
R E S E A R C H Open Access

© The Author(s) 2025. Open Access  This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you 
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the 
licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or 
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit ​h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​
v​e​c​​o​m​m​​o​n​s​.​​o​r​​g​/​l​​i​c​e​​n​s​e​s​​/​b​​y​-​n​c​-​n​d​/​4​.​0​/.

Kim et al. Nutrition Journal          (2025) 24:128 
https://doi.org/10.1186/s12937-025-01189-3

Nutrition Journal

†Minyeong Kim and Suyeon Lee contributed equally as co-first 
authors.

*Correspondence:
Dayeon Shin
dyshin@inha.ac.kr

Full list of author information is available at the end of the article

Abstract
Background  Despite advances in metabolomics, the complex relationship between metabolites and nutrient intake 
in metabolic syndrome (MetS) remains poorly understood in the Korean population.

Objective  This study aimed to characterize the metabolomic profiles and nutrient intake associated with MetS and 
to examine their relationships in the Ansan-Ansung cohort of the Korean Genome and Epidemiology Study (KoGES).

Methods  Data from 2,306 middle-aged adults (1,109 men and 1,197 women) in the KoGES Ansan-Ansung cohort 
were analyzed. Plasma metabolites were measured using liquid chromatography-mass spectrometry, identifying 135 
metabolites. Nutrient intake was assessed using a validated semi-quantitative food frequency questionnaire covering 
23 nutrients. MetS-associated metabolites and nutrients were identified using the Wilcoxon rank-sum test, logistic 
regression, partial least squares-discriminant analysis, and group least absolute shrinkage and selection operator 
analysis. Pathway enrichment analysis identified key metabolic pathways, and fixed-effects models were applied to 
assess metabolite–nutrient relationships based on MetS status.

Results  Eleven metabolites, including hexose (FC = 0.95, P = 7.04 × 10–54), alanine, and branched-chain amino acids, 
and three nutrients including fat, retinol, and cholesterol, were significantly associated with MetS (FC range = 0.87–
0.93; all P < 0.05). Pathway analysis highlighted disruptions in arginine biosynthesis and arginine–proline metabolism. 
The MetS group exhibited six unique metabolite–nutrient pairs that were not observed in the non-MetS group, 
including ‘isoleucine–fat,’ ‘isoleucine–P,’ ‘proline–fat,’ ‘leucine–fat,’ ‘leucine–P,’ and ‘valerylcarnitine–niacin.’ Notably, 
dysregulated metabolism of branched-chain amino acids, such as isoleucine and leucine, has been implicated in 
oxidative stress. Importantly, the stochastic gradient descent classifier achieved the best predictive performance 
among the eight machine learning models (area under the curve, AUC = 0.84), highlighting the robustness of 
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Introduction
The prevention and management of metabolic syndrome 
(MetS) pose increasing challenges to public health due 
to its rising global prevalence [1]. MetS is a cluster of 
metabolic abnormalities—including abdominal obe-
sity, elevated blood pressure, high fasting glucose levels, 
hypertriglyceridemia, and low high-density lipoprotein 
(HDL) cholesterol—that collectively increase the risk of 
chronic conditions such as cardiovascular disease, type 
2 diabetes, and chronic kidney disease [2]. In Korea, the 
prevalence of MetS reached 24.9% in 2021, with a con-
current increase in diabetic kidney disease from 12.4% 
in 2015 to 25.4% in 2021 [3, 4]. This trend highlights the 
urgent need for effective strategies to detect and manage 
MetS, especially in high-risk populations.

Recent studies have highlighted the relevance of 
metabolomics in uncovering the pathophysiology of 
MetS. Specific metabolites, such as phosphatidylcholines 
(PCs) and sphingolipids, are positively associated with 
lipid abnormalities, while acylcarnitines and amino acids 
are inversely correlated with obesity markers [5]. Nota-
bly, lysoPC a C18:2 has emerged as a potential biomarker 
associated with all five MetS components and linked to 
impaired glucose metabolism and increased cardiovas-
cular risk [6–8]. These findings suggest that metabolomic 
profiling could enhance early identification of individuals 
at risk of MetS.

Lifestyle modifications, particularly dietary changes, 
are recommended as the first-line treatment strategy for 
managing MetS. Despite extensive research on dietary 
influences, establishing causal links between nutrient 
intake and MetS remains challenging due to inconsis-
tent findings from clinical trials. For example, a literature 
review on single nutrients and MetS found that inter-
vention trials showed that taking vitamin D and calcium 
supplements together was effective in patients with glu-
cose intolerance, whereas randomized controlled trials 
reported inconsistent clinical improvements with vitamin 
D supplementation [9]. Although specific dietary inter-
ventions, such as improving food quality [10] or altering 
macronutrient distribution [11], have shown promise in 

managing MetS and its components, optimal nutritional 
strategies for MetS prevention are still unclear.

Current healthcare primarily focuses on treating 
patients after disease onset, which is both costly and less 
effective for managing chronic and late-stage diseases. 
Thus, as traditional healthcare approaches often fall 
short in addressing individual variability, there is grow-
ing emphasis on personalized strategies. Metabolomics 
offers a powerful tool for capturing molecular signatures 
reflective of diet and metabolic health, providing oppor-
tunities for precision nutrition and individualized risk 
prediction [12, 13]. Precision nutrition involves tailoring 
dietary interventions based on metabolic responses to 
specific nutrients or dietary patterns. As noted in previ-
ous studies, metabolites associated with strict adherence 
to Mediterranean and Nordic diets—such as carnitines, 
sphingomyelins, and phospholipids—are derived from 
endogenous metabolism and have been linked to car-
diometabolic risk markers including blood pressure and 
insulin resistance [13]. These findings suggest the poten-
tial of metabolomics to inform tailored dietary strategies 
for managing complex conditions such as MetS. Further-
more, beyond informing interventions, metabolomic 
profiling can enhance the accuracy of dietary assessments 
themselves. Particularly in nutritional epidemiology, 
integrating metabolomic biomarkers can improve assess-
ments beyond self-reporting methods [14]. Considering 
the rising prevalence of MetS and its associated health 
risks, there is an urgent need for effective diagnostic 
and prognostic tools. Therefore, developing a prediction 
model based on serum metabolomic profiles represents a 
promising avenue for enhancing early detection and per-
sonalized risk stratification of MetS, ultimately improv-
ing clinical outcomes through tailored interventions [15].

Although previous studies have examined the asso-
ciations between metabolic profiles and individual 
components of MetS in Korean populations [16–20], 
comprehensive analyses directly linking MetS status to 
metabolite–nutrient interactions remain limited. More-
over, to our knowledge, no study has applied a machine 
learning approach using metabolite profiles to predict 

classification based on metabolite data. However, the absence of external validation limits the generalizability of these 
findings.

Conclusions  This comprehensive metabolomic analysis of the KoGES Ansan-Ansung cohort revealed distinct 
metabolic profiles and nutrient intake patterns associated with MetS, highlighting altered metabolite–nutrient 
relationships and disrupted metabolic pathways. These findings provide new insights into potential associations 
between metabolic phenotypes and dietary intake, which may help inform individualized dietary approaches related 
to MetS, such as branched-chain amino acids-restricted diets (valine, isoleucine, leucine), reduced intake of hexose-
rich carbohydrates, and modulation of niacin-rich protein sources according to individual metabolic profiles.

Keywords  Metabolic syndrome, Metabolic biomarkers, Nutrients, Machine learning algorithms, Personalized 
nutrition, Precision nutrition
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MetS within a Korean cohort. In addition, although some 
studies have examined the associations among MetS, 
metabolic profiles, and dietary intake, most of these 
investigations have primarily focused on non-Korean 
populations [21–23].

In view of the complexity of MetS as a multifacto-
rial condition, integrating insights from multiple bio-
logical domains through advanced omics technologies 
is crucial for a deeper understanding of its underlying 
mechanisms. We hypothesize that MetS alters metabo-
lite-nutrient interactions, with distinct profiles in Korean 
adults detectable via metabolomics. To address this gap, 
the present study investigates the associations between 
serum metabolite levels, nutrient intake, and MetS in 
middle-aged Korean adults. Additionally, it aims to 
develop and validate a prediction model for MetS based 
on metabolomic profiles, providing a robust tool for early 
identification and intervention strategies tailored to the 
Korean population.

Methods
Study design and participants
This study utilized data from the Korean Genome and 
Epidemiology Study (KoGES), conducted by the Korea 
National Institute of Health, which collects comprehen-
sive information on demographic variables, health sta-
tus, medical history, biochemical variables, genotypes, 
and metabolites [24]. The baseline survey was con-
ducted between 2001 and 2002, with follow-up surveys 
conducted biennially over a span of 20  years. Although 
KoGES is a prospective cohort study with repeated fol-
low-up surveys, this study utilized data from a single 
time point (2005–2006) because plasma metabolite data 
were only available for the specific period. Therefore, 
this study was designed as a cross-sectional analysis and 
was limited to the 7,515 individuals who participated in 
2005–2006. The response rate at the second follow-up 
was 76.0%, and no notable differences in baseline char-
acteristics were observed between respondents and non-
respondents (i.e., those who participated in the baseline 
survey only) [24].

A flowchart of the study population is presented in 
Fig. 1. From the initial cohort of 7,515 participants, exclu-
sions were made based on the following criteria: absence 
of plasma metabolite data (n = 5,085), missing dietary 
information (n = 14), incomplete MetS components data 
(n = 101), and missing demographic details, including sex, 
age, and body mass index (BMI; n = 9). Consequently, a 
total of 2,306 participants, comprising 1,109 men and 
1,197 women, were included in the final analysis. This 
study was approved by the Institutional Review Board 
of Inha University on March 20, 2024 (protocol number: 
240307-1A). Patients and members of the public were not 

involved in the design, conduct, reporting, or dissemina-
tion of this study.

Definition of MetS
The criteria for MetS diagnosis were based on the 
National Cholesterol Education Program Adult Treat-
ment Panel III (NCEP ATP III) guidelines [25], with 
waist circumference cutoffs established by the Korean 
Society for the Study of Obesity [26]. The NCEP ATP III 
guidelines are still widely used in epidemiological stud-
ies and have been applied to diverse populations, includ-
ing Korean cohorts. Because the international standard 
cutoffs for waist circumference have been reported to 
be inappropriate for Asians, including Koreans [27], eth-
nicity-specific values were applied to accurately reflect 
the metabolic risk associated with abdominal obesity in 
the Korean population. MetS was defined as the pres-
ence of at least three of the following five risk factors: 
(1) waist circumference ≥ 90 cm for men and ≥ 85 cm for 
women, (2) triglyceride levels ≥ 150 mg/dL, (3) HDL cho-
lesterol < 40  mg/dL for men and < 50  mg/dL for women, 
(4) systolic blood pressure ≥ 130  mmHg, diastolic blood 
pressure ≥ 85  mmHg, history of hypertension, use of 
antihypertensive medication, or ongoing hypertension 
treatment, and (5) fasting blood glucose > 100  mg/dL, a 
diabetes diagnosis, ongoing diabetes treatment, insulin 
therapy, or oral diabetes medication.

Metabolite measurement
Targeted metabolomics was performed using electro-
spray ionization liquid chromatography–mass spectrom-
etry (ESI-LC/MS) and tandem mass spectrometry (MS/
MS) with the AbsoluteIDQ™ p180 kit (BIOCRATES Life 
Sciences AG, Innsbruck, Austria). This kit enables the 
quantification of 40 acylcarnitines, 21 amino acids, 19 
biogenic amines, 1 hexose, 90 glycerophospholipids, and 
15 sphingolipids. All measurements were carried out 
strictly following the manufacturer’s protocol (Manual 
UM-P180). The assay procedures of the AbsoluteIDQ™ 
p180 kit, as well as the metabolite nomenclature, have 
been described in detail previously [16]. Briefly, 10 µL 
of serum was aliquoted onto a 96-well plate with a filter, 
followed by metabolite extraction. The extracts were ana-
lyzed by flow injection analysis–tandem mass spectrom-
etry for acylcarnitines, hexose, glycerophospholipids, 
and sphingolipids in both positive (acylcarnitines, glyc-
erophospholipids, and sphingolipids) and negative (hex-
ose) ion modes. Amino acids and biogenic amines were 
quantified using liquid chromatography–tandem mass 
spectrometry in positive ion mode. Metabolite concen-
trations were automatically measured using the MetVal™ 
software package (BIOCRATES Life Sciences AG), with 
internal standards serving as references for concentra-
tion calculations, and were expressed in µM. The quality 
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of metabolite data was assessed based on the following 
criteria: (1) coefficient of variation for each metabolite 
in the reference standards < 25%, (2) at least half of the 
analyzed metabolite concentrations in the reference stan-
dards exceeding the limit of detection, and (3) at least half 
of the analyzed metabolite concentrations in the experi-
mental samples exceeding the limit of detection [19, 20]. 
Quality control was performed by the KoGES team prior 
to data release, and only metabolites meeting predefined 
analytical standards were provided to researchers. Fol-
lowing the exclusion of 51 metabolites that did not meet 
quality control standards, a total of 135 metabolites were 
included in the final analysis. These comprised 13 acyl-
carnitines, 21 amino acids, 10 biogenic amines, 1 hexose, 
78 glycerophospholipids, and 12 sphingolipids.

Dietary assessment
Dietary information was collected at baseline using a 
semi-quantitative food frequency questionnaire (FFQ), 
which included 106 food items and reference amounts 
commonly consumed by Koreans to assess the annual 

average intake frequency and quantity [28]. The intake 
frequency of each food item was recorded at nine lev-
els: almost never, once per month, two to three times per 
month, one to two times per week, three to four times 
per week, five to six times per week, and once, twice, or 
three times per day. In addition, intake amounts were 
classified as large, medium, or small. Daily nutrient 
intake was estimated using the Korean Food Composi-
tion Table  [29], which evaluated total energy intake in 
calories along with 22 nutrients—protein, fat, carbohy-
drate, calcium, phosphorus, iron (Fe), potassium, vitamin 
A, sodium, vitamin B1, vitamin B2, niacin, vitamin C, 
zinc, vitamin B6, folate, retinol, carotene, ash, fiber, vita-
min E, and cholesterol. In this study, we included all 23 
nutrients systematically assessed in the KoGES dataset, 
including total energy and the 22 macro- and micronu-
trients. These were selected not based on a hypothesis-
driven approach but to comprehensively capture the full 
nutritional information available from the validated FFQ 
and food composition table.

Fig. 1  Flowchart illustrating the participant selection process
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Statistical analyses
Descriptive analysis
Descriptive summaries of the demographic and clini-
cal characteristics were generated for participants with 
and without MetS. Differences in continuous variables 
between the MetS and non-MetS groups were assessed 
using the Wilcoxon rank-sum test, with results expressed 
as means and standard deviations. Categorical variables 
were analyzed using the chi-square test and presented as 
frequencies and percentages.

Differential metabolite and nutrient identification
The intake of each metabolite and nutrient was log-trans-
formed and standardized to a z-score. Four complemen-
tary methods—the Wilcoxon rank-sum test, partial least 
squares-discriminant analysis (PLS-DA), logistic regres-
sion, and group least absolute shrinkage and selection 
operator (LASSO)—were used to identify metabolites 
associated with MetS. Each method provides a unique 
perspective on the data and reveals distinct patterns of 
association. For nutrient intake, only the Wilcoxon rank-
sum test and PLS-DA were applied, whereas all four 
methods were used for metabolite analysis. The Wil-
coxon rank-sum test was used to evaluate univariate dif-
ferences between the MetS and non-MetS groups using 
the R package stats. The PLS-DA, implemented using the 
R package mixOmics, was used to identify metabolites 
that best distinguished the two groups based on the first 
latent variable, with importance assessed by the variable 
importance in projection (VIP) score (VIP > 1). Logistic 
regression and group LASSO were applied exclusively 
to metabolites, with logistic regression models adjusted 
for age, sex, and BMI. Covariates were selected based 
on their established roles as biological determinants 
of MetS. Age and sex are known to influence hormonal 
regulation, fat distribution, and insulin sensitivity, which 
are key factors in MetS pathophysiology [30]. Addition-
ally, indicators of adiposity such as BMI have been con-
sistently associated with MetS, insulin resistance, and 
metabolic profiles [5]. P-values ​​were corrected for multi-
ple comparisons using the Benjamini–Hochberg method. 
Group LASSO, implemented using the R package glm-
net, further explored sub-pathway differences by map-
ping the metabolites to the Kyoto Encyclopedia of Genes 
and Genomes (KEGG) pathways [31] and the Human 
Metabolome Database (HMDB, http://www.hmdb.ca) 
[32]. Group LASSO was employed to explore metabo-
lite sub-pathway differences by matching metabolites to 
KEGG and HMDB pathways, resulting in the inclusion 
of 41 metabolites in the analysis. The analysis was con-
ducted using matched metabolites as predictors (X) and 
MetS status as the outcome variable (Y), with metabo-
lites grouped according to KEGG and HMDB pathways. 
A binary logistic regression model with group penalties 

was applied using the R package gglasso, and significant 
metabolites associated with MetS were identified based 
on the model coefficients.

To compare the results across the different meth-
ods (Wilcoxon, logistic regression, PLS-DA, and group 
LASSO), the overlapping metabolites and nutrients iden-
tified by each model were visualized using Venn diagrams 
in the R VennDetail package. Each method was chosen 
for its distinct analytical strength: the Wilcoxon rank-sum 
test identified unadjusted group differences in metabolite 
and nutrient levels; logistic regression assessed adjusted 
associations with MetS while controlling for age, sex, 
and BMI; PLS-DA was employed to identify variables 
contributing to group separation; and group LASSO was 
applied to select entire sub-pathways, enabling pathway-
level interpretation by accounting for within-pathway 
correlation structures. This approach allowed for the 
identification of variables that were consistently impor-
tant across multiple methods, as well as those unique to 
specific models. The use of Venn diagrams facilitated the 
interpretation of intersections and differences between 
the methods, providing insights into their respective con-
tributions to identifying key variables.

Pathway enrichment analysis
Pathway enrichment analysis was conducted using the 
KEGG database and MetaboAnalyst 6.0 ​(​​​h​t​t​p​:​/​/​w​w​w​.​m​
e​t​a​b​o​a​n​a​l​y​s​t​.​c​a​/​​​​​)​. Metabolites were mapped to KEGG 
pathways using the R package KEGGREST to validate 
annotations and confirm their biological relevance to 
metabolic pathways, resulting in the inclusion of 41 
annotated metabolites, comprising five acylcarnitines, 
21 amino acids, 10 biogenic amines, and one hexose. 
Enrichment analysis was then performed on the signifi-
cant metabolites identified by each method—Wilcoxon, 
logistic regression, PLS-DA, and group LASSO—
using MetaboAnalyst 6.0 to determine their pathway 
associations.

Correlation analysis
Spearman’s rank correlation was used to assess the asso-
ciations between metabolites and nutrients, with the 
results visualized using the R package corrplot. Corre-
lation networks were constructed to explore the rela-
tionships among metabolites, nutrients, and MetS 
components, providing insights into their interconnec-
tions and potential influences.

Machine learning-based classification models
To comprehensively evaluate modeling approaches suit-
able for metabolite-based prediction of MetS, we selected 
eight machine learning (ML) algorithms based on their 
demonstrated suitability for metabolomics data, char-
acterized by high dimensionality, multicollinearity, 

http://www.hmdb.ca
http://www.metaboanalyst.ca/
http://www.metaboanalyst.ca/
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and complex biochemical interactions. Logistic regres-
sion (LR) and stochastic gradient descent (SGD) were 
included for their interpretability and scalability. These 
linear models are widely used in metabolomics due to 
their ability to handle large numbers of predictors while 
maintaining transparent model structures. Regulariza-
tion allows LR and SGD to identify a parsimonious set of 
predictive metabolites, which facilitates biological inter-
pretation and clinical translation [33]. The support vector 
machine (SVM) was selected for its strong performance 
in classifying nonlinear relationships between metabolic 
features and disease states. Kernel-based SVMs have 
been shown to accurately discriminate metabolic profiles 
associated with MetS and related phenotypes by project-
ing complex patterns into higher-dimensional space [34]. 
Random forest (RF) and AdaBoost (ADB) are ensemble 
learning algorithms that are particularly effective in 
metabolomics, where predictor variables are correlated 
and biological signals are embedded in noisy, heteroge-
neous data. RF identifies key metabolites through inter-
nal feature ranking, aiding biomarker discovery, while 
ADB enhances classification performance by focusing 
on samples with borderline metabolic signatures [34, 
35]. K-nearest neighbors (KNN) was included as a non-
parametric model that classifies individuals based on 
the overall similarity of their metabolic profiles. KNN 
has demonstrated competitive performance in metabo-
lomics-based MetS classification tasks, especially when 
using curated panels of metabolites with strong biologi-
cal signals [15]. Naïve Bayes (NB) is a probabilistic clas-
sification algorithm based on Bayes’ Theorem and the 
assumption of conditional independence among features. 
It offers fast computation and is known to perform rela-
tively well, particularly when the training dataset is lim-
ited. In metabolomics, NB can serve as a lightweight 
baseline classifier for exploratory analyses or preliminary 
screening, especially when computational efficiency and 
interpretability are prioritized [36]. Deep neural network 
(DNN) is suited to metabolomics data because it can cap-
ture complex, nonlinear interactions among metabolites 
through multilayer architectures. Their ability to learn 
hierarchical representations allows them to model intri-
cate biological relationships embedded in omics data, 
which has led to superior classification performance in 
recent metabolomics and multi-omics disease classifica-
tion studies [37]. All models were implemented in R, ver-
sion 4.4.1, utilizing established packages.

Data preprocessing and feature selection
A total of 186 metabolites were initially quantified using 
the AbsoluteIDQ™ p180 kit. Prior to model development, 
metabolites were filtered based on predefined quality 
control criteria: (1) a coefficient of variation (CV) < 25% 
in reference standards, (2) ≥ 50% of reference standard 

concentrations exceeding the limit of detection, and 
(3) ≥ 50% of experimental sample concentrations exceed-
ing the limit of detection. Based on these thresholds, 
51 metabolites were excluded, and the remaining 135 
metabolites were retained for analysis. All predictor 
variables were standardized using z-score normalization 
prior to analysis. The outcome variable was MetS status, 
defined according to the NCEP ATP III and the Korean 
Society for the Study of Obesity criteria. It was encoded 
as a binary variable (1 = MetS, 0 = non-MetS).

Data partitioning and internal validation
The dataset was randomly partitioned into training (70%) 
and test (30%) subsets using stratified sampling to pre-
serve the class distribution, which was implemented via 
the createDataPartition() function from the caret pack-
age. Model development and internal validation were 
conducted exclusively on the training set, while model 
performance was evaluated on the independent test set. 
External validation could not be performed due to the 
unavailability of an independent dataset. This limitation 
has been acknowledged and addressed in the discussion 
section.

Model implementation and configuration
All eight models were trained using consistent proce-
dures and default or minimal-tuned hyperparameters 
as implemented in their respective R packages. SVM 
was implemented using the e1071 package with a radial 
basis function kernel and probability estimates enabled. 
RF, developed via the randomForest package, was trained 
with 500 trees while retaining default settings for all 
other parameters. KNN was configured using the kknn 
package with k = 5 and a rectangular kernel. LR was fitted 
using the glm function with a binomial logistic regres-
sion model that included all available predictors. DNN, 
implemented via the neuralnet package, utilized two hid-
den layers with 5 and 10 neurons respectively, a logistic 
activation function, a training threshold of 0.25, and a 
maximum of 1 × 106 iterations. NB, also implemented 
using e1071, was applied with default settings. ADB was 
constructed using the adabag package with 100 boosting 
iterations (mfinal = 100) and boos set to TRUE. Finally, 
SGD was implemented as Lasso-penalized logistic 
regression using the glmnet package through caret, with 
the hyperparameters set to α = 1 and λ = 0.01. No formal 
hyperparameter optimization procedures were applied 
beyond manual specification of core model parameters 
for convergence and interpretability. No automated 
grid search or cross-validation-based tuning was con-
ducted. Key parameters were set based on established 
defaults and literature to prioritize interpretability and 
convergence.
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Model evaluation
Model performance was assessed on the independent 
hold-out test set using the area under the receiver oper-
ating characteristic curve (AUC), sensitivity, specificity, 
and overall accuracy (non-error rate). AUC confidence 
intervals were calculated using DeLong’s method, and 
ROC curves were generated with the pROC and ggplot2 
packages. A fixed classification threshold of 0.5 was 
applied consistently across all models [38].

Reporting quality assessment
To evaluate reporting quality, we utilized the TRI-
POD + AI statement, which provides a comprehensive 
checklist of items that should be reported in studies 
describing the development and/or validation of predic-
tive AI models [39]. The checklist encompasses all major 
sections of a manuscript, including the title, abstract, 
introduction, methods, results, and discussion. In addi-
tion to these conventional sections, the TRIPOD + AI 
statement places particular emphasis on open science 
practices, patient and public involvement, and equity 
considerations. Each item's adherence was evaluated as 
“Yes,” “Partial,” “No,” or “Not Applicable” and was accom-
panied by the corresponding page number. The com-
pleted checklist is available in Supplementary Table 2.

Fixed-effects model for effects of nutrition
A fixed-effects model was applied to examine the inter-
actions between metabolites and nutrients according to 
MetS status. First, linear regression analyses identified 
metabolites significantly associated with MetS (P < 0.05). 
Second, relationships between these significant metabo-
lites and nutrient intake were evaluated using the lm() 
function from the stats package in R, with fixed effects 
including MetS status and nutrient intake. The fixed-
effects models were designed to examine nutrient–
metabolite associations stratified by MetS status, without 
additional covariate adjustment, to isolate interaction 
patterns across strata. To focus on robust associations, 
we selected 11 metabolites consistently associated with 
MetS using four statistical approaches: the Wilcoxon 
test, logistic regression, PLS-DA, and cluster LASSO. In 
addition, metabolite-nutrient pairs significantly associ-
ated with nutrient intake were included. Finally, the data-
set was stratified by MetS status to further evaluate how 
nutrient intake influences metabolite levels within each 
group.

Statistical implementation and modeling considerations
All P-values were ​​adjusted for the false discovery rate 
(FDR) using the Benjamini‒Hochberg method, with 
values less than 0.05 considered statistically signifi-
cant. All statistical analyses, except for pathway enrich-
ment analysis, were conducted using R, version 4.4.1 (R 

Foundation for Statistical Computing). Visualization was 
additionally performed using Cytoscape, version 3.10.3. 
Covariate adjustment was applied only in the logis-
tic regression models to control for age, sex, and BMI, 
which are well‑established confounders in nutritional 
metabolomics. Other analytic methods—such as the Wil-
coxon rank‑sum test, PLS‑DA, fixed-effects models, and 
machine learning classifiers—were conducted without 
covariate adjustment. This approach aligns with standard 
best practices, where univariate and dimension-reduc-
tion methods are employed to explore inherent group 
differences without introducing potential overadjustment 
bias [40], while logistic regression is specifically designed 
to estimate adjusted associations. Machine learning 
models were similarly built using the full set of features 
for classification, focusing on predictive performance 
rather than inference, as is common in biomarker discov-
ery applications.

Results
Clinical characteristics of the study population
A total of 838 participants with MetS and 1,468 non-
MetS were included in this study. Table 1 presents the 
detailed demographic, biochemical, and anthropomet-
ric characteristics of the two groups. The mean age of 
the MetS group was significantly higher than that of the 
non-MetS group (58.33 ± 8.81 years vs. 55.62 ± 8.91 years, 
respectively). The proportion of males was higher in the 
non-MetS group than in the MetS group. BMI, waist cir-
cumference, systolic and diastolic blood pressure, and 
triglyceride and blood glucose levels were significantly 
higher in the MetS group, whereas HDL cholesterol lev-
els were significantly lower. Furthermore, the prevalence 
of MetS-related phenotypes, including abdominal obe-
sity, elevated blood pressure, elevated blood glucose, ele-
vated triglycerides, and low HDL cholesterol levels, was 
significantly higher in the MetS group compared to the 
non-MetS group.

Identification of metabolic biomarkers
We matched 41 out of 135 metabolites to KEGG and 
HMDB pathways and identified those significantly asso-
ciated with MetS using four different methods (Fig.  3). 
A volcano plot was used to visualize the differences 
between the two groups based on MetS status using the 
Wilcoxon rank-sum test (Fig. 2A). Among the 41 metabo-
lites, 27 exhibited significant differences, with hexose and 
alanine showing the most pronounced differences, both 
of which were elevated in the MetS group (FC = 0.95 and 
1.46, respectively). In addition, among the 23 nutrients 
analyzed, three—fat, retinol, and cholesterol—showed 
significant differences and were decreased in the MetS 
group (FC = 0.93, 0.87, and 0.91, respectively).
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Differential metabolites and nutrients between the two 
groups were identified using PLS-DA with VIP values ​> 1. 
Among the 41 metabolites and 23 nutrients, 14 metabo-
lites and 10 nutrients effectively distinguished the MetS 
group from the non-MetS group. The top 14 metabo-
lites and top 10 nutrients with the highest VIP scores 
and greatest contributions to the separation between 
the MetS and non-MetS groups were visualized in the 
VIP score plot (Fig. 2B). Among the 14 metabolites, only 

glycine tended to decrease in the MetS group, whereas 
the other metabolites showed an increase. In contrast, 
the intake of all 10 nutrients was lower in the MetS 
group, with hexose having the highest VIP score among 
metabolites and fat being the most prominent nutrient.

Among the 41 candidate metabolites, 14 exhibited 
significant differences between the MetS and non-MetS 
groups based on the Wilcoxon rank-sum test and had 
VIP values > 1 (Table  2). Similarly, among the 23 candi-
date nutrients, 10 were identified with VIP values ​​ > 1, of 
which three—fat, retinol, and cholesterol—showed sig-
nificant differences according to the Wilcoxon rank-sum 
test (Table 3).

Figure 3 presents Venn diagrams illustrating the over-
lap of metabolites and nutrients significantly associ-
ated with MetS, as identified using Wilcoxon, logistic 
regression, PLS-DA, and group LASSO. Nutrients were 
excluded from the logistic regression and group LASSO 
analyses owing to the lack of significant findings after 
adjustment, leaving the overlap based solely on Wilcoxon 
and PLS-DA results. The metabolite analysis identified 
11 overlapping metabolites—hexose, alanine, glutamate, 
valine, isoleucine, proline, leucine, valerylcarnitine, gly-
cine, propionylcarnitine, and phenylalanine—which 
accounted for 26.8% of the 41 metabolites analyzed 
and were consistently detected across all four analytical 
approaches. The nutrient analysis revealed three overlap-
ping nutrients: fat, retinol, and cholesterol. This integra-
tive approach provides a comprehensive understanding 
of the relationships between metabolites, nutrients, and 
MetS from multiple analytical perspectives.

Metabolic pathway enrichment analysis
Significantly enriched sub-pathways, derived from 11 
metabolites identified by the Wilcoxon, adjusted logis-
tic regression, PLS-DA, and group LASSO models, are 
illustrated as dot plots in Fig.  4. ‘Arginine biosynthesis’ 
and ‘arginine and proline metabolism’ were particularly 
significant in the group LASSO analysis, indicating a 
strong association between these pathways and MetS 
(P = 1.37 × 10–65; P = 4.55 × 10–43, respectively). Further-
more, ‘glutathione metabolism,’ ‘porphyrin metabolism,’ 
‘glyoxylate and dicarboxylate metabolism,’ ‘glycine, serine, 
and threonine metabolism,’ ‘primary bile acid biosyn-
thesis,’ ‘valine, leucine, and isoleucine biosynthesis,’ and 
‘valine, leucine, and isoleucine degradation’ were iden-
tified as significant sub-pathways by all four analytical 
methods. In contrast, pathways that were not significant 
are depicted with faded colors and smaller sizes, indicat-
ing their relatively lower importance in the interpretation 
process.

Table 1  Characteristics of study participants stratified by the 
presence of metabolic syndrome
Character-
istics

MetS group 
(n = 838)

95% 
CI

non-MetS 
group 
(n = 1,468)

95% 
CI

P-value

Age (years) 58.33 ± 8.81 57.7–
58.9

55.62 ± 8.91 55.2–
56.1

 < 0.0001

Male (%) 371 (44.27) 738 (50.27) 0.0063
BMI (kg/
m2)

26.45 ± 2.93 26.2–
26.6

23.38 ± 2.82 23.2–
23.5

 < 0.0001

Waist 
circumfer-
ence (cm)

91.06 ± 7.52 90.6–
91.6

81.40 ± 7.66 81.0–
81.8

 < 0.0001

Sys-
tolic blood 
pressure 
(mmHg)

125.05 ± 15.94 124.0–
126.1

113.47 ± 15.74 112.7–
114.3

 < 0.0001

Diastolic 
blood 
pressure 
(mmHg)

83.13 ± 9.63 82.5–
83.8

76.02 ± 9.80 75.5–
76.5

 < 0.0001

Triglycer-
ides (mg/
dL)

212.25 ± 161.04 201.3–
223.2

109.22 ± 54.18 106.4–
112.0

 < 0.0001

Blood 
glucose 
(mg/dL)

104.89 ± 24.44 103.2–
106.5

89.88 ± 13.91 89.2–
90.6

 < 0.0001

HDL 
cholesterol 
(mg/dL)

39.00 ± 7.91 38.5–
39.5

46.97 ± 10.39 46.4–
47.5

 < 0.0001

Abdominal 
obesity (%)

625 (74.58) 253 (17.23)  < 0.0001

Elevated 
blood pres-
sure (%)

639 (76.25) 409 (27.86)  < 0.0001

Elevated 
fasting 
glucose (%)

465 (55.49) 249 (16.96)  < 0.0001

Elevated 
triglycer-
ides (%)

558 (66.59) 195 (13.28)  < 0.0001

Low HDL 
cholesterol 
(%)

684 (81.62) 615 (41.89)  < 0.0001

Categorical variables are presented as numbers and percentages (%), whereas 
continuous variables are expressed as mean ± standard deviation P-values were 
calculated using the Wilcoxon rank-sum test for continuous variables and the 
chi-square test for categorical variables

BMI body mass index, HDL high-density lipoprotein, MetS metabolic syndrome, 
CI confidence interval
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Associations between metabolic biomarkers and nutrients
Spearman’s correlation coefficients were calculated to 
explore the potential relationships between the 11 dif-
ferential metabolites identified by all four methods and 
the 23 nutrients. The correlation coefficient matrix is ​​
shown in Fig.  5, with significant correlation coefficients 
ranging from − 0.097 to 0.162. Among the 11 metabolites, 
valine exhibited a significant positive correlation with all 
nutrients. Valerylcarnitine showed significant correla-
tions with 12 nutrients, with only one, vitamin C, being 
negatively correlated. Propionylcarnitine was associated 

with six nutrients and showed a positive correlation with 
energy and carbohydrates. Proline demonstrated posi-
tive correlations with eight nutrients, whereas leucine 
and isoleucine were positively correlated with 18 and 17 
nutrients, respectively. In contrast, glycine exhibited a 
significant negative correlation with 11 nutrients. Glu-
tamate showed a weak but significant positive correla-
tion with sodium, whereas phenylalanine and alanine 
did not show any significant correlations with any nutri-
ent. Among all significant correlations, the highest coef-
ficient was observed between valine and niacin (r = 0.16, 

Fig. 2  Identification of metabolic biomarkers and disrupted pathways associated with metabolic syndrome. A Volcano plot of metabolites and nutrients 
identified using the Wilcoxon rank-sum test. The x-axis represents the log(fold-change), where fold-change indicates the relative abundance of each 
metabolite or nutrient in MetS cases compared with non-MetS. The y-axis represents − log10(adjusted P-value), with P-values corrected for multiple 
comparisons using the Benjamini–Hochberg method. Purple dots represent metabolites or nutrients with non-significant P-values, whereas green dots 
represent those with significant P-values. The horizontal red line denotes the significance threshold of 0.05. B VIP score plot showing the top metabolites 
and nutrients that differentiate MetS cases from non-MetS, as identified by PLS-DA. All metabolite and nutrient values were standardized (z-scores) before 
VIP analysis. MetS, metabolic syndrome; PLS-DA, partial least squares-discriminant analysis; VIP, variable importance in projection
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P < 0.0001). All computed Spearman’s correlation coeffi-
cients are presented in Supplementary Table 1.

We subsequently examined the correlation network to 
assess the associations between nutrients, metabolites, 
and MetS components (Supplementary Fig.  1). Overall, 
the associations between nutrients and metabolites, as 
well as between nutrients and MetS components, were 
generally weak. In contrast, a strong association was 
observed between MetS components and metabolites, 
with blood glucose and hexose levels showing the stron-
gest positive correlation (r = 0.67, P < 0.0001).

Associations between metabolic biomarkers, nutrients, 
and MetS
A fixed-effects model was constructed to investigate 
potential interactions between nutrients and metabo-
lites that differ by MetS status. Significant differences 
in metabolite–nutrient pairs were observed between 
the two groups. In the MetS group, 16 pairs showed 
significant correlations, with 6 pairs—‘isoleucine–fat,’ 
‘isoleucine–P,’ ‘proline–fat,’ ‘leucine–fat,’ ‘leucine–P,’ and 
‘valerylcarnitine–niacin’—being exclusive to this group. 
In contrast, the non-MetS group exhibited 23 signifi-
cant pairs, including 13 unique ones, such as ‘hexose–
vitamin B6,’ ‘hexose–fiber,’ ‘valine–folate,’ ‘valine–ash,’ 
‘valine–fiber,’ ‘isoleucine–carbohydrate,’ ‘isoleucine–Fe,’ 
‘leucine–Fe,’ ‘leucine–fiber,’ ‘valerylcarnitine–protein,’ 

Table 2  Differential metabolites identified using the Wilcoxon rank-sum test and PLS-DA
Metabolites MetS group non-MetS group Trend FC VIP P-value BH P-value

Mean SD Mean SD
Hexose (µM) 5623.39 1498.80 4859.05 953.18 Up 0.95 2.58 7.04E-54 2.89E-52
Alanine (µM) 546.55 111.96 477.00 108.22 Up 1.46 2.45 2.15E-46 4.40E-45
Glutamate (µM) 187.81 81.30 161.31 76.93 Up 1.48 1.76 1.83E-29 2.50E-28
Valine (µM) 230.96 39.87 212.30 39.23 Up 1.48 1.85 1.46E-26 1.50E-25
lysoPhosphatidylcholine acyl C16:0 (µM) 281.35 59.17 256.44 59.58 Up 1.51 1.69 3E-23 2.46E-22
Hexadecanoylcarnitine (µM) 0.16 0.05 0.14 0.07 Up 1.90 1.23 6.91E-17 4.72E-16
Valerylcarnitine (µM) 0.16 0.05 0.14 0.08 Up 1.35 1.30 1.06E-16 6.21E-16
Isoleucine (µM) 87.18 19.62 80.48 18.14 Up 1.56 1.41 3.08E-16 1.58E-15
Proline (µM) 174.27 48.14 160.51 47.92 Up 1.20 1.27 2.13E-15 9.71E-15
Tyrosine (µM) 74.04 14.13 69.89 14.43 Up 1.20 1.19 9.12E-14 3.74E-13
Leucine (µM) 182.04 35.94 171.05 33.47 Up 1.59 1.25 5.55E-13 2.07E-12
Phenylalanine (µM) 104.79 16.71 99.73 16.97 Up 1.24 1.22 6.45E-13 2.21E-12
Glycine (µM) 325.49 82.51 346.74 84.26 Down 1.27 1.11 5.53E-12 1.75E-11
Propionylcarnitine (µM) 0.48 0.15 0.44 0.15 Up 1.22 1.07 1.7E-10 4.99E-10
The mean and SD for the MetS and non-MetS groups are presented, along with the trend (down: lower in the MetS group), FC, VIP score, P-value (unadjusted from 
the Wilcoxon rank-sum test), and BH P-value (adjusted for multiple comparisons using the BH method)

Mean and SD values represent raw metabolite concentrations (µM)

BH Benjamini–Hochberg, FC fold change, MetS metabolic syndrome, PLS-DA partial least squares-discriminant analysis, SD standard deviation, VIP variable 
importance in projection

Table 3  Differential nutrients identified using the Wilcoxon rank-sum test and PLS-DA
Nutrients MetS group non-MetS group Trend FC VIP P-value BH P-value

Mean SD Mean SD
Fat (g) 26.15 19.07 28.14 18.61 Down 0.93 1.82 0.0008 0.0100
Retinol (µg) 52.19 48.54 59.66 57.14 Down 0.87 1.58 0.0011 0.0100
Cholesterol (mg) 134.95 113.35 147.98 125.02 Down 0.91 1.46 0.0013 0.0100
Vitamin E (mg) 7.65 4.04 8.13 5.08 Down 0.94 1.32 0.0328 0.1509
Potassium (mg) 2194.67 1029.01 2284.92 1046.23 Down 0.96 1.24 0.0286 0.1509
Folate (µg) 209.13 115.66 219.16 124.00 Down 0.95 1.14 0.0495 0.1821
Phosphorus (mg) 868.51 343.51 896.81 360.18 Down 0.97 1.11 0.0645 0.1821
Fe (mg) 9.44 4.50 9.73 4.70 Down 0.97 1.06 0.0650 0.1821
Calcium (mg) 410.93 241.09 428.57 257.10 Down 0.96 1.03 0.1153 0.1974
Vitamin B2 (mg) 0.86 0.43 0.89 0.44 Down 0.96 1.03 0.0792 0.1821
The mean and SD for the MetS and non-MetS groups are presented, along with the trend (down: lower in the MetS group), FC, VIP score, P-value (unadjusted from 
the Wilcoxon rank-sum test), and BH P-value (adjusted for multiple comparisons using the BH method)

BH Benjamini–Hochberg, FC fold change, Fe iron, MetS metabolic syndrome, PLS-DA partial least squares-discriminant analysis, SD standard deviation, VIP variable 
importance in projection
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‘valerylcarnitine–carbohydrate,’ ‘glycine–vitamin B1,’ and 
‘glycine–vitamin B6’ (Fig. 6).

A negative association between glycine and protein 
levels was observed in both the MetS (estimate = −0.615, 
P = 0.002) and non-MetS group (estimate = −0.486, 
P = 0.002). In the MetS group, positive associations 
were identified between isoleucine and niacin (esti-
mate = 0.450, P < 0.001), as well as between leucine 
and niacin (estimate = 0.436, P < 0.001). In particular, 
isoleucine (estimate = 0.199, P = 0.008), proline (esti-
mate = 0.177, P = 0.004), and leucine (estimate = 0.166, 
P = 0.015) showed significant positive associations with 
fat intake only in the MetS group. Conversely, in the 
non-MetS group, positive associations were observed 
between valerylcarnitine and protein (estimate = 0.340, 
P = 0.015), as well as between valerylcarnitine and car-
bohydrate (estimate = 0.398, P = 0.019). Furthermore, in 
the non-MetS group,  niacin showed a positive associa-
tion with hexose, valine, isoleucine, proline, and leucine 
P < 0.005) (Table 4).

Machine learning-based diagnostic models for MetS using 
serum metabolomics data: a comparative analysis of eight 
classification algorithms
Using data from 135 metabolites, classification models 
were developed using eight machine learning algorithms: 
SVM, RF, KNN, LR, DNN, NB, ADB, and SGD. The clas-
sification performance of these models is presented in 
Table  5 and illustrated in Fig.  7. Among the eight algo-
rithms, SGD achieved the highest performance, with an 
AUC of 0.84 (95% confidence interval: 0.81–0.87). The 
AUC values across models ranged from 0.74 to 0.84, 
demonstrating their robustness in distinguishing MetS 
cases from non-MetS.

Discussion
In this study, we identified specific metabolic and nutri-
tional markers associated with MetS in middle-aged 
Korean adults, highlighting disrupted metabolic path-
ways that may be relevant for informing future dietary 
recommendations. A comprehensive analysis using 
multiple statistical models identified 11 metabolites and 
three nutrients that were differentially abundant in MetS. 
Notably, the ‘arginine biosynthesis’ and ‘arginine and pro-
line metabolism’ pathways were significantly altered. This 
study identified novel, MetS-specific nutrient–metabo-
lite relationships through an integrated network analysis, 
shedding light on the complex interactions between diet 
and metabolism. Furthermore, incorporating machine 
learning into metabolomics enabled the characterization 
of key metabolic markers, offering a new perspective on 
predictive modeling in a large Korean cohort.

Among the 11 metabolites consistently identified across 
all four methods, hexose emerged as the most prominent, 
exhibiting a positive correlation with MetS. A previous 
study in older cohorts from Japan and the United States 
also reported a similar association between serum hexose 
levels and MetS [41]. Among hexoses, glucose functions 
as the primary energy source in living organisms. Dur-
ing glucose metabolism, a fraction enters the hexosamine 
biosynthesis pathway (HBP), a relatively minor branch of 
glycolysis. In this pathway, fructose-6-phosphate is con-
verted to glucosamine-6-phosphate by the rate-limiting 
enzyme glutamine:fructose-6-phosphate amidotransfer-
ase (GFAT), which is subsequently converted to UDP-
N-acetylglucosamine (UDP-GlcNAc), the major end 
product. UDP-GlcNAc is used for O-GlcNAcylation of 
intracellular proteins at serine/threonine residues, and 
elevated O-GlcNAcylation has been implicated in insulin 
resistance and vascular complications of diabetes [42]. In 
our study, hexose showed a strong correlation with blood 
glucose levels, a key component of MetS. This finding 

Fig. 3  Overlap of metabolites and nutrients associated with metabolic syndrome across statistical methods. A Venn diagram showing the overlap of 
metabolites identified by Wilcoxon (yellow), adjusted logistic regression (blue), PLS-DA (green), and group LASSO (orange). B A separate Venn diagram 
illustrating the overlap of nutrients identified by Wilcoxon (yellow) and PLS-DA (green). LASSO, least absolute shrinkage and selection operator; PLS-DA, 
partial least squares-discriminant analysis
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aligns with a previous KoGES-based study that reported 
a significant association between serum hexoses and the 
risk of developing type 2 diabetes [16].

The levels of branched-chain and aromatic amino acids 
(BCAA and AAA), including leucine, isoleucine, valine, 
tyrosine, and phenylalanine, were significantly higher in 
the MetS group. A study conducted in a Mediterranean 
male population reported significantly higher BCAA and 
AAA levels in individuals with MetS [43]. Similarly, a 
Chinese study reported a 2.17-fold higher prevalence of 
MetS among individuals with the highest BCAA levels 
[44]. These patterns suggest that elevated levels of BCAA 

and AAA reflect dysregulated metabolic pathways asso-
ciated with MetS.

Short-chain acylcarnitines, including valerylcarnitine 
and propionylcarnitine, were positively associated with 
MetS, consistent with previous findings [45]. As both are 
byproducts of BCAA catabolism, their elevated levels in 
our study may reflect the increased BCAA concentra-
tions observed in the MetS group. Among the 11 candi-
date metabolites, glycine was the only one significantly 
lower in individuals with MetS. This finding aligns with 
consistent reports of reduced plasma glycine levels in 
MetS among older Chinese adults [46].

Fig. 4  Pathway enrichment analysis of metabolites associated with metabolic syndrome. Significantly enriched KEGG pathways are shown in a dot plot, 
where the horizontal axis indicates the analysis methods, and the vertical axis lists the sub-pathway names. Dot color represents statistical significance 
(− log10(P-value)), and dot size indicates the number of matched metabolites. The pathways identified as significantly enriched are labeled with false dis-
covery rate-corrected p-values and pathway impact scores. CoA, coenzyme A; KEGG, Kyoto Encyclopedia of Genes and Genomes; LASSO, least absolute 
shrinkage and selection operator; PLS-DA, partial least squares-discriminant analysis
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Regarding nutrient intake, the MetS group had lower 
levels of fat, retinol, and cholesterol consumption. While 
some studies have reported higher fat intake among indi-
viduals with MetS, these contrasting findings may reflect 
cultural dietary differences, particularly in the types of 
fats commonly consumed and the overall dietary pat-
terns, such as whether the primary fat sources are plant-
based or animal-based, across populations. This suggests 
that not only the quantity of fat, but also its quality, may 
vary across cultures and may be differentially associated 
with MetS risk across populations. A systematic review 
highlighted that replacing saturated fats with unsatu-
rated fats reduces the risk of MetS [47], and in Korean 
adults, very low fat intake—especially below 15% of total 
energy—has been associated with an increased preva-
lence of MetS [48]. Population-specific dietary patterns, 
such as high intake of fermented vegetables and legumes, 
and low consumption of processed meats and dairy, con-
trast sharply with Western diets, which are generally 
richer in saturated fats and refined sugars. These find-
ings underscore the importance of considering culturally 
specific dietary patterns when examining the associations 
between nutrient intake and MetS, suggesting that both 
nutrient quality and overall dietary context may be linked 
to MetS risk in population-specific ways. Therefore, the 
observed lower fat intake among Korean adults with 
MetS may reflect complex interactions between dietary 
quality, cultural habits, and disease risk, which may guide 
future research or inform hypothesis generation regard-
ing population-specific recommendations. In addition 
to macronutrients, bioactive food components such as 

phytochemicals are emerging as important contributors 
to metabolic health. Although the KoGES dataset does 
not explicitly include variables for flavonoids and poly-
phenols—compounds known to modulate key metabolic 
pathways—their intake can be indirectly estimated from 
patterns of phytochemical-rich food consumption [49]. 
Given their abundance in plant-based diets and well-
documented metabolic benefits, these compounds war-
rant further investigation in future research to profile 
their associated metabolomics, which may reveal key 
biochemical pathways involved in the development of 
MetS. Specifically, elucidating the interactions between 
phytochemical intake and metabolite concentrations may 
clarify how these bioactive compounds modulate glu-
cose and lipid metabolism, inflammation, and oxidative 
stress, thereby identifying novel interactions that influ-
ence MetS risk or protection and offering new avenues 
for precision nutrition.

The ‘arginine biosynthesis’ and ‘arginine and proline 
metabolism’ pathways exhibited the strongest associa-
tions with MetS in the group LASSO model. These path-
ways are closely linked to vascular function through their 
role in nitric oxide (NO) production. Clinical studies 
have reported that insufficient L-arginine levels in obese 
adolescent patients with MetS may impair NO produc-
tion, which plays a crucial role in vasodilation and blood 
pressure regulation [50]. Decreased L-arginine has also 
been associated with vascular dysfunction and key MetS 
features such as hypertension, impaired glucose toler-
ance, and obesity [51, 52]. Although antihypertensive 
medications were included in the diagnostic criteria for 

Fig. 5  Correlation coefficient matrix of potential metabolic biomarkers and nutrients. All statistically significant correlations between metabolites (rows) 
and nutrients (columns) are color-coded, whereas insignificant correlations are left blank. Positive correlations are shown in blue, and negative correla-
tions in red. P-values were adjusted for multiple comparisons using the Benjamini–Hochberg method. Ca, calcium; Fe, iron; K, potassium; Na, sodium; P, 
phosphorus; Vit, vitamin
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MetS and therefore could not be treated as confounding 
variables in this study, future studies aiming to elucidate 
the role of arginine-related pathways in MetS more pre-
cisely should consider including medications related to 
vascular function and blood pressure as potential con-
founders. These findings support a potential link between 
arginine-related metabolism and metabolic alteration-
sin MetS, with possible implications for cardiovascular 
health.

In addition to the arginine pathway, several other 
metabolically enriched pathways identified in this study 

provide further insight into the pathophysiology of MetS. 
Glutathione metabolism was enriched across multiple 
analytical models and may indicate redox imbalance as 
a contributing factor to insulin resistance and vascular 
dysfunction [53]. Likewise, the glycine, serine, and threo-
nine metabolism pathways play important roles in anti-
oxidant defense, one-carbon metabolism, and glucose 
regulation [54, 55]. The lower levels of glycine observed 
in MetS participants may reflect impaired redox homeo-
stasis and compromised metabolic flexibility. Further-
more, the accumulation of short-chain acylcarnitines 

Fig. 6  The effect of nutrients on metabolites based on the presence or absence of metabolic syndrome. A MetS group. B non-MetS group. Significant 
nutrient–metabolite associations (P < 0.05) are represented by lines, with red indicating positive correlations and blue indicating negative correlations. 
The intensity of the line color corresponds to the magnitude of the estimated effect, with stronger associations depicted in more prominent colors. Ca, 
calcium; CHO, carbohydrate; Fe, iron; MetS, metabolic syndrome; P, phosphorus; Vit, vitamin
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Fixed effects Estimate SE z P-value
MetS
Hexose
  Niacin 0.205 0.082 2.504 0.012
  Vitamin B6 −0.177 0.121 −1.465 0.143
  Fiber 0.005 0.073 0.069 0.945
Glutamate
  Ca −0.045 0.032 −1.402 0.161
Valine
  Fat 0.030 0.057 0.519 0.604
  Carbohydrate −0.059 0.045 −1.311 0.190
  Niacin 0.288 0.075 3.860  < 0.001
  Folate −0.121 0.089 −1.367 0.172
  Ash −0.084 0.055 −1.530 0.126
  Fiber 0.064 0.097 0.664 0.507
Isoleucine
  Protein 0.015 0.191 0.080 0.936
  Fat 0.199 0.075 2.641 0.008
  Carbohydrate 0.033 0.050 0.658 0.511
  P −0.385 0.151 −2.544 0.011
  Fe −0.140 0.092 −1.520 0.129
  Niacin 0.450 0.099 4.567  < 0.001
  Ash −0.003 0.0493 −0.069 0.945
Proline
  Fat 0.177 0.061 2.891 0.004
  P −0.388 0.085 −4.557  < 0.001
  Niacin 0.300 0.081 3.720  < 0.001
Leucine
  Fat 0.166 0.068 2.430 0.015
  P −0.267 0.108 −2.466 0.014
  Fe −0.105 0.124 −0.842 0.400
  Niacin 0.436 0.088 4.937  < 0.001
  Folate −0.152 0.096 −1.589 0.112
  Ash −0.013 0.057 −0.226 0.822
  Fiber 0.086 0.109 0.795 0.427
Valerylcarnitine
  Energy 0.086 0.256 0.338 0.736
  Protein −0.112 0.147 −0.762 0.446
  Carbohydrate −0.063 0.164 −0.386 0.700
  Niacin 0.260 0.096 2.720 0.007
  Vitamin C −0.117 0.047 −2.517 0.012
Glycine
  Energy 0.512 0.331 1.547 0.122
  Protein −0.615 0.198 −3.110 0.002
  Carbohydrate −0.264 0.212 −1.248 0.212
  Fe 0.354 0.116 3.044 0.002
  Vitamin B1 −0.180 0.113 −1.591 0.112
  Vitamin B6 0.086 0.125 0.688 0.492
Phenylalanine
  Fe −0.190 0.099 −1.924 0.055
  Vitamin B6 0.353 0.104 3.394 0.001
  Folate −0.146 0.076 −1.932 0.054
non-MetS
Hexose

Table 4  Nutrient–metabolite associations stratified by the presence of metabolic syndrome
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Fixed effects Estimate SE z P-value
  Niacin 0.180 0.051 3.543  < 0.001
  Vitamin B6 −0.198 0.074 −2.680 0.007
  Fiber 0.104 0.045 2.335 0.020
Glutamate
  Ca −0.009 0.027 −0.346 0.729
Valine
  Fat 0.012 0.050 0.248 0.804
  Carbohydrate 0.041 0.039 1.058 0.290
  Niacin 0.189 0.064 2.973 0.003
  Folate −0.192 0.070 −2.735 0.006
  Ash −0.172 0.052 −3.309 0.001
  Fiber 0.233 0.076 3.085 0.002
Isoleucine
  Protein 0.116 0.142 0.820 0.412
  Fat 0.044 0.064 0.682 0.495
  Carbohydrate 0.151 0.042 3.634  < 0.001
  P −0.236 0.121 −1.955 0.051
  Fe −0.177 0.071 −2.498 0.013
  Niacin 0.239 0.073 3.295 0.001
  Ash −0.006 0.043 −0.135 0.892
Proline
  Fat 0.078 0.054 1.436 0.151
  P −0.240 0.071 −3.376 0.001
  Niacin 0.215 0.066 3.273 0.001
Leucine
  Fat 0.093 0.059 1.581 0.114
  P −0.082 0.087 −0.935 0.350
  Fe −0.259 0.097 −2.672 0.008
  Niacin 0.311 0.068 4.591  < 0.001
  Folate −0.096 0.072 −1.325 0.185
  Ash −0.097 0.052 −1.888 0.059
  Fiber 0.228 0.081 2.812 0.005
Valerylcarnitine
  Energy −0.519 0.265 −1.960 0.050
  Protein 0.340 0.139 2.444 0.015
  Carbohydrate 0.398 0.170 2.342 0.019
  Niacin 0.027 0.079 0.341 0.733
  Vitamin C −0.238 0.041 −5.856  < 0.001
Glycine
  Energy 0.396 0.274 1.444 0.149
  Protein −0.486 0.158 −3.077 0.002
  Carbohydrate −0.274 0.177 −1.547 0.122
  Fe 0.206 0.087 2.367 0.018
  Vitamin B1 −0.214 0.084 −2.557 0.011
  Vitamin B6 0.304 0.093 3.260 0.001
Phenylalanine
  Fe −0.130 0.082 −1.586 0.113
  Vitamin B6 0.238 0.085 2.782 0.005
  Folate −0.107 0.061 −1.741 0.082
Data were analyzed using a fixed-effects model to account for individual variability, with significant associations defined as P < 0.05

Ca calcium, Fe iron, MetS metabolic syndrome, P phosphorus, SE standard error

Table 4  (continued) 
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such as valerylcarnitine and propionylcarnitine points to 
dysregulated BCAA catabolism, which has been linked 
to mitochondrial overload and lipid oxidation defects 
[56, 57]. These metabolite-level disruptions support the 

hypothesis that mitochondrial dysfunction is a central 
mechanistic axis in the development of MetS [58, 59]. 
Impaired synthesis of L-arginine and NO elevates oxida-
tive stress, increasing the cellular demand for glutathione 
[60]. The metabolism of glycine, serine, and threonine 
contributes to glutathione production by providing criti-
cal precursors like glycine and serine, thus directly link-
ing amino acid availability to redox regulation [61]. At 
the same time, disruptions in BCAA catabolism lead 
to mitochondrial overload, which further exacerbates 
oxidative stress. These interconnected metabolic dis-
turbances collectively create a pro-inflammatory, insulin-
resistant environment—hallmarks of MetS, along with 
endothelial dysfunction [62]. Furthermore, the accu-
mulation of short-chain acylcarnitines reflects impaired 
β-oxidation capacity within mitochondria. This leads to 
incomplete lipid breakdown and increased generation of 
reactive oxygen species (ROS) [63]. The resulting oxida-
tive stress compromises mitochondrial integrity, disrupts 
the electron transport chain and reduces ATP synthesis 
[64]. In this context, glutathione metabolism serves as a 
key antioxidant defense, neutralizing ROS and maintain-
ing mitochondrial membrane stability [65]. Additionally, 
glycine and serine—through the one-carbon metabolism 
pathway—support epigenetic regulation and mitochon-
drial protein maintenance via methylation reactions [66]. 

Table 5  Comparative performance metrics of eight machine 
learning algorithms for metabolic syndrome classification using 
serum metabolomics
Models Sensitivity Specificity Non-

error 
Rate

AUC (95% 
CI)

Support vector 
machine

0.394 0.145 0.236 0.835 
(0.804–0.865)

Random forest 0.510 0.877 0.744 0.812 
(0.779–0.845)

K-nearest 
neighbors

0.462 0.841 0.703 0.749 
(0.713–0.786)

Logistic 
regression

0.614 0.809 0.738 0.819 
(0.788–0.851)

Deep neural 
network

0.327 0.282 0.298 0.744 
(0.705–0.783)

Naive Bayes 0.705 0.705 0.705 0.749 
(0.712–0.786)

AdaBoost 0.606 0.841 0.755 0.822 
(0.790–0.853)

Stochastic gra-
dient descent

0.653 0.866 0.789 0.841 
(0.811–0.870)

AUC area under the curve, CI confidence interval

Fig. 7  ROC curves of eight machine learning algorithms for metabolic syndrome classification using serum metabolomics profiles. ADB, AdaBoost; ROC, 
receiver operating characteristic; AUC, area under the curve; DNN, deep neural network; KNN, k-nearest neighbors; LR, logistic regression; NB, Naive Bayes; 
RF, random forest; SGD, stochastic gradient descent; SVM, support vector machine
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Taken together, these findings underscore the central role 
of mitochondrial homeostasis in metabolic health. Dis-
ruptions in these metabolic pathways can both initiate 
and perpetuate mitochondrial dysfunction, driving the 
progression of MetS through mechanisms such as insulin 
resistance and vascular impairment [62, 67].

Metabolites serve as valuable biomarkers for explor-
ing diet–disease associations. In this study, BCAAs were 
positively correlated with energy and nutrient intake, 
consistent with their role in energy metabolism. Exces-
sive nutrient intake or obesity may lead to elevated 
BCAA turnover, which has been linked to impaired 
fatty acid oxidation and insulin resistance [68]. Hexoses 
were positively correlated with all 23 nutrients in this 
study, highlighting the influence of overall dietary load 
on metabolic profiles. A cross-sectional analysis from 
the European Prospective Investigation into Cancer and 
Nutrition-Potsdam study similarly reported that high 
consumption of red meat and fish, combined with low 
intake of whole-wheat bread and tea, was associated with 
elevated plasma hexose levels [69]. In contrast, glycine 
showed a significant negative correlation with energy 
and calorie-rich nutrients, consistent with its protective 
role against insulin resistance [70]. Valerylcarnitine and 
propionylcarnitine levels were negatively associated with 
antioxidant nutrients, consistent with the role of anti-
oxidants in promoting fatty acid oxidation and reducing 
acylcarnitine accumulation resulting from incomplete 
oxidation [65]. Although individual metabolite–nutri-
ent correlations were generally weak in this study, such 
as the correlation between valine and niacin (r = 0.16), 
previous research suggests that combining multiple 
metabolites can improve the accuracy of dietary predic-
tions [71], underscoring the complexity of underlying 
metabolic pathways and the need for integrative analyti-
cal approaches. Importantly, when statistically signifi-
cant, correlation coefficients as low as r = 0.15 are often 
considered biologically meaningful, as they may reflect 
subtle but functionally relevant dietary influences on 
metabolism, such as protein influencing the biosynthesis 
of BCAAs, fat modulating mitochondrial β-oxidation, or 
niacin and riboflavin serving as cofactors in redox-related 
enzymatic pathways [72]. However, given the large num-
ber of metabolite–nutrient correlations examined, the 
potential for false-positive associations due to multiple 
testing cannot be completely excluded, even with FDR 
correction.

We identified metabolite–nutrient associations that 
differed by MetS status, with 16 pairs significant in the 
MetS group and 23 in the non-MetS group. Notably, nia-
cin also exhibited significant positive associations with 
hexose, valine, isoleucine, leucine, and valerylcarnitine 
in the MetS group. Niacin serves as a precursor to nico-
tinamide adenine dinucleotide (NAD⁺) and nicotinamide 

adenine dinucleotide phosphate (NADP⁺), which play key 
roles in mitochondrial respiration, glycolysis, and lipid 
β-oxidation [73]. Niacin is mainly obtained from dietary 
sources such as meat and fish, suggesting that dietary 
patterns may partly explain the observed associations. 
The valerylcarnitine-niacin pair showed significantly 
positive results only in the MetS group. As a metabolite 
involved in fatty acid β-oxidation and BCAA metabolism, 
valerylcarnitine reflects metabolic responses to glucose 
[74]. Its altered levels may indicate mitochondrial dys-
function and impaired energy metabolism associated 
with insulin resistance [75]. These findings highlight the 
need for further investigation into valerylcarnitine path-
ways and their role in metabolic health in MetS.

The unique metabolite–nutrient relationships observed 
in the non-MetS and MetS groups underscore the com-
plex interplay of metabolic pathways in maintaining 
health. For instance, vitamin B6 was positively associ-
ated with glycine but negatively associated with hex-
ose in the non-MetS group, suggesting its involvement 
in amino acid and carbohydrate metabolism. Pyridoxal 
phosphate (PLP), the active form of vitamin B6, functions 
as a coenzyme in glycine synthesis via serine hydroxy-
methyltransferase and in glycogenolysis through glyco-
gen phosphorylase. In the non-MetS group, PLP likely 
contributed to lower hexose levels by promoting glycine 
production and supporting efficient glucose metabolism 
[76]. Conversely, in the MetS group, reduced PLP utili-
zation and insulin resistance may have impaired glycine 
production, leading to hexose accumulation. Insulin 
resistance further contributes to elevated blood hex-
ose levels by impairing glucose transport to tissues [77]. 
These findings highlight the critical role of vitamin B6 in 
metabolic health, particularly in the regulation of glycine 
and glucose metabolism.

Similarly, the relationship between Fe intake and 
BCAA levels underscores how nutrient metabolism dif-
fers between the MetS and non-MetS groups. In the 
non-MetS group, Fe intake was negatively associated 
with BCAA, including leucine and isoleucine, which may 
reflect a higher intake of non-heme Fe, primarily found 
in plant-based foods, compared with heme Fe from ani-
mal products. Non-heme Fe has been linked to reduced 
inflammation and improved metabolic function [78]. 
Conversely, in the MetS group, impaired Fe metabolism, 
likely owing to chronic inflammation and elevated hepci-
din levels, may have inhibited Fe absorption and utiliza-
tion [79]. These disruptions could explain why Fe intake 
did not significantly influence BCAA concentrations in 
the MetS group. Although this study did not differentiate 
between heme and non-heme Fe, future research should 
investigate their distinct effects on BCAA metabolism 
and their potential role in MetS.
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The SGD model showed the best performance 
(AUC = 0.84) in our study, likely because it is well suited 
for small datasets with a limited number of variables, 
like our metabolite-only data. Although the number of 
metabolites was not large, some of them were correlated. 
SGD handles this kind of structure efficiently by apply-
ing regularization, which helps avoid overfitting. It also 
produces results that are easy to interpret, making it a 
practical and reliable choice for predicting MetS using 
metabolite data. These features make SGD particularly 
suitable for clinical deployment in Korea, where a uni-
fied national health insurance system and high electronic 
medical record (EMR) adoption provide a strong foun-
dation for digital health tools. In practical terms, such a 
model could be embedded within EMR platforms at pri-
mary care clinics or health screening centers to provide 
automated risk scores for MetS, aiding early intervention. 
For effective translation into practice, collaboration with 
the National Health Insurance Service (NHIS), develop-
ment of user-friendly interfaces for clinicians, and struc-
tured training modules will be key to promoting provider 
engagement and sustained use [80].

This study is the first to examine the association 
between serum metabolites, nutrient intake, and MetS 
in middle-aged Korean adults, emphasizing that metab-
olite–nutrient relationships can vary based on MetS 
status. The identified metabolite–nutrient pairs associ-
ated with MetS provide a foundation for exploring these 
relationships in other populations, underscoring their 
broader applicability. Furthermore, by applying machine 
learning algorithms to metabolomic data, we developed 
diagnostic models for MetS classification. Among these, 
the SGD model demonstrated the highest performance 
(AUC = 0.84), with high specificity (0.87) and moderate 
sensitivity (0.65). This trade-off suggests its current util-
ity may lie more in confirmatory diagnosis than in early 
screening. However, the model also shows promise as a 
tool for early identification, and future refinement—such 
as incorporating additional clinical or dietary variables—
may enhance its sensitivity and broaden its application in 
preventive strategies. Despite these strengths, the study 
has some limitations. First, its cross-sectional design lim-
its the ability to infer causal relationships, highlighting 
the need for future investigations to distinguish between 
metabolic profile correlations and causality in MetS. Sec-
ond, the combined analysis of men and women may have 
masked sex-specific metabolic variations, which should 
be addressed in future research. Third, the influence of 
metabolite–nutrient pairs on MetS, as assessed through 
the fixed-effects model, has not been experimentally vali-
dated. Fourth, in this study, dietary intake was assessed 
using a semi-quantitative FFQ, which is known to be sus-
ceptible to recall bias and measurement error. To mini-
mize these biases, we used a validated FFQ instrument 

specifically developed for the Korean population. The 
validity and reproducibility of the study were evalu-
ated against 12-day dietary records, which showed that 
nutrient density-based comparisons had similar levels of 
agreement. These findings support the reasonable valid-
ity of the FFQ in distinguishing differences in nutrient 
intake levels among Korean adults [28]. Nevertheless, as 
with all self-reported dietary methods, potential for non-
differential misclassification remains, which may attenu-
ate the observed associations between nutrient intake 
and metabolite levels. Thus, the associations observed in 
this study may be conservative estimates. Future research 
employing more objective measures such as biomark-
ers or multiple 24-h recalls is warranted to validate and 
extend our findings. Fifth, our analysis employed a mini-
mally adjusted model controlling only for age, sex, and 
BMI. While these covariates are well-established con-
founders in nutritional metabolomics, other lifestyle-
related variables such as physical activity, medication use, 
and dietary behaviors were not included. This modeling 
choice was made to avoid overadjustment bias and pre-
serve the real-world lifestyle differences between MetS 
and non-MetS groups. Notably, prior studies investi-
gating the associations between dietary exposures and 
metabolomic profiles have also adopted similar mini-
mally adjusted models, demonstrating that meaningful 
and biologically relevant findings can be derived even 
when only basic demographic covariates are controlled 
for [81, 82]. However, we acknowledge that the absence 
of these covariates may result in residual confounding, 
which should be addressed in future studies using more 
comprehensive adjustment or stratified analyses. Addi-
tionally, in this study, a large proportion of participants 
(67%) from the initial cohort were excluded due to miss-
ing plasma metabolite data. Although this exclusion 
was based on data availability rather than participant 
characteristics, it may have introduced selection bias 
and reduced the generalizability of the findings. Finally, 
external validation of the predictive models could not be 
performed due to the unavailability of an independent 
dataset. While internal validation was conducted using a 
stratified split of the original dataset, this limitation may 
restrict the generalizability of the findings. To enhance 
model generalizability, future research should validate 
these findings in independent populations with diverse 
demographic and clinical characteristics.

This study identified key nutrients—such as fat, retinol, 
and cholesterol—as well as metabolites including hex-
oses, alanine, and valine, that are associated with MetS 
in a middle-aged Korean cohort. Among the 11 metab-
olite sub-pathways enriched across all analytical meth-
ods, arginine biosynthesis emerged as the most strongly 
associated with MetS, highlighting its potential role in 
vascular and metabolic dysfunction. In particular, hexose 
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was identified as a prominent marker, showing the stron-
gest correlation with blood glucose, a core component of 
MetS. Fixed-effects modeling revealed distinct metabo-
lite–nutrient relationships stratified by MetS status, with 
six unique pairs observed in the MetS group and 13 in 
the non-MetS group. These findings underscore the dif-
ferential nature of nutrient–metabolite interactions in 
the context of MetS and support their potential utility 
as biomarkers for metabolic dysregulation. The distinct 
metabolic profiles and nutrient–metabolite associations 
observed in this Korean population should be interpreted 
within the broader global context. A recent meta-analy-
sis of 28 million adults across six WHO regions (Africa, 
Americas, South-East Asia, Europe, Eastern Mediterra-
nean, and Western Pacific) reported a global prevalence 
of elevated fasting glucose of 24.5% [1]. In our Korean 
cohort, 55.5% of individuals with MetS exhibited elevated 
fasting glucose levels, substantially exceeding the global 
average. Even among individuals without MetS, the prev-
alence was 17.0%, which is slightly lower than the global 
prevalence based on the general population, but still 
noteworthy. These findings reinforce the global relevance 
of dysregulated glucose metabolism as a key hallmark 
of MetS and underscore its particularly high burden in 
the Korean population. In this context, our observa-
tion of elevated hexose and its strong correlation with 
blood glucose further supports the central role of glyce-
mic dysregulation across diverse populations, while also 
reflecting population-specific dietary influences. Future 
research should incorporate inter-individual variabil-
ity, including sex-specific differences and genetic poly-
morphisms, which may modulate these interactions and 
further inform personalized dietary strategies. Sex hor-
mones have been shown to influence amino acid metabo-
lism [83], insulin sensitivity, and gut microbiota [84], all 
of which are relevant to MetS pathophysiology. Notably, 
both one-carbon metabolism and BCAA catabolism 
may be differentially regulated based on sex or genetic 
background. For instance, polymorphisms in MTHFR 
can impair folate metabolism and methylation efficiency 
[85], while variants in the BCKDH or PPM1K genes affect 
BCAA breakdown [86]. These inter-individual differ-
ences are critical for advancing precision nutrition and 
personalized medicine. For instance, individuals with 
genetic variants in BCAA metabolism may benefit from 
adjusted macronutrient intake, while those with impaired 
one-carbon metabolism may require tailored folate or 
B-vitamin supplementation [87, 88]. Integrating metabo-
lomic and genomic data may support the development 
of more precise individualized nutrition beyond a one-
size-fits-all approach. The SGD classifier demonstrated 
the highest predictive accuracy among the models tested 
(AUC = 0.84), but external validation was not conducted, 
limiting the generalizability of the results. Therefore, the 

generalizability of these predictive models remains lim-
ited, and future research involving independent cohorts 
is warranted to confirm their robustness.

Overall, this study highlights the value of an integrative 
multi-omics approach for elucidating how dietary factors 
modulate metabolic phenotypes and molecular pathways 
underlying MetS. Based on the observed associations, 
personalized dietary interventions for individuals with 
MetS may include BCAA-restricted diets to mitigate the 
metabolic impact of elevated BCAA and their catabolic 
byproducts, such as acylcarnitines, as well as targeted 
carbohydrate modulation, such as reducing high-hexose 
dietary sources, to improve glycemic control. Addition-
ally, regulating the intake of niacin-rich proteins may be 
beneficial in managing amino acid and hexose metabo-
lism, and targeted micronutrient supplementation, such 
as vitamin B6 to support glycine metabolism, could fur-
ther enhance the metabolic environment in MetS.
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