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ABSTRACT  

Introduction 

Cardiovascular diseases (CVDs) are a major cause of morbidity and mortality globally and in 

sub-Saharan Africa. Body mass index (BMI) is a crucial risk factor for non-communicable 

diseases, such as CVD. However, the genetic mechanisms by which it contributes to non-

communicable diseases are poorly understood. Multivariant recall by genotype (RbG) studies, 

using polygenic risk scores (PRS) offer an opportunity to unravel mechanistic insights into how 

BMI causes CVD. However, a major limitation is the poor performance of Europe-designed 

PRS in the African population. The aim was to compare the causal association and risk 

stratification of BMI PRSs using the RbG design in Africa’s East, South, and West regions. 

 

Methods 

This cross-sectional secondary data analysis study utilised the Africa Wits-INDEPTH 

Partnership for Genomic Research (AWI-Gen) data set to compare seven validated BMI PRS 

methodologies using the RbG approach to evaluate their utility for causal inferences in carotid 

intima-medial thickness (CIMT) and blood pressure (BP). The AWI-Gen data set comprised 

12,000 participants aged 29 and above from East, West and South regions of Africa. Linear 

regression was used for predictivity and causal inference analysis. Confounding analyses 

were performed using the T-test and the Chi-square test. BMI was an outcome variable, and 

PRSs were exposure variables. Age, sex, education and socioeconomic status were included 

as confounders. The analyses were performed for the entire study population and per region. 

 

Results 

In 10,457 continental Africans, we utilised the RbG approach to evaluate the causal 

association of BMI with average CIMT and BP. In linear models, BMI was positively associated 

with CIMT (in AWI-Gen: Beta 0.0022 (p<0.0001)) and blood pressure (In AWI-Gen: Beta 

0.5065 (p<0.0001) for diastolic BP; Beta 0.72667 (p<0.0001) for systolic BP) and African 
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regions. The predictivity of BMI PRSs was low, ranging from 0% for LDPred2_MA to 1.67% 

for PRSice_MAMA. In the RbG, the PRSs failed to control for confounding of all the covariates. 

 

Conclusion 

The BMI PRSs are not useful for stratification and causal inference through RbG due to their 

low predictivity in continental Africans. There is a need for genome-wide association studies 

(GWAS) in continental Africa, which could compute more predictive PRS that can be used in 

RbG approaches for causal inference. 

 

Keywords: Body mass index, Blood pressure, Cardiovascular disease, Carotid intima-media 

thickness, Recall by genotype 
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Chapter 1: Introduction 

1.1 Background 

Cardiovascular disease encompasses conditions that are associated with fatty deposits in 

arteries and increased risk for blood coagulation, resulting in heart attack and stroke. CVD has 

been a leading cause of death globally over the past three decades, although there has been 

a decline in the number of cases (Naghavi et al., 2024). In 2021, CVD accounted for 32% of 

deaths globally, with 20.5 million deaths (Lindstrom et al., 2022; Naghavi et al., 2024). Of these 

deaths, heart attack and stroke accounted for 85% (WHO, 2024). Furthermore, approximately 

4 out of 5 deaths occurred in low- and middle-income countries (WHO, 2024). The importance 

of addressing the CVD burden is underpinned by the United Nations Sustainable Development 

Goal Target 3.4. That requires a one-third reduction in premature death from non-

communicable diseases by 2030 (Bennett et al., 2018). This CVD burden can be addressed 

by handling modifiable risk factors. Among these, obesity is an important risk factor. In 2015, 

more than two-thirds of 4 million obesity related deaths were caused by CVD (Afshin et al., 

2017). Where CVD was the outcome and obesity the exposure. 

CVD poses a threat to the well-being of the individual and the public through the cost of 

medical care. To investigate public health intervention strategies, the mechanistic insights into 

why obesity is uniquely more prevalent in women than men in Africa (Ramsay et al., 2018) 

and how it causes cardiovascular diseases must be investigated to enable the design of 

targeted strategies. One way of investigating causal inferences of multifaceted disorders like 

obesity on cardiovascular disease is by using multivariate recall-by-genotype study designs 

based on polygenic risk scores. 

Polygenic risk scores (PRS) are the summation of risk for developing a particular trait or 

disease based on the aggregation of risk-associated alleles for that disease. PRS, a derivative 

of genome-wide association studies (GWAS), has opened an avenue for investigating the 

genetic contribution to non-communicable diseases or phenotypes and possible intervention 
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(Knowles & Ashley, 2018; Martin et al., 2018; McCarthy et al., 2008). One of the applications 

of PRS is in RbG studies, which involve sampling individuals from the tails of the distribution 

of the PRS associated with the trait of interest. This results in two groups of people, with high 

and low genetic susceptibility to the trait of interest and who have an equal distribution of 

confounding factors since this approach leverages Mendel’s principle of independent 

assortment. 

The RbG principle was illustrated by Corbin et al. (2018) where the top and bottom 30% were 

sampled by BMI (phenotype) and BMI PRS distributions, using the Avon Longitudinal Study 

of Parents and Children (ALSPAC). For the phenotype sampling, the confounding factors, 

alcohol, education and income, were significantly different for the people at the 30% tails of 

the distribution. However, this was contrary in the BMI PRS case, where confounders were 

observed to be insignificant in the recall strata. However, PRS performed very well in 

European, Asian, Oceanian and American settings due to the critical mass of GWAS, which 

is lacking in Africa (Chikowore et al., 2016; Kamiza et al., 2022; Majara et al., 2023). 

Nevertheless, low PRS predictivity and differential generalizability were observed with African 

populations across different regions. 

The poor performance of PRS in Africans is related to the Eurocentric development of the 

scores, the variability of genetic frequencies, different linkage disequilibrium (LD) patterns, 

and environmental exposures. PRS are most accurate when applied to European ancestry, 

contrary to African ancestry, due to the critical mass of GWAS used to compute these PRSs 

in this population, leading to Eurocentric study bias (S. M. Purcell et al., 2009). However, there 

is a case for including the African population because of the genetic diversity observed among 

the African population (Auton et al., 2015; Campbell & Tishkoff, 2008a; Henn et al., 2012). Moreover, 

an improved resolution to fine-map causal variants is observed because of shorter blocks of 

linkage equilibrium among African populations (Campbell & Tishkoff, 2008a).  

Several PRS methods have been developed to improve the portability of these scores in 

African populations. However, the impact of these methods in RbG studies to overcome 

confounding and their usefulness in causal inferences is yet to be determined. Our study set 
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out to evaluate the utility of selected PRSs computed through varied approaches in controlling 

confounding in the RbG study design in continental Africans. 

 

1.2 Literature review 

Disease aetiology has been investigated, especially in observational studies, using phenotypic 

expression, but a move toward the contribution of genetics is now being observed. These 

phenotypes have been utilised to stratify risk factors, understand disease aetiology and 

identify possible therapeutic interventions (Franks & Pomares-Millan, 2020). Although this 

approach is very effective, it is limited by confounding, thus, causality cannot be easily 

determined. However, genetic studies have created an avenue to study aetiology by stratifying 

based on genetic markers that are randomly attained at conception, independent of 

confounding factors. This type of study is summarised under RbG, which could be 

synonymous with random controlled trials (Purcell et al., 2009), with the advantage of 

eliminating confounding, reverse causation and therefore enabling causal inference. RbG can 

be based on a single or multiple gene associations (S. M. Purcell et al., 2009). In this literature 

review, we will outline RbG as a study design, especially in the realm of multiple gene studies, 

PRS computation methods, and risk factors for CVDs. 

 

1.2.1 Recall-by-Genotype as a Study Method 

Recall-by-Genotype is a design that can exploit genetic traits that have been associated with 

disease/risk factors identified by GWAS to enable an explanation of mechanisms related to 

genetic traits and to allow causal inference (Corbin et al., 2018). RbG can be applied to a 

single variant or multiple variant studies, where the former involves stratifying research 

participants based on the presence or absence of a genetic trait similar to case-control studies. 

Contrary to the latter, which will be the focus of this study, where the summation of associated 
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traits is utilised to compute a PRS. The stratification of research participants is achieved by 

utilising the subgroups of the extreme phenotypic expression (Corbin et al., 2018a). This 

approach enables the use of a limited number of participants with exact phenotypic expression 

while not being affected by confounding. Other advantages include enabling causal inference 

while maintaining statistical power. Although small participant numbers are utilised, a large 

pool of GWAS studies is required to select the population of interest, which is not found among 

African populations (Corbin et al., 2018a; Majara et al., 2023). This is caused by the cost 

associated with GWAS studies. However, this scenario is slowly changing as the associated 

cost is slowly decreasing, and more African researchers are involved in these genetic studies. 

Another limiting factor to the application of PRS to the African population is transferability from 

one population to the next, which is related to how PRS are calculated among others. 

 

1.2.2 Polygenic risk score computation 

Polygenic risk scores have variable predictivity across populations because of the population 

from which they were constructed, the type of genetic traits, and the method of calculation 

(Chikowore et al., 2016; Kamiza et al., 2022; Majara et al., 2023). BMI or other complex 

diseases are illuminated by a myriad of genetic variants that explain a small portion of their 

trait variation. Therefore, PRS utilises the combined effects of the variants to describe the 

variants of specific phenotypes. The computational applications of PRS and their underlying 

genetic traits bear on the interpretation of study results. Hence, evaluating different PRS may 

explain whether they can still eliminate confounding and be used for causal inference despite 

their variable and low predictive index. 

GWAS provides information on numerous genetic variants contributing to the risk of complex 

diseases. Using the associated genetic variants, PRS, can calculate genetic disease 

susceptibility. The calculations are based on genetic variants' allele numbers, weighted by the 

variant's effect, estimated from GWAS data. PRS computation methods are derived from 
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GWAS summary statistics of single-discovery or multi-ancestry discovery samples, with 

LDpred2 (Privé et al., 2021) and PRS-CSx  (Ruan et al., 2022) as respective examples. 

The PRSs included the following calculation methods: LDpred2, PRSCSx, PRSice, clumping 

and thresholding. LDpred2 is a modification of LDpred1 (Vilhjálmsson et al., 2015), based on 

summary statistics and an LD matrix. The modification involved estimating the sparsity p, the 

SNP heritability h2, and providing a sparse effects vector. Furthermore, PRS-CSx is an 

extension of PRS-CS, which integrates multi-ancestry GWAS summary statistics and uses a 

shared continuous shrinkage before coupling single-nucleotide polymorphism effects across 

different populations (Ruan et al., 2022). PRS-CS (Ge et al., 2019) utilises a Bayesian 

polygenic modelling and prediction framework. PRSice employs P-value thresholding (P + T) 

and linkage disequilibrium (LD) clumping. CT-SLEB is a multi-ancestry PRS method that 

entails three main steps (Choi & O’Reilly, 2019). Clumping and thresholding to select SNPs, 

the empirical-Bayes method to estimate the effect sizes for the SNPs, and super-learning to 

combine PRS under tuning parameters (H. Zhang et al., 2023a). 

The seven selected PRSs in this study were multi-ancestral and used different calculation 

methods as depicted in the preceding paragraph. The method selection was to evaluate if the 

calculation methods, the number of variants, the source of variant association and the ancestry 

target of computation would make a difference as these were varied, see Table 1 (submissible 

article) for further details (Chikowore et al., 2024; Shim et al., 2023; Zhang et al., 2023) . The 

selected PRS were as follows: PGS003844 (CT_AFR), PGS003848 (CTSLEB_AFR), 

PGS003845 (LDPred2_AFR), PGS03848 (LDPred2_MA), PGS003847 (PRSCSx _AFR_ltd), 

PGS003884 (PRSCSx_His/Lat_AFR-EUR), and PGS004902 (PRSCice_MAMA). These 

PRSs were multi-ancestral and computed for the African population, as indicated by the 

African 100% in the computation column. 

 

  



6 
 

1.2.3 Cardiovascular risk factors 

The risk factors for CVD can be summarised into modifiable categories, including behavioural, 

intermediate/metabolic, and environmental factors, and unmodifiable categories, including 

sex, age, and family history (genetics) (WHO, 2024; World Heart Federation, 2023). The 

behavioural risk factors include smoking, physical inactivity, a high-sodium diet, and high 

alcohol consumption. These behaviours lead to changes in the intermediate risk factors that 

can be assessed to estimate the risk of CVD development (WHO, 2024). These risk factors 

include obesity, measured by body mass index, hypertension, diabetes, and 

hypercholesterolaemia (World Heart Federation, 2023). The environmental risk factor is 

ambient air pollution. It is also essential not to overlook the underlying determinants of CVDs 

that play a significant role. These determinants include urbanisation, an ageing population, 

poverty, stress, hereditary factors, and globalisation (World Heart Federation, 2023). 

 

1.2.3.1 Body mass index 

Obesity, computed by body mass index (BMI), is a common global phenomenon that varies 

among different regions and is associated with mortality and morbidity of different non-

communicable diseases. Obesity’s importance is highlighted by its inclusion in the World 

Health Organization’s target for global non-communicable diseases (Kontis et al., 2014). 

Globally in 2015, approximately 101.1 to 115.1 million children and 592.9 to 615.6 million 

adults, that is an overall prevalence of 5% and 12% among children and adults, respectively 

(Afshin et al., 2017). Obesity among adults was generally higher in females than in men, 

contrary to those under 20 years, where a sex difference was not observed. The peak obesity 

prevalence was 60 to 64 years for females and 50 to 54 years for males. The prevalence of 

obesity among males and females in East, South, and West Africa is 5-10% and 15-20%, 10-

15% and >35%, and 5-10% and 5-20%, respectively (Afshin et al., 2017). 

Besides sex, age and regional variation, high BMI is a risk factor for CVD (Singh et al., 2013), 

diabetes (Singh et al., 2013), kidney disease (Singh et al., 2013), cancers (Lauby-Secretan et 

al., 2016) and other disorders. In 2015, high BMI was responsible for 4 million deaths and 120 
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million disability-adjusted life-years (DALY) of any cause globally, which represents 7.1% and 

4.9%, respectively(Afshin et al., 2017) . The leading cause of death and DALY related to high 

BMI was cardiovascular diseases, responsible for 2.7 million deaths and 66.3 million DALY 

globally. Obese persons accounted for 41% and 34% of BMI-related deaths and DALY, 

respectively (Afshin et al., 2017). 

 

1.2.3.2 Hypertension 

Hypertension is a preventable risk factor for premature death and a major risk factor for CVD 

globally. In 2019, approximately 10.8 million deaths were attributed to hypertension (Abbafati 

et al., 2020). Approximately 50% of all heart disease and stroke-related deaths are attributed 

to hypertension (WHO, 2013). From 1990 to 2015, there has been an increase in the number 

of people with hypertension (Forouzanfar et al., 2017). There are more than one billion people 

globally living with hypertension(Zhou et al., 2017), which accounts for more than 20% of CVD 

(Yusuf et al., 2020). Three-quarters of people with hypertension are found in low and medium-

income countries (Zhou, Carrillo-Larco, et al., 2021; Zhou, Perel, et al., 2021). The prevalence 

of hypertension in women was 48%, and in males was 34%, in sub-Saharan Africa in 2019 

(Zhou, Carrillo-Larco, et al., 2021). The major drivers for the increase include age, population 

growth, and behavioural factors like increased alcohol consumption, suboptimal nutrition and 

obesity (WHO, 2013). 

 

1.3 Carotid intima-media thickness as a Surrogate Marker for CVD 

Atherosclerosis is characterised by thickening of the arterial wall and is measured by a non-

invasive procedure, CIMT. CIMT has been proposed as a surrogate marker for subclinical 

atherosclerosis (Touboul, Grobbee, et al., 2012; Willeit et al., 2020) and has been associated 

with CVD (Chambless et al., 2000; Elias-Smale et al., 2012; Kitamura et al., 2004; Rosvall et 

al., 2005). Furthermore, CIMT has been associated with CVD risk prediction in diabetes (Sibal 
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et al., 2011), chronic kidney disease (Lawal et al., 2019) and intervention evaluation (Willeit et 

al., 2020). The CIMT prediction risk can be improved by combining it with the carotid plaque 

formation assessment (Ho, 2016; Nambi et al., 2010) and other risk factors (Elias-Smale et 

al., 2012). The association with CVD is seen in different races (Kitamura et al., 2004; Pflederer 

et al., 2016), including Africans (Holland et al., 2009; Mohamed et al., 2022; Villines et al., 

2017).  

 

1.4 Conceptual framework 

Cardiovascular diseases are precipitated by atherosclerotic plaque formation, leading to blood 

vessel narrowing and decreased tissue blood flow distal to the plaque (Ajoolabady et al., 

2024). The development of CVDs depends on non-modifiable and modifiable risk factors 

(Lucas-Herald & Delles, 2022a). As depicted in Figure 1.1, obesity is influenced by genetic 

factors, age, hypertension and sex. In addition, obesity plays a role in increasing CIMT, and it 

can lead to CVD development. At the same time, hypertension can increase CIMT, which can 

lead to CVD development. Thus, we are looking into the association between BMI and BP and 

CIMT, using PRS as predictors. 

The genetic contribution to increased CVD risk can be summarised using PRS to assess the 

impact of genetic background. This is especially important in the studied population, as 

hypertension is a significant risk factor in people of African descent (Olowoyo et al., 2025). 

Furthermore, obesity, which affects low- and middle-income countries, is an important factor 

to consider (WHO, 2024). Hypertension and BMI are directly linked to increased CIMT and 

can influence each other, thereby increasing the risk of CVD, as shown in Figure 1.1. 
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Figure 1.1: Conceptual framework of the proposed relationship between BMI, 

hypertension, CIMT, and CVD (Lucas-Herald & Delles, 2022b) 

 

1.5 Problem statement 

Polygenic risk scores have been noted to perform poorly in people of African descent and to 

vary in predictivity ability across different African regions. The multi-ancestry PRS prediction 

has been reported at a 4.5-fold (Martin et al., 2019) and 7.2-fold (0.93% vs 6.72%) lower rate 

in Africans compared to Europeans (Chikowore et al., 2024). Currently, several approaches 

are being developed and are promising to improve PRS predictivity. However, the optimum 

PRS approaches for RbG designs are yet to be clarified in Africa (Ruan et al., 2022). It is 

unclear how low and variable PRS predictivity impacts the RbG approach’s ability to stratify 

individuals, control for confounding, and determine causal association in the African 

population.  
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1.6 Justification  

The ability of these PRS to stratify and be implemented in causal inference studies may 

contribute to shedding mechanistic insights into how BMI causes cardiovascular diseases and 

thus lead to the discovery of more relevant and applicable interventions to address the CVD 

burden (WHO, 2024) in Africa. Furthermore, the stratification in Africans will shed light on the 

genetic contribution, especially due to the genetic diversity encountered (Campbell & Tishkoff, 

2008a). Moreover, due to the burden of obesity (Afshin et al., 2017) and hypertension (Zhou, 

Carrillo-Larco, et al., 2021) on the healthcare system, such effective solutions can decrease 

morbidity and thus healthcare costs in the Sub-Saharan healthcare system, which is under 

pressure. The PRS could also be utilised to design genetic evidence-based interventions to 

advance precision medicine on the African continent. 

 

1.7 Research question 

Are PRSs derived from BMI causally associated with cardiovascular disease in East, West, 

and Southern Africa? 

 

1.7.1 Aim  

To compare the causal association and risk, stratification of BMI PRSs surrogate with 

cardiovascular markers (CIMT and BP) using the RbG design in Africa’s East, South, and 

West regions  

 

1.7.2 Objectives 

1. To describe the population based on sex associated with cardiovascular risk markers 

and potential confounding factors in Africa’s East, South, and West regions. 

2. To evaluate the risk stratification of seven BMI PRS with cardiovascular markers using 

RbG design in Africa’s East, South and West regions. 
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3. To evaluate the causal association of seven BMI PRS with cardiovascular markers

using RbG design in Africa’s East, South and West regions.
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Abstract 

Cardiovascular disease (CVD) is the foremost cause of death worldwide. Epidemiological 

studies prone to bias have indicated body mass index (BMI) as a key risk factor. Recall by 

genotype (RbG) studies that use polygenic risk scores have been used to evaluate the causal 

association of BMI and CVD outcomes in Europeans. However, this approach is yet to be 

evaluated in continental Africans. 

In 10,457 continental Africans, we used the RbG approach to evaluate the causal association 

of BMI with average carotid intima-media thickness (CIMT) and blood pressure (BP). We also 

used seven PRS for BMI computed through multiple approaches from the PGS catalog. 

In linear models, BMI was positively associated with CIMT (In AWI-Gen: Beta 0.0022 

(p<0.0001)) and BP (In AWI-Gen: Beta 0.5065 (p<0.0001) for diastolic BP, Beta 0.72667 

(p<0.0001) for systolic BP) and African regions. The predictivity of BMI PRSs was low, ranging 

from 0 to 1.67%. In the RbG, the PRSs failed to fully control for confounding of the covariates. 

The BMI PRSs are not yet useful for causal inference through RbG due to their low predictivity 

in continental Africans. There is a need for GWAS studies in continental Africa, which can be 

used to compute more predictive PRS that can be implemented in RbG approaches for causal 

inference. 

 

Keywords: Body mass index, Blood pressure, Cardiovascular disease, Carotid intima-media 

thickness, Recall by genotype 

 

Introduction 

Cardiovascular diseases are among the leading causes of morbidity and mortality globally and 

in Sub-Saharan Africa (SSA). In 2021, 205 million deaths occurred, and approximately 80% 
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of the deaths occurred in low- and middle-income countries (Lindstrom et al., 2022). The 

health systems in SSA are stretched, and poverty levels are high, further compounding the 

problem. Therefore, there is an urgent need to address this situation in SSA. Understanding 

the causal risk factors for CVD will help inform evidence-based medicine interventions to curb 

this burden. 

Epidemiology studies have discovered that risk factors for CVD include high blood pressure, 

obesity, family history of CVD, inactivity, smoking, diabetes, age, gender, and others (Bays et 

al., 2021). However, observational studies are biased by confounding. This challenge can be 

overcome by conducting randomised controlled trials (RCTs), as the randomisation of 

participants minimises selection bias and enhances causal inference. However, RCTs are not 

plausible to conduct in certain instances, such as when it is not ethical to expose people to a 

particular risk factor to determine its causal association with CVD (Saldanha et al., 2022).  

Recently, genetic studies have been employed to evaluate causal inferences, using genetic 

variants that are assigned randomly at birth, based on Mendel's laws of inheritance (Corbin et 

al., 2018b; Wade et al., 2018). Current approaches include Mendelian randomisation (MR) 

and recall by genotype (RbG). MR approaches have been extensively evaluated, and the utility 

of RbG in continental Africans remains to be explored (Corbin et al., 2018b). RbG studies 

involve sampling individuals from the tails of the normal distribution of the polygenic risk score 

(PRS) associated with the trait of interest. This results in two groups of people with high and 

low genetic susceptibility to the trait of interest, and who have an equal distribution of 

confounding factors since this approach leverages Mendel’s principle of the random 

assortment. This approach achieves randomisation and control for confounding, like RCT 

(Corbin et al., 2018b). We set out to evaluate how PRS computed through multiple 

approaches, leveraging the RbG approach, can be used to evaluate the causal association of 

BMI with CIMT and BP in continental Africans. 

 



24 
 

Materials and methods 

Study design and population 

Our study was a cross-sectional secondary data analysis study in the Africa Wits-INDEPTH 

partnership for genomic studies (AWI-Gen). AWI-Gen study was a population-based 

longitudinal study that involved six study sites, which represented East Africa (Nairobi - 

Kenya), South Africa (Agincourt, Dikgale and Soweto) and West Africa (Nanoro - Burkina Faso 

and Navrongo - Ghana) (Ali et al., 2018; Ramsay et al., 2018). Phenotypic and genotypic data 

to assess risk factors and endpoint cardiometabolic disease in East, South and West African 

regions were undertaken in 10,457, aged 29 years and older (Ramsay et al., 2018).  

 

Genetic data 

Genomic DNA was isolated and purified from nucleated buffy coat cells using automated and 

manual methods as described by Ali et al. (2018). Three methods were used for the quality 

control of the genomic DNA.  

Quality Control: 

Genotype data from about 11,000 samples were initially generated on the 2.3 million single-

nucleotide polymorphisms (SNPs) H3Africa array (https://chipinfo.h3abionet.org). The data 

were subjected to QC using the H3ABioNet/H3Agwas QC pipeline 

(https://github.com/h3abionet/h3agwas/tree/master/qc) (Baichoo et al., 2018; Brandenburg et 

al., 2022), resulting in a cleaned dataset of 10,903 samples and 1.7 million SNPs. 

Genotype Imputation:  

Imputation was performed on the cleaned dataset with 1,729,661 SNPs and 10,903 remaining 

after quality control. To enhance genomic coverage for fine-mapping, imputation was 

performed using the EAGLE2 (Loh et al., 2016) + PBWT pipeline at the Sanger Imputation 

Server with the African Genome Resources reference panel (Wang et al., 2024). Post-

imputation filtering (removing indels and rare/low-quality SNPs) yielded a final set of 

13,976,041 SNPs (MAF> 0.01 and info score > 0.6) (Choudhury et al., 2022). 
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Final GWAS Cohort:  

The final GWAS was conducted on the GRCh37/hg19 assembly, including 10,775 participants 

who possessed reliable phenotype and genotype data. 

 
Assessment of cardiovascular outcomes (BP and CIMT), exposure variable (BMI) and 

covariate (SES) 

A dual B-mode ultrasound was used to determine CIMT, as described by Ali et al. (2018). The 

average left and right CIMT was used to compute the average CIMT used in this study. 

Mannheim Consensus was used for CIMT data interpretation and quality control (Touboul, 

Hennerici, et al., 2012).  

Trained health care providers used a digital sphygmomanometer to measure BP. A 

standardised method was used, and participants were advised about precautionary measures 

to ensure accuracy (Ali et al., 2018). Duplicate BP readings were obtained after a five-minute 

rest period, and an average was reported. 

For BMI assessment, a wall-mounted Harpenden digital stadiometer (Holtain, Wales) and 

digital Physician Large Dial 200 kg capacity scales (Kendon Medical, South Africa) were used 

to determine the height and weight of participants, respectively (Ali et al., 2018). Precautionary 

measures were undertaken to ensure accurate measurements, like heels touching the wall, 

removing heavy clothing and shoes. BMI was calculated by dividing the weight in grams by 

height in meters squared. 

Socioeconomic status (SES) was determined by counting the household appliances, indirectly 

estimating the income (Ali et al., 2018). Thus, it is expressed as a continuous variable. 

 

Computation of Polygenic Risk Scores 

The seven pre-validated BMI PRS utilised for comparison were obtained from the PRS catalog 

(https://www.pgscatalog.org/search/?q=bmi). These PRS scores were applied to the AWI-

Genstudy data using PLINK 2 software (Purcell et al., 2007). Table 1 depicts information 

related to the selected PRS methodologies and their development. 
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Table 1: PRS methods development information of the seven utilised for the analysis 

Polygenic risk 
score  

Calculation 
Parameters 

Number 
of 
variants 

Source of variant 
Association 
(GWAS) 

Ancestry of the target 
dataset during 
computation. 

PGS003844 (H. 
Zhang et al., 
2023b) 
(CT_AFR_87) 

“clumping window 
size=500kb, clumping 
r2=0.1, p-value 
threshold = c(5E-
08,5E-07,...,0.5,1)” 

87 African 100% African American or 
Afro-Caribbean 

PGS003845 (H. 
Zhang et al., 
2023b) 
(LDpred2_AFR) 

“causal SNPs portions 
vary with length 17 that 
are evened spaced on 
a logarithmic scale 
from 1E-04 to 1” * 

752 209 African: 100% African: 100% 

PGS003846 (H. 
Zhang et al., 
2023b) 
(LDpred2_MA) 

“Linear weight 
combination of the best 
single ancestry 
LDpred2” * 

817 198 Multi-ancestry 
(including 
European): 100% 

African: 100% 

PGS003847 (H. 
Zhang et al., 
2023b) 
(PRSCSx_AFR
_ltd) 

“gamma-gamma prior 
hyperparameters a and 
b to default values of 1 
and 0.5, respectively. 
Parameter phi is varied 
over the default set of 
values 1E-06, 1E-04), 
1E-02), and 1” * 

300 864 Multi-ancestry 
(including 
European): 100% 

African: 100% 

PGS003848 (H. 
Zhang et al., 
2023b) 
(CTSLEB_AFR) 

“w_b= (50kb, 100kb), 
clumping r2=(0.01, 
0.05, 0.1, 0.2, 0.5, 0.8), 
clumping window size 
= w_b/r2, p-value 
threshold = c(5E-
08,5E-07,...,0.5,1), the 
super leaner method 
was set to be glmnet 
and ridge to obtain 
linear weight” * 

741 732 Multi-ancestry 
(including 
European): 100% 

African: 100% 

PGS003884 
(Shim et al., 
2023) 
(PRScsx_His/L
at_AFR_EUR) 

“a=1, b=0.5, phi=auto” 1 067 771  “Hispanic or Latin 
American: 44.5% 
African: 34.7% 
Multi-ancestry 
(excluding 
European): 9.4%  
Additional Diverse 
Ancestries: 9.3% 
Not Reported: 
2.1%” * 

Greater Middle Eastern: 
100% 

PGS004902 
(Chikowore et 
al., 2024) 
(PRSice_MAM
A) 

“LD r2=0.8, clumping 
distance=250kb; p 
value threshold = 
0.024” * 

322 639 “East Asian: 71.4% 
African: 14.1% 
Hispanic or Latin 
American: 9.9% 
Multi-ancestry 
(excluding 
European): 2.1%  
Additional Diverse 
Ancestries: 2.1% 
Not Reported: 
0.5%” * 

African: 100% 

* Methodology data in the table is obtained from (https://www.pgscatalog.org/search/?q=bmi) 
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Statistical Analysis 

Descriptive statistics 

The outcome variables (CIMT and BP), exposure variable (BMI) and covariates (age, 

socioeconomic status (SES), education level, and African regions) were stratified by sex. 

These included comparisons using a t-test for continuous variables (age, BP, BMI, CIMT, SES) 

by sex, and a chi-square test for categorical variables (education level, region). Statistical 

analyses were performed using Stata ®18. 

Linear models for outcome association and PRS predictivity 

Linear regression models were conducted with either CIMT or BP as an outcome variable and 

BMI as an exposure, while adjusting for covariates (age, education, SES, sex, and region) 

included in the model. For PRS predictivity evaluation, linear regression models with BMI as 

an outcome and the covariates (age, sex, education, SES and genetic principal components 

(PC) 1 to 5) as predictors formed the null model. The five PC were utilised as the addition of 

PC 6 to 10 did not add value to the observed variation. For the full model, a linear regression 

for BMI as an outcome and the covariates and each PGS as the predictor. Predictivity of the 

PRS was calculated as adjusted residual incremental variance = R2 (Full model) – adjusted 

R2 (Null model). 

 

Confounding evaluation using recall by genotype 

We assessed whether confounding was accounted for when the selected PRS were utilised 

in the following RbG approach. The data was divided into deciles based on BMI PRS, and the 

top and bottom 10% of BMI PRS. This was followed by comparing whether the confounders 

(covariates) in the RbG strata (bottom 10% of the PRS vs top 10%) differed significantly among 

the seven BMI PRS approaches. The 10% threshold was selected because the sample size 

was large, and to ensure the furthest population within the distribution will be included. This 

was done using the T-test for continuous variables and the Chi-square test for categorical 

variables.  
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Causal Inference Analysis 

Linear regressions with CIMT and BP as outcome variables, and BMI as exposure variables, 

while correcting for covariates (PRS, age, SES, education), were used to evaluate the 

associations of the RbG category of each of the seven PRS. The data was summarised 

employing Forest plots, using the beta coefficient and confidence intervals. The linear 

regression assumptions results are presented in the supplementary table (Table S8). 

Results 

Descriptive statistics 

The AWI-Gen data set used for analysis consisted of 10,457 participants (45% males) with 

1,767, 4,823 and 3,867 participants from the East, South and West regions, respectively. Age 

was not statistically different between males and females, as depicted in Table 2. The mean 

average CIMT, SES, diastolic and systolic BP were statistically significantly higher in males, 

while females had a higher mean BMI. More males were found in the higher education levels 

than females. 
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Table 2: Population descriptive statistics of the AWI-Gen dataset used for analysis 
Variables Men 

n  
median (IQR) 

n [%] 

Women 
N 

median (IQR) 
n [%] 

p-value 

Age 4 713 
50.0 (45.0 – 56.0) 

5 774 
51.0 (45.0 – 56.0) 

0.1089 

BMI 4 583 
21.8 (19.6 – 24.9) 

5 574  
25.5 (20.9 – 31.9) 

0.0001 

CIMT (average) 3 555 
0.63 (0.56 – 0.72) 

4 352  
0.62 (0.56 – 0.71) 

0.0064 

DBP 4 702 
78.5 (70.5 – 88.0) 

5 739  
77.5 (69.5 – 87.0) 

0.0003 

SBP 4 702 
123.5 (111.5 – 138.0) 

5 735 
121.0 (107.5 – 137.0 

0.0001 

SES 4 682  
10.0 (8.0 – 13.0) 

5 570  
9.0 (7.0 – 11.0) 

0.0001 

Education 
No primary 
Primary 
Secondary 
Tertiary 

 
1 519 [32.5%] 
1 311 [28.0%] 
1 591 [34.0%] 
     255 [5.5%] 

 
2 282 [41.4%] 
2 072 [37.6%] 
1 073 [19.5%] 
       80 [1.5%] 

 
0.0001 

Regions  
East 
South 
West 

 
   805 [17.0%] 
2 025 [43.0%] 
1 883 [40.0%] 

 
   962 [16.8%] 
2 798 [48.7%] 
1 984 [34.5%] 

0.0001 

BMI = body mass index, CIMT = carotid intima-media thickness, DBP = diastolic blood 
pressure, IQR = 25th – 75th percentile; SBP = systolic blood pressure, SES = socioeconomic 
status, SD = standard deviation, X = mean. 

 

Association of BMI with CIMT and BP 

BMI was positively associated with CIMT as determined by linear regression controlling for 

age, education, region, SES and sex. The association was observed for the entire AWI-Gen 

and African regions, as depicted in Figure 1 (Table S1). 
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Figure 1: BMI association with average CIMT in AWI-Gen, East, South and West African 
regions. Linear regression results with CIMT as an outcome variable and BMI as an exposure 
variable, with covariates (age, education, region, SES, sex) included in the model. CIMT = 
carotid intima-media thickness. CIMT_aver = average (left and right) carotid intima-media 
thickness. The x-axis presents the beta coefficient and the 95% confidence interval, y-axis 
presents total (AWI-Gen) and regional (East, South & West) populations. 

 

Diastolic and systolic blood pressure were positively associated with BMI as determined by 

linear regression, controlling for age, education, region, SES and sex. The association was for 

the entire AWI-Gen and regions, as depicted in Figure 2 (Table S1). 
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Figure 2: BMI association with diastolic and systolic blood pressure in AWI-Gen, East, South 
and West African regions. Linear regression results with diastolic or systolic blood pressure 
as an outcome variable and BMI as an exposure variable, with covariates (age, education, 
region, SES, sex) included in the model. bp_dia = diastolic blood pressure, bp_sys =systolic 
blood pressure. The x-axis presents the beta coefficient and the 95% confidence interval, y-
axis presents total (AWI-Gen) and regional (East, South & West) populations. 

 

Predictivity and decile analysis results 

All PRSs showed transferability except for the BMI PRS developed by Zhang et al. (2023), 

using LDpred2; full and null models adjusted R2 were the same, as shown in Figure 3 (Table 

S2). By total population and regional analysis, all PRSs were statistically significant in their 

models except CT_AFR_87 and LDpred2_AFR in the East region. PRScsx_His/Lat_Afr_Eur 

(1.08% in East region) and PRSice_MAMA (1.67% in South and 1.43% in West region) 

showed the highest predictivity in all analyses. However, PRSice_MAMA predictivity was lower 

for the Eastern region. 
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Figure 3: BMI PRS Predictivity summary of the entire AWI-Gen study (n = 9,842), East (n = 
1,745), South (n = 4,418) and West (n = 3,719) populations. Predictivity = full – null model 
adjusted R2. Full model = Body mass index, PRS (CT_AFR_87 or other), age, sex, education, 
socioeconomic status, principal components 1 to 5; Null model = BMI, age, sex, education, 
socioeconomic status, principal components 1 to 5 (all variables except the PRS). * Indicates 
the statistical significance of the PRS in the model, while ‘ns’ indicates not significant. 

 

For all regions and AWI-Gen, PRScsx_His/Lat_Afr_Eur was the most predictive of BMI, 

accounting for 3.7 kg/m2 (14%) trait variance, with a large BMI difference between the bottom 

10% and top 10%, as depicted in Figure 4 (Table S3a-d). For PRSice_MAMA and 

CTSLEB_AFR, the significant increase was found in AWI-Gen and the South region. The 

highest mean difference was observed in AWI-Gen (20% or 5.4 kg/m2). Furthermore, 

PRSCSx_AFR_ltd also showed a statistically significant increase in AWI-Gen. However, it 

should be noted that the other changes were below ten per cent. 
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Figure 4: Comparison of the mean BMI of the bottom and top 10% deciles of the population stratified by PRSs within the AWI-Gen population 
and per region by ANOVA with Bonferroni correction. The y-axis presents the mean, and error bars indicate the 95% confidence interval (CI). The 
data is grouped by study population, presented on the right side.  The x-axis represents the different PRSs used for stratification.
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Confounding evaluation 

For AWI-Gen, all PRSs showed statistically significant differences among the covariates, as 

depicted in Figure 5 (Table S4). For the East region, the only PRS that did not have a 

statistically significant difference among the covariates was PRSCSX_His/Lat_Afr_Eur. A 

similar pattern was observed for the South and West regions, where CT_AFR_87, 

CTSLEB_AFR, LDpred2_AFR, and PRSCSX_His/Lat_Afr_Eur did not have statistically 

significant differences among the covariates. LDpred2_MA had statistically significant 

differences in all regions, while PRSCSX_His/Lat_Afr_Eur did not have statistically significant 

differences in the East region. Age and sex were not statistically different for PRSice_MAMA, 

in the South and West regions. Education and SES showed a statistically significant difference 

in the South region, while SES was observed in the West region. 
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Figure 5: Comparison of p-values of confounders (covariates) in BMI PRS organised deciles one and ten based on the RbG study design for the 
AWI-Gen and regional populations. The covariates compared the top and bottom 10% based on age and SES, utilising a T-test. Sex, education, 
and regions were compared using the Chi-square. Region analysis was only performed for AWI-Gen.
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A statistically significant positive association of CIMT was found with CTSLEB_AFR in AWI-

Gen and CT_AFR_87 in the South population, as shown in Figure 6 (Table S5). However, no 

PRS controlled for confounding in AWI-Gen (Figure 5 & Table S4). The bottom and top 10% 

did not differ significantly for CT_AFR_87 for the South region (Figure 4 & Table S3c). Although 

a statistically negative association of CIMT and LDpred2_MA for both AWI-Gen and the South 

region was found. It should be noted that LDpred2_MA did not control for confounding (Figure 

5 & Table S4), was not predictive (Figure 3 & Table S2), and the mean BMI for the top 10% 

was lower than the bottom 10% (Figure 4 & Table S3a). 
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Figure 6: Forest plot causal association evaluation using BMI PRS deciles and average CIMT. The evaluation utilised linear regression with CIMT 
as the outcome variable and BMI PRS as the exposure variable, correcting for confounding (age, education, region (only AWI-Gen), SES, sex). 
Two PRSs for both AWI-Gen and the South region showed an association. The results are presented for the AWI-Gen and regional populations 
(y-axis). The x-axis presents the beta coefficient and the 95% confidence interval.



38 

A statistically significant positive association between BMI PRS top and bottom 10% and 

diastolic BP for CTSLEB_AFR in AWI-Gen and the East population was found, as presented 

in Figure 7 (Table S6). However, no PRS controlled for confounding in AWI-Gen (Figure 5 & 

Table S4). A statistically negative association between diastolic BP and LDpred2_MA was 

observed for both AWI-Gen and the South region. However, LDpred2_MA did not control for 

confounding (Figure 5 & Table S4), was not predictive (Figure 3 & Table S2), and the mean 

BMI for the top 10% was lower than the bottom 10% (Figure 4 & Table S3a, c). 
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Figure 7: Forest plot causal association evaluation using BMI PRS deciles and diastolic blood pressure. The evaluation utilised linear regression 
with diastolic blood pressure as the outcome variable and BMI PRS as the exposure variable, correcting for confounding (age, education, region 
(only AWI-Gen), SES, sex). Two PRSs in AWI-Gen and one in the East and South regions showed associations. The results are presented for 
the AWI-Gen and regional populations (y-axis). The x-axis presents the beta coefficient and the 95% confidence interval. 
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A statistically significant positive association was observed with BMI PRS top and bottom 10% 

and systolic BP for CTSLEB_AFR in AWI-Gen and the East population, plus LDpred2_ARF 

for East, as presented in Figure 8 (Table S7). However, no PRS controlled for confounding in 

AWI-Gen (Figure 5 & Table S4). However, LDpred2_AFR was not statistically significant in the 

East population’s full predictive model (Figure 3 & Table S2). 
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Figure 8: Forest plot causal association evaluation using BMI PRS deciles and systolic blood pressure. The evaluation utilised linear regression 
with systolic blood pressure as the outcome variable and BMI PRS as the exposure variable, correcting for confounding (age, education, region 
(only AWI-Gen), SES, sex). Two PRSs in the East region and one in AWI-Gen showed associations. The results are presented for the AWI-Gen 
and regional populations (y-axis). The x-axis presents the beta coefficient and the 95% confidence interval.



Discussion 

The study aimed to evaluate the utility of BMI PRS in the causal association with CIMT and 

BP in the AWI-Gen data set. Our work showed a positive association of BMI with CIMT and 

BP. However, polygenic prediction was low in continental African populations compared to 

European populations due to the limited representation of Africans in the discovery GWAS. 

Furthermore, most BMI PRSs could control for confounding to enhance causal inference in 

the RbG strata.  

We observed a significant positive association of BMI with CIMT and BP in the combined and 

AWI-Gen and region-stratified analyses. The association of BMI with CIMT is thought to be 

related to atherosclerosis, which is a major cause of CVD, among other reasons (Mannami et 

al., 1997; Takase et al., 2023). Hypertension could lead to atheroma formation (Bots et al., 

1997) and be the target that incurs damage because of hypertension (L. Zhang et al., 2019). 

This association has been observed in multiple ancestries throughout the literature(Agyei et 

al., 2024; Mannami et al., 1997; Naya et al., 2008; Takase et al., 2023). 

Overall, the predictivity of the PRSs was low, however, two multiancestry PRS ( 

PRScsx_His/Lat_Afr_Eur (1.08%) and PRSice_MAMA (1.67%)), as has been reported in 

other studies(Chikowore et al., 2024; Dikilitas et al., 2020; Fahed et al., 2021; Kullo & Dikilitas, 

2020; Majara et al., 2023). PRS are most accurate when applied to European ancestry, 

contrary to African ancestry, due to the critical mass of GWAS used to compute these PRSs 

in this population, leading to Eurocentric study bias (Majara et al., 2023). The poor 

performance of PRS in Africans is also related to the variability of genetic frequencies, different 

linkage disequilibrium (LD) patterns, and environmental exposures (Campbell & Tishkoff, 

2008b). However, gene-environment interaction may play a significant role (Chikowore et al., 

2024). 

Inconsistent results were found for RbG BMI PRSs association with surrogate markers for 

CVD: CIMT and BP. The negative association of LDpred2_MA with CIMT and BP in AWI-Gen 
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and the South region was consistent with the low mean BMI for the top 10%. However, this 

association can be overlooked since the PRS were not predictive and did not control for 

confounding. This signifies that RbG was unsuccessful in regions. However, other multivariate 

RGB studies have performed well in Europeans, contrary to our findings. We suspect that the 

poor performance of the RgB analysis was impacted by the low predictivity of the PRS. 

Our study was limited by the small size of the East African region, the lack of 

representativeness of the East and West African regions, and the lack of PRS developed using 

continental African data. These limit the generalisability of the findings to the entire African 

population. 

Conclusion 

The study reports an association of BMI with CIMT and BP. However, this association does 

not translate into a causal association based on the RbG design between the variables. This 

could be due to the low PRS predictivity. There is a need for larger GWAS studies in 

continental Africa, which can be used to compute more predictive PRS that can be used in 

RbG approaches for causal inference. This will enable Africans to benefit from precision 

medicine and thus assist with the health-associated Sustainable Development Goals in low- 

and middle-income countries. 
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Supplementary information 

Presented in this section are supplementary tables in support of the manuscript figures. They 

are grouped as those related to BMI association with BP and CIMT, predictivity, comparison 

of the top and bottom 10% population, confirmation of successful stratification, and RbG PRS 

BMI causal inference against BP and CIMT. Index for the supplementary tables is as follows: 

Table S1: BMI association with CIMT, diastolic and systolic blood pressure in AWI-Gen and 

regionally. Table S2: Predictivity of BMI PRSs for AWI-Gen and regionally. Table S3a-d: 

Comparison of decile one (low-risk) and ten (high-risk) after BMI PRS stratification for AWI-

Gen(a), East (b), South (c) and West (d). Table S4: Confounding analysis for AWI-Gen and 

regions based on covariates. Table S5: RbG BMI PRS causal association with CIMT with 

covariates in the model. Table S6: RbG BMI PRS causal association with diastolic blood 

pressure with covariates in the model. Table S7: RbG BMI PRS causal association with 

systolic blood pressure with covariates in the model.  

Table S1: BMI association with CIMT, diastolic and systolic blood pressure in AWI-Gen and 

regionally. 

Variable Region Beta coefficient CI_lower CI_upper p value 

CIMT_aver AWI-Gen .0021922 .0015747 .0028097 0.0001 

bp_dia AWI-Gen .5065628 .4614633 .5516624 0.0001 

sys_dia AWI-Gen .7269671 .6531048 .8008294 0.0001 

CIMT_aver East .0018683 .0009055 .002831 0.0001 

bp_dia East .472005 .3536153 .5903947 0.0001 

sys_dia East .6192407 .4265655 .8119159 0.0001 

CIMT_aver South .0015723 .0006217 .0025229 0.001 

bp_dia South .5007154 .440583 .5608479 0.0001 

sys_dia South .6651394 .5679276 .7623511 0.0001 

CIMT_aver West .0033868 .0019659 .0048078 0.0001 

bp_dia West .7680775 .6592921 .8768629 0.0001 

sys_dia West 1.129727 .9444139 1.31504 0.0001 
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bp_dia = diastolic blood pressure, bp_sys =systolic blood pressure, CIMT-aver = carotid 
media-intimal thickness average (Left + Right), CI = confidence interval 
 

Table S2: Predictivity of different BMI PRS in AWI-Gen and regionally 

pgs_name 
AWI-Gen_r2 (p-

value) 
East_r2 
(p-value) 

South_r2 
(p-value) 

West_r2 
(p-value) 

CT_AFR_87 0,0014 (0,0001) 0,001 (0,069) 0,0016 (0,001) 0,0026 (0,001) 

LDPred2_AFR 
0,0017 (0,0001) 0,0007 (0,112) 0,0037 

(0,0001) 
0,0013 (0,012) 

LDpred2_MA -0,0001 (0,538) -0,0001 (0,37) -0,0001 (0,636) -0,0001 (0.538) 

PRSCSx_AFR_ltd 
0,0026 (0,0001) 0,0027 (0,007) 0,0061 

(0,0001) 
0,0019 (0.003) 

CTSLEB AFR 
0,0045 (0,0001) 0,0047 (0,001) 0,0079 

(0,0001) 
0,0043 (0,0001 

PRScsx_His/Lat_AFR_EUR 
0,0058 (0,0001) 0,0108 

(0,0001) 
0,0083 

(0,0001) 
0,0089 (0,0001) 

PRSice_MAMA 
0,0074 (0,0001) 0,0033 (0.001) 0,0167 

(0,0001) 
0,0143 (0,0001) 

R2 represents the difference between the full and the null model. 
 

Table S3a: Comparison of decile one (low-risk = bottom 10%) and ten (high-risk = top 10%) 

after BMI PRS stratification for AWI-Gen 

PGS_name decile CI_lower mean CI_upper p -value 

CT_AFR_87 bottom10 24,67 25,06 25,46   
1,0000 CT_AFR_87 top10 24,66 25,07 25,47 

LDpred2_AFR bottom10 24,65 25,03 25,40   
0,2700 LDpred2_AFR top10 25,42 25,84 26,27 

LDpred2_MA bottom10 25,97 26,35 26,73   
0,0001 LDpred2_MA top10 24,33 24,74 25,15 

PRSCSx_AFR_ltd bottom10 24,27 24,65 25,02   
0,0060 PRSCSx_AFR_ltd top10 25,33 25,79 26,25 

CTSLEB_AFR bottom10 24,26 24,62 24,98   
0,0001 CTSLEB_AFR top10 25,56 26,03 26,50 

PRScsx_His/Lat_Afr_Eur bottom10 22,74 23,09 23,44   
0,0001 PRScsx_His/Lat_Afr_Eur top10 26,46 26,91 27,36 

PGS_nama bottom10 22,40 22,73 23,05   
0,0001 PGS_nama top10 27,59 28,10 28,61 

 CI = confidence interval, se =  standard error 
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Table S3 b: Comparison of decile one (low-risk = bottom 10%) and ten (high-risk = top 10%) 

after BMI PRS stratification for the East region 

PGS_name decile CI_lower mean CI_upper p-value 

CT_AFR_87 bottom10 24,27 25,06 25,85   
1,0000 CT_AFR_87 top10 24,34 25,24 26,15 

LDpred2_AFR bottom10 25,06 25,89 26,71   
1,0000 LDpred2_AFR top10 23,53 24,39 25,26 

LDpred2_MA bottom10 25,32 26,11 26,91   
1,0000 LDpred2_MA top10 22,87 24,92 26,96 

PRSCSx_AFR_ltd bottom10 24,32 25,11 25,90   
1,0000 PRSCSx_AFR_ltd top10 25,00 25,87 26,73 

CTSLEB_AFR bottom10 24,50 25,26 26,03   
1,0000 CTSLEB_AFR top10 24,86 25,85 26,84 

PRScsx_His/Lat_Afr_Eur bottom10 23,59 24,47 25,35   
0,0540 PRScsx_His/Lat_Afr_Eur top10 25,52 26,42 27,32 

PGS_nama bottom10 24,10 24,87 25,64   
1,0000 PGS_nama top10 24,65 25,49 26,33 

 CI = confidence interval, se =  standard error 
 

Table S3c: Comparison of decile one (low-risk = bottom 10%) and ten (high-risk = top 10%) 

after BMI PRS stratification for the South region 

PGS_name decile CI_lower mean CI_upper p-value 

CT_AFR_87 bottom10 27,08 27,75 28,42   
1,0000 CT_AFR_87 top10 27,43 28,09 28,75 

LDpred2_AFR bottom10 27,04 27,69 28,35   
1,0000 LDpred2_AFR top10 28,05 28,70 29,35 

LDpred2_MA bottom10 28,33 29,00 29,67   
0,0420 LDpred2_MA top10 26,72 27,37 28,01 

PRSCSx_AFR_ltd bottom10 26,70 27,32 27,94 
  

0,0060 PRSCSx_AFR_ltd top10 28,44 29,20 29,95 

CTSLEB_AFR bottom10 26,41 27,03 27,65 
  

0,0001 CTSLEB_AFR top10 28,72 29,51 30,29 

PRScsx_His/Lat_Afr_Eur bottom10 26,50 27,15 27,80   
0,0010 PRScsx_His/Lat_Afr_Eur top10 28,58 29,29 30,01 

PGS_nama bottom10 25,83 26,46 27,09   
0,0001 PGS_nama top10 28,39 29,18 29,96 

 CI = confidence interval, se =  standard error 
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Table S3d: Comparison of decile one (low-risk = bottom 10%) and ten (high-risk = top 10%) 

after BMI PRS stratification for the West region 

PGS_name decile CI_lower mean CI_upper p-value 

CT_AFR_87 bottom10 20,59 20,91 21,22   
0,1010 CT_AFR_87 top10 21,35 21,69 22,02 

LDpred2_AFR bottom10 20,78 21,13 21,47   
1,0000 LDpred2_AFR top10 21,27 21,64 22,01 

LDpred2_MA bottom10 20,72 21,05 21,38   
1,0000 LDpred2_MA top10 20,99 21,35 21,72 

PRSCSx_AFR_ltd bottom10 20,67 21,00 21,34   
0,1020 PRSCSx_AFR_ltd top10 21,41 21,79 22,17 

CTSLEB_AFR bottom10 20,57 20,88 21,19   
0,0740 CTSLEB_AFR top10 21,34 21,69 22,04 

PRScsx_His/Lat_Afr_Eur bottom10 20,43 20,78 21,13   
0,0001 PRScsx_His/Lat_Afr_Eur top10 21,85 22,28 22,71 

PGS_nama bottom10 20,38 20,71 21,04   
0,6610 PGS_nama top10 20,99 21,42 21,84 

 CI = confidence interval, se =  standard error 
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Table S4: Confounding analysis for AWI-Gen and regions based on covariates 

 p – value 

pgs_name variable 
AWI-
Gen 

East South West 

CT_AFR_87 region 0,0001    

CT_AFR_87 age 0,0023 0,6235 0,9047 0,5879 
CT_AFR_87 education 0,0001 0,048 0,681 0,604 
CT_AFR_87 SES 0,0023 0,00001 0,6082 0,3531 
CT_AFR_87 sex 0,204 0,075 0,147 0,42 
CTSLEB_AFR region 0,0001       
CTSLEB_AFR age 0,083 0,2896 0,0812 0,9545 
CTSLEB_AFR education 0,001 0,0001 0,692 0,528 
CTSLEB_AFR SES 0,00001 0,00001 0,5247 0,8156 
CTSLEB_AFR sex 0,819 0,059 0,643 0,215 
LDpred2_AFR region 0,0001       
LDpred2_AFR age 0,00001 0,4795 0,1363 0,7865 
LDpred2_AFR education 0,0001 0,007 0,655 0,16 

LDpred2_AFR SES 0,00001 0,00001 0,3746 0,5392 
LDpred2_AFR sex 0,378 0,022 0,575 0,954 
LDpred2_MA region 0,0001       
LDpred2_MA age 0,00001 0,0973 0,00001 0,3631 
LDpred2_MA education 0,0001 0,0001 0,0001 0,719 
LDpred2_MA SES 0,00001 0,00001 0,00001 0,0011 
LDpred2_MA sex 0,034 0,448 0,95 0,185 
pgs_nama region 0,0001       
pgs_nama age 0,0001 0,7372 0,5995 0,638 
pgs_nama education 0,0001 0,045 0,013 0,457 
pgs_nama SES 0,00001 0,00001 0,025 0,0013 
pgs_nama sex 0,178 0,241 0,507 0,726 
PRSCSx_AFR_ltd region 0,0001       
PRSCSx_AFR_ltd age 0,347 0,508 0,4034 0,6687 
PRSCSx_AFR_ltd education 0,001 0,01 0,229 0,303 
PRSCSx_AFR_ltd SES 0,569 0,0104 0,2677 0,368 
PRSCSx_AFR_ltd sex 0,855 0,317 0,779 0,191 
PRScsx_His/Lat_Afr_Eur region 0,0001       
PRScsx_His/Lat_Afr_Eur age 0,969 0,5139 0,5527 0,2071 
PRScsx_His/Lat_Afr_Eur education 0,0001 0,683 0,103 0,242 
PRScsx_His/Lat_Afr_Eur SES 0,00001 0,132 0,0001 0,9473 
PRScsx_His/Lat_Afr_Eur sex 0,006 0,709 0,791 0,017 

Age & SES compared by T-test, education, region & sex compared by Chi Square 
SES = socioeconomic status 
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Table S5: RbG BMI PRS causal association with CIMT with covariates in the model 

pgs_name region Beta coefficient CI_lower CI_upper p value 

CT_AFR_87 
AWI-
Gen .0122095 -.0025454 .0269645 0.105 

CTSLEB_AFR 
AWI-
Gen .0196077 .0046645 .0345508 0.010 

LDpred2_AFR 
AWI-
Gen .0089038 -.0038095 .021617 0.170 

LDpred2_MA 
AWI-
Gen -.0533731 -.1015438 -.0052024 0.030 

PRSice_MAMA 
AWI-
Gen .0124047 -.0067755 .0315849 0.205 

PRSCSx_AFR_ltd 
AWI-
Gen .007623 -.0064064 .0216523 0.287 

PRScsx_His/Lat_Afr_Eur 
AWI-
Gen .0102051 -.0013985 .0218088 0.085 

CT_AFR_87 East -.0046905 -.0265078 .0171269 0.673 

CTSLEB_AFR East .0203087 -.0012292 .0418466 0.065 

LDpred2_AFR East .0186111 -.0054228 .042645 0.129 

LDpred2_MA East .0202421 -.0303101 .0707944 0.431 

PRSice_MAMA East .0147661 -.0086897 .038222 0.216 

PRSCSx_AFR_ltd East .0217795 -.0002577 .0438167 0.053 

PRScsx_His/Lat_Afr_Eur East .0077722 -.0144088 .0299533 0.491 

CT_AFR_87 South .0229914 .0030802 .0429026 0.024 

CTSLEB_AFR South .0040441 -.0271068 .0351951 0.799 

LDpred2_AFR South .0017944 -.0331334 .0367222 0.920 

LDpred2_MA South -.0308387 -.0541228 -.0075546 0.010 

PRSice_MAMA South .0087946 -.0299917 .0475809 0.656 

PRSCSx_AFR_ltd South -.0044092 -.0252768 .0164585 0.678 

PRScsx_His/Lat_Afr_Eur South .0093554 -.0126103 .0313211 0.403 

CT_AFR_87 West .0126605 -.0135648 .0388859 0.344 

CTSLEB_AFR West .0185492 -.0071894 .0442878 0.158 

LDpred2_AFR West -.0-.0002211 -.0185453 .01810310 0.981 

LDpred2_MA West -.0361815 -.1267359 .054373 0.433 

PRSice_MAMA West .0260764 -.0020684 .0542211 0.069 

PRSCSx_AFR_ltd West .0074956 -.0160851 .0310762 0.533 

PRScsx_His/Lat_Afr_Eur West .0165751 -.0005598 .03371 0.058 
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Table S6: RbG BMI PRS causal association with diastolic blood pressure with covariates in 

the model 

pgs_name region Beta coefficient  CI_lower CI_upper p value 

CT_AFR_87 
AWI-
Gen .2257163 -1.012721 1.464153 0.721 

CTSLEB_AFR 
AWI-
Gen 1.808675 .5299273 3.087423 0.006 

LDpred2_AFR 
AWI-
Gen .4548259 -.8837041 1.793356 0.505 

LDpred2_MA 
AWI-
Gen -6.786674 -9.717538 -3.855809 0.000 

PRSice_MAMA 
AWI-
Gen .592578 -.6139968 1.799153 0.336 

PRSCSx_AFR_ltd 
AWI-
Gen .1608236 -.9942265 1.315874 0.785 

PRScsx_His/Lat/Afr/Eur 
AWI-
Gen .592578 -.6139968 1.799153 0.336 

CT_AFR_87 East .5428249 -2.173876 3.259526 0.695 

CTSLEB_AFR East 2.829717 .1175334 5.541901 0.041 

LDpred2_AFR East 2.276413 -.5839255 5.136752 0.118 

LDpred2_MA East -3.269125 -10.15014 3.611889 0.350 

PRSice_MAMA East .3834689 -2.972885 3.739823 0.822 

PRSCSx_AFR_ltd East 1.2612 -1.502786 4.025186 0.370 

PRScsx_His/Lat_Afr_Eur East -.1684864 -2.849269 2.512296 0.902 

CT_AFR_87 South .4712872 -1.408139 2.350713 0.623 

CTSLEB_AFR South 1.17949 -.6678789 3.02686 0.210 

LDpred2_AFR South -.1866131 -2.015435 1.642209 0.841 

LDpred2_MA South -4.55532 -6.624131 -2.486509 0.000 

PRSice_MAMA South .6308554 -1.255945 2.517656 0.512 

PRSCSx_AFR_ltd South 1.053766 -.6619486 2.769481 0.228 

PRScsx_His/Lat_Afr_Eur South .8317773 -1.055225 2.71878 0.387 

CT_AFR_87 West 1.0378 -.7495452 2.825145 0.255 

CTSLEB_AFR West 1.471654 -.3769588 3.320267 0.118 

LDpred2_AFR West 1.094892 -.7598823 2.949666 0.247 

LDpred2_MA West -2.168199 -12.35984 8.023445 0.676 

PRSice_MAMA West .5226516 -2.304641 3.349945 0.717 

PRSCSx_AFR_ltd West -.3954846 -2.078237 1.287268 0.645 

PRScsx_His/Lat_Afr_Eur West 1.061148 -.8119843 2.934281 0.266 
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Table S7: RbG BMI PRS causal association with systolic blood pressure with covariates in 

the model 

pgs_name region Beta Coefficient CI_lower CI_upper p value 

CT_AFR_87 AWI-Gen .8598903 -1.156481 2.876262 0.403 

CTSLEB_AFR AWI-Gen 2.202398 .1560457 4.24875 0.035 

LDpred2_AFR AWI-Gen 1.19726 -.9505706 3.34509 0.274 

LDpred2_MA AWI-Gen -1.827824 -6.615321 2.959673 0.454 

PRSice_MAMA AWI-Gen 1.894413 -.6396933 4.428519 0.143 

PRSCSx_AFR_ltd AWI-Gen .0289909 -1.848564 1.906546 0.976 

PRScsx_His/Lat_Afr_Eur AWI-Gen 1.654272 -.3233769 3.631922 0.101 

CT_AFR_87 East 1.835247 -2.835031 6.505525 0.440 

CTSLEB_AFR East 4.979644 .668131 9.291157 0.024 

LDpred2_AFR East 6.051396 1.330208 10.77258 0.012 

LDpred2_MA East -1.271674 -12.45516 9.911814 0.823 

PRSice_MAMA East 1.542638 -3.976188 7.061465 0.583 

PRSCSx_AFR_ltd East 3.151191 -1.546496 7.848877 0.188 

PRScsx_His/Lat_Afr_Eur East .7336326 -3.609633 5.076898 0.740 

CT_AFR_87 South 1.209227 -1.820933 4.239387 0.434 

CTSLEB_AFR South .5588837 -2.321766 3.439533 0.703 

LDpred2_AFR South 1.057934 -1.798428 3.914296 0.467 

LDpred2_MA South -.4066584 -3.64679 2.833473 0.805 

PRSice_MAMA South 1.270894 -1.695716 4.237504 0.401 

PRSCSx_AFR_ltd South 1.713192 -1.055552 4.481937 0.225 

PRScsx_His/Lat_Afr_Eur South 1.243496 -1.697358 4.184349 0.407 

CT_AFR_87 West 2.506522 -.5349478 5.547992 0.106 

CTSLEB_AFR West 1.752853 -1.328861 4.834568 0.264 

LDpred2_AFR West 2.074288 -1.027606 5.176182 0.190 

LDpred2_MA West 6.919755 -10.53037 24.36988 0.436 

PRSice_MAMA West 2.037065 -2.779092 6.853222 0.407 

PRSCSx_AFR_ltd West -1.667755 -4.490809 1.1553 0.247 

PRScsx_His/Lat_Afr_Eur West 2.563517 -.6700771 5.797112 0.120 

CI = confidence interval 
 
 

 



 
 

Chapter 3: EXTENDED METHODS 
 

3.1 EXTENDED METHODOLOGY 

This chapter entails methods that could not fit into the manuscript. These included the study 

setting of the primary study and power calculations,  

 

3.1.1 Study setting of the primary study 

The primary study, Africa Wits-INDEPTH partnership for genomic studies (AWI-Gen), 

collected phenotypic and genotypic data to assess risk factors and endpoint cardiovascular 

and metabolic disease in East, South and West African regions (Ali et al., 2018). Phase 1 of 

the study was a population-based cross-sectional study that involved six centres: East Africa 

(Nairobi, Kenya), South Africa (Agincourt, Dikgale and Soweto) and West Africa (Nanoro, 

Burkina Faso, and Navrongo, Ghana), see Figure 3.1 for further details. Phase 2 involved 

follow-up after 3 to 4 years; thus, a longitudinal and heterogeneous sample pool was obtained. 

Participants were recruited; measures like anthropometrics, diet, physical activity, 

alcohol/tobacco use, socioeconomic status, and fat distribution were performed. In addition, 

blood was obtained for genotyping, and disease biomarker analysis was undertaken. The 

study population consisted of approximately 12,000 participants, both genders aged 29 years 

and older. 
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Figure 3.1: Map indicating the six sites where participants were recruited for the AWI-Gen 
study (Ramsay et al., 2016) 
 

3.1.2 Study design of the secondary study 

The cross-sectional study design where a comparison of different PRS methods undertaken 

utilising data from phase 1 of the AWI-Gen study for analysis. The top and bottom BMI PRS 

participants from a normal distribution will be sampled and compared. The seven different 

PRS utilised for comparison will be obtained from the PRS catalogue 

(https://www.pgscatalog.org/search/?q=bmi) and applied to the AWI-Gen study data. The 

selected PRS were those that account for multi-ancestral populations. 

 

3.1.3 Power calculation  

The power was calculated using the analytical mode of the Recall by Genotype Study Planner 

app (http://ieushiny.biocompute.org.uk/rbg-app/) (Corbin et al., 2018a). The following inputs 

were used for calculation: total genotyped population (depended on the study population), 

GRS percentile included (10), sample size of the percentile (based on study population), alpha 

level (0.05), R2 for both between PRS and exposure, plus exposure and outcome (0.1). The 
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genotype population input was 9,842, 1,745, 4,418 and 3,719 for AWI-Gen, East, South and 

West populations, respectively. The sample size was based on the lowest group during decile 

computation with 964, 115, 423 and 339 for AWI-Gen, East, South and West populations, 

respectively. The study power was superior for AWI-Genas; all calculations were above 80%, 

as depicted in Table 3.1. From the regions, the South and West had good power except for 

the random recall study, which was low; the South region had slightly better power than the 

West. The East region showed weak study power as depicted by the percentages, thus, a 

more representative sample should be obtained. 

 

Table 3.1: Power calculation results per study population.  

 AWI-

Gen 

East South West 

Minimum recruitment rate (%) 48.97 32.95 47.87 45.59 

Power to detect a difference in exposure in 'RbGmv study' 1.00 1.00 1.00 1.00 

Power of 'RbGmv study' 1.00 0.47 0.95 0.90 

Power of 'random recall study' 0.88 0.19 0.54 0.46 

Power of 'total cohort study' 1.00 0.99 1.00 1.00 
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