
Genome-wide association study identifying novel risk variants associated with glycaemic 
traits in the continental African AWI-Gen cohort. 
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ESM METHODS 

 
Glycaemic trait measurements 

 
A detailed description of the data and sample collection methods was presented by Ali et al. [1]. Briefly, 
fasting blood samples were obtained after an overnight fast by study participants. Fasting plasma glucose was 
assayed using a Randox Plus clinical chemistry analyser (UK) using a colorimetric method. The Randox 
glucose assay measurement range was 0.36–35 mmol/l. The coefficient of variation (CV) of the laboratory 
measurements for FG was less than 2.3%. Similarly, a solid-phase, enzyme-labelled chemiluminescent 
immunometric assay was used to determine fasting serum insulin concentrations using the Immulite 1000 
chemistry analysis system (Siemens, Germany). The measuring range for the FI concentration was 2–300 
uIU/ml, and its coefficient of variation (CV) was less than 2%. Homeostatic model assessment of insulin 
resistance (HOMA-IR) and homeostasis model assessment of beta-cell function (HOMA-B were calculated 
using previously reported formulas [2, 3]. 

Power calculation 
 

Power calculations were performed using the gwas_power function in R (version 4.2) 
(https://github.com/kaustubhad/gwas-power/blob/master/power_calc_functions.R).This function calculates 
power for a range of beta and minor allele frequency values, for pre-determined sample size and p thresholds. 
We set the p threshold to genome-wide significance threshold (5 × 10−8) and independently estimated the 
power for sample sizes corresponding to each trait (FG = 9,889, FI = 6,825, HOMA-IR = 6,500, and HOMA- 
B = 6,362). 

SNP heritability and genetic correlations 
 

The SNP heritability of the four glycaemic traits was determined using the restricted maximum likelihood 
method in GCTA-GREML version 1.93.253 [4]. For all analyses, we included age, sex, and the eight genetic 
principal components as covariates. Bivariate GCTA-GREML was used to investigate the genetic correlation 
between the four glycaemic traits (FG, FI, HOMA-IR, and HOMA-B). POPCORN program was used for 
trans-ancestry genetic correlation [5]. 

Genome-wide association analysis 
 

Genome-wide association analyses were performed using the linear mixed model implemented in the BOLT- 
LMM software (v2.3.4) [6] for: FG, FI, HOMA-B, and HOMA-IR. Untransformed FG, log-transformed FI, 
log-transformed HOMA-B, and log-transformed HOMA-IR were used with sex, BMI, age, and eight 
principal components (PCs) fitted as covariates. As there is no consensus on the ideal p threshold for African 
GWAS, we employed the commonly used genome-wide significance criterion of p<5 × 10−8 [7]. Any SNPs 
with p values between 5 × 10−8 and 1 × 10−6 were considered to be suggestive. Manhattan and quantile-
quantile 



(QQ) plots were generated from GWAS results using the qqman package in R version 4.2.0 [8]. The locus 
zoom plots were generated using LocusZoom [9]. 

Functional Analysis of Associated Variants 
 

The possible biological functions of genome-wide significant (p<5 × 10−8) variants were assessed using the 
Ensembl Variant Effect Predictor (VEP) [10]. The function of mapped genes was inferred using GeneCards 
[11]. Annotation and prioritization of genomic risk loci were performed using the Functional Mapping and 
Annotation (FUMA) web tool [12]. The African subset from the 1000 Genomes Project [13] was used as the 
reference data for linkage disequilibrium (LD) analyses. Gene-set and tissue expression analyses were 
performed using multi-marker analysis of genomic annotation (MAGMA, v1.6) in the FUMA toolkit. Gene- 
set analysis assessed the over-representation of biological functions based on gene ontology terms from the 
Molecular Signature Database (MsigDB v5.2) [14]. Gene sets with a p<0.05, corrected for multiple testing, 
were considered significantly enriched. Tissue expression analysis was performed using expression 
quantitative trait loci (eQTL) data from the Genotype Tissue Expression Project (GTEx v8) [15]. The 
significantly associated loci were cross-referenced with the GWAS Catalog in the NHGRI-EBI [16] to 
identify previously reported signals. 

Fine mapping of associated loci 
 

The program FINEMAP [17] implemented in the H3Agwas pipeline [18] was used to find candidate causal 
variants associated with the four glycaemic traits reported in this study. The full AWI-Gen genotype data and 
site-specific genotype data were used as LD references for fine mapping. FINEMAP employs a shotgun 
stochastic search technique (a Bayesian-based framework) to predict the posterior probabilities (pp) of 
causative variants using summary statistics and LD correlations among variants [17]. Credible sets of SNPs 
were created by ranking variants by their decreasing posterior probability (pp) to jointly account for 95% of 
the pp and were assumed to be driving the association. A log10 Bayes factor (log10BF) greater than two was 
used as a cut-off for selecting candidate causal variants following the recommendations of the FINEMAP 
authors (http://www.christianbenner.com/index_v1.1.html). Independently associated SNPs were selected 
using a stepwise model selection procedure in COJO-GCTA, using AWI-Gen genotype data as the LD 
reference data [19]. 
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Post-imputation QC 
Infor score ≤ 0.6 and MAF≤ 0.01 

 
Final dataset: 10,603 participants. 

13.96 million SNPS 

AWI-Gen 

 
11,062 participants. 

 

 
10,603 participants. 
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ESM Fig. 1: Flowchart showing the different quality control steps performed on AWI-Gen dataset 
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ESM Fig. 2: Power estimation for the GWAS of FG (as a quantitative trait) considering genetic effect β 

ranging from 0.01 to 0.5 and allele frequencies ranging from 0.01 to 0.5, with sample fixed to 9,889 and p 

= 5 × 10−8). The x-axis represents beta values, whereas the y-axis represents the minor allele frequency values. 

The power values are represented by the colour gradient, with darker colour representing high power values, and 

light yellow representing low values. As beta increases, the power increases for any given value of MA 
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ESM Fig. 3: Power estimation for the GWAS of HOMA-B (as a quantitative trait) considering genetic effect β 

ranging from 0.01 to 0.5 and allele frequencies ranging from 0.01 to 0.5, with sample fixed to 6,362 and p = 5 × 

10−8. The x-axis represents beta values, whereas y- represents minor allele frequency values 
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ESM Fig. 4: Power estimation for the GWAS of FI (as a quantitative trait) considering genetic effect β ranging 

from 0.01 to 0.5 and allele frequencies ranging from 0.01 to 0.05, with sample fixed to 6826 and p=5 × 10−8). The 

x- axis represents beta values while y-axis represents minor allele frequency values 
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ESM Fig. 5: Power estimation for the GWAS of HOMA-IR (as a quantitative trait) considering genetic 

effect β ranging from 0.01 to 0.5 and allele frequencies ranging from 0.01 to 0.5, with sample fixed to 6,500 and 

p=5 × 10−8). The x-axis represents beta values while the y-axis represents minor allele frequency values 
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ESM Fig. 6: Quantile-quantile plot of p values for fasting glucose trait in continental African individuals in 
AWI-Gen dataset. 

 
 
 

 

 
ESM Fig. 7. Quantile-quantile plot of p values for fasting insulin trait in continental African individuals in 

AWI-Gen dataset 



 

 
 

ESM Fig. 8. Quantile-quantile plot of p values for HOMA-IR trait in continental African individuals in the 

AWI-Gen dataset. 



ESM Tables (see the separate file) 

ESM Table 1: Descriptive statistics for AWI-Gen cohorts 
 
ESM Table 2: Loci that reached suggestive significance (p<1 × 10−6) for glycemic 
traits in AWI-Gen cohort 

 
ESM Table 3: Genome-wide significant locus reported in MAGIC European datasets 
reported to be associated with fasting glucose that replicated in AWI-Gen cohort (p<0.005) 

ESM Table 4: Genome-wide significant locus reported in European population in UKBB 
reported to be associated with fasting glucose that replicated in AWI-Gen cohort (p<0.005) 

 
ESM Table 5: Genome-wide significant locus reported in transethnic study of random 
glucose in 476,326 individuals that replicated in AWI-Gen cohort (p<0.005) 

ESM Table 6: Finemapping of FG, FI and HOMA-IR lead variants in AWI-Gen cohort 
 
ESM Table 7: Genome-wide association signals for fasting insulin and HOMA-IR reported 
previously that were found in AWI-Gen cohort. 


