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Abstract

Aims/hypothesis Evidence for a causal role of DNA methylation sites (CpGs) in type 2 diabetes and glycaemic traits is lim-
ited due to the cross-sectional nature of many epigenome-wide association studies (EWAS). In addition, epigenetic studies in
West African populations are particularly sparse, despite the high and rising burden of type 2 diabetes in these populations.
Hence, we aimed to identify CpGs causally associated with type 2 diabetes among West Africans by leveraging Mendelian
randomisation (MR) analysis and longitudinal data.

Methods We used the Illumina EPIC DNA methylation array to profile the methylation of DNA extracted from white blood cells
collected from 879 Ghanaian individuals (the Research on Obesity and Diabetes among African Migrants [RODAM] study) and
332 Nigerian individuals (the Africa America Diabetes Mellitus [AADM] study) who were not on glucose-lowering medication.
We carried forwards CpGs identified in EWAS for type 2 diabetes and meta-analysed EWAS for HbA |, and homeostatic model
assessment estimates of insulin sensitivity (HOMA-S) as exposures to two-sample MR analysis. Independent cis methylation
quantitative trait loci (meQTLs) were calculated using methylation data from blood and primary hepatocytes and subsequently
used as instrumental variables (SNP—exposure associations). Genome-wide association analyses for type 2 diabetes on 4120
participants from the AADM study were used to derive the SNP—outcome associations. Longitudinal trait data (n=138) and
RNA-seq data (n=77 blood, 49 adipose, 55 muscle) available for a subset of Nigerians were used for follow-up analyses.
Results We identified 28 CpGs associated with type 2 diabetes, 26 with HbA | and three with HOMA-S (total CpGs: 57),
of which 49 had meQTLs in blood (AADM study data) and four had meQTLs in primary hepatocytes from African Ameri-
can individuals. MR analysis provided evidence for causality for cg00036588 and cg16759041 in type 2 diabetes using blood
and hepatocyte meQTLs, respectively. Longitudinal analyses showed an association between baseline methylation of these
CpGs with HbA . at follow-up. RNA-seq data revealed a cis correlation of cg00036588 with FAMS3C (false discovery rate
[FDR]=3.3 x 10*) and EIF6 (FDR=0.13) in skeletal muscle.

Conclusions/interpretation Our study identified two epigenetic markers as likely to be causal for type 2 diabetes in West
African populations. In addition to enhancing our understanding of disease mechanisms, these CpGs with evidence of causal
associations could be prioritised as potential biomarkers for early detection of disease or as drug development targets.
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What is already known about this subject?

e The burden of type 2 diabetes is high and rising in West African populations

e  Epigenome-wide association studies have identified DNA methylation sites associated with type 2 diabetes and

related glycaemic traits in several global populations

e Itisunclear if DNA methylation sites play a causal role in the onset of type 2 diabetes in West African populations

What is the key question?

e  Are certain DNA methylation sites causally associated with type 2 diabetes in West African populations?

What are the new findings?

e  We identified two DNA methylation sites (cg00036588 and cg16759041) with evidence for a causal role in type 2

diabetes in West African populations

e Alongitudinal association between DNA methylation at these sites and HbAi. supports the role of these sites in

type 2 diabetes biology

e  These DNA methylation sites may exert their effect through changes in the expression of genes relevant to

glucose metabolism

How might this impact on clinical practice in the foreseeable future?

e  DNA methylation sites causally associated with type 2 diabetes can be future drug targets or biomarkers for early

detection of disease

Introduction

Type 2 diabetes is among the world’s biggest health
challenges, affecting nearly 10% of the global popula-
tion. This prevalence has plateaued in most high-income
countries, while low- and middle-income countries have
reported the highest incidence rates [1]. The number of
adults with type 2 diabetes in sub-Saharan Africa is pre-
dicted to increase by 134% between 2021 and 2045 [2].
Sub-Saharan Africans residing in high-income countries
have been found to be disproportionally affected by type
2 diabetes compared with their European-ancestry com-
patriots [3]. Exploring the unique mechanistic pathways
leading to type 2 diabetes in sub-Saharan African popula-
tions could uncover targets for intervention in these indi-
viduals and beyond.

Epigenetics is one of the key mechanisms in the inter-
play between the genetic, environmental and lifestyle risk
factors for type 2 diabetes [4], with DNA methylation
being the most extensively studied epigenetic process [5].
Epigenome-wide association studies (EWAS) have identi-
fied DNA methylation sites for type 2 diabetes across 130
genes [6], but these EWAS have been predominantly per-
formed in populations of European ancestry, and studies
in sub-Saharan African individuals are particularly scarce

[7]. In the only EWAS for type 2 diabetes performed in a
sub-Saharan African population thus far, four DNA meth-
ylation type 2 diabetes sites were identified, of which one
(cg07988171, annotated to TPM4) was novel and poten-
tially population specific [8]. There is a need for more
EWAS among sub-Saharan African populations, given the
high genetic diversity of African-ancestry populations and
the wide range of environmental exposures. These unique
characteristics provide an opportunity to advance our
understanding of the role of DNA methylation in type 2
diabetes [9]. Additionally, better characterisation of DNA
methylation changes is important, because epigenetic
markers are vulnerable to confounding and reverse cau-
sation. Identifying causal DNA methylation sites in type
2 diabetes will aid in the selection of such sites as early
biomarkers to detect type 2 diabetes or in identifying tar-
gets for treatments based on epigenetic mechanisms [10].

Mendelian randomisation (MR) is an approach that can,
under specific assumptions, be used to infer causality, with
particular application to observational studies. MR analyses
use genetic variants as proxies of exposure (instrumental vari-
ables) to establish whether an exposure is causally associ-
ated with an outcome. The random inheritance of genetic
variants is at the core of this technique, as these randomly
inherited variants are not affected by confounding or reverse
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causation. The application of the MR method to DNA meth-
ylation studies is still relatively new. MR can be applied to
DNA methylation when independent methylation quantitative
trait loci (meQTLs) are selected as the instrumental variables.
We aimed to identify DNA methylation sites associated with
type 2 diabetes and glycaemic traits in West African popula-
tions and to assess causality in the association between these
sites and type 2 diabetes using meQTL-based MR.

Methods
Data and populations

We used data from two West African cohorts, namely the
Research on Obesity and Diabetes among African Migrants
(RODAM) study and the Africa America Diabetes Mellitus
(AADM) study. An overview of the data, populations and
analyses can be found in Fig. 1.

The RODAM study The RODAM study aims to understand the
reasons for the high prevalence of obesity and type 2 diabe-
tes among the sub-Saharan African diaspora. Between 2012
and 2015, Ghanaian men and women residing in rural Ghana,
urban Ghana, London, Berlin and Amsterdam were recruited.
For the present analyses, only Ghanaians in rural Ghana, urban
Ghana and Amsterdam were included. Recruitment procedures
have been described in detail previously [11, 12]. In brief, two
cities (Kumasi and Obuasi) and 15 villages in the Ashanti
region of Ghana were used as the sampling frame for urban
and rural Ghana sites, respectively. Participants were randomly
drawn from a list of 30 enumeration areas based on the 2010
census. Ghanaians living in Amsterdam were considered
Ghanaian if they were born in Ghana with at least one parent
being born in Ghana (first generation) or if they were born in
the Netherlands but both of their parents were born in Ghana
(second generation). Eligible participants (Ghanaian ethnicity
and age >18 years) were randomly selected from municipal
registers. Random sampling from registers facilitated repre-
sentativeness. However, individuals not captured in these regis-
ters, such as non-documented migrants, may differ in terms of
demographic and socioeconomic characteristics. Overall, the
RODAM study sample is broadly representative of the target
populations in terms of age and sex distribution. Follow-up
data collection was performed between 2019 and 2021 for par-
ticipants who completed baseline data collection and resided
in rural Ghana, urban Ghana or Amsterdam. RODAM study
ethical approval was obtained from the respective ethics com-
mittees in Ghana (School of Medical Sciences/Komfo Anokye
Teaching Hospital Committee on Human Research, Publica-
tion & Ethical Review Board) and the Netherlands (Institu-
tional Review Board of the AMC, University of Amsterdam)
before data collection began in each country. All participants
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gave written informed consent, including permission for long-
term storage and future use of their data and biospecimens
for health-related research, including studies of gene—disease
relationships and epigenetic markers. Participants could opt
out of specific analyses if they wished.

The AADM study The AADM study enrolled individuals with
type 2 diabetes and individuals without type 2 diabetes (control
participants) from university medical centres in West Africa
and in East Africa [13—15]. The overarching aim of the AADM
study is to map type 2 diabetes susceptibility genes in Afri-
can populations [14, 15]. Recruitment procedures have been
described in detail previously [13—15]. In brief, data have been
collected across four phases, beginning in 1997. Eligible par-
ticipants were aged 25 years and over, with or without type 2
diabetes. The study attempted to enrol equal numbers of men
and women (the overall proportion of women was approxi-
mately 60%). The major ethnolinguistic groups in the overall
study were Yoruba, Ibo, Akan, Ga-Adangbe, Kalenjin, Kikuya
and Luhya, reflecting the major ethnolinguistic groups at the
study sites. Participants were recruited from medical centres
in urban settings and surrounding communities. Therefore, the
sample was representative of individuals receiving care in urban
communities, who may differ in terms of socioeconomic status,
cardiometabolic factors and ethnicity from rural communities.
The most recent phase, a longitudinal study including epigenet-
ics profiling, collected baseline data between 2015 and 2016.
The present analyses only included West African participants
who were recruited from three cities in Nigeria (Ibadan, Enugu
and Lagos) and two cities in Ghana (Accra and Kumasi). West
African ancestry was confirmed genetically. Ethical approval
for the AADM study was obtained from the NIH and from the
respective ethical committees in Ghana and Nigeria. During
the consent process, all participants were informed that their
data and samples would be stored indefinitely and used for
unspecified future research on diabetes and other diseases. All
participants provided written, informed consent.

Community engagement and capacity building Extensive
community engagement was carried out prior to and during
the original sampling for both the AADM and the RODAM
studies. In parallel, both studies prioritised capacity building
by supporting the training of local investigators, PhD stu-
dents, postdoctoral fellows and nurses through opportunities
for data analysis and authorship. Notably, several investiga-
tors involved in these studies have since become independent
scientists at both national and global levels.

Phenotypic measurements
Demographics and health-related behaviours were

assessed in both the RODAM and the AADM stud-
ies, assessed through interviews or self-administered
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«Fig. 1 Overview of datasets (coloured boxes), analyses (white boxes)
and results (red ovals). Icons by creators from thenounproject.com:
filter icon by Garis Tanam, blood icon by Joy, adipose icon by Fhrus-
trator, muscle icon by Nine, calendar by Articon. DNAm, DNA meth-
ylation; T2D, type 2 diabetes

questionnaires. Sex was determined through self-report
in both studies and confirmed genetically in the AADM
study. Current smokers were those who responded affirm-
atively to the question ‘Do you smoke?” (RODAM) or
reported smoking regularly for the past 1 year (AADM).
Height (m) and weight (kg) were measured by trained
staff during physical exams and BMI was subsequently
calculated as kg divided by m?. Fasting serum and plasma
samples were obtained by trained personnel. In the
RODAM study, fasting glucose was measured using the
enzymatic hexokinase method and HbA,, was measured
using high-performance liquid chromatography (Tosoh
G8 HPLC analyser, Tosoh Bioscience, Tokyo, Japan).
In the AADM study, fasting glucose concentration was
measured using the enzymatic reference method with
hexokinase on the Roche Modular-E autoanalyzer (Roche
Diagnostics, Indianapolis, IN, USA). HbA . was meas-
ured in the AADM study for a subset of 650 individuals
recruited in Nigeria using the latex agglutination inhibi-
tion immunoassay on DCA Vantage (Siemens Medical
Solutions USA, Inc, Malvern, PA, USA). Insulin concen-
trations were measured in the RODAM study using the
Mercodia ELISA kit (Mercodia, Uppsala, Sweden) and in
the AADM study by electrochemiluminescence immuno-
assay (ECLIA) on Roche Modular-E (Roche Diagnostics,
Indianapolis, IN, USA). Type 2 diabetes was defined as
a fasting plasma glucose of >7.0 mmol/l (126 mg/dL),
self-reported type 2 diabetes following physician diagno-
sis or the use of glucose-lowering medication. We used
the updated homeostatic model assessment (HOMA) from
the University of Oxford to estimate insulin sensitivity
(HOMA-S) and beta cell function (HOMA-B) based on
measured insulin and fasting glucose concentrations. The
updated HOMA model is a computer model that derives
HOMA-S and HOMA-B as percentages of a normal refer-
ence population rather than linear approximations (avail-
able from www.dtu.ox.ac.uk/homacalculator/).

DNA methylation data

We used DNA methylation data available for a subset
of 905 RODAM study samples and 615 AADM study
samples. The main RODAM subset consisted of Gha-
naian individuals recruited at baseline in rural Ghana,
urban Ghana and Amsterdam. For 847 RODAM samples,
DNA methylation was profiled at follow-up as well. The
AADM subset consisted of Nigerian individuals recruited
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from a single site, namely Ibadan, Nigeria. DNA methyla-
tion profiling was performed using the Illumina Infinium
methylation EPIC BeadChip array on DNA from whole
blood samples by Erasmus MC Core Facility for the
RODAM samples and on DNA from peripheral blood
mononuclear cells (buffy coat) by the University of Col-
orado for the AADM samples. This microarray provides
coverage to interrogate over 850,000 methylation sites
across the genome. Bisulfite conversion of extracted DNA
was done using sodium bisulfite to convert unmethylated
cytosine to uracil and the bisulfite-converted DNA was
subsequently amplified and hybridised to the BeadChip.
For the RODAM study, which includes DNA methylation
data at two time points, samples were randomised across
27 plates. For the AADM study, samples were randomised
across seven plates, divided over two batches. Both stud-
ies included control samples on each plate to minimise
potential batch effects and monitor assay performance.
The quality-control procedures, including checks for
batch effects, were performed on RODAM data using the
MethylAid R/Bioconductor package [16] (version 1.30.0)
and revealed 27 outliers and 15 sex anomalies for exclu-
sion. Quality control using the Sesame R/Bioconductor
package (version 1.26.0) [17] on AADM samples revealed
one sample having failed the bisulfite conversion, three
sex anomalies and six outliers based on principal com-
ponent analyses and evaluation of mean intensities. The
raw DNA methylation data for samples passing quality-
control procedures were normalised using the preproc-
essFunnorm function as implemented in the Minfi R/Bio-
conductor package (version 1.48.0) [18]. M values were
calculated as the log2 ratio of the intensities of methyl-
ated probes vs unmethylated probes. All analyses were
based on M values rather than beta values, as M values
are deemed more statistically valid [19]. We removed all
CpG sites annotated to chromosomes X or Y, as well as
cross-reactive probes. Cell types were estimated using
the method developed by Houseman et al [20], as imple-
mented in the FlowSorted.Blood. EPIC R/Bioconductor
package (version 2.12.0) [21].

Genotyping data

Genotyping data were available only for the AADM study
participants. Genotyping and imputation procedures have
been described in detail previously [13]. In brief, par-
ticipants’ samples were genotyped using the Affymetrix
Axiom PANAFR SNP array or Illumina’s Multi-Ethnic
Global Array. All samples had a sample-level genotype
call rate of at least 0.95 after quality control. The SNP
datasets were filtered for missingness per marker (>5%),
minor allele frequency (<1%) and deviations from the
Hardy—Weinberg equilibrium (p value <1x107%) and
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imputed using the Trans-Omics for Precision Medicine
(TOPMed) mixed population imputation panel.

RNA-seq data

RNA-seq was carried out by the NIH Intramural Sequencing
Center (NISC) on 77 blood samples, 49 white adipose tissue
samples and 55 skeletal muscle tissue samples from AADM
participants who also had DNA methylation data. Total RNA
was extracted using a miRNeasy Mini kit (217004, Qiagen)
in randomised batches. Poly(A)-selected, stranded mRNA
libraries were then prepared using Illumina TruSeq Stranded
mRNA sample preparation kits and sequenced on a HiSeq
2500 with version 4 chemistry, targeting a minimum of 45
million 126-base paired-end reads per sample, with an aver-
age of approximately 87.9 million reads per sample. Reads
were aligned to the GRCh38 genome reference downloaded
from the UCSC Genome Browser using RSEM v 1.3.3 and
BOWTIE2 2.5.3 with standard parameters [22, 23]. Gene
expression levels were subsequently calculated using RSEM
expressed as transcripts per million.

Data analyses: phase 1 - identification of DNA
methylation markers

EWAS for type 2 diabetes To identify DNA methylation loci
significantly associated with type 2 diabetes, we performed
EWAS for type 2 diabetes in Ghanaians (Fig. 1). We fitted
a linear regression model adjusted for age, sex, recruitment
site, cell proportions, BMI and plate using the RODAM
study data. Sex was included as a covariate in all statistical
models to account for potential biological differences. The
quantile—quantile (Q—Q) plot can be found in electronic sup-
plementary material (ESM) Fig. 1a. Given the substantial
effect of glucose-lowering medication on DNA methylation
[24], we excluded all samples of participants who reported
using these medications from EWAS analyses. Hence, these
analyses included 41 individuals with type 2 diabetes not on
glucose-lowering medication and 838 individuals without type
2 diabetes. Since AADM participants were recruited through
medical centres, the cohort did not include individuals with
undiagnosed type 2 diabetes, and all individuals with type 2
diabetes were receiving glucose-lowering medication. Given
the large effect of these medications on DNA methylation
[24], we did not perform EWAS for type 2 diabetes using this
cohort. Instead, we additionally considered the four CpGs
(cg19693031, cg04816311, cg00574958 and cg07988171)
identified in the only previously published EWAS for type
2 diabetes in West Africans [8]. This previously published
EWAS was performed on a subset of 713 RODAM samples
using the Illumina 450k array and thus covered fewer CpG
sites, but it was better powered for the binary type 2 diabe-
tes outcome with 256 individuals with type 2 diabetes not on

glucose-lowering medication and 457 individuals without type
2 diabetes. There was an overlap of 109 samples (36 with type
2 diabetes and 73 without type 2 diabetes) with the RODAM
study EWAS reported in this manuscript.

EWAS for glycaemic traits To identify additional DNA meth-
ylation sites relevant for type 2 diabetes-related glycaemic
traits, we performed EWAS analyses on natural log-trans-
formed HOMA-S, HOMA-B and HbA . using individuals
not on glucose-lowering medication from both RODAM and
AADM data, encompassing both individuals with undiag-
nosed/untreated type 2 diabetes and individuals without
type 2 diabetes. Models were adjusted for age, sex, cell
proportions, BMI and technical covariates for both cohorts
(plate for the RODAM study; plate and plate position for
the AADM study). The RODAM models were addition-
ally adjusted for recruitment site. Analyses were conducted
using complete-case analysis to handle missing data. The
RODAM and AADM study summary statistics for HbA |,
HOMA-S and HOMA-B were subsequently meta-analysed
per trait using METAL (release 25 March 2011) [25]. Q-Q
plots demonstrated well-controlled inflation (ESM Fig. 1b,
¢, d). CpG sites identified in meta-analysis at a Benjamini
and Hochberg false discovery rate (FDR) of <0.05 were con-
sidered robustly associated with type 2 diabetes and related
traits and carried forwards.

As a sensitivity analysis to account for >5% missing-
ness in HbA . and HOMA measures in the RODAM study,
we repeated the EWAS using glycaemic traits imputed via
multivariate imputation by chained equations in R. HbA
insulin and glucose were imputed using age, sex, study site,
type 2 diabetes status, BMI, smoking status and waist cir-
cumference as predictors. HOMA-S and HOMA-B were
then recalculated from the imputed insulin and glucose
values. Subsequent meta-analyses with the AADM study
were repeated, and results were compared with those from
the complete-case analysis. For HbA |, genomic inflation
improved after imputation (A=1.05 vs 1.19), whereas model
fit worsened for the HOMA measures (A=1.20 vs 0.97 for
HOMA-B and 1.85 vs 1.41 for HOMA-S).

Data analyses: phase 2 - causal inference
for identified DNA methylation markers

SNP-exposure associations: identification of blood and
hepatocyte-specific meQTLs Identification of independent
causal variants for DNA methylation sites (meQTLs) was
performed genome wide, leveraging AADM study partici-
pants who had both genotyping data and DNA methylation
data on white blood cells (n=606; n=280 with type 2 dia-
betes). White blood cells are the most studied tissue type in
DNA methylation analyses. Given the tissue specificity of
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DNA methylation data and the well-documented lack of cor-
relation of meQTLs across tissues, we additionally identified
meQTLs using DNA methylation data from hepatocytes.
Our goal was to explore whether any CpGs exhibit cross-
tissue effects, potentially indicating a causal role across
tissues. Hepatocytes are relevant in the pathophysiology
of type 2 diabetes, as they play a central role in glucose
metabolism and insulin sensitivity and are targets of some
type 2 diabetes medications. Hepatocyte meQTL analysis
was performed using publicly available DNA methylation
and genotyping data from the Gene Expression Omnibus
(GEO) database deposited with the 2019 publication by Park
et al [26] (GSE124076). Specifically, DNA methylation data
were obtained from GEO accession number GSE123995,
which included Illumina Infinium methylation EPIC Bead-
Chip array data from primary hepatocyte samples of 56
African American individuals with a median West African
ancestry of 83%. Corresponding genotyping data generated
using the [llumina Multi-Ethnic Genotyping Array for these
56 samples were retrieved from GEO accession number
GSE147628. Henceforth, we refer to this dataset as ‘AAhep’.
We processed these DNA methylation and genotyping data
according to the same procedures as described previously
for the RODAM and AADM datasets.

Both blood and hepatocyte meQTLs were identified by
associating all imputed genetic variants with an imputa-
tion quality score (INFO score) >0.8 on normalised M
values for DNA methylation sites passing quality con-
trol. We used an additive genetic model in a linear mixed
model framework as implemented in the R package QTL-
tools (version 1.3.1) [27], with age, sex, type 2 diabetes
medication use and estimated cell proportions as covari-
ates for the AADM study, and age, sex and proportion
West African ancestry as covariates for the AAhep data.
Genetic variants overlapping DNA methylation probes
were excluded from all meQTL analyses. Cis quantita-
tive trait loci within a 2 Mb region around each CpG
site of interest with an FDR <0.05 were carried forwards
as potential instruments for MR analyses. The nearest
meQTL was at a 34 bp distance from the CpG. To ensure
that the instruments for the DNA methylation loci were
independent, we performed a pairwise linkage disequilib-
rium (LD) analysis commonly known as ‘LD clumping’
using PLINK 1.9 [28] with an r? threshold of <0.1 and
using the imputed AADM and AAhep genotyping data as
the LD reference for the blood and hepatocyte analyses,
respectively. The SNPs with the lowest p value in each
clump were selected as the independent instrument for
that clump. It is important to note that these p values are
presented descriptively in the results to indicate instru-
ment choice, but are not interpreted as formal significance
tests, as selection induces a different null distribution.
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MR relies on three core assumptions: (1) genetic vari-
ants used as instrumental variables are robustly associated
with the exposure (relevance assumption); (2) instrumental
variables are not associated with confounders (independ-
ence assumption); and (3) instrumental variables affect the
outcome only through the exposure and not via other path-
ways (exclusion restriction). To assess these first two core
instrumental variable assumptions, we undertook several
quality control steps. To ensure the relevance assumption,
we calculated cumulative F statistics of all instruments per
CpG site. All instruments had F statistics >10, so all were
retained in the MR analyses. To evaluate the independence
assumption, we regressed all independent instruments on
age, sex, BMI, waist circumference, hip circumference and
smoking status using the data from the larger AADM study.
We excluded instruments with evidence of potential pleiot-
ropy (association p value <0.05).

SNP-outcome associations: type 2 diabetes genome-wide
association studies Genome-wide quantitative linear
regression analyses were performed for type 2 diabetes
on 4120 AADM West African participants who were not
included in the DNA methylation subset to prevent sample
overlap in the MR analyses. A mixed linear model was
fitted using the GENESIS R/Bioconductor package (ver-
sion 2.38.0) [29] assuming an additive genetic model with
adjustment for age, sex, the first three principal compo-
nents, BMI and a genetic relatedness matrix. While these
covariates differed from those used in the SNP—exposure
models (blood and hepatocyte meQTLs), they were tailored
to the characteristics of each dataset. Cell composition was
relevant for blood DNA methylation data, ancestral admix-
ture for the hepatocyte dataset in African Americans and
population structure for the outcome genome-wide associa-
tion study (GWAS).

MR analysis The MendelianRandomization package in R
(version 0.1) [30] was used to perform two-sample MR
analysis using identified instruments in blood and in hepato-
cytes separately. Considering the MR exclusion restriction
assumption, we followed the Rucker framework, which
uses goodness-of-fit heterogeneity statistics to systemati-
cally decide model selection. Following this framework, we
first performed MR analyses using the fixed effects inverse
variance weighted (IVW) method for CpGs with multiple
meQTL instruments. For CpGs with a single meQTL instru-
ment, the Wald ratio was used. Cochran’s Q statistic for the
IVW analyses was used as an assessment of heterogeneity.
If the IVW fixed effects model had a Cochran’s Q p value of
<0.05, a random effect IVW model was fitted. Next, Ruck-
er’s Q statistic was calculated to determine if MR Egger
analysis should be performed.
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Data analyses: phase 3 — post hoc analyses of DNA
methylation markers showing evidence of causality

Stability of causal DNA methylation markers To gain more
insight into CpGs with evidence for causality, we assessed
the stability of the CpGs over time. For 847 RODAM sam-
ples, DNA methylation data were available for a second time
point collected between 2019 and 2021, a mean of 6.7 years
after baseline (Fig. 1). We extracted the normalised betas per
sample at both time points for identified CpG sites. We then
calculated the mean methylation percentage for each CpG
site at time points 1 and 2 as well as the difference in mean
methylation between both time points.

Temporality of DNA methylation changes Next, we assessed
the temporality of DNA methylation changes for the CpGs
with evidence for causality. In AADM, longitudinal data
were available for 138 individuals (n=6 with type 2 diabetes
but not on medication) who had DNA methylation meas-
ured at baseline and HbA . measured at a follow-up, which
occurred a mean of 3.8 years after baseline. These individu-
als were not on glucose-lowering medication at either base-
line or follow-up. HbA, levels were categorised into tertiles
and the baseline methylation percentage for each CpG was
plotted per HbA, tertile.

Correlation between expression quantitative methylations
and gene expression levels Finally, we calculated expres-
sion quantitative methylations (eQTMs) to explore correla-
tions between causal CpGs and RNA-seq gene expression in
blood, skeletal muscle and white adipose tissue. The Matrix
eQTL tool (version 2.3) [31] was used for these analyses
because of its flexibility in input formats (methylation M val-
ues instead of SNPs). Both cis (within 1 Mb of the CpG site)
and trans (more than 1 Mb away from the CpG site) eQTMs
were calculated genome wide, with adjustment for age, sex
and type 2 diabetes medication use for each of the three tis-
sues separately. Given the small sample size and explorative
nature of these post hoc analyses, €QTMs reaching a thresh-
old FDR of <0.2 were considered of potential relevance in
addition to the standard FDR <0.05 significance threshold.

Results
Characteristics of the study populations

The characteristics of the West Africans from the RODAM
and AADM studies included in the DNA methylation,
meQTL and GWAS analyses are shown in Table 1, with
Fig. 1 providing an overview of subset usage. Differences
in glycaemic traits across subsets were expected due to
the higher number of individuals with undiagnosed type

2 diabetes in the RODAM study and the type 2 diabetes-
enriched meQTL and GWAS datasets.

Observational associations between DNA
methylation and type 2 diabetes-related traits

EWAS for type 2 diabetes using the 850k RODAM data
identified one overlapping CpG (TXNIP) with the previously
published EWAS for type 2 diabetes in West Africans using
the 450k array and 24 additional CpGs [8], 15 of which were
not covered by the 450k array (Fig. 2a and ESM Table 1).
Including the four CpGs from that previous study, a total of
28 type 2 diabetes-associated CpGs were identified. Meta-
analyses of EWAS for type 2 diabetes-related traits revealed
26 CpGs associated with HbA, and three with HOMA-S
(Fig. 2b, ¢ and ESM Table 2). No genome-wide significant
CpGs were detected for HOMA-B. The total of 57 identi-
fied CpGs were carried forwards as exposures to two-sample
MR analysis.

The sensitivity analysis using imputed glycaemic traits
identified 20 CpGs for HbA ., 20 for HOMA-S and none
for HOMA-B. FDR values from the imputed analysis are
reported in ESM Table 2 alongside those from the complete-
case analysis, allowing assessment of consistency across
approaches. Additional CpGs identified only in the imputed
analysis are not discussed because of the increased genomic
inflation suggesting that these results should be interpreted
with caution.

Causal associations between DNA methylation
and type 2 diabetes

Following LD clumping, we identified 289 independent
blood cis meQTLs for 53 of the 57 selected CpGs cor-
responding to 64 genomic regions. After exclusion of
meQTLs nominally associated with potential confounders,
233 cis meQTLs within a 2 Mb distance remained across
49 CpGs (ESM Table 3). SNP-type 2 diabetes associa-
tions are shown in ESM Table 4. Of the 49 CpGs, 36 had
multiple independent SNP instruments, allowing for multi-
instrument MR analyses using IVW and calculation of
heterogeneity statistics. Using the MR IVW fixed effects
model, cg00036588 was causally associated with type 2 dia-
betes at a nominally significant p value of 0.039 (OR=0.76)
(Fig. 3a and ESM Table 5). The instrument consisted of
three SNPs (rs142760364, rs145450021 and rs76756127)
and the causal estimate showed no evidence for heteroge-
neity based on Cochran’s Q statistic (p=0.327). Two of the
IVW estimates had significant heterogeneity (Cochran’s Q)
and, therefore, were carried forwards to the IVW random
effects model, following the Rucker framework. Rucker’s
Q statistic was low to moderate for both of these CpG sites
suggesting appropriate model fit (ESM Table 6). Neither of
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Table 1 Participant characteristics

Characteristic EWAS meQTLs GWAS
RODAM cohort AADM cohort AADM cohort AAhep cohort AADM cohort
N 879 332 606 56 4120
Sex, women, n (%) 551 (62.7) 254 (76.5) 472 (77.9) 25 (44.6) 2474 (60.0)
Location, n (%)
Rural Ghana 321 (36.5) 0(0) 0(0) 0(0) 0(0)
Urban Ghana 289 (32.9) 0(0) 0(0) 0(0) 1625 (39.4)
Urban Nigeria 0(0) 332 (100) 606 (100) 0(0) 2495 (60.6)
Amsterdam 269 (30.6) 0(0) 0(0) 0(0) 0(0)
USA 0(0) 0(0) 0(0) 56 (100) 0(0)
Age, years, mean + SD 46.7+11.0 55.4+12.6 57.5+11.9 39.2+19.3 49.6+14.1
Type 2 diabetes, n (%) 41 (4.7) 6 (1.8) 280 (46.2) NA 2005 (48.7)
Type 2 diabetes medication use, n (%) 0 (0) 0(0) 274 (45.2) NA 1929 (46.8)
Biguanides 0(0) 0(0) 263 (43.4) NA 1347 (32.7)
Non-biguanides 0(0) 0(0) 11(1.8) NA 451 (10.9)
Unknown type 0(0) 0(0) 0(0) NA 131 (3.2)
HbA,, %, median (IQR) 5.4 (4.9-5.7) 54 (5.2-5.7) 5.8 (5.4-7.3) NA 5.8 (5.3-7.3)
HbA, ., mmol/mol, median (IQR) 35.7 (30.5-39.1) 35.5(33.3-38.8) 39.9 (35.5-56.3) NA 39.3 (33.9-56.0)
HOMA-S, median (IQR) 134.9 (85.6-223.6)  114.3 (75.9-179.5) 98.4 (66.0-156.1) NA 97.7 (53.1-190.8)
HOMA-B, median (IQR) 74.8 (53.0-98.6) 106.0 (79.1-138.7)  85.0(48.3-123.4) NA 66.7 (32.1-109.4)
BMI (kg/m?), mean + SD 26.0+5.2 30.8+6.4 31.2+6.4 NA 26.4+5.7
Smoker, n (%) 21 (2.4) 1(0.3) 6(1.0) NA 151 (3.7)
Cell counts, %, mean + SD
CD8+ T cells 13.7+4.8 14.6+4.5 14.6+4.6 NA NA
CD4+ T cells 21.3+6.0 20.1+5.6 19.7+5.7 NA NA
Natural killer cells 5.0+£2.9 5.6+2.8 54+29 NA NA
B cells 8.3+3.2 9.2+5.2 8.7+4.3 NA NA
Monocytes 8.1+£2.7 8.3+24 8.2+2.4 NA NA
Neutrophils 43.2+11.8 41.5+9.8 42.849.9 NA NA

NA, not applicable

these was significant in either the IVW fixed or the random
effects models.

In a complementary, less restrictive analysis including
259 cis meQTL instruments across 53 CpGs excluding only
those nominally associated with age and/or sex, no MR asso-
ciations reached p<0.05 using IVW fixed effects models
(ESM Table 7). For cg00036588, expanding the instrument
set attenuated the effect estimate and introduced significant
heterogeneity. Significant heterogeneity remained with alter-
native modelling under the Rucker framework (Rucker’s
0=4.65, p=0.031), including MR Egger (OR=0.24, 95%
CI10.04, 1.41; p=0.11).

Using hepatocyte DNA methylation data, meQTLs were
identified for only four CpGs (ESM Tables 8 and 9). The
Wald ratio MR analyses using the four single meQTLs
as instruments provided nominal evidence for one causal
CpG (Fig. 3b and ESM Table 10). Using rs73992094 as
the instrument, CpG site cg16759041 was associated with
type 2 diabetes at an OR of 1.29 and a p value of 0.037. As
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only single-SNP instruments were available per CpG, het-
erogeneity statistics could not be calculated. Notably, this
cg16759041 CpG was identified in the meta-analysed EWAS
of glycaemic traits and remained robust across complete-
case and imputed analyses (FDR=3.40 x 10~ vs 8.37 x
107%).

Stability over time of causal CpG sites

Stable CpG sites, especially in blood, have the potential to
serve as biomarkers. We found most of the 57 CpG sites
to vary by less than 1% between two time points about
6 years apart (Fig. 4). At time point 2, for the causally
associated CpGs, the mean methylation level in blood
was 0.42% lower for CpG cg00036588 and 0.95% lower
for cg16759041. For cg00036588, this 7-year change is
modest relative to the EWAS effect size, as type 2 diabe-
tes was associated with a 2.7% lower methylation level,
suggesting that the type 2 diabetes-associated variation
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Fig.2 Manbhattan plot of epigenome-wide p values for (a) type 2 dia-
betes, (b) HbA,_ and (¢) HOMA-S. (a) EWAS were conducted in 879
Ghanaians for type 2 diabetes. (b) Meta-analysed EWAS were con-
ducted on 806 Ghanaians and 329 Nigerians for HbA, .. (c) Meta-ana-
lysed EWAS were conducted on 741 Ghanaians and 317 Nigerians
for HOMA-S. The red dotted line indicates epigenome-wide signifi-

exceeds the variability over time. For cg16759041, EWAS
meta-analysis showed that a 10 mmol/mol increase in
HbA,, was associated with 0.9% lower methylation,
which is of a similar magnitude to the 0.95% decline
observed over 7 years.

cance according to FDR multiple test correction (FDR <0.05). This
FDR corresponds to a p value of 1.6 x 107 for type 2 diabetes (a),
2.9 x 107 for HbA,_ (b) and 2.5 x 1077 for HOMA-S (c). UCSC
gene annotations were derived through the Illumina human methyla-
tion EPIC array manifest. Intergenic CpGs were annotated using their
cg IDs

Longitudinal effects of causal CpG sites
Using longitudinal data from the AADM study, we

found that the median percentage methylation at base-
line for cg00036588 was higher among those with lower
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Fig.3 Scatter plot visualising the causal estimates on type 2 diabe-
tes of (a) cg00036588 in blood and (b) cg16759041 in hepatocytes.
The SNPs shown are the independent instruments retained after LD
clumping (7 <0.1), with (a) three SNPs for cg00036588 and (b) one

HbA,, at second follow-up (92.0%, 91.7% and 91.6%
for HbA |, tertiles 1 to 3, respectively; Kruskal-Wallis
X2 p value=0.05), which is consistent with our findings
from the MR analysis suggesting that higher methylation
is protective of type 2 diabetes (Fig. 5a). MR analysis
showed CpG cgl16759041 to be causally associated with
higher odds for type 2 diabetes and, accordingly, those
in the middle and highest tertiles of HbA | at follow-up
were found to have higher methylation at baseline for
this CpG (73.6%, 74.7% and 74.5% for HbA |, tertiles
1 to 3, respectively; Kruskal-Wallis XZP value=0.03)
(Fig. 5b).
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Fig.4 Bland Altman plot visualising the stability of the 57 CpGs
between two time points about 6 years apart. CpG cg00036588 is
highlighted in red and cg16759041 is highlighted in blue
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Correlation of causal CpG sites with gene expression

Two eQTMs were detected for cg00036588 at an FDR <0.05:
the RNA gene LOCI105372599 in blood (beta=—0.045,
FDR=1.38 x 107% and FAMS83C in skeletal muscle
(beta=—0.366, FDR=3.3 X 104). An additional association
with EIF6 in skeletal muscle was observed at a more relaxed
threshold (beta=—1.258, FDR=0.13). Figure 6 shows the
genomic locations of cg00036588 and the associated genes
in muscle tissue. CpG cg00036588 is annotated to the tran-
scription start site of SLA2, while FAM83C and EIF6 are
positioned downstream within the same locus, supporting
potential cis-regulatory relationships. For the blood eQTM,
the RNA gene LOC105372599 is located at an approxi-
mately 1.94 Mb distance from cg00036588, downstream in
genomic coordinates but upstream relative to transcription
on the minus strand. No eQTMs reached an FDR <0.20 for
cgl6759041.

Discussion

This genome-wide discovery analysis for the role of DNA
methylation in type 2 diabetes in West Africans identified
57 CpG sites associated with type 2 diabetes development
and related glycaemic traits. MR analyses provided sugges-
tive evidence for two of these CpG sites as causal for type 2
diabetes. The causal associations were further supported by
longitudinal effects of these CpGs on HbA . levels. Addi-
tionally, one of the causal CpG sites showed a correlation
with the expression of two genes in skeletal muscle, high-
lighting potential functional relevance.
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Inferring causality in EWAS findings is critical for distin-
guishing associations that reflect underlying disease mecha-
nisms from those that are merely correlational, affected by
confounding or by reverse causation. The need for apply-
ing causal inference methods to type 2 diabetes EWAS was
emphasised in a recent review [10]. To date, EWAS MR stud-
ies on type 2 diabetes have predominantly used data from
European-ancestry populations [32-34]. Given the large
influence of both genetic and environmental factors on DNA
methylation, it is likely that CpGs exhibit population-specific
effects, emphasising the need for inclusion of diverse popula-
tions [35]. Our study represents the first application of MR to
identify CpGs causal for type 2 diabetes in a non-European
population. MR strengthens causal claims for specific CpGs
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the box represent the first and third quartiles, respectively. The whisk-
ers extend to the minimum and maximum values within 1.5 times the
IQR, with individual points representing outliers

when MR assumptions are met, namely the relevance, inde-
pendence and exclusion restriction assumptions. It is never
possible to prove definitively that these assumptions hold;
thus, additional evidence is desirable to support claims of
causality [36]. In our study, we provided this through longi-
tudinal associations and correlations with gene expression in
relevant tissues, further reinforcing the causal claims.

The cg00036588 CpG site, for which we found evidence
of causality using meQTLs in blood, has not previously been
reported in any EWAS [37], making our EWAS in Ghana-
ians the first to detect it. Its relative stability over time com-
pared with its EWAS effect size suggests a potential utility
of cg00036588 as a biomarker. Larger longitudinal studies
are needed to evaluate its predictive value for the incidence

cg00036588
FAM83C
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Fig.6 Schematic of regional eQTM effect of cg00036588 in muscle tissue. Muscle icon by Nine, from thenounproject.com

@ Springer



1894

Diabetologia (2026) 69:1882-1897

of type 2 diabetes and its utility in the early detection of type
2 diabetes. Our eQTM analyses revealed that while this CpG
site is the transcription start site of SLA2, it was correlated
with expression levels of FAM83C in skeletal muscle and
with the RNA gene LOC105372599 in blood. FAMS83C and
LOC105372599 have no known function or reported asso-
ciation in relation to cardiometabolic traits. At a relaxed sig-
nificance threshold, this CpG was also correlated with EIF6.
EIF6 codes for elF6 protein, which has been proposed as a
therapeutic target for type 2 diabetes, as well as for obesity
and cancer [38]. In addition, the eIF6 protein has been impli-
cated in the pathogenesis of diabetic ulcers [39], and elF6
knockdown in hepatocytes affected insulin response [40].
Additionally, this CpG was found to be differentially methyl-
ated between young and older muscle stem cells, reinforcing
its potential role in muscle tissue [41]. However, functional
analyses are required to establish whether the effects of this
CpG on EIF6 in muscle, identified using a small sample size
and exploratory threshold, represent a pathway suitable for
therapeutic targeting.

The CpG site cg16759041 was negatively associated
with HbA . in cross-sectional EWAS analyses using DNA
methylation data profiled from white blood cells, yet was
positively associated with type 2 diabetes in MR leverag-
ing meQTLs identified in hepatocytes. A positive associa-
tion was also found with HbA_ in longitudinal analyses.
A comparison of CpGs measured in paired liver and blood
samples showed that tissue correlation varied widely
across CpGs [42]. This may suggest that while the cross-
sectional EWAS identified cg16759041 as relevant, the
negative association in blood may reflect reverse causation
or an immune cell-specific effect, whereas the positive
associations observed in hepatocyte MR and longitudinal
analyses point to a potential causal role for cg16759041
in type 2 diabetes pathophysiology. Little is known about
the biological significance of this CpG site or the biologi-
cal mechanisms by which it may affect type 2 diabetes.
This CpG site has not been reported previously in rela-
tion to any trait in the EWAS Atlas. While the probe is
included on the EPIC array, it was not present on the ear-
lier 450k array, which was used for the majority of EWAS
published to date [37]. In addition, the EWAS Atlas is
dominated by European-ancestry EWAS. cg16759041 is
annotated to an intergenic region and the nearest upstream
and downstream genes (MDD and SMIM36) have not been
implicated in glycaemic traits. In addition, the compari-
son of our HbA,. EWAS effect size with the change in
methylation over a period of nearly 7 years for this CpG
showed a similar magnitude, suggesting that time-related
variation may obscure disease-associated variation for this
CpG. Further investigation is needed using multi-tissue
approaches to disentangle the potential role of this CpG
in type 2 diabetes pathophysiology.
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Our findings are consistent with other studies that did not
find evidence for causality for most CpGs cross-sectionally
associated with cardiometabolic diseases. Two studies con-
ducted in predominantly European-ancestry populations
each identified one CpG with evidence for a causal effect
on type 2 diabetes. Specifically, CpG cg00574958 (CPTIA)
was identified from 16 CpGs tested in a British cohort [32],
and ¢cg25536676 (DHCR24) was identified from 30 CpGs
tested in the largest meta-EWAS of type 2 diabetes in Euro-
peans [33]. While we tested cg00574958 for causality in our
study, cg25536676 was not associated with type 2 diabetes
or related traits in EWAS among West Africans. Similarly, a
lack of causal CpGs has been reported for other cardiometa-
bolic traits. For example, MR analysis on BMI-associated
CpGs using data from the Framing Heart Study identified
only two nominally significant causal associations with BMI
[43]. These findings suggest that the majority of CpGs iden-
tified in EWAS are unlikely to have a direct causal role.
However, those few with causal evidence hold promise as
biomarkers or therapeutic targets.

The meQTLs identified using DNA methylation data from
hepatocytes differed from those identified in blood. Previous
studies have shown that tissue specificity for meQTLs is
common. Notably, meQTL mapping using DNA methylation
data on nine tissues from 424 GTEx samples found that only
16% of the meQTLs identified had a secondary signal in at
least one other tissue [44]. Our findings suggest that tissue
specificity matters in type 2 diabetes pathophysiology. How-
ever, alternative explanations must be considered as well.
Differences in genetic ancestry, the presence of European
admixture in African Americans (unlike the West Africans
in our study), gene—environment interactions and differences
in statistical power due to the substantially smaller sample
size of the hepatocyte dataset may have limited the detection
of shared meQTLs. Larger, harmonised multi-tissue meQTL
datasets in diverse populations are needed to determine the
role of tissue-specific epigenetic effects in type 2 diabetes
pathophysiology.

The strengths of this study include the use of two inde-
pendent cohorts of West Africans, an understudied popula-
tion in epigenetic research. Additionally, the inclusion of
hepatocytes alongside white blood cells, the most studied
tissue in EWAS, allowed us to assess tissue-specific effects,
providing deeper insights into type 2 diabetes pathophysiol-
ogy. Finally, our study used some of the limited longitudinal
data sources available in sub-Saharan Africa, and analyses
of these data further strengthened our causal claims. How-
ever, our study is not without limitations. The sample size is
relatively small compared with studies in other populations,
which has reduced the statistical power to detect associa-
tions with small effect size. The limited sample size also
precluded sex-stratified analyses, although sex differences
in DNA methylation patterns and in the pathophysiology



Diabetologia (2026) 69:1882-1897

1895

of type 2 diabetes have been reported. Given that approxi-
mately 50-70% of participants across the different analytic
subsets were women, our findings are broadly applicable
to both sexes. However, we cannot exclude the possibility
of sex-specific associations. While we found evidence for
cg00036588 and cg16759041 being causally linked to type
2 diabetes, we cannot exclude the possibility that other iden-
tified CpGs may also have causal roles. In particular, for
CpGs with smaller estimated causal effects, our study had
limited power to detect significant associations. In addition,
meQTL instruments were estimated in the AADM study, a
type 2 diabetes case—control cohort, which may introduce
ascertainment-related bias when both the genetic instrument
and the CpG site are independently associated with type
2 diabetes. However, EWAS of type 2 diabetes were con-
ducted exclusively in the population-based RODAM cohort,
EWAS of glycaemic traits in the AADM study were effec-
tively restricted to control participants and the use of cis
meQTL instruments reduces the likelihood that instruments
are disease associated. Further studies in population-based
cohorts with larger sample size are needed to more defini-
tively assess causality for these sites. Our causal estimates
are also affected by the standard MR limitations related
to its reliance on a few assumptions. We minimised the
likelihood of confounding by excluding instruments that
had a nominal association with potential confounders in
our dataset, by using a two-sample approach and by testing
for heterogeneity following the Rucker framework. Further-
more, our causal findings were supported by longitudinal
analyses, while the eQTM analyses in relevant tissues sup-
ported a potential regulatory role. It should be noted that,
because our study focused on individuals with untreated
type 2 diabetes, and glucose-lowering medication is known
to strongly influence the epigenome, the methylation mark-
ers identified cannot be generalised to individuals receiving
such treatment. Instead, they should be interpreted specifi-
cally in the context of disease onset and early development.
Finally, caution should be exercised when extrapolating our
findings to other African-ancestry populations due to the
high genetic and environmental diversity across African
populations. This diversity underscores the importance of
conducting similar studies in other African populations both
within Africa and in the diaspora.

Conclusions

Our findings provide evidence for a causal role of two DNA
methylation markers, cg00036588 and cg16759041, in type
2 diabetes development among West Africans. Differences
observed between white blood cells and hepatocytes may
reflect tissue specificity in causal associations (among sev-
eral potential explanations), but further studies are needed to
clarify the role of tissue-specific epigenetic processes in type

2 diabetes. Our findings may help advance understanding of
disease mechanisms pertaining to type 2 diabetes onset and
development. If validated in larger studies and supported by
functional evidence, the DNA methylation markers identi-
fied could be prioritised as potential biomarkers for early
detection of disease or as drug development targets.

Supplementary Information The online version contains peer-reviewed
but unedited supplementary material available at https://doi.org/10.
1007/s00125-026-06716-3.

Acknowledgements The authors are grateful to the participants,
research nurses, interviewers, research assistants and other staff of
the AADM and RODAM studies. The authors are very grateful to Dr
Erik Beune (Department of Public Health, Academic Medical Center,
Amsterdam, the Netherlands) who with great dedication and an eye
for detail coordinated the RODAM study. This work used the com-
putational resources of the NIH HPC Biowulf cluster (http://hpc.nih.
gov). The contributions of the NIH authors are considered Works of
the United States Government. The findings and conclusions presented
in this paper are those of the authors and do not necessarily reflect
the views of the NIH or the U.S. Department of Health and Human
Services.

Data availability The datasets analysed during the current study
are not publicly available due to the informed consent obtained not
granting permission for deposition in an open-access repository of
research data. Qualified investigators may request access to the data as
part of a collaboration, in accordance with the project’s institutional
review board approval and the participants’ signed informed consent.
Requests can be directed to the Principal Investigator of the AADM
study, Dr Charles Rotimi (rotimic @mail.nih.gov) and/or the Princi-
pal Investigator of the RODAM study, Professor Charles Agyemang
(c.0.agyemang @amsterdamumc.nl).

Code availability The analysis code is available at https://github.com/
NHGRI/CRGGH/tree/meeks. MR_DNAm_T2D.

Funding This research was supported in part by the Intramural
Research Program of the NIH through the Center for Research on
Genomics and Global Health (CRGGH). The CRGGH is also sup-
ported by the National Institute of Diabetes and Digestive and Kidney
Diseases and the Office of the Director at the NIH (ZO1HG200362).
KACM is additionally supported by the NIH Pathway to Independence
Award (K99/R00) DK131018. Support for participant recruitment and
initial genetic studies of the AADM study was provided by NIH grant
no. 3T37TW00041-03S2 from the Office of Research on Minority
Health. The RODAM study was funded by the European Commission
under the Seventh Framework Programme (grant no. 278901).

Authors’relationships and activities The authors declare that there are
no relationships or activities that might bias, or be perceived to bias,
their work.

Contribution statement APD, AAA and CNR contributed to the con-
ception, design and/or data acquisition of the AADM study. KACM,
ELL, PH, EO-D and CA contributed to the conception, design and/
or data acquisition of the RODAM study. KACM, AAA and CNR
designed the analyses presented in this manuscript. KACM and ELL
performed the data analysis. KACM drafted the manuscript with input
from all authors. All authors contributed to the interpretation of the
data, critically revised the manuscript for important intellectual content
and approved the final version for publication. KACM and CNR are
responsible for the integrity of the work as a whole.

@ Springer


https://doi.org/10.1007/s00125-026-06716-3
https://doi.org/10.1007/s00125-026-06716-3
http://hpc.nih.gov
http://hpc.nih.gov
https://github.com/NHGRI/CRGGH/tree/meeks_MR_DNAm_T2D
https://github.com/NHGRI/CRGGH/tree/meeks_MR_DNAm_T2D

1896

Diabetologia (2026) 69:1882-1897

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

10.

11.

12.

13.

Yu M, Zhan X, Yang Z et al (2021) Measuring the global,
regional, and national burden of type 2 diabetes and the attrib-
utable risk factors in all 194 countries. J Diabetes 13:613-639.
https://doi.org/10.1111/1753-0407.13159

International Diabetes Federation (IDF) (2021) IDF diabetes atlas,
10th edn. International Diabetes Federation, Brussels, Belgium
Meeks KAC, Freitas-Da-Silva D, Adeyemo A et al (2016) Dis-
parities in type 2 diabetes prevalence among ethnic minority
groups resident in Europe: a systematic review and meta-anal-
ysis. Intern Emerg Med 11:327-340. https://doi.org/10.1007/
s11739-015-1302-9

Liu L, Li Y, Tollefsbol TO (2008) Gene-environment interactions
and epigenetic basis of human diseases. Curr Issues Mol Biol
10:25-36. https://doi.org/10.21775/cimb.010.025

Parrizas M, Gasa R, Kaliman P (2012) Epigenetics of lifestyle:
the plasticity of the genetic information. In Parrizas M, Gasa R,
Kaliman P (eds) Epigenetics of lifestyle. Dubai: Bentham Science
Publishers, pp 3-35

Nadiger N, Veed JK, Chinya Nataraj P et al (2024) DNA methyla-
tion and type 2 diabetes: a systematic review. Clin Epigenetics
16:67. https://doi.org/10.1186/s13148-024-01670-6

Breeze CE, Beck S, Berndt SI et al (2022) The missing diversity
in human epigenomic studies. Nat Genet 54:737-739. https://doi.
org/10.1038/s41588-022-01081-4

Meeks KAC, Henneman P, Venema A et al (2019) Epigenome-
wide association study in whole blood on type 2 diabetes among
sub-Saharan African individuals: findings from the RODAM
study. Int J Epidemiol 48:58-70. https://doi.org/10.1093/ije/
dyyl71

Hobbs A, Ramsay M (2015) Epigenetics and the burden of non-
communicable disease: a paucity of research in Africa. Epigenom-
ics 7:627-639. https://doi.org/10.2217/epi.15.17
Juvinao-Quintero DL, Hivert M-F, Sharp GC et al (2019) DNA
methylation and type 2 diabetes: the use of Mendelian randomiza-
tion to assess causality. Curr Genet Med Rep 7:191-207. https://
doi.org/10.1007/540142-019-00176-5

Agyemang C, Beune E, Meeks K et al (2014) Rationale and cross-
sectional study design of the Research on Obesity and type 2 Dia-
betes among African Migrants: the RODAM study. BMJ Open
4:e004877. https://doi.org/10.1136/bmjopen-2014-004877
Agyemang C, van der Linden EL, Antwi-Berko D et al (2022)
Cohort profile: Research on Obesity and Diabetes among Afri-
can Migrants in Europe and Africa Prospective (RODAM-Pros)
cohort study. BMJ open 12:e067906. https://doi.org/10.1136/
bmjopen-2022-067906

Adeyemo AA, Zaghloul NA, Chen G et al (2019) ZRANB3 is an
African-specific type 2 diabetes locus associated with beta-cell

Springer

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

mass and insulin response. Nat Commun 10:3195. https://doi.org/
10.1038/541467-019-10967-7

Rotimi CN, Chen G, Adeyemo AA et al (2004) A genome-wide
search for type 2 diabetes susceptibility genes in West Africans:
the Africa America Diabetes Mellitus (AADM) Study. Diabetes
53:838-841. https://doi.org/10.2337/diabetes.53.3.838

Rotimi CN, Dunston GM, Berg K et al (2001) In search of sus-
ceptibility genes for type 2 diabetes in West Africa: the design
and results of the first phase of the AADM study. Ann Epidemiol
11:51-58. https://doi.org/10.1016/s1047-2797(00)00180-0

Van Iterson M, Tobi EW, Slieker RC et al (2014) MethylAid:
visual and interactive quality control of large Illumina 450k data-
sets. Bioinformatics 30:3435-3437. https://doi.org/10.1093/bioin
formatics/btu566

Zhou W, Triche TJ Jr, Laird PW et al (2018) SeSAMe: reducing
artifactual detection of DNA methylation by Infinium BeadChips
in genomic deletions. Nucleic Acids Res 46:¢123—e123. https://
doi.org/10.1093/nar/gky691

Fortin J-P, Triche TJ Jr, Hansen KD (2016) Preprocessing, nor-
malization and integration of the Illumina HumanMethylationE-
PIC array with minfi. Bioinformatics 33:558-560. https://doi.org/
10.1093/bioinformatics/btw691

Du P, Zhang X, Huang C-C et al (2010) Comparison of Beta-
value and M-value methods for quantifying methylation levels by
microarray analysis. BMC Bioinformatics 11:1-9. https://doi.org/
10.1186/1471-2105-11-587

Houseman EA, Kelsey KT, Wiencke JK et al (2015) Cell-com-
position effects in the analysis of DNA methylation array data: a
mathematical perspective. BMC Bioinformatics 16:1-16. https://
doi.org/10.1186/s12859-015-0527-y

Salas L, Koestler D (2019) FlowSorted.Blood.EPIC: Illumina
EPIC data on immunomagnetic sorted peripheral adult blood
cells. R package version 1.3. 0. Bioconductor

Li B, Dewey CN (2011) RSEM: accurate transcript quantification
from RNA-Seq data with or without a reference genome. BMC
Bioinformatics 12:323. https://doi.org/10.1186/1471-2105-12-323
Langmead B, Wilks C, Antonescu V et al (2019) Scaling read
aligners to hundreds of threads on general-purpose processors.
Bioinformatics 35:421-432. https://doi.org/10.1093/bioinforma
tics/bty648

Elbere I, Silamikelis I, Ustinova M et al (2018) Significantly
altered peripheral blood cell DNA methylation profile as a result
of immediate effect of metformin use in healthy individuals. Clin
Epigenetics 10:156. https://doi.org/10.1186/s13148-018-0593-x
Willer CJ, Li Y, Abecasis GR (2010) METAL: fast and efficient
meta-analysis of genomewide association scans. Bioinformatics
26:2190-2191. https://doi.org/10.1093/bioinformatics/btq340
Park CS, De T, Xu Y et al (2019) Hepatocyte gene expression
and DNA methylation as ancestry-dependent mechanisms in Afri-
can Americans. NPJ Genom Med 4:29. https://doi.org/10.1038/
$41525-019-0102-y

Delaneau O, Ongen H, Brown AA et al (2017) A complete tool set
for molecular QTL discovery and analysis. Nat Commun 8:15452.
https://doi.org/10.1038/ncomms 15452

Chang CC, Chow CC, Tellier LC et al (2015) Second-genera-
tion PLINK: rising to the challenge of larger and richer datasets.
GigaScience 4:7. https://doi.org/10.1186/s13742-015-0047-8
Gogarten SM, Sofer T, Chen H et al (2019) Genetic association
testing using the GENESIS R/Bioconductor package. Bioinfor-
matics 35:5346-5348. https://doi.org/10.1093/bioinformatics/
btz567

Yavorska OO, Burgess S (2017) MendelianRandomization: an R
package for performing Mendelian randomization analyses using
summarized data. Int J Epidemiol 46:1734—1739. https://doi.org/
10.1093/ije/dyx034


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1111/1753-0407.13159
https://doi.org/10.1007/s11739-015-1302-9
https://doi.org/10.1007/s11739-015-1302-9
https://doi.org/10.21775/cimb.010.025
https://doi.org/10.1186/s13148-024-01670-6
https://doi.org/10.1038/s41588-022-01081-4
https://doi.org/10.1038/s41588-022-01081-4
https://doi.org/10.1093/ije/dyy171
https://doi.org/10.1093/ije/dyy171
https://doi.org/10.2217/epi.15.17
https://doi.org/10.1007/s40142-019-00176-5
https://doi.org/10.1007/s40142-019-00176-5
https://doi.org/10.1136/bmjopen-2014-004877
https://doi.org/10.1136/bmjopen-2022-067906
https://doi.org/10.1136/bmjopen-2022-067906
https://doi.org/10.1038/s41467-019-10967-7
https://doi.org/10.1038/s41467-019-10967-7
https://doi.org/10.2337/diabetes.53.3.838
https://doi.org/10.1016/s1047-2797(00)00180-0
https://doi.org/10.1093/bioinformatics/btu566
https://doi.org/10.1093/bioinformatics/btu566
https://doi.org/10.1093/nar/gky691
https://doi.org/10.1093/nar/gky691
https://doi.org/10.1093/bioinformatics/btw691
https://doi.org/10.1093/bioinformatics/btw691
https://doi.org/10.1186/1471-2105-11-587
https://doi.org/10.1186/1471-2105-11-587
https://doi.org/10.1186/s12859-015-0527-y
https://doi.org/10.1186/s12859-015-0527-y
https://doi.org/10.1186/1471-2105-12-323
https://doi.org/10.1093/bioinformatics/bty648
https://doi.org/10.1093/bioinformatics/bty648
https://doi.org/10.1186/s13148-018-0593-x
https://doi.org/10.1093/bioinformatics/btq340
https://doi.org/10.1038/s41525-019-0102-y
https://doi.org/10.1038/s41525-019-0102-y
https://doi.org/10.1038/ncomms15452
https://doi.org/10.1186/s13742-015-0047-8
https://doi.org/10.1093/bioinformatics/btz567
https://doi.org/10.1093/bioinformatics/btz567
https://doi.org/10.1093/ije/dyx034
https://doi.org/10.1093/ije/dyx034

Diabetologia (2026) 69:1882-1897

1897

31. Shabalin AA (2012) Matrix eQTL: ultra fast eQTL analysis via
large matrix operations. Bioinformatics 28:1353—1358. https://
doi.org/10.1093/bioinformatics/bts163

32. Cardona A, Day FR, Perry JRB et al (2019) Epigenome-wide
association study of incident type 2 diabetes in a British popula-
tion: EPIC-Norfolk study. Diabetes 68:2315-2326. https://doi.org/
10.2337/db18-0290

33. Juvinao-Quintero DL, Sharp GC, Sanderson ECM et al (2023)
Investigating causality in the association between DNA methyla-
tion and type 2 diabetes using bidirectional two-sample Mende-
lian randomisation. Diabetologia 66:1247-1259. https://doi.org/
10.1007/s00125-023-05914-7

34. Elliott HR, Shihab HA, Lockett GA et al (2017) Role of DNA
methylation in type 2 diabetes etiology: using genotype as a
causal anchor. Diabetes 66:1713—-1722. https://doi.org/10.2337/
db16-0874

35. Galanter JM, Gignoux CR, Oh SS et al (2017) Differential meth-
ylation between ethnic sub-groups reflects the effect of genetic
ancestry and environmental exposures. eLife 6:€20532. https://
doi.org/10.7554/eLife.20532

36. Latvala A, Ollikainen M (2016) Mendelian randomization in (epi)
genetic epidemiology: an effective tool to be handled with care.
Genome Biol 17:156. https://doi.org/10.1186/s13059-016-1018-9

37. LiM, ZouD, LiZ et al (2018) EWAS Atlas: a curated knowledge-
base of epigenome-wide association studies. Nucleic Acids Res
47:D983-D988. https://doi.org/10.1093/nar/gky 1027

38. Brina D, Miluzio A, Ricciardi S et al (2015) eIF6 coordinates
insulin sensitivity and lipid metabolism by coupling translation to

Authors and Affiliations

Karlijn A. C. Meeks'*3>*® . Eva L. van der Linden*
Nora Franceschini®’ @ . Themistocles L. Assimes®®
Ellis Owusu-Dabo''® . Guanjie Chen'

P4 Karlijn A. C. Meeks
karlijn.meeks @som.umaryland.edu

< Charles N. Rotimi
rotimic @mail.nih.gov

Center for Research on Genomics and Global Health,
National Human Genome Research Institute, National
Institutes of Health, Bethesda, MD, USA

Division of Endocrinology, Diabetes and Nutrition,
Department of Medicine, University of Maryland School
of Medicine, Baltimore, MD, USA

Department of Epidemiology and Public Health, University
of Maryland School of Medicine, Baltimore, MD, USA

Department of Public and Occupational Health, Amsterdam
UMC, University of Amsterdam, Amsterdam Public Health
Research Institute, Amsterdam, the Netherlands

Department of Human Genetics, Epigenetics, Reproduction
& Development, Amsterdam UMC, University
of Amsterdam, Amsterdam, the Netherlands

- Amy R. Bentley'
- Felix P. Chilunga*
- Charles Agyemang

transcription. Nat Commun 6:8261. https://doi.org/10.1038/ncomm
59261

39. Wang X, Xu G, Zhang F et al (2024) eIF6 modulates skin wound
healing by upregulating keratin 6B. Stem Cells Transl Med
13:1101-1112. https://doi.org/10.1093/stcltm/szac064

40. Gandin V, Miluzio A, Barbieri AM et al (2008) Eukaryotic initia-
tion factor 6 is rate-limiting in translation, growth and transforma-
tion. Nature 455:684—688. https://doi.org/10.1038/nature07267

41. Bigot A, Duddy WJ, Ouandaogo ZG et al (2015) Age-associated
methylation suppresses SPRY 1, leading to a failure of re-quies-
cence and loss of the reserve stem cell pool in elderly muscle. Cell
Rep 13:1172-1182. https://doi.org/10.1016/j.celrep.2015.09.067

42. Olsson Lindvall M, Angerfors A, Andersson B et al (2021)
Comparison of DNA methylation profiles of hemostatic genes
between liver tissue and peripheral blood within individuals.
Thromb Haemost 121:573-583. https://doi.org/10.1055/s-
0040-1720980

43. Mendelson MM, Marioni RE, Joehanes R et al (2017) Association
of body mass index with DNA methylation and gene expression in
blood cells and relations to cardiometabolic disease: a Mendelian
randomization approach. PLoS Med 14:¢1002215. https://doi.org/
10.1371/journal.pmed.1002215

44. Oliva M, Demanelis K, Lu Y et al (2023) DNA methylation QTL
mapping across diverse human tissues provides molecular links
between genetic variation and complex traits. Nat Genet 55:112—
122. https://doi.org/10.1038/s41588-022-01248-z

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

- Peter Henneman®
4,10

- Ayo P. Doumatey’
- Charles F. Hayfron-Benjamin

412 . Charles N. Rotimi’

- Adebowale A. Adeyemo'

Department of Epidemiology, University of North Carolina,
Chapel Hill, NC, USA

Department of Genetics, University of North Carolina,
Chapel Hill, NC, USA

Department of Medicine, Stanford University School
of Medicine, Stanford, CA, USA

9 VA Palo Alto Healthcare System, Palo Alto, CA, USA

Department of Physiology, University of Ghana Medical
School, Accra, Ghana

Department of Global and International Health, School
of Public Health, Kwame Nkrumah University of Science
and Technology, Kumasi, Ghana

Department of Medicine, The Johns Hopkins University
School of Medicine, Baltimore, MD, USA

@ Springer


https://doi.org/10.1093/bioinformatics/bts163
https://doi.org/10.1093/bioinformatics/bts163
https://doi.org/10.2337/db18-0290
https://doi.org/10.2337/db18-0290
https://doi.org/10.1007/s00125-023-05914-7
https://doi.org/10.1007/s00125-023-05914-7
https://doi.org/10.2337/db16-0874
https://doi.org/10.2337/db16-0874
https://doi.org/10.7554/eLife.20532
https://doi.org/10.7554/eLife.20532
https://doi.org/10.1186/s13059-016-1018-9
https://doi.org/10.1093/nar/gky1027
https://doi.org/10.1038/ncomms9261
https://doi.org/10.1038/ncomms9261
https://doi.org/10.1093/stcltm/szae064
https://doi.org/10.1038/nature07267
https://doi.org/10.1016/j.celrep.2015.09.067
https://doi.org/10.1055/s-0040-1720980
https://doi.org/10.1055/s-0040-1720980
https://doi.org/10.1371/journal.pmed.1002215
https://doi.org/10.1371/journal.pmed.1002215
https://doi.org/10.1038/s41588-022-01248-z
http://orcid.org/0000-0003-3032-405X
http://orcid.org/0000-0002-4037-1717
http://orcid.org/0000-0002-0827-9101
http://orcid.org/0000-0001-9494-7710
http://orcid.org/0000-0003-2179-7808
http://orcid.org/0009-0001-8346-3662
http://orcid.org/0000-0003-2349-0009
http://orcid.org/0000-0003-4083-001X
http://orcid.org/0000-0003-0175-0340
http://orcid.org/0000-0003-4232-4292
http://orcid.org/0000-0002-5745-5618
http://orcid.org/0000-0002-3882-7295
http://orcid.org/0000-0002-3105-3231
http://orcid.org/0000-0001-5759-053X

	Causal relationship between epigenetic markers and type 2 diabetes in West African populations: a Mendelian randomisation analysis
	Abstract
	Aimshypothesis 
	Methods 
	Results 
	Conclusionsinterpretation 

	Introduction
	Methods
	Data and populations
	Phenotypic measurements
	DNA methylation data
	Genotyping data
	RNA-seq data
	Data analyses: phase 1 – identification of DNA methylation markers
	Data analyses: phase 2 – causal inference for identified DNA methylation markers
	Data analyses: phase 3 – post hoc analyses of DNA methylation markers showing evidence of causality

	Results
	Characteristics of the study populations
	Observational associations between DNA methylation and type 2 diabetes-related traits
	Causal associations between DNA methylation and type 2 diabetes
	Stability over time of causal CpG sites
	Longitudinal effects of causal CpG sites
	Correlation of causal CpG sites with gene expression

	Discussion
	Conclusions

	References


