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Identification of Comprehensive Metabotypes Associated
with Cardiometabolic Diseases in the Population-Based
KORA Study

Anna Riedl,* Nina Wawro, Christian Gieger, Christa Meisinger, Annette Peters,

Michael Roden, Florian Kronenberg, Christian Herder, Wolfgang Rathmann, Henry Vilzke,
Martin Reincke, Wolfgang Koenig, Henri Wallaschofski, Hans Hauner, Hannelore Daniel,
and Jakob Linseisen

Scope: “Metabotyping” describes the grouping of metabolically similar individuals. We aimed to identify valid metabo-
types in a large cohort for targeted dietary intervention, for example, for disease prevention.

Methods and results: We grouped 1729 adults aged 32-77 years of the German population-based KORA F4 study (2006—
2008) using k-means cluster analysis based on 34 biochemical and anthropometric parameters. We identified three
metabolically distinct clusters showing significantly different biochemical parameter concentrations. Cardiometabolic
disease status was determined at baseline in the F4 study and at the 7 year follow-up termed FF4 (2013/2014) to
compare disease prevalence and incidence between clusters. Cluster 3 showed the most unfavorable marker profile
with the highest prevalence of cardiometabolic diseases. Also, disease incidence was higher in cluster 3 compared
to clusters 2 and 1, respectively, for hypertension (41.2%/25.3%/18.2%), type 2 diabetes (28.3%/5.1%/2.0%), hyper-
uricemia/gout (10.8%/2.3%/0.7%), dyslipidemia (19.2%/18.3%/5.6%), all metabolic (54.5%/36.8%/19.7%), and all car-
diovascular (6.3%/5.5%/2.3%) diseases together.

Conclusion: Cluster analysis based on an extensive set of biochemical and anthropometric parameters allows the iden-
tification of comprehensive metabotypes that were distinctly different in cardiometabolic disease occurrence. As a next

step, targeted dietary strategies should be developed with the goal of preventing diseases, especially in cluster 3.
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1. Introduction

Intrinsic and environmental influences like genetics, epigenet-
ics, body constitution, or the gut microbiome in interplay with
lifestyle lead to differences in metabolism, dietary requirements,
and the health—disease trajectory.'”] Metabotyping or metabolic
phenotyping describes the process of defining homogeneous
subgroups of individuals by means of their metabolic or pheno-
typic characteristics. These subgroups are termed metabotypes
or metabolic phenotypes. Individuals within a subgroup show
a higher metabolic similarity compared to individuals from dif-
ferent subgroups.I*!! Targeted dietary recommendations at the
metabolic subgroup level are assumed to be more effective with
regard to individual health benefits and health care costs than the
currently used general dietary advice.[!61213]

To date, several attempts have been made to identify metabo-
types in humans.[>'*) However, there exists no uniform definition
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of the term “metabotype.” Studies available reveal a large hetero-
geneity in the samples/populations studied, the statistical meth-
ods applied, the number of metabotypes identified, and especially
in the number and type of clustering variables used. Most studies
grouped individuals based on a few metabolites or single specific
metabolite subclasses, and thereby considered only small parts
of human metabolism, resulting in a restricted definition.”>-%
The metabotype definition could become more refined and ro-
bust by the inclusion of a broad range of parameters covering
different metabolic pathways and processes or by the inclusion
of further phenotypic data.

Therefore, the present study examined whether cluster analy-
sis based on an extensive set of biochemical and anthropomet-
ric parameters can define comprehensive and valid metabotypes
in a population-based cohort study. Currently, little is known
about disease risks associated with metabotypes defined in pre-
vious studies. Only a few selected diseases were considered
there, 152028293132 whereas in the present study, we analyzed
the occurrence of diet-related diseases, namely hypertension,
type 2 diabetes, hyperuricemia/gout, dyslipidemia, myocardial
infarction, stroke and cancer, in clusters defining metabotypes
in the well-phenotyped population-based Cooperative Health Re-
search in the Region of Augsburg (KORA) cohort. These metabo-
types may be used later to develop targeted and precise strate-
gies for cardiometabolic disease prevention and treatment on this
metabotype group level.

2. Experimental Section

2.1. Study Population

Analyses are based on data from the population-based KORA F4
(2006-2008) and FF4 (2013/2014) studies, both follow-ups of the
KORA $4 study conducted between 1999 and 2001 in the region
of Augsburg in Southern Germany.**! Briefly, S4 included 4261
participants aged 2574 years, whereof 3080 individuals and 2279
individuals, respectively, took part in the subsequent first follow-
up (F4) after 7 years and in the second follow-up examination
(FF4) after another 7 years. In total, 2161 individuals participated
in both follow-ups. Reduction of sample size from F4 to FF4
occurred because participants had died (n = 168), moved away
(n = 97), refused to be contacted (n = 67) or could not be con-
tacted (n = 48), were unable to come (n = 332), or refused to
participate (n = 207) in the second follow-up. All participants an-
swered self-administered questionnaires, and underwent a stan-
dardized physical examination as well as a computer-assisted per-
sonal interview by trained staff at the study center. Details have
been described elsewhere.** Written informed consent was ob-
tained from all participants and the studies were approved by the
Ethics Committee of the Bavarian Medical Association and con-
ducted in accordance with the Declaration of Helsinki.

2.2. Assessment of Biochemical and Anthropometric Parameters
for Metabotyping

In addition to BMI, all 33 fasting biochemical parameters
available from KORA F4 were used to identify comprehensive



metabotypes. These were assessed by standard methods in
a subsample of 1768 participants and are described in the
following.

In serum, HDL, LDL, and total cholesterol (TC) quantifi-
cation was performed by enzymatic, colorimetric methods
(CHOD-PAP method; AHDL/ALDL/CHOL Flex, Dade Behring,
Marburg, Germany). TC and HDL were additionally combined
by dividing TC by HDL denoted as TC/HDL. Triglycerides
(TGs) (GPO-PAP; TGL Flex, Dade Behring), glucose (hexokinase
method; GLU Flex, Dade Behring), uric acid (uricase method;
URCA Flex, Dade Behring) as well as the liver enzymes gamma-
glutamyltransferase (GGT), glutamate-pyruvate transaminase
(GPT), glutamate-oxaloacetate transaminase (GOT), and al-
kaline phosphatase (AP) (IFCC method; Roche Diagnostics,
Mannheim, Germany) were quantified by enzymatic color tests.
ELISA kits were used to determine insulin (Invitrogen; Camar-
illo, CA), IL-18 (MBL; Nagoya, Japan) and thyroid peroxidase
(TPO) antibodies (VARELISA; Elias Medizintechnik GmbH,
Freiburg, Germany). High-sensitive C-reactive protein (hs-CRP)
and cystatin C were measured by immunonephelometry on
a BN II analyzer using reagents from Siemens (Erlangen,
Germany). Levels of thyroid-stimulating hormone (TSH) and
free thyroxine (FT4) were analyzed by immunochemilumi-
nescence procedures (Dimension Vista System, Siemens,
Germany).

In plasma, concentrations of lipoprotein(a) (Lp(a)), apolipopro-
tein A-IV (ApoA-1V), afamin (Division of Genetic Epidemiol-
ogy, Innsbruck, Austria), leptin (Mercodia, Uppsala, Sweden),
and sex-hormone-binding globulin (SHBG; IBL International
GmbH, Hamburg, Germany) were assessed using ELISA Kkits.
Renin was quantified by a chemiluminescence assay (LIASON
Direct Renin; DiaSorin, Dietzenbach, Germany) and aldosterone
by an in-house immunofluorescence assay. Nonesterified fatty
acids (NEFAs) were measured by an enzymatic colorimetric assay
(NEFA-C Kit; Wako, Richmond, VA, USA). Insulin-like growth
factor-I (IGF-I) and insulin-like-growth-factor-binding-protein-
3 (IGFBP3) were measured using an automated chemilumi-
nescence immunoassay (IDS-iSYS; Immunodiagnostic Systems,
Munich, Germany).

Fresh venous whole EDTA blood was used to determine
the leukocyte count by impedance measurements (Coulter LH
750; Beckman Coulter Inc., USA). The average telomere length
in leukocytes was measured using a quantitative PCR-based
technique.*” Glycated hemoglobin (HbAlc) was determined
with a reverse-phase, cation-exchange, HPLC method (HA 8160;
Menarini, Florence, Italy).

Creatinine and albumin (CREATININ-JK; Greiner, Bahlingen,
Germany) were determined from frozen urine by nephelome-
try on a BN II analyzer (Siemens, Erlangen, Germany) and a
Cobas Mira analyzer (Roche Diagnostics, Mannheim, Germany),
respectively.

The BMI was calculated as the ratio of weight in kilogram to
height in square meter, both measured in light clothing with-
out shoes at a physical examination by trained staff. The BMI
was used continuously in the identification of metabotypes and
additionally categorized into underweight (BMI <18.5 kg m™?),
normal (BMI 18.5 to <25 kg m™?), overweight (BMI 25 to
<30 kg m™2), and obese (BMI > 30 kg m~2) to describe the
metabotypes.

2.3. Assessment of Variables for the Description of Metabotypes

Information on socio-demographics and lifestyle was collected
in a standardized personalized computer-assisted interview and
a self-administered questionnaire in F4. Socio-demographic data
included sex, age (in years), and education (<10 years, 10 to
<12 years, = 12 years). Additionally, data on physical activity
(active, inactive), and smoking (nonsmoker, ex-smoker, smoker)
were used. Alcohol consumption was categorized by gender into
no (0 g d!), moderate (women: >0 to <20 g d~!; men: >0 to
<40 g d™!), and high (women: >20 g d~!; men: >40 g d~!) alco-
hol consumption.

The study participants were also interviewed about the pres-
ence (yes/no) of the following cardiometabolic diseases in F4 as
well as in FF4: hypertension was defined by a blood pressure of
>140/90 mmHg, or as the existence of a known, drug-controlled
hypertension. Type 2 diabetes was defined by either current in-
take of an antidiabetic medication or a self-reported diagnosis
validated by the respective treating physician. Cancer history and
inpatient treatment of myocardial infarction or stroke were based
on self-report. Dyslipidemia and hyperuricemia/gout were as-
sessed by the current intake of lipid-lowering drugs and hyper-
uricemia/gout medication, respectively.

2.4, Statistical Analysis

We performed all statistical analyses using the statistical software
package RStudio version 1.0.136 that uses R version 3.2.2 (R De-
velopment Core Team, 2010, http://www.r-project.org). p-values
< 0.05 were considered statistically significant.

2.4.1. Preprocessing

Of the 1768 participants with information on biochemical and
anthropometric parameters, 23 participants were excluded from
analysis as they were not fasting at least 8 h before blood col-
lection and 16 participants were excluded due to more than 10%
missing values of all clustering variables. The remaining missing
values (0.0-8.8% regarding subjects and 0.0-3.1% regarding bio-
chemical and anthropometric parameters) were imputed in the
resulting dataset (n = 1729, v = 34) using the R package “mice”
(multivariate imputation by chained equations) version 2.25,0¢l
since complete data are a prerequisite for clustering. In total, five
imputed datasets were generated with ten iterations each. Before
clustering, all biochemical and anthropometric parameters were
z-standardized to avoid bias by different scales and units in the
clustering process.

2.4.2. Metabotyping

Subsequently, metabotyping of 1729 F4 participants was per-
formed simultaneously for all five imputed datasets using the
k-means cluster algorithm (employing Euclidean distance as dis-
tance measure) of the R package “miclust” (multiple imputation
in cluster analysis) version 1.2.5.°7 BMI and all 33 biochem-
ical parameters available at F4, but no further variables were



included. A series of cluster analyses were conducted with dif-
ferent cluster numbers (k = 2-8). We applied 26 cluster validity
criteria of the R package “NbClust” version 3.01%% to determine
the most appropriate cluster number and to validate the cluster
solutions. These revealed the best classification into two or
three clusters (Figure S1, Supporting Information). We present
results based on the 3-cluster solution. Three clusters allow for a
more precise metabolic characterization of individuals than the
2-cluster solution. Results of the 2-cluster solution and a flow
chart showing the overall analysis strategy are provided in Figure
S2 and Tables S1-S4, Supporting Information. The metabotypes
were further validated by the analysis of differences in the
biochemical and anthropometric parameter values between
clusters to identify metabolically homogeneous subgroups.

2.4.3. Descriptive Statistics of Metabotypes

Descriptive data are shown as median, 25th and 75th percentiles
for continuous variables and as total and relative frequencies for
categorical variables. Differences in characteristics across clus-
ters were detected using Kruskal-Wallis test (with subsequent
Kruskal-Wallis post hoc test with Bonferroni correction) for con-
tinuous variables and Pearson’s chi-squared test (with subse-
quent chi-squared post hoc test with Bonferroni correction) for
categorical variables. The prevalence of cardiometabolic diseases
was assessed in total and by cluster only in participants with in-
formation on the respective disease status at F4 available. Data
on the incidence of cardiometabolic diseases during the 7 year
follow-up from F4 to FF4 were given for the whole study pop-
ulation and for each cluster separately; only participants with
a disease diagnosis in FF4 and absence of the respective dis-
ease at baseline in F4 were considered as incident cases. The
cardiometabolic diseases were analyzed individually and sum-
marized into metabolic (hypertension, type 2 diabetes, hyper-
uricemia/gout, and dyslipidemia) and cardiovascular diseases
(myocardial infarction and stroke). The presence of the summa-
rized diseases was defined as suffering from at least one of the
respective individual diseases.

3. Results

Table 1 summarizes the demographic characteristics of the study
population at F4 in total and for each of the three metabotype
clusters. In the total study population, participants were 32-77
years old and the proportion of men and women was approx-
imately equal. About 44% of participants were assigned to the
largest cluster 1 (n = 760), about 36% to cluster 2 (n = 616),
and about 20% to the smallest cluster 3 (n = 353). In cluster
1 about one-third of the participants were male, whereas in
clusters 2 and 3 about two-thirds were men. Persons in cluster
3 were characterized by the highest median age of 66.0 years
(range = 41-77 years) and BMI of 31.8 kg m~2 (range = 21.8—
56.0 kg m™?). Participants in cluster 3 were also those who
were most inactive (54.4%). Compared to clusters 1 and 2 they
had the highest percentage of alcohol abstainers, as well as the
lowest proportions of current smokers and highly educated
individuals.

The median values of the 34 biochemical and anthropomet-
ric parameters used as clustering variables are presented in total
and stratified by cluster in Table 2. Except for TPO antibodies
(p = 0.08) and aldosterone (p = 0.21), all other parameters were
found to be significantly different across clusters. Thus, all three
clusters were well separated and showed a distinct marker profile.
The median values were highest in 23 parameters in cluster 3 and
lowest in 24 parameters in cluster 1, mostly in the same parame-
ters. Subjects in cluster 3 showed the highest median concentra-
tions of glucose, HbAlc, uric acid, leukocytes, GPT, GOT, GGT,
NEFAs, afamin, leptin, cystatin C, hs-CRP, albumin, I1-18, renin,
FT4, and insulin (all p < 0.05). Cluster 2 was characterized by
subjects with higher median values of TC/HDL, TC, LDL, Lp(a),
IGF-I,and IGFBP3, butlower median concentrations of ApoA-IV
and FT4 compared to the two other clusters (all p < 0.05).

Table 3 displays the prevalence of cardiometabolic diseases at
F4 and the incidence at the 7 year follow-up FF4, in total and for
each cluster. Except for cancer (p = 0.13), cluster 3 showed the
highest proportions of prevalent cases compared to cluster 2 and
cluster 1, respectively. This holds for metabolic diseases (type 2
diabetes [31.7% vs. 3.2% vs. 2.9%)], hyperuricemia/gout [13.1%
vs. 3.7% vs. 1.6%), dyslipidemia [33.0% vs. 11.7% vs. 13.2%] and
hypertension [75.6% vs. 48.0% vs. 29.9%], and all these four dis-
eases together [87.8% vs. 52.5% vs. 36.5%)]) as well as for car-
diovascular diseases (myocardial infarction [9.3% vs. 2.3% vs.
2.0%), stroke [5.7% vs. 2.3% vs. 1.7%], and these two cardiovas-
cular diseases together [13.9% vs. 4.4% vs. 3.6%)]) (all p < 0.05).
Clusters 1 and 2 showed differences in the prevalence of hyper-
tension, hyperuricemia/gout, and all metabolic diseases together
with higher proportions of affected individuals in cluster 2.

Regarding the disease incidence, no differences were observed
for stroke (p = 0.06) and cancer (p = 0.24) between clusters.
Again, cluster 3 showed the higher incidence compared to cluster
2 and cluster 1, respectively, regarding hypertension (41.2% vs.
25.3% vs. 18.2%), type 2 diabetes (28.3% vs. 5.1% vs. 2.0%), hy-
peruricemia/gout (10.8% vs. 2.3% vs. 0.7%), dyslipidemia (19.2%
vs. 18.3% vs. 5.6%), all metabolic (54.5% vs. 36.8% vs. 19.7%),
and all cardiovascular (6.3% vs. 5.5% vs. 2.3%) diseases together.

4. Discussion

Three metabolically distinct clusters (“metabotypes”) were iden-
tified in the German population-based KORA F4 study using k-
means cluster analysis based on 34 biochemical and anthropo-
metric parameters. One of these clusters (cluster 3) was iden-
tified as a “high-risk” cluster with the highest prevalence and
incidence of cardiometabolic diseases. Specifically, persons in
cluster 3 showed the highest median concentrations of glu-
cose and HbA1c, which are diagnostic criteria for insulin resis-
tance/prediabetes and type 2 diabetes according to the American
Diabetes Association.? The combination of established risk fac-
tors for type 2 diabetes including age, obesity, physical inactivity,
hypertension ,and history of cardiovascular diseases***% as well
as emerging risk factors for type 2 diabetes such as afamin!
may explain the finding of the highest type 2 diabetes preva-
lence and incidence in this cluster. Diabetes, age, obesity, and
physical inactivity could be as well associated with the high-
est hypertension prevalence and incidence in cluster 3. All of



Table 1. Demographic baseline characteristics of the total study population and

across the three clusters, KORA F4 study.

Total Metabotypes p-value
Cluster 1 Cluster 2 Cluster 3
N = 1729 N =760 N =616 N =353
Socio-demography
Sex
Men 839 (48.5) 253 (33.3)2 376 (61.0)° 210 (59.5)° <0.0001
Women 890 (51.5) 507 (66.7)° 240 (39.0)® 143 (40.5)°
Age in years
Median (25th,75th) 61.0 (54.0, 68.0) 58.0 (52.0, 66.0)2 61.0 (54.0, 67.0)° 66.0 (58.0, 72.0)° <0.0001
Education
< 10years 173 (10.0) 70 (9.2) 54 (8.8)° 49 (13.9)b 0.02
10to < 12 years 901 (52.2) 385 (50.8)° 323 (52.5) 193 (54.7)
> 12years 652 (37.8) 303 (40.0)? 238 (38.7)? 111 (31.4)°
Anthropometry
BMIin kg m~=2
Median (25th, 75th) 27.5 (24.8, 30.7) 25.2 (23.1,27.7)2 28.6 (26.1,30.8)° 31.8 (28.8, 35.6)° <0.0001
Underweight 1(0.1) 1(0.1) 0 (0.0) 0 (0.0) <0.0001
Normal 456 (26.5) 356 (46.9)? 82 (13.3)° 18 (5.2)°
Overweight 740 (42.9) 321 (42.3)° 324 (52.6)° 95 (27.3)¢
Obese 526 (30.5) 81(10.7)2 210 (34.1)° 235 (67.5)¢
Lifestyle
Physical activity
Inactive 731 (42.3) 266 (35.0)° 273 (44.3)° 192 (54.4)° <0.0001
Active 997 (57.7) 493 (65.0)? 343 (55.7)b 161 (45.6)°
Smoking status
Nonsmoker 765 (44.3) 371 (48.9)? 254 (4'I.2)b 140 (39.7)¢ 0.0002
Ex-smoker 711 (41.1) 282 (37.2)° 255 (41.4)b 174 (49.3)C
Smoker 252 (14.6) 106 (14.0)? 107 (17.4)° 39 (11.0)°
Alcohol consumption
0gd! 507 (29.3) 222 (29.2)° 157 (25.5)° 128 (36.3)° 0.001
> 0-< 40/20 gd=' (M/F) 872 (50.5) 369 (48.6)° 346 (56.2)° 157 (44.5)
> 40/20 gd=" (M/F) 349 (20.2) 168 (22.1)2 113 (18.3)° 68 (19.3)2

Median (25th, 75th percentile) for continuous variables and n (column %) for categorical variables; Different superscript letters between clusters indicate a significant
difference between clusters based on Kruskal-Wallis test (with subsequent Kruskal-Wallis post hoc test with Bonferroni correction) for continuous variables and Pearson’s
chi-squared test (with subsequent chi-squared post hoc test with Bonferroni correction) for categorical variables; Significant results (p < 0.05) are highlighted in bold; Due
to missing information, reduced datasets for education n = 1726, BMI n = 1723, physical activity n = 1728, smoking status n = 1728, and alcohol consumption n = 1728;

KORA, Cooperative Health Research in the Region of Augsburg.

the above mentioned variables are risk factors for cardiovascu-
lar diseases,*>*3] which were also more frequent in this cluster.
Although dyslipidemia, which is another risk factor for cardiovas-
cular diseases,*>*3l showed the highest prevalence and incidence
in cluster 3, rather low levels of TC/HDL, TC, and LDL were ob-
served in this cluster. This may be explained by the fact that dys-
lipidemia was assessed by the intake of lipid-lowering medica-
tion. This was not observed for hyperuricemia/gout, which was
also assessed by the intake of specific medication. As low edu-
cation is shown to be associated with poor health,*!! the highest
proportion of participants with an education period of <10 years
in cluster 3 may also have an influence on the highest disease
burden in this cluster. The highest percentage of alcohol abstain-
ers and the lowest proportion of current smokers in cluster 3 may

be due to the highest disease prevalence in this cluster. Suffering
from those diseases may induce lifestyle changes like reducing
alcohol consumption and smoking. For smoking, this assump-
tion could be confirmed by the highest number of ex-smokers in
this cluster.

Cluster 2 represented an “intermediate-risk” cluster. In partic-
ular, the highest values of TC/HDL, TC, and LDL were related to
the high dyslipidemia incidence in this cluster, which was almost
as high as in cluster 3. Cluster 1 can be termed as a “low-risk”
cluster with subjects showing the most favorable study charac-
teristics. Overall, the metabolic differences in subjects between
clusters show that we identified metabolically homogeneous sub-
groups and, thus, valid metabotypes. These metabolic differences
can also explain the distinct increase in prevalence and incidence



Table 2. Median baseline values of biochemical and anthropometric parameters of the total study population and across the three clusters, KORA F4

study.
Total Metabotypes p-value
Cluster 1 Cluster 2 Cluster 3
N =1729 N =760 N =616 N =353
Clustering variables

BMI [kg m~?] 27.6 (24.8, 30.7) 252 (23.1, 27.7)° 28.6 (26.1, 30.8)° 31.8 (28.8, 35.5)° <0.0001
Glucose [mg dL="] 96 (90, 106) 92 (86, 98)° 98 (92, 104)° 114 (1071, 133)° <0.0001
TC/HDL 3.98 (3.30, 4.78) 3.32 (2.89, 3.73)° 4.86 (4.35, 5.50)° 4.20 (3.59, 4.82)° <0.0001
TC [mmol L] 68 (5.01, 6.36) 5.45 (4.83, 6.02)? 6.25 (5.68, 6.93)° 5.19 (4.63, 5.79)° <0.0001
HbATc [%] 5(53,58) 5.4 (5.2, 5.6)° 5(53,58)° 5.9 (5.6, 6.6)° <0.0001
HDL [mmol L] 1.42 (1.19, 1.68) 1.65 (1.42, 1.97)? 1.27 (111, 1.45)° 1.21(1.06, 1.42)° <0.0001
Uric acid [szmol L] 313 (255, 375) 263 (226, 313)¢ 340 (293, 394)° 370 (316, 428)° <0.0001
LDL [mmol L] 3.57 (3.00, 4.19) 3.28 (2.79, 3.75)2 4.21 (3.70, 4.73)° 3.18 (2.71, 3.70)? <0.0001
TGs [mmol L] 1.26 (0.88, 1.78) 0.88 (0.70, 1.17)? 1.65 (1.27, 2.30)° 1.73 (1.20, 2.38)° <0.0001
Leukocytes [nL~"] 7 (4.8,6.7) 5.3 (4.6, 6.2) 8 (4.9, 6.7) 4 (5.4,7.6) <0.0001
GPT [pikat L] 0.37 (0.27, 0.51) 0.31(0.24, 0.39)° 0.40 (0.31, 0.54)° 0.53 (0.38, 0.78)° <0.0001
GOT [pkat L™ 0.42 (0.36, 0.50) 0.39 (0.34, 0.46)° 0.43 (0.37, 0.50)° 0.49 (0.41, 0.64)° <0.0001
GGT [kat L] 0.47 (0.31, 0.76) 0.35 (0.25, 0.52)° 0.54 (0.38, 0.84)° 0.70 (0.46, 1.19)° <0.0001
AP [ikat L] 1.13 (0.94, 1.35) 1.04 (0.88, 1.24)° 1.20 (1.00, 1.40)° 1.24 (1.06, 1.47)° <0.0001
Average telomere length in 1.77 (1.59, 1.98) 1.82 (1.63, 2.03)? 1.75 (1.57, 1.95)° 1.70 (1.52, 1.93) <0.0001

leukocytes (ratio of the telomere

repeat copy number to a single

copy gene)
NEFAs [mg dL~"] 6.92 (5.34, 8.74) 6.69 (5.19, 8.58)° 6.71 (5.16, 8.37)? 7.92 (6.17, 9.92)° <0.0001
Lp(a) [mgdL™] 12.2 (5.5, 31.7) 119 (5.5, 28.3)° 14.6 (6.8, 38.2)° 9.1 (3.5, 25.4)° <0.0001
ApoA-IV [mg dL~"] 15.1 (12.6, 17.9) 15.5 (12.7, 18.0)° 14.7 (12.4, 17.0) 15.7 (12.9, 19.5) <0.0001
Afamin [mg L] 71.4 (61.3, 82.8) 63.5 (55.9, 72.7)° 75.0 (65.3, 85.5)° 83.5 (72.4, 97.1)° <0.0001
Leptin [ng mL™] 13.4 (6.1, 26.5) 10.6 (4.8, 19.8)? 12.6 (6.3, 25.7)° 24,1 (12.5, 46.9)° <0.0001
TPO antibodies [IU mL~"] 2(1, 15) B(n, 15) 3 (11, 15)3 _2 (11, 14)2 0.08
Cystatin C [mg L™'] 0.74 (0.68, 0.83) 0.71 (0.65, 0.78)° 0.75 (0.69, 0.83)° 84 (0.74, 0.95)° <0.0001
hs-CRP [mg L] 28 (0.63, 2.65) w (0.4, 1.56)° 1.51(0.77, 2.84)° 2.47 (1.17, 4.75) <0.0001
Albumin [mg L] 5 (3.9, 16.8) 6.4 (3.4,13.3)° 5 (4.0, 16.4)° 13.0 (5.6, 29.6)° <0.0001
Creatinine [g L] 1.31(0.84, 1.92) 121 (0.77, 1.80)2 1.49 (0.89, 2.02)° 1.44 (0.96, 2.00)° <0.0001
IL-18 [pg mL™] 299 (231, 389) 262 (206, 334)¢ 305 (248, 389)° 386 (302, 483)° <0.0001
IGF-1[ng mL~"] 126 (100, 156) 126 (102, 156)° 133 (107, 167)° 109 (80, 137)° <0.0001
Renin [111U mL™"] 10.8 (5.7, 19.1) 9.2 (5.0, 15.7)° 10.6 (6.3, 18.3)° 16.3 (7.9, 39.8)° <0.0001
Aldosterone [pg mL~"] 8 (26, 56) 38 (26, 56)° 38 (26, 56)° 42 (26, 62)2 0.21
IGFBP3 [ng mL~"] 3390 (2840 3970) 3260 (2768, 3770)° 700 (3170, 4240)° 3092 (2420, 3880)* <0.0001
SHBG [nmol L] 30.4 (23.1,42.1) 37.6 (28.1, 50.0) _7 (19.8,34.7)° 26.8 (20.5, 35.2)° <0.0001
TSH [miU L] 1.23 (0.81, 1.80) 1.19 (0.76, 1.73)° 24 (0.83, 1.80)2° 1.32 (0.83, 1.98)° 0.01
FT4 [pmol L] 14.0 (12.7, 15.4) 14.0 (12.8, 15.4)° _7(12.5, 15.1)° 14.4 (12,9, 16.1)¢ <0.0001
Insulin [IU mL™"] 4(2.9,7.9) 33 (22,47)° 8(3.5,7.9)° 10.7 (5.3, 21.0)° <0.0001

Median (25th, 75th percentile) calculated by the means of medians, 25th and 75th percentiles over all five imputed datasets; Kruskal-Wallis test (and Kruskal-Wallis post hoc
test with Bonferroni correction) was calculated for each of the five imputed datasets and the p-value was determined from the mean of the Kruskal-Wallis test statistics over the
five imputed datasets; Significant results (p < 0.05) are highlighted. Different superscript letters between clusters indicate a significant difference between clusters, whereas
the same superscript letters between clusters indicate no significant difference between clusters; Underlined values represent the lowest value across the clusters; the bold
values represent the highest; AP, alkaline phosphatase; ApoA-1V, apolipoprotein A-IV; FT4, free thyroxine; GGT, gamma-glutamyltransferase; GOT, glutamate-oxaloacetate
transaminase; GPT, glutamate-pyruvate transaminase; HbA1c, glycated hemoglobin; hs-CRP, high-sensitive C-reactive protein; IGF-I, insulin-like growth factor-I; IGFBP3,
insulin-like-growth-factor-binding-protein-3; KORA, Cooperative Health Research in the Region of Augsburg; Lp(a), lipoprotein(a); NEFAs, nonesterified fatty acids; SHBG,

sex-hormone-binding globulin; TC, total cholesterol; TGs, triglycerides; TPO, thyroperoxidase; TSH, thyroid-stimulating hormone.



Table 3. Disease prevalence and incidence in the total study population and across the three clusters, KORA F4/FF4 study.

Total Metabotypes p-value
Cluster 1 Cluster 2 Cluster 3
N = 1729 N = 760 N =616 N =353
Prevalence of diseases in KORA F4 % (n)
Hypertension 45.7 (789) 29.9 (227)? 48.0 (295)° 75.6 (267)° <0.0001
Type 2 diabetes 8.9 (154) 2.9 (22) 3.2 (20) 31.7 (112)° <0.0001
Hyperuricemia/gout 4.7 (871) 1.6 (12)? 3.7 (23)° 13.1 (46)° <0.0001
Dyslipidemia 16.7 (288) 13.2 (100)° 117 (72)° 33.0 (116)° <0.0001
Any of the above metabolic diseases 52.7 (909) 36.5 (277)* 52.5 (323)° 87.8 (309)¢ <0.0001
Myocardial infarction 3.6 (62) 2.0 (15)2 2.3 (14)? 9.3 (33)° <0.0001
Stroke 2.7 (47) 1.7 (13)2 2.3 (14) 5.7 (20)° 0.001
Any of the above cardiovascular diseases 6.0 (103) 3.6 (27)* 4.4 (27)? 13.9 (49)° <0.0001
Cancer 9.2 (159) 3.8 (67)° 8.1 (50)° 11.9 (42)? 0.13
Incidence of diseases in KORA FF4 % (n)

Hypertension 22.7 (166) 18.2 (76)° 25.3 (62)° 412 (28)¢ <0.0001
Type 2 diabetes 6.8 (78) 2.0 (17)2 5.1 (22)° 28.3 (45)¢ <0.0001
Hyperuricemia/gout 2.9 (35) 0.7 (4) 2.3 (102 10.8 (21)° <0.0001
Dyslipidemia 12.4 (131 5.6 (28)° 18.3 (74)° 19.2 (29)° <0.0001
Any of the above metabolic diseases 27.6 (177) 19.7 (75)2 36.8 (84)° 54.5 (18)° <0.0001
Myocardial infarction 2.0 (24) 0.9 (5)° 3.2 (14)° 2.5 (5)*b 0.02
Stroke 2.4 (29) 1.4 (8) 2.7 (12) 4.2 (9) 0.06
Any of the above cardiovascular diseases 4.1 (49) 2.3 (13)2 5.5 (24)° 6.3 (12)° 0.01
Cancer 6.8 (77) 7.6 (40)® 5.1 (21) 8.0 (16)° 0.24

Column % (n); Pearson’s chi-squared test (Fisher’s exact test if expected frequencies were too low) and chi-squared post hoc test; Significant results (p < 0.05) are highlighted.
Different superscript letters between clusters indicate a significant difference between clusters, whereas the same superscript letters between clusters indicate no significant
difference between clusters; Prevalence: Due to missing information, reduced datasets for all metabolic diseases n = 1725, hypertension n = 1726, and all other diseases n =
1728; Incidence: Due to missing information, reduced datasets for hypertension n = 730, type 2 diabetes n = 1153, hyperuricemia/gout n = 1190, dyslipidemia n = 1059, all
metabolic diseases n = 641, myocardial infarction n = 1201, stroke n = 1222, all cardiovascular diseases n = 1183, and cancer n = 1136; KORA, Cooperative Health Research

in the Region of Augsburg.

of metabolic and cardiovascular diseases from cluster 1 to cluster
3. It is interesting that we found such a clear distinction in dis-
ease prevalence and incidence between clusters using an unsu-
pervised clustering method and that we identified metabotypes
that differentiate subjects with regard to their cardiometabolic
disease risk. The greatest differences in the incidence between
clusters were found for type 2 diabetes and hyperuricemia/gout.
Compared to clusters 1 and 2, respectively, participants in clus-
ter 3 showed a 14.2-fold and a 5.5-fold higher incidence of type 2
diabetes as well as a 15.4-fold and a 4.7-fold higher incidence of
hyperuricemia/gout.

There have been numerous studies establishing metabotypes
by statistical methods,®!*l proposing that cluster analysis seems
to be a suitable method. As we aimed to identify general metabo-
types initially independent of diseases, we preferred such an un-
supervised learning algorithm to supervised methods like regres-
sion analysis, which are optimal for disease prediction. Most pre-
vious studies grouped individuals based on a few metabolites,
mainly parameters of lipid and carbohydrate metabolism,”1>=%’]
or single specific metabolite classes like plasma lipoproteins/?®2°)
or fatty acids.?¥ Few studies have included several parame-
ters originating from different metabolic pathways,'**! exten-

sive metabolic data,*24°*"] or “-omics” data,*8! whereas anthro-

pometric data were included in many studies in the cluster-
ing process.[18-20.2425.27.3147] \¥/e expected that such extensive data
may provide a more comprehensive characterization of individ-
uals in the metabotyping process and, thus, a more refined and
generalized metabotype definition. Our study is among the first
to use metabotyping on such an extensive range of phenotypic
data.

We described metabolic differences between the metabotypes
defined in detail. Our study is the first to investigate preva-
lence and, especially, incidence of various cardiometabolic dis-
eases across clusters. This allowed us to identify disease-related
metabotypes. Studies examining the prevalence were limited to
at most three diseases, mainly diabetes, hypertension, or the
metabolic syndrome,>-20282931 and only one previous study
examined the risk of incident hypertension.? Van Bochove
et al,?® for example, identified three plasma lipoprotein clus-
ters with varying lipid response to fenofibrate therapy. They pre-
sented, inter alia, prevalence of diabetes and hypertension across
clusters, but these showed smaller differences between the clus-
ters than in our study. This is possibly due to using lipoproteins
in the clustering process only.



The identification of comprehensive metabotypes associated
with diet-related diseases offers the opportunity to develop
and establish targeted dietary recommendations based on this
metabotype group level. This may be especially relevant for clus-
ter 3. Furthermore, as not only physically inactive participants
or participants in higher age groups or with a high BMI are as-
signed to this cluster, we could also identify additional individ-
uals at high cardiometabolic risk through metabotyping. These
individuals may not have been identified as “at risk” otherwise,
although they might benefit from targeted prevention strategies.
As shown in previous studies,** selected diet-disease associ-
ations stratified by metabotype should be investigated to identify
differing responsiveness to diet across metabotypes. This may
lead to targeted recommendations to responsive subgroups that
mostly benefit from this type of intervention, see, for example,
refs. 45 and 47. Further, these metabotypes may also be relevant
in the development of other preventive lifestyle approaches like
targeted physical activity interventions.

We defined metabotypes in a large population-based sample.
Thus, our results may be generalizable to the adult population in
Southern Germany. However, these findings should be replicated
in other cohorts. An extensive set of biochemical and anthro-
pometric parameters was used to get a precise characterization
of individuals and, thus, comprehensive and valid metabotypes
for the development and establishment of targeted and precise
disease prevention strategies.'¥ These parameters were only
measured once, not considering intraindividual variation over
time due to, for example, stress or subclinical diseases.**°% As
these differences were shown to be smaller than interindivid-
ual differences,®!! we do not expect our results to change when
including repeated measurements. Further, it was shown that
some metabolic differences between individuals are visible only
through metabolic challenge tests like an oral glucose tolerance
test, and, therefore, would remain undetected using fasting blood
values as we did in our study.’? To date, only a few studies defined
metabotypes based on data of metabolic response to metabolic
challenge tests and interventions.-26485354 Usually, not all fast-
ing parameters used for metabotyping in the present study and
even less data of metabolic response to metabolic challenge tests
are routinely measured in the clinical setting. The future assign-
ment of whole populations to the metabotypes defined is there-
fore difficult. For this, we propose to establish a risk score with
a reduced set of the biochemical and anthropometric parame-
ters used here, achieving a similar assignment of individuals to
metabotypes to enable the final implementation of these results
in whole populations. To describe the clustering result by disease
incidence between metabotypes, a relatively long follow-up dura-
tion of 7 years was available. A limitation in the assessment of
the disease status at baseline and follow-up is, however, that it
was mostly based on self-report, thus we cannot rule out mis-
reporting. Information on dyslipidemia and hyperuricemia/gout
was only based on medication intake, therefore, possibly leading
to underestimating the true disease prevalence and incidence.

In conclusion, cluster analysis based on an extensive set of bio-
chemical and anthropometric parameters allowed the identifica-
tion of three valid and comprehensive metabotypes showing a dif-
ferent disease incidence in a 7 year follow-up. Further studies are
needed to examine the reproducibility of our clustering result in
other cohorts and to test these newly identified metabotypes for

differing dietary responses with respect to the cardiometabolic
risk variables. If successful, targeted and precise dietary recom-
mendations could be developed on the metabotype level for car-
diometabolic disease prevention.
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