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Abstract DNA methylation (DNAm) patterns
across the genome changes during aging and develop-
ment of complex diseases including type 2 diabetes
(T2D). Our study aimed to estimate DNAm trajec-
tories of CpG sites associated with T2D, epigenetic
age (DNAmAge), and age acceleration based on four
epigenetic clocks (GrimAge, Hannum, Horvath, phe-
noAge) in the period 10 years prior to and up to T2D
onset. In this nested case—control study within Doet-
inchem Cohort Study, we included 132 incident T2D
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cases and 132 age- and sex-matched controls. DNAm
was measured in blood using the Illumina Infinium
Methylation EPIC array. From 107 CpG sites associ-
ated with T2D, 10 CpG sites (9%) showed different
slopes of DNAm trajectories over time (p <0.05) and
an additional 8 CpG sites (8%) showed significant
differences in DNAm levels (at least 1%, p-value per
time point < 0.05) at all three time points with nearly
parallel trajectories between incident T2D cases and
controls. In controls, age acceleration levels were
negative (slower epigenetic aging), while in incident
T2D cases, levels were positive, suggesting acceler-
ated aging in the case group. We showed that DNAm
levels at specific CpG sites, up to 10 years before
T2D onset, are different between incident T2D cases
and healthy controls and distinct patterns of clinical
traits over time may have an impact on those DNAm
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profiles. Up to 10 years before T2D diagnosis, cases
manifested accelerated epigenetic aging. Markers of
biological aging including age acceleration estimates
based on Horvath need further investigation to assess
their utility for predicting age-related diseases includ-
ing T2D.

Keywords DNA methylation - Type 2 diabetes -
Epigenetic clock - Biological age - Aging markers

Introduction

Type 2 diabetes (T2D) is a complex, metabolic dis-
ease with increasing prevalence worldwide. Accord-
ing to the International Diabetes Federation, 463 mil-
lion people were estimated to have diabetes in 2019
and this number is expected to increase to 700 mil-
lion in 2045. From those estimates, type 2 diabetes
accounts for 90% of all diabetes cases and almost
20% of those cases are older than 65 years [1]. The
expanding aging of the world’s population together
with the obesity epidemic is major contributors to the
increasing prevalence of diabetes.

Besides age, lifestyle and obesity also genetic factors
have been implicated in T2D. The heritability for T2D
was estimated at 72% [2] and recent genome-wide asso-
ciation studies have found hundreds of single nucleo-
tide polymorphisms (SNPs) associated with T2D [3, 4].
However, environmental and lifestyle factors also play
a substantial role in T2D development [5, 6] and their
interaction with genetic susceptibility could provide
new insights into mechanisms contributing to T2D [7].
Epigenetic modifications, of which DNA methylation
(DNAm) is a major aspect, have been proposed as the
biological mechanism underlying gene-environment
interaction [8]. DNAm involves methyl group (-CH3)
binding to the cytosine, mainly occurring on cytosine-
guanine dinucleotides (CpG sites) [9]. DNAm plays
an important role in development of diseases because
of its ability to alter gene expression [10]. However, a
blood-based longitudinal epigenome-wide association
study (EWAS) on incident T2D showed only one out of
15 CpG sites (on CPTIA gene) with a possible causal
role in T2D [11]. Similar conclusions were drawn from
blood-based BMI-EWAS, where DNAm changes were
mainly a consequence of adiposity, the major risk factor
for T2D. Nevertheless, those changes predicted future
T2D, when combined into a methylation risk score

@ Springer

[12]. Thus, DNAm markers in blood could help in per-
sonalized prediction and prevention of T2D.

Chronological age above 45 is considered a risk
factor for T2D [13]. However, given the large varia-
tion in healthy aging [14], biological age may be pre-
ferred over chronological age as a predictor of disease
[15]. DNAm may reflect biological ageing. Therefore,
DNAm is used in biological age predictors such as epi-
genetic clocks. The Horvath, Hannum, GrimAge, and
PhenoAge epigenetic clocks [16-19] are well known
examples of these clocks. The difference between a per-
son’s predicted epigenetic age and their chronological
age, the so-called age acceleration, may be a proxy for
general health and rate of aging of an individual. A pos-
itive age acceleration indicates a higher biological than
chronological age and has been associated with nega-
tive health outcomes including chronic obstructive pul-
monary disease (COPD), T2D, ischemic heart disease,
and cardiovascular disease [17, 20, 21].

Previous EWAS studies using blood samples have
reported lists of CpG sites that are significantly asso-
ciated with prevalent and incident T2D [22]. Further-
more, they have shown that single studies often have
insufficient power to be used for a meaningful hypoth-
esis-free discovery study. Therefore, we chose here to
conduct a hypothesis-based study. Recently, we con-
ducted a longitudinal meta-EWAS discovery study and
reported 76 CpG sites associated with incident T2D
[23]. We selected from this published literature a list
of 111 unique CpG sites associated with incident and
prevalent T2D, for which we investigated the trajec-
tories over time with the development of the disease.
Specifically, we estimated DNAm trajectories of those
CpG sites in the period prior to and up to T2D onset,
and explored differences in these trajectories between
incident T2D cases and controls from the longitudinal
Doetinchem Cohort Study [23]. In addition, we aimed
to estimate trajectories of epigenetic age (DNAmAge)
and age acceleration and explored differences in trajec-
tories using four epigenetic clocks: Horvath, Hannum,
phenoAge, and GrimAge.

Methods
Study design and population

For this nested case—control study, we used data
from incident T2D cases and age- and sex-matched
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controls from the Doetinchem Cohort Study, an
ongoing, prospective, population-based study from
Doetinchem, the Netherlands [24, 25]. The aim of
the cohort was to study impact of lifestyle and bio-
logical factors on health during adulthood and in
old age. In brief, a random sample from the general
population of women and men aged between 20 and
59 were selected for the first measurement round in
1987-1991. The cohort is re-examined every 5 years
with extensive questionnaires, clinical measure-
ments, and blood samples collection: i.e., round 1
in 1987-1991 (N=7768); round 2 in 1993-1997
(N=6117); round 3 in 1998-2002 (N=4918); round
4 in 2003-2007 (N=4520); round 5 in 2008-2012
(N=4018), and round 6 in 2013-2017 (N=3438)
participants.

For this particular study, we selected 132 inci-
dent T2D cases from rounds 3 to 6 of the cohort
based on self-reported diagnosis from question-
naires, confirmed by a general practitioner based
on the WHO definition (fasting plasma glucose
values of >7.0 mmol/L (126 mg/dl), 2-h post-
load plasma glucose>11.1 mmol/L (200 mg/dl),
HbAlc>6.5% (48 mmol/mol), or a random blood
glucose > 11.1 mmol/L (200 mg/dl) in the presence of
signs and symptoms) [25, 26]. Controls were healthy
participants with no family history of T2D, no his-
tory of gestational diabetes, and normoglycemia at
any time during the follow-up (defined by WHO,
ie., a random blood glucose<7.8 mmol/L). We
matched cases and controls on age (+2 years), sex,
and round of the Doetinchem Cohort Study meas-
urement. For each participant, when blood samples
were available, we included all three time points: (1)
T-10: approximately 10 years before T2D diagnosis;
(2) T-5: approximately 5 years before T2D diagnosis;
(3) TO: time of T2D diagnosis (Fig. 1). For controls,
we included samples from equivalent measurement
rounds. All anthropometric, clinical and lifestyle fac-
tors were measured according to standard protocols,
with details described elsewhere [24, 25]. The study
was approved by the Medical Ethics Committee of
the University Medical Center Utrecht. All partici-
pants provided informed consent.

DNA methylation

For all participants, blood samples from three differ-
ent measurement rounds — where possible — were

[ T10 ] [ vs 0
-
.
S
.
-
.

Fig. 1 Timeline diagram showing sampling of 132 T2D case—
control pairs from the Doetinchem Cohort Study for each time-
point. T-10 and T-5 represent approximately 10 and 5 years,
respectively, before T2D diagnosis; TO=T2D diagnosis

lifted from the freezers (see Supplementary Table
S1). DNA was isolated from whole blood samples
employing a commonly used salting out method [27].
Next, 500 ng of genomic DNA was bisulfite modified
using the EZ DNAm kit (Zymo Research, Irvine, Cal-
ifornia, USA) and hybridized to the Illumina Infinium
Methylation EPIC chip according to the manufac-
turer’s protocols. The original IDAT files were gen-
erated by the Illumina iScan BeadChip scanner. Data
were generated by the Genome Analysis Facility of
UMCG (Groningen, The Netherlands) and Geno-
meScan (Leiden, The Netherlands). Pre-processing
and quality control of the combined methylation
data from two labs were done using minfi software
[28]. We removed probes containing a SNP in the
probe sequence, probes with a poor detection p-value
(p-value>0.001), and probes on X and Y chromo-
somes. Then, quantile normalization of intensity val-
ues (separated into 6 categories according to probe
type and colour channel) was applied using limma
software [29]. Adjustment for batch effects was done
using ComBat, and leukocyte composition was esti-
mated using the Houseman approach [30, 31]. We
removed extreme outliers (<25th percentile — 3*IQR
(interquartile range) or>75th percentile +3*IQR))
in DNAm data [32], leaving 803,591 probes for the
analyses.

Epigenetic age and epigenetic age acceleration
calculation

Raw DNAm data were used to calculate epige-

netic age based on four clocks: DNAmAge Horvath,
DNAmAge Hannum, phenoAge, and GrimAge using
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an online web tool [33]. Age acceleration values per
time point were calculated by regressing epigenetic
age on its chronological age with adjustment for esti-
mated white blood cell composition (percentage of
CDAT cells, CDS8T cells, B cells, NK cells, mono-
cytes, and granulocytes, estimated using the House-
man algorithm [31]) and batch effects (i.e., epigenetic
age ~ chronological age+WBC composition + batch
effects). Then, we used the residuals of the model as
age acceleration values [16].

Statistical analysis

To investigate trajectories of DNAm before T2D
diagnosis, we selected genome-wide significant
(p-value<1x1077) CpG sites associated with inci-
dent and prevalent T2D based on relevant published
literature on T2D-EWAS [22, 34-36]. DNAm trajec-
tories for these CpG sites were compared between
cases and controls, using linear mixed models imple-
mented in the nlme R package [37]. We modelled
fixed effects for T2D case/control status, time, and the
interaction between T2D case/control status and time.
Additionally, a random intercept and random slope
was included. We applied a first-order autoregressive
correlation matrix to account for repeated measure-
ments within participants. In addition, we adjusted
for age at time of diagnosis (T0), sex, and estimated
white blood cell composition (percentage of CD4T
cells, CDS8T cells, B cells, NK cells, monocytes, and
granulocytes, estimated using the Houseman algo-
rithm) [31]. From this first model, we extracted model
parameters and plotted DNAm trajectories for cases
and controls separately.

In subsequent model 2, we additionally adjusted
for clinical and lifestyle factors, i.e., BMI, smok-
ing and physical activity, lipid levels (including total
cholesterol, triglycerides and HDL cholesterol), and
C-reactive protein (CRP) levels to investigate their
influence on DNAm trajectories.

To investigate differences in trajectories of
DNAmAge and age acceleration between incident
T2D cases and controls, we used linear mixed mod-
els with the following fixed effects: T2D case/control
status, time, and the interaction between T2D case/
control status and time, with a random intercept and
a random slope for time. We adjusted age acceleration
models for sex, while the DNAmAge models were

@ Springer

adjusted for sex, estimated white cell types, and batch
effects.

CpG sites showing significantly different DNAm
trajectories or showing differences in DNAm lev-
els at all time points were queried in the EWAS
Atlas to identify significantly associated traits
(p-value<1.0E—4 or adjusted p-value<0.05)
reported in the literature [38].

A two-sided p-value < 0.05 was considered statisti-
cally significant. All analyses were performed using
R v(4.0.3) and the nime R-package [37].

Results
Study population characteristics

A total of 132 incident T2D cases and 132 age-, sex-,
and round-matched controls were included in the cur-
rent study (Fig. 1). Based on blood sample availabil-
ity in the Doetinchem Cohort Study biobank for these
132 case—control pairs, we included a total of 550
DNAm samples collected for the three time points
(240 samples from 120 case—control pairs at T-10;
154 samples from 77 case—control pairs at T-5; and
156 samples from 78 case—control pairs at TO; Fig. 1;
Supplementary Table S1).

Clinical characteristics of the total case—control
study population at the time of diagnosis (T0) are pre-
sented in Table 1. The mean age at TO was 60 years
and 45% of the study population were women. Signif-
icant differences in BMI, waist-to-hip ratio (WHR),
random glucose, triglycerides, HDL cholesterol, CRP
levels, and blood pressure were observed between
incident T2D cases and controls at TO. Additionally,
incident T2D cases and controls differed in socio-
economic status (represented by the highest educa-
tional level obtained) and the level of physical activ-
ity defined by the Cambridge Physical Activity Index
(p<0.05; Table 1).

Clinical characteristics for each of the three time
points (T-10, T-5, and TO) for these participants are
presented in Supplementary Table S1. Through-
out the study period, future T2D cases showed sig-
nificantly higher BMI, WHR, random glucose, total
cholesterol, triglycerides, LDL cholesterol, CRP, and
blood pressure levels compared to controls (p-value
for case—control status). However, only trajectories
of BMI, WHR, random glucose, total cholesterol,
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Table 1 General

R Cases Controls p-value

characteristics of cases

and controls from the N 132 132

Doetinchem Cohort Study

at the time of diagnosis Sex- female N (%) 60 (45%) 60 (45%) 1
Age (years) 60.1 (9.0) 60.0 (9.0) 0.97
BMI (kg/m?) 30.0 (5.0) 26.6 (4.4) 24x1078
WHR 0.97 (0.08) 0.91 (0.08) 3.3%1071°
Random glucose (mmol/I) 7.9 (3.3) 5.0 (0.8) <2.2x10716
Total cholesterol (mmol/l) 5.6 (1.1) 5.6 (1.0) 0.87
Triglycerides (mmol/l) 2.0[1.3;2.8] 1.3[1.0;1.9] 3.5%107°
HDL cholesterol (mmol/l) 1.2 (0.3) 1.4 (0.4) 2.6x1078
LDL cholesterol (mmol/1)? 3.5(1.0) 3.5(0.9) 0.7
CRP (mg/L) 2.7 [1.3;7.0] 1.2 [0.6; 2.8] 6.6x1077
SBP 140.0 (21.0) 130.1 (18.1) 3.3%x1073
DBP 84.0 (11.0) 80.0 (9.3) 0.001
Socioeconomic status 75 (57%) 65 (50%) 0.04
I=Low 37 (28%) 30 (23%)
2=Medium 19 (15%) 36 (27%)
3=High
Cambridge Physical Activity Index 11 (8%) 312%) 0.05
1 Inactive 38 (29%) 34 (26%)
2 Moderately inactive 47 (36%) 43 (33%)
3 Moderately active 36 27%) 52 (39%)
4 Active
Smoking 34 (26%) 20 (16%) 0.06
Current-smokers 58 (45%) 59 (45%)
Ex-smokers 38 (29%) 51 (39%)

Never smokers

LDL cholesterol calculated based on Friedewald equation. CRP and TG were log-transformed.
Data are shown as mean (SD) for normally distributed variables, as median and 25th and 75th
quintiles for not normally distributed variables and as number of individuals (%) for categorical
variables; p-values are obtained from Student’s ¢ test for normally distributed variables or
from Mann-Whitney U test for not normally distributed variables and y? square for categorical
variables; significant p values <0.05

and LDL cholesterol showed significant differences
between incident T2D cases and controls (p-value
for slope <0.05; Supplementary Table S1). All these
traits showed expected diverging trajectories between
cases and controls except for total cholesterol.

CpG sites associated with T2D

Based on a recent meta-EWAS on incident T2D [23]
and relevant published literature on T2D-EWAS, we
compiled a list of 111 unique CpG sites associated
with incident and prevalent T2D [34-36] (Supple-
mentary Table S2). From these 111 CpG sites, 107
were available in our DNAm dataset for further anal-
ysis (Supplementary Table S2). Comparison of the

trajectories for these 107 CpG sites revealed ten sites
with different slopes over time between incident T2D
cases and controls (p<0.05; Supplementary Table
S3; Supplementary Fig. 1). Four out of these ten CpG
sites showed significant differences in DNAm levels
for at least two time points, including cg06500161
(ABCGI), cg08994060 (PFKFB3), cgl15020801
(PNPO), and cgl19693031 (TXNIP) (Fig. 2). CpG
sites on ABCGI, PFKFB3, and TXNIP showed
diverging trajectories, with the largest difference
between incident T2D cases and controls at the time
of diagnosis (T0). CpG cg15020801 (PNPO) showed
a trajectory converging between cases and con-
trols, showing the largest difference in DNAm levels
10 years before diagnosis (T-10) (Fig. 2). Adjustment
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906500161 - ABCG1 ] [ 0908994060 - PFKFB3 | [

0915020801 - PNPO ] [ 0919693031 - TXNIP |

DNA methylation

-10 5 0 -10 5 0 -10
Time (years)

Fig. 2 DNAm trajectories of four CpG sites showing signifi-
cantly different slopes and significant differences in methyla-
tion levels for at least two timepoints between incident T2D
cases and controls. Trajectories were extracted from linear

for clinical and lifestyle factors, i.e., BMI, smoking,
level of physical activity, lipid levels, and CRP levels
(see “Methods” section), did not affect the observed
differences in DNAm slopes between incident T2D
cases and controls (Supplementary Table 3).

Besides differences in trajectories, DNAm levels
may also differ consistently between future T2D cases
and controls. Therefore, we selected CpG sites, from
the compiled list of 111 unique CpG sites associated
with incident and prevalent T2D (Supplementary
Table S2), based on significant differences (at least
1%) in DNAm levels at all three time points showing

Group
— Case

— Control

mixed effects models adjusted for age at time of diagnosis
(TO), sex, cell type proportion, and batch effects. Ribbons rep-
resent 95% confidence intervals

nearly parallel trajectories (i.e., no significant dif-
ferences in slopes) between incident T2D cases and
controls. This analysis resulted in eight CpG sites
(Supplementary Table S4; Fig. 3). Of these, five CpG
sites showed higher DNAm levels in incident T2D
cases compared to controls: cgl11024682 (SREBF1I),
cg11202345 (LGALS3BP), cg05778424 (AKAPI),
cgl19750657 (UFM1), and cg07504977. The remain-
ing three CpG sites (cgl4476101 (PHGDH),
cgl8181703 (SOCS3), and cg26262157 (PFKFB3))
showed lower DNAm levels in the incident T2D cases
compared to controls (Fig. 3).

[ 05778424 - AKAP1 | [ 0907504977 - | [

0911024682 - SREBF1 .| 0911202345 - LGALS3BP |

0.535

0.530-

0.525-

0.520-

0.515-

0.510-

031~

' . v . Group
5 4 -10 5
— Case

0918181703 - SOCS3 ‘ ‘

0919750657 - UFM1 ] ‘ 0926262157 - PFKFB3

] — Control

DNA methylation

079

ED 5 0 E) 5 0 -0
Time (years)

Fig. 3 DNAm trajectories for eight CpG sites showing sig-
nificantly (p <0.05) different DNAm levels at each time point
(T-10, T-5, and TO) between incident T2D cases and controls.
Trajectories were extracted from linear mixed effects models
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adjusted for age at time of diagnosis (T0), sex, cell type pro-

portion, and batch effects. Ribbons represent 95% confidence
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Table 2 Characteristics of 12 CpG sites showing different trajectories and/or levels in incident T2D

CpG CHR BP position Gene name Location in gene Relation to EWAS Atlas associations
CpG-island
cg06500161 21 43,656,587 ABCGI Body S_Shore Blood triglyceride levels; body mass index

(BMI); hypertriglyceridemic waist; meta-
bolic syndrome (MetS); plasma fasting
HOMA-IR levels; plasma fasting insulin
levels; triglyceride postprandial responses to
a high-fat dietary challenge; type 2 diabetes
(T2D); waist circumference (WC); waist
to height ratio (WHtR); waist to hip ratio
(WHR); metabolic trait; blood high-density
lipoprotein (HDL) levels; hepatic fat; insulin
resistance

cg08994060 10 6,214,026 PFKFB3 Body Aging, acute Lymphoblastic leukaemia; down
syndrome; preeclampsia; prenatal mercury (Hg)
exposure; type 2 diabetes (T2D); gestational
age; inflamed Crohn’s disease (CD)

cgl15020801 17 46,022,809 PNPO Body Cognitive function; smoking

cgl19693031 1 145,441,552 TXNIP 3’UTR Alcohol consumption; blood HbAlc levels;
diastolic blood pressure; down syndrome;
inflammatory bowel disease; maternal smoking;
metabolic syndrome (MetS); systolic blood
pressure; type 2 diabetes (T2D); simple
hepatic steatosis

cg05778424 17 55,169,508 AKAPI 5’UTR Air pollution (NO2); multiple sclerosis; myalgic
encephalomyelitis/chronic fatigue syndrome;
type 2 diabetes (T2D)

cg07504977 10 102,131,012 N_Shelf Body mass index (BMI); papillary thyroid car-

cinoma; puberty; waist circumference (WC);
atopy; hormone therapy

cgl11024682 17 17,730,094 SREBF1 Body S_Shelf Aging; blood triglyceride levels; body mass
index (BMI); metabolic syndrome (MetS);
myalgic encephalomyelitis/chronic fatigue
syndrome; serum liver enzyme levels (gamma-
glutamyl transferase, GGT); triglyceride
postprandial responses to a high-fat dietary
challenge; type 2 diabetes (T2D); waist
circumference (WC); waist to height ratio

(WHtR)
cgl1202345 17 76,976,057 LGALS3BP 1stExon Abdominal obesity; body mass index (BMI);
preterm birth; waist circumference (WC)
cgld4476101 1 120,255,992 PHGDH Body S_Shore Aging; alcohol consumption; blood triglyceride

levels; body mass index (BMI); diastolic
blood pressure; maternal pre-pregnancy
obesity; mortality; serum liver enzyme levels
(gamma-glutamyl transferase, GGT); systolic
blood pressure; type 2 diabetes (T2D); waist
circumference (WC); waist to hip ratio
(WHR); metabolic trait; atopy; hepatic fat;
insulin resistance; SETD1B-related syndrome

@ Springer



GeroScience

Table 2 (continued)

CpG CHR BP position Gene name

Location in gene Relation to EWAS Atlas associations

CpG-island

cgl8181703 17 76,354,621  SOCS3 Body

cgl9750657 13 38,935,967 UFMI1 3’UTR

€g26262157 10 6,214,079 PFKFB3 Body

N_Shore Aging; alcohol consumption; body mass index
(BMI); cognitive function; Crohn’s disease
(CD); educational attainment; lung function;
obesity; smoking; soluble tumor necrosis
factor receptor 2 (sSTNFR2) levels in plasma;
type 2 diabetes (T2D); Werner syndrome;
Nicolaides—Baraitser syndrome (NCBRS);
insulin resistance; SETD1B-related syndrome;
chemotherapy for breast cancer

Body mass index (BMI); obesity; preeclampsia;
preterm birth; waist circumference (WC);
plasma adiponectin levels

Aging, Acute Lymphoblastic Leukemia; down
syndrome; preeclampsia; prenatal mercury (Hg)
exposure; type 2 diabetes (T2D); gestational
age; inflamed Crohn’s disease (CD)

Characteristics of the 12 CpG sites show-
ing either different trajectories (four CpG sites;
Fig. 2) or consistent differences in DNAm level
(eight CpG sites; Fig. 3) are presented in Table 2.
Two CpG sites are located within the same gene
(PFKFB3). Our query in the EWAS Atlas revealed

that most of these 12 CpG sites have been signifi-
cantly associated with other metabolic traits such as
obesity, waist circumference and WHR, metabolic
syndrome, lipids traits, insulin resistance, fasting
plasma glucose, and blood pressure, next to T2D
(Table 2).
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Fig. 4 Trajectories and levels of DNAmAges and age accel-
eration based on four epigenetic clocks in incident T2D cases
and controls. Trajectories were extracted from linear mixed
effects models. DNAmAge models were adjusted for sex, esti-
mated white cell types and batch effects and age acceleration
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DNAmAge and epigenetic age acceleration

Mean chronological and epigenetic ages for incident
T2D cases and controls were estimated using four
different epigenetic clocks, i.e., GrimAge, Hannum,
Horvath, and phenoAge. The resulting findings are
presented in Fig. 4. All four clocks showed a high
correlation with chronological age, ranging from
0.81 for GrimAge to 0.89 for Hannum with slightly
higher correlations for all clocks in the control group
compared to cases (Supplementary Table S5). Mean
DNAmAge for Horvath and Hannum as well as for
phenoAge was lower than the chronological age at all
time points in both groups, while mean GrimAge was
higher than chronological age (Fig. 4). Mean epige-
netic age from all four clocks at the three time points
studied (T-10, T-5, and TO) was lower in the control
group compared to incident T2D cases. However,
this difference in epigenetic age was not statistically
significant. Furthermore, we observed no significant
differences in increase of epigenetic age over time
between cases and controls (Supplementary Table
S6).

Besides differences in epigenetic age as such,
(future) T2D cases may age more rapidly compared
to controls. Therefore, mean age acceleration values
for incident T2D cases and controls were estimated;
the results are presented in Fig. 4. Age acceleration
values in the control group were negative at all three
time points (T-10, T-5, and TO), suggesting a lower
rate of aging. In incident T2D cases, mean age accel-
eration levels were positive, suggesting accelerated
aging in the case group. However, the slopes were not
statistically different between the groups (p>0.05;
Supplementary Table S6). Only the Horvath-based
age acceleration showed a significant difference in
level (i.e., years) between incident T2D cases and
controls throughout the study period (p <0.05; Sup-
plementary Table S6).

Discussion

To the best of our knowledge, this is the first
case—control study of trajectories of DNAm mark-
ers associated with T2D. By including multiple time
points up to approximately 10 years before diagnosis,
we showed significantly different DNAm trajectories
of 10 blood-based CpG sites between incident T2D

cases and control, including four CpG sites which
also showed differences in DNAm levels. Further-
more, in our study, DNAmAges and age accelera-
tions showed no significant difference in trajectories
(slopes) between cases and controls. However, we
observed positive age acceleration values in incident
T2D cases and negative age acceleration values in
controls, suggesting accelerated biological aging is
associated with development of T2D.

Trajectories of DNAm markers

The present case—control study, nested within the
prospective Doetinchem Cohort Study, allowed us to
capture changes in methylation profile prior to disease
onset. Such a design captures epigenetic dynamics
during part of the life-course. Most of the published
T2D-EWAS studies used a cross-sectional approach
with DNAm and disease measured at the same time
point. Only a few longitudinal studies on T2D-EWAS
have been published to date, with only one time point
measured before diagnosis [11, 35]. We included
CpG sites associated with incident and prevalent T2D
to capture DNAm trajectories over time. A total of 10
out of the 107 studied CpG sites showed significantly
different trajectories (slopes) between incident T2D
cases and controls throughout the study period (from
approximately 10 years prior to actual T2D diagno-
sis). Those trajectories differ per CpG site and could
be categorized into two main groups: diverging and
converging trajectories for cases and controls. Most
(7/10) CpG sites showed diverging trajectories, with
increasing differences in DNAm levels between cases
and controls towards the manifestation of T2D. How-
ever, two CpG sites, at the TENCI and PNPO gene,
showed converging DNAm trajectories, with a large
difference in DNAm level at T-10, but reaching the
same level at TO for cases and controls. We focused
on the four CpG sites that differed both in trajectory
and in mean DNAm levels, i.e., the CpG sites located
at the TXNIP, ABCGI, PFKFB3, and PNPO gene;
Fig. 2). The CpG sites cg19693031 and cg06500161
mapping to the TXNIP and ABCG1 gene, respectively,
were previously shown to be robustly associated with
either incident or prevalent T2D [11, 34, 35, 39-41].
We observed a sharp decline in DNAm level for
TXNIP and a sharp incline for ABCG] in the incident
T2D cases at those two CpG sites, with a growing dif-
ference observed towards the manifestation of T2D
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(Fig. 2). The PFKFB3 gene plays a role in control of
glycolytic flux, and its increased expression has been
observed in diabetic mouse liver [42]. ¢g08994060
mapping to the PFKFB3 gene had previously been
identified as a mediator of the association between
prenatal famine exposure and triglyceride levels [43].
The fourth CpG site was mapped to the PNPO (pyri-
doxine 5'-phosphate oxidase) gene, which is known to
be involved in the formation of the biologically active
form of vitamin B6, i.e., pyridoxal S5'-phosphate
(PLP) [44]. Substantial evidence has been reported
linking vitamin B6 to diabetes, including T2D [45].
This evidence includes reduced plasma levels of PLP
in T2D patients [46—48]. Also, this specific CpG site
was identified in CRP-EWAS, a chronic low-grade
inflammation marker implicated in a pathogenesis of
complex diseases and reported as a mediator of the
association between prenatal famine exposure and tri-
glycerides levels [43, 49]. In our study, the CpG that
mapped to the PNPO gene showed a large difference
between (future) T2D cases and controls at T-10. An
inverse relationship between plasma PLP and inflam-
mation markers was reported for T2D patients [45].
The observed change in DNAm levels may be indica-
tive of a compensatory mechanism to restore PLP
concentrations. All four CpG sites show promise as
predictive biomarkers for personalized prevention,
but potential implications for clinical use requires fur-
ther study.

Another eight CpG sites showed consistent dif-
ferences in DNAm levels across all time points
with nearly parallel trajectories between incident
T2D cases and controls (Fig. 3). These trajectories
might be related to processes such as natural aging,
as DNAm levels exhibit similar slopes in cases and
controls. The respective eight CpG sites are located
in genes directly related to diabetes, obesity, and/or
metabolic syndrome. CpG sites of the genes SREBF I,
LGALS3BP, PHGDH, and UFM]1 were identified in
multiple BMI and lipids EWAS (LDL and HDL cho-
lesterol, triglycerides, and free cholesterol; Table 2)
[50-54]. The SOCS3 methylation locus was also
reported to be inversely correlated with the clinical
definition of the metabolic syndrome [55]. DNAm
levels of these eight CpG sites in blood may reflect
early metabolic changes occurring many years before
T2D diagnosis. Gradually increasing levels of hyper-
glycemia may cause DNAm changes that perhaps
initiate compensatory mechanisms in response to
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developing metabolic dysregulation. Also, risk fac-
tors for T2D such as obesity and aging may affect the
DNAm profiles and hence trigger the development of
insulin resistance and T2D [56, 57].

Accelerated epigenetic age in incident T2D

First-generation epigenetic clocks (Horvath and Han-
num) were designed specifically to predict age in
healthy individuals, whereas phenoAge and Grim-
Age aimed to capture biological aging processes
to improve prediction of mortality and morbidity
[16-19]. Deviation of the estimated epigenetic age
from chronological age provides valuable infor-
mation about biological aging. The biological age
markers intend to measure functional decline, risk
of age-related diseases, and mortality [58]. We cal-
culated epigenetic age and age acceleration based
on first-generation (Horvath and Hannum) and sec-
ond-generation (phenoAge and GrimAge) epigenetic
clocks. We observed a high correlation between epi-
genetic age and chronological age over time for all
four epigenetic clocks (Supplementary Table S5).
Furthermore, controls showed a lower epigenetic
age than cases, presumably because of the “healthy”
status of this group. Apart from GrimAge, the epi-
genetic age estimations in our dataset were lower
compared to the chronological age in both incident
T2D cases and controls. Similar findings were pre-
sented in a 20-year follow-up of the Swedish Adop-
tion/Twin Study of Aging (SATSA), where all four
clocks yielded epigenetic age estimations that were
lower than the chronological age [59]. It has previ-
ously been described that both Horvath and Hannum
clocks underestimate chronological age especially in
older individuals, which has been explained by loci
approaching the limits of O or 100% methylation
(DNA methylation saturation). Additionally, elevated
levels of 5-hydroxymethylcytosine (ShmC) may offset
age-predictors, as it is undistinguishable from methyl-
ated cytosine [60]. The GrimAge clock is a new-gen-
eration epigenetic clock which comprises biomarkers
based on DNAm surrogates of seven plasma proteins
plus packyears of smoking. Smoking is a known fac-
tor influencing DNA methylation levels [61]. One
possible explanation for the higher epigenetic age
estimated with GrimAge than the chronological age is
the high number of smokers in our dataset (37% and
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30% of current smokers at T-10 in cases and controls,
respectively).

Age acceleration reflects a higher than expected
rate of biological aging and has been associated with
increased risk of mortality, cancer, and cardiovascu-
lar disease [17, 19, 62-64]. Aging mechanisms lead
to multiple pathologies, and therefore, differences in
the rate of aging will have implications for a wide
array of diseases and conditions. Similarly, slower
GrimAge acceleration was associated with better car-
diovascular health starting with young adulthood up
to 20 years later, suggesting it might be a useful bio-
marker of age-related cardiovascular outcomes [65].
Although the trajectories (slopes) of age acceleration
were not significantly different between incident T2D
cases and controls, our analysis showed that already
approximately 10 years before diagnosis T2D cases-
to-be had positive age acceleration values compared
to controls, regardless of the clock used. This sug-
gests enhanced biological aging associated with the
development of T2D.

Next steps should include evaluating dynamics of
the epigenetic clocks in the general population, as
well as in response to various treatments and inter-
ventions. An important goal of such research would
also be to determine causality: is DNAm driving
aging processes, or should it rather be considered as a
surrogate marker of aging?

Strengths and limitations

Strengths of this study include repeated measure-
ments of the 132 case—control pairs with 260 DNAm
samples collected at three consecutive time points
from as early as 10 years before T2D diagnosis. We
combined in this study investigation of trajectories
of known blood-based DNAm biomarkers for T2D
and epigenetic age and age acceleration. We included
both first- and second-generation epigenetic clocks
including Horvath clock, Hannum, phenoAge, and
GrimAge. Given the limited number (< 3) of repeated
measurements, we were unable to examine non-linear
trajectories. Also, for several case—control pairs, only
a single timepoint was measured, which may have
limited the power to detect differences in trajectories
between incident cases and controls. Another poten-
tial limitation of our study is the use of blood-based
DNAm profiles. For T2D, more detailed insights in
mechanisms driving disease development could be

provided from metabolically active tissues such as
adipose tissue, liver, or skeletal muscle. DNAm var-
ies between cell types; therefore, whole blood may
not fully reflect changes in other tissues. Also, using
whole blood in epigenetic studies and in estimating
epigenetic age has been shown to be confounded by
the effect of cell type composition. The latter issue
was addressed by adjusting all our analyses for com-
position of cell type using the Houseman algorithm
[31]. We did not correct the analyses for multiple
testing because of the hypothesis-based design of
the study; we tested a strict selection of CpG sites
that were previously shown to be genome-wide sig-
nificantly associated with T2D. The identified meth-
ylation changes over the 10 years were small (up to
few % change), as expected based on previous EWAS
studies on complex diseases. The utility of epigenetic
clocks with respect to measures of biological aging
(e.g., cognitive and functional impairment/frailty),
mortality, and other complex diseases beyond type
2 diabetes has been shown previously [62, 65-67].
However, several limitations of the epigenetic clocks
should be considered including the small proportion
of DNA methylation markers included in the esti-
mation, the modest correlations with chronological
age, and the confounding effect of genetic and envi-
ronmental factors, as well as technical differences in
the selected DNA methylation arrays. Finally, selec-
tion of case—control pairs limits extrapolation of our
results to the general population, for which represent-
ative cohort studies of DNAm trajectories would be
needed.

Conclusions

In conclusion, we investigated trajectories of known
CpG sites associated with prevalent and incident T2D
in a case—control study nested within the longitudi-
nal Doetinchem Cohort Study. Our results showed
that DNAm levels, up to 10 years before T2D mani-
festation, slightly differ between T2D cases-to-be
and healthy controls at specific CpG sites. Some of
those CpG sites annotate to genes involved in glu-
cose and lipid homeostasis. We observed distinct pat-
terns of clinical traits over time between cases-to-be
and controls, which may have an impact on DNAm
profiles. Therefore, changes in blood DNAm could
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be considered as markers of altered metabolism and
might be useful for T2D prediction beyond traditional
clinical markers. We also showed that up to 10 years
before T2D diagnosis, cases manifest accelerated epi-
genetic aging compared to healthy controls. Markers
of biological aging including age acceleration esti-
mates based on Horvath need further investigation to
assess their utility for predicting age-related diseases
including T2D.
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