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Abstract

Background Previously, we identified six prediabetes clusters, three at moderate and three at high-risk for type 2
diabetes and/or complications. While this novel classification could enable earlier and improved disease prevention,
it relies on intensive clinical phenotyping. Here, we developed a machine learning workflow to identify blood-based
epigenetic markers to distinguish between prediabetes clusters.

Methods DNA methylation was profiled in blood cells of different cohorts including individuals that belong to
clusters 2 (low-risk), 3, 5, and 6 (each high-risk) and data was subjected to a machine learning workflow.

Results In a discovery cohort (n=187), we identified 1,557 CpG sites as predictors for clusters 2, 3, 5,and 6.

These CpGs were sufficient to distinguish between individuals belonging to the high-risk clusters 3,5 and 6 in an
independent replication cohort (n=146) with an accuracy of 92%. Between 300 and 339 CpG sites were specific for
each cluster and the corresponding genes linked to TGF-3 receptor and calcium signaling (cluster 3), MAPK cascade
and ECM organization (cluster 5), and Wnt/SMAD signaling (cluster 6), mirroring the metabolic deterioration observed
in each cluster.

Conclusions Without the need for complex clinical measurements, the identified blood-based epigenetic signatures
may improve the detection of individuals at high-risk of developing diabetes and complications and point to the
potential molecular mechanism responsible for the heterogeneity in prediabetes. These markers highlight the
potential of the blood epigenome as an effective proxy for predicting future complications and make extensive
clinical assessments obsolete, enabling the identification of clusters in larger populations.
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Background

Type 2 diabetes (T2D) is one of the top ten causes of
death worldwide, making its prevention an urgent clini-
cal need. The high mortality risk associated with T2D is
mainly due to the development of severe complications
such as cardiovascular diseases, nephropathy, and cancer
[1-3].

Identifying people with an elevated diabetes risk has
practical implications, as there are interventions that can
prevent or delay T2D onset, and earlier disease diagno-
sis may improve clinical and economic burden [4, 5]. The
development of T2D is a continuous process from nor-
mal glucose regulation to prediabetes and T2D. Several
researchers considered prediabetes as a target phase for
biomarker screening, to improve early detection, facili-
tate more effective interventions, and ultimately reduce
the global burden of T2D and its complications [4, 6, 7].
We showed recently that in adults with impaired fast-
ing glucose and/or glucose tolerance, a one-year lifestyle
intervention with > 5% weight loss led to prediabetes
remission (i.e. normalization of fasting and 2 h glucose
during an oral glucose tolerance test and of HbAlc) in
43% of the participants. This was associated with a sig-
nificant reduction in the risk to develop future T2D [8].
Thus, remission of prediabetes should be an important
goal to prevent development of severe metabolic dis-
eases [6, 9]. However, individuals with prediabetes are a
heterogeneous group and prediabetes is driven by one or
more factors such as elevated fat mass, obesity, insulin
resistance, impaired insulin secretion and low grade of
inflammation [10].

Recently, data-driven clustering strategies have enabled
a better understanding of the heterogeneous pathophysi-
ology of prediabetes [11]. Six distinct clusters, the Tiibin-
gen Diabetes Risk Clusters, were identified, each with
varying risks for developing T2D and associated com-
plications. Three of these (clusters 1, 2, and 4) are char-
acterized by a low-risk of diabetes progression, whereas
clusters 3 and 5 exhibited the highest T2D incidence; the
T2D risk of cluster 6 was only slightly higher than of that
of low-risk cluster 1, however, this group had a high-risk
for chronic kidney disease and mortality and was char-
acterized by elevated visceral fat. Individuals in cluster
3 had lowest insulin secretion, cluster 5 had increased
intrahepatic lipid content and high insulin resistance.
Both, clusters 3 and 5, also demonstrated higher risks for
chronic kidney disease relative to cluster 1. Overall, clus-
ter 5 exhibited the highest risk of T2D, renal and vascular
disease and all-cause mortality (Suppl Fig. 1a). To easily
connect these clusters to their metabolic differences, we
included additional abbreviations to the original nomen-
clature and used them interchangeably in this study. For
instance, low risk (LR or cluster 2), high risk low beta
cell function (HR-LowBeta or cluster 3), high risk high
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insulin resistance (HR-InsRes or cluster 5), high risk high
insulin secretion (HR-InsSecr or cluster 6). Although
this sub-phenotyping approach offers potential improve-
ments in screening, prevention, and treatment strategies,
it remains complex and difficult to apply in large clinical
settings. Thus, there is an urgent need for the develop-
ment of simple clinical tests or the identification of bio-
markers detectable in easily accessible material.

Our group and others have found epigenetic signa-
tures associated with obesity and T2D in different tis-
sues, suggesting that epigenetic mechanisms contribute
to the pathogenesis of T2D [12-14]. We also showed that
blood-based epigenetic markers (e.g. DNA methylation)
are a valuable proxy for risk assessment in T2D [15, 16].

However, it remains unknown whether DNA meth-
ylation patterns differ between the prediabetes clusters
introduced recently by us [11]. Hence, the present study
investigated the DNA methylome in peripheral whole
blood cells in order to identify epigenetic markers distin-
guishing individuals from high- (clusters 3, 5, and 6) and
a low-risk cluster (cluster 2).

Methods

Study population description

The individuals included in the present study are a sub-
group of participants from the TUEF/TULIP cohort, the
Prediabetes Lifestyle Intervention Study (PLIS) (Clini-
calTrials.gov identifier: NCT01947595) and the IFIS
study (ClinicalTrials.gov identifier: NCT04607096) all of
which included adults with prediabetes. Individuals were
selected based on completeness of data and the closest
location to the respective cluster medoids.

The current study included two study cohorts: a discov-
ery (n = 187, Tiibingen/Dresden) and a replication cohort
(n = 146 Potsdam/Tuibingen). The characteristics of the
participants in the discovery and replication cohorts are
detailed in Suppl Fig. la, Table 1 and S1. Clinical and
metabolic measurements are described in Supplemen-
tary Material 2. Blood samples for DNA methylation
measurements were drawn prior to the oral glucose tol-
erance test (OGTT) at baseline study visits. The cluster
membership of all individuals in the discovery cohort was
confirmed with both the TUEF/TULIP and the simplified
Whitehall criteria as has been previously described [11].

Genome-wide DNA methylation profiling

Genomic DNA was isolated from blood cells via pre-
cipitation with sodium acetate. DNA methylation lev-
els, after bisulfite treatment, were determined by the
Infinium MethylationEPIC BeadChip (EPICv1.0, 850 K &
EPICv2.0, 930 K). Bisulfite treatment and array hybridiza-
tion were assessed by Eurofins Genomics Europe shared
services GmbH and LIFE & BRAIN GENOMICS GmbH.
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Table 1 Participants'characteristics. Data are presented as median [IQR]
Discovery Cohort Replication Cohort
Cluster 2 Cluster 3 Cluster 5 Cluster 6 P-value Cluster 3 Cluster 5 Cluster 6 P-
(N=50) (N=42) (N=45)  (N=50) (N=49) (N=51) (N=46) value
Sex (female/male) 32/18 22/20 28/17 23/27 0.235 40/9 40/11 38/8 0.859
Age [years] 595 6436 584 5250 <0001 594 586 594 0928
[50.1-65.0] [55.3-67.0] [45.0-64.0] [34.0-60.7] [526-63.3] [52.5-63.7] [52.2-65.0]
BMI [m/kgA2] 24.2 282 343 352 <0001 300 345 350 <0001
[21.8-26.1] [25.6-31.2] [29.6-424] [31.6-38.1] [265-31.9] [324-385] [31.0-40.9]
IHL [%] 148 592 13.98 7.53 <0.001 4,66 20.38 822 <0.001
[086-2.76]  [1.60-1254]  [7.53- [2.92-11.80] [227-827] [15.03- [6.00-11.44]
18.15] 23.08]
VAT [1] 1.99 5.40 578 446 <0.001 3.79 524 5.18 <0.001
[140-300]  [354-707]  [492-7.85] [3.95-7.55] [279-4.84] [419-657]  [4.29-6.80]
Matsuda 568 305 1.54 184 <0001 3.00 131 1.82 <0.001
[4.03-6.76] [248-4.19] [1.21-2.10] [1.45-2.40] [2.19-359] [0.96-1.73] [1.28-2.36]
Disposition Index 3.17 1.88 1.59 3.20 <0.001 1.63 1.59 3.04 <0.001
[2.15-5.11] [131-3.01] [1.08-2.50] [1.47-3.98] [1.18-243] [1.05-1.94] [2.10-4.01]
HbA1c [%] 57[55-59] 59[57-60] 59 59[55-60] 0019 58[55-58] 59[56-6.1] 58[56-6.0] 0.025
[5.7-6.1]
Triglycerides [mg/dl] 76 [56-95] 132 161 124 <0.001 110 166 113 <0.001
[103-174] [120-201] [102-157] [86-131] [121-222] [103-153]
Cholesterol [mg/dl] 206 206 208 195 0.196 210 209 207 0.653
[181-225] [179-241] [182-238] [171-206] [188-226] [185-235] [180-227]
HDL [mg/dl] 70 [56-76] 53 [47-61] 45 [40-50] 45 [38-53] <0.001 55[47-63]  47[4050-  51[41-58] 0.008
53.50]
LDL [mg/dl] 110[95-134] 134 128 123 0.030 125 134 124 0.244
[100-164] [104-169] [101-141] [104-140] [113-156] [106-148]
GOT [U/1] 23 [19-29] 28 [22-33] 251[21-29] 26[21-29] 0273 24[20-271  26[22-29]  25[22-28] 0.083
GPT [U/1] 21[18-28] 30[23-38] 33 [24-46] 32[24-39] <0.001 21[17-30]  31[25-42] 28[22-37] <0.001
Creatinine [mg/dl] 0.80 0.80 0.70 0.84 0.002 0.80 0.80 0.70 0.181
[0.62-0.80] [0.68-1.00] [0.60-0.82] [0.80-0.98] [0.70-0.80] [0.70-0.82]  [0.60-0.80]
CRP [mg/dl] 0.05 017 0.51 0.54 <0.001 0.17 0.29 0.29 0.012
[0.02-0.14] [0.10-0.62] [0.14-1.23] [0.15-1.17] [0.08-046] [0.16-0.58] [0.13-0.57]

The data were processed using R (v.4) packages “meffil”
(v.1.3.1 & v.1.3.6) and “ChAMP” (v. 2.24.0 & v.2.29.1).

The raw data from each cohort was processed indepen-
dently using the default parameters of the champ.load()
function, which performs standard quality control. Back-
ground correction and three-state P-mixture quantile
normalization were followed by batch effect correction
(including technical confounders) based on the singular
value decomposition (SVD) output (p-values) as well as
correction for cell composition. Data were normalized
for age and sex using ComBat. DNA methylation data is
represented as B (range 0—1); the B value of zero signi-
fies no DNA methylation at the corresponding CpG posi-
tion and one signifies 100% DNA methylation. Next, a
variance filter was applied to remove 235,455 CpG sites
displaying consistently low (<5%) or high (>95%) meth-
ylation levels within each cohort, as these sites typically
exhibit very limited variability in blood cells. In total, dif-
ferential methylation analysis was performed for a total
of 442,248 CpG sites (CpGs) using the ChAMP package.

Machine learning-based feature selection

To identify a robust set of predictive methylation sites
for the prediabetes clusters, a feature selection proce-
dure based on Elastic-net (E-net) regularization was
implemented. In the discovery cohort, 70% (1 = 132) of
randomly selected individuals were assigned to the train-
ing set, and the remaining 30% (n = 55) to the test set.
The splitting procedure (70% training, 30% testing) was
repeated 1,000 times to stabilize the feature selection
and avoid potential confounders. For each split, E-net
logistic regression was applied to the training data using
the R glmnet (version 4.1-8) package [17]. Using E-net,
the optimal regularization parameter (\) was identified
through 5-fold cross-validation, and alpha («), the L1/
L2 norm mixing factor, was identified using a grid search
within the training data [18]. The predictive performance
of each trained model was then evaluated on the corre-
sponding held-out discovery-test set (also called: predic-
tion of clusters labels). All models achieving a prediction
accuracy > 80% were considered successful, and their
corresponding features were retained. Finally, a consen-
sus feature set was derived by selecting only those CpGs
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that were identified in at least 10% of the models, thereby
prioritizing features demonstrating consistent predic-
tive power across multiple data splits and different model
training runs (detailed in Suppl Fig. 1b).

Partitioning around medoids (PAM)

As the original phenotypic clusters were generated
with an unsupervised method [11], we applied a similar
approach to group individuals based only on methylation
patterns using R package: cluster (v2.1.8) [19]. Following
feature selection, the CpGs identified by multi-fold E-net
were subjected to unsupervised clustering (partitioning
around medoid; PAM) in the discovery and in an inde-
pendent replication cohort to assess the performance
efficiency of the CpG predictors.

Pathways enrichment analysis

All CpG sites identified as predictors for prediabetes
clusters differentially methylated CpG were annotated to
the corresponding gene based on their location and the
region within the genome. All CpG sites located within
2 kb upstream and/or downstream of the transcription
starting site (TSS) are annotated to the promoters of the
nearest genes; however, ones located in intergenic regions
were excluded from this step. CpG sites within the range
of the first to the last exon are considered as gene body.
Gene ontology enrichment analysis was performed using
DAVID version v2024q2. The cut-off parameters for
DAVID include p-value <0.05 and a minimum number of
genes in each category as five.

Epigenome-wide association studies (EWAS)

In order to compare the CpG sites selected by E-net to
the previous T2D incidence findings, we used one of
the most comprehensive data bases available: MRC-IEU
catalogue. Data from the MRC-IEU catalogue of epig-
enome-wide association studies [20—29] was downloaded
and filtered for studies conducted in blood cells. Traits
related to obesity, T2D, C-reactive protein, lipids, heart
and kidney diseases have been selected and re-catego-
rised in broader terms (detailed description in supple-
mentary data/tables, sheet “Filter_Criteria”).

Statistical analyses

The clinical characteristics of the individuals were shown
as median and interquartile range (IQR) and mean +SD
(Table 1 and S1). One-way ANOVA was used to assess
differences among the groups (> 2). The two-sample
Wilcoxon rank test or Unpaired t-test was used based
on the data normality tested by Shapiro Wilk normality
test and variance with F test. For the categorical data, the
Chi-square test was used, and for the analyses, p<0.05
was considered significant. For the differential methyla-
tion analysis, default ChAMP parameters were used and
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adjusted P-values (AdjP <0.05; Benjamini Hochberg test)
was considered statistically significant. The Spearman
test was performed to check the correlation between the
subset of CpGs (beta values) and the clinical and anthro-
pometric measurements. Correlations with raw p-value
below 0.05 were considered statistically significant.

Results

Study design and population characteristics

The discovery cohort included 50 individuals belong-
ing to cluster 2 (LR), 42 to cluster 3 (HR-LowBeta), 45 to
cluster 5 (HR-InsRes), and 50 to cluster 6 (HR-InsSecr),
as defined by the Tiibingen Diabetes Risk parameters. The
replication cohort was exclusively composed of individu-
als from the high-risk clusters HR-LowBeta, HR-InsRes,
and HR-InsSecr (Fig. 1). As detailed in Table 1 and S1,
the anthropometric and metabolic parameters of partic-
ipants from the discovery (n = 187) and the replication
cohort (n = 146) show that individuals in cluster 5 (HR-
InsRes) had the highest BMI, VAT, IHL and also high-
est glucose and insulin levels. On the contrary, people
of cluster 2 (LR) were leaner, had the lowest VAT mass,
IHL, and glucose levels. In the high-risk clusters, people
of cluster (HR-LowBeta) were slightly more insulin-sensi-
tive and leaner than those of the other high-risk clusters,
and cluster 6 (HR- InsSecr) showed the highest Disposi-
tion Index as a measure for beta cell function. These data
confirm the characteristics specific to the respective pre-
diabetes clusters as previously reported [11].

DNA methylation signatures predicting prediabetes sub-
phenotypes

Figure 1 illustrates the study design, the different steps,
and cohorts (discovery, replication) used to screen for cir-
culating epigenetic markers. In step 1, we used pairwise
comparisons (comparing cluster 2 with 3, 5, 6; cluster 3
with 2, 5, 6; cluster 5 with 2, 3, 6; and cluster 6 with 2, 3, 5)
in the discovery cohort to detect differentially methylated
CpGs between these clusters (Fig. 1, Suppl Fig. 1b), which
were combined as an input for the machine learning
workflow for the identification of CpG predictors of the
prediabetes clusters (step 2, Fig. 1). We identified 120,917
sites with differences in DNA methylation between any
of the four clusters (also referred to as DMPs, differen-
tially methylated positions; n=187, AdjP<0.05). Using
all DMPs — independent of their direction of change in
the methylation level — resulted in an insufficient separa-
tion of the clusters, indicating the presence of noise and
uninformative signals (Suppl Fig. 2). The reason for this
may be the discrepancy between the relatively low sam-
ple size, the number of the tested groups and the high
dimensionality of the methylation data.
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Fig. 1 Schematic representation summarizing different steps of the current study and the cohorts. Two independent groups of participants are included;
a discovery and a replication cohort. The cluster identity of the different participants was evaluated by criteria described in our previous study [11]. First,
a pairwise comparison was conducted to define epigenetic signatures associated with: Cluster 2 (low risk: LR), Cluster 3 (high risk/low beta cell function:
HR-LowBeta), Cluster 5 (high risk/high insulin resistance: HR-InsRes), Cluster 6 (high risk/high insulin secretion: HR-InsSecr). Next, a machine learning
pipeline was applied to all differentially methylated CpGs to identify CpGs as predictors of prediabetes clusters. Results of the machine learning analyses
identified in the discovery cohort were validated in an independent replication cohort with PAM clustering (more details are available in Suppl Fig. 1b)
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(See figure on previous page.)

Fig. 2 DNA methylation signatures in prediabetes clusters. (a) Spearman correlation between DNA methylation levels detected in the 1,557 CpG sites
and metabolic parameters (shown in Table 1) are assessed in the discovery cohort and filtered for significance (raw p < 0.05). Correlation coefficients are
depicted in a heatmap (blue: positive correlation; green: negative correlation coefficient). (b) Results of the partition around medoids clustering approach
comparing predicted (methylation driven) and actual (phenotype driven) cluster identity. The agreement between methylation and phenotype-driven
clustering is shown in the green rectangles. Grey rectangles refer to the disagreement between the two clustering. (€) UMAP plots separate the four clus-
ters with high accuracy (left: 2D UMAP plot, right: 3D UMAP plot). (d) The heatmap depicting scaled DNA methylation levels of 1,557 CpG sites identified
via machine learning algorithm in the discovery cohort (red: high level of DNA methylation coefficient; low level of DNA methylation) in each column is
shown mean DNA methylation per group and each line refer to one CpG sites. (e) The different overlaps between CpGs predicting each cluster are sum-
marized in the Venn diagram. (f) Dot plot depicting the results of GO analysis performed with DAVID tools, p-value < 0.05. Detailed GO terms are found

in Table S3

In order to reduce the noise and high dimensionality of
the methylation data, DMPs were deployed as an input
for multi-fold E-net to select features (differentially meth-
ylated CpGs) with high potential to distinguish between
the different groups. This effectively reduced the dimen-
sionality and identified the most informative DMPs for
cluster discrimination. We generated 1,000 E-net mod-
els (1,000 different combinations of training and testing
data sets) and all these models had an accuracy higher
than 80%. In total, these 1,000 models included 22,404
CpG predictors (detailed in Suppl Fig. 1b), of which
1,557 CpGs appeared to be the most stable, as they were
found in at least 10% of the successful models. All in all,
the 1,000 E-net models showed consistently high perfor-
mance, with both balanced and unbalanced accuracies
exceeding 95% for all clusters (Suppl Fig. 3). Addition-
ally, the high sensitivity, specificity (>0.95) and F1 scores
(>0.90) further confirm the stability and generalizability
of the selected features.

To assess whether these CpG predictors reflect the
clinical traits originally used to generate the clusters,
spearman correlation was applied to the 1,557 CpGs with
the participants’ anthropometric and metabolic measure-
ments (Table 1). Out of these 1,557, 1,512 CpGs corre-
lated with at least one of the examined traits as shown
in the heatmap in Fig. 2a. The highest number of corre-
lations were detected for ISI Matsuda index (882 CpGs),
insulin (881 CpGs), and blood glucose concentration
during OGTT (642 CpGs). Not only glycemic parameters
but also blood lipids were correlated with methylation
markers; 630 CpGs with triglycerides and 627 CpGs with
HDL cholesterol. MR-tomography-based measurements
of body fat exhibited significant correlations with 602
CpGs for the subcutaneous adipose tissue, 498 for the
visceral adipose tissue, and 658 CpGs with liver fat. Addi-
tionally, a large number of CpGs were correlated with
BMI (949 CpGs), however, only 305 CpGs were linked to
age (Fig. 2a, Table S2).

Partitioning, based only on DNA methylation levels
of the 1,557 CpGs, successfully reproduced the clus-
ter identities of participants from the discovery cohort
(accuracy=78.07%), in the replication cohort (accu-
racy=92.4%) (Step 3 in Figs. 1b and 2b-c). To further
confirm the specificity of the identified methylation sites,

we assessed the performance of a randomly selected sub-
set of 1,500 CpGs after PAM clustering and repeated the
procedure fifteen times. Accuracy based on those ran-
dom CpGs were all lower than 60% as shown in Suppl
Fig. 4. Thus, this machine learning algorithm is sufficient
to assign the groups defined by DNA methylation into
the correct prediabetes clusters as classified by clinical
parameters. Here it has to be highlighted that the DNA
methylation patterns of the replication cohort was gen-
erated by EPIC-v1 array, indicating that the introduced
procedure can even be applied to older data generated by
the earlier EPIC version (step 3 in Fig. 1).

The methylation patterns of the 1,557 CpGs predic-
tors, which map to 1,021 genes, were visualized using the
dimensionality reduction method, the uniform manifold
approximation and projection (UMAP) as well as in a
heatmap. These analyses revealed a unique methylation
signature for each cluster. As shown in the UMAP plot
(Fig. 2¢) and in the heatmap (Fig. 2d), we could clearly
distinguish between clusters 2 (LR), 3(HR-LowBeta), 5
(HR-InsRes) and 6 (HR-InsSecr) based only on the meth-
ylation levels of the identified 1,557 CpG sites. Of note,
the DNA methylation patterns of these CpG predic-
tors were different and distinguishable between the four
prediabetes clusters (Fig. 2d). Among these, different
subsets of CpGs showed unique methylation patterns in
each cluster (marked by frames in the heatmap Fig. 2d).
As revealed in the Venn diagram, 317 CpGs were specific
for cluster 2 (LR), 300 for cluster 3 (HR-LowBeta), 316 for
cluster 5 (HR-InsRes), and 349 for cluster 6 (HR-InsSecr)
(Fig. 2e).

Overall, close to 75% of these CpG predictors were
specifically hypermethylated in cluster 2, 70% hypometh-
ylated in cluster 5, whereas cluster 6 showed a higher
proportion (~60%) of hypermethylated CpGs especially
when compared to cluster 5 and cluster 3 (Fig. 2d). To
assess the impact of cluster-specific CpG sites on cluster-
ing performance, we compared results obtained with and
without their inclusion. Using only CpG sites with mixed
membership (as defined by the intersection in the Venn
diagram in Fig. 2e) decreased clustering accuracy by 10%
in the discovery cohort and 5% in the replication cohort
(Suppl Fig. 5a). However, implementing the set of 900
unique CpG sites (cluster-specific) resulted in only a 5%
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performance drop in the discovery cohort and no change
in the replication cohort (Suppl Fig. 5b). All in all, both
mixed and cluster-specific methylation markers show
informative value.

Taken together, these results confirm the strong poten-
tial of these 1,557 DNA methylation markers to distin-
guish individuals belonging to the different high-risk
clusters.

Next, we asked whether the identified 1,021 genes
mapping to these 1,557 markers are also epigenetically
regulated in metabolic tissues. Analysis of published
methylome data revealed that 862 out of 1,021 genes
exhibited altered DNA methylation across various tis-
sues in individuals with T2D. In particular 635, 631, and
512 genes were differentially methylated in the pancreatic
islets [30], adipose tissue [31], and skeletal muscle [32]
of individuals with T2D (Suppl Fig. 6). However, data
on tissue-specific epigenetic alterations are still limited,
especially for studying prediabetes heterogeneity. Hence,
to better understand the potential role of these epigen-
etic predictors, we followed a parallel approach and per-
formed gene ontology (GO) analysis with 255, 206, 205,
and 249 genes corresponding to the cluster-specific 317,
300, 316, and 349 CpGs, respectively (Fig. 2f, Table S2).
Several genes related to cluster LR were involved in cellu-
lar signaling and function, however, were not significantly
enriched in any GO terms. In cluster 3 (HR-LowBeta),
several genes were linked to negative regulation of TGF-
[ receptor signaling (GO:0030512), cellular response
to calcium ions (GO:0019722), and axon guidance
(GO:0007411). Cluster 5 (HR-InsRes) is the only one in
which genes related to MAPK signaling (GO:0043410)
and ECM organisation are enriched, both known to
play a role in metabolic dysfunction-associated stea-
totic liver disease (MASLD). Osteoblast differentiation
(GO:0001649) was also specifically enriched in cluster 5
(HR-InsRes). However, all the genes included in this GO
term (SFRP1, IGFBPS, LEF1, SOX8, RUNX?2) were previ-
ously linked to kidney development and/or diseases. The
majority of the genes examined in cluster 6 (HR-InsSecr)
were linked to Wnt and SMAD signaling, cell prolifera-
tion and cell-to-cell adhesion (Fig. 2f, Table S3). Notably,
multiple genes were previously linked to kidney diseases
[33, 34]. As CpG annotations rely only on physical prox-
imity to genes, future functional experiments examin-
ing the impact of DNA methylation at these CpG sites
on gene expression will be conducted in the near future.
Finally, the identified methylation markers, mirroring the
different future complications of the clusters, could par-
tially explain the metabolic heterogeneity of the clusters.
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Screening EWAS data revealed shared epigenetic
signatures with T2D-related traits

Overlapping the list of the identified 1,557 predictors
with blood cell DNA methylation data of the EWAS cata-
logue (details are in supplementary methods) resulted
in 373 CpGs previously associated with traits linked to
T2D and/or its complications. For instance, we identi-
fied 160 CpGs linked to T2D incidence, 11 to kidney
diseases, and 32 to heart disease. Next, we examined spe-
cific traits related to obesity and T2D of which 331, nine,
and eight were associated with C-reactive protein (CRP),
BMI and, blood lipids, respectively (Table S4). Few CpGs
appeared in several EWAS, for example, 100 CpGs were
linked to both T2D incidence and CRP and 20 CpGs
were associated with CRP, T2D incidence and cardiovas-
cular disease. Similar results were found when examining
cluster-specific CpGs (Fig. 3a). As shown in the intersec-
tion plot, the majority of CpGs detected in earlier EWAS
overlapped with the cluster 5 (HR-InsRes) -specific CpG
sites, especially those found in common for CRP, T2D
and heart diseases (Fig. 3b). While we confirmed nearly
400 CpGs previously associated with T2D/related traits,
this study also identified novel markers that can distin-
guish between high and low prediabetes clusters.

Correlation of CpG predictors with anthropometric and
metabolic traits

In an attempt to understand the molecular differences
between the high-risk clusters, we specifically exam-
ined the correlations between the cluster-specific CpGs
with each anthropometric and metabolic measurement
(detailed in Table 1). As presented in Fig. 4, cluster 3
(HR-LowBeta) had the highest number of CpGs cor-
relating with blood glucose levels after OGTT, followed
by triglycerides, LDL, and creatinine levels. In cluster 5
(HR-InsRes), the number of CpGs correlating with insu-
lin and glycemic traits was more than 200 (e.g. 268 CpGs
correlated with ISI Matsuda values, 241 CpGs with blood
glucose during OGTT) followed by a considerable num-
ber of correlations with blood lipids (e.g. 351 CpGs for
triglycerides). Of note, cluster 6 (HR- InsSecr) character-
ized by severe obesity and low T2D risk, exhibited only
few CpGs correlating with blood glucose levels; however,
it showed the highest number of CpGs correlating with
MR-tomography-based measurements of subcutane-
ous adipose tissue and ISI Matsuda (Fig. 4). All in all, the
identified methylation markers were specifically corre-
lated with the most stringent metabolic characteristics of
each cluster. These findings provide additional evidence
that epigenetic markers found in blood cells have the
potential to substitute classic clinical parameters used in
clustering methods to identify individuals at risk for T2D.
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Discussion

Identifying individuals at high-risk of developing T2D
and/or complications is an ultimate goal to achieve a bet-
ter prognosis to start timely interventions. In an earlier
study, we discovered six different prediabetes clusters,

Tiibingen Diabetes Risk Clusters, by analysing data of
anthropometric measurements, MRI and biomarkers of
insulin sensitivity, secretion and glycemia of about 900
people [11]. Here, we describe a machine learning work-
flow which allows to distinguish between individuals
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from three clusters with high-risk for T2D (clusters 3, 5,
6) only by the detection of 1,557 DNA methylation sites
in blood cells.

Importantly, these results obtained in a discovery
cohort (n=187) were successfully replicated in an inde-
pendent cohort composed of 146 individuals. Between
300 and 349 CpG sites have a unique methylation pattern
in each cluster. Gene ontology analysis demonstrated that
genes linked to the cluster-specific CpGs are involved in
distinct biological processes, indicating that these epi-
genetic markers may contribute to the molecular differ-
ences between the T2D risk groups.

In cluster 3 (HR-LowBeta), which is characterized by
a relatively low insulin secretion and high polygenic risk
score for beta cell failure, biological processes of cellular
response to calcium and TGF-P signaling appear to be
affected, both previously linked to kidney and atheroscle-
rotic cardiovascular disease (ASCVD) [35, 36], which are
future complications in this cluster. Several candidates
were already described to be involved in ASCVD such
as PRDM 16 [36, 37], and HTRA1 [35, 38]. PRDM16 was
designated as key transcriptional factor required to main-
tain the myocardial cardiomyocyte identity but also to
play an important role in myocardial metabolism. In mice
with T2D, the cardiac-specific deletion of Prdmi16 led to
aggravated cardiac dysfunction, exacerbated apoptosis,
impaired mitochondria function, and increased cardiac
lipid accumulation [36]. HTRAI, another cluster 3-spe-
cific candidate encoding a serine protease, facilitates col-
lagen detachment from ER and contributes to myocardial
fibrosis in dilated cardiomyopathy.

In cluster 5 (HR-InsRes), characterized by obesity,
elevated liver fat content, and insulin resistance, we
detected genes associated to MAPK signaling, which
regulates hepatic lipid metabolism and glucose homeo-
stasis through phosphorylation of downstream targets
[39]. The osteoblast differentiation GO term was spe-
cifically enriched in cluster 5 and included genes impli-
cated in kidney development and diseases, which are
also potential future complications for this cluster, but
different from the candidates associated with cluster 3
(HR-LowBeta) and 6 (HR-InsSecr). Not only individuals
from cluster 5 (HR-InsRes), but also those belonging to
cluster 6 (HR-InsSecr) had high-risk to develop severe
nephropathy. Indeed, several cluster-specific methylation
markers were located in genes linked to SMAD and Wnt
signaling, both known to play an important role in kidney
dysfunction [40—-42].

Although GO analysis shows enrichment of these
methylation markers in regulatory elements of genes
involved in metabolic pathways associated with the clini-
cal differences among the four clusters, these findings
should be interpreted cautiously, as direct functional
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evidence linking CpG methylation to gene expression is
lacking in the current study.

The correlation analysis suggested additional potential
molecular differences between the clusters. Notably, sev-
eral traits related to insulin secretion and resistance were
correlated with DNA methylation levels at cluster 3-spe-
cific CpGs annotated to genes involved in islet function.
For example, Rab27a mediates the tight docking of insu-
lin granules onto the plasma membrane during glucose
stimulation [43]. While both CDKS5, KCNQI were previ-
ously linked to beta cell apoptosis and loss, CDKS plays
another pivotal role in the process of insulin secretion.
Upon stimulation with high glucose, CDKS5 regulates the
Ca?* influx across the membrane [44] and contributes in
the microtubule disassembly in beta cells [45].

A large number of genes were identified by GWAS to
be associated with prediabetes and T2D, however, these
genetic signals fail to detect and define the clinical or
metabolic heterogeneity of the individuals. In contrast,
we demonstrated that epigenetic signatures can distin-
guish between the prediabetes clusters without including
clinical data. The epigenome is influenced by the environ-
ment (early life exposure, dietary intake, physical activ-
ity and others), which may be mirrored in blood cells.
We hypothesize that the unhealthy lifestyle, captured by
the DNA methylation in blood cells, is a major driver
for the development of prediabetes and T2D, explaining
why the epigenome is a better proxy than genetic fac-
tors. Accordingly, it is well accepted that early maternal
exposures such as gestational diabetes, pre-gestational
obesity, and famine but also physical activity are linked to
altered DNA methylation patterns [46—48] and affect the
metabolism of the offspring. In addition, physical activ-
ity, dietary interventions and weight loss are sufficient to
remodel the epigenome of adults [49, 50].

In a similar context as the current study, it has been
shown that specific epigenetic patterns in blood cells
are linked to T2D clusters, including SIRD, SIDD,
MARD, and MOD. Each cluster had distinct methyla-
tion risk scores that were also associated with increased
or decreased risk of future complications, particularly
cardiovascular disease and nephropathy [51]. Clinical
parameters to assign the clusters are based on highly
standardized workflows in specialized research units.
These data are derived from oral glucose tolerance tests
which, beside glucose measurements, necessitate the
detection insulin concentrations and complex calcula-
tions for estimating insulin sensitivity and first-phase
insulin secretion. Oral glucose tolerance tests in these
standardized settings are not part of routine clinical
work-ups, are cost- and time-intensive and often not
covered by health insurances. On the contrary, only one
blood draw is needed for assessing DNA methylation and
considering profoundly reduced costs in the near future,
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these more easily accessible parameters provide a cost-
and time-saving alternative to assess T2D and complica-
tion risk.

This study has limitations: (i) the discovery and rep-
lication cohorts are from German ancestry and thus
conclusion maybe limited to individuals of Central
European ancestry. (ii) While machine learning usually
relies on high sample numbers, the cohort size of the
present study was limited to 187 individuals (discovery
cohort). To overcome the reduced statistical power and
to enhance the stability of features (CpGs), a multi-fold
cross-validated E-net was applied and results were then
validated in an independent cohort from different cen-
ter. (iii) Additional functional studies will be needed in
the future to establish causality. Although the identified
CpG markers are biologically plausible and enriched for
relevant pathways, direct experimental validation of their
functional consequences such as gene expression modu-
lation in different cell types derived from metabolic tis-
sues or animal models is warranted in future studies. (iv)
Blood DNA methylation profiling provides a snapshot
of stable epigenetic markers, however, connecting these
changes to the pathophysiological status of a specific tis-
sue is challenging. To support the assumption that DNA
methylation in blood cells can mirror changes that occur
in metabolically relevant tissues, a multi-tissue DNA
methylation atlas could be a valuable tool for the cur-
rent study. However, such data are not available so far. (v)
Although DNA methylation in blood cells is known to be
stable over time [52, 53], the present study might benefit
from longitudinal methylation screening.

In conclusion, by applying a machine learning approach
we identified epigenetic signatures in blood cells specifi-
cally for those prediabetes clusters which are at high-risk
of developing diabetes and complications. These epigen-
etic signatures also suggest distinct molecular mecha-
nisms underlying the disease’s heterogeneity, particularly
across high-risk clusters.

Clinically, the identification of blood-borne biomark-
ers for the prediabetes offers the advantage of eliminat-
ing the need for time- and resource-intensive tests, such
as the oral glucose tolerance test. This would enable the
application of the risk stratification approach to broader
populations.
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