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Highlights

What are the main findings?

Multi-omics profiling identified dysregulated lipid metabolism, altered apolipopro-
teins, reduced adiponectin, and inflammatory proteins as key molecular signatures of
metabolic syndrome (MetS).

Integration of metabolomic and proteomic data identified a latent factor that clearly
distinguished MetS cases from controls, while archetypal analysis revealed extreme
molecular phenotypes associated with MetS heterogeneity.
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What are the implications of the main findings?

e These findings highlight the interplay of lipid dysregulation, insulin resistance,
and chronic low-grade inflammation in MetS, providing potential targets for car-
diometabolic risk reduction and a foundation for future omics-based risk stratification
and precision prevention strategies.

Abstract

Background/Objectives: Metabolic syndrome (MetS) is a heterogeneous cluster of car-
diometabolic risk factors whose underlying molecular heterogeneity remains incompletely
understood. Methods: Targeted metabolomics (388 metabolites) and untargeted pro-
teomics (842 proteins) were analyzed in the KORA FF4 study (n = 1921). Multivariable
regression, LASSO, and Multi-Omics Factor Analysis (MOFA) were applied to identify MetS-
associated signatures. As a secondary analysis, soft-clustering archetypal analysis based on
22 clinical variables was performed within the MetS subgroup (1 = 582) to identify extreme
clinical subphenotypes. Results: A total of 117 metabolites and 70 proteins were associated
with MetS, including five metabolites and eight proteins shared across all MetS traits. Key
metabolomic features comprised diacylglycerols, triglyceride score, hexoses, and branched-
chain amino acids. Prominent proteins included APOC4, APOE, APOB, APOD, APOF,
adiponectin, LBP, and SHBG, reflecting alterations in lipid metabolism, inflammation, and
metabolic regulation. MOFA identified a latent factor strongly linked to MetS, integrating
signatures of lipid metabolism, insulin resistance, and inflammation. Archetypal analysis
identified extreme MetS profiles and associated with metabolites and proteins shared across
all Mets. Conclusions: Integrated multi-omics analysis revealed MetS-associated molecular
signatures characterized primarily by dysregulated lipid metabolism, insulin resistance,
and chronic low-grade inflammation. Secondary archetypal analysis highlighted clinical
heterogeneity at the extreme boundaries of MetS while supporting a shared molecular
foundation. These findings highlight the value of combining clinical, metabolomics and
proteomics to improve characterization of MetS heterogeneity and inform future precision
risk stratification.

Keywords: metabolic syndrome; metabolomics; proteomics; multi-omics integration;
archetypes; soft clustering; KORA FF4

1. Introduction

Metabolic syndrome (MetS) is a cluster of interrelated cardiometabolic abnormalities,
including central obesity, elevated blood pressure, dyslipidemia, hyperglycemia, and insulin
resistance, that collectively increase the risk of type 2 diabetes mellitus (T2D), cardiovas-
cular disease (CVD), and all-cause mortality. As the prevalence of obesity and sedentary
lifestyles continues to rise globally, MetS has become a major public health concern, affecting
approximately one-quarter of the adult population worldwide. The incidence of MetS is
on the rise; for instance, in the United States, its prevalence, defined by the NCEP-ATP
III criteria, rose from 37.6% in 2011-2012 to 41.8% in 2017-2018 [1,2]. The pathogenesis
of MetS involves complex interactions among metabolic, inflammatory, endocrine, and
genetic pathways that collectively contribute to insulin resistance, adipose tissue dysfunc-
tion, and systemic metabolic dysregulation. The current binary definition of MetS does
not adequately capture its pathophysiological heterogeneity and offers limited ability to
predict future metabolic trajectories and the inconsistent efficacy of standardized metabolic
treatments [3-5].
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Advances in high-throughput molecular profiling technologies have enabled com-
prehensive characterization of biological systems and have facilitated the investigation of
disease processes beyond conventional clinical biomarkers. Among these technologies,
metabolomics and proteomics provide complementary insights into metabolic health and
disease. Metabolomics provides a quantitative assessment of low molecular weight metabo-
lites that represent the end products of cellular processes and offer a direct snapshot of
metabolic activity. Previous studies have demonstrated associations between alterations
in amino acids, acylcarnitines, phospholipids, and other lipid species with insulin resis-
tance, obesity, and incident MetS, highlighting the potential of metabolomic signatures as
biomarkers of cardiometabolic risk [6,7].

Proteomics complements metabolomics by enabling the large-scale characterization
of proteins that mediate cellular signaling, inflammation, lipid transport, and metabolic
regulation. Proteomic studies have identified dysregulation of pathways related to immune
response, extracellular matrix remodeling, and energy metabolism in individuals with
metabolic disorders, providing mechanistic insights into disease progression. Furthermore,
combined metabolomic and proteomic investigations have demonstrated that coordinated
perturbations across multiple molecular layers contribute to the development of MetS [8].

While single-omics analyses provide valuable insights, metabolic diseases arise from
interconnected molecular networks that span multiple biological levels. Integrative multi-
omics approaches therefore offer a more comprehensive understanding of disease biology.
Multi-Omics Factor Analysis (MOFA) is an unsupervised statistical framework specifically
developed for the integration of heterogeneous omics datasets. MOFA identifies latent
factors that capture both shared and modality-specific sources of variation across multiple
molecular layers, facilitating the discovery of biologically meaningful patterns associated
with disease phenotypes [9].

Clustering methods are widely utilized for data stratification, allowing the identifi-
cation of uncharacterized patterns and underlying structures. Hard clustering methods,
such as K-means, are commonly used in subtyping studies [10-12]. In contrast to hard
clustering, where each data point is assigned to only one cluster, soft clustering allows for
overlapping memberships, reflecting the uncertainty /ambiguity in the assignment of data
points to clusters. Archetypal analysis is a soft clustering data-mining approach that identi-
fies extreme pure patterns at the boundaries of data, representing distinct combinations in
mixed etiology. It quantifies the contribution of various etiological processes by calculating
“archetype scores,” numerical values that reflect how strongly an individual aligns with
each archetype [13].

The Cooperative Health Research in the Region of Augsburg (KORA) study provides
a well-characterized population-based framework for investigating the molecular determi-
nants of metabolic diseases. In the present study, we analyzed participants from the KORA
FF4 cohort to identify molecular signatures associated with MetS. To comprehensively
characterize the molecular landscape of MetS, we integrated targeted metabolomics data
comprising 388 metabolites and untargeted proteomics data comprising 842 proteins. We
first applied multivariable regression analyses associated with MetS and its individual traits.
Subsequently, we employed MOFA to integrate the metabolomic and proteomic datasets
and derive latent factors representing coordinated molecular variation across omics layers.
Additionally, recognizing the substantial clinical heterogeneity among individuals with
MetS, we performed soft-clustering archetypal analysis using 22 clinical traits to identify
phenotypic profiles” heterogeneity within the MetS subgroup. By combining statistical
association analyses, this study aims to uncover molecular signatures and latent biologi-
cal processes underlying MetS and to improve our understanding of the heterogeneity of
cardiometabolic disease.
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2. Materials and Methods
2.1. Study Population, Definitions, and Selection Criteria

The KORA 54 study (1999-2001) was conducted in Augsburg (Germany) and, (KORA)
F4 (2006-2008) and FF4 studies (2013-2014) are follow-up examinations of this population-
based cohort. All investigations were conducted in accordance with the Declaration of
Helsinki, and all participants provided written informed consent. Study procedures were
approved by the Ethics Committee of the Bavarian Chamber of Physicians, Munich (EC
No. 06068). Details of the study design, sampling strategy, and data collection have been
described previously [14].

In this cross-sectional study, we leveraged data from the KORA FF4 participants
(n =2279). Initially, we reviewed the clinical variables utilized in the IMI DIRECT
study [8,15] and identified those available in KORA FF4, including demographics, an-
thropometric, blood pressure, glucose and diabetes-related markers, lipids, inflammatory
markers, and insulin resistance/sensitivity indices (Appendix A). Principal component
analysis (PCA) was performed in R using the prcomp () function to assess the overall
structure and variation of the metabolic phenotypes and to visualize the distribution of
participants according to MetS status.

MetS status was defined according to the International Diabetes Federation (IDF) 2009
criteria as it represented the most recent criteria and had the highest prevalence among
the study population [3]. According to the IDF definition, a diagnosis requires the pres-
ence of any 3 of 5 of the following components: (1) elevated waist circumference (waist
circumference > 94 cm in men or >80 cm in women), (2) elevated fasting triglyceride levels
(=150 mg/dL or 1.7 mmol/L) or use of drug treatment for elevated triglyceride, (3) reduced
HDL-cholesterol (<1.0 mmol/L or 40 mg/dL in males, <1.3 mmol/L or <50 mg/dL in
females) or use of drug treatment for reduced HDL-cholesterol, (4) elevated blood pressure
(systolic > 130 mmHg or diastolic > 85 mmHg) or treatment with antihypertensive medica-
tion, being aware of having hypertension (elevated blood pressure), and (5) elevated fasting
plasma glucose (=100 mg/dL or 5.6 mmol/L) or intake of antidiabetic medication (ele-
vated fasting glucose). Subsequently, participants with missing covariates were excluded,
resulting in the removal of missing values (n = 358). Finally, 1921 participants remained for
analysis for the whole population including 582 with MetS status and 1339 without MetS
(Supplementary Figure S1). The figure summarizes participant selection and missing data
across the clinical, proteomic, and metabolomic datasets, showing the numbers included
in each analysis and their MetS/non-MetS composition. It also highlights the reduction in
sample size due to missing data and the final cohorts used for the respective analyses.

2.2. Untargeted Proteomics

Proteomics analysis was performed at OmicEra Diagnostics GmbH, Planegg, Germany,
in 2021-2022, with samples prepared for LC-MS/MS as described by Geyer et al. [16]
and data acquired on an EASY-nLC 1000 ultra-high-pressure system coupled via a nano-
electrospray ion source to a Q Exactive HF Orbitrap mass spectrometer (all Thermo Fisher
Scientific, Waltham, MA, USA). In brief, a detergent-free lysis buffer (100 mM Tris pH 8§,
10 mM TCEP, 40 mM CAA) was utilized as a substitute for the SDC buffer. An automated
Agilent Bravo platform with the 96ST pipetting head was used for tasks which included
pipetting of liquids. Sample preparation and instrument performance was monitored by
using a standardized sample, consisting of one pool of human plasma (distributed into
five positions on a 96-well plate). 1 yL per sample was used. Denaturation together with
alkylation was executed at 95 °C, followed by digestion using both trypsin and lysC in a
1:100 enzyme—protein ratio at 37 °C for 4 h. Peptides were loaded directly onto activated
Evotips for the purpose of purification and subsequent downstream LC-MS/MS analysis. To
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reduce technical batch effects, all samples from one individual, i.e., up to 3 measurements,
were spread on the same 96-well plate. The raw dataset contained 2132 participants and
2371 proteins and proteins with 60% or more missing values were excluded in the first run
(794 proteins removed). Secondly, only those proteins with at least one reference value per
plate were retained (664 proteins removed). All proteins with the coefficient of variation
(CV) > 10% of the reference values (log,-transformed data) were excluded (71 proteins).
Median normalization was implemented on the remaining 842 protein dataset. To address
the technical variability among different plates, a normalization factor was computed for
each protein on every plate using the reference samples. Subsequently, each KORA FF4
sample was corrected accordingly for the factor. In the next step, GSIMP imputation [17] for
missing data was performed using the normalized sample data, followed by data log,- and
z-transformation for all proteins. Finally, we checked proteins’ available gene names, protein
names, and UniProt_ID in UniProt [18]. Final checks on UniProt IDs yielded 842 proteins
for 2045 participants in KORA FF4 available for further analysis. Proteomic data were un-
available for 454 participants; therefore, the final proteomics dataset comp rised 842 proteins
measured in 1825 participants, including 549 with MetS and 1276 without MetS.

2.3. Targeted Metabolomics

Metabolomics was analyzed using the MxP® Quant 500 Kit (biocrates Life Sciences,
Innsbruck, Austria) via liquid chromatography—triple quadrupole mass spectrometry [19].
In brief, 10 pL each of plasma (samples and reference plasma), calibration solutions, quality
controls, and zero samples (PBS) were applied to the kit plate. Sample processing (derivati-
zation and extraction) was performed, and the resulting, diluted extracts were analyzed by
applying liquid chromatographic triple quadrupole mass spectrometric methods. From the
initially measured 620 metabolites, we excluded those that did not pass the following three
quality control (QC) criteria: 1. The value of three times the global median of cleaned PBS
samples is not allowed to surpass the mean of the uncleaned main sample for each metabo-
lite. 2. The median of the 3 values (a) coefficient of variation value of all reference values,
(b) the CV value of the NIST samples and (c) the median of the coefficient of variation
values of QC Samples 1, 2 and 3 is not allowed to surpass the value of 30%. 3. The main
local plate limit of detection (LOD) percentage is not allowed to surpass 50%. This resulted
in 232 deletions of metabolites, leaving 388 remaining metabolites. After cleaning QC-
failed metabolites, main samples with more than 10% outlier metabolites (i.e., “39” outliers
for the remaining 388 metabolites) are removed; this resulted in 8 exclusions, resulting in
1095 individuals/samples. Outlier metabolites include missing, lower outliers (mean minus
five times the standard deviation), and upper outliers (mean plus five times the standard
deviation). Because of the 78 exclusions of the samples in plate 48, this study resulted in
1017 samples at the end. Normalization was done using the “TIGER” R-package [20]. In the
next step, GSIMP imputation [17] for missing data was performed using the normalized
sample data, followed by data log,- and z-transformation for all metabolites (mean = 0,
SD = 1) to ensure comparability between the metabolites. After data export, lower and
upper outliers were defined as samples with >33% of metabolite concentrations below 25%
quantile (£1.5 x IQR). Metabolomics data was missing for 154 individuals; therefore, the
final dataset comprised 388 metabolites measured in 863 KORA FF4 participants available
for further analysis, including 261 with MetS and 602 without MetS.

2.4. Statistical Analysis

Baseline data are reported as mean + standard deviation (SD), median (interquar-
tile range Q1, Q3) for continuous measures and as percentages (%) for categorical data.
Continuous variables were transformed using rank-based inverse normal transformation
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(INT) prior to statistical analysis. The initial analyses were exploratory and aimed to in-
vestigate associations between individual metabolites and proteins and MetS status, as
well as individual MetS traits. Associations between individual metabolites, proteins, and
MetS status (MetS traits, including BMI, triglycerides (TG), HDL cholesterol, hypertension,
fasting glucose) were assessed using multivariable linear/logistic regression models ad-
justed for age, sex, lifestyle alcohol intake, physical activity, smoking status and medication.
Multiple testing was controlled using the Benjamini-Hochberg false discovery rate (FDR).
To identify latent axes of variation shared across and specific to each data modality, we
applied Multi-Omics Factor Analysis (MOFA2; [9]) to participants with both proteomic and
metabolomic data available from n = 847 participants (590 without MetS and 257 MetS).
Each omics layer was provided as a separate view, with features as rows and subjects as
columns; continuous variables were scaled to unit variance within each view prior to model
fitting, and views were assumed to follow a Gaussian noise model. The model was trained to
infer 15 latent factors using the mofapy2 backend (via the MOFA2 R package), with default
convergence criteria (ELBO deltaR? < 0.0002 stopping tolerance) and a random seed set as
42 for reproducibility. For each factor, we quantified the percentage of variance explained
per omics layer to characterize whether the factor captured shared cross-omics signal or
layer-specific variation. To test whether factors captured biological variation related to
MetS, factor scores were associated with MetS status using linear regression, with p-values
corrected for multiple testing across all 15 factors using the Benjamini-Hochberg false
discovery rate (FDR); factors with q < 0.05 were considered significantly associated with
subgroup. For significant factors, the top-weighted features per omics view were examined
to characterize the underlying biological signal. All statistical analyses were performed
using R version 4.3.2.

2.5. Archetypes Analysis to Study Extreme MetS Cases

We applied soft clustering to the KORA FF4 MetS population (n = 582) using the
“archetypes” R package, in accordance with IMI-DIRECT study [15], based on 22 clinical
variables. We utilized the stepArchetypes () function from the “archetypes” package,
specifically using the robustArchetypes () function, with 100 iterations for k values ranging
from 1 to 10. Subsequently, bar plots based on the residual sum of squares (RSS) for all k
values were generated using functions from the package [13,15].

Archetype stability was assessed using the adjusted Rand index (ARI) based on ran-
domized subsampling of 90% of the original dataset repeated 100 times. We selected the
archetype model that demonstrated both high stability and the lowest RSS based on the
elbow method (three archetypes). In parallel, to specify the threshold for defining the ex-
treme archetypes and mixed etiology, we evaluated archetypes’ stability ranging from 0.0 to
1.0 in the intervals of 0.05 following the approach used in the IMI DIRECT study [15]. Based
on the various membership stability results, we observed that all archetypes plateaued at a
threshold of 0.7. We therefore selected this cut-off for defining the extreme archetypes (mem-
bership > 0.7) and all the individuals with the membership < 0.7 were assigned as mixed
etiology. Associations between archetype scores and continuous cardiometabolic traits
were assessed using multivariable linear regression. Pairwise group comparisons were per-
formed using the Mann-Whitney U test (comparisons between each group and the remain-
ing individuals), whereas comparisons across multiple groups were conducted using the
Kruskal-Wallis test (archetypes and mixed etiology). For omics analysis, metabolomics and
proteomics were normalized (log2, normalized) prior to the analysis. Then we tested each
metabolite (388) and proteins (842 proteins) individually with each continuous archetype’s
score using linear regression. An FDR < 0.05 was considered statistically significant. To
further investigate the groups in mixed etiology, participants were classified according
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to their highest and second-highest archetype scores. This resulted in six distinct mixed
groups: M1M2, M1M3, M2M1, M2M3, M3M1, and M3M2.

3. Results

3.1. Descriptive Statistics

Among 1921 participants, 582 (30.3%) had MetS as shown in Table 1. The PCA plot,
presented in the graphical abstract, illustrates the distribution of participants according to

their overall metabolic phenotypes, with participants without MetS shown in green and
those with MetS in red. Participants with MetS were older (64 vs. 55 years) and more likely
to be male (61.9% vs. 41.5%) than those without MetS (both p-value < 0.001). Individuals
with MetS exhibited significantly greater adiposity. They had higher body weight (86.6 vs.
73.5 kg), BMI (29.6 vs. 25.6 kg/m?), and waist-to-hip ratio (WHR) (0.96 vs. 0.87). Height
did not differ significantly between groups (p-value = 0.086).

Table 1. Descriptive statistics of KORA FF4.

Metabolic Syndrome

Variables Total (n = 1921) Yes No p-Value
(n = 582) (n = 1339)
Age (years) 58 (49, 68) 64 (55, 73) 55 (47, 66) <0.001
Sex (%) <0.001
Male 916 (48) 360 (62) 556 (42)
Female 1005 (52) 222 (38) 783 (58)
Weight (kg) 77.10 (66.80, 88.50) 86.60 (76.80, 96.27) 73.5 (64.15, 83.80) <0.001
Height (cm) 168.8 (161.80,176.10)  169.9 (162.43,176.80)  168.2 (161.50, 175.90) 0.086
BMI (kg/m2) 26.74 (24.25, 30.06) 29.55 (27.14, 32.63) 25.61 (23.38, 28.25) <0.001
Waist-hip ratio WHR 0.90 (0.83, 0.96) 0.96 (0.90, 1.01) 0.87 (0.81, 0.93) <0.001
(cm/cm)
e tearinady <0.001
Up 703 (37) 328 (56) 375 (28)
Down 1218 (63) 254 (44) 964 (72)
Systolic blood pressure 117 (106.50, 128) 127 (116, 138.50) 113 (104, 122.50) <0.001
(mmHg)
Diastolic blood pressure 72.5 (66.5, 79) 76.5 (69, 83.50) 71 (66, 77) <0.001
(mmHg)

Fasting glucose (mmol/L) 5.33 (5.05,5.77) 5.88 (5.61, 6.22) 522 (4.94, 5.44) <0.001
2 h glucose (mmol/L) 5.77 (4.77,7.16) 7.02 (5.83, 8.66) 5.38 (4.55, 6.44) <0.001
Fasm%p‘“ﬁi‘fii)“suhn 52.98 (36.6, 78) 79.5 (58.26, 108) 45 (33, 63.90) <0.001
2 hinsulin (pmol/L) 276 (168,458.94)  437.61 (283.64,739.38) 228 (149.04, 361.44) <0.001

QUICKI 0.34 (0.32, 0.36) 0.32 (0.3, 0.33) 0.35 (0.33, 0.37) <0.001

Total cholesterol (mmol/L) 5.61 (4.96, 6.28) 5.66 (4.91, 6.45) 5.58 (4.96, 6.2) 0.049

Fasting HDL-C (mmol/L) 1.65 (1.34,2.03) 1.38 (1.14, 1.68) 1.77 (1.5,2.14) <0.001

Fasting LDL-C (mmol/L) 3.49 (2.89, 4.11) 3.64 (3,4.34) 3.44 (2.84,4.01) <0.001

Fasting triglycerides (TG) 1.16 (0.87, 1.6) 1.75 (1.23, 2.34) 1.03 (0.79, 1.33) <0.001

(mmol/L)
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Table 1. Cont.

Metabolic Syndrome

Variables Total (n =1921) Yes No p-Value
(n = 582) (n = 1339)
Creatinine (pmol/L) 77.81 (67.2, 88.42) 82.23 (71.62, 94.61) 75.15 (65.43, 85.76) <0.001
HbAlc (mmol/mol) 35 (33, 38) 37 (35, 40) 35 (32,37) <0.001
hsCRP (mg/L) 1.14 (0.57, 2.52) 1.69 (0.94, 3.61) 0.93 (0.47, 2) <0.001
In?‘ﬁllg‘l\l/}fzi?fﬁr)‘ce 1.01 (0.69, 1.5) 155 (1.12,2.07) 0.85 (0.62,1.21) <0.001
I“S(‘ﬁhg)l\s/fgg“y 98.6 (66.7, 144) 64.55 (48.3, 89) 117 (82.6, 161.9) <0.001
Bezaﬁgeﬁ}[gg}g;‘m 81.5 (65.3,102.7) 88.05 (70.1,113.27) 78.3 (63.35, 98.5) <0.001
Comorbidities
Obesity WHO (%) <0.001
Underweight 8 (0) 0(0) 8 (1)
Normal weight 618 (32) 43 (7) 575 (43)
Overweight 812 (42) 272 (47) 540 (40)
Obese grade 1 349 (18) 184 (32) 165 (12)
Obese grade 2 89 (5) 51 (9) 38 (3)
Obese grade 3 45 (2) 32 (5) 13 (1)
Hypertexﬁg c(l;()s)slflcatlon <0.001
Optimal 1048 (55) 178 (31) 870 (65)
Normal 399 (21) 122 (21) 277 (21)
High normal 246 (13) 139 (24) 107 (8)
Hypertension grade 1 176 (9) 108 (19) 68 (5)
Hypertension grade 2 42 (2) 29 (5) 13 (1)
Hypertension grade 3 10 (1) 6 (1) 4 (0)
Dlabe’%s HC(I)a?g/if;catlon <0.001
Normal 1440 (75) 274 (47) 1166 (87)
IFG 111 (6) 82 (14) 29 (2)
IGT 210 (11) 104 (18) 106 (8)
IFG/IGT 71 (4) 58 (10) 13 (1)
D1abetesbr}1,evongc}1}agnosed 89 (5) 64 (11) 25 (2)

The values are presented in median (Q1, Q3) for continuous variables and percentage (%) for categor-
ical variables. IDF: International Diabetes Federation; IFG: impaired fasting glucose; IGT: impaired
glucose tolerance; QUICKI: quantitative insulin sensitivity check index; OGTT: oral glucose tolerance
test; HOMA2_IR: homeostasis model assessment of insulin resistance; HOMA2-S: homeostasis model
assessment of insulin sensitivity; HOMA2-B: homeostasis model assessment of beta cell function.

Cardiometabolic risk factors were markedly worse among participants with MetS.
Both systolic (127 vs. 113 mmHg) and diastolic blood pressure (76.5 vs. 71 mmHg)
were significantly higher in the MetS group (both p-value < 0.001). Similarly, fast-
ing glucose (5.88 vs. 5.22 mmol/L), 2 h glucose (7.02 vs. 5.38 mmol/L), fasting insulin
(79.5 vs. 45.0 pmol/L), and 2 h insulin concentrations (437.6 vs. 228.0 pmol/L) were sub-
stantially elevated in participants with MetS (all p-value < 0.001).
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Markers of insulin resistance and sensitivity differed significantly between groups.
Participants with MetS had lower QUICKI scores (0.32 vs. 0.35), higher HOMA2-IR values
(1.55 vs. 0.85), lower HOMAZ2-S values (64.6 vs. 117.0), and higher HOMA2-B values
(88.1 vs. 78.3), indicating greater insulin resistance and compensatory B-cell activity.

Regarding lipid parameters, participants with MetS had slightly higher total choles-
terol (5.66 vs. 5.58 mmol/L, p-value = 0.049), higher LDL-C (3.64 vs. 3.44 mmol/L,
p-value < 0.001), markedly lower HDL-C (1.38 vs. 1.77 mmol/L, p-value < 0.001), and
substantially higher triglyceride concentrations (1.75 vs. 1.03 mmol/L, p-value < 0.001).
Creatinine, HbAlc, and hsCRP levels were also significantly higher among participants
with MetS (all p-value < 0.001).

The distribution of obesity categories differed significantly between groups. Among
participants with MetS, 45.8% were obese (WHO obesity grades 1-3) compared with
16.1% of those without MetS. Conversely, normal weight status was more common among
participants without MetS (42.9% vs. 7.4%).

Overall, MetS was associated with substantial differences in anthropometric, metabolic,
and cardiometabolic risk factors. To further investigate the heterogeneity underlying these
differences, we examined the associations of metabolomic and proteomic profiles with
MetS using supervised regression and unsupervised latent factor analysis. We then used
soft clustering to identify individuals with extreme MetS phenotypes and examined their
molecular profiles to further characterise the biological features associated with these
extreme cases.

3.2. Multi-Omics Association with MetS
3.2.1. Metabolomics Association with MetS

Logistic regression identified a strong metabolomic signature of MetS, with
117 metabolites significantly associated with disease status (Figure 1, Supplementary
Table S1). We identified distinct metabolomic signatures associated with MetS traits, in-
cluding BMYI, triglycerides (TG), HDL cholesterol, hypertension, fasting glucose, and MetS
status. We found 5 common metabolites, including cholesteryl ester CE(16:1), ceramide
Cer(d18:1/18:0), diacylglycerols DG(16:0/18:1), DG(17:0/18:1), and phosphatidylcholine
PC aa C36:4, were associated with MetS traits. Comparison with a previously reported
KORA F4 study using the Biocrates p150 kit showed that 35 metabolites had replicated
significant associations with MetS in the present analysis. Notably, lysoPC a C18:2, previ-
ously reported to be negatively associated with MetS and all five of its components, was
also significantly associated with MetS in our study, further supporting the consistency of
this metabolomic signature across KORA cohorts and analytical platforms [21].

Among BMlI-associated metabolites, the strongest positive associations were observed
for glutamate (B = 0.42, q = 7.8 x 107%!), valine (p = 0.42, q = 1.5 x 10~%%), isoleucine
(B =041, q = 6.8 x 10717), tyrosine (p = 0.37, q = 2.7 x 10~'7), and PC aa C38:3 (B = 0.36,
q = 8.2 x 1072). In contrast, lysoPC a C18:2 (p = —0.38, q = 4.9 x 10-%°), lysoPC a C18:1
(p=-0.34,q=13x10"2), and lysoPC a C17:0 (p = —0.33, q = 3.0 x 10~'?) exhibited the
strongest inverse associations.

The strongest associations were observed for triglyceride levels, which were highly cor-
related with diacylglycerol species, including DG 16:0/18:1, DG 18:1/18:1, DG 16:0/18:2, and
DG 16:1/18:2 (all q < 1 x 107148), highlighting a prominent role of glycerolipid metabolism
in circulating triglyceride variation. HDL cholesterol was positively associated with multi-
ple phosphatidylcholine species, particularly ether-linked and diacyl phosphatidylcholines
(PC ae C40:1, PC aa C38:5, PC ae C38:0, PC aa C36:3, and PC ae C38:6; all q < 1 x 107%),
suggesting a strong relationship between HDL status and phospholipid composition.
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Figure 1. Circular heatmap of metabolite associations with metabolic syndrome (MetS) traits. Each
sector represents a metabolite, and each ring represents a MetS trait. Green and red indicate significant
positive and negative associations, respectively, while gray indicates no significant association. The
plot summarizes shared and trait-specific metabolite-MetS trait relationships.

Hypertension exhibited comparatively weaker metabolic associations. After FDR cor-
rection, only a limited number of metabolites remained significant, including CE(16:1)
(OR = 1.42,q=0.0055), Cer(d18:1/18:0) (OR =1.29, q = 0.038), DG(16:0/18:1) (OR = 1.34,
q = 0.016), Cer(d18:0/24:0) (OR = 1.35, q = 0.014), and tyrosine (OR = 1.41, q = 0.026).
Fasting glucose showed strong positive associations with hexose levels (H1; p = 0.94,
q =226 x 107%) and glutamate (p = 0.28, q = 7.18 x 10713), together with inverse associa-
tions with lysophosphatidylcholine species.

Metabolic syndrome exhibited the most pronounced disease-associated metabolomic
alterations, with markedly elevated odds associated with H1 (OR = 6.18, q = 2.09 x 10729),
TG_score (OR = 4.61,q = 1.26 x 107%), DG 16:0/18:1 (OR = 4.00, q = 8.23 x 10~2), DG
16:0/18:2 (OR = 3.40, q = 7.11 x 102*), and DG 18:1/18:1 (OR = 2.96, q = 2.67 x 1072!).

Overall, these findings demonstrate that MetS traits are characterized by coordinated
alterations in glycerolipid metabolism, glucose homeostasis, amino acid metabolism, sph-
ingolipid metabolism, and phospholipid remodeling. Common metabolite signatures,
including diacylglycerols, ceramides, cholesteryl esters, phosphatidylcholines, and hex-
oses, highlight dysregulated lipid metabolism as a central feature of metabolic syndrome,
with diacylglycerol accumulation and hexose elevation emerging as important metabolite
markers of metabolic dysfunction.
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3.2.2. Proteomics Association with MetS

Multivariable regression analysis identified 70 strong protein signatures associated
with MetS status (Figure 2, Supplementary Table S2). Protein profiling revealed distinct
circulating protein signatures associated with MetS traits, including BMI, triglycerides
(TG), HDL cholesterol, hypertension, fasting glucose, and MetS cases. We found 8 proteins
(APOB, CO3, CFAH, SAMP, VINC, AFAM, LG3BP, K7ER74) are significant (q < 0.05) in
all 5 traits.

Proteins Associated with MetS Traits

Figure 2. Circular heatmap of protein associations with metabolic syndrome (MetS) traits. Each sector
represents a protein, and each ring represents a metabolic trait. Green and red indicate significant
positive and negative associations, respectively, while gray indicates no significant association. The
plot summarizes shared and trait-specific protein—metabolic trait relationships.

For BM]I, the strongest associations were observed for sex hormone-binding globulin
(SHBG), which showed a marked inverse relationship with BMI (p = —1.16,q = 5.95 x 10714).
In contrast, C-reactive protein (CRP) was positively associated with BMI (B =0.27,
q = 1.92 x 10713), consistent with increased inflammatory activity in individuals with higher
adiposity. Additional BMI-associated proteins included apolipoprotein F (APOF; p = —0.58,
q = 4.33 x 1071%), galectin-3-binding protein (LG3BP; p = 0.36, q = 2.11 x 10~1), and
apolipoprotein D (APOD; p = —0.26, q = 3.91 x 10~!1), highlighting alterations in lipid
transport and inflammatory pathways.

Triglyceride levels showed the strongest protein associations, particularly with lipid
metabolism-related proteins. Apolipoprotein C-IV (APOC4) demonstrated a highly signifi-
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cant positive association with TG (p = 1.35, q = 2.67 x 10~%), followed by GPC1-related
proteins (p = 2.44, q = 8.01 x 107%), apolipoprotein B (APOB; B = 0.47, q = 6.19 x 107%),
and apolipoprotein C-III (APOC3; p = 0.35, q = 1.23 x 10722). These findings indicate a
strong involvement of apolipoprotein-mediated lipid transport pathways in circulating
triglyceride regulation.

HDL cholesterol was positively associated with multiple proteins involved in lipid
metabolism and transport. The strongest associations were observed for opsin B (OPSB;
B =2.19, q = 6.46 x 10~28), G protein subunit alpha z (GNAZ; p = 4.13, q = 1.31 x 107,
and apolipoprotein M (APOM; p = 0.34, q = 2.92 x 107'7). Additional HDL-associated
proteins included DOS and HS12B-related proteins, further supporting a role for circulating
protein composition in HDL metabolism and function.

Associations with hypertension were weaker and did not remain significant after
multiple testing correction. Nominal associations were observed for carbonic anhydrase 1
(CAH1;OR =0.56, p =4.50 x 10~*), an UNC13B-related protein (OR = 0.22, p = 5.37 x 107%),
complement Clq subunit A (C1QA; OR = 1.91, p = 0.0015), serum amyloid P component
(SAMP; OR = 1.31, p = 0.0020), and complement component 3 (C3; OR = 1.29, p = 0.0025),
suggesting potential involvement of inflammatory and complement pathways.

Fasting glucose was associated with several proteins involved in metabolic regula-
tion. Alpha-2-HS-glycoprotein (AFAM) showed a positive association with glucose levels
(B =0.22,q = 1.39 x 1077), whereas APOF (p = —0.39, q = 5.35 x 107°) and adiponectin
(ADIPO; p = —0.37, q = 6.81 x 107*) showed inverse associations. Additional positive
associations were observed for pigment epithelium-derived factor (PEDF) and coagulation
factor IX (FA9), suggesting links between glucose homeostasis, adipokine signaling, and
coagulation-related pathways.

Metabolic syndrome showed the most pronounced protein associations, characterized
by strong alterations in apolipoprotein and metabolic proteins. APOC4 was associated
with substantially increased MetS risk (OR = 4.15, q = 3.33 x 10~7), while GPC1-related
proteins demonstrated the largest effect size (OR = 16.04, q = 3.60 x 107°). Conversely,
APOD (OR = 0.59, q = 3.60 x 107°) and adiponectin (ADIPO; OR = 0.30, q = 3.99 x 107°)
were inversely associated with MetS, indicating protective associations. Apolipoprotein E
(APOE) was positively associated with MetS risk (OR = 1.72, q = 3.99 x 107°).

Overall, these findings demonstrate that cardiometabolic traits are strongly charac-
terized by alterations in circulating proteins involved in lipid transport (APOC4, APOB,
APOC3, APOE), inflammation (CRP, CO3, CFAH complement proteins), adipokine sig-
naling (ADIPO), and metabolic regulation (SHBG, APOF). The consistent enrichment of
apolipoproteins among TG and MetS-associated proteins highlights dysregulated lipopro-
tein metabolism as a central molecular feature of cardiometabolic dysfunction.

3.3. Multi-Omics Factor Analysis

To integrate metabolomic and proteomic data, we performed Multi-Omics Factor
Analysis (MOFA2), which identified 15 latent factors capturing shared and layer-specific
sources of biological variation (Figure 3A; Supplementary Table S3a,b). Variance explained
is reported for all 15 factors across both omics views and was additionally bootstrapped
across 10 additional random seeds used for the robustness analysis. Factor 1 was largely
metabolomics-specific, explaining 20.4% of the variance in the metabolomics layer, whereas
Factor 2 was predominantly proteomics-specific, explaining 13.3% of the variance in the
proteomics layer. To determine whether any latent factors were associated with MetS,
factor scores were compared between MetS cases and non-cases (Supplementary Table S3c).
Among all factors, Factor 1 showed the strongest association with MetS status (FDR-adjusted
p <2 x107') and clearly separated cases from controls (Figure 3B). The association between
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% variance explained

Factor 1 and MetS was highly consistent across independent MOFA runs using different
random seeds (Supplementary Table S3c). MetS cases displayed substantially lower Factor 1
scores than non-cases, indicating that this factor captures a major axis of molecular variation
underlying metabolic dysfunction. We correlated MOFA Factor 1 scores with available
clinical markers. Factor 1 was significantly associated with HOMA-IR (Spearman r = —1.054,
FDR-adjusted p = 2.84 x 107%?) and hsCRP (r = —0.516, FDR-adjusted p = 8.63 x 10~%;
n = 847), supporting its association with insulin resistance and inflammation. Factor 1 was
also strongly associated with triglycerides (r = —2.43, FDR-adjusted p = 1.37 x 1072%%) and
HDL (r = 1.185, FDR-adjusted p = 2.25 x 10752).

(A) Variance explained per factor and view, across 11 independer (B) pactor 1 vs. MetS_case
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Figure 3. MOFA factor variance explained and association with MetS status. (A) Percentage of
variance explained by each of the 15 MOFA factors across the metabolomic and proteomic views,
evaluated across 11 independent model fits using different random seeds. Points/boxplots represent
the variance explained for the same factor matched across model runs, demonstrating the contribution
and stability of each factor within the full MOFA model. (B) Distribution of Factor 1 scores according
to MetS status, showing the separation of participants with MetS (MetS cases) from non-cases. Each
point represents an individual participant.

The distributions of the top MOFA-contributing features were compared between
MetS cases and controls using Wilcoxon tests for exploratory characterization of the factor.
These comparisons were not intended as independent statistical confirmation of the MOFA
factor-MetS association. The top 10 metabolomic features driving Factor 1 were dominated
by diacylglycerol (DG) species (7 of 10 features), alongside the branched-chain amino acids
isoleucine and leucine and a composite triglyceride score (TG_score) (Figure 4). All ten
metabolites were significantly elevated in MetS cases relative to non-cases. This pattern
is consistent with established metabolic syndrome pathophysiology: diacylglycerols are
known mediators of hepatic and skeletal muscle insulin resistance via PKC activation,
while elevated circulating branched-chain amino acids are among the most robust and
reproducible metabolomic correlates of insulin resistance and obesity [22-24]. Together
with the complement/inflammation and apolipoprotein signature identified among the top
proteomic drivers of the same factor, these results suggest that Factor 1 captures a coordi-
nated axis of lipid-driven insulin resistance, dyslipidemia, and low-grade inflammation
underlying metabolic syndrome.
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Figure 4. Top 10 metabolomic features driving Factorl, stratified by MetS case status. Z-scored
metabolite levels for the ten metabolites with the highest loadings on Factor 1, compared between
non-cases (green) and MetS cases (red). Each point represents an individual sample; boxplots show
median and interquartile range. Statistical significance of between-group differences was assessed by
Wilcoxon rank-sum test.

To identify the proteomic drivers underlying the latent factor most strongly associ-
ated with metabolic syndrome (Factor 1), we examined the top 10 contributing proteins
and compared their expression between MetS cases and non-cases (Figure 5). All 10 pro-
teins differed significantly between groups (Wilcoxon test, p < 0.01 for all; p < 0.0001 for
9 of 10 proteins), confirming their robust contribution to this factor.

Top 10 Proteomics features driving Factor 1

APOC4 APOB GPC1 K7ER74 APOC3
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Figure 5. Top 10 proteomic features driving Factor 1, stratified by MetS case status. Z-scored protein
expression levels for the ten proteins with the highest loadings on Factor 1, compared between non-
cases (green) and MetS cases (red). Each point represents an individual sample; boxplots show
median and interquartile range. Statistical significance of between-group differences was assessed by
Wilcoxon rank-sum test.

Seven proteins were significantly elevated in MetS cases relative to non-cases, including
apolipoprotein B (APOB), apolipoprotein C4 (APOC4), glypican-1 (GPC1), serum amyloid
P component (SAMP), pigment epithelium-derived factor (PEDF), and two additional
features (K7ER74, CC150). In contrast, three proteins were significantly reduced in MetS
cases: adiponectin (ADIPO), apolipoprotein F (APOF), and 13L.145.

The direction of these associations was consistent with established MetS pathophys-
iology. Reduced circulating adiponectin, a well-characterized adipokine with insulin-
sensitizing and anti-inflammatory properties, is a hallmark of insulin resistance and visceral
adiposity, and its downregulation here recapitulates this known biology [25,26]. Conversely,
elevated APOB and APOCH4 reflect the atherogenic dyslipidemia characteristic of MetS,
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consistent with increased triglyceride-rich lipoprotein production and impaired lipid clear-
ance [27,28]. The elevation of SAMP, an acute-phase reactant, further supports a low-grade
chronic inflammatory state accompanying MetS, while increased PEDF is consistent with
prior reports linking this factor to obesity and insulin resistance [29].

Collectively, the proteins driving Factor 1 span lipid metabolism, adipokine signaling,
and inflammatory pathways, suggesting that this factor captures a coordinated axis of
metabolic and inflammatory dysregulation central to metabolic syndrome pathophysiology.

3.4. Study of Extreme Mets Cases

Clinical heterogeneity within the MetS cohort was independently characterized
using soft clustering to identify interpretable phenotypic patterns, separately from the
MOFA analysis.

3.4.1. Clustering Using Archetypal Analysis and Stability of Archetypes

The residual sum of squares (RSS) curve obtained from the soft clustering (archetypal
analysis) of the MetS subgroup showed a progressive decrease with an increasing number
of archetypes (Figure 6a). The RSS declined markedly up to k = 3, after which further
increases in the number of archetypes resulted in only marginal improvements in model fit,
indicating an elbow at three archetypes.

The stability of the archetypal solution was evaluated using the adjusted Rand index
(ARI) across a range of membership thresholds (Figure 6b). The three-archetype solution
showed the highest stability after the k = 2 solution across the different membership thresh-
olds. Stability increased progressively with more stringent membership thresholds, with
particularly high agreement observed for the three-archetype solution (k = 3) at thresholds
> 0.65, where the median ARI approached 1.0. A membership threshold of 0.70 was there-
fore selected to define extreme archetype membership, as stability for most of archetypes
was already high and had largely reached a plateau at this cutoff. Together, the RSS and
ARI analyses support the selection of three archetypes for the MetS subgroup, providing
an optimal balance between model fit, clustering stability, and biological interpretability.
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Figure 6. Cont.
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Figure 6. RSS elbow method and archetype stability analyses for the MetS subgroup. (a) Bar plot
showing the residual sum of squares (RSS) for archetype models ranging from k = 1 to k = 10, based on
100 iterations. (b) Archetype stability assessed using the adjusted Rand index (ARI) across different
membership thresholds for models with k = 1-10. The three-archetype solution demonstrated the
best balance between model fit and clustering stability.

3.4.2. Archetypes Associated with Clinical Variables

Within the MetS subgroup (n = 582), archetypal analysis identified three clinically
interpretable extreme archetypes (M1, n = 47; M2, n = 38; M3, n = 68) and a mixed-etiology
group (n = 429) (Figure 7). MetS participants had a median age of 64 years and were pre-
dominantly male (62%) (Supplementary Table S4). Significant differences were observed
across the key clinical variables among the archetypal groups (p < 0.001). Radar plots
(Figure 7a) illustrate variation in the clinical and cardiometabolic characteristics across
the three archetypes, highlighting their differing and clinically interpretable metabolic
profiles. These differences were further supported by the heatmap analysis (Figure 7b),
which illustrates associations between the archetypes and clinical variables based on pair-
wise Mann-Whitney U tests, showing both the direction and magnitude of differences
across archetypes. The distribution of participants across the archetypal profiles (Figure 7c)
showed that most individuals with MetS were classified within the mixed-etiology group
(73.7%), whereas smaller proportions exhibited extreme archetypal profiles: M1 (8.1%), M2
(6.5%), and M3 (11.7%). Collectively, these findings highlight substantial cardiometabolic
heterogeneity within the MetS population, with a predominance of mixed profiles along-
side smaller, clinically interpretable extreme phenotypes. The characteristics of the three
archetypes are summarized below.
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Figure 7. (a) Radar plots illustrate clinical variable profiles across three extreme archetypes and mix
etiology in the MetS (1 = 582). (b) The heatmap of archetypes and clinical variables among MetS
(pairwise comparison using Mann-Whitney U test). In this heatmap, red indicates higher values and

blue indicates lower values for each clinical variable, while asterisks denote statistically significant
differences (* p < 0.05, ** p < 0.01, ** p < 0.001). Estimate corresponds to the regression coefficient
(B), with its sign indicating the direction of association with archetypal membership. (c) Pie chart
showing the distribution of archetypes within the MetS group.

Archetype M1 (8.1%) represented the most adverse obesity—hyperglycemic phenotype.
It was predominantly male and characterized by insulin resistance, hyperinsulinemia,
obesity grades 1-3, impaired glycemia or newly diagnosed diabetes, inflammation,
dyslipidemia (high TG, low HDL), and mostly optimal/normal blood pressure.
Archetype M2 (6.5%) represented an older, female profile with relatively favorable
MetS features, including normal weight/preadipose, mostly normal glycemia with
some IFG/IGT, optimal/normal blood pressure, dyslipidemia (high LDL/cholesterol),
high HDL, and relatively preserved insulin sensitivity.

Archetype M3 (11.7%) represented a male-predominant, hypertension-dominant phe-
notype characterized by high-normal blood pressure/hypertension grade 1, greater
height, elevated creatinine, dyslipidemia (high TG/LDL), preadipose/obesity grade 1,
and largely normal glycemia.

The mixed-etiology group showed an intermediate, heterogeneous profile, with mostly
preadipose/obesity grade 1, mainly normal glycemia, and blood-pressure categories
ranging from optimal/normal to high-normal or hypertension grade 1. This group
was further characterized by classifying participants according to their highest and
second-highest archetype membership weights, as shown in Figure 8.
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Figure 8. A heatmap of clinical associations across 6 mixed etiology groups, each categorized by their
respective primary and secondary archetypes groups (pairwise comparison using Mann-Whitney U
test). The heatmap colors represent both the direction and strength of the group differences where red
denotes higher values and blue indicates lower values in the respective group (* p < 0.05, ** p < 0.01,
*** p < 0.001). Estimate corresponds to the regression coefficient (), with its sign indicating the direc-
tion of association with archetypal membership. By comparing different intermediate combinations,
we found that participants with M1 as the primary archetype, such as M1M2 or M1M3, showed higher
2 h glucose, 2 h insulin, BMI, fasting insulin, HOMA-IR, and HOMA-B, along with lower insulin
sensitivity indices. Participants with M2 (M2M1/M2M3) as the primary archetype showed higher
HDL and lower weight, WHR, and creatinine. Participants with M3 as the primary archetype, such as
M3M1 or M3M2, showed lower 2 h glucose and 2 h insulin, but higher SBP. The mixed groups also
reflected the key characteristics of their corresponding extreme archetypes.

3.4.3. Metaboloite and Proteiomics Association with MetS

The extreme archetypes captured a gradient of metabolic and inflammatory profiles,
as shown in Figure 9. Detailed results are presented in Supplementary Tables S5 and S6.
Archetype 1 was characterized by a triglyceride-rich, inflammatory metabolic state, with
higher levels of amino acids (glutamate, isoleucine, and valine), triglycerides, and inflam-
matory proteins (LBP, CRP, and LG3BP), accompanied by lower levels of several lysophos-
phatidylcholines (lysoPCaC18:1, lysoPCaC17:0, and lysoPCaC16:0) and apolipoproteins
(APOF, APOM, and APOD). Archetype 2 showed lower triglyceride levels together with
higher PSD1, NUFP2, IL3L145, APOF, APOM, and APOD, suggesting an apolipoprotein-
enriched lipid-remodeling profile. Archetype 3 was characterized by higher levels of
lysophosphatidylcholines (lysoPCaC18:0, lysoPCaC16:1, lysoPCaC14:0, and lysoPCaC18:2)
and apolipoproteins (APOF and APOM), together with lower levels of amino acids (gluta-
mate and isoleucine) and inflammatory markers (LBP, LG3BP, and H1). Overall, the
archetypes were primarily distinguished by differences in triglyceride, phospholipid,
apolipoprotein, and inflammatory profiles. Notably, PSD1, NUFP2 and LG3BP were ele-
vated in Archetyps; given that the biological role of these protein in MetS remains poorly
characterized, their potential relevance warrants further investigation.
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Figure 9. Molecular features associated with the three archetypes. Associations between continuous
archetype membership scores and individual omics features were assessed using linear regression.
The figure presents the top 10 molecular features (metabolites and proteins) for each archetype,
selected based on the largest absolute regression coefficients among statistically significant associations
(FDR < 0.05). The reported estimate represents the regression coefficient (B), with its sign indicating
the direction of association with archetype membership. Colors indicate the direction and magnitude
of differences across archetypes, with red representing higher and blue lower values in the respective
group, based on pairwise Mann-Whitney U tests. Significance levels are indicated as (* p < 0.05,
**p <0.01, ** p < 0.001).

4. Discussion

In this population-based analysis of the KORA FF4 cohort, we combined targeted
metabolomics, untargeted proteomics, integrative multi-omics modeling and soft-clustering
to characterize the molecular architecture and clinical heterogeneity of MetS. Three ma-
jor findings emerged. First, MetS was associated with widespread alterations across
metabolomic and proteomic profiles, with dysregulated lipid metabolism representing
the dominant molecular signature. Second, MOFA identified a latent molecular factor
strongly associated with MetS that was characterized by elevated diacylglycerols, branched-
chain amino acids, atherogenic apolipoproteins, and inflammatory proteins, indicating a
coordinated axis of insulin resistance, dyslipidemia, and low-grade inflammation. Third,
archetypal analysis of individuals with MetS phenotypes revealed interpretable clinical and
molecular profiles, with a subset of the metabolites and proteins contributing to the MOFA
factor associated with archetypal weights, providing evidence of molecular heterogeneity
within clinically defined MetS [3,10].

Dysregulated lipid metabolism as a central feature of MetS: The most consistent finding
across both metabolomic and proteomic analyses was the central role of lipid metabolism.
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Among metabolites, diacylglycerol species, triglyceride-related measures, ceramides, phos-
phatidylcholines, and cholesteryl esters showed the strongest associations with MetS and
its individual components [30,31]. Similarly, the strongest protein associations involved
apolipoproteins including APOB, APOC3, APOC4, APOE, APOF, and APOM [32,33].

These findings are consistent with the concept that impaired lipid handling repre-
sents a fundamental mechanism linking obesity to insulin resistance and cardiometabolic
disease [4,34]. The strong enrichment of diacylglycerol species is particularly noteworthy be-
cause diacylglycerols are not only biomarkers but also active mediators of insulin resistance
through activation of protein kinase C signaling pathways [35,36]. Elevated intracellular and
circulating diacylglycerols have been repeatedly linked to impaired insulin signaling in liver
and skeletal muscle [22]. The concurrent elevation of triglyceride-associated metabolites
and atherogenic apolipoproteins further suggests increased hepatic lipid flux and altered
lipoprotein metabolism as key components of the metabolic syndrome phenotype [37,38].

Branched-chain amino acids and insulin resistance: In addition to lipid-related metabo-
lites, leucine, isoleucine, glutamate, tyrosine, and other amino acid metabolites were strongly
associated with MetS-related traits. Elevated circulating branched-chain amino acids
(BCAAs) have emerged as one of the most reproducible metabolomic signatures of obesity,
insulin resistance, and future type 2 diabetes [39—41]. The enrichment of BCAAs within
the MetS-associated molecular signature likely reflects impaired amino acid catabolism,
mitochondrial dysfunction, and altered nutrient sensing pathways. Furthermore, the si-
multaneous elevation of BCAAs and diacylglycerol species observed in our study supports
accumulating evidence that perturbations in amino acid and lipid metabolism are closely
interconnected processes contributing to insulin resistance [24,42].

The metabolic signatures identified in this study may also have relevance to hepatic
metabolic dysfunction. Diacylglycerols are closely linked to hepatic lipid accumulation and
insulin resistance [36], while alterations in BCAA metabolism have been associated with
impaired hepatic mitochondrial function and metabolic dysfunction [23]. APOB reflects
hepatic lipoprotein production and lipid export, and alterations in PEDF have been linked to
hepatic steatosis and metabolic inflammation [27]. Together, these signals suggest potential
involvement of hepatic lipid handling and insulin-resistant pathways in the observed MetS
phenotype. However, as direct measures of liver function or steatosis were not available,
these findings do not establish hepatic steatosis or non-alcoholic fatty liver disease (NAFLD),
or metabolic dysfunction-associated steatotic liver disease (MASLD) and should be further
evaluated in studies incorporating liver-specific measures.

Integration of metabolomic and proteomic signals identifies a latent cardiometabolic
axis: A major strength of this study was the application of MOFA to integrate metabolomic
and proteomic datasets [9]. Although Factor 1 explained the largest proportion of over-
all variance and Factor 2 was largely proteome-specific, Factor 1 showed the strongest
association with MetS status and clearly discriminated cases from controls.

Interestingly, Factor 1 was driven predominantly by metabolomic variation, explaining
approximately 20.4% of metabolomic variance compared with only 0.29% of proteomic
variance. Nevertheless, the proteins contributing to this factor converged on biologically co-
herent pathways involved in atherogenic lipoprotein metabolism, adipose dysfunction, and
inflammation. This suggests that the factor represents a biologically meaningful molecular
program rather than a statistical artifact.

The metabolomic component of Factor 1 was dominated by diacylglycerols, triglyceride-
related measures, and BCAA, while the proteomic component was characterized by el-
evated APOB, APOC4, PEDF, SAMP, and reduced adiponectin and APOF. Collectively,
these molecules define a molecular continuum linking excess lipid accumulation, insulin
resistance, dyslipidemia, and inflammation. Rather than representing independent disease
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mechanisms, our findings suggest that these processes occur as coordinated components of
a shared pathophysiological axis underlying MetS. Within this axis, adipose tissue dysfunc-
tion and low-grade inflammation emerged as important molecular features.

Adipose tissue dysfunction and low-grade inflammation: Several proteins identified
in both the association analyses and MOFA support the role of adipose tissue dysfunc-
tion and chronic inflammation in MetS. The strongest inverse association was observed
for adiponectin, a well-established insulin-sensitizing adipokine. Reduced adiponectin
levels are characteristic of visceral obesity and contribute to impaired glucose regulation,
endothelial dysfunction, and inflammation [25,26,43].

Conversely, elevated levels of SAMP, C-reactive protein, complement-related proteins,
and PEDF indicate activation of inflammatory pathways. Although MetS has traditionally
been viewed as a metabolic disorder, increasing evidence suggests that chronic low-grade
inflammation is a critical contributor to disease progression [29,44,45]. The integration of
inflammatory proteins with lipid-related metabolites within Factor 1 further supports the
concept of “metaflammation” as a unifying mechanism linking obesity to cardiometabolic
disease [34,46].

Clinical and molecular heterogeneity within metabolic syndrome: Although MetS
is defined by a relatively simple set of clinical criteria, our archetypal analysis revealed
substantial clinical heterogeneity, with three archetypes representing obesity-hyperglycemic,
lipid-dominant, and hypertension-dominant phenotypes. These archetypes capture clinical
extremes along the MetS continuum and were associated with interpretable patterns in
the core metabolomic and proteomic signatures. The obesity—hyperglycemic archetype
(M1) displayed the most adverse cardiometabolic profile, characterized by higher BCAAs
and several triglyceride species, reduced lysoPCs, and a proteomic pattern consistent with
greater inflammatory and metabolic disturbance, including higher LBP, LG3BP, CRP, and
AFAM and lower ADIPO and APOF. In contrast, the lipid-dominant archetype (M2) showed
a distinct lipid-related molecular profile, including lower levels of several triglyceride species
and differences in proteins related to lipid metabolism and metabolic regulation, such
as ADIPO, APOF, PEDF, PSD1, NUFP2, 131145 and AFAM. The hypertension-dominant
archetype (M3) showed a predominantly blood-pressure-related profile, characterized by
higher lysoPCs, lower Glu and Ile, higher APOF, APOM, HPTR, and ZA2G, and lower levels
of inflammatory-related proteins including LG3BP, CRP, LBP, and AFAM. These findings
reinforce the growing recognition that MetS is not a homogeneous entity. Individuals
fulfilling identical diagnostic criteria may differ considerably in underlying mechanisms, risk
trajectories, and potentially treatment responses. Similar heterogeneity has been observed
in data-driven diabetes subclassification studies, where clinically meaningful subgroups
exhibit different disease progression and complication risks [1,47,48]. Such heterogeneity
may partly explain the limited success of one-size-fits-all preventive strategies.

Clinical implications: Our findings suggest that multi-omics approaches may enhance
the biological characterization of MetS beyond traditional clinical definitions. The identifi-
cation of latent molecular factors and distinct archetypal subgroups raises the possibility
of more precise risk stratification approaches. Diacylglycerols, BCAA, adiponectin, APOB,
and APOC4 emerged as candidate biomarkers that may help identify individuals with
metabolically adverse forms of the syndrome before overt disease develops.

Strengths and limitations: The strengths of this study include the large population-
based cohort, the comprehensive characterization of participants, the simultaneous as-
sessment of 388 metabolites and 842 proteins, and the use of complementary analytical
approaches including regression modeling, MOFA, and archetypal clustering. The integra-
tion of molecular and clinical data enabled investigation of both biological and phenotypic
heterogeneity within MetS.
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Several limitations should also be acknowledged. The cross-sectional design precludes
causal inference and assessment of temporal relationships between molecular signatures,
MetS development, and whether mixed profiles represent transitional stages toward spe-
cific archetypes. Soft clustering revealed structured phenotypic variation that was most
clearly expressed at the archetypal extremes. Nevertheless, the mixed-etiology group was
substantially larger and more heterogeneous, limiting its interpretation as a single clinically
meaningful profile. Replication in independent cohorts is currently limited because the
metabolomic and proteomic measurements in KORA FF4 were generated using newer assay
kits and measurement methods that are not directly comparable with those used in the
F4 study. Furthermore, although MOFA successfully identified a MetS-associated latent
factor, the variance explained within the proteomic layer was relatively modest, indicat-
ing that additional omics layers may provide further biological insights. Medication data
were available only as binary indicators (yes/no), limiting assessment of treatment effects.
More detailed medication data will be important in future studies. ALT and AST were not
available in our cohort, limiting the assessment of liver-specific clinical characteristics and
potential hepatic contributions to the identified metabolic profiles.

5. Conclusions

In conclusion, integrated metabolomic and proteomic profiling revealed coordinated
alterations in lipid and branched-chain amino acid metabolism, adipokine signaling, and
inflammatory pathways in MetS. MOFA further identified a latent molecular factor char-
acterized by elevated diacylglycerols, triglyceride-related metabolites, and atherogenic
apolipoproteins, together with reduced adiponectin, highlighting a molecular axis asso-
ciated with insulin resistance and cardiometabolic dysfunction. Furthermore, archetypal
analysis of clinically MetS cases revealed three extreme clinically interpretable profiles, with
selected metabolites and proteins contributing to the MOFA factor also showing signifi-
cant associations with archetypal weights. These findings suggest that shared molecular
signatures may underlie clinically heterogeneous MetS presentations. Overall, our results
provide insight into the molecular and clinical heterogeneity of MetS and support the
value of multi-omics approaches for improved characterization and future stratification of
cardiometabolic risk.
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and handling of missing data in clinical variables, proteomics and metabolomics, Supplementary Table:
Supplementary Table S1: Logistic and linear regression models were used to evaluate associations
between circulating metabolite levels and MetS status (n = 810). Shown are the metabolite name,
metabolite class, regression coefficient (B), standard error (SE), odds ratio (OR), nominal p-value,
and FDR-adjusted g-value. Supplementary Table S2: Logistic and linear regression models were
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(OR), nominal p-value, and FDR-adjusted g-value. Supplementary Table S3a: Variance explained
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Appendix A. Methods

As shown in the flowchart (Figure S1), 28 clinical variables were used in this study. The
KORA FF4 cohort initially comprised 2279 individuals. Participants with missing values
were excluded (n = 358), and the pattern of missing data is illustrated in the flowchart
(Figure S1). After data cleaning, 1921 participants remained, of whom 582 were classified
as having MetS and 1339 as controls according to the IDF 2009 definition (Figure S1).

Continuous variables included age, weight, height, Body Mass Index (BMI), Waist-
Hip-Ratio (WHR), HbA1c, hsCRP, 2 h insulin, fasting serum insulin, fasting glucose, 2 h
glucose, HOMAZ2-IR, HOMA2-B, HOMAZ2-S, Quantitative Insulin Sensitivity Check In-
dex (QUICKI), total cholesterol, creatinine, triglycerides (TG), High-Density Lipoprotein
(HDL), Low-Density Lipoprotein (LDL), systolic blood pressure (SBP), and diastolic blood
pressure (DBP). Categorical variables included sex, Obesity based on BMI categories, WHR
categories, hypertension status, metabolic syndrome status, and diabetes status.

Definition of homeostasis model

Insulin resistance, beta cell function, and insulin sensitivity were estimated using the
Homeostasis Model Assessment 2 (HOMA2). HOMA2-IR, HOMA2-B, and HOMA2-S were
calculated from fasting glucose and fasting insulin values using the HOMA2 Calculator
(version 2.2.3; Diabetes Trials Unit, University of Oxford, Oxford, UK [49].

Definition of categorical variables

BMI categories (WHO): According to the World Health Organization (WHO), body
mass index (BMI) was categorized as underweight (<18.5 kg/m?), normal weight
(>18.5-<25 kg/m?), overweight (>25-<30 kg/m?), obese, grade 1 (>30-<35 kg/m?),
obese, grade 2 (>35-<40 kg/m?), obese, grade 3 (>40 kg/m?) [50].

WHR categories: Waist-to-hip ratio (WHR) was classified as elevated when up = Men
>=1(m/m)/Women >= 0.85(m/m), down = Men < 1(m/m)/Women < 0.85(m/m).

Hypertension status (WHO): Hypertension status was classified following WHO
1999 criteria as optimal (<120/80 mmKHg), normal (>120/80-<130/85 mmHg), high nor-
mal (>130/85-<140/90 mmHg), Hyp.grade 1 (>140/90-<160/100 mmHg), Hyp.Grade 2
(=160/100-<180/110 mmHg), Hyp.Grade 3 (>180/110 mmHg) [51].

Diabetes status (WHO): Diabetes status was determined using the 1999/2006 WHO
criteria, classifying individuals as normoglycaemic (fasting glucose <6.1 mmol/L and 2 h
glucose <7.8 mmol/L), prediabetic [isolated impaired fasting glucose (IFG): fasting glucose
6.1-6.9 mmol/L and 2 h glucose <7.8 mmol/L; isolated impaired glucose tolerance (IGT):
fasting glucose <6.1 mmol/L and 2 h glucose 7.8-11.0 mmol/L; or combined IFG and IGT], or
newly diagnosed diabetes (fasting glucose >7.0 mmol/L or 2 h glucose >11.1 mmol/L) [52].
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