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Abstract
Metabolic syndrome (MetS) elevates risks of type 2 diabetes and cardiovascular disease in middle-aged
and older adults. Most existing predictive models for MetS derived from the China Health and Retirement
Longitudinal Study (CHARLS) rely on conventional metabolic indicators, overlooking low-cost
hematological and C-reactive protein (CRP) markers. We developed an interpretable support vector
machine (SVM) model for MetS screening targeting primary-care triage. Using cross-sectional CHARLS
data from 3,115 participants, we integrated blood parameters, CRP, demographics and comorbidities to
construct logistic regression, least absolute shrinkage and selection operator (LASSO), and SVM models
with SHAP interpretation. A 1:1 matched inpatient cohort (n = 64) served for preliminary external
feasibility testing. The SVM achieved favorable discrimination, with a training area under the curve (AUC)
of 0.767 and an external AUC of 0.860, and yielded superior net benefit, with CRP and cardiovascular
histories as dominant predictors. Mild calibration deviation was acceptable for risk stratification. This
low-cost tool supports preliminary MetS screening in resource-limited primary settings, though further
multi-center community validation is required.

Introduction
Metabolic syndrome (MetS) is a cluster of metabolic abnormalities, including central obesity, impaired
glucose metabolism, dyslipidemia, and elevated blood pressure, and is recognized as an important
upstream condition for cardiovascular disease, type 2 diabetes, and other chronic disorders1. Given the
growing prevalence of obesity and related metabolic disturbances in aging populations, identifying
individuals with undiagnosed MetS in routine clinical settings has become an increasingly pressing
need2,3. In Chinese adults aged 45 years and older, studies based on the China Health and Retirement
Longitudinal Study (CHARLS) have shown a substantial burden of MetS, with clear heterogeneity by sex,
age, and region4,5. Growing evidence also suggests that chronic low-grade inflammation contributes to
the development and progression of MetS by affecting insulin sensitivity, endothelial function, and
adipose tissue homeostasis6,7. More recently, adipokine-driven metabolic inflammation has been
proposed as a central mechanistic framework linking excess adiposity to systemic immune
dysregulation, insulin resistance, and downstream cardiometabolic complications. These mechanistic
insights suggest that routinely available inflammatory markers, such as C-reactive protein (CRP) and
white blood cell count (WBC), might serve as accessible proxies for metabolic risk in clinical practice.

Despite its clinical importance, MetS risk assessment in routine practice still relies largely on fixed
diagnostic thresholds and a limited number of traditional metabolic indicators, which may not
adequately capture the continuum and heterogeneity of individual risk1,8. Recent evidence further
supports the concept that cardiometabolic risk is biologically heterogeneous even among individuals
with similar conventional obesity- or syndrome-based classifications, highlighting the need for more
precise risk stratification strategies9. Previous prediction studies have often been based on relatively
homogeneous populations or have relied on questionnaire-based or specialized measures that may limit
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applicability in community and primary care settings. In addition, routinely available inflammatory and
hematological indicators, such as CRP, WBC, hemoglobin (HGB), and mean corpuscular volume (MCV),
have been associated with prevalent MetS but have not been sufficiently integrated into
multidimensional screening models10. More broadly, recent high-dimensional risk modeling studies have
suggested that integrating diverse biological features may improve individualized disease prediction
beyond conventional single-domain markers11.

In this study, we used routinely available clinical and laboratory data to develop and compare screening
models for MetS based on multivariable logistic regression, least absolute shrinkage and selection
operator (LASSO) regression, and support vector machine (SVM). Using data from the CHARLS cohort,
we evaluated model performance in terms of discrimination, calibration, and decision‑analytic utility, and
conducted preliminary external feasibility assessment to examine model discriminative capacity. Our
aim was to develop a practical risk stratification tool for identifying individuals with a high likelihood of
MetS in primary‑care and community settings12. However, in many of these settings, complete metabolic
evaluations, including waist circumference, fasting glucose, and lipid profiles, are not routinely
performed without specific metabolic indications, and waist circumference measurements are often not
recorded in electronic health records even when obtained. This gap highlights the need for a preliminary
triage tool that uses routinely accessible, non-fasting indicators to identify individuals who may benefit
from subsequent confirmatory diagnostic testing.

Patients and Methods

Data collection and processing
The training cohort was derived from the 2011 and 2015 waves of the CHARLS13. Participants with more
than 50% missing data or non-fasting biochemical measurements were excluded. For duplicated
participant IDs, only the first record was retained. Baseline characteristics were compared between
included and excluded participants to evaluate potential selection bias from the complete-case
approach (Table S1). Candidate variables were initially screened using univariable logistic regression,
and participants with remaining missing values in the selected variables were subsequently excluded to
generate a complete-case training dataset for model development. Given that missingness appeared
consistent with a missing-not-at-random pattern, complete-case analysis was chosen as a more
conservative approach than multiple imputation, which would rely on untestable assumptions under this
condition. A total of 3,115 participants were ultimately included, comprising 578 individuals with MetS
and 2,537 without MetS. MetS was defined according to the harmonized criteria proposed by the joint
interim statement, using waist circumference cut-off values applicable to the Chinese population14.
Nineteen candidate variables were included, covering demographic characteristics, comorbidities,
lifestyle factors, and laboratory indicators.
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A separate small inpatient cohort was obtained from the inpatient information system of Yueyang
People's Hospital of Hunan Normal University for exploratory external feasibility testing. Eligible patients
meeting the identical inclusion and exclusion criteria were randomly sampled at a balanced 1:1 case-
control ratio, resulting in 32 prevalent MetS inpatients and 32 controls without MetS (total n = 64). This
small single-center inpatient cohort was used only for preliminary external feasibility testing rather than
formal confirmatory validation; inpatient populations differ substantially from community-based CHARLS
participants in comorbidity burden, inflammatory status, and medication exposure, which may introduce
inherent selection bias.

Multivariable logistic regression analysis
All statistical analyses were performed using R software (version 4.5.0). Variables with a P value < 0.05
in univariable analysis were entered into the multivariable logistic regression model to identify factors
independently associated with MetS. Multicollinearity was assessed using the variance inflation factor
(VIF) by rms package (version 8.1-0). A logistic regression risk score (LRRS) was then constructed based
on the regression coefficients.

LASSO regression analysis

LASSO regression was performed using the glmnet15 package (version 4.1–10) with a binomial family
setting (alpha = 1). Ten-fold cross-validation was applied, and variables were selected according to the
lambda value corresponding to the minimum binomial deviance. A LASSO-based risk score (LARS) was
subsequently calculated.

SVM modeling
Variables selected from the logistic regression and LASSO analyses were combined for SVM modeling.
After standardization of input variables, a C-support vector classification model with a radial basis
function kernel was developed by e107116 package (version 1.7–16). SHapley Additive exPlanations

(SHAP) were used to assess variable contributions to the final model by kernelshap17 package (version
0.9.1). All sequential variable screening and final SVM modeling were conducted within a single training
dataset. Without nested cross-validation across all selection steps, the internal performance estimates
may be subject to some degree of optimistic bias due to the high fitting flexibility of SVM.

Model performance evaluation
Model performance was evaluated in terms of discrimination, calibration, and potential clinical utility.
Discrimination was assessed by pROC package (version 1.19.0.1) using receiver operating characteristic
(ROC) curves and the area under the curve (AUC), and differences between models were compared.
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Calibration was examined using bootstrap resampling. Decision curve analysis (DCA) was performed to
assess net benefit across a range of threshold probabilities by rmda18 package (version 1.6).

Preliminary external feasibility testing
The best-performing model identified in the training cohort was applied to the inpatient cohort for
preliminary external feasibility testing. Risk scores were calculated for each participant, and model
performance was evaluated using AUC, sensitivity, specificity, and confusion matrix–based classification
metrics to examine performance in an independent population.

Clinical correlation analysis
To further explore the clinical relevance of the final model, associations between the model-derived risk
score and variables not included in the model were analyzed. For categorical variables, risk scores were
compared across groups; for continuous variables, correlations with the risk score were assessed.

Statistical analysis
All data in this study were statistically analyzed and visualized using R 4.5.0 and GraphPad Prism 10.6.0
(San Diego, California, USA). Continuous variables were compared using the t test or Mann–Whitney U
test, as appropriate according to data distribution, and categorical variables were compared using the
chi-square test. Correlations were assessed using Spearman’s method. All tests were two-sided, and P < 
0.05 was considered statistically significant. Model development and reporting were conducted in
accordance with the Transparent Reporting of a multivariable prediction model for Individual Prognosis
Or Diagnosis (TRIPOD) statement19, with methodological quality assessed with reference to the

Prediction model Risk of Bias Assessment Tool (PROBAST)20. No artificial intelligence (AI) tools were
adopted for raw data processing, model construction, statistical analysis, or manuscript original writing.
AI language tools were only used for sentence polishing during revision.

Results
Baseline characteristics: participants with MetS had slightly older age, higher comorbidity burden, and
distinct hematological profiles

As shown in Table S1, comparison between included (N = 3,115) and excluded (N = 20,996) participants
revealed that included participants were older and had higher prevalences of heart disease, lung disease,
liver disease, kidney disease, digestive disorders, smoking, and drinking (all P < 0.0001), whereas sex
distribution was comparable (P = 0.5806). Laboratory parameters and MetS prevalence were not
compared due to extensive missing values in the excluded sample.
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A total of 3,115 participants were included in the training cohort, including 578 individuals with MetS
(18.56%) and 2,537 without MetS (81.44%). Comparisons of the 19 candidate variables showed that
participants with MetS differed significantly from those without MetS across several demographic,
comorbidity, and laboratory characteristics (Table S2). Participants with MetS were slightly older than
those without MetS (60.45 ± 9.40 vs. 59.68 ± 9.94 years, P = 0.0359), whereas sex distribution did not
differ significantly between the two groups (P = 0.6207).

With respect to comorbidities, histories of heart disease, stroke, and memory disorder were more
common among participants with MetS than among those without MetS (heart disease and stroke: both
P < 0.0001; memory disorder: P = 0.0080). No significant between-group differences were observed for
psychosis, lung disease, liver disease, kidney disease, digestive disorders, smoking history, or drinking
history. In terms of laboratory findings, the MetS group had higher levels of WBC, platelet count (PLT),
CRP, hematocrit (HCT), and HGB, whereas MCV was lower in the MetS group (P = 0.0021). Creatinine
levels did not differ significantly between groups (P = 0.6401). Detailed baseline characteristics are
presented in Table S2, and the overall study workflow is shown in Fig. 1.

Multivariable logistic regression identified six independent correlates of prevalent MetS: stroke history,
heart disease history, CRP, HGB, WBC, and MCV

Univariable logistic regression analysis identified 9 of the 19 candidate variables as significantly
associated with MetS; the corresponding odds ratios (ORs), 95% confidence intervals (CIs), and P values
are shown in Fig. 2A. These variables were subsequently entered into the multivariable logistic
regression model, from which 6 variables were retained for final model construction (Fig. 2B).
Multicollinearity analysis showed that all VIF values were below 2.5, indicating no evidence of
substantial collinearity among the selected predictors (Fig. 2C).

Among the retained variables, history of stroke (Fig. 2D, P < 0.0001), history of heart disease (Fig. 2E, P < 
0.0001), higher CRP (Fig. 2F, P < 0.0001), higher HGB (Fig. 2G, P < 0.0001), and higher WBC (Fig. 2H, P < 
0.0001) were positively associated with MetS, whereas MCV (Fig. 2I, P = 0.0021) was inversely
associated with MetS. A logistic regression model was then developed based on these six variables.

LASSO regression retained nine MetS-associated variables, including memory disorder, PLT, and HCT
in addition to the logistic regression-derived variables

All 19 candidate variables were entered into the LASSO regression model with 10-fold cross-validation.
At the lambda value corresponding to the minimum binomial deviance (λmin), 9 variables with non-zero
coefficients were retained for model construction (Fig. 3A-B). The absolute values of the regression
coefficients are shown in Fig. 3C and were used to reflect the relative contribution of the selected
variables.

The 9 retained variables included all 6 variables selected by multivariable logistic regression. Their
directions of association were consistent across the two approaches. In addition, memory disorder
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(Fig. 3D, P = 0.0080), PLT (Fig. 3E, P = 0.0250), and HCT (Fig. 3F, P < 0.0001) were retained in the LASSO
model. A LASSO-based screening model was subsequently developed using these 9 variables.

SHAP analysis for SVM model interpretation: CRP, heart disease history, and stroke history were the
most influential predictors

All variables retained in the multivariable logistic regression model were also included in the LASSO
model, so the combined predictor set used for SVM modeling consisted of 9 variables. SHAP analysis
showed that CRP had the highest mean absolute SHAP value, indicating the greatest contribution to the
SVM model, followed by history of heart disease and history of stroke, whereas memory disorder had the
smallest contribution (Fig. 4A).

The SHAP summary plot further illustrated the relationships between predictor values and their
contributions to the model output (Fig. 4B). Higher CRP values were generally associated with higher
SHAP values, indicating a greater contribution to MetS screening output, whereas lower MCV values
were associated with higher estimated risk.

Performance comparison of the three screening models:
distinct trade-offs between discrimination and calibration
The predictive performance of the SVM, LASSO, and logistic regression models was subsequently
compared. As shown by the ROC curves (Fig. 4C), the SVM model achieved the highest discrimination,
with an AUC of 0.767 (95% CI: 0.743–0.789), which was significantly higher than that of the LASSO
model (AUC = 0.652, P < 0.0001) and the logistic regression model (AUC = 0.647, P < 0.0001). Decision
curve analysis (Fig. 4D) further showed that the SVM model provided greater standardized net benefit
than the other two models across most threshold probabilities and also outperformed the “treat-all” and
“treat-none” strategies.

Confusion matrix heatmaps were generated using the caret package (Fig. 5A–C). The logistic regression
model showed a sensitivity of 57.1%, specificity of 66.9%, and accuracy of 65.1%; the LASSO model
showed a sensitivity of 64.5%, specificity of 60.6%, and accuracy of 61.3%; and the SVM model showed a
sensitivity of 62.5%, specificity of 84.4%, and accuracy of 80.4%. Compared with the other two models,
the SVM model showed higher specificity and overall accuracy.

Calibration analysis is shown in Fig. 5D–F. Although the mean absolute error (MAE) of the SVM model
(0.106) was higher than that of the logistic regression and LASSO models (both 0.026), this indicates
that the SVM model exhibited some degree of calibration deviation when estimating absolute
probabilities. However, because the primary objective of this SVM model is to separate participants into
high- and low-risk subgroups for clinical triage rather than to calculate precise individual absolute MetS
probability, this mild miscalibration has limited interference with risk ranking performance. Taken
together, the three models exhibited distinct performance profiles. The SVM model achieved superior
discrimination, specificity, overall accuracy, and decision-analytic net benefit, but its calibration
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performance was less favorable compared with the logistic regression and LASSO models. Given that
the model is intended as a pre-screening and risk triage tool where accurate risk ranking and high
specificity are prioritized, the SVM model was selected as the final model for subsequent feasibility
testing.

External feasibility testing: SVM model maintained
discriminative performance in the small inpatient test
cohort
To further assess external performance, the SVM model developed in the training cohort was applied to
the independent inpatient test cohort. As shown in Fig. 6A, the model achieved an AUC of 0.860 (95% CI:
0.748–0.936), suggesting that the model retained discriminative capacity in this small independent
inpatient sample. Using the optimal cutoff value, a confusion matrix was generated (Fig. 6B), yielding a
sensitivity of 71.9%, specificity of 75.0%, and accuracy of 73.4%. Notably, these classification metrics
were derived from a 1:1 case-control balanced cohort; metrics strongly influenced by underlying disease
prevalence, including positive predictive value and negative predictive value, are not generalizable to
community populations with natural MetS prevalence.

Baseline characteristics differed in several indicators between the training and feasibility testing cohorts
(Table S3). Although the SVM model retained discriminative performance across these distinct
populations, this observation offers only weak preliminary clues about cross-population applicability.
These findings should be interpreted cautiously given the small sample size of the feasibility testing
cohort, as hospitalized patients carry distinct clinical profiles that may introduce selection bias relative
to community participants.

Clinical correlation of SVM-based risk score: higher scores were associated with female sex, smoking
history, and lung disease, with a screening nomogram developed

To further explore the practical relevance of the model-derived risk score, we examined the associations
between the SVM-based risk score (SVMRS) and baseline characteristics. Correlation analysis for
continuous variables showed a weak positive correlation between age and SVMRS (R = 0.054, P = 
0.0026) (Fig. 6C). Comparisons across categorical variables showed that SVMRS was significantly
higher in females (P = 0.0001; Fig. 6D), participants with a smoking history (P = 0.0002; Fig. 6E), and
those with coexisting lung disease (P = 0.0105; Fig. 6F).

In addition, the nomogram (Fig. 6G) provided a quantitative mapping between SVMRS, total points, and
the predicted probability of MetS, offering a more intuitive way to interpret the risk score in practice.

Discussion
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Conventional MetS diagnosis requires complete measurement of waist circumference, fasting glucose
and lipid profiles. In many primary-care and community screening settings, however, these assessments
are not routinely performed in the absence of specific metabolic indications, and waist circumference is
frequently missing from available records. Our model is not intended to replace formal MetS diagnosis;
instead, it provides preliminary risk stratification using ubiquitously available hematological and
inflammatory markers to triage high-risk individuals who warrant subsequent full metabolic work-up.
Previous screening models for MetS have largely been built using conventional metabolic indicators
together with demographic or lifestyle variables. However, several challenges remain in real-world
application. First, some models rely on relatively complex predictor sets or data collection procedures,
which may reduce feasibility in primary care and community settings. Second, heterogeneity in study
populations, suboptimal handling of missing data, and limited external validation may restrict model
transportability, particularly in populations with multimorbidity. Third, although machine learning
approaches may improve predictive performance, limited interpretability and inconsistent reporting
quality can reduce model credibility and reproducibility12,19,20. These challenges are particularly relevant
because current cardiometabolic prediction research is increasingly moving toward multidimensional
and interpretable artificial intelligence frameworks, with recent studies in MetS classification highlighting
the potential value of explainable models for individualized risk assessment21.

Importantly, complete blood count and CRP cannot replace fasting lipid and glucose testing for definitive
MetS diagnosis; their value lies in preliminary triage when full metabolic testing data are unavailable,
rather than superior discriminative power. It is important to clarify the intended use and conceptual basis
of our model. The target outcome of the model remains prevalent MetS itself, rather than downstream
cardiometabolic or inflammatory disease burden; the selected clinical and laboratory markers serve as
readily available proxies strongly correlated with undiagnosed MetS in the general population. It was not
designed as a causal prediction tool to identify early precursors of future MetS, but rather as a cross-
sectional risk triage tool to identify individuals likely to already have MetS using routinely available
indicators22. In this context, comorbidities and inflammatory markers serve as risk signals reflecting
underlying metabolic burden, rather than as causal antecedents23. The model is best viewed as a pre-
screening tool to prioritize individuals for confirmatory diagnostic testing24. Against this background, we
developed and compared multiple screening models using routinely available clinical and laboratory
indicators and identified an SVM model based on only 9 variables. This model achieved the most
favorable discriminative and decision-analytic performance among the models evaluated while
maintaining relative parsimony and a low data acquisition burden. In addition, the model-derived risk
score was further explored in relation to baseline characteristics, which may help identify population
subgroups with elevated estimated risk. Taken together, these findings provide preliminary proof-of-
concept evidence that a relatively simple model based on accessible routine indicators has the potential
to support MetS risk stratification in middle-aged and older adults. However, consistent with prior SVM-
based MetS screening research using low-cost routine indicators, small-scale single-center validation is
insufficient to confirm real-world clinical utility, and the current model remains at an early developmental
stage rather than a deployable clinical screening tool25.
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In this study, age, history of heart disease, and history of stroke were retained as important risk
indicators of MetS. These findings are broadly consistent with previous evidence showing that MetS is
closely linked to cardiovascular and cerebrovascular risk in middle-aged and older adults1,26. In addition,
contemporary cardiovascular prevention frameworks increasingly emphasize obesity and related
metabolic dysfunction as upstream drivers of cardiovascular risk across the life course, providing further
context for the clinical relevance of these indicators27. Age-related decline in metabolic regulation,
together with chronic low-grade inflammation, may contribute to the accumulation of adverse metabolic
profiles over time28. Previous studies have also shown that MetS is associated with poorer
cerebrovascular outcomes, including recurrent stroke and mortality26. Integrating MetS screening into
broader cardiometabolic risk management may help identify high-risk individuals in clinical practice. The
additional analyses of the SVM-based risk score showed that higher estimated risk was observed in
females, participants with a smoking history, and those with lung disease. The association with smoking
history is consistent with prior evidence linking smoking to systemic inflammation, oxidative stress, and
increased risk of MetS34. Likewise, the association with lung disease may reflect the contribution of
chronic inflammation or hypoxic burden to metabolic dysregulation and is in line with previous reports of
a relatively high burden of MetS in patients with chronic pulmonary conditions35. These findings suggest
that the model may help identify population subgroups with less favorable metabolic risk profiles. The
nomogram provided a quantitative translation of the model-derived risk score into estimated probability
of MetS, which may facilitate interpretation of model output in practice; however, its utility in real
screening pathways requires further evaluation.

Inflammatory markers appeared to contribute meaningfully to model performance. In particular, WBC
and CRP were retained in the final model, supporting previous evidence that chronic low-grade
inflammation is closely linked to MetS6,7,10. Chronic inflammatory activation may contribute to insulin
resistance, endothelial dysfunction, and broader metabolic imbalance, thereby promoting adverse
cardiometabolic profiles6,7. Recent mechanistic work has further emphasized the role of adipokine-
mediated metabolic inflammation in orchestrating immune-metabolic crosstalk across adipose tissue
and other metabolically active organs, which may partly explain why inflammatory markers provide
additional predictive information beyond conventional metabolic indicators alone41. However, CRP and
WBC are non-specific acute-phase reactants that can be elevated by diverse conditions unrelated to
metabolic dysfunction, including infections, autoimmune diseases, chronic lung disease, medication use,
and stress42,43. This issue is particularly relevant in the context of MetS screening: elevated CRP or WBC
levels in a given individual may reflect non-metabolic inflammatory states rather than underlying MetS-
related adipose-tissue inflammation. Such non-specificity introduces potential classification bias, as the
model may assign elevated MetS risk scores to individuals whose inflammatory marker elevations are
driven by unrelated conditions, leading to false-positive risk classifications44,45. Although we adjusted for
major comorbidities in our multivariable models, residual confounding from unmeasured inflammatory
conditions cannot be fully excluded. Furthermore, because our external feasibility cohort comprised
hospitalized patients with inherently higher inflammatory burden, this limitation may be particularly
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pronounced in the testing setting. Because these markers are routinely measured and relatively
inexpensive, their inclusion theoretically supports potential applicability for community-based screening
and risk stratification. However, rather than being interpreted as specific drivers of MetS
pathophysiology, CRP and WBC in our model should be viewed as non-specific risk signals that reflect a
composite of metabolic and non-metabolic inflammatory states, and their screening contribution should
be interpreted in conjunction with clinical context42,44. Future studies incorporating more specific
inflammatory biomarkers, such as adipokines and cytokines, may help disentangle MetS-related
inflammation from other sources and improve screening specificity. At the same time, the present study
does not establish whether these markers are mechanistically involved in disease development or
simply reflect broader metabolic and inflammatory burden. Their role in screening should therefore be
interpreted primarily from a practical rather than a causal perspective.

Common hematological parameters also showed associations with model output. HGB was positively
associated with MetS, whereas MCV showed an inverse association. Previous population-based studies
have similarly suggested that HGB and MCV may be related to metabolic risk47. These indicators may
capture aspects of hypoxic stress, oxidative stress, hemorheological changes, or underlying metabolic
disturbances that are not fully reflected by conventional metabolic variables alone48,49. Nevertheless,
these findings should be interpreted cautiously. In the present study, the effect size of HGB was small,
suggesting that its contribution may reflect a modest gradient at the population level rather than a strong
independent signal. Moreover, both HGB and MCV may be influenced by other clinical conditions,
including hydration status, chronic pulmonary disease, renal dysfunction, or abnormalities in iron
metabolism48,49. Therefore, these variables are better regarded as readily available risk markers than as
direct mechanistic indicators. Future studies incorporating more specific markers of iron metabolism
and longitudinal designs may help clarify their role in MetS risk stratification.

This study has several limitations. First, the cross-sectional design precludes causal inference. Because
the predictor and outcome were measured concurrently, we cannot establish temporal precedence.
Consequently, the model should not be viewed as a prognostic tool for incident MetS, but rather as a
screening aid to identify individuals with a high probability of currently having MetS, who may then be
prioritized for confirmatory testing24. The associations reported herein are strictly correlational. Second,
residual confounding and missing-data bias may affect internal validity. Despite including a broad range
of variables, we could not adjust for unmeasured confounders such as dietary patterns, physical activity,
socioeconomic status, or medication use20,51. More importantly, missingness in the CHARLS cohort was
not random: participants retained for complete-case analysis were older and had higher comorbidity
burdens and different lifestyle profiles than those excluded, whereas sex distribution was similar (Table
S1). Laboratory parameters and MetS prevalence could not be compared due to extensive missingness
in the excluded group. We deliberately chose complete-case analysis over multiple imputation because
the missing pattern appeared more consistent with missing-not-at-random (MNAR) than with missing-at-
random (MAR); under MNAR, imputation would rely on untestable assumptions and could introduce less
discernible bias52. Nevertheless, this analytical decision inevitably narrows the study population and may
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compromise generalizability to the broader older Chinese population. Third, the model's external
generalizability is constrained by both the test cohort's design and the target population's scope. The
independent test set comprised only 64 hospitalized patients (32 case-control pairs) from a single
center, with an artificial 1:1 prevalence ratio. Such a small, balanced sample renders all performance
metrics, including AUC, sensitivity, and specificity, statistically fragile, and precludes reliable estimation
of prevalence-dependent indices such as positive/negative predictive values, population-level calibration,
and real-world net benefit. Thus, the numerically higher AUC observed in this inpatient cohort should be
interpreted as a preliminary feasibility signal rather than as robust evidence of transportability53.
Moreover, the training and test populations differed fundamentally: the former came from community-
dwelling middle-aged and older adults, whereas the latter consisted of hospitalized patients with heavier
comorbidity, inflammatory, and medication burdens. This demographic shift introduces inherent
selection bias and distributional divergence, making it difficult to disentangle genuine model stability
from chance fluctuations. Beyond this, our findings derive exclusively from Chinese adults aged 45 years
or older; whether the model performs similarly in other geographic regions, healthcare systems, or ethnic
groups remains unknown. Future large-scale, prospective evaluation in unselected community cohorts
with natural disease prevalence is essential to determine whether this model can offer meaningful
clinical utility54. Fourth, although the SVM model showed superior discrimination, its calibration was
suboptimal compared with logistic regression and LASSO. Poorly calibrated probabilities may limit the
model's utility when precise absolute risk estimates are needed55. However, because we intend the
model for pre-screening risk triage rather than for making dichotomous clinical decisions based on exact
probability cut-offs, the practical impact of miscalibration may be partially mitigated56. Nonetheless,
before any real-world deployment, external recalibration of the SVM model is strongly recommended to
align predicted probabilities with observed outcomes in the target population. Finally, the inflammatory
markers included (CRP and WBC) lack pathophysiological specificity. Elevations in these acute-phase
reactants can result from infections, autoimmune diseases, chronic respiratory disorders, medication
effects, or psychological stress, conditions not necessarily reflective of metabolic inflammation42–45.
Therefore, the model may assign falsely elevated risk scores to individuals whose inflammatory markers
are driven by non-metabolic causes, potentially introducing bias in heterogeneous populations. Future
studies incorporating more specific adipokines or cytokines may help disentangle metabolic from non-
metabolic inflammation and improve screening accuracy. Taken together, these limitations underscore
that our current model remains at an exploratory, proof-of-concept stage. While it offers a low-cost,
accessible risk triage strategy, it is not yet ready for population-wide screening. Rigorous external
validation and recalibration in diverse, representative cohorts are indispensable next steps before any
clinical translation can be considered.

Conclusions
Using routinely available clinical and laboratory indicators, we developed and preliminarily evaluated a
relatively simple SVM-based screening model for MetS. Age, history of heart disease, history of stroke,
WBC, CRP, and HGB were positively associated with MetS, whereas MCV was inversely associated with
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estimated risk. Higher model-derived risk scores were also observed in females, participants with a
smoking history, and those with lung disease, offering correlational clues that may inform future
population risk stratification research. This study provides preliminary proof-of-concept for a low-cost
and accessible approach to pre-screening and risk triage, particularly in middle-aged and older adults.
However, given the small external test sample, artificially balanced case-control ratio, suboptimal
calibration, and currently undefined clinically actionable thresholds, the model is not yet ready for
population-level screening or stratified management. Further large-scale validation in representative
community populations, along with external recalibration and threshold determination, is required before
any practical clinical application can be considered.
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Figure 1

Flowchart of this Study. Data from the CHARLS cohort were used to construct the training set, and an
institutional inpatient cohort was used for preliminary external feasibility testing. Candidate variables
were screened and used to develop logistic regression, LASSO, and SVM models. Model performance
was evaluated by ROC analysis, calibration, and decision curve analysis. SHAP was used to assess
model interpretability, and additional analyses included confusion matrix evaluation and clinical
correlation analysis.
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Figure 2

Construction of the logistic regression model. (A) Forest plot of the univariable logistic regression
analysis, showing the odds ratios (ORs), 95% confidence intervals (CIs), and P values for the 9 variables
significantly associated with MetS among the 19 candidate variables. Red indicates positive
associations and blue indicates inverse associations. (B) Forest plot of the multivariable logistic
regression analysis, showing the ORs, 95% CIs, and P values for the 6 variables retained in the final
model. (C) Bar plot of VIF values for the 6 selected variables, all of which were below 2.5, indicating no
substantial multicollinearity. (D–E) Stacked bar plots showing the proportions of MetS and non-MetS
participants according to stroke history (D) and heart disease history (E). (F–I) Bar plots comparing CRP
(F), HGB (G), WBC (H), and MCV (I) levels between participants with and without MetS. CRP, HGB, and
WBC were higher in the MetS group, whereas MCV was lower. **P < 0.01; **** P < 0.0001.
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Figure 3

Construction of the LASSO regression model. (A) Coefficient profile plot of the LASSO regression
model. The x-axis represents log(λ), and the y-axis represents the coefficient values. As λ increased, the
coefficients gradually shrank toward zero; 9 variables with non-zero coefficients were retained at λmin. (B)

Ten-fold cross-validation plot for selection of the optimal tuning parameter. The x-axis represents log(λ),
and the y-axis represents binomial deviance. The yellow dashed line indicates λmin, at which the binomial
deviance was minimized. (C) Bar plot showing the absolute values of the LASSO coefficients for the
retained variables, with larger absolute values indicating greater relative contribution. (D) Stacked bar
plot showing the proportions of participants with and without MetS according to memory disorder
status. (E–F) Bar plots comparing platelet count (PLT) (E) and hematocrit (HCT) (F) between participants
with and without MetS. * P < 0.05; **** P < 0.0001.
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Figure 4

Construction of the support vector machine (SVM) model and performance comparison of the three
models. (A) SHAP feature importance plot showing the mean absolute SHAP values of the predictors
included in the SVM model. CRP had the largest contribution to the model. (B) SHAP summary plot
showing the relationships between feature values and SHAP values. Red indicates higher feature values
and blue indicates lower feature values. (C) ROC curves comparing the discrimination of the logistic
regression (yellow), LASSO regression (blue), and SVM (red) models. The SVM model achieved the
highest area under the curve (AUC = 0.767) and outperformed the other two models (P < 0.0001). (D)
Decision curve analysis showing the standardized net benefit of the three models across a range of
threshold probabilities. The SVM model showed greater net benefit than the logistic regression and
LASSO models across most threshold ranges.
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Figure 5

Confusion matrices and calibration plots of the three screening models. (A–C) Confusion matrix
heatmaps for the logistic regression model (A), LASSO model (B), and SVM model (C). Color intensity
indicates the number of samples classified into each observed and predicted category. The logistic
regression model showed a sensitivity of 57.1%, specificity of 66.9%, and accuracy of 65.1%; the LASSO
model showed a sensitivity of 64.5%, specificity of 60.6%, and accuracy of 61.3%; and the SVM model
showed a sensitivity of 62.5%, specificity of 84.4%, and accuracy of 80.4%. (D–F) Calibration plots for the
logistic regression model (D), LASSO model (E), and SVM model (F). The red solid line represents the
apparent calibration curve, the dashed line represents the bootstrap-corrected calibration curve (B =
5000), and the gray diagonal line indicates ideal calibration. The mean absolute error (MAE) values were
0.026 for the logistic regression model, 0.026 for the LASSO model, and 0.106 for the SVM model.
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Figure 6

External feasibility testing and additional analyses of the SVM-based screening model for MetS. (A)
ROC curve of the SVM model in the independent feasibility testing cohort, showing an area under the
curve (AUC) of 0.860 (95% CI: 0.748–0.936). (B) Confusion matrix of the SVM model in the feasibility
testing cohort using the optimal cutoff value, with a sensitivity of 71.9%, specificity of 75.0%, and
accuracy of 73.4%. (C) Scatter plot showing the correlation between age and the SVMRS, indicating a
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weak positive correlation (R = 0.054, P = 0.0026). (D–F) Comparisons of SVMRS according to sex (D),
smoking history (E), and lung disease status (F). SVMRS was higher in females, participants with a
smoking history, and those with lung disease. (G) Nomogram showing the mapping of SVMRS to total
points and predicted probability of MetS.
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