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Abstract—cardiovascular disease prediction models
tradition- ally prioritize clinical biomarkers while
underutilizing behavioral determinants. This study
demonstrates that integrating mental health, physical
health, and sleep duration with clinical data using a
stacked ensemble machine learning framework signifi-
cantly improves prediction accuracy. We engineer novel
interac- tion features (BMI xMentalHealth,
SleepTime xPhysicalHealth) to capture synergistic
effects, validated through ablation studies. Evaluated on
113,284 patients, our model achieves 92.12% accuracy
(ROC AUC: 0.9787) - a 7.12% improvement over
clinical-only models (85.00% accuracy). The findings
establish  behavioral factors as non-redundant
predictors, contributing 18.7% of predictive power (p
<< 0.001). This work advocates for integrating
multidimensional health indicators into clinical decision
support systems.

Index Terms—cardiovascular disease prediction,
behavioral health analytics, stacked ensemble learning,
machine learning interpretability, preventive cardiology

I. INTRODUCTION

Cardiovascular diseases (CVDs) account for 32% of
global mortality [1], yet traditional prediction models
like the Fram- ingham Risk Score [2] focus
disproportionately on clini- cal biomarkers such as
cholesterol levels and blood pres- sure. Emerging
research demonstrates that behavioral fac- tors—
mental health disorders, physical inactivity, and
subop- timal sleep patterns—contribute 23—41% of
modifiable CVD risk [3]. Despite this evidence, three
critical gaps persist in machine learning (ML)-based
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CVD prediction:

- Incomplete Feature Interactions: Existing models
an- alyze behavioral and clinical factors in
isolation rather than quantifying their synergistic
effects

- Algorithmic Limitations: Overreliance on single-
model architectures (e.g., logistic regression) with
maximum reported accuracy of 85-88% [?]

- Interpretability Deficits: Lack of frameworks to
explain  behavioral contributions to  risk
stratification

This study presents three key contributions:

1) A stacked ensemble framework integrating four
ML algorithms (Random Forest, XGBoost,
LightGBM, Cat- Boost) with novel behavioral-
clinical interaction fea- tures, achieving 92.12%
accuracy (7.12% improvement over clinical-only
baselines)

2) SHAP-based interpretability quantifying
behavioral factors’ contribution to predictive
power (18.7%, p < 0.001)

3) Clinical validation of high-risk profiles including
metabolically healthy individuals with poor
mental health (OR = 2.3) and physically active
patients with erratic sleep patterns (HR = 1.7)

II. RELATED WORK

A. Traditional Clinical Models

The Framingham Risk Score [2] pioneered CVD
prediction using clinical biomarkers (age, cholesterol,
blood pressure), achieving moderate accuracy (AUC:
0.72-0.76) but ignoring behavioral factors.
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Subsequent machine learning (ML) ap- proaches [5]
improved performance through neural networks
(AUC: 0.85) and SVMs (accuracy: 87%), yet retained
narrow clinical feature sets.

B. Behavioral Factor Analysis

Recent studies establish behavioral determinants as

inde- pendent CVD risk modifiers:

- Mental Health: Chronic stress increases CVD
incidence by 64% (HR = 1.64, 95% CI: 1.49-1.79)
(6]

- Sleep Patterns: Short sleep duration (j6h)
correlates with

2.1 x hypertension risk [7]

- Physical Inactivity: Sedentary lifestyles elevate
CVD mortality (RR =1.52) [8]

C. Research Gaps

Despite these advances, critical limitations persist

(Table I):

- Isolated analysis of behavioral/clinical factors

- Single-algorithm implementations (e.g., logistic
regression)

- Lack of interpretability for behavioral
contributions

TABLE I: Comparative Analysis of Prior Works

Study Approach Data Size Limitations
Framingham [2] Logistic regression 3,209 No behavioral factors

Pereira et al. [10] Wearable sleep analysis 4,814 Narrow fzature scope

Our work addresses these gaps through:

1) A stacked ensemble combining four ML
algorithms

2) Interaction features modeling behavioral-clinical
syn- ergy

3) SHAP interpretability quantifying behavioral
contribu- tions (18.7%)

1. METHODOLOGY

A. Dataset and Preprocessing

The study utilizes the heart disease 1.csv dataset
containing anonymized records of 113,284 patients
from U.S.

healthcare systems (2015-2020). Key features
include:
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- Clinical (12 features): BMI, blood pressure,
smoking status, diabetes history
- Behavioral (3 features):
— MentalHealth: Days/month with poor mental
health (0-30)
— PhysicalHealth:  Days/month  with  physical
impair- ment (0-30)
— SleepTime: Average daily sleep duration (hours)
Preprocessing Pipeline:
1) Missing Values: Median imputation for
numerical fea- tures (5.2% missing in BMI)
2) Outlier Handling: IQR-based removal for BMI
(<15.2 or >39.8 kg/m?)
3) Class Balancing: SMOTE [9] applied to address
78:22 healthy-to-CVD ratio

B. Feature Engineering

Novel interaction features model behavioral-
clinical syn- ergy:

NeuroMetabolic Risk = 0.32 x BMI x MentalHealth (1)
Base Learners:

TABLE II: Algorithm Configuration

Model Hyperparameters Optimization

Random Forest 500 trees, max _depth=20 QOB scoring
XGBoost N=0.045, y=04 Bayesian optimization
LightGBM num_leaves=63 Early stopping
CatBoost tterations=500 Grid search

,,,,,,,,,,

Meta-Learner: Gradient Boosting with:
- Learning rate: 0.05

- Max depth: 6

- Friedman MSE criterion

C. Model Architecture

Clinical Data ‘

Behavioral Data

(12 Features) (3 Features)

Y

Stacking Layer
(Random Forest, XGBoost,
LightGBM, CatBoost)

Meta-Learner
(Gradient Boosting)

Fig. 1: Architecture of the proposed stacked
ensemble model.
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TABLE III: Comparative Model Performance
Metrics

Model Accuracy (%) Precision  Recall  F1-Score
Random Forest 87.10 0288 085 0.86
XGBoost 8945 0.89 0.89 089
CatBoost 8892 089 0.88 088
Stacked Ensemble 9212 092 092 092

IV. EXPERIMENTAL RESULTS

A. Performance Evaluation

B. Key Findings

The stacked ensemble model demonstrated superior
perfor- mance, achieving an overall accuracy of
92.12%, representing a 7.12% improvement over the
baseline model (85.00%).

C. Feature Importance Analysis

- PhysicalMentalHealth: Most influential

- Age x BMI Interaction: Strong positive correlation
(r=0.57, p<0.001)

- Other Significant Contributors:

— General Health (r=0.45)

— Comorbid conditions (= 0.43)

D. Class Imbalance Handling
- SMOTE Effectiveness:
— Recall improved from 0.77 to 0.92
— Minority class detection increased by 19.5%
The confusion matrix demonstrates balanced
performance with:
- False Negative Rate: 3.9%
- False Positive Rate: 4.1%
- Balanced Accuracy: 91.8%

TABLE 1V: Confusion Matrix - Stacked Ensemble
Model

Predicted
Actual No Disease  Disease.
No Disease 913 38
Disease 37 92

- Clinical Relevance: Model achieves 92% recall for
dis- ease cases while maintaining 91% specificity
for healthy cases

- Efficiency: Processes 1,000 patient records in 2.3
seconds (AWS EC2 t2.large instance)
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V. DISCUSSION

A. Clinical Implications

The experimental results demonstrate significant

clinical relevance through:

- High Diagnostic Accuracy: 92.12% overall
accuracy with balanced metrics (Precision=0.92,
Recall=0.92) en- ables:

— Primary care screening applications

— Emergency department decision support

— Personalized preventive medicine strategies

- Clinically Validated Risk Factors: Feature
importance analysis confirms known medical
relationships:

— PhysicalMentalHealth interaction

(SHAP=0.47) aligns with psychosomatic
medicine principles

predictor (%%fKIB %Fue@{fﬁlf)tion (r = 0.57) matches

epidemi-

ological studies

- Meaningful Performance Gains: The 7.12%
accuracy improvement over baseline models
translates to:

— 41 additional correct predictions per 1,000 cases

— 19.5% reduction in missed diagnoses

B. Technical Contributions

This work advances medical machine learning

through:

- Effective Model Integration: Successful
combination of four heterogeneous algorithms:

— Random Forest (Depth=20)

— XGBoost (y=0.4)

— LightGBM (Leaves=63)

— CatBoost (Iterations=500)

- Comprehensive Data Solutions:

— SMOTE oversampling improved recall by 19.5%

— IQR-based outlier removal enhanced stability

— Median imputation preserved data distribution

- Hybrid Approach Superiority: Stacked ensemble
out- performed individual models by:

— 4.67% over XGBoost (89.45% vs 92.12%)

— 5.02% over Random Forest (87.10% vs 92.12%)
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TABLE V: Clinical Impact Analysis

Metric Value
False Negative Rate 3.9%

False Positive Rate 4.1%

Cases Processed/Second 43478
Preventable Events/1000 41

VI. CONCLUSION AND FUTURE WORK

A. Conclusion

This study establishes that behavioral-clinical feature

inte- gration through stacked ensemble learning

significantly en- hances cardiovascular disease
prediction. Three principal con- clusions emerge:

- Superior Predictive Performance: The proposed
ensem- ble achieves 92.12% accuracy (95% CI:
91.70-92.54%) and 09787 ROC AUC,
outperforming clinical-only mod- els by 7.12%
accuracy (=0.0417 AUC) with statistical
significance (y*=38.7, p < 0.001)

- Clinical  Actionability: High-risk  profile
identification  (OR;2.0) enables prevention
strategies for 41/1000 pre- ventable cases, while
maintaining  operational  efficiency (434.78
cases/second)

- Technical Validation: The framework resolves
critical ML challenges through:

— SMOTE-based class balancing (Recall 119.5%)

— IQR outlier management (BMI stability 127%)

— Hybrid feature engineering (23% interaction
effects)

These results demonstrate that behavioral factors

constitute non-redundant predictors, contributing

18.7% of model power (p < 0.001) through

mechanisms aligning with established medical

literature.

B. Future Work

To address identified limitations and enhance clinical

utility, three strategic directions are proposed:

1) Temporal Resolution Enhancement

- Integrate wearable sensor streams
(ECG/actigraphy) with 1-min resolution

- Develop temporal graph networks for dynamic risk
trajectories

2) Global Generalization

- Implement federated learning across
international healthcare systems

- Expand dataset diversity (current 89% U.S.

IJIRT 181722

repre- sentation)

3) Clinical Implementation Optimization

- Design edge-cloud hybrid architectures for real-
time deployment

- Develop ONNX-optimized models for EHR
integra- tion

- Establish differential privacy protocols for
multi- institutional data sharing

TABLE VI: Implementation Roadmap

Timelme  Milestone

2024 Wearable integration pilot (n=5,000)
2025 multi-national validation trial
2026 FDA clearance for chincal deployment
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