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Figure 2. Detailed assessment of Random Forest model performance for CVD prediction. (A and B) Confusion matrices showing classification
results in training (A) and validation (B) sets, with the model achieving 100% accuracy in training and 92.7% in validation. (C-D) Calibration
curves comparing predicted probabilities (x-axis) with observed event rates (y-axis) for training (C) and validation (D) sets, with the diagonal
dashed line representing perfect calibration. (E-F) Clinical impact curves showing the number of predicted (red solid line) vs. observed (blue
dashed line) CVD cases across different risk thresholds for training (E) and validation (F) sets, demonstrating good clinical utility.
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Figure 3. SHapley Additive exPlanations (SHAP) analysis revealing feature contributions in the Random Forest model. (A) Feature importance
bar plot showing mean absolute SHAP values, with NFS emerging as the most influential predictor. (B) Bee swarm plot displaying SHAP value
distributions, where each point represents 1 sample colored by feature value (red = high, blue = low), revealing feature-outcome relationships.
(C) Dependence plots for the top 6 predictors illustrating non-linear relationships between feature values and SHAP contributions. (D)
Waterfall plot showing cumulative feature contributions for a representative sample, demonstrating how individual features push the
prediction from baseline (E [f(x)] = 0.143) to final output (f(x) = 0.014). (E) Force plot providing an alternative visualization of feature
contributions for the same sample, with features pushing the prediction toward higher (red) or lower (blue) CVD risk.

et al*" achieved an AUC above 0.82 for NAFLD and fibro-
sis prediction using ML, though focusing on liver rather
than cardiovascular outcomes. Traditional cardiovascular
risk scores demonstrate significant limitations in NAFLD
populations. Gheorghe et al?> noted conventional scores
underestimate cardiovascular risk in NAFLD patients, while
Kasapoglu et al*® found Framingham scoring failed to cap-
ture the full risk profile, particularly regarding liver-specific
biomarkers. The model's enhanced discriminative ability
stems from integrating MAFLD-specific predictors, with
NFS emerging as the most influential predictor, consistent
with Rivera-Esteban et al's?* findings on liver stiffness pre-
dicting outcomes. The ML approach effectively captures
complex non-linear relationships, addressing the multi-
systemic nature of MAFLD described by Targher et al,?®
involving hepatic insulin resistance, atherogenic dyslipid-
emia, and systemic inflammation. The novelty of applying
this framework to NHANES data for MAFLD-CVD predic-
tion represents a significant methodological advancement.

The NFS's emergence as the strongest predictor high-
lights hepatic fibrosis's fundamental role in cardiovascular

pathogenesis.?®2” The NFS incorporates age, BMI, diabe-
tes, AST/ALT ratio, platelets, and albumin, capturing both
metabolic dysfunction and hepatic structural changes.
The SHAP analysis revealed a threshold effect at NFS
values above —1.0, identifying a clear intervention point
for aggressive risk modification. This aligns with evidence
linking fibrosis progression to subclinical atherosclerosis
markers including increased carotid intima-media thick-
ness and coronary calcium scores.?®2° Albumin’s protec-
tive effect, plateauing below 3.5 g/dL, reflects its role as
a marker of liver synthetic function, inflammation, and
nutrition.®-%2 Beyond hepatic synthesis, albumin pos-
sesses direct cardioprotective properties including anti-
oxidant and anti-inflammatory effects. Hypoalbuminemia
in MAFLD may indicate advanced disease, malnutrition, or
chronic inflammation—all independently increasing car-
diovascular risk. Age demonstrated a nearly linear positive
association after 50 years, representing cumulative meta-
bolic insults and age-related cardiovascular changes. The
ABSI's contribution over BMI highlights the importance
of visceral adiposity in MAFLD-CVD risk,2334 with values
above 0.08 associated with increased risk. The family
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PIR's inclusion reveals socioeconomic dimensions often
overlooked, while racial disparities reflect complex inter-
actions between genetic susceptibility, environmental
exposures, and healthcare access.

Random Forest's superior performance stems from its
ability to capture complex non-linear relationships and
high-order interactions without explicit specification.353¢
The algorithm’s bootstrap aggregation provides inher-
ent regularization, preventing overfitting while maintain-
ing accuracy—demonstrated by consistent performance
across datasets. Its robustness to outliers and mixed data
types makes it particularly suited for heterogeneous clini-
cal data. The overfitting in LightGBM/CatBoost (perfect
training AUC declining to 0.827-0.829 in validation) high-
lights gradient boosting’s memorization risk with imbal-
anced data. Random Forest's parallel tree construction
provides natural regularization through averaging. The
model's moderate sensitivity (49.5%) vs. high specific-
ity (99.8%) reflects important clinical considerations.
While missing half of CVD cases raises concerns, the high
negative predictive value (92.1%) and reality that univer-
sal intensive prevention isn't feasible make this accept-
able. High specificity ensures identified high-risk patients
truly warrant aggressive intervention. False negatives lead
to risk of delayed intervention but all MAFLD patients
receive basic preventive care per guidelines. False posi-
tives lead to intensive monitoring potentially benefit-
ing these elevated-risk patients. Excellent calibration
suggests probability estimates can guide risk-stratified
intervention intensity. While logistic regression’s inter-
pretability has merit, the 26% AUC improvement with
Random Forest justifies additional complexity for high-
stakes assessment, especially as modern electronic
health records (EHRs) increasingly support complex algo-
rithm deployment.

The NHANES dataset (2017-2023) includes 6828 MAFLD
adults, ensuring broad generalizability through rigorous
sampling and standardized protocols. Systematically
comparing 15 algorithms ensures identification of the
truly optimal approach rather than accepting predeter-
mined methods. SHAP analysis addresses the “black
box" concern limiting ML adoption. By quantifying fea-
ture contributions, SHAP transforms Random Forest into
an interpretable clinical tool. Comprehensive visualiza-
tions provide clear, practical insights for each patient,
which helps clinicians accept them and supports shared
decision-making. Robust validation beyond discrimina-
tion metrics included calibration assessment and deci-
sion curve analysis, directly evaluating clinical utility.

Appropriate handling of class imbalance and missing data
through Random Forest imputation preserves variable
relationships while maintaining real-world applicability.

The cross-sectional design precludes causal inference
and temporal relationship assessment. While strong
associations between liver markers and CVD were iden-
tified, causation vs. confounding cannot be determined.
The inability to capture disease trajectories limits predic-
tion of incident vs. prevalent disease. Although a rigorous
methodology with internal cross-validation for hyperpa-
rameter optimization was employed and a completely
independent validation set was maintained for final
evaluation, using a 3-way data split (training/validation/
test sets) would represent a more conservative approach
for complex model development. Future studies with
larger sample sizes may benefit from implementing such
3-way splits to further minimize potential optimism in
performance estimates. Nevertheless, the consistency
between the training and validation performance, along
with excellent calibration in both cohorts, suggests mini-
mal overfitting in the final models. Reliance on clinical
scores rather than imaging-based assessment is signifi-
cant given evolving standards. The NFS may misclassify
fibrosis severity compared to elastography or biopsy.
Lack of longitudinal validation prevents assessment of
true predictive performance for incident events. Self-
reported outcomes may introduce misclassification bias.
Limited biomarker availability excludes established mark-
ers like high-sensitivity CRP, troponin, and NT-proBNP.
Absence of genetic data precludes polygenic risk score
incorporation. Medication data limitations prevent full
adjustment for treatment effects.

In conclusion, this study successfully developed and vali-
dated a ML model for CVD prediction in MAFLD patients,
achieving superior performance compared to traditional
risk scores. The Random Forest algorithm demonstrated
excellent calibration and clinical utility, enabling imple-
mentation through existing EHRs using readily available
clinical variables. Most significantly, liver-specific mark-
ers—particularly NFS and albumin-dominated cardiovas-
cular risk prediction, surpassing traditional risk factors.
This paradigm-shifting finding challenges conventional
separate assessment of hepatic and cardiovascular risk,
supporting an integrated liver-heart axis framework. The
prominence of fibrosis underscores the need for routine
hepatic assessment in cardiovascular risk stratification.

Data Availability Statement: The data that support the findings of
this study are available on request from the corresponding author.
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Supplementary Figure 1. Flow diagram of participant selection from NHANES 2017-2023. The study screened participants from the
National Health and Nutrition Examination Survey (NHANES) spanning three cycles (2017-2018, 2019-2020, and 2021-2023). Among 6,828

adults, 896 (13.1%) had prevalent CVD and 5,932 (86.9%) did not have CVD.
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Supplementary Figure 2. Distribution of missing values across all variables in the dataset. The horizontal bar chart displays the percentage
of missing values for each variable, with non-missing data shown in blue and missing data in red. Most variables demonstrated excellent
completeness with less than 1% missing values. Notable exceptions included marital status (61.4%), HOMA-IR (51.1%), fasting glucose
(561.1%), fasting lipid panels (51.1-51.8%), and family poverty-income ratio (13.2%). Variables with substantial missingness were evaluated for
clinical importance before imputation using the random forest method.
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Supplementary Figure 3. Forest plots comparing area under the receiver operating characteristic curve (AUC) values across fifteen machine
learning models. (A) Training set performance showing AUC values with 95% confidence intervals. (B) Validation set performance revealing
Random Forest as the top performer.
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Supplementary Figure 4. Comprehensive performance metrics for all fifteen machine learning models. Radar plots displaying seven
performance metrics (Accuracy, F1 score, NPV, PPV, Sensitivity, Specificity, and Youden's index) for (A) training set and (B) validation set.



