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A novel clustering approach identified five subgroups of
diabetes with distinct progression trajectories of com-
plications. We hypothesized that these subgroups differ
in multiple biomarkers of inflammation. Serum levels of
74 biomarkers of inflammation weremeasured in 414 in-
dividuals with recent adult-onset diabetes from the Ger-
man Diabetes Study (GDS) allocated to five subgroups
based on data-driven cluster analysis. Pairwise differ-
ences between subgroups for biomarkers were as-
sessed with generalized linear mixed models before
(model 1) and after (model 2) adjustment for the cluster-
ing variables. Participants were assigned to five sub-
groups: severe autoimmune diabetes (21%), severe
insulin-deficient diabetes (SIDD) (3%), severe insulin-re-
sistant diabetes (SIRD) (9%), mild obesity-related dia-
betes (32%), and mild age-related diabetes (35%). In
model 1, 23 biomarkers showed one or more pairwise
differences between subgroups (Bonferroni-corrected
P < 0.0007). Biomarker levels were generally highest in
SIRD and lowest in SIDD. All 23 biomarkers correlated
with one or more of the clustering variables. In model 2,
three biomarkers (CASP-8, EN-RAGE, IL-6) showed at
least one pairwise difference between subgroups (e.g.,
lower CASP8, EN-RAGE, and IL-6 in SIDD vs. all other
subgroups, all P < 0.0007). Thus, novel diabetes sub-
groups show multiple differences in biomarkers of

inflammation, underlining a prominent role of inflamma-
tory pathways in particular in SIRD.

Diabetes is a multifactorial disease characterized by a
complex combination of different but only partly under-
stood etiologies (1). This heterogeneity is not adequately
reflected by the current classification into the main forms
of type 1 diabetes, type 2 diabetes, and gestational dia-
betes mellitus. In particular, the diagnosis of type 2 dia-
betes usually comprises forms of diabetes that cannot be
assigned to any other specific diabetes types. This classic
classification fails to consider possible differences in dis-
ease mechanisms, does not allow identification of people
with different risk of developing complications, and pre-
cludes stratification of care and treatment regimens.

Recently, a data-driven cluster analysis of Scandinavian
cohorts identified five diabetes subgroups (clusters) based
on six variables: age at diagnosis, BMI, HbA1c, HOMA-2
estimates of b-cell function and insulin resistance
(HOMA2-B and HOMA2-IR), and GAD antibodies
(GADA) (2). The five subgroups were validated in the Ger-
man Diabetes Study (GDS) (3) and other cohort studies
(4) and multinational trial populations (5). These studies
demonstrated that the five diabetes subgroups have
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distinct progression trajectories of diabetes-related com-
plications (2,3,5), which have been related to differences
in clinical, metabolic, and genetic characteristics (3).

Given the established role of inflammatory processes in
the development of diabetes-related complications (6–10),
potential differences in biomarkers of inflammation be-
tween diabetes subgroups might also contribute to differen-
ces in outcomes. However, biomarkers of inflammation
investigated in this context have been limited to hs-CRP
(3), so there is an obvious need to investigate in further de-
tail whether differences in other biomarkers of inflamma-
tion exist between these subgroups. Therefore, this study
aimed 1) to comprehensively characterize differences in bio-
markers of inflammation between the diabetes subgroups
as described by Ahlqvist et al. and Zaharia et al. using a
multimarker panel of serum protein biomarkers (6) and 2)
to investigate whether these differences are fully or partly
independent of the aforementioned six clustering variables.

RESEARCH DESIGN AND METHODS

Study Population
This study is based on data from the GDS (11), an on-
going prospective observational cohort study investigating
the natural course of metabolic alterations and the devel-
opment of chronic diabetes complications (ClinicalTrials.
gov, clinical trial reg. no. NCT01055093). The GDS was
approved by the ethics committee of Heinrich Heine Uni-
versity D€usseldorf (ref. 4508). The study is performed in
accordance with the Declaration of Helsinki. All partici-
pants provided written informed consent.

The GDS enrolls individuals with recent-onset diabetes
(known diabetes duration #1 year) aged 18–69 years and
glucose-tolerant individuals, who serve as control subjects.
Diabetes was diagnosed in accordance with the guidelines of
the American Diabetes Association (12). Study design and
cohort profile of the GDS have previously been described in
detail (11). Exclusion criteria are any secondary forms of
diabetes; poor glycemic control (HbA1c >9.0% [75 mmol/
mol]); current pregnancy; acute or severe chronic cardiac,
hepatic, renal, or psychiatric diseases; active cancer; anemia;
and acute infections, leukocytosis, immunosuppressive ther-
apy, autoimmune diseases, and infection with HIV (11).

This cross-sectional analysis was based on the consecu-
tive sampling of 504 participants with diabetes who en-
tered the GDS cohort between September 2005 and
December 2011, of whom 414 had available data for both
biomarkers of inflammation and cluster assignment to
one of the five diabetes subgroups as previously described
(2,3). As shown in Supplementary Fig. 1, the sample rep-
resents a subsample of the GDS previously used in our
analysis of diabetes subgroups and complications over a
5-year follow-up period, which additionally comprised
study participants with baseline examinations until Sep-
tember 2018 (3).

Phenotyping and Laboratory Measurements
The study design included a structured interview, anthro-
pometry, blood sampling, and measurement of metabolic
variables and autoantibodies (GADA, islet cell autoanti-
bodies [ICA]) as previously described (3,11). HOMA2-B
and HOMA2-IR were calculated with the HOMA2 calcula-
tor from the University of Oxford based on fasting C-pep-
tide and fasting glucose concentrations (13). Anti-
inflammatory medication was paused a minimum of 7
days prior to blood sampling.

Biomarkers of inflammation were measured in serum of
fasting participants at baseline with use of the inflamma-
tion panel from Olink Proteomics (Uppsala, Sweden) as
previously described (14). This assay is based on proximity
extension assay technology and allows the simultaneous
measurement of 92 protein biomarkers covering pro- and
anti-inflammatory cytokines, chemokines, growth factors,
and factors involved in acute inflammatory and immune
responses, angiogenesis, fibrosis, and endothelial activation
(6). Therefore, “biomarkers of inflammation” in this article
refers to the biomarkers from this panel, although some of
them may also be considered metabolic biomarkers or bio-
markers also reflecting other pathways.

The assay provides a relative quantification of protein
concentrations that are given as normalized protein ex-
pression (NPX) values. These biomarker levels are com-
parable in their distribution with log2-transformed
protein concentrations. The normalization procedure is
required to convert cycle threshold values from the quan-
titative PCR assay to relative protein concentrations.

All biomarkers are listed in Supplementary Table 1 to-
gether with UniProt numbers, gene names, intra-assay co-
efficients of variation (CV) and interassay CVs. As
previously described (14), the calculation of intra- and in-
terassay CVs was based on three control sera measured in
duplicates on each plate (n 5 7). Due to technical issues
with the assay for brain-derived neurotrophic factor, data
for this biomarker were not reported. Further, 17 bio-
markers were excluded because >25% of values for each
were below the limit of detection. We had a priori defined
a threshold level of 20% for intra- and interassay CVs as a
criterion for exclusion of biomarkers, but as previously re-
ported (14) intra- and interassay CVs ranged between 0.4
and 12.5% and between 0.9 and 11.6%, respectively, so no
biomarkers needed to be excluded and 74 biomarkers re-
mained for analysis. Two of these 74 biomarkers (IL-6, IL-
18) had been measured before with ELISAs (15,16). Log2-
transformed absolute protein concentrations (ELISA) and
NPX (proximity extension assay) were highly correlated for
both IL-6 (r 5 0.89, P < 0.0001) and IL-18 (r 5 0.74, P <
0.0001) (Supplementary Fig. 2).

Statistical Analysis
The allocation to previously defined diabetes subgroups
(clusters) was performed based on age at diagnosis, BMI,
HbA1c, HOMA2-B, HOMA2-IR, and GADA as previously
described (2,3). The cluster assignment was performed in
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the previously described sample from the GDS cohort (3)
according to the sex-specific classification rules from Ahlqv-
ist et al. (2) using the nearest centroid approach so that
every individual was assigned to one of five predefined
clusters, i.e., severe autoimmune diabetes (SAID), severe in-
sulin-deficient diabetes (SIDD), severe insulin-resistant dia-
betes (SIRD), mild obesity-related diabetes (MOD), and
mild age-related diabetes (MARD). All individuals who
tested positive for GADA were allocated to the SAID clus-
ter. We did not develop novel or updated classification
rules in the GDS, as our previous study primarily aimed at
evaluation of specific features of the originally introduced
subgroups (3), and because of the possible selection bias in
recruitment, whereas the initial clustering algorithm was
developed with a population-based sample (2). Differences
in subgroup proportions between this sample and excluded
individuals from the previously described sample from the
GDS cohort (3) were analyzed with the x2 test.

Data are presented as median (25th percentile; 75th
percentile) or percentages. Differences in the clinical char-
acteristics of the study population according to diabetes
subgroups were tested with Wilcoxon-Mann-Whitney test,

x2 test, and Fisher exact test. P values <0.05 were consid-
ered to indicate statistically significant differences.

Overall differences in biomarkers of inflammation be-
tween diabetes subgroups were analyzed with the Krus-
kal-Wallis test. Bonferroni-corrected P values <0.0007
(0.05/74) indicated significant differences.

Pairwise differences between means of biomarkers of
inflammation across diabetes subgroups were estimated
with use of generalized linear mixed models. The GLIM-
MIX procedure fits statistical models to unbalanced data
and provides the capability of accounting for unequal re-
sidual variances between diabetes subgroups. Data were
analyzed without (model 1) and with (model 2) adjust-
ment for age at diagnosis, BMI, HbA1c, HOMA2-B,
HOMA2-IR, and GADA (all covariables entered the model
as continuous variables). P values of pairwise mean differen-
ces were adjusted for pairwise multiple comparisons with
the Tukey-Kramer procedure (based on 10 different combi-
nations of subgroups) and additionally for the total number
of biomarkers with the Bonferroni procedure. A Bonferroni-
corrected Tukey-Kramer P value <0.0007 was considered
statistically significant (a 5 0.05/74 5 0.0007).

Figure 1—A: Unadjusted pairwise differences between diabetes subgroups (model 1). The heat map shows effect estimates and corre-
sponding P values of pairwise comparisons of the 26 biomarkers with at least one significant pairwise difference after correction for pair-
wise and/or multiple comparisons (model 1). Extended names of biomarkers are given in Supplementary Table 1. Full results are given in
Supplementary Table 3. Positive/negative effect estimates result from higher/lower biomarker levels in the diabetes subgroup named first
in the respective comparison. *Tukey-Kramer corrected P < 0.05; **Bonferroni-corrected Tukey-Kramer P < 0.0007. Biomarkers are or-
dered alphabetically from top to bottom. B: Pairwise differences between diabetes subgroups with adjustment for clustering variables
(model 2). The heat map shows effect estimates and corresponding P values of pairwise comparisons of the 26 biomarkers with at least
one significant pairwise difference after correction for pairwise and/or multiple comparisons (model 2). Extended names of biomarkers are
given in Supplementary Table 1. Full results are given in Supplementary Table 3. Positive/negative effect estimates result from higher/low-
er biomarker levels in the diabetes subgroup named first in the respective comparison. *Tukey-Kramer corrected P < 0.05; **Bonferroni-
corrected Tukey-Kramer P< 0.0007. Biomarkers are ordered alphabetically from top to bottom.
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Correlations between inflammation-related biomarkers
showing differences between subgroups in model 1 and
the six aforementioned clustering variables were esti-
mated with use of Spearman rank correlation coefficients
and corresponding P values.

The aforementioned statistical analyses were conducted
with SAS, version 9.4 (SAS Institute, Cary, NC).

We performed exploratory principal components ana-
lysis (PCA) in RStudio (version 4.0.2) using the factoextra
package to compare the separation of the diabetes

subgroups 1) based on clustering variables and 2) based
on biomarkers of inflammation. As GADA is the sole cri-
terion for the allocation to SAID, we focused on the re-
maining clustering variables to visualize clustering of the
SIDD, SIRD, MOD, and MARD subgroups.

In a causal inference analysis, we applied the two-sam-
ple Mendelian randomization (MR) method to evaluate
the bidirectional causal relationship between biomarkers,
which showed significant differences between diabetes
subgroups, and type 1 diabetes, type 2 diabetes, and their
related complications. This analysis was performed with
the MR-Base web interface (17). Instrumental variables
(IVs) were extracted from a published genome-wide asso-
ciation study (GWAS) of SOMAscan-measured proteins
(n5 3,301) (18). For diabetes and diabetes-related com-
plications (angiopathy, retinopathy, neuropathy, renal
complications), we used the latest GWAS for type 1 and
type 2 diabetes of the MRC IEU OpenGWAS Project with
12,375 case and 82,665 control subjects of the FinnGen
biobank (19). All data sets include observations in men
and women of European ancestry. All IVs passed the
threshold of P < 5 � 10e�8. To select IVs, we first re-
moved palindromic single nucleotide polymorphisms
(SNPs) (defined as SNPs with A/T or G/C) with minor al-
lele frequencies close to 0.5 as the effect allele will be am-
biguous. Then, we replaced these SNPs with proxies with
a minimum linkage disequilibrium R2 value of 0.8 when
available and allowed palindromic SNPs with a minor al-
lele frequency threshold up to 0.3. Finally, to identify the
independent signals among correlated SNPs, we clumped
the SNPs by removing SNPs in linkage disequilibrium
with the lead SNP using the R2 cutoff 0.001. A Bonferroni-
corrected P value <0.005 was considered statistically sig-
nificant (a 5 0.05/10 5 0.005).

Data and Resource Availability
The data are subject to national data protection laws.
Therefore, data cannot be made freely available in a public
repository. However, data can be requested through an in-
dividual project agreement with the Steering Committee of
the GDS (speaker: Michael Roden, michael.roden@ddz.de).

RESULTS

Study Population
As shown in Table 1, each of the 414 study participants
was assigned to one of the five subgroups based on the
clustering approach previously described (2,3): SAID, 21%
(n 5 87); SIDD, 3% (n 5 12); SIRD, 9% (n 5 39); MOD,
32% (n 5 133); and MARD, 35% (n 5 143). The propor-
tions of subgroups in our sample did not differ from
those in the previously described larger sample from the
GDS cohort (SAID, 22%; SIDD, 3%; SIRD, 11%; MOD,
29%; and MARD, 35%; P 5 0.377 for the difference be-
tween included and excluded individuals) (3). Participants
in these subgroups differed not only in the clustering var-
iables but also in all other variables tested except total

Figure 2—Correlations between biomarkers of inflammation and
clustering variables in the total study sample. Correlations with the
clustering variables were assessed for the 26 biomarkers of inflam-
mation with pairwise differences between diabetes subgroups.
Age, age at diagnosis. Extended names of biomarkers are given in
Supplementary Table 1.
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cholesterol levels, known diabetes duration, and preva-
lence of chronic kidney disease (Table 1).

Unadjusted Differences in Biomarkers of Inflammation
Between Diabetes Subgroups
The overall comparison of biomarkers between diabetes
subgroups showed differences in the serum levels of 27 of
74 biomarkers of inflammation (P < 0.0007 after ac-
counting for multiple testing) (Supplementary Table 2).
Biomarker levels were generally highest in individuals
from the SIRD subgroup, lowest in individuals from the
SIDD subgroup, and intermediate in the SAID, MOD, and
MARD subgroups (Supplementary Table 2).

The pairwise comparison of biomarkers between diabetes
subgroups without any adjustment for covariables (model 1)
showed significant differences in 26 of 74 biomarkers of in-
flammation after correction for pairwise multiple compari-
sons (based on 10 different combinations of subgroups) with
use of the Tukey-Kramer test (P< 0.05). Among these 26 bi-
omarkers, 23 showed at least one pairwise significant differ-
ence after additional Bonferroni correction (P < 0.0007).
Figure 1A graphically summarizes the effect estimates and
corresponding P values of between-means pairwise compari-
sons of the 26 biomarkers, while Supplementary Table 3 re-
ports detailed results for all 74 biomarkers.

After Bonferroni correction, the largest number of pair-
wise differences between subgroups (at least four) were
observed for caspase-8 (CASP-8), macrophage colony-
stimulating factor 1 (CSF-1), fibroblast growth factor-21
(FGF-21), hepatocyte growth factor (HGF), and interleu-
kin-6 (IL-6). With respect to the number of biomarkers,
the largest number of differences after Bonferroni correc-
tion were observed for the comparison of SIRD with
MARD, SAID, and SIDD, with higher serum levels of sev-
en, eight, and nine biomarkers, respectively, in SIRD (all
P< 0.0007). MARD, MOD, and SAID differed in four to
eight biomarker levels but with different directions. Only
one biomarker (CASP-8) was different in the comparisons
of SIDD versus SAID, MARD, and MOD.

Differences in Biomarkers of Inflammation Between
Diabetes Subgroups After Adjustment for Clustering
Variables
The 26 biomarkers of inflammation with pairwise differ-
ences between diabetes subgroups were also correlated
with at least one of the six clustering variables. Figure 2
provides an overview of correlation coefficients and P val-
ues (see Supplementary Table 4 for detailed results). Ap-
proximately two-thirds of these biomarkers (between 17
and 19) correlated with age, BMI, HOMA2-B, and
HOMA2-IR, with mostly positive correlation coefficients
between 0.1 and 0.5. Correlations between biomarker lev-
els and presence of GADA were positive for 4 and inverse
for 10 biomarkers. Only six biomarkers correlated with
HbA1c.

When we assessed differences in biomarker levels be-
tween subgroups with additional adjustment for these

clustering variables (model 2), there were significant differ-
ences between subgroups for 13 biomarkers (Tukey-
Kramer P < 0.05). The largest number of pairwise differen-
ces between subgroups (n 5 4) were observed for CASP-8,
S100 calcium-binding protein A12 (EN-RAGE), IL-6, and
tumor necrosis factor receptor superfamily member 9
(TNFRSF9/CD137). Regarding the number of biomarkers,
most differences were found for the comparison of SIRD
versus SIDD, with higher serum levels of seven biomarkers
in SIRD.

After additional adjustment for multiple testing, three
biomarkers (CASP-8, EN-RAGE, IL-6) showed at least one
pairwise difference between subgroups (Fig. 1B and Sup-
plementary Table 3). Figure 3 shows the unadjusted se-
rum levels of these three biomarkers in each diabetes
subgroup. CASP-8 levels were lower in SIDD than in
SAID, SIRD, MARD, and MOD; EN-RAGE levels were low-
er in SIDD than in MOD; and IL-6 levels were lower in
SIDD than in MARD (all P < 0.0007). None of the bio-
markers differed between SAID, MOD, and MARD after
full adjustment.

PCA Using the Clustering Variables and Biomarkers of
Inflammation
The first PCA using the clustering variables (except for
GADA) indicated the largest difference between the SIRD
and SIDD subgroups and an overlap between MOD and
MARD (Supplementary Fig. 3A). The first two principal
components (PC1, PC2) explained 64.7% of the variance.
With use of all 74 biomarkers of inflammation for the
PCA, the separation was less pronounced, but again SIRD
and SIDD were the subgroups with the best separation
(Supplementary Fig. 3B). In the second analysis, PC1 and
PC2 explained 29.1% of the variance (Supplementary
Fig. 4).

MR Analysis
We assessed the associations between genetically pre-
dicted levels of biomarkers that showed significant differ-
ences between diabetes subgroups (CASP-8, EN-RAGE, IL-
6) and type 1 and type 2 diabetes and their related com-
plications. No IVs were available for CASP-8 in the MR-
Base platform. For EN-RAGE, a nominally significant as-
sociation with renal complications in people with type 2
diabetes was observed (inverse variance–weighted b 5
0.279, P 5 0.033) (Supplementary Table 5), which did
not remain significant after adjustment for multiple test-
ing. No associations of genetically predicted EN-RAGE lev-
els were detected with type 2 diabetes or the other tested
complications in type 2 diabetes. There were also no asso-
ciations of EN-RAGE with type 1 diabetes or any of the
complications in people with type 1 diabetes (Supplemen-
tary Table 5). For IL-6, there was no evidence for causal
effects on any of the aforementioned outcomes (all P $

0.087) (Supplementary Table 6).
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We also performed MR analyses to examine whether
type 2 diabetes, type 1 diabetes, or any of their complica-
tions had causal effects on EN-RAGE or IL-6 levels, but
we found no evidence for this (all P $ 0.119) (Supple-
mentary Tables 7 and 8).

DISCUSSION

Diabetes subgroups identified with use of the clustering
approach described by Ahlqvist et al. (2,20) and validated
by Zaharia et al. (3) showed multiple differences in bio-
markers of inflammation. Biomarker levels were highest
in the SIRD subgroup, which is characterized by pro-
nounced insulin resistance; lowest in the SIDD subgroup,
which is characterized by severe insulin deficiency; and
intermediate for the MOD, MARD, and SAID subgroups.
Although adjustment for clustering variables attenuated
these differences, we were still able to identify three bio-
markers (CASP-8, EN-RAGE, IL-6) that showed at least
one pairwise difference between the subgroups in the ad-
justed model.

This study represents a novel comprehensive investiga-
tion of the relationship between biomarkers of inflamma-
tion and the five novel diabetes subgroups (clusters). Our
previous analysis focused on metabolic features and co-
morbidities of these subgroups but already reported that
hs-CRP was higher in SIRD and MOD compared with the
other subgroups (3). The identification of multiple differ-
ences in inflammation-related biomarkers validates the
empirically derived classification based on age at diagno-
sis, BMI, metabolic parameters, and autoimmunity. As all
of these clustering variables correlate with subclinical in-
flammation, it is important to emphasize that the ob-
served differences were at least partly independent of the
clustering variables. Of note, our study included only indi-
viduals with recent-onset diabetes, which is more appro-
priate for drawing pathophysiological conclusions than
investigating individuals with long-standing diabetes
whose inflammatory profiles are substantially affected by
diabetes-related complications and comorbidities.

Overall, the highest levels of biomarkers of inflamma-
tion were observed in SIRD, i.e., the diabetes subgroup
characterized by the most pronounced insulin resistance.
SIRD represents one of the smaller subgroups, with 9% in
our cohort and 10–17% in other European cohorts (2).
However, this rather small subgroup is clinically import-
ant not only because of the high degree of insulin resist-
ance but also because of higher prevalence and increased
risk for diabetes-related comorbidities such as nephrop-
athy (2,3) or hepatic steatosis and early fibrosis (3). A
close relationship between inflammation and insulin re-
sistance has previously been established in multiple stud-
ies, mostly in the context of obesity and dysfunctional
adipose tissue (21). Inflammation-related processes in adi-
pose tissue and spillover of inflammatory biomarkers into
the circulation have been recognized as important mecha-
nisms possibly initiating abnormal hepatic glucose

metabolism and type 2 diabetes (22). Of note, despite de-
gree of obesity (based on BMI) being similar to that of
MOD, SIRD may represent a state of dysfunctional adi-
pose tissue, which is further supported by the higher
prevalence of dyslipidemia. This along with hypertension
would drive the onset of diabetes-related complications.
After adjustment for clustering variables, SIRD had higher
circulating levels of CASP-8 than SIDD. CASP-8 is a cyto-
solic cysteine protease that mediates programmed cell
death. It is involved in b-cell apoptosis in diabetes (23)
but also in the activation of T, B, and natural killer cells
and macrophage differentiation. It is not well understood
which processes lead to the release of this protein into
the circulation, but it is noteworthy that higher circulat-
ing CASP-8 levels were associated with a higher risk of
type 2 diabetes and coronary events (24,25).

Figure 3—Serum concentrations (in NPX units) of the three bio-
markers of inflammation which showed at least one pairwise differ-
ence between subgroups after adjustment for clustering variables.
Data are shown as median ± 25th/75th percentiles. CASP8, cas-
pase-8; EN-RAGE, S100 calcium-binding protein A12; IL-6, inter-
leukin-6.
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SIDD represents the opposite extreme in comparison
with SIRD with the most pronounced insulin deficiency
and the lowest circulating levels of biomarkers of inflam-
mation. Our exploratory PCA confirms the separation be-
tween SIRD and SIDD based on both the clustering
variables and the biomarkers of inflammation. Three bio-
markers were lower in SIDD than in all other subgroups
after adjustment for clustering variables (CASP-8, IL-6,
EN-RAGE). IL-6 is related to inflammation in adipose tis-
sue. However, this cytokine has multiple sources and
pleiotropic roles (26,27). IL-6 is released not only by im-
mune cells and adipocytes but also by myocytes in re-
sponse to exercise. In addition to proinflammatory
properties, IL-6 mediates beneficial effects of exercise,
stimulates insulin secretion through the release of gluca-
gon-like peptide 1 (GLP-1), and may therefore represent
an important cytokine that also counteracts metabolic
stress and insulin resistance (28,29). EN-RAGE signals
through the receptor for advanced glycation end products
and the Toll-like receptor, thereby triggering cytokine pro-
duction, chemotaxis, and increased oxidative stress (30).
Higher circulating levels of EN-RAGE were associated
with incident prediabetes and type 2 diabetes (31). Thus,
it can be hypothesized that inflammation-related proc-
esses contribute to the development of diabetes more in
the other subgroups than in SIDD, but this would require
testing in a longitudinal study with blood samples also
taken before the diagnosis of diabetes. It also appears
that biomarkers of inflammation may not be relevant cor-
relates of impaired b-cell function, although the role of
inflammatory processes in b-cell demise in individuals
with diabetes is well established (32). Given that ad-
vanced age and most lifestyle-related and environmental
risk factors of type 2 diabetes are triggers of subclinical
inflammation (9), it is tempting to speculate that the eti-
ology of SIDD may have a stronger genetic component
than that of SIRD, MARD, and MOD. So far, there is only
evidence for differential associations between the gene
variant rs7903146 in the TCF7L2 gene and the type 2 dia-
betes–related subgroups with the nominally highest effect
size for SIDD (2).

Concerning the MARD, MOD, and SAID subgroups,
multiple differences in biomarkers of inflammation were
seen in the unadjusted analysis, which, however, were
abolished by adjustment for clustering variables. This ob-
servation suggests that these differences in inflammatory
profiles are largely explained by age at diagnosis, anthro-
pometry, and metabolic variables. Of note, MARD and
MOD represent subgroups of type 2 diabetes, whereas
SAID mainly reflects type 1 diabetes. Previous studies
that compared circulating levels of biomarkers of inflam-
mation found higher levels for some cytokines and soluble
adhesion molecules in patients with type 2 diabetes than
in those with autoimmune diabetes, but the distributions
of biomarker concentrations overlapped widely (33,34). In
our study, levels of FGF-21, IL-6, and CDCP1 (CUB

domain–containing protein 1) were lower in SAID com-
pared with both MARD and MOD, but these differences
were largely explained by adjustment for clustering varia-
bles. Therefore, biomarkers of inflammation do not ap-
pear to be better discriminators between type 1 diabetes
and type 2 diabetes in the traditional classification system
when age at diagnosis, anthropometry, metabolic varia-
bles, and autoantibodies are taken into account. However,
it needs to be acknowledged that the biomarker panel
used in this study did not contain potentially important
cytokines such as IL-1b, whereas biomarkers such as
FGF-21 are more closely related to glucose and lipid me-
tabolism than to inflammatory processes (35).

Future studies need to investigate the extent to which
differences in the profiles of inflammation-related bio-
markers can explain the apparent differences between the
diabetes subgroups regarding their risk of developing dia-
betes-related complications and comorbidities. Previous
studies showed that SIRD was characterized by the high-
est risk of chronic kidney disease and different hepatic fat
content and fibrosis (2,3). A recent multimarker study
found that mainly TNF receptor superfamily members
showed robust associations with incident end-stage renal
disease in people with diabetes (7), which is reflected by
our finding that SIRD had the highest levels of TNFRSF9.
In a recent report, for which we used the same biomarker
panel investigated in the current study, we showed mul-
tiple associations with estimated glomerular filtration rate
(eGFR) in the GDS (14). Among the biomarkers associated
with eGFR, 13 showed differences between diabetes sub-
groups in the unadjusted model of the current study (Fig.
1A) and 6 (CD5 [T-cell surface glycoprotein CD5], CSF-1,
CST5 [cystatin D], IL-12B [IL-12 subunit b], TNFRSF9,
and uPA [urokinase-type plasminogen activator]) showed
at least one between-subgroup difference after the adjust-
ment for clustering variables (Fig. 1B). The observations
point toward a potential mediating role of these bio-
markers in diabetes-related impairment of kidney func-
tion, which, however, would have to be investigated with
use of a prospective design in a larger study sample. SIRD
also showed the highest levels of biomarkers such as IL-6,
IL-17C, CCL20 (C-C motif chemokine 20), CASP-8, and
CD5 that have been implicated in different stages of non-
alcoholic fatty liver disease (36–39) and merit further
studies in this context.

In contrast, SIDD showed the strongest associations
with retinopathy and diabetic sensorimotor polyneurop-
athy (DSPN) (2,3). Inflammatory mechanisms and mul-
tiple biomarkers of inflammation are implicated in the
development of DSPN (40,41) so that an increased risk of
DSPN in SIDD appears counterintuitive and needs to be
replicated in additional cohorts before firm conclusions
are possible. Finally, our data do not argue for biomarkers
of inflammation as independent mediators of a differen-
tial risk of diabetes complications among MOD, MARD,

diabetes.diabetesjournals.org Herder and Associates 1205



and SAID beyond the age at diagnosis and metabolic
variables.

To address the issue of causality in this context, we at-
tempted a causal inference analysis using two-sample MR
for CASP-8, EN-RAGE, and IL-6. We found suggestive evi-
dence for a causal effect of EN-RAGE on renal complica-
tions in people with type 2 diabetes, but this finding was
not significant after adjustment for multiple testing. Un-
fortunately, we were not able to check for horizontal plei-
otropy, as we only had two IVs. Moreover, the causal
effect was mainly driven by the SNP rs62143206, which
is in trans with the protein-encoding gene. Overall, our
analyses were limited by the availability of suitable IVs
for estimating causal effects of these protein biomarkers
on diabetes without and with complications (no SNP for
CASP-8, only two SNPs each for EN-RAGE and IL-6). In
the absence of larger GWAS for these protein biomarkers,
our null findings need to be interpreted with caution.
Additional IVs that could explain a larger proportion of
variance in biomarker levels would increase the statistical
power of such MR analyses and help to reveal potential
causal effects.

It is important to note that our cross-sectional study
focused on differences in biomarkers of inflammation and
diabetes subgroups at only one time point during the 1st
year after the diagnosis of diabetes. We have previously
shown in the GDS that the cluster allocation can change
during the first 5 years of follow-up and that these
changes were mainly related to changes in glycemia and
lipid levels (3). Studies comprising multiple measurements
of clinical variables and biomarkers are needed to model
trajectories of clustering variables and biomarkers of in-
flammation (see 42 and 43 for examples) ideally before
and after the diagnosis of diabetes (44). These data would
allow an analysis of the temporal relationships between
changes in clustering variables and changes in biomarker
levels, allowing further insights into aetiological pathways
that might differ between the diabetes subgroups.

Our study has several strengths and limitations. A
major strength is the unique cohort of people with re-
cent-onset diabetes so that differences in biomarkers
of inflammation between diabetes subgroups can be
assessed before potential confounding by long-stand-
ing hyperglycemia and high prevalence of complica-
tions. Moreover, the use of a multimarker approach
implicated comprehensive phenotyping of inflamma-
tion-related biomarkers, which is important because
multiple parallel pathomechanisms can be expected to
contribute to the pathophysiology of diabetes and its
complications. Limitations of our study include the
cross-sectional design and the low absolute number of
individuals with SIDD and SIRD. Differences in the
proportions of individuals in each subgroup compared
with other European cohorts may partly be explained
by the specific inclusion and exclusion criteria (e.g.,
limited age range, upper HbA1c level, overrepresenta-

tion of individuals with type 1 diabetes) of the GDS.
The exclusion of individuals with poor glycemic con-
trol might have led to the exclusion of the most ex-
treme SIDD cases and thus to an underestimation of
the differences in biomarkers between the SIDD and
other subgroups. The oversampling of individuals with
type 1 diabetes may also have resulted in a larger pro-
portion of ICA-positive individuals among the GADA-
negative subgroups than in other cohorts (45,46). The
multimarker panel contained a range of biomarkers of
inflammation, but interesting proteins such as further
members of the IL-1 family were not included. The
procedure to correct for multiple testing accounting
for both the number of between-subgroup compari-
sons and the number of biomarkers may be too con-
servative given the correlation structure between the
biomarkers. Therefore, the number of biomarkers that
differ between diabetes subgroups may be underesti-
mated. However, such a cautious approach appears
preferable in the absence of external validation of our
results. Not only should our results be replicated in
external cohorts with participants with recent-onset
diabetes but also future studies should assess the pre-
dictive value of biomarkers of inflammation for the
risk of complications of diabetes in prospective analy-
ses and test the extent to which these biomarkers may
contribute to differences in diabetes-related complica-
tions among novel diabetes subgroups (e.g., using me-
diation analysis). Causal inference analyses such as
MR studies can help with assessing the role of predict-
ive biomarkers for disease etiology, but these analyses
were limited by the scarcity of suitable IVs and thus
low statistical power. Future studies might also revisit
the definition of the SAID subgroup, which is current-
ly based on GADA positivity only. The presence of ICA
in some individuals from the other four subgroups
suggests that the measurement of multiple autoanti-
bodies may be better suited to assessing autoimmun-
ity as a clustering criterion. Finally, our study sample
consisted mainly of people of European descent and,
consequently, results are not generalizable to other
ethnicities.

In conclusion, our study identified multiple differences
in biomarkers of inflammation between novel subgroups
of diabetes. Circulating levels of biomarkers of inflamma-
tion were highest in SIRD and lowest in SIDD. Differences
between subgroups remained significant for three bio-
markers even after adjustment for clustering variables. Of
note, there was no clear separation of SAID, reflecting
type 1 diabetes, from MARD and MOD, currently classi-
fied as type 2 diabetes, with regard to biomarkers of
inflammation. The link between high levels of inflamma-
tion-related biomarkers and pronounced insulin resist-
ance points to a particular contribution of inflammatory
processes to the SIRD subgroup. Future studies are war-
ranted to investigate which of the biomarkers identified
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in this study may explain differences in the risk of com-
plications between the subgroups.
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