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Abstract

Background: Metabolic syndrome is a cluster of metabolic abnormalities, including obesity, hypertension, dyslipidemia, and
insulin resistance, that significantly increase the risk of cardiovascular disease (CVD) and other chronic conditions. Its global
prevalence is rising, particularly in aging and urban populations. Traditional screening methods rely on laboratory tests and
specialized assessments, which may not be readily accessible in routine primary care and community settings. Limited resources,
time constraints, and inconsistent screening practices hinder early identification and intervention. Developing a noninvasive and
scalable predictive model could enhance accessibility and improve early detection.

Objective: This study aimed to develop and validate a predictive model for metabolic syndrome using noninvasive body
composition data. Additionally, we evaluated the model’s ability to predict long-term CVD risk, supporting its application in
clinical and public health settings for early intervention and preventive strategies.

Methods: We developed a machine learning–based predictive model using noninvasive data from two nationally representative
cohorts: the Korea National Health and Nutrition Examination Survey (KNHANES) and the Korean Genome and Epidemiology
Study. The model was trained using dual-energy x-ray absorptiometry data from KNHANES (2008-2011) and validated internally
with bioelectrical impedance analysis data from KNHANES 2022. External validation was conducted using Korean Genome and
Epidemiology Study follow-up datasets. Five machine learning algorithms were compared, and the best-performing model was
selected based on the area under the receiver operating characteristic curve. Cox proportional hazards regression was used to
assess the model’s ability to predict long-term CVD risk.

Results: The model demonstrated strong predictive performance across validation cohorts. Area under the receiver operating
characteristic curve values for metabolic syndrome prediction ranged from 0.8338 to 0.8447 in internal validation, 0.8066 to
0.8138 in external validation 1, and 0.8039 to 0.8123 in external validation 2. The model’s predictions were significantly associated
with future cardiovascular risk, with Cox regression analysis indicating that individuals classified as having metabolic syndrome
had a 1.51-fold higher risk of developing CVD (hazard ratio 1.51, 95% CI 1.32-1.73; P<.001). The ability to predict long-term
CVD risk highlights the potential utility of this model for guiding early interventions.

Conclusions: This study developed a noninvasive predictive model for metabolic syndrome with strong performance across
diverse validation cohorts. By enabling early risk identification without laboratory tests, the model enhances accessibility in
primary care and large-scale screenings. Its ability to predict long-term CVD risk supports proactive intervention strategies,
potentially reducing the burden of cardiometabolic diseases. Further research should refine the model with additional clinical
factors and broader population validation to maximize its clinical impact.
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Introduction

Metabolic syndrome is characterized by a combination of
metabolic abnormalities, such as dyslipidemia, hypertension,
insulin resistance, and abdominal obesity [1,2]. Together, these
factors increase the risk of cardiovascular diseases (CVD) and
other chronic conditions [3]. Metabolic syndrome affects a
significant portion of the global population, with increasing
prevalence rates, especially in aging and urbanized populations
[4]. According to the National Cholesterol Education Program
Adult Treatment Panel III criteria, metabolic syndrome is
diagnosed when at least three of the following five risk factors
are present: abdominal obesity, elevated triglyceride levels, low
high-density lipoprotein (HDL) levels, hypertension, and high
fasting blood glucose [5].

Prolonged exposure to these risk factors significantly increases
the likelihood of developing CVD, such as myocardial
infarction, ischemic stroke, and atherosclerosis [6]. Numerous
studies have established a strong link between metabolic
syndrome and CVD [2], indicating that the early identification
and management of metabolic syndrome may play a critical
role in preventing CVD [7].

In recent years, there has been growing interest in using machine
learning and deep learning models to predict metabolic
syndrome and related chronic diseases, such as CVD [8,9].
These models aim to facilitate early identification and
intervention, thereby potentially reducing the risk of CVD in
individuals with metabolic syndrome. However, many existing
prediction models rely heavily on biochemical data obtained
from invasive tests such as blood samples and lab-based
measurements [10,11], which limits their applicability in public
health centers and large-scale health management programs.

To overcome these limitations, recent efforts have shifted toward
developing metabolic syndrome prediction models using
noninvasive data [12] such as demographic factors and medical
history, which are more accessible and feasible in both clinical
and nonclinical settings. Despite these advancements, significant
challenges remain, including limitations in the diversity and
size of data samples, concerns about the reliability of
self-reported survey data, and a lack of external validation to
confirm the generalizability of these models. Additionally, many
models experience the black-box problem, often limiting their
usefulness as they only provide binary predictions, making their
integration into health care workflows difficult [13-15].

This study develops a predictive model for metabolic syndrome
using noninvasive body composition data, enabling early
detection without reliance on laboratory tests. By enhancing
accessibility in primary care, public health centers, and even
nonclinical settings, this approach facilitates large-scale
screening and timely intervention. Furthermore, we assess the
model’s ability to predict long-term CVD risk, reinforcing its
potential to identify high-risk individuals early and optimize
preventive strategies. This study addresses a critical gap in
current screening methods by providing a practical, scalable

tool for metabolic syndrome and CVD risk assessment in
real-world health care settings.

Methods

Study Population and Data Sources
The Korea National Health and Nutrition Examination Survey
(KNHANES) is a continuous surveillance system designed to
assess the health and nutritional status of the Korean population,
monitor trends in health risk factors and the prevalence of major
chronic diseases, and provide data for the development and
evaluation of health policies and programs in Korea. The
surveillance was conducted by the Korea Center for Disease
Control and Prevention. The KNHANES is an annual nationwide
cross-sectional survey that targets a nationally representative
sample of noninstitutionalized civilians in Korea. The survey
comprised three components: health interviews, health
examinations, and nutrition surveys. One week after the health
interview and examination, a nutritionist visited the participants’
homes to conduct the nutrition survey. The survey collected
detailed information on socioeconomic status, health behaviors,
quality of life, health care utilization, anthropometric
measurements, biochemical profiles using fasting serum and
urine samples, dental health, vision and hearing assessments,
bone density measurements, x-ray results, and dietary intake
and eating behaviors [16].

The Korean Genome and Epidemiology Study (KoGES) began
in 2001 and aimed to assess the effects of dietary,
environmental, and lifestyle determinants on the development
of chronic diseases, such as diabetes, hypertension, and
metabolic syndrome, in the general Korean population. Between
2001 and 2002, 10,030 Korean adults aged 40-69 years from
the urban city of Ansan and the rural city of Anseong were
recruited at baseline. All participants completed
interviewer-administered questionnaires covering demographic
information and lifestyle factors, including dietary habits, health
status, and medical history, and underwent anthropometric
measurements and biochemical examinations every 2 years
[17].

Dual-energy x-ray absorptiometry (DEXA) and bioelectrical
impedance analysis (BIA) are commonly used for body
composition analyses. DEXA is widely recognized as the gold
standard method for body composition analysis owing to its
accuracy, whereas BIA offers advantages in terms of ease of
use and accessibility [18]. Although some differences in the
measurement outcomes between DEXA and BIA have been
reported [19,20], we aimed to develop a model that predicts
metabolic syndrome quickly, conveniently, and accurately.
Therefore, in this study, DEXA data were used for internal
model development to leverage its accuracy as the gold standard
method, whereas BIA data were used for external validation to
assess the generalizability of the model across different
measurement techniques. This approach allowed us to evaluate
the practical applicability of the model in more accessible
clinical settings where DEXA may not be available, thus
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ensuring the relevance and utility of the model in a wider range
of health care environments.

Data from the 2008 to 2011 KNHANES, measured using DEXA,
were used for model development. Data from the 2022
KNHANES were used for internal validation. KoGES data
measured using BIA (InBody 720 and 970) were used for
external validation, with the first and second follow-up data
used for the first and second external validations, respectively.

Ethical Considerations
The KNHANES data were approved by the Institutional Review
Board of the Korea Center for Disease Control and Prevention
for the years 2008-2011 and 2022. For the KoGES data,
participation in the study was voluntary, and informed consent
was obtained from all participants for each baseline and
follow-up survey. Ethics approval for the study protocol and

data analysis was granted by the Institutional Review Board of
Korea University Guro Hospital (2023GR0293). Additionally,
the data were anonymized before use, and all
processes—including data collection, processing, and model
development—adhered to the guidelines established for machine
learning model development in the biomedical field [21].

Cohort Formation and Exclusion Criteria
Figure 1 shows a flowchart of the study cohort formation. Of
the 24,343 patients included in the 2008-2011 and 2022
KNHANES, 22,319 patients were included in the internal cohort
after excluding patients younger than 18 years of age and those
with missing data related to metabolic syndrome. Data from the
2008 to 2011 KNHANES, which included DEXA
measurements, were used for training, while data from the 2022
KNHANES, which included BIA measurements, were used for
internal validation.

Figure 1. Flowchart for the study cohort formation. The gray background represents the cohort used for model training and validation, while the blue
background indicates the cohort used for statistical evaluation of CVD risk. CVD: cardiovascular disease; KNHANES: Korea National Health and
Nutrition Examination Survey; KoGES: Korean Genome and Epidemiology Study; METS: metabolic syndrome.
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Data from the KoGES were used for external validation after
excluding patients who died during the follow-up period and
those with missing data related to metabolic syndrome. The
external validation data included 8965 patients from the first
follow-up and 7058 patients from the second follow-up. The
prevalence of metabolic syndrome in each cohort was 5320
(29.58%), 1591 (36.73%), 2606 (29.07%), and 1743 (24.70%),
respectively.

To evaluate the utility of the model, additional exclusion criteria
were applied to the external validation dataset to identify patients
with CVD. The analysis was conducted on a longitudinal dataset,
where the same cohort of patients was followed across multiple
follow-ups. In the first follow-up of the KoGES, 7150 patients
were included after excluding those who had developed CVD
during the first follow-up, those whose CVD status could not
be determined between the second and 10th follow-ups, and
those with missing data necessary for statistical analysis. Among
these patients, 617 new cases of CVD were identified during
the follow-up period (second to 10th follow-up). In the second
follow-up of the KoGES, 6326 patients were included after
excluding those who developed CVD during the first or second
follow-up, those whose CVD status could not be determined
between the third and 10th follow-ups, or those with missing
data. Among these patients, 488 new cases of CVD were
identified during the follow-up period (third to 10th follow-up).
The observation period from the first follow-up averaged
5404.20 (SD 1885.38) days, and from the second follow-up
averaged 5097.38 (SD 1448.04) days.

Criteria for Defining Metabolic Syndrome and Study
Variables
To define metabolic syndrome, the criteria established by the
National Cholesterol Education Program Adult Treatment Panel
III were referenced. For abdominal obesity in Korean women,
the criteria set by the Korean Society for Obesity in 2006 were
used, which defines abdominal obesity as a waist circumference
of ≥85 cm. The specific criteria for defining metabolic syndrome
in this study were as follows [22,23]: (1) waist circumference:
≥90 cm for men, ≥85 cm for women; (2) triglycerides: ≥150
mg/dL, or currently taking medication for dyslipidemia; (3)
HDL cholesterol (HDL-C): <40 mg/dL for men and <50 mg/dL
for women or those currently on medication for dyslipidemia;
(4) blood pressure: systolic blood pressure of ≥130 mm Hg,
diastolic blood pressure of ≥85 mm Hg, or currently taking
antihypertensive medication; and (5) fasting glucose: ≥100
mg/dL or currently taking insulin or medication for diabetes.
Groups meeting these criteria were defined as those with
abdominal obesity, elevated triglycerides, reduced HDL-C,
elevated blood pressure, and elevated fasting glucose. Metabolic
syndrome was diagnosed if three or more of the five criteria
were met. CVD was defined as myocardial infarction, angina
pectoris, peripheral artery disease, or stroke based on previous
studies [24,25].

Data from the 2008 to 2011 KNHANES cohort measured using
DEXA were used for analysis, whereas data from the 2022
KNHANES and the first and second follow-ups of the KoGES
cohort measured using BIA were used for validation. Only
variables consistently available across all cohorts were

considered to ensure that the model could be easily applied
without reliance on surveys or additional information. Thus,
only sex, age, height, weight, fat mass, and lean mass were used
to develop the model, ensuring that it could be used at any time
and in any setting.

Model Development, Validation, and Calibration
We used the KNHANES 2008-2011 data and applied a stratified
cross-validation (CV) technique to ensure a similar distribution
of metabolic syndrome across five CV folds. These datasets
were used for hyperparameter tuning to determine optimal
parameters for each model. The KNHANES 2022 data served
as internal validation, while the first follow-up of the KoGES
was used as external validation 1, and the second follow-up was
used as external validation 2. This multistage validation
approach aimed to develop a robust model for predicting
metabolic syndrome.

In this study, we used six easily obtainable noninvasive data
features—age, sex, height, weight, body fat mass, and lean body
mass—as input features for predicting the five diagnostic criteria
of metabolic syndrome and the presence of metabolic syndrome
itself. Model development followed these steps, and using the
six features, we directly predicted each of the five diagnostic
criteria for metabolic syndrome, as well as metabolic syndrome
itself. The best-performing model is selected for each criterion.
The best model for each metabolic syndrome diagnostic criterion
was used to estimate the probability of meeting that criterion.
We compared the area under the receiver operating characteristic
curve (AUROC) performance on internal test data, external 1
data, and external 2 data using three different modeling
approaches: (1) a model that directly predicts metabolic
syndrome using the six features, (2) a model that predicts
metabolic syndrome using only the probabilities of each
diagnostic criterion derived from their respective
best-performing models, and (3) a model that predicts metabolic
syndrome using both the probabilities and six features.

To compare the performance of various models for predicting
metabolic syndrome and to select the best model, we evaluated
several algorithms, including the logistic regression (LR) with
various regularization penalties (l1, l2, and elastic net) [26],
ensemble-based random forest [27], boosting-based eXtreme
gradient boosting [28], multilayer perceptron (MLP) with
multiple layers of artificial neural networks [29], and TabNET
(TAB) model, which is known for its high performance on
tabular datasets [30]. The performances of these models were
systematically compared to identify the most robust predictive
model for metabolic syndrome.

To preprocess the numerical data, we applied scaling using a
robust scaler from Scikit-learn, which effectively handles
outliers by removing the median and scaling according to the
IQR. To determine the optimal parameters for each model,
hyperparameter tuning was performed based on the AUROC
performance metric. This tuning process involved specifying a
range of hyperparameters for each model and using a 5-fold CV
to evaluate performance. After selecting the best parameters for
each model, model calibration was applied to improve the
probability estimates [31]. We applied two calibration methods
(sigmoid and isotonic) in a 5-fold CV setting and evaluated
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their performance using three metrics—Brier score, expected
calibration error, and maximum calibration error. We then chose
the calibration method that performed well on at least two of
these three metrics.

In addition, we used the Shapley Additive Explanations (SHAP)
summary plot to investigate the key factors shaping the
predictions of our best-performing model, offering
interpretability by quantifying the impact of each feature on its
outputs.

Statistical Analysis and Evaluation of Model Utility
In this study, a series of statistical analyses were conducted to
compare the differences between patients with and without
metabolic syndrome across various variables and to evaluate
the performance of the prediction model. The following analyses
were performed.

The 2-tailed t tests were used to compare continuous variables
between patients with and without metabolic syndrome in the
training, internal validation, and external validation datasets.
For categorical variables, the chi-square test was used to assess
the differences between the two groups.

Next, the relationship between metabolic syndrome and CVD
was assessed using Cox proportional hazards regression analysis
in the external validation dataset 1 to estimate hazard ratios
(HRs) for CVD in patients with metabolic syndrome. The Cox
proportional hazards model is widely used in survival analyses
to examine the relationship between the timing of an event (in
this case, CVD) and one or more predictor variables [32]. This
model assumes that the hazard (or risk) of an event is a function
of the baseline hazard and a set of covariates that linearly affect
the log HR. This approach allows for the adjustment of multiple
confounding factors, providing an estimate of how each
predictor variable affects the risk of developing CVD while
considering the time until an event occurs.

Covariates, such as age, sex, BMI, alcohol consumption,
smoking status, and income level, were adjusted for potential
confounding effects. Income level was categorized into four
groups: <2 million KRW, 2-3 million KRW, 3-4 million KRW,
and >4 million KRW (at the time of the study, the average

exchange rate was approximately 1220 KRW per US $1). Based
on the identified optimal cutoff, HRs for patients with actual
metabolic syndrome and those predicted by the model were
calculated for both external validation datasets 1 and 2.

In the external validation dataset 1, Cox proportional hazards
regression was used to estimate the HRs for CVD in relation to
several key variables, including current BMI, body fat
percentage, total physical activity, alcohol consumption, and
smoking status. All the HRs were adjusted for age, sex, and
income level. The same procedure was applied to external
validation dataset 2, with the primary variables of interest being
baseline metabolic syndrome status, current BMI, change in
BMI from baseline, body fat percentage, change in body fat
percentage from baseline, current alcohol consumption, and
smoking status.

To further assess the practical utility of the model, continuous
variables related to physical activity and body composition were
examined in relation to CVD risk. Natural cubic splines were
applied to model the nonlinear relationships between continuous
variables (BMI, body fat percentage, and physical activity) and
the risk of developing CVD [33]. Natural splines allow flexible
modeling by dividing the range of continuous variables into
segments and fitting cubic polynomial functions to each
segment. The key advantage of natural splines is their ability
to impose linearity beyond boundary knots, ensuring a smoother
fit and reducing the risk of overfitting. This makes them
particularly useful for capturing complex nonlinear effects that
may not be well represented by traditional linear models. All
statistical analyses and visualizations, including the application
of Cox regression and natural cubic splines, were performed
using Python (version 3.11; Python Software Foundation) and
SAS (version 9.4; SAS Institute Inc).

Results

Baseline Characteristics of Study Population
The baseline characteristics of the variables for each cohort are
presented in Table 1. Statistically significant differences were
observed between the patients with and without metabolic
syndrome for all variables.
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Table 1. Baseline characteristics.

P valueMETSNon-METSaTotalCohort and features

532012,66717,987Train, n

<.001b57.70 (13.41)45.24 (15.63)48.92 (16.05)Age (years), mean (SD)

<.001b2827 (53.13)7388 (58.32)10,215 (56.79)Female (person), n (%)

<.001b161.08 (9.75)162.70 (8.93)162.22 (9.21)Height (cm), mean (SD)

<.001b67.45 (11.96)60.20 (10.46)62.34 (11.41)Weight (kg), mean (SD)

<.001b20.34 (5.60)16.22 (5.31)17.44 (5.71)Body fat (kg), mean (SD)

<.001b46.50 (10.14)43.45 (9.16)44.36 (9.56)Lean body mass (kg), mean (SD)

159127414332Internal v alidation, n

<.001b60.77 (13.69)47.64 (16.85)52.46 (16.99)Age (years), mean (SD)

<.001b787 (49.47)1635 (59.65)2422 (55.91)Female (person), n (%)

<.001b163.01 (9.60)164.29 (8.79)163.82 (9.11)Height (cm), mean (SD)

<.001b69.59 (13.81)62.26 (11.80)64.95 (13.06)Weight (kg), mean (SD)

<.001b22.17 (6.85)17.53 (5.89)19.23 (6.64)Body fat (kg), mean (SD)

<.001b47.39 (10.24)44.71 (9.46)45.70 (9.84)Lean body mass (kg), mean (SD)

260663598965External v alidation 1, n

<.001b54.80 (8.57)50.83 (8.69)51.99 (8.84)Age (years), mean (SD)

<.001b1515 (58.14)3227 (50.75)4742 (52.89)Female (person), n (%)

<.001b159.36 (9.02)160.36 (8.47)160.07 (8.65)Height (cm), mean (SD)

<.001b67.75 (10.39)61.12 (9.30)63.05 (10.09)Weight (kg), mean (SD)

<.001b20.50 (5.21)15.59 (5.02)17.02 (5.54)Body fat (kg), mean (SD)

<.001b47.25 (8.9945.53 (8.12)46.03 (8.42Lean body mass (kg), mean (SD)

174353157058External validation 2, n

<.001b56.28 (8.65)52.78 (8.66)53.65 (8.79)Age (years), mean (SD)

<.001b1038 (59.55)2716 (51.10)3754 (53.19)Female (person), n (%)

<.001b159.03 (9.12)160.42 (9.79)160.08 (9.65)Height (cm), mean (SD)

<.001b67.79 (10.29)61.40 (9.43)62.98 (10.03)Weight (kg), mean (SD)

<.001b20.44 (5.17)15.42 (4.96)16.66 (5.46)Body fat (kg), mean (SD)

<.001b47.35 (9.03)45.98 (8.22)46.31 (8.44)Lean body mass (kg), mean (SD)

aMETS: metabolic syndrome.
bIndicates cases with P<.05.

Model Performance Evaluation
The search ranges for hyperparameter tuning for each model
are provided in Multimedia Appendix 1, and the CV results for
each model are detailed in Multimedia Appendix 2. Based on
the CV results, the LR model achieved the best performance in
predicting abdominal obesity with an AUROC of 0.9472. The
MLP model was the best-performing model for predicting
reduced HDL-C levels, elevated blood pressure, and metabolic
syndrome with AUROCs of 0.6982, 0.8129, and 0.8573,

respectively. Finally, the TAB model was selected as the
best-performing model for predicting elevated triglyceride and
fasting glucose levels, with AUROCs of 0.7463 and 0.7542,
respectively.

As summarized in Multimedia Appendix 3, we evaluated the
calibration performance for each target using three
metrics—Brier score, expected calibration error, and maximum
calibration error—and selected the method that performed well
on at least two of these metrics. The final best model for
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metabolic syndrome prediction was calibrated using isotonic
regression. Additionally, Multimedia Appendix 4 presents the
calibration metrics for each target’s chosen calibration method.

Table 2 summarizes the model performance for the internal and
external validation datasets. Overall, the models demonstrated
better performance on the internal test dataset, with AUROC
values ranging from 0.8338 to 0.8447 for metabolic syndrome
prediction. The performance differences between the external

validation datasets were relatively minor, with AUROCs ranging
from 0.8066 to 0.8138 for external dataset 1 and 0.8039 to
0.8123 for external dataset 2. The performance metrics among
the three approaches—using only noninvasive features,
probability-based predictions derived from each diagnostic
criterion, and the combination of both—showed minimal
differences. In addition, the performance variation among the
five models was not substantial.
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Table 2. AUROCa performance of models in internal, external validation 1, and external validation 2 datasetsb.

TargetModel and cohort

METS (com-
bination)

METS
(probability)

METSd (fea-
tures)

Elevated
fasting glu-
cose

Elevated
blood pres-
sure

Reduced

HDL-Cc
Elevated
triglycerides

Abdominal
obesity

LRe

0.84440.84470.83380.74420.81640.71500.71310.9556Internalf

0.80970.81020.80790.65080.71980.71390.68320.9007External 1g

0.80750.80780.80540.65330.70250.70750.67650.8938External 2h

RFi

0.84220.83930.83600.74350.81150.71680.72600.9510Internalf

0.81180.80800.80980.65500.72010.70680.69600.8916External 1g

0.80900.80390.80650.66130.70440.70330.69350.8868External 2h

XGBj

0.84120.84180.83980.74500.81510.72260.72870.9544Internalf

0.81130.81130.81130.65690.72030.70430.69630.8981External 1g

0.80850.80930.80730.66080.70510.70140.69400.8923External 2h

MLPk,l

0.84370.84380.84330.74670.81880.71930.74140.9557Internalf

0.81230.81040.81380.65690.72170.71430.70200.9009External 1g

0.81070.80960.81230.66270.70750.70790.69830.8939External 2h

TABm

0.83940.83930.84060.74690.81450.71810.73730.9543Internalf

0.80810.80660.81140.65270.72110.70600.70000.9030External 1g

0.80670.80480.80880.66140.70280.70160.69840.8984External 2h

aAUROC: area under the receiver operating characteristic curve.
bThe table shows the test data performance for predicting each target using models optimized with the best combination of parameters and calibration.
It also presents the test data performance for predicting metabolic syndrome by combining the six features with the predicted probabilities of each
diagnostic criterion for metabolic syndrome.
cHDL-C: high-density lipoprotein cholesterol.
dMETS: metabolic syndrome.
eLR: logistic regression.
fInternal was conducted using the Korea National Health and Nutrition Examination Survey 2022 data.
gExternal 1 was conducted using the first follow-up of the Korean Genome and Epidemiology Study.
hExternal 2 was conducted using the second follow-up of the Korean Genome and Epidemiology Study.
iRF: random forest.
jXGB: extreme gradient boosting.
kMLP: multilayer perceptron.
lRepresents the final selected model in the cross-validation process.
mTAB: TabNET.

In the internal dataset, the LR model achieved the highest
AUROC of 0.8447 when predicting metabolic syndrome using
the probabilities from the best-performing models for each
criterion as a feature. For external datasets, the MLP model
demonstrated the best performance in noninvasive feature-based

metabolic syndrome prediction, achieving AUROCs of 0.8138
and 0.8123 in external datasets 1 and 2, respectively.

To further examine the key factors influencing predictions, we
evaluated the feature importance of this best-performing model
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in the external validation cohorts using SHAP. The SHAP
analysis identified sex as the most critical feature, followed by
lean mass and body fat mass. Given the prominent role of sex,
we conducted a subgroup analysis stratified by sex to investigate
both model performance and feature contribution differences.
These subgroup results, including performance metrics and
SHAP-based interpretations, are presented in Multimedia
Appendices 5 and 6.

Model Utility Evaluation with CVD Risk Assessment
Multimedia Appendix 7 illustrates how precision, recall, and
F1-score vary across different threshold values for predicting
metabolic syndrome in the internal validation dataset. We clarify
that we selected the threshold by identifying the point at which
the F1-score was maximized (0.32), thereby balancing precision
and recall. In addition, after selecting this threshold, we applied
the model to external datasets to predict metabolic syndrome
and subsequently assessed the associated risk of CVD.

Table 3 shows the baseline characteristics of the variables used
in the statistical analyses. Additionally, Table 4 shows the HRs
calculated using Cox proportional hazard models for each
cohort. Figure 2 shows the CVD HRs based on continuous
variables such as BMI, body fat mass percentage, and total
physical activity for patients with metabolic syndrome and those

predicted to have metabolic syndrome in the external validation
cohort 1. The x-axis of each graph represents the respective
continuous variables, whereas the y-axis shows the HRs,
indicating the impact of the variables on CVD occurrence. The
solid line represents the estimated HRs and the dashed lines
indicate the 95% CIs. The first column shows the relationship
between the BMI and CVD risk. When BMI was <25, the CVD
risk tended to decrease. The second column represents the
relationship between body fat percentage and CVD risk, where
an increase in body fat percentage tended to increase CVD risk.
The third column illustrates the relationship between physical
activity and CVD risk. As physical activity increased, CVD risk
tended to decrease, especially in the predicted metabolic
syndrome group, in which burning more than approximately
9000 kcal per week correlated with decreased CVD risk. This
suggests that engaging in exercise beyond routine physical
activity can further reduce the risk of CVD. The statistical results
for patients with actual metabolic syndrome are shown in
Multimedia Appendices 8-10. Finally, Figure 3 presents the
Kaplan-Meier survival curves for CVD according to the different
metabolic syndrome risk probability groups predicted by the
model. As shown in Multimedia Appendices 11-13, the
differences in the survival curves across most score intervals
were statistically significant.
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Table 3. Statistics for the statistical analysis cohort.

P valueCVDNon-CVDaTotalCohort and features

41032883698Predicted METSb (external validation 1), n

.03d161 (39.27)1167 (35.49)1328 (35.91)Incidence of METS at the second follow-upc, n (%)

<.001d56.45 (7.77)54.00 (8.58)54.27 (8.53)Age (years), mean (SD)

.84215 (52.44)1746 (53.10)1961 (53.03)Female (person), n (%)

.1326.48 (2.35)26.68 (2.46)26.66 (2.45)BMI (kg/m2), mean (SD)

.8930.00 (6.02)30.04 (6.10)30.04 (6.09)Body fat (%), mean (SD)

.21176 (42.93)1524 (46.35)1700 (45.97)Alcohol (person), n (%)

.18100 (24.39)702 (21.35)802 (21.69)Smoke (person), n (%)

≥.9911,797 (7192)11,797 (7321)11,797 (7306)PAe (kcal/week), mean (SD)

.52Income (million KRW)f, n (%)

281 (68.54)2177 (66.21)2458 (66.47)2

102 (24.88)849 (25.82)951 (25.72)2, 4

27 (6.59)262 (7.97)289 (7.82)4

31930493368Predicted METS (external validation 2), n

<.001d165 (51.72)1214 (39.82)1379 (40.94)History of METS at the first follow-up, n (%)

<.001d57.97 (7.80)55.28 (8.42)55.54 (8.40)Age (years), mean (SD)

.99173 (54.23)1660 (54.44)1833 (54.42)Female (person), n (%)

.2326.35 (2.20)26.64 (4.27)26.61 (4.12)BMI (kg/m2), mean (SD)

.560.12 (0.980.24 (3.77)0.23 (3.60)Change in BMI (kg/m2), mean (SD)

.9729.60 (5.87)29.58±6.1529.58±6.12Body fat, %

.53–0.12 (2.87)0.00 (3.12)–0.01 (3.10)Change in body fat (%), mean (SD)

.39Alcohol (person), n (%)

155 (48.59)1403 (46.02)1558 (46.26)Nonalcoholic

21 (6.58)167 (5.48)188 (5.58)Abstinent

143 (44.83)1479 (48.51)1622 (48.16)Current alcohol use

.11Smoke (person), n (%)

234 (73.35)2328 (76.35)2562 (76.07)Nonsmoker

12 (3.76)157 (5.15)169 (5.02)Former smoker

73 (22.88)564 (18.50)637 (18.91)Current smoker

.03dIncome ( million KRW), n (%)

226 (70.85)1932 (63.37)2158 (64.07)2

72 (22.57)836 (27.42)908 (26.96)2, 4

21 (6.58)281 (9.22)302 (8.97)4

aCVD: cardiovascular disease.
bMETS: metabolic syndrome.
c409 individuals with missing metabolic syndrome data at the 2nd follow-up were excluded.
dIndicates cases with P<.05.
ePA: physical activity.
fAt the time of the study (2001-2004), the average exchange rate was approximately 1220 KRW per US $1.
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Table 4. HRsa for cardiovascular disease by characteristics.

P valueaHRb (95% CI)P valueHR (95% CI)Cohort and features

Predicted METSc (external validation 1)

BMI (kg/m2)

—1.00 (reference)—d1.00 (reference)<23

.461.23 (0.72-2.10).901.04 (0.61-1.76)≥23, <25

.421.25 (0.73-2.12).470.83 (0.50-1.37)≥25

Body fat (%)

—1.00 (reference)—1.00 (reference)<Q25

.691.08 (0.73-1.61).931.02 (0.69-1.50)≥Q25, <Q75

.271.32 (0.80-2.17).741.07 (0.72-1.59)≥Q75

PAe (103 kcal/week)

—1.00 (reference)—1.00 (reference)<Q25

.511.09 (0.84-1.41).801.03 (0.80-1.33)≥Q25, <Q75

.640.93 (0.70-1.24).930.99 (0.75-1.30)≥Q75

Drink

—1.00 (reference)—1.00 (reference)No

.220.86 (0.69-1.09).090.84 (0.69-1.03)Yes

Smoke

—1.00 (reference)—1.00 (reference)No

.008f1.44 (1.10–1.87).111.20 (0.96-1.51)Yes

Predicted METS (external validation 2)

History of METS at the first follow-up

—1.00 (reference)—1.00 (reference)No

<.001f1.52 (1.21-1.91)<.001f1.61 (1.30-2.01)Yes

BMI (kg/m2)

—1.00 (reference)—1.00 (reference)<23

.131.78 (0.85-3.75).231.55 (0.75-3.21)≥23, <25

.131.78 (0.84-3.78).521.26 (0.62-2.56)≥25

Change in BMI (kg/m2)

—1.00 (reference)—1.00 (reference)<Q25

.801.04 (0.77-1.41).961.01 (0.76-1.34)≥Q25, <Q75

.361.18 (0.83-1.66).761.05 (0.77-1.42)≥Q75

Body fat (%)

—1.00 (reference)—1.00 (reference)<Q25

.960.99 (0.63-1.55).780.94 (0.61-1.45)≥Q25, <Q75

.780.92 (0.53-1.62).690.91 (0.59-1.43)≥Q75

Change in body fat (%)

—1.00 (reference)—1.00 (reference)<Q25

.800.96 (0.71-1.30).550.92 (0.69-1.22)≥Q25, <Q75

.400.86 (0.60-1.22).490.90 (0.65-1.23)≥Q75

Drink
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P valueaHRb (95% CI)P valueHR (95% CI)Cohort and features

—1.00 (reference)—1.00 (reference)Nonalcoholic

.591.14 (0.72-1.80).741.08 (0.68-1.70)Abstinent

.550.92 (0.71-1.20).260.88 (0.70-1.10)Current alcohol use

Smoke

—1.00 (reference)—1.00 (reference)Nonsmoker

.650.87 (0.47-1.60).380.77 (0.43-1.38)Former smoker

.01f1.52 (1.11-2.10).04f1.33 (1.02-1.72)Current smoker

aHR: hazard ratio.
baHR: adjusted hazard ratios; corrected for factors such as sex and age.
cMETS: metabolic syndrome.
dNot applicable.
ePA: physical activity.
fCases with P<.05.

Figure 2. CVD HRs by continuous variables. Solid lines represent adjusted HRs and shaded regions indicate 95% CIs from restricted cubic spline
regression. The CVD HR was calculated for patients predicted to have metabolic syndrome using this model. The HRs were adjusted for sex, age,
alcohol consumption, smoking status, and income level. (A) The HR based on BMI, with a reference value of 25. (B) The HR based on body fat
percentage, with a reference value of 25. (C) The HR based on physical activity, with the reference value set at 1. CVD: cardiovascular disease; HR:
hazard ratio.
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Figure 3. Kaplan-Meier survival curves for cardiovascular disease according to metabolic syndrome risk groups.

Discussion

Principal Findings
We developed a high-performing metabolic syndrome prediction
model using only noninvasive data, probability estimates from
models that predicted each diagnostic criterion, or a combination
of both, achieving AUROC values ranging from 0.8039 to
0.8447 across internal, external 1, and external 2 validation
datasets. Patients predicted to have metabolic syndrome by the
final model exhibited high CVD risk similar to actual patients
with metabolic syndrome. Furthermore, the model demonstrated
practical utility by suggesting specific and actionable
management strategies, such as increasing physical activity, to
lower the risk of CVD development in cases predicted as
metabolic syndrome. This approach, which allows patients to
easily check their current health status, raises awareness about
their health, and provides appropriate management through
web- or app-based platforms, can be effective in helping patients
lead healthier lives [34-36].

By using noninvasive body composition data such as
anthropometric measurements, health care providers can perform
more practical and scalable screenings for metabolic syndrome
[37], thereby facilitating timely interventions to mitigate the
risks of CVD and other related chronic conditions. From the
perspective of body composition measurements, DEXA is
considered the gold standard method for analyzing body

composition due to its precision in measuring fat and lean body
mass [38]. However, their limited accessibility in routine clinical
settings highlights the importance of alternative methods. In
this context, BIA has gained traction as a more accessible and
cost-effective tool despite its lower accuracy compared to
DEXA. BIA’s practicality makes it a valuable asset in
community health programs, where rapid and widespread
screening is essential [39]. With the increasing availability of
home-based body composition scales such as bioelectrical
impedance devices, individuals can conveniently monitor key
noninvasive metrics such as body fat percentage and muscle
mass [40]. This makes it feasible to predict metabolic disorders
and CVD risk outside the clinical environment, thus supporting
broader health management strategies in daily life [41].

Comparison to Prior Work
Our model demonstrated comparable or superior performance
to those of previous studies in predicting metabolic syndrome
using noninvasive data. However, these studies typically
included features such as blood pressure and waist
circumference, which are part of the current labeling criteria
for metabolic syndrome [12], incorporated data with reliability
concerns, such as dietary or physical activity questionnaires
[42,43], or used genome-related data, such as genome-wide
polygenic risk scores, which are not easily accessible in routine
clinical or community health settings in their model training
[44].
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Another important contribution of this study is the evaluation
of the utility of the model in predicting long-term CVD risk,
which is a critical complication of metabolic syndrome. Using
Cox proportional hazards regression analysis, the study
confirmed that patients classified as having metabolic syndrome
based on the model’s predictions had a significantly higher risk
of developing CVD than patients without metabolic syndrome,
with an estimated HR of 1.51. This finding highlights the
broader applicability of the predictive model for identifying
individuals at a higher risk of CVD, thus enabling early
intervention and preventive care strategies. Although several
studies have successfully predicted metabolic syndrome using
noninvasive data, to the best of our knowledge, this is the first
study to offer additional clinical interpretations such as the risk
of CVD [14,45].

Limitations
Despite the high performance of our METS prediction model
for metabolic syndrome, several limitations should be
acknowledged. First, the BIA data used for the external
validation can vary significantly depending on the device used.
In contrast, the training data relied on DEXA, which is the gold
standard method for analyzing body composition. The lower
performance observed with BIA compared with DEXA
highlights potential areas for improvement as BIA technology
continues to evolve. Second, although this study used a large
multicenter cohort, the population was predominantly Korean,
which limits the generalizability of the findings across different
ethnicities. Future studies should include diverse populations.
Third, among the five diagnostic criteria of metabolic syndrome,
we observed lower predictive performance for elevated
triglycerides, reduced HDL-C, elevated blood pressure, and
elevated fasting glucose compared with abdominal obesity. This
suggests that body composition data alone may be insufficient
to fully capture the more complex metabolic processes
underlying these nonobesity components. Fourth, in external
validation 2, the proportion of individuals with a history of
metabolic syndrome differed considerably between patients
with predicted and actual metabolic syndrome. While we aimed
to use minimal features that could be easily captured by BIA,
the inclusion of additional variables such as past medical history
or simple survey-based characteristics such as smoking and
alcohol consumption could enhance the model’s predictive
power in the future. Finally, we only assessed the utility of our
metabolic syndrome model in predicting CVD risk. Further
studies should explore its applicability to other health outcomes
and management indicators to provide a more comprehensive
evaluation of the utility of the model.

Clinical Implications and Future Directions
The findings of this study align with previous research
highlighting the underdiagnosis of metabolic syndrome in
primary care settings. A previous cross-sectional study
conducted in Australian physiotherapy private practices found
that 37% of participants had metabolic syndrome, yet none were
aware of their condition [46]. This underscores a critical gap in
routine metabolic risk screening, even among individuals already
engaging with the health care system.

This study further addresses this gap by providing a noninvasive,
accessible predictive model that enables early detection of
metabolic syndrome without requiring laboratory tests. By
integrating this model into primary care, public health programs,
and digital health platforms, health care providers can efficiently
identify high-risk individuals and implement timely
interventions. Moreover, given that many individuals with
metabolic syndrome remain undiagnosed until CVD arises, this
model has the potential to prevent disease progression by
facilitating proactive risk management and personalized lifestyle
modifications.

Beyond clinical practice, the model’s scalability extends to
large-scale screening initiatives and community health programs,
where noninvasive risk assessment can drive cost-effective,
widespread prevention efforts. As a previous study has shown
that lifestyle interventions can effectively improve
cardiometabolic health in individuals with metabolic syndrome
[47], integrating predictive tools into routine health care could
empower both healthy controls and patients with metabolic
syndrome to take a more active role in managing their health.
Ultimately, by bridging the gap between metabolic syndrome
screening and long-term CVD risk prediction, this model
presents a practical solution for reducing the burden of
cardiometabolic diseases at both individual and population
levels.

Future research should focus on incorporating more diverse
populations and exploring the utility of this model in predicting
health outcomes other than CVD. Additionally, the utility of
this model should be further evaluated for predicting health
outcomes beyond CVD, including diabetes, nonalcoholic fatty
liver disease, and other metabolic disorders. Furthermore,
implementation studies are needed to assess the real-world
impact of deploying this model in various health care settings,
particularly in resource-limited environments where invasive
testing may not be feasible. Finally, exploring how this model
can be integrated into existing digital health platforms would
facilitate its adoption in routine clinical practice.

Conclusions
This study successfully developed a predictive model for
metabolic syndrome using noninvasive body composition data,
demonstrating strong performance in both internal and external
validation cohorts. The use of both DEXA and BIA data for
training and validation improved the generalizability of the
model across different clinical settings, making it suitable for
widespread use where DEXA is not available. Our model
outperformed previous studies by relying solely on noninvasive
features and offering additional clinical insights, such as the
risk of developing CVD. Clinically, this model offers a practical
solution for early detection and intervention of metabolic
syndrome in various health care settings, particularly in primary
care or community health programs where invasive testing may
not be feasible. By enabling proactive health management, it
can contribute to reducing the long-term burden of
cardiometabolic diseases, ultimately improving patient outcomes
and quality of life. However, the limitations include variability
in BIA data, lack of ethnic diversity in the cohort, and exclusion
of potentially useful features, such as medical history and
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lifestyle factors. Future research should focus on incorporating
more diverse populations and exploring the utility of this model

in predicting health outcomes other than CVD.
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CV: cross-validation
CVD: cardiovascular disease
DEXA: dual-energy x-ray absorptiometry
HDL: high-density lipoprotein
HDL-C: high-density lipoprotein cholesterol
HR: hazard ratio
KNHANES: Korea National Health and Nutrition Examination Survey
KoGES: Korean Genome and Epidemiology Study
LR: logistic regression
MLP: multilayer perceptron
SHAP: Shapley Additive Explanations
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