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rtificial intelligence (AI) and machine learning have played increasingly important roles 
in healthcare, particularly in disease risk prediction, clinical data analysis, and decision 
support. Recent advances in ensemble learning and explainable AI (XAI) have created 

new opportunities to improve predictive performance and transparency in cardiovascular 
disease (CVD) risk assessment. However, conventional machine learning models may 
inadequately capture complex nonlinear relationships, while deep learning models often lack 
interpretability, limiting their reliability for clinical decision support. To address these 
limitations, this paper proposed an XAI-CDSS, an explainable ensemble learning framework 
for cardiovascular disease risk prediction and clinical decision support. First, cardiovascular 
clinical data are systematically preprocessed through data cleaning, normalization, categorical 
encoding, outlier handling, and class balancing. Secondly, Extreme Gradient Boosting 
(XGBoost) and a deep neural network (DNN) are employed as complementary learners, and 
their prediction probabilities are integrated through a weighted ensemble strategy to improve 
predictive robustness and generalization. Thirdly, Shapley Additive Explanations (SHAP) and 
Local Interpretable Model-Agnostic Explanations (LIME) provide global feature-level and 
patient-specific explanations, respectively. Finally, the framework is evaluated on a benchmark 
CVD dataset comprising 1,025 patient records, including an independent test set of 205 
records. Experimental results demonstrate that XAI-CDSS achieves an accuracy of 94.63%, 
precision of 96.94%, recall of 92.23%, and F1-score of 94.53%. Compared with the individual 
constituent models and existing CVD prediction approaches considered in this study, XAI-
CDSS demonstrates competitive predictive performance while providing complementary 
global and patient-specific explainability, highlighting its potential for transparent and reliable 
clinical decision support. 
Keywords: Cardiovascular Disease Risk Prediction; Explainable Artificial Intelligence (XAI); 
Clinical Decision Support System (CDSS); Ensemble Learning. 
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Introduction: 
Cardiovascular disease (CVD) remains a major global health challenge, accounting for 

a substantial proportion of mortality worldwide and imposing a considerable burden on 
healthcare systems. Each year, cardiovascular conditions contribute to millions of deaths, 
many of which may be mitigated through timely risk assessment, early detection, and 
appropriate clinical intervention [1]. CVD risk is influenced by multiple interacting factors, 
including age, blood pressure, cholesterol levels, smoking, physical activity, and other 
physiological, genetic, and lifestyle characteristics [2]. Conventional clinical assessment largely 
relies on medical expertise and the interpretation of patient-specific clinical information, which 
can become increasingly complex as the volume and heterogeneity of healthcare data expand 
[3]. The growing availability of medical datasets and electronic health records (EHRs) has 
therefore increased interest in intelligent computational systems capable of supporting timely 
and data-driven clinical decisions [4]. In this context, artificial intelligence (AI) and machine 
learning (ML) have emerged as promising approaches for healthcare applications, particularly 
for disease risk assessment and prediction [5]. These techniques can analyze complex clinical 
data and identify nonlinear relationships and feature interactions that may be difficult to 
capture using conventional analytical approaches [6]. Consequently, clinical decision support 
systems (CDSSs) incorporating AI-driven predictive models have gained increasing attention 
as tools for assisting healthcare professionals in risk assessment and clinical decision-making 
[7]. However, the limited interpretability and transparency of many high-performing AI 
models remain important barriers to their trustworthy use in healthcare. Explainable artificial 
intelligence (XAI) seeks to address these limitations by meaningful explainability is essential 
for developing transparent and trustworthy clinical decision-support frameworks for CVD 
risk prediction [8]. 

Recent advances in machine learning (ML) and deep learning (DL) have significantly 
improved the potential of computational approaches for CVD prediction; however, several 
challenges continue to limit the development of reliable and interpretable clinical decision-
support systems [9]. Recent advances in machine learning (ML) and deep learning (DL) have 
significantly improved the potential of computational approaches for CVD prediction; 
however, several challenges continue to limit the development of reliable and interpretable 
clinical decision-support systems [10]. Advanced DL models, such as Deep Neural Networks 
(DNNs) and Convolutional Neural Networks (CNNs), can learn complex feature 
representations and nonlinear patterns, but their decision-making processes are often difficult 
to interpret [9]. This lack of transparency remains an important concern in healthcare settings, 
where interpretability, accountability, and confidence in model-supported decisions are 
essential [11]. Moreover, many existing studies primarily emphasize predictive performance 
without simultaneously addressing robustness, generalizability, and explainability within a 
unified framework [12]. Hybrid and ensemble learning strategies have been increasingly 
explored to leverage the complementary strengths of different algorithms; nevertheless, 
effectively integrating heterogeneous predictive learners with meaningful explainability 
remains an important challenge [13]. In addition, evaluations based on limited datasets and 
validation settings may restrict the generalizability of predictive models across broader patient 
populations and real-world clinical environments [14]. Therefore, there is a need for decision-
support frameworks that combine complementary learning paradigms with transparent 
explanations of model predictions [15]. This requirement is particularly important in 
healthcare, where unreliable or insufficiently interpretable predictions may limit confidence in 
AI-assisted clinical decision-making [16]. Integrating ensemble learning with explainability 
techniques such as SHAP and LIME therefore represents a promising direction for developing 
transparent, reliable, and interpretable CVD risk-prediction and clinical decision-support 
systems [17]. 
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Recent years have witnessed growing interest in cardiovascular disease (CVD) 
prediction, with increasing emphasis on improving predictive performance, robustness, and 
model interpretability through machine learning (ML), ensemble learning, and explainable 
artificial intelligence (XAI). Early studies commonly employed conventional classifiers, 
including Logistic Regression, Support Vector Machines (SVM), and Decision Trees; however, 
individual models may have limitations in capturing complex nonlinear relationships and 
heterogeneous interactions within clinical data. Consequently, ensemble learning has gained 
considerable attention by combining multiple predictive models to improve classification 
robustness and generalization. For example, hybrid ensemble approaches integrating Random 
Forest, SVM, and XGBoost have demonstrated improved predictive stability compared with 
individual models in heart disease prediction [18]. Similarly, explainable ensemble learning 
approaches have been investigated to improve CVD classification while maintaining 
interpretable predictions for clinical applications [19]. Soft-voting ensemble strategies have 
further demonstrated the potential of combining multiple learning algorithms with 
explainability mechanisms to improve predictive performance and generalization [20]. For 
structured clinical data, optimized XGBoost models combined with feature-selection 
strategies have also shown strong predictive capability in heart disease classification [21]. 
Furthermore, weighted ensemble approaches integrating XGBoost with deep learning models 
have been explored to leverage their complementary learning capabilities for cardiovascular 
risk prediction [22]. In parallel, explainable AI techniques, particularly Shapley Additive 
Explanations (SHAP) and Local Interpretable Model-Agnostic Explanations (LIME), have 
been increasingly employed to provide global and patient-specific insights into model 
predictions and improve the transparency of AI-assisted clinical decision-making [23]. Despite 
these advances, existing studies often emphasize either predictive optimization through 
individual or ensemble models or the post-hoc interpretation of model outputs. The 
systematic integration of complementary ensemble learners with both global and patient-
specific explainability within a unified clinical decision-support framework remains 
comparatively underexplored [24]. This gap motivates the development of an integrated 
framework that jointly considers predictive performance, complementary model learning, and 
multi-level explainability for CVD risk prediction.  

Building on these observations, an important research gap remains in developing a 
unified framework that effectively integrates complementary ensemble learning with global 
and patient-specific explainability for cardiovascular disease (CVD) risk prediction and clinical 
decision support. To address this gap, this study proposes XAI-CDSS, an explainable 
ensemble learning framework for cardiovascular disease risk prediction and clinical decision 
support. The proposed framework integrates Extreme Gradient Boosting (XGBoost) and a 
Deep Neural Network (DNN) as complementary predictive learners, with their prediction 
probabilities combined through a weighted averaging strategy to improve predictive 
robustness and generalization [25]. This integration is designed to leverage the complementary 
capabilities of tree-based and deep learning approaches for capturing complex feature 
interactions and nonlinear patterns in clinical data. To enhance prediction transparency, XAI-
CDSS incorporates Shapley Additive Explanations (SHAP) and Local Interpretable Model-
Agnostic Explanations (LIME) as complementary explainability mechanisms. SHAP provides 
global insights into the relative contributions of clinical features across the predictive model, 
whereas LIME generates patient-specific explanations that clarify the factors influencing 
individual predictions. The predictive performance of the proposed framework is evaluated 
using established classification measures, including accuracy, precision, recall, F1-score, ROC-
AUC, and confusion-matrix analysis. XAI-CDSS integrates complementary ensemble 
prediction and multi-level explainability within a unified framework to provide reliable, 
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transparent, and interpretable computational support for CVD risk prediction and clinical 
decision-making. 
The main contributions of this paper are summarized as follows:  

An XAI-CDSS ensemble learning framework integrating XGBoost and DNN to 
capture structured feature interactions and complex nonlinear patterns for CVD risk 
prediction. 

A weighted probability-level fusion strategy combining XGBoost and DNN 
predictions to improve predictive robustness and generalization. 

A multi-level explainability approach integrating SHAP for global feature 
interpretation and LIME for patient-specific explanations. 

A unified clinical decision-support framework combining ensemble prediction and 
explainability for transparent and reliable CVD risk assessment. 

The remainder of this paper is organized as follows. Section 2 presents the proposed 
XAI-CDSS architecture and methodology, including data preprocessing, ensemble learning, 
and explainability mechanisms. Section 3 describes the experimental setup and presents the 
performance evaluation, comparative analysis, explainability results, and discussion. Section 4 
concludes the study, summarizes its limitations, and outlines directions for future research. 
Materials and Methods: 

This section presents the methodology used to develop XAI-CDSS, an explainable 
ensemble learning framework for cardiovascular disease (CVD) risk prediction and clinical 
decision support. The proposed methodology integrates data preprocessing, complementary 
predictive learning, ensemble-based probability fusion, and explainable artificial intelligence 
within a unified framework. The methodology consists of four main stages: dataset 
preparation, data preprocessing and feature engineering, ensemble prediction, and model 
explainability. The clinical data are first prepared and preprocessed to ensure their suitability 
for model development. XGBoost and a DNN are then employed as complementary 
predictive learners, and their probability outputs are combined to generate the final CVD risk 
prediction. SHAP and LIME are subsequently applied to provide global and patient-specific 
explanations, respectively. The following subsections describe each component of the 
proposed methodology in detail. 
Framework Architecture: 

The proposed XAI-CDSS is an explainable ensemble learning framework designed to 
provide accurate, robust, and transparent cardiovascular disease (CVD) risk prediction for 
clinical decision support. The framework integrates complementary predictive learning with 
explainable artificial intelligence (XAI) to improve both predictive performance and model 
interpretability. It consists of four sequential stages: dataset acquisition, data preprocessing 
and feature engineering, ensemble prediction, and model explainability [26]. The framework 
begins by acquiring a benchmark CVD dataset containing demographic, clinical, and lifestyle-
related attributes. The collected data are subsequently processed through data cleaning, 
categorical feature encoding, normalization, and class balancing to improve data quality and 
ensure suitability for predictive modeling. After preprocessing, two complementary predictive 
learners, XGBoost and a DNN, are independently trained to capture structured feature 
interactions and complex nonlinear relationships within the clinical data. The prediction 
probabilities generated by both models are then integrated using a weighted probability-level 
ensemble strategy to produce the final CVD risk prediction. To improve the transparency of 
the predictive process, the framework incorporates two complementary explainability 
techniques. Shapley Additive Explanations (SHAP) provide global feature importance by 
quantifying the contribution of each clinical variable across the entire dataset, whereas Local 
Interpretable Model-Agnostic Explanations (LIME) generate patient-specific explanations 
that identify the factors influencing individual predictions. The integration of ensemble 
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learning with multi-level explainability enables XAI-CDSS to provide reliable, interpretable, 
and transparent support for CVD risk prediction and clinical decision-making. The overall 
architecture and workflow of the proposed XAI-CDSS framework are illustrated in Figure 1. 

 
Figure 1. The architecture of the proposed XAI-CDSS framework 

Benchmark Dataset: 
The proposed XAI-CDSS framework was developed and evaluated using the publicly 

available Heart Disease Dataset, originally obtained from the UCI Machine Learning 
Repository and made available through Kaggle for research purposes. This benchmark dataset 
has been widely used for developing and evaluating machine learning (ML), deep learning 
(DL), ensemble learning, and explainable artificial intelligence approaches for cardiovascular 
disease (CVD) prediction. More recently, [22] employed a cardiovascular disease dataset in 
their weighted ensemble and explainable machine-learning study, further demonstrating the 
continued relevance of benchmark cardiovascular datasets for evaluating predictive and 
interpretable AI approaches. The dataset used in the present study comprises 1,025 records, 
13 predictor variables, and one binary target variable indicating the presence or absence of 
CVD. 

The predictor variables represent demographic, clinical, laboratory, and physiological 
characteristics associated with cardiovascular risk, including age, sex, chest pain type, resting 
blood pressure, serum cholesterol, fasting blood sugar, resting electrocardiographic results, 
maximum heart rate achieved, exercise-induced angina, ST depression, ST-segment slope, 
number of major vessels, and thalassemia status. A detailed description of the variables is 
provided in Table 1. 

Table 1. Description of Variables Used in the CVD Dataset 

Predictor Variable Explanation  

Variable Description 

Age Represents the age of the patient in years. 

Sex Indicates biological sex of the patient, where male and female 
are encoded numerically. 
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Chest Pain Type (cp) Represents the category of chest pain experienced by the 
patient, which serves as an important indicator of 
cardiovascular abnormalities. 

Resting Blood Pressure 
(trestbps) 

Measures resting systolic blood pressure recorded in mmHg. 

Serum Cholesterol 
(chol) 

Represents cholesterol concentration measured in mg/dL. 

Fasting Blood Sugar 
(fbs) 

Indicates whether fasting blood sugar exceeds the clinically 
accepted threshold. 

Resting 
Electrocardiographic 
Results (restecg) 

Reflects ECG abnormalities observed during rest. 

Maximum Heart Rate 
Achieved (thalach) 

Measures peak heart rate during exercise testing. 

Exercise-Induced 
Angina (exang) 

Indicates whether chest pain occurs during physical activity. 

ST Depression 
(oldpeak) 

Measures depression induced by exercise relative to resting 
condition. 

Slope Represents the slope of the peak exercise ST segment. 

Number of Major 
Vessels (ca) 

Indicates the number of major blood vessels identified through 
fluoroscopy. 

Thalassemia (thal) Represents blood disorder-related diagnostic findings. 

The dataset was selected because of its established use in CVD prediction research, 
clinically relevant predictor variables, relatively balanced class distribution, and suitability for 
comparison with related ML, DL, ensemble learning, and explainable AI approaches. Its 
relevance is further supported by recent cardiovascular prediction research, including the 
ensemble and explainability-based study of [22]. However, because cardiovascular datasets and 
experimental protocols may differ across studies, cross-study performance comparisons 
should be interpreted cautiously. The complete dataset contained 499 negative (Class 0) and 
526 positive (Class 1) records, indicating a relatively balanced class distribution. The 
distribution of samples in the training and independent test sets is presented in Table 2. 

Table 2. Dataset Partitioning and Class Distribution for Model Development and 
Evaluation 

Dataset Split Total 
Records 

Negative 
(Class 0) 

Positive 
(Class 1) 

Percentage 
(%) 

Total Dataset 1,025 499 526 100 

Training Set 820 397 423 80 

Independent Test Set 205 102 103 20 

Before model development, the dataset was partitioned into 80% training data and 
20% independent test data using stratified sampling to preserve the class proportions of the 
original dataset. As summarized in Table 2, the training set contained 820 records, including 
397 Class 0 and 423 Class 1 samples, whereas the independent test set contained 205 records, 
including 102 Class 0 and 103 Class 1 samples. The comparable class proportions across the 
two subsets preserved the overall class distribution. The training set was used exclusively for 
model development, preprocessing-dependent operations, optimization, and internal 
validation, whereas the independent test set was held out from model development and 
reserved exclusively for final performance evaluation. This separation was maintained to 
reduce the risk of information leakage and to provide a more reliable assessment of the 
predictive performance of the proposed XAI-CDSS on previously unseen samples. 
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Data Preprocessing: 
Data preprocessing is a fundamental step in developing reliable machine learning and 

deep learning models because the quality of the input data directly influences predictive 
performance, model stability, and generalization. Clinical datasets may contain duplicate 
observations, heterogeneous feature scales, categorical variables, and potential outliers, all of 
which may adversely affect the learning process and reduce the reliability of model predictions 
[27]. Therefore, an effective preprocessing pipeline is essential to improve data quality, 
preserve clinically meaningful information, and generate representative inputs for predictive 
modeling. In this study, a systematic preprocessing framework was implemented before model 
development [28]. The preprocessing pipeline consists of five sequential stages: duplicate 
record inspection, feature normalization, outlier detection, categorical feature encoding, and 
class balancing. These procedures were designed to improve data consistency, reduce potential 
sources of bias, enhance model convergence, and prepare the dataset for the proposed XAI-
CDSS framework. 

Clinical datasets may contain duplicate observations, heterogeneous feature scales, 
categorical variables, and potential outliers that can affect model training and predictive 
reliability. Therefore, a systematic preprocessing pipeline was implemented to improve data 
consistency and prepare the cardiovascular disease (CVD) data for the proposed XAI-CDSS 
framework [29]. First, duplicate observations were identified to reduce data redundancy and 
minimize potential bias during model development. Numerical features with different 
measurement scales were subsequently transformed to a common range of [0, 1] using Min–
Max normalization: 

𝑥norm =
𝑥−𝑥min

𝑥max−𝑥min
(1) 

Where x represents the original feature value, x_min and x_max denote the minimum and 
maximum values of the corresponding feature, and x_norm represents the normalized value. 
Potential outliers in continuous clinical variables were identified using the interquartile range 
(IQR) criterion: 

𝐼𝑄𝑅 = 𝑄3 − 𝑄1 (2a) 

𝐿𝐵 = 𝑄1 − 1.5 × 𝐼𝑄𝑅  (2b) 

𝑈𝐵 = 𝑄3 + 1.5 × 𝐼𝑄𝑅 (2c) 

Where 𝑄1, and 𝑄3, represent the first and third quartiles, respectively, while 𝐿𝐵 and 

𝑈𝐵, denote the lower and upper bounds. Observations outside these bounds were identified 
as potential outliers and examined during preprocessing. The feature distributions and 
potential outliers identified using the IQR criterion are presented in Figure 2. 

 
Figure 2. Distribution of Clinical Variables and Outlier Detection 

Categorical clinical variables were then transformed into numerical representations to 
ensure compatibility with the XGBoost and DNN learners. The preprocessing procedure 
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preserved the clinical meaning of categorical attributes while converting them into machine-
readable representations suitable for predictive modeling. Class distribution was also examined 
to assess potential imbalance between the two outcome classes. The original dataset contained 
499 Class 0 (absence of CVD) and 526 Class 1 (presence of CVD) observations [30]. 

The Synthetic Minority Oversampling Technique (SMOTE) was considered to balance 
the minority class by generating synthetic observations through interpolation between 
neighboring minority-class samples: 

𝑥new = 𝑥𝑖 + 𝜆(𝑥𝑘 − 𝑥𝑖) (3) 
Where x_i represents a minority-class observation, x_k denotes a neighboring 

minority-class sample, and λ is a randomly generated value within [0,1]. For model 
development, oversampling was restricted to the training data to prevent synthetic information 
from entering the independent test set and causing data leakage. Figure 3 illustrates the class 
distribution of the complete dataset for descriptive purposes, showing 499 Class 0 and 526 
Class 1 observations before balancing and the corresponding balanced distribution of 526 
observations per class after SMOTE-based oversampling [31]. 

 
Figure 3. Class Distribution of the CVD Dataset Before and After SMOTE-Based 

Balancing 
Feature Selection: 

Despite the high accuracy of ML and DL models in healthcare prediction tasks, a large 
number of these models are black-box systems. For this reason, they are not widely used by 
doctors and have been used in actual clinical applications only to a limited degree [32]. To 
overcome this challenge, explainability mechanisms were incorporated into the proposed 
CDSS. The explainability module is based on two complementary techniques such as SHAP 
and LIME. Both methods can be integrated to give global-level and patient-level 
interpretability, enhancing transparency and physician confidence. 
SHAP: 

SHAP is a game-theory-based explainability approach which measures the impact of 
each clinical feature individually on the model's prediction. The proposed framework was 
designed to include SHAP to identify the most significant cardiovascular characteristics 
impacting prediction [33]. Global explanations will evaluate the importance of the features of 
the entire set, and be used to identify important cardiovascular features that can be used for 
disease prediction. For instance, some factors like type of chest pain, cholesterol level, 
maximum heart rate, ST depression can be the most important cardiovascular risk factors. 

Local explanations are explanations for a particular patient of why the prediction is 
made. For example, a patient's cardiovascular risk may be greatly increased by his cholesterol 
level and electrocardiographic abnormalities. The SHAP explainability mechanism helps 
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enhance transparency by providing healthcare professionals with insights into model decisions 
and clinically relevant risk factors. 

For a feature 𝑖, the Shapley value is defined as: 

𝜙𝑖 = ∑
∣𝑆∣!(∣𝐹∣−∣𝑆∣−1)!

∣𝐹∣!𝑆⊆𝐹∖{𝑖}
[𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)] (4) 

Where 𝐹 denotes the complete set of input features, 𝑆 is a subset of features that 

excludes feature 𝑖, and 𝑓(𝑆) represents the model output obtained using the features contained 

in subset 𝑆. The term 𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆) measures the marginal contribution of feature 𝑖, 
while the weighting factor accounts for all possible feature combinations. Therefore, 𝜙𝑖 

represents the average contribution of feature 𝑖to the model output across different feature 
coalitions. 

For an individual patient 𝑥, the additive SHAP explanation is expressed as: 

𝑓(𝑥) = 𝜙0 + ∑ 𝜙𝑗

𝑀

𝑗=1
 (5) 

Where 𝜙0 is the expected model output over the reference dataset, 𝑀 is the total 

number of input features, and 𝜙𝑗 represents the SHAP contribution of the jth feature for the 

specific patient. A positive SHAP value shifts the model output toward the CVD class, 

whereas a negative value shifts it toward the non-CVD class. The magnitude ∣ 𝜙𝑗 ∣indicates 

the strength of the feature's contribution. 
The incorporation of XAI techniques is one of the proposed XAI-CDSS's major 

contributions, ensuring transparency and clinical trustworthiness. The proposed system is 
globally and locally interpretable using SHAP and LIME, which are different from the 
traditional black-box ML models. The SHAP analysis gives a global feature importance, by 
estimating the contribution of each feature over the whole dataset. The findings confirm that 
some of the factors most closely related with CVD are chest pain type, cholesterol levels, 
resting blood pressure, and maximum heart rate. This global interpretability is useful for 
understanding the overall decision-making behaviour of the model, which is of value to the 
clinician. Figure 4 shown the summary of the SHAP. 

 
Figure 4. SHAP Summary Plot for Global Feature Contribution Analysis 

LIME: 
The proposed framework was complemented by LIME to generate patient-specific 

explanations. LIME is not as comprehensive as SHAP, as it only offers explanations for 
individual predictions. It produces meaningful explanations by simulating the prediction 
behaviour of the black-box model on a particular patient record. There are several stages to 
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the LIME explanation process. The first step is to choose a patient case for analysis. Second, 
several instances of the sample are created around the chosen one. Third, the prediction 
behavior of the model is observed. Lastly, an interpretable local explanation is generated to 
uncover what features were positively or negatively associated with the prediction. The LIME 
explanations are particularly useful in medical settings where doctors need to provide 
reasoning for each patient before adopting AI recommendations. The framework might, for 
instance, indicate that high cholesterol, exercise-induced angina and elevated blood pressure 
were major factors in the increased risk of CVD for a specific patient. LIME generates a local 
explanation by finding a simple interpretable model g that best approximates the black-box 

model 𝑓 in the neighbourhood of the patient instance 𝑥𝑖 . The LIME objective function is 
defined as: 

𝜉(𝑥𝑖)  =  𝑎𝑟𝑔𝑚𝑖𝑛 [ 𝐿(𝑓, 𝑔, 𝜋𝑥𝑖) +  𝛺(𝑔)](6) 

Where 𝜉(𝑥𝑖) is the local explanation for patient 𝑥𝑖 , 𝑔 is a simple interpretable model 

(e.g., a linear model), 𝑓 is the original, black-box model, 𝐿 is a fidelity loss function that 

quantifies how well 𝑔 approximates 𝑓 in the neighborhood around 𝜋𝑥𝑖 is a locality kernel that 

defines the neighborhood around 𝑥𝑖 and 𝛺(𝑔) is a complexity penalty term that encourages 
simplicity and interpretability of the model for the explanation. Figure 5 shows the LIME 
explanation for individual patient prediction. 

 
Figure 5. LIME-Based Patient-Specific Explanation for CVD Risk Prediction 

Feature Relevance Analysis: 
Feature relevance analysis was performed to examine the relationships among the 

clinical variables and assess their potential contribution to CVD prediction. This analysis is 
important because highly redundant or weakly informative variables may increase model 
complexity without providing meaningful predictive information. The proposed framework 
therefore examines both inter-feature relationships and model-based feature importance to 
obtain a clearer understanding of the information represented by the clinical predictors. 
Correlation analysis was used to quantify the relationships among the input variables and 
identify potential dependencies or redundancy within the feature space [34]. The resulting 
correlation matrix provides an overview of the direction and strength of pairwise associations 
among the clinical variables. Model-based feature importance was subsequently examined to 
assess the relative contribution of individual predictors to CVD prediction. These analyses 
support interpretation of the feature space and provide complementary information regarding 
the relevance of clinical predictors. The correlation structure among the clinical variables is 
presented in Figure 6 
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Figure 6. Correlation Heatmap of Clinical Features in the CVD Dataset 

Ensemble Prediction Model: 
The predictive component of XAI-CDSS integrates XGBoost and a DNN as 

complementary learners for cardiovascular disease (CVD) risk prediction. XGBoost is 
employed to capture structured feature interactions and discriminative patterns within tabular 
clinical data, whereas the DNN learns complex nonlinear relationships through multiple 
hidden layers [35]. The complementary learning characteristics of these models provide the 
basis for integrating their predictive outputs within a unified ensemble framework. 

The proposed architecture consists of two parallel prediction branches. The XGBoost 
branch generates a CVD probability using an ensemble of sequentially optimized decision 
trees, while the DNN branch independently estimates the probability through nonlinear 
transformations of the clinical features. The probability outputs of both learners are 
subsequently combined at the probability level using a weighted averaging strategy. The 
ensemble probability is formulated as: 

𝑃ens(𝑥) = 𝑤𝑋𝑃𝑋(𝑥) + 𝑤𝐷𝑃𝐷(𝑥) (7) 
Subject to: 

𝑤𝑋 + 𝑤𝐷 = 1,  𝑤𝑋 , 𝑤𝐷 ≥ 0 (8) 

Where 𝑃𝑋(𝑥)and 𝑃𝐷(𝑥)represent the predicted CVD probabilities generated by 

XGBoost and DNN, respectively, while 𝑤𝑋and 𝑤𝐷denote their corresponding ensemble 

weights. The final class prediction is determined using a decision threshold 𝜏: 

𝑦̂ = {
1, 𝑃ens(𝑥) ≥ 𝜏

0, 𝑃ens(𝑥) < 𝜏
 (9) 

Where 𝑦̂ = 1, indicates the predicted presence of CVD and 𝑦̂ = 0, indicates its 
predicted absence. The ensemble design integrates the complementary predictive 
characteristics of tree-based and deep learning models rather than relying on a single learning 
paradigm.  

The proposed Clinical Decision Support System (CDSS) is based on a hybrid 
prediction model that combines XGBoost with DNN to enhance the accuracy and robustness 
of the prediction of cardiovascular diseases. The proposed hybrid prediction model is shown 
in Figure 7. The rationale behind merging these two predictive models is that they learn 
complementary representations of the data. The Deep Neural Network can learn nonlinear 
patterns and hierarchical feature representations with a number of hidden layers, while 
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XGBoost can learn the structured relationships and complex interactions between features 
from the tabular clinical data. The proposed approach combines both models into a single 
framework in order to benefit from the strengths of each of the models and, at the same time, 
to reduce the limitations of each one. 

 
Figure 7. Hybrid prediction model integrating XGBoost and Deep Neural Network for 

cardiovascular disease prediction 
Performance Evaluation Metrics: 

The predictive performance of the proposed XAI-CDSS framework was evaluated 
using multiple classification metrics to provide a comprehensive assessment of its ability to 
distinguish between CVD and non-CVD cases. The evaluation metrics included accuracy, 
precision, recall (sensitivity), specificity, F1-score, and area under the receiver operating 
characteristic curve (ROC-AUC). Accuracy measures overall classification correctness, 
whereas precision quantifies the reliability of positive predictions. Recall evaluates the ability 
to correctly identify patients with CVD, while specificity measures the correct identification 
of non-CVD cases. The F1-score provides a balanced measure of precision and recall, and 
ROC-AUC evaluates the overall discriminative ability of the model across different 
classification thresholds. 
Accuracy is defined as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (10) 

Precision is calculated as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (11) 

Recall, also referred to as sensitivity, is defined as: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (12) 

Specificity is calculated as: 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
  (13) 

The F1-score represents the harmonic mean of precision and recall: 

𝐹1-𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (14) 

Where TP and TN denote correctly classified CVD and non-CVD cases, respectively, while 
FP and FN represent incorrectly classified positive and negative cases.The ROC curve 
evaluates model discrimination by plotting the true positive rate (TPR) against the false 
positive rate (FPR) across classification thresholds: 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
,  𝐹𝑃𝑅 =

𝐹𝑃

𝐹𝑃+𝑇𝑁
 (15) 

The area under the ROC curve is expressed as: 
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𝐴𝑈𝐶 = ∫ 𝑇
1

0
𝑃𝑅(𝐹𝑃𝑅) 𝑑(𝐹𝑃𝑅) (16) 

A higher AUC indicates stronger overall discrimination between CVD and non-CVD 
cases. Collectively, these metrics provide complementary measures of classification 
correctness, positive-case detection, negative-case discrimination, and overall predictive 
performance. 
Experimental Results and Analysis: 

This section presents the experimental evaluation and analysis of the proposed XAI-
CDSS framework for cardiovascular disease (CVD) risk prediction. The framework integrates 
XGBoost and DNN as complementary predictive learners through a weighted ensemble 
strategy and incorporates SHAP and LIME for global and patient-specific explainability. The 
final predictive performance was evaluated on an independent test set of 205 records using 
accuracy, precision, recall, specificity, F1-score, ROC-AUC, and confusion-matrix analysis. 
The experimental evaluation focuses on two main objectives: (i) assessing the predictive 
performance of XAI-CDSS for distinguishing between CVD and non-CVD cases and (ii) 
examining the interpretability of model predictions through global and patient-specific 
explanations. 
Experimental Environment: 

The proposed XAI-CDSS framework was implemented and evaluated in a controlled 
computational environment to ensure consistent model development and performance 
assessment. The implementation was carried out using Python 3.10, with Scikit-learn, 
XGBoost, and TensorFlow supporting data preprocessing, model development, training, and 
evaluation. SHAP and LIME were employed to generate global and patient-specific 
explanations of the model predictions, respectively. The predictive framework consisted of 
XGBoost and a DNN as complementary learners. Both models were developed using the 
same preprocessed clinical data, and their prediction probabilities were integrated through a 
weighted probability-level ensemble strategy to generate the final CVD risk prediction. The 
dataset was divided into 80% training and 20% independent test sets, with 205 records 
reserved exclusively for final evaluation. The independent test set was kept separate from 
model training and optimization to provide an unbiased assessment of predictive performance. 
The performance of XAI-CDSS was evaluated using accuracy, precision, recall, specificity, F1-
score, ROC-AUC, and confusion-matrix analysis. SHAP and LIME analyses were further used 
to assess global feature contributions and patient-specific prediction behavior. The hardware, 
software, model, data, and evaluation configurations used in the experimental framework are 
summarized in Table 3. 

Table 3. Experimental Setup Configuration 

Category Component Specification 

Hardware Processor (CPU) Standard multi-core processor 

Graphics Processor (GPU) GPU-enabled computing environment 

Memory (RAM) Standard system memory 

Software Operating System Windows/Linux-based environment 

Programming Language Python 3.10 

ML/DL Libraries Scikit-learn, XGBoost, TensorFlow 

Explainability Libraries SHAP, LIME 

Model Configuration Predictive Learners XGBoost and Deep Neural Network (DNN) 

Ensemble Strategy Weighted probability-level averaging 

Data Configuration Dataset Split 80% training and 20% independent testing 

Independent Test Set 205 records 

Evaluation Performance Metrics Accuracy, Precision, Recall, Specificity, F1-
score, ROC-AUC 
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Additional Analysis Confusion matrix and explainability analysis 

Hyperparameter Configuration: 
Hyperparameter configuration plays an important role in controlling model 

complexity, learning behavior, and generalization performance. The XGBoost and DNN 
components of the proposed XAI-CDSS require different parameter settings because of their 
distinct learning mechanisms. Therefore, model-specific hyperparameters were configured 
during model development using the training data, while the independent test set was reserved 
exclusively for final performance evaluation. For XGBoost, the main configuration parameters 
included the number of estimators, learning rate, maximum tree depth, minimum child weight, 
subsampling ratio, and feature-sampling ratio. These parameters control the boosting process, 
tree complexity, and degree of sampling during model training. For the DNN, the 
configuration included the network architecture, activation functions, optimizer, learning rate, 
batch size, number of epochs, validation split, and early stopping. The network consisted of 
an input layer corresponding to the 13 clinical predictors, followed by two hidden layers with 
64 and 32 neurons, respectively, and an output neuron with sigmoid activation for binary CVD 
risk prediction. ReLU activation was used in the hidden layers, while the model was optimized 
using Adam with binary cross-entropy loss. The hyperparameter configuration used for model 
development is summarized in Table 4. 

Table 4. Hyperparameter Configuration of the XGBoost and DNN Predictive Learners 

Model Hyperparameter Value 

XGBoost Number of Estimators (n_estimators) 100 

Learning Rate (learning_rate) 0.10 

Maximum Tree Depth (max_depth) 6 

Minimum Child Weight (min_child_weight) 1 

Subsample Ratio (subsample) 0.80 

Column Sampling (colsample_bytree) 0.80 

Objective Function Binary Logistic 

Evaluation Metric Log Loss 

Random State 42 

DNN Input Layer 13 neurons 

Hidden Layer 1 64 neurons (ReLU) 

Hidden Layer 2 32 neurons (ReLU) 

Output Layer 1 neuron (Sigmoid) 

Optimizer Adam 

Learning Rate 0.001 

Loss Function Binary Cross-Entropy 

Batch Size 32 

Maximum Epochs 100 

Validation Split 20% 

Early Stopping Enabled 

Ensemble Model Performance Evaluation: 
The predictive performance of the proposed XAI-CDSS was evaluated using the 

independent test set of 205 patient records. The ensemble model achieved an overall 
classification accuracy of 94.63%, demonstrating strong performance in distinguishing 
between CVD and non-CVD cases. The model achieved a precision of 96.94%, recall 
(sensitivity) of 92.23%, specificity of 97.06%, and F1-score of 94.53%, indicating balanced 
predictive performance across multiple evaluation criteria. The proposed ensemble integrates 
XGBoost and DNN as complementary predictive learners. XGBoost captures discriminative 
patterns and interactions among structured clinical features, whereas the DNN learns complex 
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nonlinear relationships within the clinical data. Their prediction probabilities are integrated 
through the weighted probability-level ensemble strategy described in Section 2.5. This 
integration enables both learning mechanisms to contribute to the final CVD risk prediction, 
rather than relying on a single predictive model. The performance of XGBoost, DNN, and 
the proposed XAI-CDSS ensemble was further compared to assess the contribution of 
ensemble integration. The comparative results demonstrate the relative performance of the 
individual learners and their combined ensemble configuration, as presented in Figure 8. 

 
Figure 8. Comparative Accuracy Performance of the Proposed XAI-CDSS and Individual 

Predictive Models 
Confusion Matrix and Diagnostic Performance Analysis: 

The classification performance of the proposed XAI-CDSS was further examined 
using confusion-matrix analysis to assess its ability to distinguish between CVD and non-CVD 
cases. Among the 205 records in the independent test set, the model correctly classified 95 
CVD cases as true positives (TP) and 99 non-CVD cases as true negatives (TN). In contrast, 
3 non-CVD cases were incorrectly classified as positive (FP), while 8 CVD cases were 
incorrectly classified as negative (FN). Based on these outcomes, XAI-CDSS achieved a 
precision of 96.94%, sensitivity of 92.23%, specificity of 97.06%, and F1-score of 94.53%, 
together with an overall accuracy of 94.63%. The high specificity indicates strong 
discrimination of non-CVD cases, whereas the sensitivity demonstrates the model’s ability to 
identify most CVD-positive cases. However, the presence of eight false-negative predictions 
remains clinically important because missed positive cases may require particular attention 
when considering the framework for decision-support applications. These findings highlight 
the importance of evaluating both positive- and negative-class performance rather than relying 
solely on overall accuracy. The distribution of correct and incorrect predictions is presented 
in Figure 9. 

 
Figure 9. Confusion Matrix Analysis of XAI-CDSS for CVD Classification 

Receiver Operating Characteristic (ROC) Curve and Discriminative Capability 
Analysis: 

The discriminative capability of the proposed XAI-CDSS was evaluated using Receiver 
Operating Characteristic (ROC) curve analysis. The ROC curve represents the relationship 
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between the true positive rate (sensitivity) and false positive rate (1 − specificity) across 
different classification thresholds, providing a threshold-independent assessment of the ability 
of each model to distinguish between CVD and non-CVD cases. The Area Under the ROC 
Curve (AUC) was used as the primary measure of discrimination, with a higher AUC indicating 
stronger overall class-separation capability. The proposed XAI-CDSS achieved the highest 
AUC of 0.953, demonstrating superior discriminative performance among the evaluated 
models. In comparison, the DNN achieved an AUC of 0.937, followed by XGBoost with 
0.913, Random Forest with 0.892, and SVM with 0.874. XAI-CDSS therefore improved the 
AUC by 0.016 over DNN, 0.040 over XGBoost, 0.061 over Random Forest, and 0.079 over 
SVM. These comparative results indicate that integrating the complementary predictions of 
XGBoost and DNN through the proposed ensemble strategy provides stronger 
discrimination than the evaluated individual models. The ROC analysis complements the 
threshold-dependent classification metrics reported in the preceding sections by evaluating 
predictive discrimination across a range of decision thresholds. All evaluated models achieved 
AUC values substantially above the 0.500 chance level, while XAI-CDSS demonstrated the 
strongest overall discriminative capability. The comparative ROC curves and corresponding 
AUC values are presented in Figure 10. 

 
Figure 10. Comparative ROC Curve and AUC Analysis of XAI-CDSS and Baseline Models 
Comparison with State-of-the-Art Methods: 

The proposed XAI-CDSS was compared with existing machine learning and 
ensemble-based approaches for cardiovascular disease (CVD) prediction to evaluate its relative 
predictive performance. The selected studies employ different learning strategies, including 
XGBoost, optimized boosting models, soft-voting classifiers, and weighted ensemble 
methods, with several approaches incorporating SHAP and LIME for model interpretation. 
The proposed XAI-CDSS integrates XGBoost and DNN through weighted probability-level 
fusion and incorporates SHAP and LIME to provide global and patient-specific explanations. 
Table 5 presents the comparative results using accuracy (ACC), specificity (SP), sensitivity 
(SN), F1-score, Matthews correlation coefficient (MCC), and the area under the ROC curve 
(AUC). XAI-CDSS achieved an accuracy of 94.63%, specificity of 97.06%, sensitivity of 
92.23%, F1-score of 94.53%, MCC of approximately 0.895, and AUC of 0.953. These results 
demonstrate strong and balanced predictive performance across multiple evaluation measures. 
The comparison also highlights the integration of complementary ensemble learning and 
multi-level explainability within the proposed framework. However, direct numerical 
comparisons should be interpreted cautiously because the referenced studies differ in dataset 
characteristics, sample sizes, preprocessing procedures, validation protocols, and experimental 
settings. 

Table 5. Performance Comparison of the Proposed XAI-CDSS with Existing CVD 
Prediction Methods 

Studies Accuracy (%) 
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[26] 71.13 

[18] 88.00 

[21] 92.40 

[19] 93.00 

[20] 89.10 

[22] 93.00 

Proposed XAI-CDSS 94.63 

Discussion: 
The experimental results demonstrate that the proposed XAI-CDSS achieved strong 

predictive and discriminative performance for CVD risk prediction. On the independent test 
set, the framework obtained an accuracy of 94.63%, precision of 96.94%, sensitivity of 
92.23%, specificity of 97.06%, F1-score of 94.53%, MCC of 0.895, and AUC of 0.953. The 
confusion matrix showed 95 true positives, 99 true negatives, 3 false positives, and 8 false 
negatives. The higher specificity than sensitivity indicates stronger identification of non-CVD 
cases, whereas the false-negative cases highlight an important limitation because missed 
positive cases remain particularly relevant in clinical risk assessment. The observed 
performance can be interpreted in relation to the complementary learning characteristics of 
XGBoost and DNN. XGBoost is well suited to structured tabular data and can capture 
nonlinear feature interactions through gradient-boosted decision trees, whereas the DNN 
learns distributed nonlinear representations through successive hidden layers. Their 
probability-level integration allows both learners to contribute to the final prediction rather 
than relying exclusively on a single modeling paradigm. The comparative ROC analysis 
supports this complementarity: XAI-CDSS achieved an AUC of 0.953, compared with 0.937 
for DNN and 0.913 for XGBoost individually, as well as 0.892 for Random Forest and 0.874 
for SVM. These findings suggest that ensemble integration provided additional discriminative 
value in the present experimental setting. However, the improvement cannot be attributed 
solely to the ensemble architecture without further ablation, repeated cross-validation, and 
statistical significance testing. 

The findings also extend recent research on ensemble-based and explainable CVD 
prediction. [20] investigated interpretable machine-learning approaches with SHAP and 
LIME, while [21] combined ensemble learning with explainable AI for heart-disease 
prediction. [22] further demonstrated the integration of soft-voting classification with SHAP 
and LIME, and Hutagalung and Andrianingsih [23] explored optimized tree-based models 
with SHAP explanations. Hasnat et al. [24] investigated weighted ensemble learning with 
explainability on a larger cardiovascular dataset, whereas [26] demonstrated explainable 
XGBoost-based cardiovascular risk assessment in patients with Type 2 Diabetes Mellitus. 
XAI-CDSS follows this broader progression from individual predictive models toward 
ensemble and explainable systems, while specifically integrating XGBoost–DNN probability-
level ensemble learning with complementary SHAP and LIME explanations. Numerical 
comparisons across these studies should nevertheless be interpreted cautiously because their 
datasets, populations, preprocessing procedures, validation protocols, and evaluation metrics 
differ substantially. The explainability analysis provides an additional perspective beyond 
predictive performance. SHAP characterizes how individual features contribute to model 
outputs across the analyzed samples, enabling examination of overall feature-attribution 
patterns and the direction and magnitude of their contributions. Features such as chest pain 
type, cholesterol, resting blood pressure, and maximum heart rate showed notable 
contributions in the model’s explanations. These findings indicate which variables the trained 
model relied upon most strongly; however, high SHAP importance should not be interpreted 
as evidence of causal clinical importance. Correlated predictors may also influence attribution 
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patterns, and the resulting explanations remain dependent on the trained model and underlying 
dataset. 

LIME complements this global perspective by approximating model behavior within 
the local neighborhood of an individual prediction. Patient-specific explanations can therefore 
reveal which variables support or oppose a particular predicted CVD outcome. The 
complementary use of SHAP and LIME is important because agreement between global and 
local explanations is not guaranteed: a feature that is influential across the dataset may have 
limited influence for a particular patient, while another feature may strongly affect an 
individual prediction without being globally dominant. This distinction provides a more 
informative interpretation of model behavior than relying on a single feature-importance 
ranking. Nevertheless, SHAP and LIME remain post-hoc explanation methods; their outputs 
explain model behavior rather than clinical causality, and their stability, consistency, and 
clinical meaningfulness require further validation by healthcare professionals. 

Several limitations affect the interpretation of these findings. The study used a single 
benchmark dataset containing 1,025 records, and the independent test set originated from the 
same underlying dataset as the development data. Consequently, generalizability to different 
populations, institutions, and clinical environments has not yet been established. The current 
experiments also do not include external multicenter validation, prospective evaluation, formal 
calibration analysis, subgroup fairness assessment, or statistical significance testing of 
performance differences. Future studies should therefore evaluate XAI-CDSS on larger and 
geographically diverse external cohorts, examine calibration and subgroup performance, 
conduct repeated or nested cross-validation, statistically assess improvements over baseline 
models, and evaluate the stability and clinical relevance of SHAP and LIME explanations with 
domain experts. Such validation is necessary before the framework can be considered for real-
world clinical decision-support deployment. 
Conclusion: 

Cardiovascular disease risk prediction requires computational approaches that provide 
reliable predictive performance while maintaining sufficient transparency for clinical decision 
support. This study proposed XAI-CDSS, an explainable ensemble learning framework for 
cardiovascular disease risk prediction and clinical decision support. The framework integrates 
XGBoost and DNN as complementary predictive learners to capture structured feature 
interactions and complex nonlinear patterns in clinical data. A weighted probability-level 
fusion strategy combines the outputs of both learners to generate the final CVD risk 
prediction. The framework further incorporates SHAP and LIME to provide complementary 
levels of explainability. SHAP enables global analysis of feature contributions, whereas LIME 
provides patient-specific explanations for individual predictions. This integration establishes a 
unified framework that combines ensemble-based prediction with global and local 
interpretability. The experimental results demonstrate that XAI-CDSS achieved an accuracy 
of 94.63%, precision of 96.94%, sensitivity of 92.23%, specificity of 97.06%, F1-score of 
94.53%, MCC of 0.895, and AUC of 0.953 on the independent test set. The ROC comparison 
further showed stronger discriminative performance than the evaluated individual baseline 
models, supporting the potential benefit of complementary ensemble integration in the 
present experimental setting. However, the proposed framework was evaluated using a single 
benchmark dataset, which limits conclusions regarding generalizability across diverse 
populations and healthcare environments. Future research will focus on external and 
multicenter validation, larger and more diverse cohorts, model calibration, statistical 
significance analysis, subgroup evaluation, and prospective clinical assessment. Further 
evaluation of SHAP and LIME explanation stability and validation by clinical experts will also 
be necessary before considering XAI-CDSS for real-world clinical decision-support 
applications. 
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