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Abstract 11 

Objective Utilizing the China Health and Retirement Longitudinal Study (CHARLS) 12 

database, this research aims to develop a risk prediction model for cardiovascular diseases (CVD) 13 

in Chinese residents, identify core predictive indicators, establish their causal relationships with 14 

CVD, and provide screening tools for CVD prevention and management.Methods National 15 

survey data from 2015 CHARLS database were analyzed. Univariate analysis first identified 16 

CVD-related factors. Subsequently, four machine learning algorithms - regularized logistic 17 

regression, random forest, support vector machine, and XGBoost - were optimized using 5-fold 18 

cross-validation. Data were partitioned into training-test sets (8:2 ratio). Optimized algorithms 19 

constructed CVD risk models while evaluating predictive performance. Participants with complete 20 

2011 baseline data were selected for cross-lagged path analysis to establish causal relationships 21 

between core predictors and CVD.Results The study enrolled 10,666 participants (mean age 61.58 22 

± 9.43 years; 53.93% female; 63.20% rural residents) with CVD prevalence of 44.13% 23 

(4,707/10,666). Univariate analysis revealed significant differences (all P<0.05) between CVD 24 

and non-CVD groups in gender, residence, education level, age, white blood cell count, mean 25 

corpuscular volume, blood urea nitrogen, fasting glucose, total cholesterol, triglycerides, HDL-C, 26 

LDL-C, C-reactive protein, HbA1c, cystatin C, TyG index, TyG-BMI index, creatinine, urea, 27 

hematocrit, and hemoglobin.The XGBoost model demonstrated optimal performance. Both 28 

cystatin C and TyG-BMI index emerged as top predictors across all models. Cross-lagged path 29 

analysis revealed bidirectional causality between CVD and TyG-BMI index, while unidirectional 30 

causality existed between CVD and cystatin C.Conclusion The high CVD prevalence in Chinese 31 

residents was effectively predicted by XGBoost model. TyG-BMI index and cystatin C serve as 32 
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core predictive markers. The bidirectional CVD-TyG-BMI relationship and unidirectional 33 

CVD-cystatin C association suggest comorbidity risks between cardiovascular, metabolic, and 34 

renal diseases. 35 

Keywords:MACHINE LEARNING; CARDIOCASCULAR DISEASE; TEMPORAL 36 

RELATIONSHIP; BIOMARKERS; COMORBIDITY; 37 

Research Insights 38 

What is currently known about this topic? 39 

Cardiovascular diseases (CVDs) are associated with high disability and mortality rates. Global 40 

population aging has exacerbated the disease burden of CVDs. 41 

What is the key research question? 42 

Which biomarkers demonstrate optimal predictive value for cardiovascular disease onset? 43 

What is new? 44 

This study: (1) identified high-performance predictive biomarkers for CVDs, (2) evaluated the 45 

predictive efficacy of various machine learning algorithms, and (3) investigated methods to 46 

establish causal relationships between biomarkers and disease outcomes. 47 

How might this study influence clinical practice? 48 

The findings may facilitate earlier detection and diagnosis of cardiovascular diseases in clinical 49 

practice, enabling timely intervention. 50 

Introduction 51 

Cardiovascular diseases (CVD), encompassing ischemic or hemorrhagic disorders affecting the 52 

heart, brain, and systemic tissues, primarily arise from dyslipidemia, hyperviscosity, 53 

atherosclerosis, and hypertension. These conditions are characterized by high prevalence, 54 
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disability rate, and mortality1.By 2019, global CVD prevalence reached 523 million cases with 55 

18.6 million deaths worldwide 2 . The escalating CVD burden has imposed substantial 56 

socioeconomic impacts across all societal levels3. Notably, the Chinese Cardiovascular Health and 57 

Diseases Report 2022 identifies CVD as the leading cause of mortality in China, accounting for 58 

46.74% of all deaths45.Population aging synergizes with risk factors including diabetes mellitus, 59 

dyslipidemia, and chronic kidney disease to accelerate CVD pathogenesis67.Current CVD risk 60 

assessment predominantly employs traditional biomarkers including lipid/glycemic metabolism 61 

indicators and inflammatory mediators 8 . Large-scale clinical trials, however, demonstrate 62 

significant limitations of single-biomarker approaches – exemplified by LDL-cholesterol (LDL-C) 63 

reduction accounting for merely 15% of adverse cardiovascular risk reduction9.Emerging research 64 

emphasizes composite metabolic indices and comorbidities, with increasing attention to 65 

biomarker-based predictive models. Current evidence nevertheless remains constrained by 66 

cross-sectional designs that fail to establish temporal causality between biomarkers and CVD, 67 

compounded by inadequate comparative validation across modeling frameworks. 68 

Utilizing the China Health and Retirement Longitudinal Study (CHARLS) national cohort, 69 

this investigation integrates machine learning with cross-lagged path modeling. Through 70 

multi-algorithm optimization, we systematically evaluate biochemical indicators spanning 71 

traditional biomarkers, composite metabolic parameters, and multimorbidity markers to identify 72 

core CVD predictors and decipher their temporal causality with CVD progression. 73 

Materials and Methods 74 

Study Population 75 

The data were derived from the China Health and Retirement Longitudinal Study (CHARLS) 76 
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database. Initiated in 2011 and administered by Peking University, this nationally representative 77 

survey covers 12,073 households across 450 communities/villages in 150 county-level districts 78 

spanning 28 Chinese provinces.We utilized the 2015 follow-up dataset as the primary data source 79 

for model development. After excluding participants with incomplete demographic or biochemical 80 

data,10,666 eligible subjects were included. Target variables comprised three categories:1)Disease 81 

status: Participants with hypertension, heart disease, or stroke were classified as CVD 82 

cases;2)Demographics: Age, gender, residence (urban/rural), and education level;3)Biochemical 83 

parameters: TyG index, cystatin C, HbA1c, TyG-BMI index, triglycerides, fasting glucose, 84 

C-reactive protein, uric acid, creatinine, hemoglobin, total cholesterol, hematocrit, LDL-C, white 85 

blood cell count, HDL-C, mean corpuscular volume, blood urea nitrogen, and platelet 86 

count.Following identification of core CVD predictors through modeling, participants with 87 

complete 2011 baseline data were selected for subsequent causal inference analysis. 88 

Operational Definitions 89 

1) Lipid thresholds (per 2016 Chinese Guidelines for Dyslipidemia Management 10 ):Total 90 

cholesterol (TC): Optimal<200mg/dL,Borderline elevated 200-239mg/dL,Elevated ≥240mg/dL；91 

Triglycerides (TG): Optimal <150 mg/dL,Borderline elevated 150-199 mg/dL,Elevated ≥200 92 

mg/dL；High-density lipoprotein cholesterol(HDL-C): Reduced <40 mg/dL；Low-density 93 

lipoprotein cholesterol(LDL-C): Optimal <130 mg/dL,Borderline elevated 130-159 94 

mg/dL,Elevated ≥160 mg/dL. 95 

2)Clinical reference ranges (per National Guide to Clinical Laboratory Procedures, 4th 96 

Edition11):Hematocrit(HCT): Male 40-50%、Female 35-45%,Platelet(PLT) count: 125-350×10⁹/L, 97 

White Blood Cell(WBC) count: 3.5-9.5×10⁹/L,Cystatin C(CysC): 0.59-1.03 mg/L, Hemoglobin 98 
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A1c(HbA1c): 5-8%,Uric acid(UA): Male 3.5-7.2 mg/dL, Female 2.6-6.0 mg/dL,Creatinine(Cr): 99 

Male 0.6-1.2 mg/dL, Female 0.5-1.1 mg/dL,Hemoglobin(Hb): Male 13.0-17.5 g/dL (130-175 g/L), 100 

Female 11.5-15.0 g/dL (115-150 g/L), Mean Corpuscular Volume(MCV:): 80-100 fL, Blood Urea 101 

Nitrogen(BUN): 8-23 mg/dL. 102 

3) Diabetes diagnosis (per 2024 Chinese Diabetes Prevention Guidelines12):Normal fasting plasma 103 

glucose (FPG)Normal fasting glucose: <110mg/dL(<6.11mmol/L),Impaired fasting glucose(IFG): 104 

110-125mg/dL (6.11-6.94 mmol/L),Diabetes: ≥126 mg/dL (≥7.01 mmol/L). 105 

4) C-reactive protein(CRP): Normal range 0-8 mg/L (based on clinical consensus) 106 

5) Composite indices : Triglyceride-glucose(TyG)index index: Median [IQR] = 8.628 [8.258, 107 

9.097];Triglyceride-glucose-BMI(TyG-BMI) index: Median [IQR] = 205.897 [179.687, 235.361] 108 

6) CVD classification: Participants with hypertension, coronary heart disease, or stroke were 109 

defined as CVD cases. 110 

Statistical Analysis 111 

Data processing and analysis were performed using SPSS (version 26.0; IBM Corp) and R 112 

(version 4.3.3; R Foundation). Chi-square tests first identified demographic and biochemical 113 

variables associated with CVD prevalence through univariate analysis. Variables demonstrating 114 

statistical significance (P < 0.05) subsequently underwent hyperparameter tuning via 5-fold 115 

cross-validation. The optimized variables were then incorporated into four machine learning 116 

algorithms: regularized logistic regression, random forest, support vector machine (SVM), and 117 

XGBoost, to assess their predictive contributions to CVD risk stratification.Core biochemical 118 

predictors identified through model comparison were further analyzed using cross-lagged path 119 

modeling. This longitudinal analysis leveraged complete 2011 baseline data to establish temporal 120 
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precedence and bidirectional causality between selected biomarkers and CVD outcomes. 121 

Statistical significance was defined as two-tailed P < 0.05 throughout the analysis. 122 

Results 123 

Baseline Characteristics 124 

The study cohort comprised 10,666 participants with a mean age of 61.58 ± 9.43 years. 125 

Demographic distribution showed female predominance (5,752 cases, 53.93%) and higher 126 

representation of rural residents (63.20%). The majority attained primary education or lower 127 

(45.20%). Overall CVD prevalence was 44.13% (4,707/10,666). 128 

Using CVD status as the outcome variable, univariate analysis incorporating demographic 129 

variables (gender, residence, education level, age) revealed statistically significant differences in 130 

CVD prevalence across these categories (all P < 0.05).Significant biochemical disparities (P < 131 

0.05) between CVD and non-CVD groups were observed in: WBC count, MCV, BUN, FPG, TC, 132 

TG, HDL-C, LDL-C, CRP, HbA1c, CysC, TyG index, TyG-BMI index, Cr, UA, HCT, and Hb. 133 

PLT count showed no statistical significance (P = 0.82). 134 

Table 1. Univariate Analysis of Cardiovascular Disease Risk Factors 135 

Variable Category 
Non-CVD 
(n=5,959) 

CVD 
(n=4,707) 

χ² P-value 

Gender Female 3,105  2,647  18.05 <0.001 

 Male 2,854  2,060    

Residence Urban 2,105  1,820  12.62 <0.001 

 Rural 3,854  2,887    

Education 

≤Primary 2593 2228 26.218 ＜0.001 

Primary 1359 1073   

Middle school 1369 903   

≥High school 638 503   

Age 

＜45岁 108 43 244.981 ＜0.001 

45~65岁 4256 2738   

＞65岁 1595 1926   

WBC 
＜3.5×/L 246 165 16.178 ＜0.001 

3.5-9.5×/L 5532 4335   
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＞9.5×/L 181 207   

MCV 

＜80fL 391 243 16.577 ＜0.001 

80-100fL 5023 4097   

＞100fL 545 367   

PLT  

＜125×/L 719 533 1.539 0.463 

125-350×/L 5103 4070   

＞350×/L 137 104   

BUN  

＜8mg/dL 106 54 13.576 0.001 

8-23mg/dL 5498 4313   

＞23mg/dL 355 340   

FPG 

＜110mg/dL（ 5021 3565 129.170 ＜0.001 

110-126mg/dL 418 441   

＞126mg/dL 520 701   

TC 

＜200mg/dL 4278 3196 22.245 ＜0.001 

200-240mg/dL 1340 1165   

＞240mg/dL 341 346   

TG 

＜150mg/dL 4291 2925 121.039 ＜0.001 

≥150and＜200mg/dL 796 790   

≥200mg/dL 872 992   

HDL-C 
＜40mg/dL 771 791 31.449 ＜0.001 

≥40mg/dL 5188 3916   

LDL-C 

＜130mg/dL 5078 3931 6.275 0.043 

≥130and＜160mg/dL 699 605   

≥160mg/dL 182 171   

CRP 
0-8mg/L 5695 4383 30.381 ＜0.001 

＞8mg/L 264 324   

HbA1c 

＜5% 242 135 75.609 ＜0.001 

5%-8% 5567 4309   

＞8% 150 263   

CysC 

＜0.59mg/L 398 137 282.423 ＜0.001 

0.59-1.03mg/L 5081 3739   

＞1.03mg/L 480 831   

TyG index 

＜8.258 1737 937 230.141 ＜0.001 

8.258-8.628 1596 1067   

8.628-9.097 1410 1254   

＞9.097 1216 1449   

TyG-BMI 
index 

＜179.687 1848 818 551.855 ＜0.001 

179.687-205.897 1675 992   

205.897-235.361 1380 1287   

＞235.361 1056 1610   

Cr 

Male＜0.6mg/dL，Female
＜0.5mg/dL 

205 126 46.518 ＜0.001 

Male0.6-1.2mg/dL，
Female0.5-1.1mg/dL 

5536 4280   
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Male＞1.2mg/dL，Female
＞1.1mg/dL 

218 301   

UA 

Male＜3.5mg/dL，Female
＜2.6mg/dL 

280 156 133.777 ＜0.001 

Male3.5-7.2mg/dL，
Female2.6-6.0mg/dL 

5237 3888   

Male＞7.2mg/dL，Female
＞6.0mg/dL 

442 663   

HCT 

Male＜40%，Female＜35% 1056 747 13.030 0.001 

Male40%-50%，
Female35%-45% 

4450 3529   

Male＞50%，Female＞45% 453 431   

Hb 

Male＜13g/dL，Female＜
11.5g/dL 

975 625 45.915 ＜0.001 

Male13-17.5g/dL，
Female11.5-15g/dL 

4759 3796   

Male＞17.5g/dL，Female＞
15g/dL 

225 286   

 136 

Hyperparameter Optimization 137 

The 17 biochemical indicators identified through univariate analysis were incorporated into four 138 

machine learning algorithms to construct cardiovascular disease (CVD) prediction models. To 139 

enhance model generalizability, we implemented 5-fold cross-validation on the training set (80% 140 

of total data) for hyperparameter tuning, with the area under the receiver operating characteristic 141 

curve (AUC) serving as the primary optimization metric.The optimal hyperparameter 142 

combinations derived from this process are detailed in Table 2, while Figure 1 visually 143 

demonstrates the parameter optimization trajectories across validation folds. This dual approach 144 

ensures both rigorous performance benchmarking and transparent reporting of model 145 

configuration decisions. 146 

Table 2. Optimized Hyperparameters for Predictive Models 147 

Model Hyperparameters Optimal Values 

Logistic Regression Alpha、lambda Alpha=0.3、lambda=0.00175 
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 148 

Figure 1. 3D surface plots of parameter combinations for various predictive models 149 

Biomarker Selection 150 

Regularized Logistic Regression 151 

The elastic-net regularized logistic regression model (α=0.3, λ=0.00811) identified significant 152 

CVD risk factors through 5,000 bootstrap iterations. Variable importance was quantified via 153 

selection frequency (retention rate ≥70% indicating high stability), with odds ratios (OR) and 95% 154 

confidence intervals (CI) calculated for significant predictors. 155 

Table 3 Results of the regularized logistic regression model 156 

RF mtry、min_n Mtry=3、min_n=5 

SVM Cost、sigma Cost=4、sigma=0.0078125 

 

XGBOOSToost 

max depth、eta、gamma 、
colsample bytree、min 

child weight、subsample 

max depth = 3、 eta = 0.1, gamma = 0.2, 
colsample bytree = 0.8, min child weight 

= 3, subsample = 0.6 
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Index OR （95% CI） 

Bootstrap 
inclusion 

rate  

WBC 

Ref=（3.5-9.5×/L） 
  

（＜3.5×/L） 0.895（0.716 - 
1.027） 

83.78% 

（＞9.5×/L） 1.115（0.974 - 
1.391） 

83.16% 

MCV 

Ref=（80-100fL） 
  

（＜80fL） 0.870（0.715 - 
1.000） 

92.26% 

（＞100fL） 0.964（0.844 - 
1.067） 

71.04% 

BUN 

Ref=（8-23mg/dL） 
  

（＜8mg/dL） 0.825（0.566 - 
1.022） 

83.72% 

（＞23mg/dL） 1.013（0.891 - 
1.171） 

63.80% 

FPG 

Ref=Normal（＜110mg/dL） 
  

（＜110-126mg/dL） 1.135（1.000 - 
1.326） 

94.42% 

Diabetes（＞126mg/dL） 1.294（1.111 - 
1.514） 

99.94% 

TC   
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Ref=（＜200mg/dL） 

（200-240mg/dL） 
0.993（0.916 - 

1.062） 
53.96% 

（＞240mg/dL） 
1.032（0.920 - 

1.206） 
60.34% 

TG 

Ref=（＜150mg/dL） 
  

（150-200mg/dL） 
0.999（0.910 - 

1.100） 
57.66% 

（≥200mg/dL） 
0.894（0.778 - 

1.000） 
94.46% 

HDL-C 

Ref=（≥40mg/dL） 
  

（＜40mg/dL） 
0.973（0.868 - 

1.056） 
68.48% 

LDL-C 

Ref=（＜130mg/dL） 
  

（130-160mg/dL） 0.987（0.880 - 
1.081） 

60.08% 

（≥160mg/dL） 0.997（0.827 - 
1.194） 

55.00% 

CRP 

Ref=（0-8mg/L） 
  

（＞8mg/L） 1.190（1.000 - 
1.446） 

96.38% 

HbA1c 

Ref=（5%-8%） 
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（＜5%） 0.818（0.646 - 
1.000） 

95.88% 

（＞8%） 1.318（1.024 - 
1.722） 

98.26% 

CysC 

Ref=（0.59-1.03mg/L） 
  

（＜0.59mg/L） 0.516（0.414 - 
0.641） 

100.00% 

（＞1.03mg/L） 2.045（1.775 - 
2.359） 

100.00% 

TyG index 

Ref=Q1（＜8.258） 
  

Q2（8.258-8.628） 0.980（0.896 - 
1.043） 

63.86% 

Q3（8.628-9.097） 1.021（0.963 - 
1.119） 

61.12% 

Q4（＞9.097） 1.003（0.937 - 
1.088） 

28.32% 

TyG-BMI index 

Ref=Q1（＜179.687） 
  

Q2（179.687-205.897） 1.176（1.043 - 
1.334） 

99.52% 

Q3（205.897-235.361） 1.740（1.541 - 
1.970） 

100.00% 

Q4（＞235.361） 2.732（2.393 - 
3.132） 

100.00% 

HCT 

Ref=Normal 
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Abnormally low 
0.963（0.863 - 

1.014） 
69.66% 

Abnormally high 
0.958（0.816 - 

1.050） 
63.52% 

Hb 

Ref=Normal 
  

Abnormally low 
1.043（0.979 - 

1.182） 
69.96% 

Abnormally high 
1.340（1.069 - 

1.696） 
99.38% 

Cr 
Ref=Normal 

  

Abnormally low 
0.844（0.652 - 

1.000） 
89.70% 

Abnormally high 
1.186（1.000 - 

1.454） 
94.86% 

UA 

Ref=Normal 
  

Abnormally low 
0.984（0.824 - 

1.154） 
64.12% 

Abnormally high 
1.285（1.106 - 

1.490） 
99.94% 

Random Forest Modeling 157 

The Boruta feature selection algorithm was integrated with Random Forest (RF) modeling to 158 

identify cardiovascular risk biomarkers from 17 candidate variables.Through 99 iterations of 159 

Boruta optimization, 16 biomarkers demonstrated significant predictive value: TyG index, CysC, 160 

HbA1c, TyG-BMI index, TG, FPG, CRP, UA, Cr, Hb, TC, HCT, LDL-C, WBC count, HDL-C, 161 
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and MCV(green zone). No variables were classified as tentative (yellow zone), while BUN was 162 

rejected as non-predictive (red zone). The feature importance ranking is shown in Figure 163 

2.Selected features were incorporated into an optimized RF model (min_n=5, mtry=3). Dual 164 

importance metrics - Mean Decrease Accuracy (clinical relevance) and Mean Decrease Gini (node 165 

purity improvement) - identified TyG-BMI and CysC as core predictors.The Boruta-RF hybrid 166 

approach enhanced model stability through shadow feature comparison, reducing overfitting risk 167 

compared to conventional RF. 168 

169 

Figure 2. Feature Importance Ranking from Boruta-Enhanced Random Forest Analysis 170 
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 171 

Figure 3. Dual-Perspective Variable Importance in Optimized Random Forest Model 172 

Support Vector Machine Analysis 173 

Using a support vector machine (SVM) (C=4, γ=0.0078125), we developed a cardiovascular 174 

disease prediction model through supervised learning.The model achieved a baseline classification 175 

accuracy of 65.68% on the independent test set, correctly predicting CVD status for nearly 176 

two-thirds of participants.We employed permutation feature importance analysis (n=500 iterations) 177 

to quantify variable contributions by comparing model accuracy before and after random feature 178 

shuffling.Normalized importance scores (range: 0-1) for all 17 biomarkers are ranked in Figure 4, 179 

with higher values indicating greater predictive contribution.The analysis identified CysC and the 180 

TyG-BMI index as core predictors, while other biomarkers showed substantially lower 181 

contributions . 182 
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 183 

Fig 4 The variable importance of the Support Vector Machine (SVM) Model 184 

XGBoost Modeling 185 

An XGBoost model was optimized with the following hyperparameters: maximum tree depth=3, 186 

learning rate (η)=0.1, regularization term (γ)=0.2, column subsampling=0.8, minimum child 187 

weight=3, and row subsampling=0.6.Feature importance was quantified using gain score analysis, 188 

calculated as: Gain=[ +  - ]-γ,. Higher gain values indicate greater predictive contribution. 189 

Hierarchical clustering based on feature co-occurrence patterns revealed two distinct clusters 190 

(Figure 5).Cluster 2 contained the TyG-BMI index and CysC, demonstrating their dominant 191 

predictive power for CVD risk.Cluster 1 comprised 15 biomarkers with substantially lower gain 192 

scores . 193 
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 194 

Fig 5 The variable importance of the XGBoost Model 195 

Model Performance Evaluation 196 

Receiver Operating Characteristic Analysis 197 

Model discrimination was assessed using receiver operating characteristic (ROC) curves with area 198 

under the curve (AUC) quantification on independent test (20%) and training (80%) sets.On test 199 

data, regularized logistic regression achieved superior performance (AUC=0.689), followed by 200 

XGBoost (AUC=0.665), random forest (AUC=0.656), and SVM (AUC=0.646).Training set 201 

analysis revealed:Random forest showed perfect discrimination (AUC=1.00), indicating severe 202 

overfitting,XGBoost maintained robust performance (AUC=0.749),SVM (AUC=0.705) and 203 

logistic regression (AUC=0.661) demonstrated appropriate regularization.The random forest 204 

model showed the largest performance gap between training and test sets (Difference = -0.344), 205 

indicating poor generalizability. In contrast, logistic regression demonstrated the best 206 

generalization (Difference = +0.028).Final model rankings:1. Classification performance: Logistic 207 
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regression > XGBoost > Random forest > SVM,2. Generalization ability: Logistic regression > 208 

SVM > XGBoost > Random forest. 209 

 210 

Fig 5 Receiver Operating Characteristic (ROC) curves of the evaluated models 211 

F1-Score Analysis 212 

The logistic regression model showed suboptimal classification performance (test set F1=0.612) 213 

with a positive generalization gap (Difference = +0.181), indicating limited 214 

generalizability.Random forest demonstrated severe overfitting (training F1=1.00) with the 215 

poorest test performance (F1=0.522) and largest generalization gap (Difference = +0.478), 216 

confirming it as the least effective model overall.SVM exhibited exceptional generalizability 217 

(Difference = +0.063) with test set F1=0.658 outperforming its training performance 218 

(F1=0.595).XGBoost achieved superior classification (test F1=0.694) with minimal generalization 219 

gap (Difference = -0.045), demonstrating both high accuracy and robustness. 220 

Table 4 The F1 scores of each model on the training and test sets. 221 
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 F1 

Training set  Test set 
Logistic regression 0.372 0.553 

RF 1 0.522 

SVM 0.537 0.600 

XGboost 0.739 0.694 

 222 

Bidirectional Temporal Analysis Using Cross-Lagged Path Modeling 223 

Through comprehensive evaluation of all four machine learning models, we identified the two 224 

most robust cardiovascular disease predictors from the top-performing XGBoost model: the 225 

TyG-BMI and CysC. Using matched baseline (2011) and follow-up (2015) cohorts, we conducted 226 

cross-lagged path analyses to examine bidirectional temporal relationships between:1) TyG-BMI 227 

and CVD (n=6,143),2) CysC and cardiovascular diseaseCVD (n=5,213). 228 

Bidirectional Temporal Relationships Between TyG-BMI and Cardiovascular Disease 229 

Given significant variance in TyG-BMI measurements, we performed Z-score normalization prior 230 

to analysis (mean=0, SD=1).All models adjusted for baseline (2011) and follow-up (2015) 231 

covariates including:1) Sex,2) Residential location,3) Education level,4) Age categories.TyG-BMI 232 

demonstrated strong temporal stability (autoregressive coefficient=0.796, 95% CI: 0.781-0.811, 233 

P<0.001), Cardiovascular disease CVD showed similar stability (autoregressive coefficient=0.799, 234 

95% CI: 0.782-0.816, P<0.001).Baseline TyG-BMI correlated significantly with baseline CVD 235 

status (r=0.121, 95% CI: 0.109-0.133, P<0.001),the cross-lagged path from baseline TyG-BMI to 236 

follow-up CVD showed significant association (β=0.060, P<0.001),the reverse pathway (baseline 237 

CVD → follow-up TyG-BMI) was also significant (β=0.033, P<0.001).Path analysis confirmed 238 

bidirectional causality between TyG-BMI and cardiovascular diseaseCVD (Figure 7). 239 
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  240 

* indicates statistically significant coefficients (P < 0.05),solid lines represent statistically significant associations (P < 0.05),dashed 241 

lines indicate non-significant associations (P ≥ 0.05). 242 

Fig 7 TyG-BMI Index and Cardiovascular Diseases: Cross-Lagged Path Diagram 243 

* indicates statistically significant coefficients (P < 0.05),solid lines represent statistically significant associations (P < 0.05),dashed 244 

lines indicate non-significant associations (P ≥ 0.05). 245 

Temporal Relationships Between Cystatin C and Cardiovascular Disease 246 

After adjusting for baseline (2011) and follow-up (2015) covariates including sex, residence, 247 

education level, and age categories, cCystatin C showed moderate temporal stability 248 

(autoregressive coefficient=0.525, 95% CI: 0.503-0.547, P<0.001),while cardiovascular 249 

diseaseCVD demonstrated stronger stability (autoregressive coefficient=0.811, 95% CI: 250 

0.793-0.829, P<0.001).The baseline correlation between Ccystatin C and CVD was significant but 251 

minimal (r=0.007, 95% CI: 0.004-0.010, P<0.001).The cross-lagged path from baseline CysC to 252 

follow-up CVD was non-significant (β=0.005, P=0.585),whereas the reverse pathway showed 253 

significant association (baseline CVD → follow-up CysC: β=0.106, P<0.001).Path analysis 254 

revealed unidirectional causality from CVD to CysC (Figure 8). 255 
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 256 

* indicates statistically significant coefficients (P < 0.05),solid lines represent statistically significant associations (P < 0.05),dashed 257 

lines indicate non-significant associations (P ≥ 0.05). 258 

Fig 8 Cystatin C and Cardiovascular Diseases: Cross-Lagged Path Diagram 259 

Discussion  260 

This study pioneers a novel biomarker screening framework by integrating machine learning 261 

algorithms with cross-lagged path modeling for cardiovascular CVD research.Compared to 262 

conventional single-model approaches, our multi-algorithm comparison enhanced robustness in 263 

variable selection while mitigating overfitting and selection bias inherent to individual models.The 264 

cross-lagged path analysis provided longitudinal evidence for temporal relationships between 265 

metabolic biomarkers and CVD progression over 4-year follow-up.This integrated multi-algorithm, 266 

multi-model paradigm establishes a new methodological standard for investigating 267 

multidimensional etiology in complex chronic diseases.We identified a substantially higher CVD 268 

prevalence among Chinese adults aged ≥45 years (44.13%, 4707/10666) compared to European 269 

13 and American 14  counterparts.This disparity likely reflects synergistic effects of:1) High 270 

metabolic syndrome prevalence,2) Accelerated population aging,3) Urban-rural healthcare 271 

resource disparities.China's metabolic syndrome prevalence ranks among the world's highest at 272 

31.1% in adults ≥20 years (affecting >450 million)15.The rising trend16 and synergistic metabolic 273 
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effects accelerate atherosclerotic progression17,explaining elevated CVD risks in China's aging 274 

population.Rural CVD mortality remains 1.19-fold higher than urban areas (2023 data) 18 275 

underscoring primary care deficiencies in early screening and intervention.Rapid demographic 276 

aging (12 million additional seniors annually, 2010-2020)19 compounds CVD risks, as elderly 277 

face higher incidence than younger adults20.Among four tested models (regularized logistic 278 

regression, RF, SVM, XGBoost), XGBoost demonstrated superior biomarker selection 279 

performance, identifying TyG-BMI and CysC as core predictive indicators. 280 

The TyG-BMI is a composite metabolic indicator that integrates measures of insulin resistance 281 

(TyG index), obesity (BMI), and glycemic control.Previous studies21 22 23have demonstrated 282 

TyG-BMI's significant predictive value for both CVD incidence and mortality , which our 283 

multi-model analysis confirms as a core predictor .Regularized logistic regression showed each 284 

index increase in TyG-BMI was associated with higher CVD risk .These findings align with 285 

previous reports by Chuka et al. 24and RUN et al.25,and are further supported by a Chinese 286 

community-based study revealed that elevated TyG-BMI levels significantly predicted increased 287 

10-year risks of cardiovascular events 26.Cross-lagged path analysis revealed high temporal 288 

stability for both TyG-BMI  and CVD，this suggests that once elevated TyG-BMI and CVD status 289 

are established, they become relatively resistant to change.These findings underscore the critical 290 

importance of early screening and preventive interventions for CVD risk reduction27.Furthermore, 291 

we identified bidirectional causality between TyG-BMI and CVD.This likely reflects a vicious 292 

cycle between metabolic dysregulation and cardiovascular risk progression.Our study focused on 293 

middle-aged and elderly populations, where aging-related and CVD-induced cardiovascular 294 

homeostasis deterioration shows strong associations with metabolic disorders (e.g., insulin 295 
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resistance) 28 .CVD patients typically exhibit metabolic alterations characterized by chronic 296 

low-grade inflammation and metaflammation 29 ,These inflammatory states can trigger 297 

hypercholesterolemia and obesity30,subsequently exacerbating metabolic dysregulation in CVD 298 

patients.Metabolic syndrome - a cluster of metabolic abnormalities including insulin resistance, 299 

abdominal obesity, and dyslipidemia - is mechanistically linked to elevated oxidative stress and 300 

inflammation 31 ,these pathological processes represent key drivers of CVD 301 

pathogenesis32.Furthermore, metabolic disorders may induce CVD through impaired cardiac 302 

systolic/diastolic function33.Mitochondrial dysfunction serves as another critical nexus between 303 

metabolic disorders and CVD,where impaired oxidative phosphorylation and mitochondrial 304 

biogenesis contribute to both metabolic syndrome progression and cardiovascular 305 

pathogenesis34,suggesting shared subcellular pathological foundations.Cystatin C, a sensitive 306 

biomarker of glomerular filtration rate,demonstrates robust associations with coronary artery 307 

disease, stroke, and cardiovascular events35 ,and shows excellent predictive value for CVD 308 

incidence3637.Our multi-model analysis identified CysC as a core CVD predictor across all 309 

algorithms.Regularized logistic regression demonstrated that elevated CysC more than doubled 310 

CVD risk.These findings align with Yanjun et al.'s report of CysC's predictive value in Chinese 311 

populations38,and are further supported by evidence linking elevated CysC to cardiovascular 312 

mortality 39 ,notably, this association persists even in populations with normal renal 313 

function40 .Autoregressive analysis revealed moderate temporal stability for CysC (β=0.525) 314 

versus high stability for CVD (β=0.811),the significantly lower stability coefficient for CysC 315 

compared to TyG-BMI (0.525 vs. 0.796),suggests greater susceptibility of renal markers to disease 316 

progression and therapeutic modulation than metabolic indices.The 317 
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cardiovascular-kidney-metabolic (CKM) syndrome frequently co-occur as interrelated 318 

conditions,Patients with CKM exhibit significantly higher risks of both acute kidney injury and 319 

chronic kidney disease,sharing common pathophysiological pathways41 .Cross-lagged analysis 320 

established unidirectional causality from CVD to CysC elevation ,suggesting cardiovascular 321 

pathology precedes renal biomarker abnormalities.Heart failure - a major renal risk factor - 322 

induces acute/chronic kidney dysfunction through fluid overload and venous congestion 323 

mechanisms42.Conversely, renal impairment independently elevates CVD risk43,creating a vicious 324 

cycle of cardio-renal dysfunction that perturbs biomarker levels.Furthermore, CysC levels 325 

demonstrate significant positive correlations with inflammatory markers44,and since systemic 326 

inflammation serves as a pivotal driver of CVD pathogenesis45,this inflammatory cascade may 327 

secondarily modulate CysC concentrations through cardio-renal axis activation. 328 

Conclusion 329 

Based on our findings, we propose the following clinical recommendations:1) Implement routine 330 

cardiovascular screening for high-risk populations (middle-aged/elderly adults, obese individuals) 331 

with personalized interventions targeting their specific metabolic profiles.2) Prioritize renal 332 

function monitoring in CVD patients to prevent secondary renal impairment or cardio-renal 333 

comorbidity.Study limitations include the predominantly middle-aged/elderly cohort, necessitating 334 

future validation of model generalizability in younger populations.Furthermore, the causal 335 

relationships require verification through Mendelian randomization studies or interventional trials. 336 
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