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Abstract
Aims/hypothesis Using a targeted proteomics approach, we aimed to identify and validate circulating proteins associated with
impaired glucose metabolism (IGM) and type 2 diabetes in a Black South African cohort. In addition, we assessed sex-specific
associations between the validated proteins and pathophysiological pathways of type 2 diabetes.
Methods This cross-sectional study included Black South African men (n=380) and women (n=375) who were part of the
Middle-Aged Soweto Cohort (MASC). Dual-energy x-ray absorptiometry was used to determine fat mass and visceral
adipose tissue, and fasting venous blood samples were collected for analysis of glucose, insulin and C-peptide and for
targeted proteomics, measuring a total of 184 pre-selected protein biomarkers. An OGTT was performed on participants
without diabetes, and peripheral insulin sensitivity (Matsuda index), HOMA-IR, basal insulin clearance, insulin secretion
(C-peptide index) and beta cell function (disposition index) were estimated. Participants were classified as having normal
glucose tolerance (NGT; n=546), IGM (n=116) or type 2 diabetes (n=93). Proteins associated with dysglycaemia (IGM or
type 2 diabetes) in the MASC were validated in the Swedish EpiHealth cohort (NGT, n=1706; impaired fasting glucose,
n=550; type 2 diabetes, n=210).
Results We identified 73 proteins associated with dysglycaemia in the MASC, of which 34 were validated in the EpiHealth
cohort. Among these validated proteins, 11 were associated with various measures of insulin dynamics, with the largest number
of proteins being associated with HOMA-IR. In sex-specific analyses, IGF-binding protein 2 (IGFBP2) was associated with
lower HOMA-IR in women (coefficient –0.35; 95% CI –0.44, –0.25) and men (coefficient –0.09; 95% CI –0.15, –0.03).
Metalloproteinase inhibitor 4 (TIMP4) was associated with higher insulin secretion (coefficient 0.05; 95% CI 0.001, 0.11; p
for interaction=0.025) and beta cell function (coefficient 0.06; 95% CI 0.02, 0.09; p for interaction=0.013) in women only. In
contrast, a stronger positive association between IGFBP2 and insulin sensitivity determined using an OGTT (coefficient 0.38;
95% CI 0.27, 0.49) was observed in men (p for interaction=0.004). A posteriori analysis showed that the associations between
TIMP4 and insulin dynamics were not mediated by adiposity. In contrast, most of the associations between IGFBP2 and insulin
dynamics, except for insulin secretion, were mediated by either fat mass index or visceral adipose tissue in men and women. Fat
mass index was the strongest mediator between IGFBP2 and insulin sensitivity (total effect mediated 40.7%; 95% CI 37.0, 43.6)
and IGFBP2 and HOMA-IR (total effect mediated 39.1%; 95% CI 31.1, 43.5) in men.
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Conclusions/interpretation We validated 34 proteins that were associated with type 2 diabetes, of which 11 were associated with
measures of type 2 diabetes pathophysiology such as peripheral insulin sensitivity and beta cell function. This study highlights
biomarkers that are similar between cohorts of different ancestry, with different lifestyles and sociodemographic profiles. The
African-specific biomarkers identified require validation in African cohorts to identify risk markers and increase our understand-
ing of the pathophysiology of type 2 diabetes in African populations.

Keywords Adiposity . Beta cell function . Ethnicity . IGFBP2 . Impaired glucose metabolism . Insulin clearance . Insulin
secretion . Insulin sensitivity . Obesity . TIMP4 . Type 2 diabetes

Abbreviations
DI Disposition index
DXA Dual-energy x-ray absorptiometry
FDR False discovery rate
FMI Fat mass index
IFG Impaired fasting glucose
IGFBP2 IGF-binding protein 2
IGM Impaired glucose metabolism
IGT Impaired glucose tolerance
KIM1 Kidney injury molecule
MASC Middle-Aged Soweto Cohort
NGT Normal glucose tolerance
SAT Subcutaneous adipose tissue
SCF Stem cell factor
TIMP4 Metalloproteinase inhibitor 4
TNFRSF11A TNF receptor superfamily member 11A
tPA Tissue-type plasminogen activator

VAT Visceral adipose tissue
VSIG2 V-set and immunoglobulin domain-

containing protein 2

Introduction

Type 2 diabetes is a global health challenge, with Africa show-
ing the highest projected relative increase over the next 25 years
[1]. Africa is estimated to have the highest prevalence of undi-
agnosed diabetes (59.7%) and the highest proportion of deaths
due to diabetes (73.1%) [1]. In 2016, type 2 diabetes was the
second leading cause of death in South Africa overall, and the
leading cause of death in women [2]. Although the exact mech-
anisms leading to the development of type 2 diabetes are
unknown, studies have used targeted proteomics to better under-
stand the pathophysiology of type 2 diabetes and to identify
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convenient diagnostic and risk prediction models that may be
used in a clinical setting [3–7]. However, these studies have
been conducted in high-income populations; to our knowledge,
no studies have been undertaken in low resourcedAfrican popu-
lations where sociocultural and lifestyle factors differ greatly.

Recent data suggest that there are differences in the
pathogenesis of type 2 diabetes in populations of
African ancestry, compared with their European counter-
parts [8–13]. However, it is unclear whether a similar
profile of protein biomarkers is associated with the
pathophysiology of type 2 diabetes in these populations
as determined by insulin sensitivity, insulin secretion
and insulin clearance. This is important to understand
because currently the diagnostic criteria and treatment
strategies used are the same for people of either
African or European ancestry, due to limited data in
African populations.

While many South African studies have included
women, few have included data from men, preventing the
exploration of potential sex differences in the factors asso-
ciated with type 2 diabetes. The limited data available
suggests that there are sex differences in the pathophysiol-
ogy of type 2 diabetes, with preliminary evidence indicat-
ing that Black African women have higher insulin secre-
tion and a higher disposition index (DI; estimated beta cell
function) compared with men [14–16]. Furthermore, the
inverse associations between body fatness and insulin
sensitivity/beta cell function (DI) is stronger in Black
African men compared with women [14]. but the insulin
response decreases at a similar rate in both sexes as the
population ages [16]. The reasons for these sex differences
within African cohorts remain unclear, but they may reflect
differences in total adiposity and body fat distribution [14,
16, 17]. Despite these differences, current guidelines for
type 2 diabetes management do not differentiate between
sexes or ancestry.

Therefore, the first aim of the current study was to use a
targeted proteomics approach to identify circulating proteins
associated with impaired glucose metabolism (IGM) and type
2 diabetes in a South African cohort, and to validate these
against the Swedish EpiHealth cohort. The second aim was
to use the South African cohort to assess sex-specific associ-
ations between the validated proteins and components of type
2 diabetes pathophysiology, namely insulin sensitivity, insulin
secretion, insulin clearance and beta cell function.

Methods

Discovery cohort

Design, study population and setting This cross-sectional
study includes the Middle-Aged Soweto Cohort (MASC) of

Black South African men (n=502) and women (n=519) [18].
Participant recruitment and data collection took place between
January 2017 and August 2018. Participants with known HIV
or screen-detected using an HIV antibody test (One Step HIV-
1/2, GuangzhouWondfo Biotech, China) were excluded from
this data analysis (n=185). In addition, participants who
reported any form of ill health within the 7 days before testing
(n=81) were also excluded. The final cohort included 755
participants (380 men and 375 women) (Fig. 1).

The study was performed in accordance with the
Declaration of Helsinki and was approved by the Human
Research Ethics Committee (Medical) of the University of
the Witwatersrand (clearance certificate numbers
M160604 and M160975). Written consent was obtained
from all participants prior to their inclusion in the study.
The testing procedures were performed at the South
African Medical Research Council/WITS Developmental
Pathways for Health Research Unit at the Chris Hani
Baragwanath Hospital in Soweto, Johannesburg, South
Africa.

Sociodemographic and medical questionnaire Interviewer-
administered questionnaires were completed and the data
were captured using REDCap [19]. Data collected included
age, education (completed secondary education [>12 years],
10–12 years or ≤9 years of education), smoking (current
smoker/non-smoker), alcohol (consumes/does not consume)
and medication usage. Participants brought in all medications
currently prescribed for type 2 diabetes, hypertension and
hypercholesterolaemia, and details of these were recorded.

Anthropometry and body composition Weight was
measured to the nearest 0.1 kg using a calibrated scale
(TBF-410, Tanita, USA), and height was measured to the
nearest 0.1 cm using a stadiometer (Holtain, UK). BMI
was calculated and categorised according to the WHO
criteria [20]. Waist circumference was measured at the
midpoint between the last rib and the top of the iliac crest
[21]. Dual-energy x-ray absorptiometry (DXA) (QDR
4500A, Hologic, USA) was used to measure subtotal fat
mass (total body fat mass minus head) reported as kg.
DXA data were analysed using APEX version 13.4.2.3
(Hologic). Fat mass index (FMI) was calculated as the
subtotal fat mass (kg) divided by height squared (m2).
Abdominal visceral adipose tissue (VAT) and subcutane-
ous adipose tissue (SAT) were estimated using DXA [22].

Blood sampling, OGTT and biochemistry Fasting blood
samples (10 ml) were collected after an overnight fast
(10–12 h) for determination of glucose, insulin and C-
peptide levels. Participants then completed a standard 2 h
OGTT. After ingestion of glucose (75 g), venous blood
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samples (approximately 5 ml) were drawn at 30, 60, 90 and
120 min to determine glucose, insulin and C-peptide levels.
Participants with known diabetes did not complete the
OGTT.

Plasma glucose concentrations were measured using an
automated biochemistry analyser (RX Daytona, Randox,
UK), as were serum insulin and C-peptide concentrations
(IMMULITE 1000, Siemens, USA). The inter- and intra-
assay CVs were 1.3% for glucose, 4.7% for insulin and
2.0% for C-peptide.

Proteomic analysis on plasma samples was performed
using multiplex immunoassays (Olink Proseek cardiovascular
disease panels CVD II and CVD III; Olink, Sweden), measur-
ing a total of 184 pre-selected protein biomarkers that relate to
the pathophysiology of type 2 diabetes (i.e. inflammation,
immune response, chemotaxis, angiogenesis and the
mitogen-activated protein kinase cascade; see https://www.
olink.com/products-services/target/cardiometabolic-panel/).
Two proteins with 36% (natriuretic peptides B, BNP) and
62% (spondin-1, SPON1) of data below the limit of detection
were removed from the analysis, allowing the analysis of 182
proteins (from 0.9–9.3% below the limit of detection). The

kits are based on proximity extension assay technology, and
92 oligonucleotide-labelled antibody probe pairs in each kit
bind to their respective targets in the sample. All samples were
randomised across plates, and the inter- and intra-assay CVs
are based on control samples (pooled plasma samples) includ-
ed on each plate. The intra-assay CV was 5% for both panels,
and the inter-assay CVswere 12% and 16% for panels CVD II
and CVD III, respectively. Data are presented as normalised
protein expression (NPX) values, an arbitrary unit on a log2
scale (see www.olink.com/downloads).

Classification of glucose tolerance status Based on the fasting
and 2 h OGTT plasma glucose results, participants were clas-
sified into groups according to WHO criteria: (1) normal
glucose tolerance (NGT) if fasting plasma glucose was <6.1
mmol/l with a 2 h post-glucose load <7.8 mmol/l; (2) impaired
fasting glucose (IFG) if fasting plasma glucose was between
6.1 and 6.9 mmol/l; (3) impaired glucose tolerance (IGT) if the
2 h post-glucose load was 7.8–11.0 mmol/l; (4) type 2 diabe-
tes if fasting plasma glucose was ≥7.0 mmol/l and/or 2 h post-
glucose load was ≥ 11.1mmol/l and/or on diabetes medication

Recruited (n=1021)

MASC of Black South 

African men (n=502) 

and women (n=519) 

Included (n=755)

Men (n=380)

Women (n=375)

Excluded (n=266)

- Diagnosed with HIV (n=185)

- Reported sickness in previous 

week (n=81)

Group classification (WHO criteria) 

NGT (n=546)

IGM (n=116)

Type 2 diabetes (n=93)

MASC (discovery)

Proteins identified (CVD panels II and III)

Identified 73 proteins of interest

Reference group: NGT

IGM (n=13/73)

Type 2 diabetes (n=70/73)

EpiHealth cohort (validation)

NGT (n=1706)

IFG (n=550)

Type 2 diabetes (n=210)

EpiHealth cohort (validation)

Proteins identified (n=34)

Reference group: NGT

IFG (n=3)

Type 2 diabetes (n=34)

39 proteins are unvalidated

MASC (discovery)

Quantile regression analysis on validated 

proteins (n=34)

Excluding participants with type 2 diabetes

Dependent variables include fasting insulin 

resistance (HOMA-IR), beta cell function (DI), 

peripheral insulin sensitivity (Matsuda index), 

basal insulin clearance and insulin secretion 

(C-peptide index)

Fig. 1 Flow chart of study recruitment and analysis procedures
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[23, 24]. The IFG and/or IGT participants were combined and
described as having impaired glucose metabolism (IGM).
Dysglycaemia is defined as the combination of IGM and type
2 diabetes.

OGTT calculations HOMA-IR was calculated from fasting
glucose and insulin concentrations [25, 26], and the Matsuda
index, calculated from the OGTT, was used to estimate
peripheral insulin sensitivity [27]. Basal insulin clearance
was calculated using the ratio of fasting C-peptide to insulin.
Insulin secretion was estimated using the C-peptide index (ΔC-
peptide30min-0min/ΔGlucose30min-0min) [28]. The DI, which is an
estimate of beta cell function, was calculated using the ratio
of the C-peptide index to insulin sensitivity [29, 30].

Validation cohort

Between 2011 and 2016, men and women aged 45–75 years
were randomly selected from the population registry in the
Swedish cities of Malmö and Uppsala, and invited to partici-
pate in the EpiHealth cohort study [31]. The Regional Ethical
Review Board approved the study at Uppsala University (Dnr
2010/402), and all participants provided written informed
consent [3]. Targeted proteomics analysis using the Olink
CVD II and CVD III panels was completed on 2466 randomly
selected fasting plasma samples from the Uppsala part of the
EpiHealth cohort as previously described [3]. Data collection
also included measures of fasting glucose, height, weight,
waist circumference and fat mass. Fat mass was analysed
using bioelectrical impedance (Tanita, Japan), and the FMI
was calculated from these results. In addition, the participants
completed a web-based questionnaire (see associated docu-
mentation; https://snd.gu.se/en/catalogue/study/ext0087#
dataset; in Swedish), which included information on sex,
age, alcohol intake (drinks per week), education (completed
>12 years, 10–12 years or ≤9 years of education) and smoking
(current smoker/non-smoker) [3]. Using the same glycaemic
group definitions described above, participants were
categorised into NGT (n=1706), IFG (n=550) or type 2 diabe-
tes (n=210) groups (Fig. 1). GeneMANIA analytical software
[32] was used to complete a separate network analysis for
validated proteins. Each network analysis included an addi-
tional 20 dominant proteins that were predicted to be involved
in the network.

Statistical analyses

Descriptive statistics A Shapiro–Wilk test was first used to
assess the distribution of continuous data. Participant charac-
teristics that are normally distributed are reported as means ±
SD, data that are not normally distributed are presented as

medians (IQR) and categorical variables are reported as n
(%). In the discovery cohort, the Mann–Whitney U test was
used to explore differences between sexes for all continuous
variables, and the χ2 test was used to explore sex differences
for categorical variables. Cohort specific z scores were calcu-
lated for all proteins and measures of insulin dynamics
(HOMA-IR, insulin sensitivity [Matsuda index], basal insulin
clearance, insulin secretion [C-peptide index] and beta cell
function [DI]) based on the raw score minus the population
mean, divided by the population SD. This allows direct
comparison of the magnitude of the effect sizes for each indi-
vidual protein, as well as comparisons across different
outcomes. Missing data were excluded pairwise for all analy-
ses. Significance was set at p<0.05. Analyses were performed
using IBM SPSS Statistics version 27 (USA). A flow chart of
analytical procedures is shown in Fig. 1.

Logistic regression in the discovery cohort Logistic regression
was used to identify the proteins associated with IGM and/or
type 2 diabetes, using the NGT group as the reference, and
adjusting for factors that are associated with the development
of type 2 diabetes: age, sex, adiposity (waist circumference
and FMI) and sociodemographic characteristics (alcohol,
smoking and education). The level of significance was set at
a false discovery rate (FDR) of 5%, and data are presented as
OR and 95% CI.

Logistic regression in the validation cohort All proteins signif-
icantly associated with dysglycaemia in the discovery cohort
(MASC) (n=73) were analysed in the validation cohort, and
logistic regression was used to identify proteins associated with
IFG and/or type 2 diabetes, using theNGT group as the reference
and adjusting for the same covariates as in the MASC regres-
sions. The level of significance was set at FDR of 5%, and data
are presented as OR and 95% CI for each protein. Thirty-four of
the proteins were validated, and the effects of chronic disease
medication use (antihypertensive and lipid-lowering medication)
were further explored. All logistic regression models were
analysed using STATA SE version 15.1 (USA).

Quantile regressions on validated proteins Proteins validated
in the EpiHealth cohort (n=34) were further explored in the
MASC in association with measures of insulin dynamics
using quantile regression analysis at the median (q=0.5). As
the purpose of this regression analysis was to understand
biomarkers related to the pathophysiology of type 2 diabetes,
all participants with type 2 diabetes were excluded from the
analysis. The z scores for all validated proteins were regressed
against the z scores for all measures of insulin dynamics as the
dependent variables. The model included all covariates
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mentioned above, except for the inclusion of VAT rather than
waist circumference, and addition of a protein × sex interac-
tion term. Regressions were stratified by sex where a signifi-
cant interaction was observed. The level of significance was
set at FDR of 5% for each outcome, and data are reported as
coefficients with 95% CI, with significance set at p<0.05.
Quantile regression analyses were performed using IBM
SPSS Statistics version 27.

A posteriori mediation analysis Increasing total and visceral
adiposity are major determinants in the pathogenesis of type 2
diabetes. Our analysis found two proteins (metalloproteinase
inhibitor 4 [TIMP4] and IGF-binding protein 2 [IGFBP2])
that were associated with multiple measures of insulin dynam-
ics and have previously been shown to be partly expressed in
adipose tissue [33, 34]. A posteriori simple mediation analysis
was used to determine whether FMI or VAT mediated the
relationship between these key proteins (independent vari-
able) and measures of insulin dynamics (dependent variable).

Models on the combined cohort of men and women were
adjusted for age, sex, alcohol, smoking and education. Sex-
stratified models were used where a significant sex interaction
effect had been demonstrated in the quantile regressions.
These included insulin secretion and DI for TIMP4, and
HOMA-IR, insulin sensitivity and insulin secretion for
IGFBP2. In each model, a dependent variable (measure of
insulin dynamics), independent variable (protein) and
mediator variable (FMI or VAT) was included to calculate
the unstandardised regression coefficients and to generate
total, direct and indirect effects. Full mediation was
assigned when there were significant total and indirect
effects and non-significant direct effects. When the total,
indirect and direct effects were significant, partial media-
tion was considered to have occurred. Inconsistent media-
tion was present when only an indirect effect was signifi-
cant. Bootstrapping of 5000 replicates was used to generate
confidence intervals around the indirect effect. Analysis
was completed using the PROCESS macro (version 4) for
IBM SPSS Statistics version 27 [35].

Table 1 Descriptive characteris-
tics of the discovery and valida-
tion cohorts

Variable MASC
(discovery cohort)

(n=755)

EpiHealth cohort
(validation cohort)

(n=2466)

Age (years) 54 (50–60) 61 ± 8

Women 375 (49.7) 502 (20.3)

Current smokera 204 (27.1) 1766 (71.6)

Consumes alcohola 376 (49.9) 2440 (98.9)

Completed secondary educationb 291 (39.2) 1308 (53.0)

Fasting glucose (mmol/l) 5.0 (4.5–5.6) 5.7 ± 1.0

2 h glucose (mmol/l) 5.9 (4.8–7.2) –

IFG 49 (6.5) 550 (22.3)

IGT 94 (12.5) –

IGM 116 (15.4) –

Type 2 diabetes 93 (12.3) 210 (8.5)

Waist circumference (cm) 96.0 (87.0–105.0) 92.6 ± 11.8

FMI (kg/m2) 10.2 (6.4–14.4) 8.2 ± 3.0

BMI (kg/m2) 29.7 (24.6–34.8) 26.5 ± 3.8

BMI categoriesc

Underweight 27 (3.6) 10 (0.4)

Normal weight 169 (22.4) 852 (34.5)

Overweight 195 (25.8) 1201 (48.7)

Obese 364 (48.2) 403 (16.3)

Continuous data are reported as means ± SD, skewed data reported as median (IQR) and categorical data are
reported as n (%)
aMissing data (MASC): n=753
bMissing data (MASC): n=742
c BMI categories based on WHO criteria: underweight (<18.5 kg/m2 ), normal weight (18.5–24.9 kg/m2 ), over-
weight (25.0–29.9 kg/m2 ) and obese (>30.0 kg/m2 )
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Results

Descriptive characteristics

Table 1 presents the descriptive characteristics for the discov-
ery cohort (MASC) and the validation cohort (EpiHealth).
These results show that participants in the MASC were youn-
ger, with a higher percentage of women, and a lower propor-
tion who consumed alcohol, were smokers and had completed
secondary education. The MASC had a higher proportion of
participants with obesity and type 2 diabetes and a lower
proportion of IFG than in the EpiHealth cohort. Sex-specific
characteristics in the MASC are shown in Table 2. A greater
proportion of men smoked and consumed alcohol, while
women showed a higher FMI, prevalence of obesity and type
2 diabetes. A higher proportion of women were also on

antihypertensive medication. Fasting glucose was not differ-
ent between sexes, however, women had higher fasting insulin
and C-peptide concentrations and HOMA-IR, and lower basal
insulin clearance than men. In addition, insulin sensitivity
(Matsuda index) was lower and insulin secretion (C-peptide
index) was higher in women compared with men, but esti-
mates of beta cell function (DI) did not differ between sexes.
Based on the glycaemic group definitions, participants were
classified as having NGT (n=546), IGM (n=116) or type 2
diabetes (n=93) (Fig. 1).

Identified biomarkers of IGM and type 2 diabetes

The MASC analysis identified 73 proteins of interest. Sixty
proteins were significantly associated with only type 2
diabetes, ten were associated with both type 2 diabetes and

Table 2 Descriptive profile of the
MASC (discovery cohort) and
differences between men and
women for behavioural, body
composition and glycaemic
characteristics

Variable n Men n Women

Age (years) 380 53 (48–59) 375 55 (51–59)

Current smoker 379 176 (46.4) 374 28 (7.5)

Consumes alcohol 379 272 (71.8) 374 104 (27.8)

Completed secondary education 376 150 (39.9) 366 141 (38.5)

BMI (kg/m2) 380 26.0 (21.5–30.4) 375 33.3 (29.3–38.4)

BMI categoriesa

Underweight 25 (6.6) 2 (0.5)

Normal weight 141 (37.1) 28 (7.5)

Overweight 113 (29.7) 82 (21.9)

Obese 101 (26.6) 263 (70.1)

FMI (kg/height2) 368 6.5 (4.4–8.6) 359 14.3 (11.8–17.3)

VAT (cm2) 363 84.2 (54.4–119.0) 358 108.4 (75.4–136.7)

SAT (cm2) 363 204.6 (110.8–290.3) 358 472.5 (376.6–577.4)

VAT:SAT ratio 363 0.47 (0.35–0.63) 358 0.22 (0.18–0.28)

Fasting glucose (mmol/l) 380 5.0 (4.5–5.6) 375 5.0 (4.5–5.7)

2 h glucose (mmol/l) 355 5.8 (4.5–7.0) 338 6.0 (5.0–7.6)

Fasting insulin (pmol/l) 379 42.0 (15.8–83.4) 374 65.3 (36.4–104.6)

Fasting C-peptide (nmol/l) 379 0.53 (0.36–0.79) 374 0.60 (0.43–0.83)

HOMA-IR 378 1.4 (0.5–2.8) 374 2.2 (1.1–3.7)

Basal insulin clearance (ng/mlU) 378 0.28 (0.20–0.39) 374 0.20 (0.15–0.27)

Matsuda index 351 6.8 (3.5–12.4) 329 4.7 (2.8–8.0)

C-peptide index (ng/mmol) 314 2.3 (1.3–3.8) 291 2.7 (1.6–4.6)

DI (ng/mmol) 312 12.9 (6.7–25.0) 285 12.4 (5.4–25.9)

IGM 380 51 (13.4) 375 65 (17.3)

Type 2 diabetes 380 40 (10.5) 375 53 (14.1)

Glucose-lowering medication 380 21 (5.5) 375 33 (8.8)

Antihypertensive medication 380 102 (26.8) 375 136 (36.3)

Lipid-lowering medication 380 25 (6.6) 375 30 (8.0)

Continuous data are reported as medians (IQR) and categorical data are reported as n (%)
a BMI categories based on WHO criteria: underweight (<18.5 kg/m2 ), normal weight (18.5–24.9 kg/m2 ), over-
weight (25.0–29.9 kg/m2 ) and obese (>30.0 kg/m2 )
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2
 of OR (95% CI) IGM

T2D

1.29 (1.03, 1.62) *

1.34 (1.11, 1.62) *

1.33 (1.05, 1.68) *

1.15 (0.91, 1.44) 

1.32 (1.05, 1.66) *

0.91 (0.74,1.13) 

1.36 (1.06, 1.74) * 

1.14 (0.92, 1.40) 

1.36 (1.06, 1.74) *

1.18 (0.96, 1.45) 

1.41 (1.08, 1.83) *

1.02 (0.82, 1.27) 

1.42 (1.11, 1.82) *

1.21 (0.98, 1.50) 

1.35 (1.07, 1.69) *

1.14 (0.93, 1.41) 

1.36 (1.09, 1.71) *

1.07 (0.87, 1.31) 

1.40 (1.11, 1.77) *

1.20 (0.98, 1.48) 

1.46 (1.15, 1.87) *

1.18 (0.95, 1.45) 

0.70 (0.55, 0.88) *

0.81 (0.66, 0.99) 

1.49 (1.16, 1.90) *

1.04 (0.85, 1.28) 

1.48 (1.17, 1.86) *

1.01 (0.81, 1.25) 

1.51 (1.18, 1.93) *

1.05 (0.85, 1.31) 

1.62 (1.24, 2.12) *

1.70 (1.33, 2.17) 

1.84 (1.30, 2.61) *

1.48 (1.10, 2.01) 

0.66 (0.52, 0.83) * 

0.64 (0.52, 0.78) *

1.52 (1.21, 1.92) *

0.97 (0.78, 1.20) 

1.68 (1.27, 2.21) *

1.13 (0.91, 1.41) 

1.57 (1.24, 1.98) *

0.82 (0.66, 1.01) 

0.60 (0.47, 0.77) *

0.96 (0.77, 1.18) 

0.59 (0.46, 0.76) *

0.82 (0.66, 1.01) 

0.58 (0.45, 0.74) *

0.81 (0.65, 1.01) 

1.70 (1.34, 2.16) *

1.37 (1.11, 1.69) 

0.53 (0.40, 0.70) * 

0.80 (0.63, 1.01) 

0.46 (0.34, 0.62) *

0.49 (0.38, 0.64) *

1.88 (1.48, 2.39) *

1.38 (1.12, 1.71) *

2.00 (1.54, 2.59) *

1.30 (1.04, 1.61) 

1.81 (1.45, 2.26) *

1.01 (0.80, 1.27) 

1.88 (1.49, 2.37) *

1.26 (1.03, 1.55) 

1.99 (1.56, 2.55) *

1.31 (1.04, 1.64) 

2.51 (1.87, 3.37) *

1.42 (1.12, 1.82) 

2.37 (1.80, 3.11) *

1.33 (1.06, 1.66) 

OR (95% CI)
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IGM, and an additional three proteins were associated with
IGM only. Of these 73 proteins of interest, 34 (47%) were
validated in the EpiHealth cohort, of which three (IGFBP2,
stem cell factor [SCF] and tissue-type plasminogen activator
[tPA]) were associated with both IGM and type 2 diabetes,
and 31 were associated with type 2 diabetes only (Fig. 2).
When adjusting for antihypertensive and lipid-lowering
medication, paraoxonase (PON3), matrix metalloproteinase-
7 (MMP7), interleukin 1 receptor-like 1 (ST2) protein and
V-set and immunoglobulin domain-containing protein 2
(VSIG2) were no longer associated with type 2 diabetes
(see electronic supplementary material [ESM] Table 1). A
network analysis using all validated proteins identified 526
total links between 54 proteins, including the 20 dominant
proteins predicted to be involved in the network (ESM
Results: GeneMANIA report). The network links show that
co-expression (49.48%) and physical interactions (32.28%)
are the dominant relationships between proteins within the
network (ESM Fig. 1). The 39 proteins associated with IGM
or type 2 diabetes in the MASC, but unvalidated in the
EpiHealth cohort are shown in ESM Table 2. Of these 39
proteins, follistatin (OR 2.17; 95% CI 1.66, 2.84) and TNF
receptor superfamily member 11A (TNFRSF11A) (OR 1.92;
95% CI 1.46, 2.52) were highly associated with type 2
diabetes (p<0.0001). Follistatin showed further associations
with insulin secretion in the combined sample (coefficient –
0.05; 95% CI –0.09, –0.01; p for interaction=0.561), and
with HOMA-IR (coefficient –0.06; 95% CI –0.10, –0.01; p
for interaction=0.018) and insulin sensitivity (coefficient
0.14; 95% CI 0.05, 0.23; p for interaction=0.004) in men
only. TNFRSF11A was only associated with HOMA-IR in
the combined sample (coefficient 0.09; 95% CI 0.01, 0.16; p
for interaction=0.249) (ESM Table 3).

Associations between validated proteins and
pathophysiological components of type 2 diabetes

When exploring the associations between validated proteins and
the components of the pathophysiology of type 2 diabetes, partic-
ipants with type 2 diabetes were excluded, and men and women
were combined in the analysis (which included a protein × sex
interaction term). In the combined sample of men and women
from the MASC, HOMA-IR was positively associated with the
concentration of seven proteins and inversely associated with the
concentration of IGFBP2 (Fig. 3a). When exploring sex interac-
tions, the positive association between HOMA-IR and cathepsin
Z (CTSZ) was stronger in women (coefficient 0.12; 95% CI
0.03, 0.21) than men (coefficient 0.03, 95% CI –0.02, 0.08; p
for interaction=0.010). The inverse association between HOMA-
IR and IGFBP2 was greater in women (coefficient –0.35; 95%
CI –0.44, –0.25) than men (coefficient –0.09; 95% CI –0.15, –
0.03; p for interaction<0.001). When adjusting for antihyperten-
sive and lipid-lowering medication, TIMP4, plasminogen activa-
tor inhibitor 1 (PAI) and kidney injury molecule (KIM1) showed
a significant association with HOMA-IR (ESM Table 4). Insulin
sensitivity was positively associated with IGFBP2 (coefficient
0.24; 95% CI 0.15, 0.32), with a stronger association in men
(coefficient 0.38; 95% CI 0.27, 0.49) than in women (coefficient
0.22; 95% CI 0.14, 0.30; p for interaction=0.004), and remained
significant when adjusting for chronic disease medication.
Further, the inverse association between insulin sensitivity and
matrix extracellular phosphoglycoprotein (MEPE) was stronger
in men (coefficient –0.15; 95% CI –0.26, –0.04) than in women
(coefficient –0.02; 95% CI –0.09, 0.06; p for interaction=0.008)
(Fig. 3b). Basal insulin clearance was positively associated with
IGFBP2 (coefficient 0.22; 95% CI 0.12, 0.32; p<0.001), and did
not differ by sex (p for interaction=0.113) (Fig. 3c), and remained
significant when adjusting for chronic disease medication.
Insulin secretion showed a sex interaction with three proteins:
IGFBP2 (p=0.001), TIMP4 (p=0.025) and VSIG2 (p=0.045),
with a stronger association in women than in men (Fig. 3d).
The DI was inversely associated with LDL-receptor (coefficient
–0.04; 95% CI –0.07, –0.01; p for interaction=0.149) and posi-
tively associated with IGFBP2 (coefficient 0.07; 95% CI 0.04,
0.10; p for interaction=0.081). The relationship between DI and
TIMP4 differed by sex (coefficient 0.06; 95%CI 0.03, 0.08; p for
interaction=0.01), with a positive association in women (coeffi-
cient 0.06; 95% CI 0.02, 0.09) but not in men (coefficient –
0.001; 95% CI –0.03, 0.02) (Fig. 3e). These results remained
significant when adjusting for chronic disease medication
(ESM Table 4).

A posteriori analysis

The results of mediation analyses are shown in Table 3. The
associations between TIMP4 and measures of insulin dynam-
ics were not mediated by adiposity, except for partial

�Fig. 2 Forest plots showing theOR (95%CI) on a log2 scale of the proteins (z
score) associated with type 2 diabetes (black) and IGM (grey) compared with
NGT (reference). All 34 proteins were validated in the EpiHealth cohort and
were associated with type 2 diabetes after adjustment for a 5% FDR. Only
three proteins (tPA, SCF and IGFBP2) were also associated with IGM
(indicated by an asterisk) after adjustment for a 5% FDR. Models were
adjusted for age, waist circumference, FMI, sex, alcohol, smoking and
education. COL1A1, collagen α-1 (I) chain; CTSD, cathepsin D; CTSZ,
cathepsin Z; FABP4, fatty acid binding protein 4; FGF21, fibroblast growth
factor 21; Gal4, galectin-4; GDF15, growth/differentiation factor 15; IGFBP2,
IGF-binding protein 2; IL1ra, IL1 receptor antagonist protein; IL1RT1, IL1
receptor type 1; IL1RT2, IL1 receptor type 2; KIM1, kidney injury molecule;
LPL, lipoprotein lipase; MEPE, matrix extracellular phosphoglycoprotein;
MMP7, matrix metalloproteinase-7; MMP12, matrix metalloproteinase-12;
MPO, myeloperoxidase; PAI, plasminogen activator inhibitor 1; PON3,
paraoxonase; PRSS8, prostasin; PSGL1, P-selectin glycoprotein ligand 1;
REN, renin; SCF, stem cell factor; SELE, E-selectin; ST2, interleukin 1
receptor-like 1; T2D, type 2 diabetes; THPO, thrombopoietin; TIMP4,
metalloproteinase inhibitor 4; TNFRSF10A, TNF receptor superfamily
member 10A; tPA, tissue-type plasminogen activator; TRAP, tartrate-
resistant acid phosphatase type 5; VSIG2, V-set and immunoglobulin
domain-containing protein 2; vWF, von Willebrand factor
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mediation with DI in men only. In contrast, most of the asso-
ciations between IGFBP2 and insulin dynamics, except for
insulin secretion were mediated by either FMI or VAT in
men and women.

Discussion

To our knowledge, this is the first study to use targeted prote-
omics to identify proteins associated with dysglycaemia in an

African cohort. Specifically, we identified 73 proteins associat-
ed with IGM and/or type 2 diabetes in a cohort of middle-aged
Black South African men and women, of which 34 proteins
were validated in the EpiHealth cohort. Among the validated
proteins, 11 were associated with components of type 2 diabe-
tes pathophysiology such as fasting insulin resistance, periph-
eral insulin sensitivity and beta cell function. In particular,
IGFBP2 and TIMP4 were associated with type 2 diabetes and
multiple measures of insulin dynamics, which differed by sex
and were only partially mediated by FMI and/or VAT.

-0.4 -0.2 0.0 0.2 0.4 0.6

z-TNFRSF10A

z-PRSS8

z-MMP7

z-CTSZ
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Fig. 3 Forest plots showing coefficients (95% CI) for the proteins (z
score) significantly associated with (a) z-HOMA-IR, (b) z-insulin sensi-
tivity, (c) z-basal insulin clearance, (d) z-insulin secretion (e) z-DI.
Models were adjusted for age, VAT, FMI, alcohol, smoking, education,
sex and a sex × protein interaction term. Blue, men; red, women; black,
combined group. CTSZ, cathepsin Z; IGFBP2, IGF-binding protein 2;

MEPE, matrix extracellular phosphoglycoprotein; MMP7, matrix metal-
loproteinase-7; PRSS8, prostasin; TIMP4, metalloproteinase inhibitor 4;
TNFRSF10A, TNF receptor superfamily member 10A; tPA, tissue-type
plasminogen activator; VSIG2, V-set and immunoglobulin domain-
containing protein 2
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This study validated 34 proteins positively associated with
prevalent type 2 diabetes, including three proteins associated
with both IGM and type 2 diabetes in the African cohort. Of
these, 23 proteins were associated with prevalent disease but
not with any of the insulin traits commonly used to determine
type 2 diabetes risk. Accordingly, the concentration of these
proteins may simply reflect cardiovascular comorbidities and
use of medication for chronic diseases associated with type 2
diabetes rather than a direct association with the disease. Insulin
resistance and beta cell dysfunction are the twomajor processes
in the pathophysiology of type 2 diabetes, with a decline in beta
cell function evident prior to onset of IGT [36, 37, 38]. The
influence of adiposity on proteins from Olink panel CVD II, as
used in the current study, has been explored by Mendelian
randomisation analysis in a European cohort, which showed
that BMI causally influenced 32 of these proteins [39]. In our
study, the association between nine of these 32 proteins and

type 2 diabetes remained significant after adjusting for total and
central adiposity (tPA, myeloperoxidase [MPO], growth/
differentiation factor 15 [GDF15], fatty acid binding protein 4
[FABP4], SCF, cathepsin D [CTSD], IL1 receptor antagonist
protein [IL1ra], KIM1 and E-selectin [SELE]), and only tPA
was associated with measures of insulin dynamics. Further
exploration is required to understand the insulin mechanisms
that are independent of adiposity in the current cohort.

The results of the network analysis for all validated proteins
identified functions related to endocrine processes, cytokine
activity and response to IL1. Low-grade systemic inflamma-
tion is characterised by elevated concentrations of acute-phase
proteins, cytokines and chemokines, which have been shown
to be associated with altered beta cell function, insulin secre-
tion and the overall occurrence of type 2 diabetes [40–42]. In
particular, IL1β inhibits beta cell function and promotes beta
cell apoptosis, while administration of a recombinant IL1

Table 3 Mediation analysis to determine the contribution of FMI or VAT to the association between TIMP4 or IGFBP2 and measures of insulin
dynamics in men and women

Dependent variable Independent
variable

Mediator Total effect
(95% CI)

Direct effect
(95% CI)

Indirect effect
(95% CI)

Proportion of total
effect
mediated (95% CI)

z-Insulin secretion (men) z-TIMP4 FMI –0.06 (–0.14, 0.02) –0.06 (–0.14, 0.02) –0.002 (–0.01, 0.006) –

VAT –0.06 (–0.14, 0.02) –0.06 (–0.14, 0.02) 0.002 (–0.003, 0.01) –

z-Insulin secretion
(women)

z-TIMP4 FMI –0.02 (–0.22, 0.18) –0.01 (–0.21, 0.19) –0.009 (–0.05, 0.02) –

VAT –0.02 (–0.22, 0.18) –0.03 (–0.22, 0.17) 0.007 (–0.01, 0.03) –

z-DI (men) z-TIMP4 FMI –0.05 (–0.15, 0.05) –0.06 (–0.16, 0.04) 0.01 (0.0001, 0.03)* 24.3% (0.1, 58.0)‡

VAT –0.05 (–0.15, 0.05) –0.06 (–0.16, 0.04) 0.01 (–0.003, 0.03) –

z-DI (women) z-TIMP4 FMI –0.01 (–0.20, 0.17) 0.02 (–0.17, 0.20) –0.03 (–0.09, 0.002) –

VAT –0.01 (–0.20, 0.17) –0.03 (–0.22, 0.15) 0.02 (–0.009, 0.06) –

z-HOMA-IR (men) z-IGFBP2 FMI –0.35 (–0.47, -0.24)* –0.22 (–0.35, –0.08)* –0.14 (–0.21, –0.08)* 39.1% (31.1, 43.5)†

VAT –0.35 (–0.47, –0.24)* –0.23 (–0.35, –0.10)* –0.13 (–0.19, –0.08)* 36.5% (31.8, 40.1)†

z-HOMA-IR (women) z-IGFBP2 FMI –0.42 (–0.52, –0.31)* –0.36 (–0.46, –0.25)* –0.06 (–0.11, –0.03)* 14.4% (8.5, 20.3)†

VAT –0.42 (–0.0.52, –0.31)* –0.33 (-0.44, –0.21)* –0.09 (–0.16, –0.05)* 22.1% (14.7, 29.9)†

z-Basal insulin clearance z-IGFBP2 FMI 0.33 (0.25, 0.41)* 0.28 (0.20, 0.37)* 0.05 (0.02, 0.08)* 14.8% (7.3,19.8)†

VAT 0.33 (0.25, 0.41)* 0.31 (0.22, 0.40)* 0.02 (–0.02, 0.06) –

z-Insulin secretion (men) z-IGFBP2 FMI –0.02 (–0.11, 0.06) –0.02 (–0.11, 0.08) –0.008 (-0.05, 0.03) –

VAT –0.02 (–0.11, 0.06) –0.04 (–0.13, 0.05) 0.02 (–0.01, 0.04) –

z-Insulin secretion
(women)

z-IGFBP2 FMI 0.08 (–0.11, 0.26) 0.06 (–0.13, 0.26) 0.01 (–0.04, 0.08) –

VAT 0.08 (–0.11, 0.26) 0.06 (–0.14, 0.26) 0.02 (–0.06, 0.09) –

z-Insulin sensitivity (men) z-IGFBP2 FMI 0.49 (0.37, 0.62)* 0.29 (0.15, 0.44)* 0.20 (0.14, 0.27)* 40.7% (37.0, 43.6)†

VAT 0.49 (0.37, 0.62)* 0.29 (0.16, 0.43)* 0.20 (0.14, 0.28)* 40.4% (37.2, 44.7)†

z-Insulin sensitivity
(women)

z-IGFBP2 FMI 0.37 (0.27, 0.47)* 0.31 (0.21, 0.41)* 0.06 (0.03, 0.10)* 16.1% (9.2, 21.8)†

VAT 0.37 (0.27, 0.47)* 0.29 (0.19, 0.40)* 0.07 (0.03, 0.12)* 20.2% (11.7, 26.7)†

z-DI z-IGFBP2 FMI 0.16 (0.06, 0.26)* 0.12 (0.02, 0.22) 0.04 (–0.003, 0.09) –

VAT 0.16 (0.06, 0.26)* 0.11 (0.004, 0.22)* 0.05 (0.007, 0.09)* 31.2% (11.5, 36.8)†

*Significant effect, p<0.05; † partial mediation, p<0.05; ‡ inconsistent mediation, p<0.05

‘z-’ indicates the z score
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receptor antagonist protein, which inhibits IL1 receptor type 1
and causes interference with the IL1 pathway, has been shown
to reduce expression of C-reactive protein and IL6, improve
blood glucose levels and restore beta cell function in humans
[43–48]. Our results show that IL1 receptor proteins are asso-
ciated with prevalent type 2 diabetes, but not with insulin
traits. This suggests that systemic concentrations of these
proteins may reflect the disease endpoint rather than the path-
ophysiological processes involved in the development of type
2 diabetes.

We show the strongest relationships and largest number of
proteins were associated with HOMA-IR, which predominant-
ly reflects hepatic insulin resistance [49]. In addition to their
metabolic roles, hepatocytes perform important immunological
roles, which include the production of plasma proteins such as
clotting factors, acute-phase proteins and inflammatory
proteins [50], all pathways that are reflected in the targeted
proteomics profile of the current study and other studies of this
nature [3, 6]. Most notably, we showed that IGFBP2 was asso-
ciated with all components of glycaemic control and insulin
dynamics measured in this study, with clear sex differences in
the associations with HOMA-IR and insulin sensitivity. These
observations are supported by data from a population-based
human cohort study that demonstrated a strong negative asso-
ciation between circulating IGFBP2 and type 2 diabetes risk,
with epigenetic silencing of the IGFBP2 gene predisposing to
the development of type 2 diabetes [51]. In addition, circulating
levels of IGFBP2 have been shown to be negatively associated
with components of the metabolic syndrome and incident type
2 diabetes; however, no causal relationship was evident [52,
53]. The IGFBP2 gene is predominantly expressed in the liver
and white adipose tissue [33, 54], with a reduction in systemic
IGFBP2 and IGFBP2 mRNA expression in VAT, occurring
with obesity [33]. Proteome-wide assessment of patients with
type 2 diabetes has identified IGFBP2 as a novel prognostic
marker of beta cell dysfunction [55], and a risk biomarker for
early glycaemic disturbances [56], early dyslipidaemia via its
independent association with VLDL-triglyceride [57], and
hepatic energy metabolism and de novo lipogenesis [58].
When measured in an American cohort of European ancestry,
the concentration of IGFBP2 was higher in men than in women
[59]. Interestingly, we showed that the inverse association
between IGFBP2 and fasting insulin resistance was stronger
in women, whereas the positive association with peripheral
insulin sensitivity was stronger in men. We further showed that
visceral and total adiposity partially mediated the associations
between IGFBP2 and all measures of insulin dynamics (except
insulin secretion) in both men and women, and the sex differ-
ences may reflect sex-specific insulin traits that are independent
of adiposity. Accordingly, further research is required to under-
stand factors underlying sex-based differences in our cohort in
order to provide mechanistic insight into the pathophysiology
of type 2 diabetes.

Among the three proteins related to beta cell function in the
current study, only the association with TIMP4 differed by sex,
with a significant positive association in women only. This
coincided with a significant positive association with insulin
secretion in women only but no relationship with insulin sensi-
tivity. The TIMP4 peptide is predominantly expressed in
adipose tissue, promotes angiogenesis and is downregulated in
obese mice [34, 60, 61]. In particular, TIMP4 gene deletion in
mice on a high-fat diet protected against hyperinsulinaemia and
the accumulation of intramuscular triacylglycerol, but the mice
showed defective lipid absorption that led to reduced adipocyte
hypertrophy, fibrosis and diminished hepatic steatosis and
dyslipidaemia [60]. Data on TIMP4 in humans are scarce, and
our study shows that VAT and FMI are not mediators of the
sex-specific associations with insulin secretion and beta cell
function. Thus, themechanisms bywhich TIMP4 affects insulin
dynamics are uncertain and require further investigation.

Strengths and limitations

To our knowledge, the current study is the first in a sub-Saharan
African cohort to report dysglycaemia and insulin traits in rela-
tion to a targeted proteomic profile, and provides an opportunity
for follow-up research in this cohort. The cross-sectional nature
of this study is a limitation when performing mediation analysis
and when determining whether the identified proteins are the
cause or consequence of the derangements in insulin dynamics
that occur with dysglycaemia. Therefore, the present results
must be confirmed in future mechanistic and prospective studies
with incident cases of IGM and type 2 diabetes. Notably, folli-
statin and TNFRSF11A were strongly associated with type 2
diabetes only in the MASC, and may represent population-
specific biomarkers that require further investigation, with a
need for validation studies in different ethnic groups.
However, with limited cohorts of this nature in Africa, and the
cost–benefit limitations of proteomic studies in low-income
communities, this approach is restricted. The proportions of
men (26.6%) and women (70.1%) with obesity in the current
study differ greatly, but reflect the current prevalence of obesity
in South Africa [62]. Although the present study adjusts for FMI
and VAT in the statistical modelling, the sex differences shown
are not validated, andmay be driven by the physiological conse-
quences of the differences in adiposity, thus representing a limi-
tation of the current study. A further limitation is that, although
we considered the use of medication for chronic diseases, we
cannot take into account prevalent cardiovascular disease as we
did not have access to patient records to verify self-reported data.
VAT was not measured in the EpiHealth cohort, and therefore
waist circumference was used as a proxy in the validation phase.
Regardless, adjusting for VAT in theMASCwhen exploring the
associations between the validated proteins and components
involved in the pathophysiology of type 2 diabetes remains a
significant strength of the current study. The prevalence of IFG
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and IGT vary between ethnic groups, with a low prevalence of
IFG alongside a high rate of IGT and type 2 diabetes in Black
South African cohorts studied previously [63] and in the current
cohort. This emphasises the need to perform an OGTT to iden-
tify those with dysglycaemia when estimating diabetes risk in
Black African cohorts. In the current study, participants were
classified as having IGM based on fasting and OGTT measures
in the discovery phase, whereas only fasting measures were
available in the validation phase. Fasting glucose has been
shown to be associated with incident type 2 diabetes in
European cohorts [4]. Nonetheless, the classification of partici-
pants as having IGM based on the use of OGTT measures in a
large African cohort remains a significant strength of this study
in terms of identifying proteins associated with components
relating to the pathophysiology of type 2 diabetes.

Conclusion

This study highlights biomarkers that are similar between
cohorts of different ancestry, with different lifestyles and socio-
demographic profiles. We show associations between 11 vali-
dated proteins and components of type 2 diabetes pathophysi-
ology such as fasting insulin resistance, peripheral insulin
sensitivity and beta cell function. Specifically, IGFBP2 and
TIMP4 were associated with type 2 diabetes and multiple
measures of insulin dynamics, which were only partially medi-
ated by FMI and/or VAT. The African population-specific
biomarkers identified require validation in African cohorts to
identify risk markers and increase our understanding of the
pathophysiology of type 2 diabetes in African populations.
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