM across most MM clusters (11,265,301–304). One study 13 

assessing MM risk amongst men in a racially balanced and economically homogenous 14 

cohort in the USA found no difference in MM risk between AA and whites when in the 15 

same social environment (305). Conversely, studies on recent migrations indicated 16 

lower MM prevalence among African-ancestry migrant populations (306).  17 

Studies also identified significant geographic variations in MM prevalence and patterns 18 

(66,284). Using a population-based survey in South Africa, Akindele et al. (2021) 19 

observed distinct provincial differences, with lower rates of multiple chronic lifestyle 20 

diseases among residents of Limpopo (284), and Wong et al. (2021) (66) 21 

demonstrated the intricate geospatial complexities of MM disease clusters within a 22 

rural community in Kwa-Zulu Natal.  23 

The impact of behavioural risk factors, such as smoking, alcohol consumption and 24 

physical activity, on MM and treatment outcomes was assessed in some studies. When 25 

assessed, physical activity was noted as being largely negatively associated with MM, 26 

particularly within cardiometabolic MM, due to its impact on cardiometabolic risk 27 

factors, such as obesity and waist circumference (307). Alcohol and substance use 28 

were largely controlled for or considered as disorders themselves in most studies and 29 

therefore their effect on MM was not well described (277,290). However, assessment 30 

of studies examining alcohol use and smoking behaviour showed conflicting effects. 31 

For example, smoking and alcohol consumption was positively associated with 32 

multimorbid patients suffering from post-traumatic stress disorder in South Africa (308) 33 
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but negatively  associated with multimorbid women newly diagnosed with breast 1 

cancer; however, these bivariate associations did not persist in multinomial models 2 

(309).  3 

3.1.3. Thematic analysis 4 

An in-depth review of included papers was used to extract recurring themes from the 5 

data. These themes were further reviewed and refined in consultation with the 6 

authorship team. While the quality of individual studies was not assessed in this review, 7 

caution was exercised in comparing the studies due to their diverse approaches in 8 

exploring MM in different settings. The themes below should not be viewed in isolation 9 

from one another, as they overlap somewhat and need to be integrated when 10 

considering solutions. First, we describe the limitations in terms of non-standardised 11 

terminology and data collection, a feature common across many disciplines, but we 12 

then highlight the heterogeneity among the combinations of chronic conditions that 13 

have been included in MM, but that in both African and diaspora studies the 14 

cardiovascular and metabolic clusters are most commonly studied. 15 

A. Heterogeneity and inconsistency in terminology and methodological 16 
approaches  17 

Similar to previous systematic reviews (262,278,310), our findings highlight substantial 18 

heterogeneity in the terminology and methodological approaches used in the identified 19 

studies. This variability is not surprising given the relatively recent emergence of MM 20 

as a concept in healthcare research and the ongoing debates surrounding its definition 21 

and measurement (257). Most studies used cross-sectional designs to estimate MM 22 

prevalence, while fewer employed longitudinal designs, possibly due to convenient and 23 

cost-effective participant recruitment. Continental African studies, with smaller sample 24 

sizes and reliance on self-reported data, may lead to biased prevalence and outcome 25 

estimates. 26 

MM can be measured by counting the number of morbidities or using an MM index that 27 

considers both the number and severity of diseases, but the latter may be limited by 28 

data requirements (310). Variability in MM measurement is influenced by national 29 

health priorities and data availability. Furthermore, debates around disease clusters 30 

and groupings persist, with some advocating conditions on the same spectrum or 31 



 

119 

 

targeting the same organ system collectively rather than separately (311), particularly 1 

for well-managed conditions like hypertension (312).  2 

B. Dominance of Cardiovascular-Metabolic disease clusters 3 

Distinct regional variation in disease clusters was observed. Continental populations 4 

exhibited a co-occurrence of cardiometabolic clusters and chronic infectious diseases, 5 

while the diaspora showed a dominance of psychiatric conditions, often combined with 6 

cardiometabolic diseases. This aligns with previous research highlighting depression 7 

and cardiometabolic disorders as commonly observed MM clusters (262,313–315). 8 

Nonetheless, it is important to acknowledge that the available data suggest that the 9 

prevalence of condition clusters is strongly influenced by the context and population in 10 

which the research is conducted. Thus, when electronic health records were available, 11 

or when utilising large international cohorts, the number of diseases assessed to 12 

determine MM were much greater than smaller hospital or community-based cross-13 

sectional cohorts.   14 

In LMICs, such as those in Africa, chronic infectious illnesses like HIV/AIDS and TB 15 

are more prevalent. This is partially attributable to the longer life expectancies made 16 

possible by antiretroviral therapy, and the subsequent increase in susceptibility to 17 

NCDs at older ages [21]. Additionally, the cardiometabolic-infectious cluster may be 18 

exacerbated by the adverse effects of antiretroviral therapies on cardiovascular health 19 

(316–318). 20 

The dominance of specific clusters limits the understanding of the prevalence of 21 

concordant and discordant conditions and their associations with other diseases and 22 

health outcomes. However, one continental study found similar prevalence rates for 23 

concordant and discordant MM (approximately 12% each) (285), suggesting their 24 

comparable significance. Another study examining the association between physical 25 

MM and depression in six LMICs, including Ghana and South Africa, demonstrated 26 

that physical MM significantly increases the odds of depression, with a dose-27 

dependent relationship as the number of diseases increases (319). 28 

C. Diverse effects of age, sex, and socio-economic status across 29 
populations 30 
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Factors associated with MM risk in African-ancestry populations, such as age, sex, 1 

education, SES, and comorbidities, were examined. Similar to studies conducted in 2 

high-income countries, older age, female sex, and lower SES were identified as risk 3 

factors for MM. However, nuances were observed, highlighting the importance of 4 

context-specific research. 5 

Older age consistently showed a higher prevalence of MM in both populations; 6 

however, in continental populations, infectious disease burden contributed to younger 7 

adults being diagnosed with MM (66,277,280). Women of all ages were at increased 8 

risk of MM, potentially influenced by biological differences or social factors such as 9 

living and working environments, care-seeking behaviour and income inequalities 10 

(267). The relationship between sex and MM varies depending on the specific diseases 11 

considered; as suggested in previous research. We noted men to be more at risk when 12 

evaluating psychiatric disorders such as substance abuse disorders. Low SES, 13 

typically measured by education, income, occupation, or a composite of these, was 14 

identified as a risk factor for MM, with some disease-group intricacies. Also, SES may 15 

influence other factors such as sedentary lifestyles, health awareness and access to 16 

healthcare (292,298). Furthermore, disentangling social context and ethnicity in MM 17 

risk among diaspora populations remains challenging. 18 

Diaspora studies often include race as a covariate to compare MM prevalence among 19 

different racial groups. However, variations in study methodology and terminology 20 

make it challenging to synthesise and interpret interethnic differences in MM risk. It 21 

remains unclear whether genuine disparities exist beyond differences in diagnosis or 22 

survival rates. USA-based diaspora studies suggested significant differences in MM 23 

prevalence and health outcomes across ethnicities, with AAs often having a higher 24 

prevalence. For example, Mochari-Greenberger et al., (2015) reported higher 25 

readmission rates among hypertensive Hispanic and AA patients with comorbid 26 

diabetes than Whites (320). Clements et al. (2019) noted AA had increased odds of 27 

most multiple chronic condition combinations compared to Whites, as well as and an 28 

increased risk of mortality even when adjusting for disease combinations (321). 29 

However, psychiatric disorders, such as depression and anxiety, were noted as being 30 

more prevalent in European-ancestry populations (265,322), likely due to under-31 

reporting or underdiagnosing, particularly among men who may be more reticent to 32 
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seek help from mental health services, compared with non-AA. A recent migration 1 

study in the Netherlands revealed that ethnic inequalities in MM persisted when 2 

adjusting for the lower SES of ethnic minority groups (323). 3 

D. Integrating care to address complex health outcomes associated with 4 
Multimorbidity  5 

The literature consistently showed that MM is associated with higher levels of health 6 

resource utilisation (e.g., medications, primary care, emergency services) and adverse 7 

health outcomes (e.g., mortality, hospitalisations, and reduced quality of life), 8 

irrespective of disease clusters. Several studies, including those by  Aparasu et al. 9 

(2005), Bhagavathula et al. (2021)(294), and Simakoloyi et al. (2022) support these 10 

findings. Although patients with MM require frequent healthcare access, social 11 

determinants such as SES, geographic location, and healthcare system factors can 12 

hinder access. Perry et al. (2016) (326) described these factors as significant barriers 13 

to quality patient-centred care for older multimorbid AA men, despite their higher MM 14 

burden. 15 

Multiple studies have highlighted the limitations of traditional healthcare systems that 16 

focus on single diseases and have recommended a shift towards an integrated care 17 

model (ICM) where practitioners from various specialties collaborate in managing 18 

patients with multiple conditions (66,327–329). Wong et al. (2021)(66), emphasised 19 

the need for integrated management after observing high rates of uncontrolled 20 

hypertension (57.5%), diabetes (70.4%) and untreated TB in a rural South African 21 

population despite successful HIV management—78% of their cohort had 22 

undetectable HIV-1 RNA viral loads. However, implementing ICM poses challenges 23 

due to the increased complexity and time required for treating unrelated conditions. 24 

Limited evidence exists on the effective management of multiple conditions, 25 

particularly in resource-constrained settings like Africa. Nonetheless, Khabala et al. 26 

(2018) noted that ICM could improve the flexibility of care delivery and reduce clinician 27 

workload among patients with mixed chronic conditions in Kenya, and, in South Africa, 28 

ICM reduced HIV stigma in health facilities due to the non-segregation of patients 29 

(330), and with consolidated guidelines, patient education materials, and information 30 

systems, this could improve treatment and care for MM patients (331,332). 31 

Implementing ICM in South Africa is estimated to have minimal additional costs, 32 
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approximately USD1.06 (SD:0.33) per patient visit, over the current mean cost of 1 

USD4.94 (SD:0.70) (333). 2 

Insufficient data exist to quantify the burden of non-communicable diseases (NCDs) in 3 

health facilities in sub-Saharan Africa and their readiness to manage the growing NCD 4 

epidemic. Some studies, mainly in South Africa, have investigated the possibility of 5 

expanding HIV clinics to address cardiovascular diseases like hypertension and 6 

diabetes (334). Despite the potential of integrated care to improve patient care and 7 

decrease individual and healthcare system costs, a significant gap in clinic and hospital 8 

staff training remains a barrier to effective implementation (335–338). 9 

E. Challenges in statistical analysis approaches  10 

Studies primarily employed univariate descriptive analysis, while logistic regression 11 

was the preferred method for assessing the relationship between MM and exposure 12 

variables or MM’s impact on an outcome. While simple modelling techniques offer 13 

interpretability advantages (339), there is room for additional analyses through 14 

advanced machine learning (ML) and robust computational approaches. These 15 

approaches could reduce dependence on hand crafting by domain experts and 16 

scalability for the growing size of data and the number of variables (339,340). Few 17 

studies reported model goodness-of-fit assessment or variable selection approaches 18 

to refine multivariate models. Using the best subset of variables that contribute to the 19 

outcome of interest can lead to more useful and informative models. 20 

Despite the advantages of imputing missing data and available software for 21 

implementation, few studies addressed missingness. There was limited assessment of 22 

the spatial and temporal distribution of coexisting diseases, which could provide 23 

valuable information on MM hotspots and associated factors. Such studies can also 24 

offer insights into the future MM population profile and the likely change in MM 25 

prevalence. 26 

4. DISCUSSION 27 

This scoping review identified 232 relevant articles and used thematic analysis to 28 

address the aim of the review; to identify, evaluate and summarise the available 29 

published evidence on MM in African-ancestry populations and identify research gaps 30 
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and future recommendations. The themes are often interdependent and should not be 1 

viewed in isolation.  2 

4.1.1. Overview of included articles  3 

The review revealed significant heterogeneity in MM terminology, methodology and 4 

disease measurement. While cardiovascular-metabolic disease clusters were 5 

dominant, regional variations were observed. Risk factors for MM in African-ancestry 6 

populations were similar to those found in European populations and high-income 7 

countries, including older age, female sex, and lower SES [99,100], with important 8 

exceptions. Therefore, the nuanced differences, highlighting the need for context-9 

specific research and the identification of major gaps, need to be considered in the 10 

interpretation of MM in these populations. 11 

4.1.2. Research gaps and recommendations for future research 12 

Based on the included literature, we identified six research gaps and below we 13 

describe how they could be mitigated. These interconnected areas describe crucial 14 

interventions that would advance evidence-based research on MM and thereby 15 

potentially enhance patient care and health outcomes.  16 

1. Paucity of data globally (sample size and complexity of data): 17 

Limited data availability and a lack of large-scale epidemiological studies on MM, 18 

particularly in African-ancestry populations, hinder our understanding of MM 19 

prevalence and patterns in diverse populations. Future studies should increase sample 20 

size and undertake longitudinal population-based studies to better understand MM’s 21 

longitudinal trajectory. Additionally, including genetic data in these studies can offer 22 

valuable insights into MM causation and the interplay between genetic and 23 

environmental factors. Gathering comprehensive data will improve our understanding 24 

of MM and facilitate more targeted interventions. 25 

2. Lack of representation (many African countries and ethnic groups 26 
have no published data) 27 

African-ancestry populations are under-represented in the MM literature, both within 28 

and outside of Africa. Furthermore, other socioeconomic and health factors impact MM 29 
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prevalence in groups and marginalised communities. More research is needed in 1 

African-ancestry individuals in Central and South America as well as recent and 2 

growing migrant populations in Europe and elsewhere, who may have unique MM 3 

experiences. The Research on Obesity and Diabetes among African Migrants 4 

(RODAM) study highlights the influence of migration on MM risk factors in people 5 

originating from Ghana and emphasises the importance of understanding the 6 

sociodemographic, cultural, and healthcare contexts of African-ancestry migrants for a 7 

comprehensive understanding of MM (341).  8 

3. Underrepresented disease areas (health priority mismatch) 9 

Upon assessing the Global Burden of Disease (GBD) morbidity estimates both globally 10 

and within sub-Saharan Africa (SSA), a mismatch between health priorities and the 11 

diseases investigated is evident (GBD morbidity estimates can be found in Publication 12 

supplementary materials S18). Cardiometabolic and infectious diseases are the 13 

leading disease burdens in SAA (272), which aligns with the focus of continental 14 

studies. This alignment is also true for cardiovascular diseases globally. However, 15 

mental health conditions among adults younger than 50 years and cancer among 16 

individuals older than 50 also account for a significant health burden in SSA, yet these 17 

clusters, particularly cancer, appear to be rarely assessed in continental MM studies. 18 

Additionally, as life expectancy rises in Africa, musculoskeletal and neurological 19 

diseases associated with the elderly will become more prevalent and should be 20 

investigated. 21 

Moreover, there is a paucity of evidence on how clusters of conditions develop and 22 

change over time, making it challenging to predict how disease burdens might change 23 

within an individual’s life, and to identify the best interventions and care approaches. 24 

Key factors to consider when assessing long-term health in SSA include not only 25 

infectious and NCD but also the combined effects of childhood malnutrition, and high 26 

rates of maternal HIV infection (66). 27 

4. Lack of standardised study designs and data collection protocols  28 

The absence of standardised definitions and measurements and uncertainties about 29 

the applicability and validity of MM assessment tools in African-ancestry populations 30 

must be addressed. Moving forward, it is crucial to establish standardised criteria and 31 
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methods to ensure consistent and accurate identification of MM across populations 1 

and regions while recognising the importance of context-specific assessments. This 2 

should be applied both to study communities that remain unexplored and to all the 3 

different disease clusters.  4 

5. Need to leverage additional data analysis approaches 5 

In addition to traditional statistical approaches to epidemiological research, recent 6 

studies beyond African populations have utilised emerging machine learning (ML) 7 

techniques to understand the complex nature of MM (342,343). These ML techniques 8 

can be categorised into pairwise, probabilistic, factorisation, and temporal methods 9 

(342). Pairwise methods are relatively simple but limited in capturing complex 10 

interactions and multiple co-occurring diseases common in aging populations. 11 

Probabilistic methods, such as Hidden Markov Models, provide an overall view of 12 

disease relationships. Factorisation methods, like non-negative matrix factorisation, 13 

offer interpretability but may struggle with encoding suppressiveness among diseases. 14 

Advanced ML techniques, including deep learning, show promise in unravelling the 15 

complexity of MM (342). These techniques can infer co-occurring diseases, assess 16 

data trustworthiness, identify patterns, analyse longitudinal aspects, integrate multiple 17 

data sources, and provide interpretable insights. Future studies should also consider 18 

employing ML and prediction modelling approaches, building on successful 19 

collaborations between domain experts and ML researchers. 20 

6. Invest in translational research   21 

To comprehensively understand the interplay between MM, the healthcare system and 22 

the cultural/religious context, diverse perspectives must be considered. The gaps 23 

described above, therefore, need to be addressed in the specific milieu of the study 24 

communities and adapted to suit the context, while striving to generate interoperable 25 

data fit for use in comparative studies. Despite it being crucial to explore patients’ 26 

experiences, caregivers’ challenges and clinicians’ perspectives regarding MM in 27 

African-ancestry populations, there is currently limited research in these domains. 28 

Additionally, cultural, and religious beliefs will likely influence perceptions and 29 

behaviours related to MM. Assessing the financial and social costs of MM is also 30 

necessary. This knowledge can inform policy shifts, treatment approaches and clinical 31 

guidelines, leading to improved diagnosis, risk prediction, and treatment strategies. 32 
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4.1.3. Strengths and limitations of this scoping review 1 

This scoping review is the first to summarise the literature on MM prevalence and 2 

patterns in African-ancestry populations worldwide. Dividing studies into continental 3 

and diaspora African-ancestry populations revealed important differences. By involving 4 

a multidisciplinary team of epidemiologists, demographers, clinicians, geneticists, and 5 

data scientists, with representation from multiple African countries, we optimised the 6 

inclusion of relevant studies and ensured cultural sensitivity during the writing process. 7 

However, limitations such as limiting our search strategy to title and abstract only and 8 

assessing open access texts or those available through institutional logins may have 9 

resulted in some literature being excluded. The literature did not lend itself to a 10 

systematic review or meta-analysis and, therefore, we did not perform quality 11 

assessment on the publications using standardised tools. Nevertheless, our results 12 

emphasise the necessity for additional research on MM in African-ancestry populations 13 

and the development of context-specific guidelines for prevention and management 14 

across different geographic locations. 15 

5. CONCLUSION 16 

In reviewing the literature on MM in populations with African-ancestry, we observed 17 

distinct disease clusters and varying effects of social determinants of health on MM. 18 

We provide strong evidence that Black Americans (also referred to as AAs), the most 19 

widely studied African-ancestry group, are not a good proxy for all Africans. 20 

Furthermore, continental African regions and populations are highly diverse in their 21 

health profiles, exposures, and behaviours. To address MM effectively in African-22 

ancestry populations, we identified six research gaps: limited data availability, 23 

inadequate representation, under-represented disease clusters, absence of 24 

standardised study designs and data collection protocols, the need for innovative data 25 

analysis approaches and the need for more translational research. Additionally, 26 

considering the complexities observed among populations, it is crucial to account for 27 

location, resources and environmental context when developing interventions to 28 

mitigate the burden of MM, especially in African-ancestry populations. 29 

  30 
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Section overview 1 

The aim of this thesis was to leverage continental African genomic data to better 2 

understand the value of including genomic data in CVD risk prediction models in 3 

African populations and to evaluate the potential clinical utility of such precision 4 

medicine approaches in Africa. This chapter presents a discussion of the conclusions 5 

and challenges that emerge from this body of work. First, I summarise the four 6 

publications presented in Section 2: Chapters 1 to 4, and then discuss the main themes 7 

that they raise, specifically:  8 

1. Including genetic factors enhances CVD risk prediction models in African 9 

populations; 10 

2. Current data availability and Euro-centric computational approaches limit the 11 

potential of precision medicine in Africa; and  12 

3. Advancing precision medicine in Africa requires context-sensitive, cross-13 

disciplinary collaboration and multistakeholder partnerships. 14 

Second, I outline some key limitations relating to genomic research in African 15 

populations. Finally, I discuss potential directions for future research, including multi-16 

ancestry analysis and validation in external datasets, and end with an overall 17 

conclusion that describes the key take-home messages.  18 

 19 

  20 
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Chapter 1: PUBLICATION SUMMARIES 1 

1.1. Paper 1: Has translational genomics come of age in Africa?  2 

This paper critically evaluates the progress of genomic research in Africa and its 3 

implications for healthcare. It examines whether advancements in African genomics 4 

have effectively translated into improved healthcare for Africans. Bearing in mind the  5 

complexities and context-specific challenges within Africa, five distinct genetic service 6 

models were identified across the continent. Despite the variation in challenges and 7 

the extent of those challenges in different locations,  the review underscores persistent 8 

and common obstacles that genomics encounters in Africa. Obstacles include limited 9 

infrastructure, funding gaps, inadequate numbers of skilled geneticists, and the strain 10 

of multiple disease burdens on healthcare systems. Despite these difficulties, optimism 11 

prevailed among dedicated clinicians and researchers who envision innovative 12 

solutions and technological leaps that could bridge the genetic services gap. We 13 

advocate for a comprehensive approach involving capacity building, dedicated funding, 14 

political support, legislation, public education, and targeted research. We stress the 15 

need for cross-disciplinary collaboration to accelerate genomic integration into the 16 

clinical setting, narrow the genetic services divide, and realise the full potential of 17 

precision healthcare in Africa. 18 

1.2 Paper 2: Ancestry-aligned polygenic risk scores combined with conventional 19 

risk factors improve cardiovascular disease risk stratification in African 20 

populations.  21 

Cardiovascular diseases (CVD) are the leading health burden in Africa and identifying 22 

high-risk individuals using standard risk stratification approaches is challenging. This 23 

study aimed to improve CVD risk stratification by developing and critically evaluating 24 

an integrated CVD risk score designed for African populations by combining traditional 25 

clinical risk factors with genetic risk factors. Using continental African discovery 26 

(APCDR, n=14,126) and target (AWI-Gen, n=10,603) datasets, this study developed 27 

and evaluated the predictive utility of 14 cardiometabolic trait ancestry-aligned PGS for 28 

seven CVD-associated outcomes (CVD, heart attack, stroke, type 2 diabetes, 29 

dyslipidaemia, hypertension, and obesity) in continental African populations. We 30 

investigated whether modelling these PGS into a MultiPGS improved prediction and if 31 
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integrating this MultiPGS with established non-genetic risk factors had greater 1 

predictive utility beyond non-genetic factors alone. Results showed variable prediction 2 

power of PGS within and across cardiometabolic traits, with significant associations 3 

found particularly with dyslipidaemia, hypertension, and obesity. Integrating genetic 4 

data with traditional risk factors offered better prediction than non-genetic models 5 

alone, significantly enhancing CVD risk prediction in African populations. This study 6 

suggests that including population-specific genetic data and conventional risk factors 7 

can improve the accuracy of CVD risk prediction models for African populations. 8 

1.3: Paper 3: Clinicians' Perceptions towards Precision Medicine Tools for 9 

Cardiovascular Disease Risk Stratification in South Africa.  10 

This study delves into the perceptions of South African clinicians regarding the 11 

adoption of precision medicine (PM) for CVD risk stratification. It addresses a gap in 12 

the understanding of healthcare workers’ attitudes towards PM tools in Africa. 13 

Surveying 109 clinicians from Johannesburg's major teaching hospitals, the research 14 

examines clinicians' understanding and knowledge of genetics, their perceptions of 15 

PM-based CVD risk stratification, and their confidence in applying these approaches. 16 

The study also explores barriers to incorporating PM into clinical practice in South 17 

Africa. Despite low familiarity with genetics and PM concepts, clinicians’ expressed 18 

optimism about PM's potential, echoing findings from other regions - the majority (84%) 19 

of clinicians hold positive views on PM approaches. However, confidence in adopting 20 

these approaches varied, particularly among those engaged in CVD risk assessment, 21 

suggesting that integrating genetic risk assessment within existing clinical frameworks 22 

could enhance confidence and facilitate PM adoption. Key barriers identified included 23 

high costs and limited access to genetics services. The study also underscored the 24 

need to address the genetics education gap, suggesting improvements in genetics 25 

curricula and clinical training. The findings emphasised that overcoming these barriers 26 

and fostering clinician confidence is crucial for successful precision medicine 27 

integration in South Africa's public health system. 28 

1.4 Paper 4: Multimorbidity in African ancestry populations: a scoping review  29 

The study conducted a comprehensive review of multimorbidity (MM) in African-30 

ancestry populations, on the continent and in the diaspora. It analysed 232 31 
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publications, (113 studies), the diaspora (100 studies), and both settings (19 studies) 1 

between 2010 and June 2022. Results revealed diverse MM patterns within and 2 

beyond Africa. While both settings frequently assessed cardiovascular and metabolic 3 

diseases, infectious diseases are more prevalent in continental studies. Risk factors 4 

for MM in African-ancestry populations mirror those in European and high-income 5 

countries, including older age, female sex, and lower socioeconomic status. The study 6 

underlines the unique MM patterns in these populations and emphasises the need for 7 

more representative and context-specific research. Six research gaps were identified:  8 

1. Limited data availability,  9 

2. Underrepresentation of populations,  10 

3. Neglected disease areas,  11 

4. Lack of standardised study designs,  12 

5. Innovative data analysis approaches, and  13 

6. Insufficient translational research.  14 

We emphasised the need for inclusive, nuanced research reflecting the heterogeneity 15 

of African-ancestry populations and cautioned against generalising findings from 16 

African American studies to all African-ancestry groups. The study advocated for more 17 

context-specific research methodologies and policies to address the growing MM 18 

burden in these populations. 19 

  20 



 

132 

 

Chapter 2: KEY THEMES IDENTIFIED FROM THIS RESEARCH 1 

Three key themes emanated from this body of work, namely: 2 

1. Genetic information provides independent and complementary information in 3 

CVD risk prediction models 4 

2. Data and computational methods shortfalls hinder the translation of precision 5 

medicine in Africa 6 

3. Advancing Precision Medicine in Africa requires context-sensitive, cross-7 

disciplinary collaboration and multistakeholder partnerships 8 

These themes are contextualised within the key domains of this research, Precision 9 

Medicine in Africa, Cardiovascular Disease, and Clinical Translation (Figure 22). These 10 

themes, and their intersections, will be addressed in the integrated discussion.  11 

 12 
Figure 22: The key themes emanating from this thesis in relation to three key 13 
domains of interest. 14 
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1. Genetic information provides independent and complementary 1 

information in CVD risk prediction models 2 

In our study, we developed novel ancestry-aligned integrated risk scores for various 3 

CVD-associated outcomes (Publication 2) and evaluated their predictive utility in the 4 

African context. Although a limited sample size hindered the development of a risk 5 

score for CVD, we successfully developed predictive models for obesity, hypertension, 6 

dyslipidaemia, and diabetes. However, the variance explained for diabetes was small. 7 

Given that these factors, along with smoking, have been seen to contribute to over 8 

90% of coronary heart disease cases (344), accurately assessing an individual's risk 9 

for these phenotypes may be crucial in preventing cardiovascular morbidities and 10 

mortality, especially in high-risk groups yet to experience a cardiovascular event (14).  11 

Our integrated risk score, inclusive of  genetic information, through PGS and ancestry, 12 

with traditional non-genetic factors demonstrated that incorporating genetic factors 13 

alongside conventional non-genetic factors improves prediction over non-genetic 14 

factors alone. Risk prediction (measured as R2) increased by at least 2.5% across 15 

disease outcomes, and analysis revealed models to be statistically different from each 16 

other, illustrating that genetic information enhances prediction, and provides 17 

independent and complementary information in risk assessment (Publication 2). These 18 

results have several clinical implications. 19 

First, our study shows that integrated models enhance the prediction of CVD-20 

associated outcomes. Current South African guidelines recommend statin 21 

prescriptions for individuals with a 10-year atherosclerotic CVD risk of ≥15% and LDL-22 

C levels above 2.5 mmol/l (25). This risk assessment is based solely on clinical risk 23 

factors. Our findings suggest that including genetic information can lead to more 24 

accurate predictions. Consequently, some patients, who under current guidelines, 25 

would not meet this threshold, may exceed the threshold when their PGS are 26 

incorporated, allowing earlier risk mitigation. Conversely, PGS insights might also 27 

lower some patients' risk below the threshold, thereby delaying screening and reducing 28 

over-medication. However, recommending to withhold screening for low-risk patients 29 

would likely face resistance, at least until clinicians and health systems have greater 30 

confidence in the technology and there is sufficient data on the clinical use of PGS 31 

upon which to formulate guidelines (345). 32 
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Second, we showed that PGS of routinely collected clinical measurements, such as 1 

blood pressure and cholesterol levels, can be predictive of cardiometabolic outcomes 2 

associated with CVD. This finding is particularly useful in the African context as large-3 

scale disease-specific cohorts needed for GWAS and post-GWAS are not readily 4 

available. By using routinely collected standard clinical measurements, prediction 5 

models can be investigated and the use of available data is optimised.  6 

Third, PGS can be simultaneously calculated at any point for various common 7 

diseases, enabling the prediction of lifetime risk early in life and facilitating earlier, more 8 

targeted prevention (15). Commonly used clinical risk estimators for coronary disease 9 

were optimised for use in middle-aged adult populations in historical cohort studies and 10 

consequently underperform in younger populations or individuals of non-European 11 

ancestries (346). Genetic information has a key role to play in risk prediction when 12 

clinical variables do not yet show risk for disease, particularly at younger and middle 13 

ages. Among asymptomatic younger adults, a high CAD PRS was shown to prompt 14 

more intensive earlier efforts for lifestyle modification and potentially earlier statin 15 

initiation (347). The increasing affordability of genotyping furthers the potential of PGS 16 

being adopted at scale, although it is still prohibitively expensive in many LMIC settings 17 

and research is lacking on which SNP arrays would most accurately capture relevant 18 

variants in different African populations (345).  19 

Lastly, our work moved beyond assessing the transferability of risk models derived in 20 

European-ancestry populations to continental African populations but rather developed 21 

ancestry-aligned scores using both base and target data from continental African 22 

populations. This approach confirms that genetic information has value in CVD risk 23 

prediction in African ancestry populations and highlights the effectiveness of scores 24 

specifically tailored to African populations residing in Africa.  25 

While our results are promising, further investigation into the scores and their clinical 26 

application is necessary. The American Heart Association (AHA), recently released a 27 

scientific statement on the use of PGS for CVD and suggested three broad criteria be 28 

considered by health care systems before CVD PGS implementation: (1) efficacy, (2) 29 

harm, and (3) logistics (348).  30 

Addressing the first consideration, efficacy, i.e. predictivity of the PGS in the target 31 
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population, we note that the improvement provided by our risk scores is modest. This 1 

is not necessarily surprising as PGS typically explain only a small fraction of trait or 2 

disease variance. For complex diseases like CVD, the discriminative ability of PGS is 3 

compromised by environmental factors and the imperfect measurement of the full 4 

genetic signal associated with the trait or disease - PGS do not consider rare and 5 

structural variants nor potential gene–gene interactions (51,345). The value of PGS is 6 

correlated to trait heritability and are most effective where heritability is significantly 7 

high. For example, if the heritability of a disease is 2%, indicating a minor genetic basis 8 

for the disease, PGS would be less useful (345). Translating PGS into clinical tools 9 

requires transforming relative risks across the PGS continuum into absolute disease 10 

risks, as having a very ‘high’ PGS, say the 99th percentile, has almost no meaning if 11 

that PGS captures only 1% of variance in disease risk (46). This is even more true if 12 

the prevalence of the disease in the population is low (204).  13 

Defining the clinical benefit of the modest improvements gained from PGS when 14 

applied broadly to diagnostic or treatment regimens is challenging and remains a key 15 

debate amongst field experts (51,349). Few studies have sought to quantify the health 16 

and economic benefits of cardiometabolic PGS (350,351). Sun et al. (2021) (350) 17 

conducted modelling analyses to estimate the number of  lives potentially saved in the 18 

UK by including PGS and revealed that their use could prevent more than 7% of CVD 19 

events than conventional risk factors alone. They also noted that a targeted prevention 20 

strategy would be fifteen times more efficient than a general population-wide approach, 21 

i.e. assessment only among people at intermediate (i.e., 5% to <10%) 10-year CVD 22 

risk compared to screening the entire UK primary care population aged 40–75 years 23 

irrespective of risk (350). A Finnish study found that  conducting coronary heart disease 24 

(CHD) PGS testing is cost-effective, especially when implemented at scale, reducing 25 

the average expected costs for patients aged 45 and older by €2.54 over a 10-year 26 

periodperiod (351). The authors highlight these savings at scale and show that 27 

amongst 100 000 Finnish patients aged 45 plus, approximately 2190 patients would 28 

be eligible for PGS testing, and thus total costs associated with CHD would be 29 

decreased by €254,000 30 

It is also essential to assess the suitability and effectiveness of current interventions 31 

for genetically defined risk groups in managing CVD (64). Given the significant 32 
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heterogeneity of healthcare systems across Africa, it is essential to evaluate the 1 

feasibility of guided treatment and care approaches within specific contexts (205,206). 2 

This evaluation must consider whether awareness of risk, in the absence of adequate 3 

clinical options, might inadvertently cause harm (64).  4 

In the African context, addressing potential harms as per the AHA’s statement, requires 5 

careful consideration of the applicability of PGS across diverse ancestries. Specifically, 6 

the lack of transferability of current largely European-derived PGS models to African 7 

populations, and their subsequent potential to exacerbate global health inequalities 8 

(57,60,200,202). This consideration closely aligns with our second theme; Data and 9 

computational methods shortfalls hinder the translation of precision medicine in Africa.  10 

2. Data and computational methods shortfalls hinder the translation of 11 

precision medicine in Africa.  12 

This theme focuses on the research gaps and the urgent need for context-specific 13 

methodologies in studying health burdens among African-ancestry populations. 14 

African populations have been historically underrepresented in global health and 15 

genetic research (59). Publication 1 and Publication 4 stress the importance of 16 

addressing this gap with research that is tailored to the specific health profiles, genetic 17 

backgrounds, and environmental contexts of these populations, and call for more 18 

inclusive and nuanced research methodologies, emphasising the need for more 19 

localised and representative studies.  20 

The need for locally relevant research stems from the region's diverse demographic 21 

history and genetics. Unlike European-centric studies, the assumption of 22 

homogeneous population structures is unsuitable for Africa, where significant 23 

population mixtures and movements have occurred over thousands of years. Africa is 24 

a genetically diverse continent representing 54 countries with over 3000 ethnic groups 25 

(352). However, much of its genomic data is attributed to Africans living in the diaspora, 26 

which is not an adequate representation of the diverse genome that span the continent,  27 

and they are often admixed populations where individuals have varying degrees of 28 

African ancestry (58,353). Furthermore, Africans live in different environments that can 29 

affect health outcomes through gene-environment interactions. Despite our study 30 

addressing this challenge and deriving ancestry-aligned scores (Publication 2), the 31 
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predictive utility of PGS are not substantially higher to scores developed for similar 1 

outcomes using European GWAS (98,200,354).  2 

Eurocentric bias in genomic research has had widespread consequences on the 3 

development and utility of genomic tools and resources (e.g. databases) resulting in 4 

challenges that need to be addressed (355). Imputation panels are vastly Eurocentric, 5 

limiting representation of the greater haplotypic diversity present in Africans from 6 

deeper recombination history (171,172,185). The most widely available African 7 

sequencing resources have biased representation towards African Americans and 8 

West Africans (97), leaving a large proportion of African diversity undocumented 9 

(58,355). The lack of extensive, accessible reference panels in Africa hinders data 10 

analysis and access. Efforts like the African Genome Variation Project (171) strive to 11 

fill this gap but still lag behind in terms of capturing diversity as resources such as the 12 

1000 Genomes Project for more homogeneous populations. 13 

These issues are exacerbated when assessing individuals who have an admixed multi-14 

ancestry genetic background. In these cases, the individual does not fall within any 15 

single ancestry group and therefore their ‘true’ score is unlikely to be accurate if one 16 

resorted to an averaging of their two or more single-ancestry PGS. Currently, there is 17 

no optimised solution for developing PGS for admixed populations and multiple efforts 18 

are underway to address this imbalance. These limitations highlight the need for more 19 

data from multiple different ancestry groups and the development of methods to 20 

address admixture so that PGS can benefit all people (345). 21 

The lack of accurate PGS in African ancestry individuals may cause barrier to achieve 22 

precise risk stratification which is critical for precision medicine. Coordinated efforts 23 

such as the Polygenic RIsk MEthods in Diverse Populations (PRIMED) (188) aims to 24 

deliver new methods for risk prediction in diverse ancestry and specifically a pan-Africa 25 

initiative—CARdiometabolic Disorders IN African-ancestry PopuLations (CARDINAL) 26 

(356) project which aims to test the performance of PGS in African individuals with 27 

phenotype and genotype data available from H3Africa projects. 28 

As data accumulates and analytical methods are refined, the accuracy and reliability 29 

of scores will improve, possibly reclassifying patients' risk levels and altering screening 30 

and treatment recommendations (51,345). Although individuals with genome-wide 31 
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data already recorded should benefit from these improvements without needing to 1 

provide another sample, these updates pose significant challenges for hospital 2 

systems. Questions remain around who and how the approval, adoption, and 3 

communication of updated versions will occur. Adopting updated scores is a complex 4 

process and will require a standardised system and clinical guidelines to facilitate the 5 

roll out of updated scores (345). As the field is still emerging, there is notable 6 

heterogeneity in the application and reporting of risk scores, which hinders the clinical 7 

translation of PGS (349). Initiatives such as the Polygenic Risk Score Reporting 8 

Standards (PRS-RS) (349) and the publicly accessible Polygenic Score Catalog (357) 9 

aim to aid standardisation, transparency, and reproducibility of PGS.  10 

Risk communication is key for reducing harm. Effort must be made to reduce 11 

misinterpretation or misapplication of PGS information and risk score results due to 12 

clinician knowledge or patient understanding (51). It is also necessary to support 13 

patients and their families with understanding polygenic risk and what this might mean 14 

for their future health as well as the interventions that they may or may not choose to 15 

protect against the risk (345). There are also implications for family members and these 16 

need to be addressed. Effective risk communication strategies are needed to make 17 

this information accessible and comprehensible, ensuring patients are well-informed 18 

without being overwhelmed (358). Excessive details could discourage patients from 19 

undergoing such screenings, impeding the future improvement of PGS and their ability 20 

to identify high-risk individuals (345,358). Current evidence show that the provision of 21 

genetic information alone may improve health-related behaviours, but results are 22 

inconsistent (359,360). Widén and colleagues (2022) (359) showed more than two-23 

fifths of study participants at high risk for ASCVD  took action to reduce their risk during 24 

follow-up, and that both the information on clinical and the genomic risk factors 25 

independently contributed to this behavioural change (359). Still, understanding the 26 

possible harm of providing genetic information (such as increased anxiety), especially 27 

at younger ages, needs to be evaluated.  28 

Closely tied to the AHA’s suggested consideration around logistics is the third theme 29 

emanating from this work, “Advancing Precision Medicine in Africa requires context-30 

sensitive, cross-disciplinary collaboration and multistakeholder partnerships”.   31 
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3. Advancing Precision Medicine in Africa requires context-sensitive, cross-1 

disciplinary collaboration and multistakeholder partnerships.  2 

This theme, highlighted across all publications, delves into the multifaceted challenges 3 

faced in health and genomic research in Africa and translating discoveries into 4 

improved healthcare for Africans. These challenges are rooted in infrastructural 5 

inadequacies, such as limited electricity and poor road access, and extend to funding 6 

gaps and a scarcity of skilled geneticists and healthcare professionals (205).  7 

Although funding and workforce shortages are shared across emerging and 8 

established settings, the scale and impact of these issues differ markedly. In 9 

established settings, substantial funding and political support are available for genomic 10 

research and clinical translation, as evidenced by national initiatives such as Genomics 11 

England in the UK (361) and the All of Us program in the US (362). Also, in these 12 

settings, although there is a greater access to specialised skills (bioinformaticians, 13 

medical scientists, genetic counsellors, clinical geneticists, etc.) substantially more are 14 

needed to scale services. In contrast, less mature settings have limited clinical and 15 

genetic research skills  to establish basic genetic services, let alone provide them at a 16 

population level. Additionally, the strain of high and multiple disease burdens further 17 

complicates the landscape (277).  18 

Publication 1 and Publication 3’s assessment of barriers to genetic service delivery 19 

and the advancement of precision medicine in Africa emphasise the need for context 20 

sensitive, locally relevant research with cross-disciplinary collaborations. Furthermore, 21 

they highlight that to enable the adoption and scaling of translational genomics across 22 

the continent, this research should be supported by substantial investment in upskilling 23 

personnel in the field of genomics and investing in relevant infrastructure (Publication 24 

1 and Publication 3).  25 

Conducting genetic research and the subsequent translation of findings remains 26 

challenging in Africa with numerous infrastructural, funding, and ethical challenges, as 27 

well as methodological and analytical complexities. Genetic services and broader 28 

healthcare infrastructure varies substantially across the continent but remains largely 29 

limited and highly fragmented, with most services restricted to large cities and/or 30 

regional hubs (Publication 1). In addition to being few, laboratory capabilities in the 31 
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region are further constrained by the need to import costly reagents, often facing long 1 

delivery periods. Furthermore, data and knowledge on developing appropriate genetic 2 

diagnostic tests for specific populations in Africa remains limited. The scarcity of 3 

biobanks complicates sample storage and processing. While initiatives like H3ABionet 4 

have advanced bioinformatics infrastructure, issues with internet connectivity and 5 

inadequate computing resources continue to pose significant barriers. Furthermore, 6 

Publication 4 showcased the need for understanding health landscapes and 7 

associated disease patterns at the continental, regional and local level, and that 8 

utilising insights gained from African American populations and other African diaspora 9 

populations are not necessarily applicable to Africans residing on the African continent.   10 

To gather support and promote political will conducting cost-effectiveness studies in 11 

Africa is crucial but challenging due to extensive data requirements, such as using 12 

national electronic health records, which are mostly unavailable across Africa 13 

(205,206). Innovative approaches assessing key cost components - one-off costs of 14 

genotyping (and the associated infrastructure), algorithm development and ongoing 15 

costs such as laboratory and bioinformatics staff - should be explored (348).  16 

Moreover, although clinicians are positive about genetics and precision medicine, and 17 

open to incorporating such in CVD risk assessment (Publication 1 and Publication 3) 18 

in South Africa, the awareness of genetics among healthcare providers and patients is 19 

limited, potentially hindering putative benefits, and exacerbating harms associated with 20 

PGS. This finding is not unique to South Africa, and seen in across several African 21 

countries (175,363). Human resource issues, such as high turnover and brain drain, 22 

exacerbate these difficulties, highlighting an urgent need for stronger support systems 23 

for genetic capacity building in the region (345). 24 

Despite these hurdles, there is a sense of optimism and a push for innovative solutions 25 

(Publication 1). African investigators need to be meaningfully included, as greater 26 

inclusivity and enhanced research capacity afford enormous opportunities to 27 

accelerate genomic discoveries that translate more effectively to all populations. 28 

Proponents of international collaborations argue that working with high income 29 

countries will eventually ensure equity, justice, and benefit to Africans, with capacity 30 

building for genomic research providing immediate benefit for African institutions (364). 31 
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Genetic services must align with the diverse cultural values and traditions of African 1 

communities, and engaging with communities to shape these services is essential.  2 

In short, clinical implementation of precision medicine-based approaches, such as the 3 

integrated CVD risk score, in Africa, will require an active effort to address the gap in 4 

genetic training whilst simultaneously investing in the genomics capacity, including 5 

both skill force and infrastructure (205,365).  6 

Regarding CVDs, and reduced morbidity and mortality on the continent, precision 7 

medicine approaches such as the integrated risk score, still remain only part of the 8 

solution. The majority of CVD events will likely still occur among lower-risk categories 9 

(below intervention thresholds), and therefore to address CVD’s effectively a two-10 

pronged prevention strategy will still be the most effective (366).  Thus, CVD prevention 11 

will include population-based public health strategies aimed at lowering CVD risk, such 12 

as increasing physical activity, improving nutrition, and reducing smoking, as well as 13 

utilising enhanced individual-based screening approaches (17). 14 

  15 
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Chapter 3: STRENGTH, LIMITATIONS, AND FUTURE DIRECTIONS 1 

Our study is unique in that it is the first study to derive PGS for cardiometabolic traits 2 

using both a continental African base and target dataset. This study moved away from 3 

assessing the transferability of European or a multi-ancestry derived scores in 4 

continental African populations, but rather assessed the potential of ancestry-aligned 5 

scores tools to serve continental African populations. Nonetheless, despite the study’s 6 

novelty, there are limitations that should be discussed.  7 

Three key limitations were noted across study objectives: 1. Paucity of data, 8 

2.Eurocentric genomic tools and computational approaches, and 3. Validation 9 

challenges and generalisability of findings. How they relate to two of the studies is 10 

outlined below.  11 

Integrated CVD risk model 12 

Within the integrated modelling component of the work, there was a scarcity of 13 

phenotypic and genomic data relating to CVD among continental Africans, and when 14 

available, cohorts were often cross-sectional and small. Small sample sizes of cross-15 

sectional studies lead to few diagnosed cases  and subsequent limited power to detect 16 

robust associations. Single-risk assessments, rather than longitudinal data, resulted in 17 

PGS and models being derived from prevalent cases. Although AWI-Gen is a 18 

longitudinal cohort, current AWI-Gen data spans only five years and is not yet 19 

available. The unavailability of longitudinal data limited longer-term analysis and 20 

comparative assessments with existing 10-year CVD risk tools. The study also relied 21 

on self-reported data, which could lead to recall bias and misclassification. 22 

Also, although the integrated CVD risk score modelling made use of two datasets 23 

(APCDR and AWI-Gen) - both cohorts are in-depth, genetically informative cohort 24 

studies - and nested cross validation was used, there are limitations to the study, most 25 

of which are shared by other PGS studies. Our  study was restricted to participants 26 

aged 40 to 60 in AWI-Gen and is, therefore, limited by the characteristics of this cohort 27 

and by the lack of additional external datasets for validation. Furthermore, the cohort, 28 

comprising individuals from select African countries (Burkina Faso, Ghana, Kenya, and 29 

South Africa), may not represent the genetic and environmental heterogeneity of wider 30 

African and other super populations (European, Southeast Asian, etc.).  31 
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Additionally, similar to previous studies, we applied our PGS uniformly to all individuals, 1 

regardless of their age, sex, or other relevant factors. Studies have shown that PGS 2 

prediction may vary by sex and age (55), and we note that constructing group-specific 3 

PGSs may further improve predictive power if there were sufficient data for training.  4 

Currently, the greatest hurdle for PGS implementation in the clinic is the relative lack 5 

of validation studies, with very few PGS studies including prospective cohorts to 6 

validate the models developed. The need for validation is two-fold: 1. PGS validation 7 

is required to ensure observed model patterns are accurate to real world data and can 8 

therefore accurately predict an individual’s risk of developing a disease, and 2. 9 

validation of these models is critical to their acceptance by accrediting bodies, 10 

insurance companies, hospital systems, clinicians, and patients.  11 

A further complication, and discussed in Key Themes: Theme 2, Eurocentric 12 

computational tools, including sequencing resources, LD and imputation reference 13 

panels, do not adequately represent the diversity present among African-ancestry 14 

populations (171,172,185); and this is further exacerbated by the bias of African 15 

sequencing resources towards African Americans and West Africans (97). Another 16 

constraint of the performance of PGS in African populations is the reliance on the 17 

HapMap3 variants SNP list by many PGS scoring methods, typically for gains in 18 

computational efficiency. Whilst this may not lead to substantial reduced performance 19 

in European populations, research has shown that the HapMap3 variants can be worse 20 

at capturing variation within African populations (200).  Further research expanding the 21 

SNP lists used in polygenic scoring to better capture this variance should be explored  22 

Given the limited sample sizes of continental African cohorts and the development of 23 

improved multi-ancestry computational approaches such as BridgePRS and PRS-CSx 24 

(61,62,200,346), it would be of interest to meta-analyse GWAS summary statistics 25 

from diverse ancestries. Specifically, including the AWI-Gen and APCDR cohorts to 26 

boost representation from African ancestry cohorts, which traditionally relies on largely 27 

African Americans. Predictive utility may be enhanced due the large sample sizes of 28 

European ancestry-derived contributing to a boost in power. An alternate approach 29 

may also involve including European-ancestry derived PGS for cardiometabolic traits 30 

as predictors in the elastic net models.  31 
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Clinician perception survey 1 

The clinician perceptions work sheds light on an under-researched area of South 2 

African healthcare and contributes to a greater understanding of what will be required 3 

to successfully implement PM in South Africa, and potentially other resource-4 

constrained environments. The study was novel in that it included a compulsory 5 

educational video before responding to the questionnaire to provide context and some 6 

exposure to precision medicine. The decision to include a video was two-fold, 1. to 7 

ensure a baseline understanding amongst participants; and 2. to aid recruitment; each 8 

described below:  9 

1. Given that our target population included clinicians from a variety of medical 10 

specialties, with varying experience, and graduated from different 11 

institutions, the video aimed to ensure an awareness of baseline 12 

understanding of key concepts and definitions necessary for completing the 13 

questionnaire. 14 

2. Recruiting clinicians during the COVID-19 pandemic was particularly 15 

challenging. Recruitment through mailing list survey invitations was 16 

extremely low. To address this, and with ethical approval, we connected with 17 

clinicians during their weekly compulsory academic meetings as this 18 

approach ensured that completing the survey did not encroach on their 19 

clinical time. Presenting at these meetings required incorporating a training 20 

element such as the video. 21 

However, we are aware that the use of the video as well the  use of online convenience 22 

sampling strategies there is potential for recruitment and responder bias which may 23 

have skewed results (245). Ways in which the influence of the video could be assessed 24 

include conducting  25 

1. A control group comparison, a group of participants that do not watch the 26 

video. Responses could then be compared to those who viewed the video 27 

and any potential differences that may be attributed to the video content 28 

identified.  29 
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2. A pre- and post-video assessment could provide quantitative  data on the 1 

effectiveness of the video in conveying the key messages and any potential 2 

bias it may introduce.  3 

3. Focus groups or interviews could also be used to gather feedback into how 4 

the video’s information was perceived and how it may have influenced 5 

participants’ thinking and response strategies.  6 

4. Statistical techniques, such as covariance analysis, could also be used to 7 

analyse questionnaire responses and identify inconsistencies that may point 8 

to the video's influence. 9 

Closely related to this is that although the survey was built upon previously validated 10 

tools, the specific instrument used in this study was not evaluated for reliability and 11 

validity. Moreover, although the questionnaire was developed with substantial input 12 

from local clinical and field experts, was piloted with individuals similar to the target 13 

population, and the results obtained are intuitively sensible and align with literature 14 

trends, further evaluation of questionnaire validity should be explored. Additional 15 

methods that could be explored in future research include conducting interviews with 16 

a subset of the target population to ensure accurate question interpretation. Also, using 17 

reliability testing methods, such as test-retest reliability and Cronbach’s Alpha, to 18 

ensure questionnaire consistency and dependability. 19 

Assessment of the clinician perceptions of the integrated risk score was restricted to 20 

large, relatively well-funded urban medical centres in Johannesburg. Consequently, 21 

respondents in this study are unlikely to be representative of health professionals 22 

across South Africa, and other African countries.  23 

Furthermore, restricting responses to specialists at tertiary hospitals resulted in no 24 

input from primary care physicians. Primary care provision is the foundation of care in 25 

South Africa, serving most communities, and where CVD risk stratification could have 26 

the greatest benefit [59,60,61]. Primary care physicians are best positioned to 27 

implement preventative strategies and inform and educate patients about lifestyle 28 

modification and new and innovative technologies. However, given that disparities in 29 

genetics training and resource availability can significantly impact clinicians' 30 

perceptions (218,219,221), as primary care practitioners may have less exposure to 31 

specialised training and research responsibilities as compared to those within tertiary 32 
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institutions, and limited access to advanced diagnostic tools and specialised 1 

knowledge, their comfort and familiarity with new approaches may be negatively 2 

impacted. Nonetheless, additional studies should be undertaken to understand the 3 

perceptions of these physicians as they may have a greater understanding of the 4 

practical challenges involved in implementing precision medicine on a larger scale in 5 

South Africa. Perceptions from  other  stakeholders including patients, policy makers, 6 

payors, and governments are also critical. 7 

  8 
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Chapter 4: OVERARCHING CONCLUSION  1 

This research shows the value of integrating genetic and non-genetic factors to 2 

enhance CVD risk prediction in African populations. Ancestry-aligned integrated risk 3 

scores for CVD-associated diseases that include polygenic risk scores of 4 

cardiometabolic biomarkers outperform scores containing non-genetic factors alone. 5 

Ancestry is a substantial contributor to variance in CVD prediction models, and its 6 

effective modelling suggests a promising direction for model refinement. These 7 

integrated scores provide an opportunity for earlier, more accurate, and personalised 8 

risk assessment, leading to more effective prevention and treatment strategies among 9 

populations of African ancestry. 10 

Complementing these findings, this body of work reveals that implementing precision 11 

medicine in Africa is a possibility but faces substantial challenges. The research 12 

underscores a broader narrative of the need for a shift in health and genetic research 13 

on the continent. This shift recognises that simply applying health and genomic insights 14 

derived from European and African diaspora populations may exacerbate health 15 

disparities and are insufficient proxies for continental Africans due to vast variations in 16 

genetics, exposures, behaviours, social determinants of health, and healthcare 17 

settings.  18 

The integration of genomic research into healthcare requires a more inclusive, context-19 

sensitive, and locally informed approach that acknowledges and leverages the unique 20 

genetic diversity, healthcare challenges, and socio-cultural contexts of African 21 

populations. Improving access to large, longitudinal continental African datasets is 22 

crucial for refining CVD prediction models, and precision medicine approaches for 23 

other diseases. There is also a need to consider the multiple health burdens in Africa 24 

and recognise that individuals may be afflicted with multiple conditions thus multiple 25 

and inter-connected treatment strategies might be needed.  26 

Additional challenges include addressing the currently limited genetic services capacity 27 

and bridging gaps in genomics knowledge and awareness among clinicians and 28 

patients. As Africa develops its genetic capacity, with the simultaneous increase in 29 

African cohorts and decrease in genetic test costs, future CVD risk tools and precision 30 
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medicine in general would be enhanced and have the potential to reduce the heavy 1 

burden of CVDs across the continent.  2 

  3 
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APPENDIX B: INFORMATION AND CONSENT SHEETS 1 

1. AWI-Gen Informa�on Sheet 2 

 

AWI-Gen H3Africa 
Genomic and Environmental Risk Factors for Cardiometabolic Disease in 

Africans 

 3 

Trait Association Study Component 4 
 5 

INFORMATION SHEET 6 
 7 

Consenting around the Wits-INDEPTH Partnership project funded through the Human 8 
Heredity and Health in Africa Initiative 9 

Collection of blood samples for DNA extraction, storage and genomic studies related to 10 
studies to traits and disease risk and disease, and urine collection for metabolic studies 11 

Dear Potential Participant, 12 

We are a group of scientists from the University of the Witwatersrand who are working in 13 
partnership with other scientists across four countries, Ghana, Burkina Faso, Kenya and 14 
South Africa, to understand the risk for developing obesity, diabetes, high blood pressure 15 
and other diseases. The main aim of our study is to understand how inherited differences 16 
(traits that we get from our parents) influence our health. In order to clearly understand this 17 
we first need to understand the differences between people in specific regions of Africa. We 18 
call this population structure. Populations are different because of their history (for example, 19 
migration and mixing between populations) but also because of their environment (if an 20 
inherited change gives the person a health advantage, then people with that change will be 21 
more likely to survive and pass the change on to their children).   22 

We would like to invite you to take part in our study. In order to take part, you need to agree 23 
to provide a sample of blood, and a urine sample and to have various measurements done 24 
on your body and to complete a list of questions related to your health and your life and your 25 
environment. You also need to give us permission to use the genetic material (DNA) we get 26 
out of your blood for the specific studies to understand population history, your exposure to 27 
your environment, your health, your body shape and your risk for developing disease. To do 28 
this we break open the cells in the blood to release the DNA (this stands for deoxyribonucleic 29 
acid). The DNA contains information to program the development of your body and when 30 
something goes wrong with the DNA, this can lead to specific diseases. 31 

Once we have collected the blood sample (27 ml in 5 tubes - the equivalent of less than two 32 
tablespoons) we will give it a code and this code will be used to identify your sample during 33 
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the study. The information that links your name to your code will be safely stored and will not 1 
be used in the study. 2 

Taking a blood sample from a vein in your arm may cause a little discomfort and a little pain. 3 
This procedure will be done by a qualified nurse, phlebotomist or doctor. 4 

Once the DNA has been taken out of your blood it will be stored in a safe place at the local 5 
Research Institution and at the Sydney Brenner Institute for Molecular Bioscience at the 6 
University of the Witwatersrand. A small part of the DNA will also be stored in an H3Africa 7 
Biobank. There will be strict control about who may use the samples. 8 

From the studies we will be able to reconstruct some of the past history of the group of 9 
people who have donated samples to the study. It will tell us if at some time in the past 10 
different populations have mixed and also if there was some factor which led to the selection 11 
of specific changes in the DNA. 12 

If at some future date we realise there are other studies that we would like to carry out on 13 
your DNA samples, such tests would only be performed if permission is given to us by the 14 
Human Research Ethics Committee of the University of the Witwatersrand on your behalf. As 15 
stated above, no one will know your identity as your sample will be identified by a code. This 16 
study may go one for many years (over 5 years) in order to fully understand the connection 17 
between DNA changes and the way you look and your possible health.  18 

Your Participation is voluntary, and if you wish not to participate there is no penalty or loss of 19 
benefits in any way. You may discontinue participation in this study at any time without 20 
penalty or loss of benefits and your DNA sample will be destroyed and your data removed 21 
from the database. 22 

Measurements 23 

Your blood pressure, weight, height, waist and hip circumference will be measured. This will 24 
take about 10 minutes. 25 

Ultra sound Scans 26 

An ultra sound scan to measure the internal fat in your body will be done. An ultrasound scan 27 
uses high frequency sound waves to take pictures of the body.  This is not an invasive 28 
procedure, will cause you no pain and is perfectly safe. The actual procedure should not take 29 
more than 10 minutes 30 

cIMT(Carotid Intima Media Thickness) 31 

This measurement will be done by a trained technician. It is almost the same as the 32 
ultrasound procedure above. You will lie on a flat bed and the technician will gently pass a 33 
small hand held instrument up and down your neck. This small instrument will measure if the 34 
arteries leading to your brain are healthy. This is not an invasive procedure and the actual 35 
procedure should not take more than 20 minutes. 36 

Questionnaires 37 
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We will ask you to complete one questionnaire. We will fill in the answers for you. You can 1 
skip any question that makes you uncomfortable. Answering these questionnaires should 2 
take approximately twenty minutes.  3 

HIV rapid test 4 

The rapid HIV test is a completely voluntary, antibody test which will enable you to know 5 
your HIV status; positive or negative.  If you decide to have this test, you will be given pre-test 6 
counseling by a fully trained registered counsellor and asked to fill in a separate consent form. 7 
This test is always strictly confidential and can only happen if you agree. There is no way in 8 
which anyone can link your HIV status to you name as all results in this study are coded with 9 
a number. No-one including your doctor, family, or work colleagues will be told about this test 10 
without your permission. The advantage of a rapid test is that you do not have to return to get 11 
your test result. Results will be available when your check out, after all the other tests, 12 
measurements and questionnaires are completed.  13 

You will have your finger pricked with a sterile needle and the drop of blood will be tested on 14 
specific HIV testing kits to check for HIV antibodies. Test results will be given to you in private 15 
when you check out today by a registered trained counsellor. If the report states negative it 16 
means that there are no antibodies to HIV. The window period will be explained. If the report 17 
states positive, it means that you are HIV positive and that there are antibodies to HIV. You 18 
will be given a letter to refer you to a clinic specialising in HIV treatment and you will be given 19 
a second test at the clinic to confirm this result.  Sometimes we cannot clearly tell if the results 20 
are negative or positive. We will then refer you to a clinic specialising in HIV treatment and you 21 
will be given a second test at the clinic to confirm this result. 22 

Urine sample 23 

You will be requested to donate a small urine sample (20ml) as instructed by the field worker 24 
in a clean toilet facility. This will be used to test if your kidneys are working well. 25 

Phenotype and DNA sample data management 26 

The scientists who do the research will generate information (data) which will be placed in 27 
databases. Some of the information in the databases will be shared with other scientists, 28 
possibly around the world. These scientists will not have access to your name and therefore 29 
the information will not be linked back to you. It is possible that we may send small amounts 30 
of the DNA out of the country where tests will be done that we cannot easily do in South 31 
Africa, but that would give us valuable information for our studies. All findings from this study 32 
will be reported for the group and so no other persons will know the results for the single 33 
individual. 34 

Benefits 35 

The discoveries that come from the studies on your DNA will not be of direct benefit to you 36 
and will not be communicated back to you. The discoveries may lead to information that will 37 
help us in the future to diagnose disease, understand who is most likely to get ill and how 38 
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different people behave when they are given medication.  The DNA belongs to you and we 1 
are the keepers of the DNA. You may withdraw your sample at any time. 2 

Risks 3 

Since the DNA of every person is different, it is possible that if someone tested your blood 4 
and compared it to the data in the databases, they could conclude that the two samples 5 
come from the same person.  6 

Should you require further information or wish to withdraw from the study, you may contact 7 
us at: 8 

Project coordinator:  9 
 10 
Professor Michele Ramsay 11 
Division of Human Genetics 12 
NHLS 13 
PO Box 1038 14 
Johannesburg 15 
2000 16 
Tel: 011 489 9214 17 
Michele.ramsay@nhls.ac.za 18 
(Will also provide project co-ordinator details) 19 

 20 

Ethics approval certificate number: 21 
Institution: 22 
Date issued: 23 

 24 

  25 
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2. AWI-Gen Informed Consent 1 

 2 
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3. Clinician survey Invita�on Leter 1 

Good day, 2 

RE: CPD accredited survey: Utility of precision medicine approaches in South Africa 3 

My name is Michelle Kamp, and I am a PhD student of Prof Michèle Ramsay in the Division of Human 4 
Genetics and the Sydney Brenner Institute of Molecular Bioscience (SBIMB), Faculty of Health 5 
Sciences, Wits University. 6 

Our research study, The development and value assessment of a precision medicine-based 7 
cardiovascular disease risk score in a South African setting, aims to develop and critically assess the 8 
value of a cardiovascular disease risk stratification score that assesses both the genetic and 9 
behavioural risk factors for cardiovascular disease in a South African setting. 10 

 As physicians are critical to the effective implementation of precision medicine, we invite you to 11 
participate in a survey assessing Physicians' perceptions of incorporating a precision medicine-based 12 
cardiovascular disease risk stratification approach in South Africa. The survey will take approximately 13 
30 minutes to complete and can be found via the link below: 14 

Survey link: https://redcap.link/precision_medicine_south_africa 15 

A 15-minute educational video linked to the survey will provide an introduction to precision 16 
medicine, risk stratification, and polygenic risk scores and discusses the clinical utility of precision 17 
medicine-based approaches.   18 

Given that this activity contributes to your further education and provides an opportunity to critically 19 
assess novel treatment approaches that are relevant to current practice, 1 Continued Professional 20 
Development (CPD) point will be awarded for your participation. 21 

The insights generated from the questionnaire responses will not be of direct benefit to you and will 22 
not be communicated back to you. However, the results may lead to important information that may 23 
help the future effective implementation of cardiovascular disease risk stratification programmes or 24 
other genomic-based interventions in South Africa. The results of this survey will be published in a 25 
peer-review journal. 26 

You may withdraw at any time, up to the point of submitting your answers, or not answer any 27 
question if you do not want to. The survey completed by you will remain confidential. All identifying 28 
information, and the information you give will be held securely and not be disclosed to anyone else. 29 

Please note that the survey is restricted to physicians, and to those whose primary affiliation is at 30 
one of the following four academic hospitals: 31 

• Chris Hani Baragwanath Hospital, 32 
• Charlotte Maxeke Hospital, 33 
• Helen Joseph Hospital, 34 
• Rahima Moosa Mother and Child Hospital 35 
 36 



 

192 

 

Should you require further information or wish to withdraw from the study, you may contact us at: 1 

 2 

Project Principal Investigator: 3 

Michelle Kamp 4 
SBIMB 5 
9 Jubilee Road 6 
Parktown, Johannesburg 7 
Tel: 011 717 6635 8 
Email: michelleukamp@gmail.com 9 
  10 

Project Supervisor 11 

Prof. Michèle Ramsay 12 
SBIMB 13 
9 Jubilee Road 14 
Parktown, Johannesburg 15 
Tel: 011 717 6635 16 
Email: Michele.ramsay@wits.ac.za 17 

This study was approved by the Human Research Ethics Committee (Medical) of the University of the 18 
Witwatersrand, Johannesburg in June 2021, Ethics approval certificate number: M210355 19 

If you have any concerns or complaints regarding the ethical procedures of this study, please contact 20 
the Committee Chairperson, Professor Clement Penny, telephone +27 (0) 11 717 2301, e-mail 21 
Clement.Penny@wits.ac.za.  The telephone numbers for the Committee secretariat are +27 (0) 11 22 
717 2700/1234 and the e-mail addresses are Zanele.Ndlovu@wits.ac.za and 23 
Rhulani.Mukansi@wits.ac.za 24 

 25 

Yours sincerely, 26 

Ms Michelle Kamp 27 

 28 

 29 

 30 

 31 

 32 

 33 

 34 

 35 
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4. Clinician survey Informa�on Sheet 1 

 2 

ELECTRONIC STUDY INFORMATION DOCUMENT 3 
 4 

Study title: The development and value assessment of a precision medicine-based cardiovascular 5 
disease risk score in a South African setting 6 

 7 
Dear Potential Participant,  8 
 9 
My name is Michelle Kamp, and I am a PhD student in the Division of Human Genetics and the 10 
Sydney Brenner Institute of Molecular Bioscience (SBIMB), Faculty of Health Sciences, University of 11 
the Witwatersrand in Johannesburg, South Africa. I would like to invite you to participate in our 12 
research study.  13 
 14 
This Information sheet will provide you with details about the informed consent that is required if 15 
you are willing to participate in this study. It also describes how we will collect, use and store the 16 
information you will provide if you agree to be part of the study.  17 
 18 
This study is nested within a larger study, the Africa Wits-INDEPTH partnership for Genomic Studies 19 
(AWI-Gen), which aims to study the genetic and environmental factors that contribute to 20 
cardiometabolic disease in African populations.  21 
 22 
The PhD study specifically aims develop and critically assess the value of a cardiovascular disease risk 23 
stratification score that assesses both the genetic and behavioural risk factors for cardiovascular 24 
disease in a South African setting. A key component in assessing the value of the risk stratification 25 
score is understanding its potential clinical utility.  26 
 27 
The score’s clinical utility will be explored quantitatively using an electronic survey administered to 28 
physicians currently posted at one of the following four public academic hospitals in Johannesburg: 29 
Chris Hani Baragwanath Hospital, Charlotte Maxeke Hospital, Helen Joseph Hospital, and the Rahima 30 
Moosa Mother and Child Hospital.  31 
 32 
The purpose of the questionnaire is two-fold. Firstly, to better understand clinicians’ current 33 
perceptions of a CVD risk stratification score that assess both genetic and environmental risk, and 34 
secondly, to identify and the potential barriers to the adoption of such a tool in the South African 35 
public healthcare setting.  36 
 37 
Your Study Code  38 
If you agree to participate in this study, you will be given a unique Study Code. This Study Code will 39 
be used to label all the information you provide us and to ensure that this information remains 40 
anonymous. It is important to understand that the database used to store the information that you 41 
provide us will not include your name, identity number of date of birth or other personally 42 
identifiable information, and therefore the information cannot be linked back to you.  43 
 44 
Questionnaire  45 
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A weblink will be sent to you via email requesting you to complete an online questionnaire. You can 1 
skip any question that makes you uncomfortable. The questionnaire may be broken up into several 2 
short sessions and should take approximately 45 minutes in total to complete.  3 
 4 
Where will your information (data) be used and stored? 5 
The questionnaire responses (data) will be placed and stored in a database located at the University 6 
of the Witwatersrand. The information in the database will not be shared with scientists not related 7 
to this specific study. 8 
Your data will be password protected to prevent unauthorized access and will not contain any 9 
personal information that you have provided us that could allow you to be identified, such as your 10 
name, identity number, or date of birth. 11 
Your right to withdraw from the study 12 
Your participation is completely voluntary, and if you wish not to participate then there is no penalty 13 
or loss of benefits in any way. 14 
 15 
Benefits 16 
As the electronic questionnaire will include educational materials, specifically a video providing 17 
information on genetics, precision medicine, polygenic risk scores, disease risk stratification and 18 
complex diseases, the completion of the questionnaire will contribute one Continued Professional 19 
Development (CPD) point, please provide your HPCSA number in the survey where directed. 20 
The insights generated from the questionnaire responses will not be of direct benefit to you and will 21 
not be communicated back to you. However, the results may lead to important information that may 22 
help the future effective implementation of cardiovascular disease risk stratification programmes or 23 
other genomic-based interventions in the South African public health setting. 24 
 25 
Risks 26 
There are no risks associated with this study. 27 
 28 
What will happen when the study is over? 29 
We plan to publish the results in a scientific journal. As the data will be anonymized and the results 30 
aggregated, your name will not be used in any publication of the results. 31 
 32 
Thank you for reading this Study Information Sheet. 33 
 34 
Should you require further information or wish to withdraw from the study, you may contact us at: 35 
 36 
Project Principal Investigator: 37 
Michelle Kamp 38 
SBIMB 39 
9 Jubilee Road 40 
Parktown, Johannesburg 41 
Tel: 011 717 6635 42 
Email: michelleukamp@gmail.com  43 
 44 
Project Supervisor 45 
Prof. Michèle Ramsay 46 
SBIMB 47 
9 Jubilee Road 48 
Parktown, Johannesburg 49 
Tel: 011 717 6635 50 
Email: Michele.ramsay@wits.ac.za 51 

mailto:michelleukamp@gmail.com
mailto:Michele.ramsay@wits.ac.za
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Contact details of HREC administrator and chair:  1 
This study has been approved by the Human Research Ethics Committee (Medical) of the University 2 
of the Witwatersrand, Johannesburg (“Committee”). A principal function of this Committee is to 3 
safeguard the rights and dignity of all human subjects who agree to participate in a research project 4 
and the integrity of the research.  5 
 6 
If you have any concern over the way the study is being conducted, please contact the Chairperson of 7 
this Committee who is Professor Clement Penny, who may be contacted on telephone number +27 8 
(0) 11 717 2301, or by e-mail on Clement.Penny@wits.ac.za. The telephone numbers for the 9 
Committee secretariat are +27 (0) 11 717 2700/1234 and the e-mail addresses are 10 
Zanele.Ndlovu@wits.ac.za and Rhulani.Mukansi@wits.ac.za  11 
 12 
Ethics approval certificate number: M210355  13 
Institution: University of the Witwatersrand, Johannesburg  14 
Date issued: 10/06/2021 15 

  16 
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5. Clinician survey Informed Consent 1 

 2 

  3 
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APPENDIX C: ETHICS CLEARANCE CERTIFICATES 1 

1. PhD study Ethics Clearance Cer�ficate 2 

 3 

 4 

5 
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2. AWI-Gen study Ethics Clearance Cer�ficate 1 

AWI-Gen Phase 1 (2012) 2 

 3 
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3. AWI-Gen Phase 1 renewal (2017) 1 

 2 

 3 

 4 
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4. AWI-Gen Phase 1 and Phase 2 combined renewal (2022) 1 

 2 

 3 
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 1 

 2 
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6. Clinician survey Ethics Clearance Cer�ficate 1 

 2 

 3 
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7. Clinician survey Ethics Amendment 1 

 2 

  3 
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APPENDIX D: CVD RISK CALCULATORS  1 

Most guidelines rely on the use of a prediction model for the management and 2 

prevention of CVD. However, there is no single tool recommended for use. Available 3 

risk tools differ in their end points and the risk factors they consider in the risk 4 

prediction. 5 

Table 1: Established risk calculators for Cardiovascular Disease  6 

Model  Prediction  Risk factors  Outcome  Population  Guidelines  
ASSIGN  10-year risk 

estimate for CVD  
Age, sex, TC, SBP, 
HDL, smoking, 
diabetes status, 
family history of 
myocardial 
infarction, area-
based 
deprivation 
index  

Fatal and non-
fatal CVD events  

European (UK)  Scottish 
Intercollegiate 
Guidelines 
Network  
http://www.assign
-score.com/  

Framingham  Risk estimate for 
CVD (or 
component of 
CVD) over a fixed 
time or lifetime  

Age, sex, TC, SBP, 
HDL, smoking, 
diabetes status  

Fatal and non-
fatal CVD events: 
CHD, myocardial 
infarction & 
stroke  

European 
(Australia, USA, 
South Africa)  

Australian 
Guidelines for 
the management 
of absolute CVD 
risk  
ACA/AHA 
Guidelines on 
the Primary 
Prevention of 
CVD  
https://www.frami
nghamheartstudy.
org/fhs-about/  

Pooled Cohort 
Risk Equations 
(PCE)  

10-year absolute 
risk estimate  
for 
Atherosclerotic 
Cardiovascular 
Disease  

Age, sex, 
ethnicity, TC, 
HDL, SBP, 
smoking, 
diabetes status, 
use of 
antihypertensive 
medication  

Non-fatal 
myocardial 
infarction, non-
fatal stroke & 
fatal CVD event  

European (USA)  
African- 
American  

ACA/AHA 
Guideline on the 
Primary 
Prevention of 
CVD  
http://tools.acc.or
g/ASCVD-Risk-
Estimator-
Plus/#!/calculate/e
stimate/  

QRISK3  10-year risk 
estimate for 
CVD in women 
and men  

QRISK2 +  
Chronic kidney 
disease (stage 
3), SBP, 
migraine, 
corticosteroids, 
systemic lupus 
erythematosus, 
atypical 
antipsychotics, 
severe mental 

Fatal CVD  European (UK)  NICE Guideline: 
CVD risk 
assessment & 
the 
modification of 
blood lipids for 
the primary & 
secondary 
prevention of 
CVD  



 

205 

 

illness, erectile 
dysfunction  

PHE NHS 
Health Check: 
best practice 
guidance  
https://qrisk.org/  

Reynolds  10-year risk 
estimate for 
CVD  
(targeted to 
people without 
diabetes or 
previous CVD)  

Age, smoking, 
SBP, TC, HDL, 
hsCRP, family 
history of 
myocardial 
infarction 
(<60), HgBA1c 
(women only)  

Acute 
myocardial 
infarction, CVD 
death 
(ischemic) or 
revascularizatio
n treatment  
(coronary),  

European (USA)  2019 ACC/AHA 
Guideline on 
the Primary 
Prevention of 
Cardiovascular 
Disease: A 
Report of the 
ACC/AHA Task 
Force on 
Clinical Practice 
Guidelines  
http://www.reynol
dsriskscore.org/  

Systematic 
Coronary Risk 
Evaluation 
(SCORE) 
algorithm  

10-year risk 
estimate for 
CVD mortality  

Age (used as a 
temporal 
variable), TC, 
TC/HDL ratio, 
SBP, smoking  

Fatal CHD, CVD, 
and non-CVD 
(congestive 
heart failure, 
peripheral 
vascular 
disease)  

European 
(European)  

ESC Guidelines 
for the 
diagnosis and 
treatment of 
acute and 
chronic heart 
failure  
http://www.hearts
core.org/en_GB  

ACA – American College of Cardiology, AHA – American Heart Association, ESC –1 
European Society of Cardiology, HDL – High density lipoprotein, NHS – National 2 
Health Service (UK), PHE – Public Health England SBP – Systolic blood pressure, 3 
TC – Total cholesterol  4 
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APPENDIX E: FRAMINGHAM RISK FACTOR WEIGHTINGS 1 

The factors of the Framingham risk stratification model for CVD utilises seven risk 2 

factors. The factors by which risk factor is multiplied (by sex) is in Table 5.  3 

Table 2: Factor associated with each CVD risk factor (by sex) for the 4 
Framingham 10 Year Risk of General Cardiovascular Disease  5 

Factor  Female  Male  
Age  2.32888  3.06117  
Total cholesterol  1.20904  1.12370  
HDL  -0.70833  -0.93263  
Non-treated SBP  2.76157  1.93303  
Treated SBP  2.82263  1.99881  
Smoker  0.052873  0.65451  
Diabetes  0.69154  0.57367  

  6 
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APPENDIX F: PUBLICATION SUPPLEMENTARY MATERIALS 1 

Publication 1: no supplementary materials 2 

Publication 2: supplementary materials 3 

S1. GWAS Catalog study assession numbers 4 

Study assession number Reported trait Sample  Ancestry 

GCST009042 Total cholesterol levels 14 126 Sub-Saharan African 

GCST009043 LDL cholesterol levels 14 126 Sub-Saharan African 

GCST009044 HDL cholesterol levels 14 126 Sub-Saharan African 

GCST009045 Triglyceride levels 14 126 Sub-Saharan African 

GCST009048 Serum albumin levels 14 126 Sub-Saharan African 

GCST009051 Bilirubin levels 14 126 Sub-Saharan African 

GCST009052 Diastolic blood pressure 14 126 Sub-Saharan African 

GCST009053 Systolic blood pressure 14 126 Sub-Saharan African 

GCST009055 Height 14 126 Sub-Saharan African 

GCST009056 Weight 14 126 Sub-Saharan African 

GCST009057 Body mass index 14 126 Sub-Saharan African 

GCST009058 Waist circumference 14 126 Sub-Saharan African 

GCST009059 Hip circumference 14 126 Sub-Saharan African 

GCST009060 Waist-hip ra�o 14 126 Sub-Saharan African 

 5 

  6 
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S2. Non gene�c factor defini�ons 1 

Dietary factors that represent key behaviours related to lifestyle were explored using a 2 

series of questions guided by the WHO Steps Instrument about the consumption of 3 

fruit and vegetables, vendor-supplied meals, bread, and sugar-sweetened drinks 4 

including fruit juice. 5 

Current smoking status was obtained from “Yes”, “No” responses to the following 6 

question, “Do you currently smoke tobacco?”. Similarly, alcohol consumption status 7 

was determined from “Yes”, “No” responses to the following question “Are you a current 8 

alcohol consumer?”  Those who preferred not to answer or did not know, were 9 

excluded.  10 

 The Global Physical Activity Questionnaire (GPAQ) was used to obtain self-reported 11 

physical activity. Total moderate-vigorous physical activity (MVPA) in minutes per week 12 

was calculated from the accumulation of occupation, travel-related and leisure time 13 

physical activity. Sitting time (minutes/week) is used as a proxy for sedentary behaviour 14 

(Ref).. 15 

The maximum observa�ons for each non-gene�c factor per site is shown in  16 

  

Agincourt 
(N = 2486) 

Dikgale 
(N = 1399) 

Nairobi 
(N = 2003) 

Nanoro 
(N = 2097) 

Navrongo 
(N = 2016) 

Total 
(N = 10001) 

 
Age 2486 1399 2003 2097 2016 10001  

Sex 2486 1399 2003 2097 2016 10001  

Smoking 2486 1399 2002 2096 2014 9997  

Alcohol 2486 1397 2001 2095 2012 9991  

Sugardrinks 2465 1398 2003 2090 2015 9971  

Juice 2470 1397 2002 2078 2015 9962  

Sleep per night 2386 1396 1997 2089 1978 9846  

Physical activity 2469 1393 2000 2097 1995 9954  

Fruit per week 2467 1398 2003 2090 2016 9974  

Veg per week 2374 1397 2003 1627 2016 9417  

Bread per week 2266 1397 2003 745 2015 8426  

 17 

 18 



 

209 

 

S3. Disease outcome defini�ons 1 

CVD was defined as present if the participant reported having had a heart attack, 2 

stroke, or transient ischaemic attack. Participants previously diagnosed with 3 

congestive heart failure or angina were also classified as having CVD. No data were 4 

available for angina or heart attack prevalence for the Soweto men, so CVD prevalence 5 

was calculated using the remaining data. 6 

Diabetes was defined using the WHO criteria, which are the presence of a previous 7 

diagnosis of diabetes by a healthcare professional or fasting blood glucose≥7 mmol/L 8 

or random glucose≥11.1 mmol/L, or on diabetes medication at the time of recruitment. 9 

Dyslipidaemia was defined as the presence of one of the following: total cholesterol 10 

(TC)≥5.0 mmol/L, or high-density lipoprotein cholesterol (HDL-C)<1.0 mmol/L for men 11 

and <1.3 mmol/L for women, or low-density lipoprotein cholesterol (LDL-C) ≥3. 12 

0 mmol/L, or triglycerides (TG)≥1.7 mmol/L. The Randox Daytona Plus (Randox 13 

Laboratories, UK) autoanalyser was used to analyse HDL-C, TG and TC on fasting 14 

venous blood samples. LDL-C was calculated using the Friedewald equation. 15 

Hypertension was defined as systolic blood pressure≥140 mm Hg and/or diastolic 16 

blood pressure≥90 mm Hg, in line with the seventh report of the Joint National 17 

Committee on Prevention, Detection, Evaluation, and Treatment of High Blood 18 

Pressure, or if the participant was taking hypertension medication. 19 

Obesity was defined as having a Body Mass Index (BMI) of 30 kg/m² or higher, in 20 

accordance with the guidelines set by the World Health Organization. BMI is calculated 21 

by dividing a person's weight in kilograms by the square of their height in meters. 22 

  23 
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S4. Associa�on tes�ng: Significant within trait associa�ons of derived PGS  1 

Phenotype PGS pT R2 R2 % BETA SE P 
BMI BMI 1x10-04 0.0007 0.07% 0.027 0.008 1.25X10-03 
BMI BMI 0.01 0.0021 0.21% 0.052 0.009 1.95X10-08 
BMI BMI 0.1 0.0017 0.17% 0.055 0.011 4.51X10-07 
BMI BMI 0.2 0.0017 0.17% 0.057 0.011 5.29X10-07 
BMI BMI 0.3 0.0019 0.19% 0.062 0.012 6.49X10-08 
BMI BMI 0.4 0.0018 0.18% 0.061 0.012 1.45X10-07 
BMI BMI 0.5 0.0020 0.20% 0.064 0.012 4.91X10-08 
BMI BMI 1 0.0020 0.20% 0.065 0.012 3.55X10-08 
DBP DBP 0.1 0.0008 0.08% 0.031 0.010 2.74X10-03 
DBP DBP 0.2 0.0008 0.08% 0.031 0.010 2.84X10-03 
DBP DBP 0.3 0.0008 0.08% 0.033 0.011 1.90X10-03 
DBP DBP 0.4 0.0009 0.09% 0.034 0.011 1.10X10-03 
DBP DBP 0.5 0.0009 0.09% 0.034 0.010 1.28X10-03 
DBP DBP 1 0.0008 0.08% 0.032 0.011 2.35X10-03 
HDL HDL 1x10-08 0.0182 1.82% 0.136 0.010 5.91X10-45 
HDL HDL 1x10-06 0.0191 1.91% 0.139 0.010 3.88X10-47 
HDL HDL 1x10-04 0.0101 1.01% 0.104 0.010 1.16X10-25 
HDL HDL 0.01 0.0018 0.18% 0.047 0.011 1.09X10-05 
Height Height 1x10-06 0.0007 0.07% 0.027 0.007 2.29X10-04 
Height Height 1 x10-04 0.0006 0.06% 0.025 0.007 5.53X10-04 
Height Height 0.01 0.0030 0.30% 0.058 0.008 3.50X10-14 
Height Height 0.1 0.0044 0.44% 0.077 0.008 5.51X10-20 
Height Height 0.2 0.0044 0.44% 0.079 0.009 4.70X10-20 
Height Height 0.3 0.0042 0.42% 0.079 0.009 2.54X10-19 
Height Height 0.4 0.0043 0.43% 0.080 0.009 6.90X10-20 
Height Height 0.5 0.0043 0.43% 0.081 0.009 8.03X10-20 
Height Height 1 0.0043 0.43% 0.080 0.009 9.96X10-20 
Hip circum Hip circum 0.01 0.0014 0.14% 0.039 0.008 1.94X10-06 
Hip circum Hip circum 0.1 0.0014 0.14% 0.039 0.008 3.36X10-06 
Hip circum Hip circum 0.2 0.0014 0.14% 0.039 0.009 3.98X10-06 
Hip circum Hip circum 0.3 0.0015 0.15% 0.041 0.009 1.71X10-06 
Hip circum Hip circum 0.4 0.0016 0.16% 0.043 0.009 4.67X10-07 
Hip circum Hip circum 0.5 0.0016 0.16% 0.043 0.009 5.28X10-07 
Hip circum Hip circum 1 0.0015 0.15% 0.042 0.009 1.31X10-06 
LDL LDL 1x10-08 0.0677 6.77% 0.261 0.009 1.86X10-173 
LDL LDL 1x10-06 0.0653 6.53% 0.256 0.009 3.86X10-167 
LDL LDL 1x10-04 0.0511 5.11% 0.227 0.009 4.20X10-130 
LDL LDL 0.01 0.0099 0.99% 0.107 0.010 5.77X10-26 
LDL LDL 0.1 0.0036 0.36% 0.075 0.012 2.55X10-10 
LDL LDL 0.2 0.0029 0.29% 0.071 0.012 1.09X10-08 
LDL LDL 0.3 0.0021 0.21% 0.061 0.013 1.20X10-06 
LDL LDL 0.4 0.0020 0.20% 0.061 0.013 1.87X10-06 
LDL LDL 0.5 0.0019 0.19% 0.059 0.013 3.92X10-06 



 

211 

 

LDL LDL 1 0.0020 0.20% 0.060 0.013 2.87X10-06 
SBP SBP 0.3 0.0007 0.07% 0.055 0.018 3.07X10-03 
SBP SBP 0.4 0.0008 0.08% 0.059 0.019 1.77X10-03 
SBP SBP 0.5 0.0007 0.07% 0.057 0.019 2.62X10-03 
SBP SBP 1 0.0008 0.08% 0.061 0.019 1.31X10-03 
TC TC 1x10-08 0.0284 2.84% 0.170 0.009 5.38X10-80 
TC TC 1x10-06 0.0307 3.07% 0.178 0.009 1.65X10-86 
TC TC 1x10-04 0.0196 1.96% 0.141 0.009 1.07X10-55 
TC TC 0.01 0.0034 0.34% 0.060 0.009 5.52X10-11 
TC TC 0.1 0.0014 0.14% 0.041 0.010 3.88X10-05 
TC TC 0.2 0.0011 0.11% 0.039 0.010 1.96X10-04 
TC TC 0.3 0.0011 0.11% 0.039 0.010 1.64X10-04 
TC TC 0.4 0.0011 0.11% 0.039 0.011 2.45X10-04 
TC TC 0.5 0.0012 0.12% 0.040 0.011 1.20X10-04 
TC TC 1 0.0011 0.11% 0.039 0.010 1.81X10-04 
TG TG 1x10-08 0.0044 0.44% 0.067 0.009 9.83X10-13 
TG TG 1x10-06 0.0057 0.57% 0.076 0.009 3.34X10-16 
TG TG 1x10-04 0.0011 0.11% 0.036 0.010 2.69X10-04 
TG TG 0.1 0.0008 0.08% 0.079 0.026 2.61X10-03 
Waist circ Waist circ 0.01 0.0016 0.16% 0.042 0.009 2.47X10-06 
Waist circ Waist circ 0.1 0.0013 0.13% 0.036 0.009 2.32X10-05 
Waist circ Waist circ 0.2 0.0013 0.13% 0.037 0.009 1.76X10-05 
Waist circ Waist circ 0.3 0.0013 0.13% 0.037 0.009 1.96X10-05 
Waist circ Waist circ 0.4 0.0013 0.13% 0.036 0.009 2.92X10-05 
Waist circ Waist circ 0.5 0.0013 0.13% 0.037 0.009 2.12X10-05 
Waist circ Waist circ 1 0.0012 0.12% 0.036 0.009 3.35X10-05 
Weight Weight 0.01 0.0018 0.18% 0.043 0.009 1.40X10-06 
Weight Weight 0.1 0.0022 0.22% 0.051 0.009 6.59X10-08 
Weight Weight 0.2 0.0028 0.28% 0.058 0.010 1.33X10-09 
Weight Weight 0.3 0.0026 0.26% 0.056 0.010 4.02X10-09 
Weight Weight 0.4 0.0028 0.28% 0.058 0.010 1.24X10-09 
Weight Weight 0.5 0.0030 0.30% 0.060 0.010 4.61X10-10 
Weight Weight 1 0.0031 0.31% 0.061 0.010 2.26X10-10 

BMI – Body Mass Index, DBP – diastolic blood pressure, HDL – high-density lipoprotein, Hip circum – 1 
Hip circumference, LDL – low-density lipoprotein , SBP – systolic blood pressure,  TC – total cholesterol, 2 
TG – triglycerides, Waist circum – Waist circumference; ; p-value thresholds: '***' = p ≤ 0.0001, '**' = p 3 
≤ 0.001, '*' = p ≤ 0.01 4 

  5 
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S5. Associa�on tes�ng: Significant cross-trait associa�ons of derived PGS 1 

Phenotype PGS pT R2 R2 % BETA SE P N 
BMI HDL 0.01 0.0007 0.07% -0.029 0.009 1.24X10-03** 10546 
BMI Hip circum 0.01 0.0013 0.13% 0.037 0.008 8.82X10-06*** 10546 
BMI Hip circum 0.1 0.0016 0.16% 0.042 0.009 1.32X10-06*** 10546 
BMI Hip circum 0.2 0.0015 0.15% 0.042 0.009 1.53X10-06*** 10546 
BMI Hip circum 0.3 0.0016 0.16% 0.043 0.009 7.38X10-07*** 10546 
BMI Hip circum 0.4 0.0018 0.18% 0.046 0.009 1.46X10-07*** 10546 
BMI Hip circum 0.5 0.0018 0.18% 0.046 0.009 1.37X10-07*** 10546 
BMI Hip circum 1 0.0018 0.18% 0.045 0.009 2.74X10-07*** 10546 
BMI Waist circum 1x10-04 0.0014 0.14% 0.037 0.008 4.50X10-06*** 10546 
BMI Waist circum 0.01 0.0017 0.17% 0.043 0.009 5.47X10-07*** 10546 
BMI Waist circum 0.1 0.0012 0.12% 0.034 0.008 2.68X10-05*** 10546 
BMI Waist circum 0.2 0.0014 0.14% 0.038 0.008 3.07X10-06*** 10546 
BMI Waist circum 0.3 0.0014 0.14% 0.037 0.008 5.93X10-06*** 10546 
BMI Waist circum 0.4 0.0013 0.13% 0.037 0.008 6.85X10-06*** 10546 
BMI Waist circum 0.5 0.0014 0.14% 0.038 0.008 4.68X10-06*** 10546 
BMI Waist circum 1 0.0014 0.14% 0.038 0.008 4.84X10-06*** 10546 
BMI Weight 0.01 0.0010 0.10% 0.033 0.008 1.01X10-04*** 10546 
BMI Weight 0.1 0.0015 0.15% 0.041 0.009 2.60X10-06*** 10546 
BMI Weight 0.2 0.0018 0.18% 0.047 0.009 1.73X10-07*** 10546 
BMI Weight 0.3 0.0017 0.17% 0.045 0.009 3.92X10-07*** 10546 
BMI Weight 0.4 0.0018 0.18% 0.047 0.009 1.90X10-07*** 10546 
BMI Weight 0.5 0.0019 0.19% 0.048 0.009 8.25X10-08*** 10546 
BMI Weight 1 0.0020 0.20% 0.049 0.009 5.38X10-08** 10546 
DBP SBP 0.4 0.0008 0.08% 0.058 0.019 2.41X10-03** 10540 
DBP SBP 0.5 0.0008 0.08% 0.058 0.019 2.94X10-03** 10540 
DBP SBP 1 0.0009 0.09% 0.062 0.019 1.40X10-03** 10540 
DBP WH ra�o 0.01 0.0011 0.11% 0.039 0.011 2.43X10-04*** 10540 
HDL LDL 1x10-08 0.0009 0.09% -0.030 0.010 2.18X10-03** 10463 
Height Weight 0.01 0.0005 0.05% 0.023 0.007 1.80X10-03** 10549 
Height Weight 0.2 0.0005 0.05% 0.024 0.008 2.92X10-03** 10549 
Height Weight 0.3 0.0004 0.04% 0.023 0.008 3.51X10-03** 10549 
Height Weight 0.4 0.0005 0.05% 0.024 0.008 2.56X10-03** 10549 
Height Weight 0.5 0.0005 0.05% 0.024 0.008 2.39X10-03** 10549 
Height Weight 1 0.0005 0.05% 0.024 0.008 2.08X10-03** 10549 
Hip circum BMI 1x10-04 0.0008 0.08% 0.029 0.008 3.47X10-04*** 10157 
Hip circum BMI 0.01 0.0017 0.17% 0.047 0.009 2.09X10-07*** 10157 
Hip circum BMI 0.1 0.0012 0.12% 0.047 0.011 1.04X10-05*** 10157 
Hip circum BMI 0.2 0.0013 0.13% 0.050 0.011 8.19X10-06*** 10157 
Hip circum BMI 0.3 0.0014 0.14% 0.053 0.011 2.32X10-06*** 10157 
Hip circum BMI 0.4 0.0014 0.14% 0.053 0.011 2.88X10-06*** 10157 
Hip circum BMI 0.5 0.0015 0.15% 0.057 0.012 8.81X10-07*** 10157 
Hip circum BMI 1 0.0015 0.15% 0.056 0.012 1.01X10-06*** 10157 
Hip circum HDL 1x10-04 0.0007 0.07% -0.027 0.008 9.90X10-04*** 10157 
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Hip circum HDL 0.01 0.0007 0.07% -0.029 0.009 9.14X10-04*** 10157 
Hip circum HDL 0.4 0.0005 0.05% -0.032 0.011 3.33X10-03** 10157 
Hip circum SBP 1x10-04 0.0006 0.06% 0.024 0.008 2.47X10-03** 10157 
Hip circum Waist circum 1x10-04 0.0015 0.15% 0.039 0.008 9.25X10-07*** 10157 
Hip circum Waist circum 0.01 0.0018 0.18% 0.044 0.008 1.23X10-07*** 10157 
Hip circum Waist circum 0.1 0.0014 0.14% 0.037 0.008 3.87X10-06*** 10157 
Hip circum Waist circum 0.2 0.0015 0.15% 0.039 0.008 1.31X10-06*** 10157 
Hip circum Waist circum 0.3 0.0014 0.14% 0.039 0.008 1.81X10-06*** 10157 
Hip circum Waist circum 0.4 0.0015 0.15% 0.039 0.008 1.26X10-06*** 10157 
Hip circum Waist circum 0.5 0.0015 0.15% 0.039 0.008 1.24X10-06*** 10157 
Hip circum Waist circum 1 0.0015 0.15% 0.039 0.008 1.37X10-06*** 10157 
Hip circum Weight 0.01 0.0010 0.10% 0.033 0.008 6.93X10-05*** 10157 
Hip circum Weight 0.1 0.0013 0.13% 0.040 0.009 4.18X10-06*** 10157 
Hip circum Weight 0.2 0.0018 0.18% 0.047 0.009 9.37X10-08*** 10157 
Hip circum Weight 0.3 0.0018 0.18% 0.046 0.009 1.19X10-07*** 10157 
Hip circum Weight 0.4 0.0018 0.18% 0.047 0.009 8.38X10-08*** 10157 
Hip circum Weight 0.5 0.0019 0.19% 0.048 0.009 4.79X10-08*** 10157 
Hip circum Weight 1 0.0019 0.19% 0.048 0.009 3.02X10-08*** 10157 
LDL TC 1x10-08 0.0682 6.82% 0.262 0.009 6.23X10-175*** 9496 
LDL TC 1x10-06 0.0678 6.78% 0.263 0.009 6.84X10-174*** 9496 
LDL TC 1x10-04 0.0332 3.32% 0.183 0.009 3.02X10-84*** 9496 
LDL TC 0.01 0.0052 0.52% 0.073 0.010 2.52X10-14*** 9496 
LDL TC 0.1 0.0018 0.18% 0.048 0.011 6.14X10-06*** 9496 
LDL TC 0.2 0.0014 0.14% 0.044 0.011 6.67X10-05*** 9496 
LDL TC 0.3 0.0012 0.12% 0.041 0.011 2.25X10-04*** 9496 
LDL TC 0.4 0.0012 0.12% 0.041 0.011 2.16X10-04*** 9496 
LDL TC 0.5 0.0011 0.11% 0.040 0.011 3.65X10-04*** 9496 
LDL TC 1 0.0010 0.10% 0.038 0.011 7.04X10-04*** 9496 
LDL HDL 1x10-08 0.0135 1.35% -0.117 0.009 7.91X10-35*** 9496 
LDL HDL 1x10-06 0.0117 1.17% -0.109 0.009 1.75X10-30*** 9496 
LDL HDL 1x10-04 0.0046 0.46% -0.070 0.010 7.92X10-13*** 9496 
LDL Weight 1 0.0008 0.08% -0.031 0.010 3.48X10-03** 9496 
SBP WH ra�o 0.01 0.0008 0.08% 0.033 0.010 1.43X10-03** 10538 
TC LDL 1x10-08 0.0273 2.73% 0.167 0.009 6.11X10-77*** 10476 
TC LDL 1x10-06 0.0273 2.73% 0.167 0.009 6.73X10-77*** 10476 
TC LDL 1x10-04 0.0224 2.24% 0.150 0.009 2.02X10-63*** 10476 
TC LDL 0.01 0.0055 0.55% 0.079 0.010 1.60X10-16*** 10476 
TC LDL 0.1 0.0017 0.17% 0.052 0.011 4.27X10-06*** 10476 
TC LDL 0.2 0.0014 0.14% 0.049 0.012 2.88X10-05*** 10476 
TC LDL 0.3 0.0012 0.12% 0.046 0.012 1.09X10-04*** 10476 
TC LDL 0.4 0.0013 0.13% 0.049 0.012 4.70X10-05*** 10476 
TC LDL 0.5 0.0013 0.13% 0.048 0.012 7.88X10-05*** 10476 
TC LDL 1 0.0012 0.12% 0.047 0.012 8.73X10-05*** 10476 
TG HDL 1x10-08 0.0008 0.08% -0.028 0.009 2.65X10-03** 10454 
TG HDL 0.1 0.0010 0.10% -0.039 0.012 8.13X10-04*** 10454 
TG HDL 0.2 0.0010 0.10% -0.042 0.012 8.53X10-04*** 10454 
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TG HDL 0.3 0.0010 0.10% -0.043 0.013 7.93X10-04*** 10454 
TG HDL 0.4 0.0008 0.08% -0.040 0.013 1.69X10-03** 10454 
TG HDL 0.5 0.0008 0.08% -0.039 0.013 2.06X10-03** 10454 
TG HDL 1 0.0009 0.09% -0.041 0.013 1.25X10-03** 10454 
Waist circum BMI 0.01 0.0011 0.11% 0.038 0.010 6.61X10-05*** 10152 
Waist circum BMI 0.1 0.0008 0.08% 0.039 0.011 7.15X10-04*** 10152 
Waist circum BMI 0.2 0.0010 0.10% 0.044 0.012 2.30X10-04*** 10152 
Waist circum BMI 0.3 0.0013 0.13% 0.051 0.012 2.43X10-05*** 10152 
Waist circum BMI 0.4 0.0012 0.12% 0.049 0.012 5.28X10-05*** 10152 
Waist circum BMI 0.5 0.0013 0.13% 0.052 0.012 2.68X10-05*** 10152 
Waist circum BMI 1 0.0012 0.12% 0.051 0.012 3.80X10-05*** 10152 
Waist circum Hip circum 0.01 0.0009 0.09% 0.031 0.009 3.51X10-04*** 10152 
Waist circum Hip circum 0.1 0.0010 0.10% 0.033 0.009 2.07X10-04*** 10152 
Waist circum Hip circum 0.2 0.0010 0.10% 0.033 0.009 2.56X10-04*** 10152 
Waist circum Hip circum 0.3 0.0010 0.10% 0.033 0.009 2.60X10-04*** 10152 
Waist circum Hip circum 0.4 0.0011 0.11% 0.035 0.009 1.34X10-04*** 10152 
Waist circum Hip circum 0.5 0.0010 0.10% 0.034 0.009 2.09X10-04*** 10152 
Waist circum Hip circum 1 0.0009 0.09% 0.033 0.009 4.02X10-04*** 10152 
Waist circum Weight 0.01 0.0008 0.08% 0.029 0.009 9.48X10-04*** 10152 
Waist circum Weight 0.1 0.0011 0.11% 0.035 0.009 1.19X10-04*** 10152 
Waist circum Weight 0.2 0.0015 0.15% 0.042 0.009 7.15X10-06*** 10152 
Waist circum Weight 0.3 0.0014 0.14% 0.041 0.009 1.01X10-05*** 10152 
Waist circum Weight 0.4 0.0015 0.15% 0.042 0.009 6.52X10-06*** 10152 
Waist circum Weight 0.5 0.0015 0.15% 0.043 0.009 4.53X10-06*** 10152 
Waist circum Weight 1 0.0016 0.16% 0.044 0.009 2.55X10-06*** 10152 
Weight BMI 1x10-04 0.0008 0.08% 0.029 0.009 1.28X10-03** 10553 
Weight BMI 0.01 0.0023 0.23% 0.054 0.010 3.57X10-08*** 10553 
Weight BMI 0.1 0.0019 0.19% 0.059 0.012 5.68X10-07*** 10553 
Weight BMI 0.2 0.0017 0.17% 0.058 0.012 1.62X10-06*** 10553 
Weight BMI 0.3 0.0020 0.20% 0.064 0.012 2.32X10-07*** 10553 
Weight BMI 0.4 0.0019 0.19% 0.063 0.013 4.24X10-07*** 10553 
Weight BMI 0.5 0.0021 0.21% 0.066 0.013 1.66X10-07*** 10553 
Weight BMI 1 0.0021 0.21% 0.066 0.013 1.95X10-07*** 10553 
Weight HDL 1x10-04 0.0007 0.07% -0.028 0.009 2.08X10-03** 10553 
Weight HDL 0.01 0.0009 0.09% -0.033 0.010 7.74X10-04*** 10553 
Weight HDL 0.4 0.0007 0.07% -0.036 0.012 2.50X10-03** 10553 
Weight HDL 0.5 0.0007 0.07% -0.036 0.012 2.67X10-03** 10553 
Weight HDL 1 0.0007 0.07% -0.037 0.012 2.01X10-03** 10553 
Weight Hip circum 0.01 0.0020 0.20% 0.046 0.009 2.90X10-07*** 10553 
Weight Hip circum 0.1 0.0023 0.23% 0.051 0.009 3.52X10-08*** 10553 
Weight Hip circum 0.2 0.0023 0.23% 0.051 0.009 5.37X10-08*** 10553 
Weight Hip circum 0.3 0.0024 0.24% 0.052 0.009 2.10X10-08*** 10553 
Weight Hip circum 0.4 0.0025 0.25% 0.054 0.009 8.13X10-09*** 10553 
Weight Hip circum 0.5 0.0025 0.25% 0.054 0.009 1.13X10-08*** 10553 
Weight Hip circum 1 0.0023 0.23% 0.052 0.009 3.32X10-08*** 10553 
Weight Waist circum 1x10-04 0.0012 0.12% 0.034 0.009 8.36X10-05*** 10553 



 

215 

 

Weight Waist circum 0.01 0.0024 0.24% 0.052 0.009 1.53X10-08*** 10553 
Weight Waist circum 0.1 0.0018 0.18% 0.043 0.009 1.09X10-06*** 10553 
Weight Waist circum 0.2 0.0021 0.21% 0.047 0.009 1.15X10-07*** 10553 
Weight Waist circum 0.3 0.0020 0.20% 0.045 0.009 3.40X10-07*** 10553 
Weight Waist circum 0.4 0.0019 0.19% 0.044 0.009 6.26X10-07*** 10553 
Weight Waist circum 0.5 0.0020 0.20% 0.045 0.009 3.52X10-07*** 10553 
Weight Waist circum 1 0.0020 0.20% 0.045 0.009 4.13X10-07*** 10553 

BMI – Body Mass Index, DBP – diastolic blood pressure, HDL – high-density lipoprotein, Hip circum – 1 
Hip circumference, LDL – low-density lipoprotein , SBP – systolic blood pressure,  TC – total cholesterol, 2 
TG – triglycerides, Waist circum – Waist circumference; ; p-value thresholds: '***' = p ≤ 0.0001, '**' = p 3 
≤ 0.001, '*' = p ≤ 0.01 4 

 5 
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S6. Associa�on tes�ng: Significant associa�ons of derived PGS with CVD-associated 1 
disease outcomes 2 

Pheno PGS pT OR Low_CI Up_CI logOR SE P N_cont N_case N 
OBS BMI 1x10-04 1.092 -1.678 0.004 0.088 0.029 2.38X10-03** 8384 2218 10602 
OBS BMI 0.01 1.140 -1.685 0.041 0.131 0.031 2.22X10-05*** 8384 2218 10602 
OBS BMI 0.1 1.130 -1.691 0.018 0.122 0.036 6.57X10-04** 8384 2218 10602 
OBS BMI 0.2 1.132 -1.690 0.017 0.124 0.037 7.54X10-04** 8384 2218 10602 
OBS BMI 0.3 1.136 -1.692 0.019 0.127 0.037 6.40X10-04** 8384 2218 10602 
OBS BMI 0.4 1.128 -1.691 0.010 0.120 0.038 1.49X10-03** 8384 2218 10602 
OBS BMI 0.5 1.136 -1.690 0.016 0.127 0.038 8.38X10-04** 8384 2218 10602 
OBS BMI 1 1.137 -1.691 0.017 0.128 0.038 7.69X10-04** 8384 2218 10602 
DLD TC 1x10-08 1.223 1.416 0.137 0.201 0.022 5.03X10-20*** 3523 7079 10602 
DLD TC 1x10-06 1.234 1.414 0.146 0.210 0.022 2.18X10-21*** 3523 7079 10602 
DLD TC 1x10-04 1.126 1.426 0.055 0.119 0.022 6.92X10-08*** 3523 7079 10602 
DLD HDL 1x10-08 0.781 1.468 -0.312 -0.247 0.022 8.02X10-29*** 3523 7079 10602 
DLD HDL 1x10-06 0.784 1.477 -0.308 -0.243 0.022 4.10X10-28*** 3523 7079 10602 
DLD HDL 1x10-04 0.834 1.469 -0.248 -0.182 0.023 1.04X10-15*** 3523 7079 10602 
DLD HDL 0.01 0.899 1.433 -0.177 -0.106 0.024 1.45X10-05*** 3523 7079 10602 
OBS Hip circum 0.1 1.130 -1.679 0.038 0.122 0.029 2.28X10-05*** 8384 2218 10602 
OBS Hip circum 0.2 1.127 -1.685 0.035 0.119 0.029 3.77X10-05*** 8384 2218 10602 
OBS Hip circum 0.3 1.125 -1.685 0.034 0.118 0.029 4.31X10-05*** 8384 2218 10602 
OBS Hip circum 0.4 1.125 -1.685 0.034 0.118 0.029 4.21X10-05*** 8384 2218 10602 
OBS Hip circum 0.5 1.129 -1.685 0.036 0.121 0.029 3.13X10-05*** 8384 2218 10602 
OBS Hip circum 1 1.122 -1.685 0.030 0.115 0.029 7.92X10-05*** 8384 2218 10602 
DLD LDL 1x10-08 1.223 1.413 0.138 0.202 0.022 4.77X10-20*** 3523 7079 10602 
DLD LDL 1x10-06 1.227 1.421 0.141 0.205 0.022 1.30X10-20*** 3523 7079 10602 
DLD LDL 1x10-04 1.193 1.431 0.112 0.177 0.022 1.07X10-15*** 3523 7079 10602 
HTN SBP 0.2 1.135 -3.717 0.002 0.126 0.043 3.07X10-03** 6611 3991 10602 
HTN SBP 0.3 1.159 -3.719 0.019 0.147 0.044 8.37X10-04** 6611 3991 10602 
HTN SBP 0.4 1.161 -3.720 0.019 0.150 0.045 8.34X10-04** 6611 3991 10602 
HTN SBP 0.5 1.151 -3.719 0.008 0.140 0.045 1.93X10-03** 6611 3991 10602 
HTN SBP 1 1.154 -3.720 0.011 0.143 0.045 1.57X10-03** 6611 3991 10602 
OBS Waist circum 0.01 1.103 -1.681 0.013 0.098 0.029 8.13X10-04** 8384 2218 10602 
OBS Weight 0.1 1.089 -1.687 0.001 0.085 0.029 3.32X10-03** 8384 2218 10602 
OBS Weight 0.2 1.108 -1.685 0.017 0.103 0.029 4.89X10-04** 8384 2218 10602 
OBS Weight 0.3 1.105 -1.683 0.014 0.100 0.029 6.83X10-04** 8384 2218 10602 
OBS Weight 0.4 1.108 -1.682 0.017 0.103 0.030 4.95X10-04** 8384 2218 10602 
OBS Weight 0.5 1.103 -1.681 0.012 0.098 0.030 8.72X10-04** 8384 2218 10602 
OBS Weight 1 1.106 -1.681 0.015 0.101 0.030 6.38X10-04** 8384 2218 10602 

BMI – Body Mass Index,  DLD – Dyslipidaemia, HDL – high-density lipoprotein, Hip circum – Hip 3 
circumference, HTN – Hypertension, OBS – Obesity, SBP – systolic blood pressure,  TC – total cholesterol,  4 
Waist circum – Waist circumference; ; p-value thresholds: '***' = p ≤ 0.0001, '**' = p ≤ 0.001, '*' = p ≤ 5 
0.01 6 
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S7. Associa�on tes�ng: Significant associa�ons between non-gene�c factors and CVD-1 
associated disease outcomes 2 

Pheno Non-gen 
factor OR Low_CI Up_C

I logOR SE P N_co
nt N_case N 

CVD 
Age 

1.04
2 -3.666 

-
0.138 0.041 0.064 5.18x10-01 6931 246 7177 

Smoking 
0.92

0 -3.702 
-

0.285 -0.083 0.072 2.49x10-01 6931 246 7177 

Alcohol 
0.98

2 -3.691 
-

0.209 -0.018 0.068 7.88x10-01 6931 246 7177 

Sugar drinks 
1.02

3 -3.663 
-

0.139 0.023 0.058 6.90x10-01 6931 246 7177 

Juice 
0.93

1 -3.658 
-

0.298 -0.071 0.081 3.79x10-01 6931 246 7177 

Sleep/night 
1.00

7 -3.665 
-

0.177 0.007 0.066 9.13x10-01 6931 246 7177 
Physical 
activity 

1.06
4 -3.668 

-
0.115 0.062 0.063 3.27x10-01 6931 246 7177 

Fruit /week 
0.78

0 -3.693 
-

0.519 -0.248 0.097 1.03x10-02 6931 246 7177 

Veg/week 
1.02

7 -3.681 
-

0.157 0.027 0.065 6.84x10-01 6931 246 7177 

Bread/week 
0.96

4 -3.647 
-

0.241 -0.037 0.072 6.09x10-01 6931 246 7177 
DLD 

Age 
0.97

2 1.358 
-

0.091 -0.028 0.022 2.11x10-01 3301 6700 10001 

Smoking 
0.85

8 1.304 
-

0.215 -0.153 0.022 
6.08x10-

12*** 3301 6700 10001 

Alcohol 
0.77

1 1.308 
-

0.324 -0.260 0.023 
5.48x10-

30*** 3301 6700 10001 

Sugar drinks 
1.10

0 1.360 0.020 0.095 0.027 
3.77x10-

04*** 3301 6700 10001 

Juice 
1.07

1 1.356 
-

0.004 0.069 0.026 
7.65X10-

03** 3301 6700 10001 

Sleep/night 
0.98

3 1.355 
-

0.081 -0.017 0.023 4.40X10-01 3301 6700 10001 
Physical 
activity 

0.95
4 1.359 

-
0.110 -0.047 0.022 3.46X10-02 3301 6700 10001 

Fruit /week 
1.06

0 1.356 
-

0.008 0.059 0.024 1.32X10-02 3301 6700 10001 

Veg/week 
0.94

3 1.344 
-

0.124 -0.059 0.023 1.02X10-02 3301 6700 10001 

Bread/week 
1.12

3 1.337 0.044 0.116 0.025 
5.42X10-

06*** 3301 6700 10001 
HA 

Age 
1.17

2 -5.141 
-

0.153 0.158 0.111 1.53X10-01 9454 72 9526 

Smoking 
1.03

2 -5.134 
-

0.359 0.031 0.139 8.21X10-01 9454 72 9526 

Alcohol 
0.59

2 -5.415 
-

0.958 -0.525 0.154 6.73X10-04 9454 72 9526 

Sugar drinks 
1.15

2 -5.138 0.005 0.141 0.049 
3.73X10-

03** 9454 72 9526 

Juice 
1.12

6 -5.145 
-

0.076 0.119 0.069 8.67X10-02 9454 72 9526 
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Sleep/night 
1.21

0 -5.169 
-

0.149 0.190 0.121 1.15X10-01 9454 72 9526 
Physical 
activity 

0.80
3 -5.184 

-
0.595 -0.220 0.134 9.98X10-02 9454 72 9526 

Fruit /week 
0.99

9 -5.122 
-

0.334 -0.001 0.119 9.95X10-01 9454 72 9526 

Veg/week 
0.90

8 -5.061 
-

0.458 -0.097 0.129 4.52X10-01 9454 72 9526 

Bread/week 
0.96

3 -4.979 
-

0.384 -0.038 0.123 7.60X10-01 9454 72 9526 
HTN 

Age 
1.90

5 -0.631 0.580 0.644 0.023 
9.75X10-

173*** 6543 3458 10001 

Smoking 
0.91

4 -0.625 
-

0.157 -0.089 0.024 
2.04X10-

04*** 6543 3458 10001 

Alcohol 
0.79

6 -0.655 
-

0.292 -0.229 0.022 
2.55X10-

24*** 6543 3458 10001 

Sugar drinks 
1.31

9 -0.594 0.203 0.277 0.026 
4.63X10-

26*** 6543 3458 10001 

Juice 
1.26

6 -0.608 0.169 0.236 0.024 
5.08X10-

23*** 6543 3458 10001 

Sleep/night 
1.29

8 -0.631 0.200 0.261 0.022 
8.35X10-

33*** 6543 3458 10001 
Physical 
activity 

0.74
5 -0.620 

-
0.358 -0.294 0.023 

7.62X10-

38*** 6543 3458 10001 

Fruit /week 
1.11

3 -0.594 0.049 0.107 0.021 
2.65X10-

07*** 6543 3458 10001 

Veg/week 
0.77

5 -0.550 
-

0.323 -0.255 0.024 
1.63X10-

26*** 6543 3458 10001 

Bread/week 
1.38

6 -0.458 0.262 0.327 0.023 
8.63X10-

46*** 6543 3458 10001 
OBS 

Age 
1.20

8 -1.128 0.114 0.189 0.027 
2.13X10-

12*** 8296 1705 10001 

Smoking 
0.69

4 -1.268 
-

0.534 -0.366 0.060 
1.01X10-

09*** 8296 1705 10001 

Alcohol 
0.48

6 -1.422 
-

0.832 -0.722 0.039 
9.17X10-

77*** 8296 1705 10001 

Sugar drinks 
1.57

4 -1.134 0.366 0.454 0.031 
1.96X10-

48*** 8296 1705 10001 

Juice 
1.37

4 -1.151 0.243 0.318 0.027 
4.94X10-

33*** 8296 1705 10001 

Sleep/night 
1.14

0 -1.128 0.051 0.131 0.029 
4.40X10-

06*** 8296 1705 10001 
Physical 
activity 

0.72
2 -1.163 

-
0.415 -0.326 0.032 

1.86X10-

24*** 8296 1705 10001 

Fruit /week 
1.27

1 -1.134 0.171 0.240 0.025 
1.40X10-

22*** 8296 1705 10001 

Veg/week 
0.85

3 -1.058 
-

0.245 -0.159 0.031 
1.93X10-

07*** 8296 1705 10001 

Bread/week 
1.79

0 -0.980 0.502 0.582 0.029 
1.23X10-

92*** 8296 1705 10001 
Stroke 

Age 
1.54

0 -4.585 0.227 0.432 0.073 
3.05X10-

09*** 9843 140 9983 

Smoking 
0.92

9 -4.510 
-

0.363 -0.073 0.103 4.76X10-01 9843 140 9983 
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Alcohol 
0.63

6 -4.690 
-

0.749 -0.453 0.105 
1.74X10-

05*** 9843 140 9983 

Sugar drinks 
1.08

0 -4.470 
-

0.077 0.077 0.055 1.59X10-01 9843 140 9983 

Juice 
1.11

7 -4.484 
-

0.039 0.111 0.053 3.81X10-02 9843 140 9983 

Sleep/night 
1.34

9 -4.576 0.063 0.299 0.084 
3.74X10-

04*** 9843 140 9983 
Physical 
activity 

0.60
3 -4.638 

-
0.822 -0.506 0.112 

6.59X10-

06*** 9843 140 9983 

Fruit /week 
1.04

7 -4.468 
-

0.166 0.046 0.075 5.43X10-01 9843 140 9983 

Veg/week 
0.71

8 -4.505 
-

0.652 -0.332 0.114 3.62X10-03 9843 140 9983 

Bread/week 
1.21

8 -4.435 
-

0.014 0.197 0.075 8.87X10-03 9843 140 9983 
T2D 

Age 
1.50

7 -2.890 0.305 0.410 0.037 
5.32X10-

28*** 9330 600 9930 

Smoking 
0.82

5 -2.883 
-

0.349 -0.192 0.056 
5.58X10-

04*** 9330 600 9930 

Alcohol 
0.58

3 -3.051 
-

0.690 -0.540 0.054 
6.98X10-

24*** 9330 600 9930 

Sugar drinks 
1.11

1 -2.808 0.023 0.105 0.029 
3.05X10-

04*** 9330 600 9930 

Juice 
1.07

0 -2.809 
-

0.027 0.067 0.034 4.49X10-02 9330 600 9930 

Sleep/night 
1.18

7 -2.821 0.053 0.172 0.042 
4.68X10-

05*** 9330 600 9930 
Physical 
activity 

0.70
9 -2.875 

-
0.485 -0.344 0.050 6.27X10-12 9330 600 9930 

Fruit /week 
1.15

1 -2.816 0.049 0.141 0.033 
1.64X10-

05*** 9330 600 9930 

Veg/week 
0.88

2 -2.788 
-

0.258 -0.126 0.047 
7.84X10-

03** 9330 600 9930 

Bread/week 
1.26

2 -2.739 0.126 0.233 0.038 
1.05X10-

09*** 9330 600 9930 
CVD – Cardiovascular disease, DLD – dyslipidaemia, HA – Heart attack, HTN – Hypertension, OBS – Obesity, T2D 1 
– Diabetes mellitus; p-value thresholds: '***' = p ≤ 0.0001, '**' = p ≤ 0.001, '*' = p ≤ 0.01  2 
 3 

  4 
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S8. Predic�on Modelling: Mul�PGS model  1 

A. Model predic�ve u�lity assessment   2 
 3 

Pheno Model R R2 R2% SE P Ncase Ncont 
CVD Albumin -0.036 0.001 0.1% 0.011 1.76X10-03** 219 5850 

Bilirubin 0.019 0.000 0.0% 0.011 1.00X10-01 219 5850 
BMI -0.020 0.000 0.0% 0.011 8.02X10-02 219 5850 
Cholesterol 0.006 0.000 0.0% 0.011 6.00X10-01 219 5850 
DBP -0.011 0.000 0.0% 0.011 3.38X10-01 219 5850 
Height -0.028 0.001 0.1% 0.011 1.40X10-02 219 5850 
HDL -0.005 0.000 0.0% 0.011 6.33X10-01 219 5850 
Hip circum -0.026 0.001 0.1% 0.011 2.38X10-02 219 5850 
LDL -0.020 0.000 0.0% 0.011 7.89X10-02 219 5850 
SBP -0.007 0.000 0.0% 0.011 5.42X10-01 219 5850 
TG 0.001 0.000 0.0% 0.011 9.46X10-01 219 5850 
Waist circum -0.015 0.000 0.0% 0.011 1.93X10-01 219 5850 
Waist hip 
ra�o 

-0.021 0.000 0.0% 0.011 6.93X10-02 219 5850 

Weight 0.004 0.000 0.0% 0.011 7.04X10-01 219 5850 
Mul�PGS -0.021 0.000 0.0% 0.011 7.11X10-02 219 5850 

DLD Albumin -0.006 0.000 0.0% 0.010 5.31X10-01 5680 2801 
Bilirubin 0.018 0.000 0.0% 0.010 6.57X10-02 5680 2801 
BMI 0.016 0.000 0.0% 0.010 1.01X10-01 5680 2801 
Cholesterol 0.091 0.008 0.8% 0.010 5.53X10-21*** 5680 2801 
DBP 0.008 0.000 0.0% 0.010 3.93X10-01 5680 2801 
Height 0.023 0.001 0.1% 0.010 2.03X10-02 5680 2801 
HDL 0.108 0.012 1.2% 0.010 4.50X10-29*** 5680 2801 
Hip circum 0.002 0.000 0.0% 0.010 8.62X10-01 5680 2801 
LDL 0.087 0.008 0.8% 0.010 4.09X10-19*** 5680 2801 
SBP 0.010 0.000 0.0% 0.010 3.28X10-01 5680 2801 
TG 0.054 0.003 0.3% 0.010 2.67X10-08*** 5680 2801 
Waist circum -0.006 0.000 0.0% 0.010 5.50X10-01 5680 2801 
Waist hip 
ra�o 

0.030 0.001 0.1% 0.010 1.75X10-03*** 5680 2801 

Weight -0.016 0.000 0.0% 0.010 9.16X10-02 5680 2801 
Mul�PGS 0.124 0.015 1.5% 0.010 1.81X10-37*** 5680 2801 

HA Albumin 0.008 0.000 0.0% 0.011 4.75X10-01 46 6833 
Bilirubin 0.014 0.000 0.0% 0.011 1.85X10-01 46 6833 
BMI -0.001 0.000 0.0% 0.011 8.95X10-01 46 6833 
Cholesterol -0.009 0.000 0.0% 0.011 3.94X10-01 46 6833 
DBP 0.008 0.000 0.0% 0.011 4.80X10-01 46 6833 
Height -0.049 0.002 0.2% 0.011 6.55X10-06*** 46 6833 
HDL -0.021 0.000 0.0% 0.011 5.36X10-02 46 6833 
Hip circum 0.001 0.000 0.0% 0.011 9.15X10-01 46 6833 
LDL 0.015 0.000 0.0% 0.011 1.77X10-01 46 6833 
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SBP 0.004 0.000 0.0% 0.011 7.39X10-01 46 6833 
TG -0.018 0.000 0.0% 0.011 9.14X10-02 46 6833 
Waist circum 0.001 0.000 0.0% 0.011 8.98X10-01 46 6833 
Waist hip 
ra�o 

-0.004 0.000 0.0% 0.011 7.32X10-01 46 6833 

Weight -0.027 0.001 0.1% 0.011 1.20X10-02 46 6833 
Mul�PGS 0.003 0.000 0.0% 0.011 7.72X10-01 46 6833 

HTN Albumin 0.114 0.013 1.3% 0.010 3.49X10-32*** 3183 5298 
Bilirubin 0.166 0.028 2.8% 0.010 1.10X10-66*** 3183 5298 
BMI 0.135 0.018 1.8% 0.010 4.69X10-44*** 3183 5298 
Cholesterol 0.068 0.005 0.5% 0.010 1.66X10-12*** 3183 5298 
DBP 0.093 0.009 0.9% 0.010 6.36X10-22*** 3183 5298 
Height 0.153 0.023 2.3% 0.010 3.42X10-56*** 3183 5298 
HDL 0.095 0.009 0.9% 0.010 8.27X10-23*** 3183 5298 
Hip circum 0.082 0.007 0.7% 0.010 3.74X10-17*** 3183 5298 
LDL 0.034 0.001 0.1% 0.010 4.08X10-04** 3183 5298 
SBP 0.132 0.017 1.7% 0.010 3.90X10-42*** 3183 5298 
TG 0.058 0.003 0.3% 0.010 1.75X10-09*** 3183 5298 
Waist circum 0.124 0.015 1.5% 0.010 1.40X10-37*** 3183 5298 
Waist hip 
ra�o 

0.061 0.004 0.4% 0.010 4.26X10-10*** 3183 5298 

Weight 0.079 0.006 0.6% 0.010 3.41X10-16*** 3183 5298 
Mul�PGS 0.259 0.067 6.7% 0.009 1.84X10-162*** 3183 5298 

OBS Albumin 0.076 0.006 0.6% 0.010 3.17X10-15*** 1775 6706 
Bilirubin 0.113 0.013 1.3% 0.010 2.53X10-31*** 1775 6706 
BMI 0.111 0.012 1.2% 0.010 1.82X10-30*** 1775 6706 
Cholesterol 0.094 0.009 0.9% 0.010 3.79X10-22*** 1775 6706 
DBP 0.082 0.007 0.7% 0.010 3.36X10-17*** 1775 6706 
Height 0.200 0.040 4.0% 0.010 2.52X10-96*** 1775 6706 
HDL 0.134 0.018 1.8% 0.010 5.54X10-44*** 1775 6706 
Hip circum 0.087 0.008 0.8% 0.010 2.95X10-19*** 1775 6706 
LDL 0.070 0.005 0.5% 0.010 4.72X10-13*** 1775 6706 
SBP 0.055 0.003 0.3% 0.010 1.40X10-08*** 1775 6706 
TG 0.107 0.011 1.1% 0.010 2.55X10-28*** 1775 6706 
Waist circum 0.133 0.018 1.8% 0.010 7.39X10-43*** 1775 6706 
Waist hip 
ra�o 

0.099 0.010 1.0% 0.010 1.28X10-24*** 1775 6706 

Weight 0.042 0.002 0.2% 0.010 1.70X10-05*** 1775 6706 
Mul�PGS 0.274 0.075 7.5% 0.009 4.54X10-182*** 1775 6706 

T2D Albumin 0.026 0.001 0.1% 0.010 8.61X10-03** 568 7861 
Bilirubin 0.021 0.000 0.0% 0.010 2.92X10-02** 568 7861 
BMI 0.011 0.000 0.0% 0.010 2.69X10-01 568 7861 
Cholesterol 0.028 0.001 0.1% 0.010 4.25X10-03** 568 7861 
DBP 0.002 0.000 0.0% 0.010 8.26X10-01 568 7861 
Height 0.059 0.003 0.3% 0.010 1.78X10-09*** 568 7861 
HDL 0.030 0.001 0.1% 0.010 2.26X10-03** 568 7861 
Hip circum 0.033 0.001 0.1% 0.010 7.42X10-04** 568 7861 
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LDL 0.028 0.001 0.1% 0.010 4.52X10-03** 568 7861 
SBP 0.005 0.000 0.0% 0.010 5.87X10-01 568 7861 
TG 0.054 0.003 0.3% 0.010 3.32X10-08*** 568 7861 
Waist circum 0.022 0.000 0.0% 0.010 2.34X10-02*** 568 7861 
Waist hip 
ra�o 

0.025 0.001 0.1% 0.010 9.32X10-03** 568 7861 

Weight 0.010 0.000 0.0% 0.010 3.00X10-01 568 7861 
Mul�PGS 0.081 0.007 0.7% 0.010 9.43X10-17*** 568 7861 

CVD – Cardiovascular disease, DLD – dyslipidaemia, HA – Heart attack, HTN – Hypertension, OBS – Obesity, T2D 1 
– Diabetes mellitus; p-value thresholds: '***' = p ≤ 0.0001, '**' = p ≤ 0.001, '*' = p ≤ 0.05 2 

  3 
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S9. Predic�on Modelling: Gene�c models; Mul�PGS + Ancestry   1 

A. Model predic�ve u�lity assessment   2 
 3 

Phenotype Model R2 R2% SE P Ncase (%) Ncont (%) 
CVD  Mul�PGS 0.000 0.0 0.013 1.74x10-01 

177 (3.5) 4889 (96.5) Ancestry 0.001 0.1 0.013 6.99 x10-03** 
PGS + Ancestry 0.000 0.0 0.013 8.33 x10-02 

DLD 
 

Mul�PGS 0.017 1.7 0.011 6.71 x10-34*** 
4653 (66.0) 2394 (44.0) Ancestry 0.002 0.2 0.011 4.52 x10-5*** 

PGS + Ancestry 0.016 1.6 0.011 8.39 x10-32*** 
HA  Mul�PGS 0.000 0.0 0.011 7.93 x10-01 

52 (0.8) 6776 (99.2) Ancestry 0.000 0.0 0.011 2.98 x10-01 
PGS + Ancestry 0.000 0.0 0.011 4.60 x10-01 

HTN 
 

Mul�PGS 0.065 6.5 0.010 3.34 x10-131*** 
2453 (34.8) 4594 (67.3) Ancestry 0.090 9.0 0.010 8.47 x10-182*** 

PGS + Ancestry 0.090 9.0 0.010 2.36 x10-183*** 
OBS Mul�PGS 0.071 7.1 0.010 2.44 x10-142*** 

1188 (16.0) 5859 (84.0) Ancestry 0.075 7.5 0.010 9.70 x10-151*** 
PGS + Ancestry 0.096 9.6 0.010 1.84 x10-195*** 

Stroke Mul�PGS 0.001 0.1 0.011 2.87 x10-3** 
93 (1.3) 6945 (98.7) Ancestry 0.004 0.4 0.011 2.75 x10-09*** 

PGS + Ancestry 0.001 0.1 0.011 5.60 x10-04*** 
T2D 
 

Mul�PGS 0.006 0.6 0.011 1.86 x10-12*** 
412 (5.9) 6583 (94.1) Ancestry 0.008 0.8 0.011 1.08 x10-17*** 

PGS + Ancestry 0.007 0.7 0.011 8.90 x10-15*** 
CVD – Cardiovascular disease, DLD – Dyslipidaemia,  HA – Heart attack, HTN – Hypertension, PGS – Polygenic risk 4 
score, OBS – Obesity, T2D – Diabetes mellitus; p-value thresholds: '***' = p ≤ 0.0001, '**' = p ≤ 0.001, '*' = p ≤ 0.01 5 
 6 

B. Model performance comparison   7 
 8 

Pheno Model 1 Model 2 Model_1_R Model_2_R R_diff R_diff_pval 
CVD Mul�PGS Mul�PGS -0.017 -0.017 0.000 1 

Mul�PGS Ancestry -0.017 -0.034 0.017 3.21x10-01 
Mul�PGS PGS + Ancestry -0.017 -0.022 0.005 4.19x10-02* 
Ancestry Mul�PGS -0.034 -0.017 -0.017 3.21x10-01 
Ancestry Ancestry -0.034 -0.034 0.000 1 
Ancestry PGS + Ancestry -0.034 -0.022 -0.012 4.49x10-01 
PGS + Ancestry Mul�PGS -0.022 -0.017 -0.005 4.19x10-02* 
PGS + Ancestry Ancestry -0.022 -0.034 0.012 4.49x10-01 
PGS + Ancestry PGS + Ancestry -0.022 -0.022 0.000 1 

DLD Mul�PGS Mul�PGS 0.129 0.129 0.000 1 
Mul�PGS Ancestry 0.129 0.043 0.085 7.24x10-12*** 
Mul�PGS PGS + Ancestry 0.129 0.125 0.004 6.43x10-02* 
Ancestry Mul�PGS 0.043 0.129 -0.085 7.24x10-12*** 
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Ancestry Ancestry 0.043 0.043 0.000 1 
Ancestry PGS + Ancestry 0.043 0.125 -0.081 1.78x10-11*** 
PGS + Ancestry Mul�PGS 0.125 0.129 -0.004 6.43x10-02* 
PGS + Ancestry Ancestry 0.125 0.043 0.081 1.78x10-11*** 
PGS + Ancestry PGS + Ancestry 0.125 0.125 0.000 1 

HA Mul�PGS Mul�PGS 0.003 0.003 0.000 1 
Mul�PGS Ancestry 0.003 0.011 -0.008 5.45x10-01 
Mul�PGS PGS + Ancestry 0.003 0.008 -0.005 1.80x10-01 
Ancestry Mul�PGS 0.011 0.003 0.008 5.45x10-01 
Ancestry Ancestry 0.011 0.011 0.000 1 
Ancestry PGS + Ancestry 0.011 0.008 0.003 7.96x10-01 
PGS + Ancestry Mul�PGS 0.008 0.003 0.005 1.80x10-01 
PGS + Ancestry Ancestry 0.008 0.011 -0.003 7.96x10-01 
PGS + Ancestry PGS + Ancestry 0.008 0.008 0.000 1 

HTN Mul�PGS Mul�PGS 0.255 0.255 0.000 1 
Mul�PGS Ancestry 0.255 0.299 -0.044 5.04x10-09 
Mul�PGS PGS + Ancestry 0.255 0.301 -0.045 3.36x10-16*** 
Ancestry Mul�PGS 0.299 0.255 0.044 5.04x10-09 
Ancestry Ancestry 0.299 0.299 0.000 1 
Ancestry PGS + Ancestry 0.299 0.301 -0.001 7.50x10-01 
PGS + Ancestry Mul�PGS 0.301 0.255 0.045 3.36x10-16*** 
PGS + Ancestry Ancestry 0.301 0.299 0.001 7.50x10-01 
PGS + Ancestry PGS + Ancestry 0.301 0.301 0.000 1 

Stroke Mul�PGS Mul�PGS 0.032 0.032 0.000 1 
Mul�PGS Ancestry 0.032 0.063 -0.032 7.17x10-03** 
Mul�PGS PGS + Ancestry 0.032 0.037 -0.005 1.26x10-01 
Ancestry Mul�PGS 0.063 0.032 0.032 7.17x10-03** 
Ancestry Ancestry 0.063 0.063 0.000 1 
Ancestry PGS + Ancestry 0.063 0.037 0.027 1.00x10-02* 
PGS + Ancestry Mul�PGS 0.037 0.032 0.005 1.26x10-01 
PGS + Ancestry Ancestry 0.037 0.063 -0.027 1.00x10-02* 
PGS + Ancestry PGS + Ancestry 0.037 0.037 0.000 1 

T2D Mul�PGS Mul�PGS 0.075 0.075 0.000 1 
Mul�PGS Ancestry 0.075 0.091 -0.016 1.09x10-01 
Mul�PGS PGS + Ancestry 0.075 0.083 -0.008 2.41x10-02* 
Ancestry Mul�PGS 0.091 0.075 0.016 1.09x10-01 
Ancestry Ancestry 0.091 0.091 0.000 1 
Ancestry PGS + Ancestry 0.091 0.083 0.009 2.82x10-01 
PGS + Ancestry Mul�PGS 0.083 0.075 0.008 2.41x10-02* 
PGS + Ancestry Ancestry 0.083 0.091 -0.009 2.82x10-01 
PGS + Ancestry PGS + Ancestry 0.083 0.083 0.000 1 

Obesity Mul�PGS Mul�PGS 0.266 0.266 0.000 1 
Mul�PGS Ancestry 0.266 0.273 -0.008 4.18 x10-01 
Mul�PGS PGS + Ancestry 0.266 0.310 -0.044 7.52 x10-13*** 
Ancestry Mul�PGS 0.273 0.266 0.008 4.18 x10-01 
Ancestry Ancestry 0.273 0.273 0.000 1 
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Ancestry PGS + Ancestry 0.273 0.310 -0.037 8.71x10-14*** 
PGS + Ancestry Mul�PGS 0.310 0.266 0.044 7.52x10-13*** 
PGS + Ancestry Ancestry 0.310 0.273 0.037 8.71x10-14*** 
PGS + Ancestry PGS + Ancestry 0.310 0.310 0.000 1 

CVD – Cardiovascular disease, DLD – Dyslipidaemia,  HA – Heart attack, HTN – Hypertension, PGS – Polygenic risk 1 
score, OBS – Obesity, T2D – Diabetes mellitus; p-value thresholds: '***' = p ≤ 0.0001, '**' = p ≤ 0.001, '*' = p ≤ 0.01 2 
 3 

  4 
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S10. Predic�on Modelling: Integrated models; Gene�c (PGS + Ancestry) and Non-1 
gene�c 2 

A. Model predic�ve u�lity assessment   3 
 4 

Phenotype Model R2 R2% SE P Ncase (%) Ncont (%) 
CVD Gen 0.000 0.0 0.013 2.52 x10-01 

154 (3.3) 4498 (96.7) Non gen 0.000 0.0 0.013 6.13 x10-01 
Gen + Non gen 0.000 0.0 0.013 1.03 x10-01 

DLD Gen 0.018 1.8 0.011 5.79 x10-34*** 
4248 (65.9) 2202 (34.1) Non gen 0.139 13.9 0.010 1.52 x10-264*** 

Gen + Non gen 0.154 15.4 0.010 5.89 x10-295*** 
HA Gene�c 0.000 0.0 0.011 9.92 x10-01 

42 (0.67) 6196 (99.3) Non gen 0.001 0.1 0.011 1.98 x10-02* 
Gen + Non gen 0.000 0.0 0.011 5.90 x10-01 

HTN Gene�c 0.082 8.2 0.011 7.45 x10-153*** 
2280 (35.3) 4170 (64.7) Non gen 0.112 11.2 0.010 1.05 x10-210*** 

Gen + Non gen 0.138 13.8 0.010 5.11 x10-263*** 
OBS Gene�c 0.093 9.3 0.011 7.39 x10-174*** 

1144 (17.7) 5306 (82.3) Non gen 0.154 15.4 0.010 4.15 x10-294*** 
Gen + Non gen 0.209 20.9 0.010 <1.0 x10-300*** 

Stroke Gene�c 0.001 0.1 0.011 2.19 x10-02* 
91 (1.4) 6355 (98.6) Non gen 0.003 0.3 0.011 6.25 x10-07** 

Gen + Non gen 0.001 0.1 0.011 1.08 x10-03** 
T2D Gene�c 0.008 0.8 0.011 1.65 x10-15*** 

382 (5.9) 6019 (93.9%) Non gen 0.028 2.8 0.011 1.9 x10-51*** 
Gen + Non gen 0.023 2.3 0.011 7.83 x10-43*** 

CVD – Cardiovascular disease, DLD – Dyslipidaemia, Gen – Genetic, Gen + Non-gen – Genetic + Non-genetic, HA – 5 
Heart attack, HTN – Hypertension, Non-gen – Non-genetic, OBS – Obesity, T2D – Diabetes mellitus; p-value 6 
thresholds: '***' = p ≤ 0.0001, '**' = p ≤ 0.001, '*' = p ≤ 0.01 7 
 8 

B. Model performance comparison   9 
 10 

Pheno Model_1 Model_2 Model_1_R Model_2_R R_diff R_diff_pval 
CVD Gen Gen -0.015 -0.015 0.000 1 

Gen Non-gen -0.015 0.007 -0.022 2.36x10-01 
Gen Gen + Non-gen -0.015 -0.021 0.006 4.58x10-01 
Non-gen Gen 0.007 -0.015 0.022 2.36x10-01 
Non-gen Non-gen 0.007 0.007 0.000 1 
Non-gen Gen + Non-gen 0.007 -0.021 0.028 6.25x10-02 
Gen + Non-gen Gen -0.021 -0.015 -0.006 4.58x10-01 
Gen + Non-gen Non-gen -0.021 0.007 -0.028 6.25x10-02 
Gen + Non-gen Gen + Non-gen -0.021 -0.021 0.000 1 

DLD Gen Gen 0.172 0.172 0.000 1 
Gen Non-gen 0.172 0.339 -0.167 8.89x10-32*** 
Gen Gen + Non-gen 0.172 0.375 -0.203 2.01x10-84*** 
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Non-gen Gen 0.339 0.172 0.167 8.89x10-32*** 
Non-gen Non-gen 0.339 0.339 0.000 1 
Non-gen Gen + Non-gen 0.339 0.375 -0.036 4.45x10-12*** 
Gen + Non-gen Gen 0.375 0.172 0.203 2.01x10-84*** 
Gen + Non-gen Non-gen 0.375 0.339 0.036 4.45x10-12*** 
Gen + Non-gen Gen + Non-gen 0.375 0.375 0.000 1 

HA Gen Gen 0.000 0.000 0.000 1 
Gen Non-gen 0.000 0.026 -0.026 8.71x10-02 
Gen Gen + Non-gen 0.000 0.006 -0.006 4.17x10-01 
Non-gen Gen 0.026 0.000 0.026 8.71x10-02 
Non-gen Non-gen 0.026 0.026 0.000 1 
Non-gen Gen + Non-gen 0.026 0.006 0.020 8.79x10-02 
Gen + Non-gen Gen 0.006 0.000 0.006 4.17x10-01 
Gen + Non-gen Non-gen 0.006 0.026 -0.020 8.79x10-02 
Gen + Non-gen Gen + Non-gen 0.006 0.006 0.000 1 

HTN Gen Gen 0.287 0.287 0.000 1 
Gen Non-gen 0.287 0.335 -0.048 9.55x10-06*** 
Gen Gen + Non-gen 0.287 0.372 -0.085 1.30x10-34*** 
Non-gen Gen 0.335 0.287 0.048 9.55x10-06*** 
Non-gen Non-gen 0.335 0.335 0.000 1 
Non-gen Gen + Non-gen 0.335 0.372 -0.037 2.37x10-13*** 
Gen + Non-gen Gen 0.372 0.287 0.085 1.30x10-34*** 
Gen + Non-gen Non-gen 0.372 0.335 0.037 2.37x10-13*** 
Gen + Non-gen Gen + Non-gen 0.372 0.372 0.000 1 

Stroke Gen Gen 0.026 0.026 0.000 1 
Gen Non-gen 0.026 0.055 -0.030 3.08x10-02* 
Gen Gen + Non-gen 0.026 0.036 -0.011 5.93x10-02 
Non-gen Gen 0.055 0.026 0.030 3.08x10-02* 
Non-gen Non-gen 0.055 0.055 0.000 1 
Non-gen Gen + Non-gen 0.055 0.036 0.019 7.32x10-02 
Gen + Non-gen Gen 0.036 0.026 0.011 5.93x10-02 
Gen + Non-gen Non-gen 0.036 0.055 -0.019 7.32x10-02 
Gen + Non-gen Gen + Non-gen 0.036 0.036 0.000 1 

T2D Gen Gen 0.089 0.089 0.000 1 
Gen Non-gen 0.089 0.167 -0.079 9.51x10-10*** 
Gen Gen + Non-gen 0.089 0.152 -0.064 5.32x10-13*** 
Non-gen Gen 0.167 0.089 0.079 9.51x10-10*** 
Non-gen Non-gen 0.167 0.167 0.000 1 
Non-gen Gen + Non-gen 0.167 0.152 0.015 2.25x10-02* 
Gen + Non-gen Gen 0.152 0.089 0.064 5.32x10-13*** 
Gen + Non-gen Non-gen 0.152 0.167 -0.015 2.25x10-02* 
Gen + Non-gen Gen + Non-gen 0.152 0.152 0.000 1 

Obesity Gen Gen 0.306 0.306 0.000 1 
Gen Non-gen 0.306 0.392 -0.086 1.73x10-13*** 
Gen Gen + Non-gen 0.306 0.457 -0.152 4.85x10-79*** 
Non-gen Gen 0.392 0.306 0.086 1.73x10-13*** 
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Non-gen Non-gen 0.392 0.392 0.000 1 
Non-gen Gen + Non-gen 0.392 0.457 -0.065 1.33x10-34*** 
Gen + Non-gen Gen 0.457 0.306 0.152 4.85x10-79*** 
Gen + Non-gen Non-gen 0.457 0.392 0.065 1.33x10-34*** 
Gen + Non-gen Gen + Non-gen 0.457 0.457 0.000 1 

CVD – Cardiovascular disease, DLD – Dyslipidaemia, Gen – Genetic, Gen + Non-gen – Genetic + Non-genetic, HA – 1 
Heart attack, HTN – Hypertension, Non-gen – Non-genetic, OBS – Obesity, T2D – Diabetes mellitus; p-value 2 
thresholds: '***' = p ≤ 0.0001, '**' = p ≤ 0.001, '*' = p ≤ 0.01 3 
 4 

C. Integrated model performance comparison matrix 5 
 6 

 7 
CVD – Cardiovascular disease, DLD – Dyslipidaemia, Gen – Genetic, Gen + Non-gen – Genetic + Non-genetic, HA – 8 
Heart attack, HTN – Hypertension, Non-gen – Non-genetic, OBS – Obesity, T2D – Diabetes mellitus; p-value 9 
thresholds: '***' = p ≤ 0.0001, '**' = p ≤ 0.001, '*' = p ≤ 0.01 10 
 11 
  12 
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Publication 3: supplementary materials  1 

S11. Clinician Survey  2 

PARTICIPANT DEMOGRAPHICS AND OTHER CHARACTERISTICS 3 
___________________________________________________________________ 4 

1. Please select your primary hospital affiliation:  5 

Chris Hani Baragwanath Academic Hospital / Charlotte Maxeke Johannesburg 6 
Academic Hospital / Helen Joseph Hospital / Rahima Moosa Mother and Child 7 
Hospital / I prefer not to answer 8 

 9 
2. What is your medical speciality?  10 

Internal Medicine / Obstetrics and Gynaecology / Orthopaedics / Paediatrics / 11 
Surgery / Other / I prefer not to answer 12 

 13 
3. Within Internal Medicine, what is your sub-speciality?  14 

Cardiology / Endocrinology / Haematology/Oncology / Infectious Diseases / 15 
Nephrology / Neurology / Pulmonology / Rheumatology / Gastroenterology / 16 
Dermatology /I prefer not to answer 17 

 18 
If other, please specify. 19 

 20 
4. What is your current level of practice?  21 

Specialist / Registrar /  Medical officer / Community service officer / Intern / Other / I 22 
prefer not to answer 23 

 24 
If other, please specify. 25 

 26 
5. How many years of experience do you have in clinical practice (in years)?  27 

Start from the year after you graduated, including internship and community service, 28 
if you prefer not to answer, please put 000 29 

 30 
6. At which Institution did you study towards your medical degree?  31 

University of Cape Town / University of the Free State / University of KwaZulu-Natal / 32 
University of Limpopo / Sefako Makgatho Health Sciences University (previously 33 
known as MEDUNSA) / Stellenbosch University / University of Pretoria / University of 34 
the Witwatersrand / Walter Sisulu University / Other / I prefer not to answer 35 

 36 
If other, please specify. 37 

 38 
7. Do you have any additional qualifications (postgraduate study) in addition to 39 

your medical degree?  40 

Yes / No / I prefer not to answer)  41 
 42 

8. Are you actively involved in medical research?  43 

Yes / No / I prefer not to answer 44 
 45 

9. What is your sex?  46 

Female / Male / I prefer not to answer 47 
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 1 
10. What is your age (in years)? 2 

If you prefer not to answer, please type 000 3 
 4 

CVD SCREENING EXPOSURE 5 
______________________________________________________________ 6 

1. Do you currently assess patient CVD risk in your clinical practice?  7 

Yes, No / Sometimes / I prefer not to answer 8 
 9 

2. When do you assess patient CVD risk?  10 

Initial consultation of all new patients / At every consultation / When patients present 11 
with risk factors / At the discretion of the attending physician / Other / I prefer not to 12 
answer 13 

 14 
If other, please specify when you assess CVD risk. 15 

 16 
3. Do you use a CVD risk stratification tool to assess patient risk for CVD?  17 

Yes / No / Sometimes / I prefer not to answer 18 
 19 

4. Which tool do you most often use to assess CVD risk?  20 

Framingham risk score / Globorisk / Pooled Cohort Risk Equation (PCE) / QRISK / 21 
Systematic Coronary Risk Evaluation (SCORE) algorithm / WHO-CVD / Other / I 22 
prefer not to answer 23 

 24 
If other, please specify which tool you use to assess CVD risk 25 

 26 
5. How confident do you feel in USING the CVD risk score assessment tool? 27 

Not confident at all / A little confident / Somewhat confident / Moderately confident / 28 
Very confident / I prefer not to answer 29 
 30 

6. How confident do you feel in INTERPRETING the results of the CVD risk 31 
score assessment tool?  32 

Not confident at all / A little confident / Somewhat confident / Moderately confident / 33 
Very confident / I prefer not to answer 34 

 35 
7. Do you share the results of the risk the CVD risk score assessment with the 36 

patient?  37 

Yes / No / Sometimes / I prefer not to answer 38 

8. Does the outcome of the risk score assessment guide? 39 

Yes / No / Sometimes / I prefer not to answer 40 
 41 

9. Why do you not assess patient CVD risk?  42 

Patients present with competing health issues / Patients referred from another doctor 43 
/ Patients already considered high or very high risk for CVD / Insufficient time to 44 
assess CVD risk / Lack of funding for testing / Not standard practice / Other / I prefer 45 
not to answer 46 

 47 
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If other, please elaborate why you do not assess CVD risk. 1 

GENETICS AND PRECISION MEDICINE EXPOSURE 2 
___________________________________________________________________ 3 

1. Have you completed genetic or precision medicine related training or 4 
education?  5 

Yes / No / I prefer not to answer 6 
 7 

2. Please specify which training or education you have completed?*  8 

A genetics module as part of my undergraduate medical training / A precision 9 
medicine module as part of my undergraduate medical training / A genetics short 10 
course after graduating / A precision medicine short course after graduating / A 11 
postgraduate genetics qualification / A postgraduate precision medicine qualification / 12 
Other / I prefer not to answer 13 

*Selecting multiple options is possible 14 
 15 

If other, please specify. 16 
 17 

3. Have you discussed genetic testing/precision-based medicine with a patient?  18 

Yes / No / Sometimes / I prefer not to answer 19 
 20 

4. For which diseases have you discussed genetic testing/precision-based medicine?* 21 

Monogenic disorders (cystic fibrosis, familial hypercholesterolaemia, etc.) / Cancers 22 
(Breast, prostate, etc.) / Nutrigenomics / Pharmacogenomics / Cardiovascular 23 
diseases /Other / I prefer not to answer  24 

*Selecting multiple options is possible 25 
 26 

If other, please specify. 27 
 28 

5. With how many patients do you discuss genetic testing/precision-based medicine with 29 
on a monthly basis? 30 

Less than 1 patient per month / 1 patient every 2 to 3 months / 1 patient / 2 to 5 31 
patients /  6  to 10 patients / 11 to 20 patients / More than 20 patients / I prefer not to 32 
answer 33 

Level of agreement Yes / No / I prefer not to answer 
 34 

8. Have you OFFERED a patient genetic testing/precision-based medicine to 35 
determine their disease risk?  36 

9. Have you ORDERED genetic/precision-medicine testing to determine patient 37 
disease risk?  38 

10. Have you REFERRED a patient for genetic/precision medicine testing to 39 
determine their disease risk?  40 

11. Have you RETURNED the results of genetic/precision medicine testing to a 41 
patient?  42 
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12. Have you COUNSELLED patients on the results of their genetic/precision 1 
medicine testing?  2 

13. Have you APPLIED RESULTS from genetic tests to the treatment and 3 
management (drug choice, dosing, monitoring, etc.) of a patient?  4 

14. How regularly do you apply genetic testing results to the treatment and 5 
management of your patient?  6 

Never / Rarely / Sometimes / Often / Always I prefer not to answer) 7 

 8 
GENETICS AND PRECISION MEDICINE KNOWLEDGE 9 
___________________________________________________________________ 10 

Please select the corresponding box that BEST fits your level of agreement with each 11 
statement. 12 

Level of 
understanding 

No understanding / Little understanding / Some understanding / 
Extensive understanding / Expert / I prefer not to answer 

1. Basic genetic principles (Mendelian inheritance, penetrance, somatic vs. 13 
germline mutation, etc.). 14 

2. Complex disease genetics (Coronary artery disease, diabetes, etc. 15 
3. Genome Wide Association Studies (GWAS) 16 
4. Polygenic risk scores (PRS) 17 
5. Precision medicine 18 
6. When and how to incorporate precision medicine into practice 19 

 20 

GENETICS AND PRECISION MEDICINE KNOWLEDGE 21 
___________________________________________________________________ 22 

Please select the corresponding box that BEST fits your level of agreement with each 23 
statement. 24 

Level of agreement True / False / Do not know / I prefer not to answer 

1. A complex disease is caused by the interaction of multiple gene variants and 25 
environmental factors 26 

2. Modifiable risk factors include smoking, alcohol intake and physical activity 27 
levels. 28 

3. Examples of complex diseases include cancer and heart disease. 29 
4. Risk stratification aims to stratify patient populations into high-, medium- and 30 

low-risk for improved care and better resource allocation. 31 
5. Precision medicine aims to use an individual's genetic profile and other 32 

relevant clinical information to guide decisions regarding disease prevention, 33 
diagnosis, and treatment. 34 

6. Precision medicine is a medical model that proposes a 'one‐drug‐fits‐all' 35 
model. 36 
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7. Polygenic risk is a cumulative measure of genetic risk using multiple genetic 1 
variants  2 

8. Polygenic risk scores are transferable across all ethnicities  3 
9. Polygenic risk score results provide insight into a patient's total risk for 4 

disease. 5 
 6 

PERCEPTIONS TOWARDS A PRECISION MEDICINE-BASED CVD RISK 7 
STRATIFICATION APPROACH IN SOUTH AFRICA 8 
___________________________________________________________________ 9 

In relation to the precision medicine-based CVD risk stratification tool proposed in the 10 
video, please select the corresponding box that BEST fits your level of agreement 11 
with each statement: 12 

Level of agreement Strongly disagree / Disagree /  Neutral / Agree / Strongly agree / I 
prefer not to answer 

1. Precision medicine-based CVD risk stratification is relevant to my current 13 
clinical practice. 14 

2. Precision medicine-based CVD risk stratification should be applied to my 15 
clinical practice. 16 

3. I should be able to provide information on the appropriate use of precision 17 
medicine-based CVD risk stratification. 18 

4. Precision medicine-based CVD risk stratification will improve my ability to 19 
more effectively prevent and treat CVD. 20 

5. Precision medicine-based CVD risk stratification will improve national resource 21 
allocation (expenditure, etc.) for CVD disease prevention and management. 22 

 23 
CONCERNS 24 
___________________________________________________________________ 25 

In relation to the precision medicine-based CVD risk stratification tool proposed, please 26 
select the corresponding box that BEST fits your level of concern with each statement: 27 

Level of concern Not concerned at all / A little concerned / Somewhat concerned / 
Moderately concerned / Very concerned / I prefer not to answer 

1. The potential for adverse psychological reactions in patients receiving CVD risk 28 
information. 29 

2. The impact of genetic variants with unknown significance on the current polygenic risk 30 
components. 31 

3. The impact of yet to be identified genetic variants on the outcome of the polygenic 32 
risk component of the CVD risk score. 33 

4. The variability of the CVD risk score prediction across populations. 34 
5. The score providing a risk estimate is calculated at a single time point. 35 
6. The possibility of risk estimates changing with age. 36 
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7. The potential adverse impacts on life or other insurance policies for patients receiving 1 
CVD risk information. 2 

8. The test results' usefulness in disease management and prevention. 3 
9. Do you believe there are additional concerns about the risk score that have not been 4 

mentioned above?  5 
No / Yes / I prefer not to answer 6 

If yes, please elaborate. 7 
 8 

BENEFITS 9 
___________________________________________________________________ 10 

In relation to the precision medicine-based CVD risk stratification tool proposed in the 11 
video, please select the corresponding box that BEST fits the level of benefit with 12 
each statement: 13 
 14 
Level of benefit Not beneficial at all / A little beneficial / Somewhat beneficial / 

Moderately beneficial / Very beneficial / I prefer not to answer 

10. Access to CVD screening approaches tailored to African populations. 15 
11. The provision of population-specific CVD risk estimates. 16 
12. The provision of genetic and environmental CVD risk information to clinicians. 17 
13. The provision of genetic and environmental CVD risk information to patients. 18 
14. The provision of information for family planning. 19 
15. The provision of information for other family members. 20 
16. Adaption of prevention and treatment strategies based on a patient's CVD risk 21 

score. 22 
17. Greater incentive for patients to adopt prevention options including lifestyle 23 

changes. 24 
18. Do you believe there are additional benefits about the risk score that have not 25 

been mentioned above?  26 

No / Yes / I prefer not to answer 27 

If yes, please elaborate. 28 
 29 

19. In relation to the precision medicine-based CVD risk stratification tool proposed, do 30 
you believe the expected health benefits outweigh the expected negative 31 
consequences to justify undertaking the risk assessment? 32 

Strongly disagree / Disagree / Neutral / agree / Strongly agree / I prefer not to answer 33 
 34 

CONFIDENCE IN APPLYING A PRECISION MEDICINE-BASED CVD RISK 35 
STRATIFICATION APPROACH 36 
___________________________________________________________________ 37 

If the precision medicine-based CVD risk stratification tool proposed in the video was 38 
available, please select the corresponding box that BEST fits your level of confidence 39 
with each statement: 40 
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Level of confidence Not confident at all / A little confident / Somewhat confident /  
Moderately confident / Very confident / I prefer not to answer 

1. SUGGESTING the CVD risk score assessment for a patient. 1 
2. INTERPRETING the results obtained from the CVD risk score test. 2 
3. SHARING a patient's CVD risk score test results with them. 3 
4. EXPLAINING a PATIENT'S RISK based on their CVD risk score test results. 4 
5. EXPLAINING the potential ADVERSE IMPACTS on life or other insurance 5 

policies for patients receiving CVD risk information. 6 

Level of comfort Not comfortable at all / Somewhat comfortable / Moderately 
comfortable / Very comfortable / I prefer not to answer 

6. If the precision medicine-based CVD risk stratification tool proposed was available, 7 
what is your level of comfort with adapting your PREVENTION STRATEGIES on the 8 
patient's CVD risk score results?  9 

7. If the precision medicine-based CVD risk  stratification tool proposed was available, 10 
what is your level of comfort with adapting your TREATMENT STRATEGIES based 11 
on the patient's CVD risk score results?  12 

 13 
EXPECTATIONS IN APPLYING A PRECISION MEDICINE-BASED CVD RISK 14 
STRATIFICATION APPROACH 15 
___________________________________________________________________ 16 

If the precision medicine-based CVD risk score is implemented on a population level 17 
to guide CVD prevention and screening programs, please select the corresponding 18 
box that BEST fits with the role clinicians will have? 19 
 20 
Envisioned role No role / Supporting role / Primary role / Unsure / I prefer not to 

answer 
 21 

1. CHOOSING the test for your patient 22 
2. REFERRING the patient to a genetic specialist or counsellor 23 
3. EXPLAINING the test to patients  24 
4. INTERPRETING test results  25 
5. SHARING results with patients 26 
6. GUIDING treatment approach 27 

7. If available, what is the likelihood that the  precision medicine-based CVD risk 28 
score will influence your patient care in the future?  29 

No difference / Unlikely / Very unlikely Likely / Very likely / I prefer not to answer 30 
 31 

8. If the precision medicine-based CVD risk score is developed, when do you 32 
believe such a program could be available in South Africa's public clinical 33 
setting?  34 

Less than 1 year / 1 to 2 years / 2 to 5 years / 6 to 10 years / More than 10 years / Not 35 
implemented / Other / I prefer not to answer 36 
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 1 
If other, please elaborate. 2 

 3 
9. If the precision medicine-based CVD risk score is implemented nationally to 4 

guide prevention and screening programs, who do you believe will need to 5 
fund the testing? 6 

National/provincial government / Private medical scheme /  Patients / All of the above  / 7 
Other / I prefer not to answer 8 
 9 

If other, please elaborate 10 
 11 

BARRIERS TO THE IMPLEMENTATION OF A PRECISION MEDICINE-BASED 12 
CVD RISK STRATIFICATION APPROACH IN PUBLIC PRACTICE 13 
___________________________________________________________________ 14 

Please select the corresponding box that BEST fits the level of impact each item may 15 
have on the ability to incorporate the precision medicine-based CVD risk stratification 16 
score into public practice. 17 
 18 

Level of impact No impact / Little impact / Some impact / Moderate impact / Strong 
impact / I prefer not to answer 

 19 

1. Shortage of healthcare personnel  20 
2. Shortage of genetic service capacity (specialists, counsellors, scientists, etc.) 21 
3. Limited access to genetic services 22 
4. Limited awareness of precision medicine 23 
5. Lack of precision medicine training or education 24 
6. Lack of clinical guidelines on precision-medicine based practice 25 
7. Competing health interests  26 
8. Physician time constraints 27 
9. Time required for patient education 28 
10. Cost of genomic testing 29 
11. Lack of a willing funder 30 
12. Questions about insurance coverage of the testing 31 
13. Patient's concerns about moral/ethical implications 32 
14. Cultural perceptions of genomic testing 33 
15. Do you believe there are additional barriers to incorporating the score than 34 

those not mentioned above?  35 

No / Yes / I prefer not to answer 36 
 37 

 If other, please specify. 38 

 39 

  40 
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S12. Correla�on matrix of study predictor variables for (A) Mean knowledge score 1 
(n=107), (B) Mean percep�on score (n=105), and (C) Mean confidence score (n=103) 2 

 3 

 4 

  5 
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S13: Mul�variate analysis of respondents' mean (SD) knowledge, confidence, and 1 
percep�on scores (n =104) 2 

Factor Effect 
group 

Reference 
group 

Model 
coefficients 
(95% CI) 

Standard 
error 

Standardized 
coefficients 
(β) 

p 
value 

Mean knowledge score (F-stat: 6.555,  p-value: 8.715 x 10-7, adj R-squared:  0.3014) 

Medical group  
Trainee Clinician 0.849 (0.15 – 

0.84) 0.176 0.326 
5.75 x 

10-

3*** 
Gender Male Female 0.083 (-0.14 - 

0.30) 0.111 0.062 0.459 

Clinical 
experience ≥ 8 years < 8 years 0.021 (-0.25 - 

0.29) 0.136 0.016 0.879 

Postgraduate 
qualification 

Yes No 0.242 (-0.02 - 
0.50) 0.130 0.183 0.065 

Medical 
research 
involvement 

Yes No 0.290 (0.03- 
0.55) 0.132 0.223 0.030 * 

CVD screening 
Yes 
Sometimes No 

0.203 (0.05 - 
0.45) 

0.074 (-0.20 - 
0.35) 

0.127 
0.137 

0.152 
0.052 

0.114 
0.592 

Genetics 
training  Yes No 0.758 (0.46- 

1.06) 0.151 0.434 
2.48 x 
10-6 

*** 

Mean perception score (F-stat: 2.962,  p-value: 5.391 x 10-3, adj R-squared:  0.1357) 

Medical group  Trainee Clinician 0.283 (-0.28 – 
0.84) 0.281 0.133 0.317 

Gender Male Female -0.216 (-0.57 – 
0.14) 0.179 -0.115 0.227 

Clinical 
experience ≥ 8 years < 8 years 0.088 (-0.36 - 

0.53) 0.224 0.048 0.694 

Postgraduate 
qualification Yes No 0.020 (-0.40 - 

0.44) 0.209 0.011 0.923 

Medical 
research 
involvement 

Yes No 0.371 (-0.05 -
0.79) 0.213 0.201 0.085 

CVD screening 
Yes 
Sometimes No 

0. 746 (0.34 - 
1.15)  

0.533 (-0.09 -
0.97) 

0.205 
0.222 

0.396 
0.263 

4.49 x 
10-4 

*** 
0.018 * 

Genetics 
training  Yes No 0.349 (-0.14 - 

0.84) 0.247 0.139 0.161 

Mean confidence score (F-stat: 2.797,  p-value: 8. 941 x 10-3, adj R-squared:  0.1279) 

Medical group  Trainee Clinician 0.658 (0.00 – 
1.32) 0.331 0.271 0.050 * 
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Gender Male Female -0.094 (-0.31 -
0.50) 0.183 0.044 0.1932 

Clinical 
experience ≥ 8 years < 8 years 0.034 (-0.54 -

0.48) 0.257 -0.016 0.8935 

Postgraduate 
qualification 

Yes No -0.010 (0.050 -
0.48) 0.247 -0.004 0.969 

Medical 
research 
involvement 

Yes No 0.928 (0.43 -
1.43) 0.252 0.443 

3.91 x 
10-4 

*** 

CVD screening 
Yes 
Sometimes No 

0.635 (0.17 -
1.10) 

0.369 (-0.14 -
0.88)  

0.236 
0.258 

0.298 
0.162 

8.46 x 
10-3 

*** 
0.155 

Genetics 
training  Yes No -0.058 (-0.61 -

0.50) 0.279 -0.020 0.837 

 1 

  2 
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S14: Clinician’s responses rela�ng to their expecta�ons of a PM-based CVD risk 1 
stra�fica�on tool in the South African public health se�ng) 2 

Variable Variable options Nn % 
Expected role (N =104) 

Choose the CVD 
risk score 

Primary 59 56.7 
Supporting 37 35.6 
Unsure 5 4.8 
No role 2 1.9 
I prefer not to answer 1 1.0 

Refer a patient for 
the CVD score 

Primary 75 72.1 
Supporting 23 22.1 
Unsure 3 2.9 
No role 2 1.9 
I prefer not to answer 1 1.0 

Explain CVD score 
results 

Primary 47 45.2 
Supporting 51 49 
Unsure 3 2.9 
No role 2 1.9 
I prefer not to answer 1 1.0 

Interpret CVD 
score results 

Primary 46 44.2 
Supporting 45 43.3 
Unsure 5 4.8 
No role 7 6.7 
I prefer not to answer 1 1 

Share CVD score 
results  

Primary 64 61.5 
Supporting 35 33.7 
Unsure 2 1.9 
No role 4 3.8 
I prefer not to answer 1 1.0 

Use the CVD score 
results to guide 
care approach 

Primary 72 69.2 
Supporting 24 23.1 
Unsure 3 2.9 
None 4 3.8 
I prefer not to answer 1 1.0 

Likely behaviour shift (N = 100) 

If available, likelihood 
CVD score will 
influence patient care 

Very likely 35 35.0 
Likely 54 54.0 
No difference 4 4.0 
Unlikely 4 4.0 
Very unlikely 3 3.0 

Funder (N =100) 

Funder 

National/provincial governments 36 36.0 
Private medical scheme 6 6.0 
Patients 4 4.0 
All of the above (Governments, Private medical 
schemes, and patients) 52 52.0 

Other 2 2.0 
Time horizon (N = 101) 

Time horizon 

Less than 1 year 1 1.0 
1 to 2 years 4 4.0 
2 to 5 years 21 20.8 
6 to 10 years 39 38.6 
More than 10 years 36 25.6 

3 
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Publication 4: supplementary materials 1 

S15: Search strategy  2 

Pubmed: Search: (comorbidity[Title/Abstract] OR comorbidity [Title/Abstract] OR 3 

multimorbidity[Title/Abstract] OR multimorbidity[Title/Abstract] OR "multiple chronic 4 

conditions"[Title/Abstract] OR "chronic conditions"[Title/Abstract] OR "chronic 5 

disease"[Title/Abstract] OR multipathology[Title/Abstract] OR 6 

polypathology[Title/Abstract]) AND (Africa OR African OR "African population" OR 7 

"African ancestry" OR "African-ancestry") Filters: Clinical Study, Comparative Study, 8 

Multicenter Study, Observational Study, Twin Study, Validation Study, Adult: 19+ 9 

years, from 2000/1/1 - 2022/6/30 10 

  11 
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S16: Variables captured during data capture 1 

No. Study Characteristic Characteristic variables (where applicable) 
1 Author(s)  
2 Author affiliation  
3 Publication year  
4 Study title  
5 Geographic region  Central Africa, East Africa, North America, etc. 
6 Geographic location Botswana, Malawi, Nigeria, UK, USA., etc.  

7 African ancestry 
population Continental, Diaspora, Both 

8 Aim (and objective)  
9 Study design  Cross-sectional, Experimental, Longitudinal, etc. 
10 Type of research Primary, secondary, Both 

11 Methodological 
approach  

12 Cohort/Database  

13 Cohort type Hospital-based, Population-based, Clinical database, 
etc. 

14 Data collection dates   
15 Data collected Socio-demographic, health history, medication, etc. 

16 Statistical analysis 
technique Regression analyses, machine learning, etc.  

17 Sample size  
18 Ancestry distribution European, African, Hispanic, etc. 
19 Age  
20 Mean age (SD)  
21  Sex distribution Male, Female, Unknown 
22 HIV distribution HIV +, HIV -, NA 
23 Urbanicity Urban, Rural, Both 
24 MM definition  
25 MM measure Disease counts, weighted indices, etc.  
26 MM prevalence  

27 No. of conditions 
assessed  

28 Diseases assessed  
29 Disease clusters assessed  

30 Prevalence of each 
disease   

31 Outcomes  
32 Exposure/mediators  
33 Key findings  

 2 

  3 
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S17: United Na�ons African subregions 1 

African region Included countries 

Northern  Algeria, Ceuta, Egypt,  Libya, Melilla, Morocco, Sudan, 
Tunisia 

Eastern Burundi, Comoros, Djibouti, Eritrea, Ethiopia, French 
Southern Territories, Kenya, Madagascar, Malawi, 
Mauritius, Mayotte, Mozambique, Reunion, Rwanda, 
Seychelles, Somalia, Somaliland, South Sudan, 
Tanzania, Uganda, Zambia, Zimbabwe 

Central Angola, Cameroon, Central African Republic, Chad, 
Congo, Democratic Republic of the  Congo, Republic of 
the Equatorial Guinea, Gabon, São Tomé and Príncipe 

Southern  Botswana, Eswatini (Swaziland), Lesotho, Namibia, 
South Africa 
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Top 15 disease groups responsible for morbidity, measured as Disability-adjusted life 2 
years (DALYs) in A. Sub Saharan Africa and B. Globally, between 2010 and 2019 3 

Data obtained from the Institute for Health Metrics and Evaluation (IHME). GBD 4 
Compare Data Visualisation. Seattle, WA: IHME, University of Washington, 2020.  5 

A: Diseases contributing to DALYs in Sub-Saharan Africa between 2010 to 2019 6 
by age.  7 
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B: Diseases contributing to DALYs globally between 2010 to 2019 by age.  1 
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