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Abstract—Machine learning has demonstrated considerable 
potential for heart disease prediction; however, many predictive 
models operate as black-box systems, limiting their adoption 
in clinical environments. Healthcare professionals require trans-
parent and interpretable models that not only provide accurate 
predictions but also explain the factors contributing to cardiovas-
cular risk. This study presents an explainable machine learning 
framework for heart disease prediction based on feature anal-
ysis, correlation assessment, and model interpretability. Clinical 
attributes including age, chest pain type, cholesterol level, resting 
blood pressure, maximum heart rate, electrocardiographic re-
sults, and exercise-induced angina are analyzed to identify their 
influence on disease prediction. Logistic Regression coefficients, 
Decision Tree rules, and Random Forest feature importance 
scores are investigated to provide clinically meaningful expla-
nations. The results indicate that chest pain type, maximum 
heart rate, ST depression, and age are among the most influential 
predictors of heart disease. The proposed explainable framework 
enhances transparency and supports informed clinical decision-
making. 

Index Terms—Explainable Artificial Intelligence, Heart Disease 
Prediction, Feature Importance, Machine Learning, Clinical 
Decision Support, Risk Factor Analysis, Healthcare Analytics. 

 

I. INTRODUCTION 

Cardiovascular disease remains one of the leading causes 

of death worldwide and continues to impose a significant 

burden on healthcare systems. Early identification of individ-

uals at risk is essential for preventive healthcare and timely 

intervention. Machine learning has emerged as an effective 

tool for analyzing large-scale clinical datasets and predicting 

cardiovascular risk with high accuracy. 

Despite significant advancements in predictive modeling, 

many machine learning systems remain difficult to interpret. 

In healthcare environments, clinicians require transparency 

regarding why a prediction was made and which clinical 

variables influenced the outcome. Lack of interpretability often 

limits trust, adoption, and regulatory acceptance of artificial 

intelligence systems. 

Explainable Artificial Intelligence (XAI) aims to address 

these concerns by providing understandable explanations of 

model behavior. In cardiovascular disease prediction, explain-

ability can help physicians identify influential risk factors, 

validate model decisions, and improve clinical confidence. 

This study investigates the role of explainable machine 

learning in heart disease prediction through feature importance 

analysis, correlation assessment, and clinical interpretation of 

model outputs. The objective is not only to predict disease risk 

but also to understand the contribution of individual clinical 

variables to prediction outcomes. 

II. LITERATURE REVIEW 

Recent advances in machine learning have significantly 

improved the prediction and analysis of cardiovascular dis-

eases. Traditional classifiers such as Logistic Regression, 

Decision Tree, Random Forest, and Support Vector Machine 

have demonstrated promising performance in heart disease 

prediction using structured clinical datasets [1]–[3]. These 

studies indicate that machine learning can assist clinicians 

by identifying hidden relationships among medical attributes 

such as chest pain type, cholesterol level, blood pressure, age, 

maximum heart rate, and electrocardiographic results. 

However, prediction accuracy alone is not sufficient for 

clinical adoption. Healthcare practitioners require models that 

are interpretable, transparent, and clinically meaningful. Ahsan 

and Siddique [4] emphasized that explainability is one of 

the major challenges in applying machine learning to heart 

disease diagnosis. Similarly, Naser et al. [5] highlighted 

the importance of Explainable Artificial Intelligence (XAI), 

model transparency, and clinical validation in cardiovascular 

healthcare applications. Feature selection, correlation analysis, 

and feature importance ranking are therefore essential for 

identifying influential risk factors and improving trust in AI-

based decision-support systems. 

Recent research in intelligent systems also supports the 

need for secure, distributed, and explainable AI frameworks. 

Singh et al. [6] proposed a federated learning approach for 

information retrieval in robotic edge devices, demonstrating 

the relevance of decentralized learning in privacy-sensitive 

environments. Such methods are important for healthcare, 

where patient data are often distributed across hospitals and 

cannot always be centralized. Singh et al. [9] further explored 

adaptive task offloading in fog computing environments, which 

is relevant to real-time medical monitoring systems requiring 

low-latency computation near the data source. 

Data security and privacy are also important requirements 

for medical AI systems. Rakheja et al. [7] proposed a hybrid 

encryption and biometric authentication method for secure 

greyscale image transmission. Although their study focuses 
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on image security, the underlying principles are applicable 

to healthcare systems where sensitive diagnostic information 

must be transmitted securely. Similarly, Singh et al. [8] inves-

tigated ontology construction, semantic embeddings, and deep 

neural models for document retrieval, while Singh and Kumar 

[12] proposed hybrid semantic inference using ontology and 

deep embeddings. These semantic approaches are relevant to 

clinical decision-support systems because medical reasoning 

often requires structured knowledge representation and inter-

pretable relationships among symptoms, tests, and diagnoses. 

Explainable and hybrid machine learning approaches have 

also been studied in biomedical and assistive domains. Singh 

et al. [14] proposed a hybrid machine learning model for early 

detection and monitoring of Alzheimer’s disease using behav-

ioral and activity-based data. Their work supports the broader 

applicability of hybrid models in early disease prediction. 

Prasad et al. [10] presented real-time vision models for public 

safety and accessibility on low-resource devices, showing the 

importance of lightweight AI systems for deployment in con-

strained environments. Similarly, Sharma et al. [11] proposed 

a hybrid machine learning system for recognizing vehicle 

number plates in hazy environments, demonstrating robustness 

under noisy and uncertain conditions. These deployment-

focused studies are relevant to healthcare because heart disease 

prediction systems may also need to operate in rural, mobile, 

or low-resource clinical settings. 

Human-centered AI interfaces are another important area 

related to healthcare adoption. Jee et al. [16] studied advance-

ments in voice assistants using speech recognition and emo-

tional intelligence, while Singh et al. [17] discussed advanced 

AI and NLP techniques for improving voice assistant systems. 

Such technologies may support patient interaction, symptom 

reporting, and remote healthcare assistance. Kumar et al. 

[18] investigated action recognition approaches for accident 

detection in smart city transport systems, demonstrating real-

time event detection using machine learning. Vardhan et al. 

[19] explored AI-based algorithmic trading, and Singh et al. 

[15] analyzed automation in sales support and supply chain 

management. Although these works are not directly related 

to heart disease prediction, they illustrate how machine learn-

ing models are increasingly used for prediction, automation, 

pattern recognition, and decision support across domains. 

System usability and adoption are also important for AI-

enabled healthcare solutions. Kumari and Chaudhary [13] pro-

posed an integrated model of blended learning effectiveness, 

emphasizing structured integration and user-centered system 

evaluation. These principles are relevant to clinical AI systems 

because explainable prediction tools must be understandable, 

usable, and acceptable to healthcare professionals. 

Overall, existing literature confirms that machine learning 

has strong potential for heart disease prediction, but clinical 

adoption requires more than classification accuracy. Inter-

pretable feature analysis, transparent model reasoning, secure 

data handling, and practical deployment considerations are 

equally important. Therefore, this paper focuses on explainable 

insights for heart disease prediction by analyzing feature 

correlations, Logistic Regression coefficients, Decision Tree 

rules, and Random Forest feature importance scores. 

 

A. Research Gap and Novelty 

Although existing studies have achieved high prediction 

accuracy for heart disease diagnosis, most approaches focus 

primarily on classifier performance and provide limited expla-

nation regarding the influence of individual risk factors. Fur-

thermore, many advanced machine learning and deep learning 

models behave as black-box systems, making their adoption 

in clinical environments challenging. 

To address these limitations, this work proposes the Explain-

able Cardiovascular Risk Scoring Framework (ECRSF), which 

integrates correlation analysis, feature importance evaluation, 

and interpretable risk scoring. The framework not only predicts 

cardiovascular risk but also provides clinically meaningful 

explanations, enabling transparent and trustworthy decision 

support for healthcare professionals. 

 

III. DATA EXPLORATION AND FEATURE ENGINEERING 

 

A. Dataset Overview 

The dataset consists of structured clinical attributes com-

monly used for heart disease prediction. These features repre-

sent demographic, physiological, biochemical, and diagnostic 

characteristics of patients. 

 

TABLE I: Clinical Features Used in the Study 
 

Feature Description 
 

 

Age Age of patient 
Sex Gender 
CP Chest pain type 
Trestbps Resting blood pressure 
Chol Cholesterol level 
FBS Fasting blood sugar 
RestECG Resting ECG results 
Thalach Maximum heart rate achieved 
Exang Exercise-induced angina 
Oldpeak ST depression 
Slope ST segment slope 
CA Number of major vessels 
Thal Thalassemia category 
Target Heart disease status 

 
 

 

B. Statistical Analysis 

Statistical analysis was performed to understand the distri-

bution of clinical variables. Age, cholesterol, resting blood 

pressure, and maximum heart rate were examined as con-

tinuous variables, while chest pain type, ECG result, fasting 

blood sugar, and exercise-induced angina were analyzed as 

categorical variables. 

The class distribution is shown in Fig. 1. The dataset is 

relatively balanced, which reduces the possibility of severe 

model bias. 
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Fig. 1: Distribution of heart disease classes. 

 

C. Feature Correlation Analysis 

Correlation analysis was used to identify relationships 

among clinical variables and the target class. Strong corre-

lations help identify important predictors and reduce unneces-

sary feature complexity. 
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Fig. 3: Logistic Regression coefficient interpretation. 

 

B. Decision Tree Rules 

Decision Trees generate human-readable classification rules 

that can be interpreted by clinicians. These rules are useful 

because they describe prediction paths in a simple conditional 

format. 

IF ChestPainType > 2 AND MaxHeartRate < 150 

THEN HeartDisease = Positive. 
 

HR 
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IF ChestPainType ≤ 1 AND ExerciseAngina = No 

THEN HeartDisease = Negative. 

 

Fig. 2: Correlation heatmap of selected clinical features. 

 

D. Feature Engineering 

Feature engineering was applied to prepare the dataset for 

interpretable modeling. Categorical attributes were encoded 

into numerical form. Numerical variables were scaled where 

required. Redundant attributes were checked through corre-

lation analysis, while clinically meaningful attributes were 

retained to preserve interpretability. 

 

IV. EXPLAINABLE PREDICTION FRAMEWORK 

A. Logistic Regression Coefficients 

Logistic Regression provides direct interpretability through 

coefficient analysis. Positive coefficients indicate increased 

disease risk, while negative coefficients reduce the likelihood 

of disease occurrence. 

The logistic function is expressed as: 

1 

 
 
 
 
 
 

Fig. 4: Simplified Decision Tree rule visualization. 

 

C. Random Forest Feature Importance 

Random Forest computes feature importance based on im-

purity reduction across decision trees. It provides a useful 

global explanation of which variables contribute most to model 

decisions. 

Importance(Xj) = 
Σ 
∆It(Xj) (2) 

t=1 

where ∆It represents impurity reduction contributed by 

feature Xj in tree t. 

D. Proposed Explainable Cardiovascular Risk Scoring 

Framework (ECRSF) P (Y = 1) = −(β +
Σn  β X ) 

1 + e 0 i=1  i  i 
Most existing heart disease prediction systems focus pri- 

where βi represents the contribution of feature Xi. marily on maximizing classification accuracy. Although these 
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approaches provide strong predictive performance, they often 

lack transparency and fail to explain how individual clinical 

factors contribute to the prediction outcome. This limitation 

reduces clinician trust and restricts adoption in healthcare 

environments. 

To address this challenge, this work proposes an Explain-

able Cardiovascular Risk Scoring Framework (ECRSF), which 

combines statistical feature analysis with interpretable ma-

chine learning models to generate transparent cardiovascular 

risk assessments. 

The framework consists of five stages: 

1) Data Preprocessing 

• Missing value treatment 

• Feature normalization 

• Categorical encoding 

2) Correlation Analysis 

• Pearson correlation computation 

• Identification of highly relevant features 

• Removal of redundant variables 

3) Explainable Feature Evaluation 

healthcare professionals to understand the contribution of 

individual clinical attributes to cardiovascular risk. 

 

Algorithm 1 Explainable Cardiovascular Risk Scoring Frame-

work (ECRSF)  

1: Input Clinical Dataset D 
2: Preprocess dataset 

3: Normalize numerical features 

4: Encode categorical variables 

5: for each feature Fi do 

6: Compute correlation score Corri 
7: Compute Random Forest importance RFi 
8: Calculate feature weight: 

 

Wi = αCorri + (1 − α)RFi 

9: end for 

10: for each patient do 

11: Calculate risk score: 

Σ 

• Logistic Regression coefficient analysis 

• Random Forest feature importance extraction 

• Clinical relevance assessment 

4) Risk Score Generation 

• Weighted aggregation of influential features 

• Patient-specific cardiovascular risk computation 

5) Explainable Decision Layer 

• Risk categorization 

CRS = 

 
12: if CRS < 0.35 then 

13: Low Risk 

14: else if CRS < 0.65 then 

15: Medium Risk 

16: else 

17: High Risk 
18: end if 

 

i=1 

WiFi 

• Clinical interpretation generation 

• Feature contribution reporting 

The final cardiovascular risk score is computed as: 

CRS = 
Σ 

WiFi (3) 

i=1 

where 

• Fi represents the normalized feature value. 

• Wi denotes the importance weight assigned to feature i. 

The weights are derived from a combination of correlation 

strength and Random Forest importance: 

Wi = α × Corri + (1 − α) × RFi (4) 

19: Generate feature contribution explanation 

20: end for 

21: Return Risk Category and Explanation 
 

 

 

E. Clinical Interpretation 

 

The explainable framework combines statistical analysis and 

model-based interpretation. Logistic Regression coefficients 

provide direction of influence, Decision Trees provide rule-

based explanations, and Random Forest provides global feature 

ranking. Together, these methods improve the transparency of 

machine learning-based heart disease prediction. 

where 

• Corri is the correlation coefficient. 

• RFi is the Random Forest importance score. 

• α is a balancing parameter. 

Patients are categorized as: 

,
,
Low, CRS < 0.35 

 
 

 

V. RESULTS AND ANALYSIS 
 

 

A. Most Influential Risk Factors 

Risk = Medium,  0.35 ≤ CRS < 0.65 
,,

H ig h,  CRS ≥ 0.65 

(5) 
Random Forest feature importance scores were used to 

identify the most influential predictors of heart disease. Fig. 5 

Unlike traditional black-box systems, the proposed ECRSF 

framework provides both prediction and explanation, enabling 

shows that chest pain type, maximum heart rate, ST depres-

sion, and age have the strongest influence. 

n 
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D. Pairwise Feature Relationship Analysis 

Pairwise relationships among major clinical variables were 

examined to observe how high-risk and low-risk patients 

differ. Fig. 7 shows a simplified two-dimensional relationship 

between maximum heart rate and age. 

 

200 
 

 
150 

Fig. 5: Feature importance ranking using Random Forest. 

 

 

TABLE II: Top Ranked Risk Factors 
 

Risk Factor Importance Score 

Chest Pain Type 0.28 
Maximum Heart Rate 0.24 
Oldpeak 0.20 
Age 0.14 
Cholesterol 0.08 
Blood Pressure 0.06 

B. Correlation Heatmap Analysis 

The correlation heatmap indicates that chest pain type and 

maximum heart rate show strong relationships with the target 

class. Maximum heart rate has a negative relationship with 

disease occurrence, suggesting that lower maximum heart rate 

may be associated with higher cardiovascular risk. Chest pain 

100 

30 40 50 60 70 80 

Age 

Fig. 7: Pairwise relationship between age and maximum heart 

rate. 

 

E. Clinical Interpretation of Risk Factors 

 

TABLE III: Clinical Interpretation of Important Risk Factors 
 

Feature Clinical Interpretation 
 

 

Chest Pain Type Strong indicator of possible cardiac abnormal- 
ity. 

Maximum Heart Lower achieved heart rate may indicate re-
Rate  duced cardiac capacity. 
Oldpeak Higher ST depression may suggest exercise-

induced ischemia. 
Age Cardiovascular risk generally increases with 

type and ST depression show positive associations with heart 

disease presence. 
Cholesterol 

age. 
Elevated cholesterol contributes to arterial 
plaque formation. 

 

C. Patient Risk Stratification 

Patients were grouped into low, medium, and high-risk 

categories based on predicted risk scores and important clin-

ical attributes. This stratification can help clinicians prioritize 

patients for further diagnosis. 
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Fig. 6: Patient risk stratification based on explainable risk 

scores. 

Blood Pressure High pressure increases cardiovascular work- 
load. 

 
 

 

F. Explainability Discussion 

Feature importance analysis revealed that chest pain type, 

maximum heart rate, ST depression, and age are the most 

influential predictors of heart disease. Correlation analysis 

further confirmed strong associations between these variables 

and cardiovascular outcomes. 

The explainable framework provides transparent reason-

ing for predictions, enabling clinicians to understand model 

behavior and validate decisions. Logistic Regression offers 

coefficient-level explanation, Decision Tree provides rule-

based interpretation, and Random Forest supplies robust global 

feature importance. Such interpretability is essential for clini-

cal deployment, regulatory compliance, and physician trust. 

VI. CONCLUSION 

This study presented an explainable machine learning 

framework for heart disease prediction based on feature im-

portance analysis, correlation assessment, and clinical inter-

pretation. The results identified chest pain type, maximum 
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heart rate, ST depression, and age as the most influential 

cardiovascular risk factors. 

Unlike traditional black-box prediction systems, the pro-

posed approach provides interpretable insights that support 

clinical decision-making. Future work will investigate SHAP-

based explanations, real-time clinical validation, and integra-

tion with electronic health record systems to further enhance 

healthcare transparency and usability. 
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