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Abstract. Coronary artery disease (CAD) remains one of the top mortality 

causes around the world. Coronary CT angiography (CCTA) is an efficient non-

invasive technique used for evaluation of coronary artery stenosis. It is nowa-

days used in various clinical applications, including screening and preprocedur-

al assessment. There have been new strides in machine learning technology that 

sparked interest of researchers into the application of automated techniques for 

the analysis of cardiovascular risk factors and subsequent prediction of coro-

nary events based on the use of CCTA data related [3, 4, 5]. However, many 

current solutions are based on deep learning approaches that typically require 

large amounts of annotated imaging data as well as high computational power 

which may hinder their application in practice [6, 7]. In the paper, we present a 

machine learning technique aimed at calculating coronary artery blockage in 

percentage based on the structured information about patients comprising their 

demographic, metabolic, and lifestyle data. A stacking ensemble regression 

model was established by merging a number of base learners along with a 

Ridge regression meta-learner, with the aim to enhance predictive stability. By 

utilizing the developed clinical features, the model was able to reach an R² 

score of around 0.98, thus showing high predictive quality. Then to enhance the 

interpretability of the developed system, the LLM (large language model) was 

also introduced to produce the patient-level explanations and clinical conclu-

sions that are based on the prediction outcomes made. 

Keywords: Coronary CT Angiography, Stacking Ensemble Learning, Feature 

Engineering, Coronary Artery Disease, Cardiovascular Risk Prediction, Ma-

chine Learning, Clinical Decision Support, Non-invasive Diagnosis. 
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1 Introduction 

Cardiovascular diseases remain a major global health challenge, with Coronary Artery 

Disease (CAD) being a leading cause of mortality. The early detection of coronary 

stenosis is vital in preventing unfavorable cardiac events. Coronary CT Angiography 

(CCTA) has been recognized as an accurate technique for the assessment of coronary 

artery obstruction, showing promising diagnostic and prognostic performance in pre-

procedural and screening studies [1], [2]. 

Recent advances in artificial intelligence (AI) technologies have significantly en-

hanced the CCTA-based stenosis detection and assessment capabilities. Recent stud-

ies on machine learning and deep learning-based stenosis detection, plaque quantifica-

tion are promising [3], [4], [5], [6], [7]. However, deep learning-based imaging ap-

proaches, despite showing high diagnostic performance, require large datasets and 

computational power, which may not be feasible in a real-world environment. 

In parallel to this, studies that incorporate imaging information with other structured 

clinical information such as lipid levels and metabolic risk factors have reported bet-

ter cardiovascular risk prediction outcomes [8], [9]. Moreover, decision-support sys-

tems such as CarDIA-AI and multitask deep learning frameworks have emphasized 

the need to take the application of AI beyond diagnosis to clinical triage and risk strat-

ification [10], [11]. 

Inspired by these advances in cardiovascular risk prediction with the aid of AI, the 

present study aims to develop an AI-based cardiac risk stratification system that pre-

dicts the percentage of blockage in coronary arteries using structured clinical infor-

mation such as demographic, metabolic, and lifestyle factors. An ensemble regression 

method with diverse base learners and a Ridge regression meta-learner is proposed to 

improve the robustness of the proposed method for tabular clinical data. Furthermore, 

the proposed framework incorporates a large language model to enable patient-level 

interpretability of the proposed method [10], [11]. 

2 Literature Review 

Boyer et al. [1] demonstrated that CCTA can reduce unnecessary invasive coronary 

angiography, with high sensitivity and negative predictive value. Similarly, high di-

agnostic accuracy (AUC 0.885) for hemodynamically significant stenoses was 

achieved by Langenbach et al. [2] using CT-FFR. Williams et al. [3] highlighted the 

growing role of AI in cardiovascular CT imaging, focusing on the application of AI in 

coronary segmentation, plaque analysis, CT-FFR analysis, and risk prediction. The 

high accuracy of AI-assisted CCTA in calcium scoring, stenosis evaluation, and dose 

reduction was also validated by Liao et al. [4] with AUCs of up to 0.90 in ML-

assisted FFR-CT.  

Petch et al. [6] developed the CarDIA-AI system to guide imaging modality selec-

tion, achieving an AUC of 0.81 and improving diagnostic yield. Lu et al. [10] de-

signed a multitask deep learning model (TabPerceiver) for risk stratification and test 

prediction, showing enhanced multitask performance. The work of Dreesen et al. [7] 
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showed that deep learning-based motion correction of images significantly im-

proved image quality in CCTA. Shrivastava et al. [8], in a systematic review, found 

excellent correlations between plaque quantification with deep learning and intravas-

cular ultrasound. Hybrid models that integrate imaging and clinical biomarkers have 

also been promising. Chen et al. [9] combined CCTA image features with lipid pro-

files using CNN models, with an AUC of 0.87. Transformer models such as TR-Net 

introduced by Ma et al. [5] showed high accuracy in stenosis detection on reformatted 

CCTA images. Moreover, a meta-analysis by Ma et al. [11] showed that the combina-

tion of radiomic and clinical features improves the prediction of MACE. 

The current work fills this void by developing a stacking ensemble regression 

model. 

3 Methodology 

3.1 Overall System Framework and Study Design 

The system architecture, shown in Fig. 1, is divided into two major parts:(1) Model 

Development Pipeline and (2) Real-Time Deployment and AI Interaction Layer. Pa-

tient information is first obtained from hospital and clinic records, followed by data 

engineering and feature preparation. A stacking ensemble model is then built and 

tested. During prediction, the user-submitted information goes through API valida-

tion, preprocessing via scaling and encoding, and feature engineering before being fed 

into the ensemble for blockage percentage prediction. The predicted result is then 

processed by a personalized recommendation engine, an LLM- based clinical expla-

nation module, and a state-aware AI health chatbot, with the results combined into an 

automated PDF clinical report 

3.2 Dataset Description and Preprocessing 

The dataset comprises 500 structured patient records, which have been synthetically 

generated and augmented based on clinically validated cardiovascular risk factors that 

have been identified in preventive cardiology and public health. The data generation 

process is guided by established clinical guidelines to ensure realistic representation 

of patient profiles and meaningful relationships between input features and coronary 

artery blockage. The choice of variables has been guided by recommendations from 

the Centers for Disease Control and Prevention (CDC) on the prevention of heart 

disease [12], diabetes and cardiovascular risk [13], control of high blood pressure 

[14], sleep health [15], and diabetes statistics [16]. Moreover, it is guided by the Na-

tional Heart, Lung, and Blood Institute (NHLBI) healthy weight criteria [17], Ameri-

can Heart Association (AHA) guidelines for lessening the cardiovascular risk [18] 

[19], ACC/AHA guidelines for hypertension [20], and CDC standards for physical 

activity measurements [18]. 

Seventeen main variables were assessed, which includes demographic, lifestyle, clini-

cal, and biochemical categories. The selected variables include age, smoking habit, 



           67Cross-Validated Machine Learning Stacking Ensemble Regression for …  

level of physical activity, food habits, BMI, family health history, stress level, level of 

drinking, sleep hours, job type, LDL, HDL, Total cholesterol, blood pressure, diabe-

tes, resting heartbeat, and waist circumference. 

The CCTA_Blockage_Percentage variable shows the level of coronary stenosis ex-

pressed as a continuous rate. The relatively high R² value observed in this study can 

be attributed to the structured nature of the dataset and the strong correlation among 

clinically relevant features such as cholesterol levels, blood pressure, and age with 

coronary artery blockage. 

 

Fig. 1. System Architecture 
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3.3 Feature Engineering and Problem Formulation 

To improve the robustness of predictions, domain knowledge-driven feature engineer-

ing was used to expand the 17 core variables into a set of 49 engineered features. The 

categories of transformations involved lipid ratios like the LDL/HDL ratio and Total 

Cholesterol/HDL ratio, which are known to be established atherogenic risk factors. 

Interaction terms involving anthropometric variables, namely the product term BMI × 

Waist Circumference, were also developed to quantify joint risk due to adiposity. 

Combinations of metabolic-hemodynamic factors quantifying joint effects of blood 

pressure and lipid variables were also included, together with lifestyle and clinical 

interaction terms to link behavioral risk factors with clinical markers of risk. Polyno-

mial transformations of core continuous variables were also used to quantify nonline-

ar relationships in the feature space. The learning problem is stated as a supervised 

regression problem: 

  𝑓 ∶  𝑋 ∈  ℝ⁴⁹ →  𝑦 ∈  ℝ                                                       (1) 

where X is the 49-dimensional engineered feature vector, and y is the predicted 

CCTA blockage percentage. The objective function seeks to minimize the mean 

squared error while maximizing the R² coefficient of determination on the training 

and validation sets. 

3.4 Model Development and Stacking Ensemble Design 

Multiple predictive architectures were evaluated, including standalone regressors and 

neural network configurations. The final model adopted is a Stacking Ensemble Re-

gressor, constructed using a two-layer architecture consisting of diverse base learners 

and a regularized meta-learner. 

Five heterogeneous base estimators were incorporated as the first layer. The Ex-

traTrees Regressor exploits extreme randomization to reduce variance across high-

dimensional feature spaces. The Random Forest Regressor provides bootstrap aggre-

gation with decorrelated tree ensembles for stable prediction. The Gradient Boosting 

Regressor sequentially minimizes residual error through additive tree expansion. The 

K-Nearest Neighbors Regressor identifies local similarities in feature space and non-

linear proximity relationships. Support Vector Regression, finally, uses kernel-based 

margin maximization for robust nonlinear regression. Ridge Regression was chosen 

as the meta-model to perform L2-regularized aggregation of base learner predictions. 

The final ensemble output is computed as: 

 Ŷ =  𝛴ᴵ 𝑤ᴵ 𝑓ᴵ(𝑋)                                                              (2) 

where fᴵ(X) is the prediction made by the ith base model, and wᴵ is the weight associat-

ed with it, learned using Ridge optimization on the predictions of the held-out fold. 

The optimal weight vector is obtained by minimizing the L2-regularized objective 

function: 

  𝑤∗ = arg min 
𝑤

(∥ 𝑦 − 𝑍𝑤 ∥2+ 𝛼 ∥ 𝑤 ∥2)                        (3) 
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where Z∈R(n×K)  denotes the matrix of out-of-fold predictions from the K base 

learners, wis the meta-learner weight vector, and αis the regularization parameter 

controlling the bias–variance tradeoff. This stacking representation has a better bias-

variance tradeoff than individual regressors, as expected by the performance charac-

teristics of ensemble learning methods as discussed in [5] 

3.5 Model Validation and Performance Evaluation 

Robustness of the model was tested using 10-fold cross-validation, a stratification of 

the data into ten non-overlapping subsets to test generalization on different subsets of 

patients. Results were measured using the Coefficient of Determination (R²), the Root 

Mean Squared Error (RMSE), and the Mean Absolute Error (MAE). The Coefficient 

of Determination (R²), measuring the proportion of variance explained by the model, 

is defined as: 

  𝑅2 = 1 −
∑ (

𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2

∑ (
𝑛

𝑖=1
𝑦𝑖 − 𝑦̄)2

                           (4) 

where 𝑦𝑖is the true blockage percentage, 𝑦̂𝑖is the predicted value, and 𝑦̄is the mean of 

observed values. The proposed Stacking Ensemble Regressor achieved an R² of 

0.9807, an RMSE of 4.57, and an MAE of 3.52. These findings suggest that about 

98% of the variance in CCTA blockage percentage is explained by the model.  

3.6 AI Integration 

The LLM Response Generator integrates a Large Language Model (LLaMA 3, 8B 

parameters) with structured prompt templates to produce patient-specific responses 

including a risk explanation statement in layman terms, evidence-based lifestyle rec-

ommendations, and a clinically structured summary that is interpretable by physi-

cians. Finally, the PDF Report Generator is used to automatically generate clinical 

reports using ReportLab, and LLM responses into a structured clinical report that can 

be downloaded. 

4 Result and Discussion 

4.1 Result 

Comparative R2 Performance. The comparative R² performance of all the mod-

els considered for evaluation is represented in Fig. 2. The stacking ensemble method 

produced the best model with the highest coefficient of determination, with an R² 

value of 0.9807, which implies that the model was able to explain about 98% of the 

variance in the coronary artery blockage percentage. The Extra Trees and KNN with 

R² values of 0.9799 and 0.9771, respectively. The SVR (RBF) model had an R² value 
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of 0.9613, while the XGBoost with an R² of 0.9362. The stacking ensemble model 

performed better than all the individual models. 

Mean Absolute Error (MAE) Analysis. Fig. 2 shows the comparison of MAE 

among models. The stacking ensemble model had the lowest MAE of 3.52, which 

indicates the smallest average absolute deviation of predicted values from actual 

blockage percentages. The Extra Trees model had an MAE of 3.64, followed by the 

KNN model with an MAE of 3.89. The SVR (RBF) and XGBoost models had 

relatively higher errors of 5.05 and 4.76, respectively. The lower MAE of the 

proposed ensemble model indicates better precision in stenosis percentage prediction, 

which is critical in risk assessment. 

 

 

Fig. 2. . Comparative Evaluation of Machine Learning Models Using R², MAE, and RMSE for 

CCTA Coronary Artery Blockage Prediction 

Root Mean Squared Error (RMSE) Evaluation. The comparison of the RMSE 

values in Fig. 2 further confirms the robustness of the proposed model. The stacking 

ensemble method had the lowest RMSE of 4.57, followed closely by Extra Trees with 

an RMSE of 4.67 and KNN with an RMSE of 4.98. The SVR and XGBoost methods 

had relatively higher RMSE values of 6.48 and 8.32, respectively. Since the RMSE 
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gives more weight to larger errors than the MAE, the lower RMSE of the stacking 

ensemble model further confirms its better ability to control the predictions. 

The comparative performance of all tested regression models is presented in Table I. 

Table 1. Comparative Performance of Regression Model 

Model R² Score MAE RMSE

Stacking Ensemble (Proposed) 0.9807 3.52 4.57 

Extra Trees 0.9799 3.64 4.67 

K-Nearest Neighbors (KNN) 0.9771 3.89 4.98 

Support Vector Regression (RBF) 0.9613 5.05 6.48 

XGBoost 0.9362 4.76 8.32 

4.2 Discussion 

Impact of Heterogeneous Ensemble Learning. KNN captures local similarities 

since SVR can capture non-linear associations between clinical variables and inci-

dence of blockage. Tree based classifiers specialize in complex patterns among pre-

dictors. Ridge regression takes an ensemble approach of merging predictions made by 

different learners using L2 regularization in order to reach the best combination for 

predictions. This enables the method to cancel bias and variance saving both at the 

same time while performing better compared to methods like XGBoost which cannot 

achieve such balance. Such high R2 value in this research is due to the correlation 

between clinical variables themselves. 

Comparison with Existing CCTA–Based AI Studies. These studies confirmed this 

research. According to Lu et al. [10], AUC reached 0.76 in the study of CAD in 

14,021 people. Ma et al. [5] managed to gain high accuracy of stenosis detection by 

transformer model. However, apart from images, no other structured data were used. 

In the same way, Chen et al. [9] showed proper classification by using plaques and 

lipids via CNN. Nevertheless, it seems that the problem persists due to one-mode 

learning approach. 

Clinical Deployment and Practical Implications. The inference system devel-

oped with the help of FastAPI allows to make predictions and automatically classify 

the risk level into one of the three categories: low (up to 20%), medium (from 21% to 

50%), and high (more than 50%). Such innovations simplify the process of non-

invasive diagnostics in cardiology and reduce the burden of working on interpreting 

results for physicians. Furthermore, with the help of the LLaMA-based chatbot, it is 

now easier and faster for health workers to get an understanding of the obtained re-

sults. 
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Limitations and Future Directions. Despite the promising results that have been 

obtained, there are some limitations that should be mentioned. First of all, the sample 

size of 500 observations, including the artificial ones, is quite low. Future work will 

include the validation of the model on several centers, use of SHAP analysis, calibra-

tion tests, and cohort study.  

5 Conclusion 

The study showcases a model of machine learning that predicts the degree of the 

blockage of blood vessels using the information obtained from patients who under-

went the procedure of coronary CT angiography. A stacking ensemble regression 

model was utilized which was composed of a range of various types of base learners 

and the ridge model which primarily served as a meta-learner to increase predictive 

power in the study. Thanks to the model it was possible to discover interesting find-

ings regarding the correlations among different factors that should be considered 

among patients including those being related to their lipid levels, blood pressure, met-

abolic status and lifestyle. The model reached R² value of over 0.9807 that confirms 

the excellent level of predictability achieved in this study.  
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