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One of the critical issues in medical data analysis is accurately predicting a patient’s risk of heart 
disease, which is vital for early intervention and reducing mortality rates. Early detection allows 
for timely treatment and continuous monitoring by healthcare providers, which is essential but 
often limited by the inability of medical professionals to provide constant patient supervision. Early 
detection of cardiac problems and continuous patient monitoring by physicians can help reduce 
death rates. Doctors cannot constantly have contact with patients, and heart disease detection is not 
always accurate. By offering a more solid foundation for prediction and decision-making based on 
data provided by healthcare sectors worldwide, machine learning (ML) could help physicians with the 
prediction and detection of HD. This study aims to use different feature selection strategies to produce 
an accurate ML algorithm for early heart disease prediction. We have chosen features using chi-square, 
ANOVA, and mutual information methods. The three feature groups chosen were SF-1, SF-2, and SF-3. 
The study employed ten machine learning algorithms to determine the most accurate technique and 
feature subset fit. The classification algorithms used include support vector machines (SVM), XGBoost, 
bagging, decision trees (DT), and random forests (RF). We evaluated the proposed heart disease 
prediction technique using a private dataset, a public dataset, and different cross-validation methods. 
We used the Synthetic Minority Oversampling Technique (SMOTE) to eliminate inconsistent data and 
discover the machine learning algorithm that achieves the most accurate heart disease predictions. 
Healthcare providers might identify early-stage heart disease quickly and cheaply with the proposed 
method. We have used the most effective ML algorithm to create a mobile app that instantly predicts 
heart disease based on the input symptoms. The experimental results demonstrated that the XGBoost 
algorithm performed optimally when applied to the combined datasets and the SF-2 feature subset. It 
had 97.57% accuracy, 96.61% sensitivity, 90.48% specificity, 95.00% precision, a 92.68% F1 score, and 
a 98% AUC. We have developed an explainable AI method based on SHAP approaches to understand 
how the system makes its final predictions.
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Globally, heart diseases consistently rank as the leading cause of death1. Heart disease and stroke account for 
17.5 million annual deaths worldwide, according to the World Health Organization’s report. More than 75% of 
deaths caused by heart diseases occur mostly in countries with middle- and low-income populations. In addition, 
heart attacks and strokes are responsible for 80% of all fatalities caused by CVDs2. Observing the patient’s 
symptoms and conducting a physical examination often leads to the diagnosis of heart disease. Smoking, age, 
a family history of heart disease, high cholesterol levels, inactivity, high blood pressure, obesity, diabetes, and 
stress are some risk factors for cardiovascular disease3. Lifestyle modifications, such as quitting smoking, losing 
weight, exercising, and managing stress, may help to reduce some of these risk factors. We diagnose heart disease 
using medical history, physical examination, and imaging tests such as electrocardiograms, echocardiograms, 
cardiac MRIs, and blood tests. Lifestyle adjustments, drugs, medical treatments like angioplasty, coronary artery 
bypass surgery, or implanted devices like pacemakers or defibrillators can treat heart disease4. It is now possible 
to construct prediction models for heart disease with the assistance of the vast amounts of patient data that are 
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easily accessible as a result of the growing number of recent healthcare systems. Machine learning is considered 
a data-sorting approach that analyzes large datasets from various viewpoints and then transforms the results into 
tangible knowledge5.

Several studies have utilized ML algorithms like SVM, artificial neural networks (ANN), DT, LR, and RF 
to analyze medical data and predict heart diseases. A recent study by6used ML models to predict the risk of 
cardiac disease in a multi-ethnic population. The authors utilized a large dataset of electronic health record 
data and linked it with socio-demographic information to stratify CVD risks. The models achieved high 
accuracy in predicting CVD risk in the multi-ethnic population. Similarly, another study by7applied a deep 
learning (DL) algorithm to predict coronary artery disease (CAD). The researchers utilized clinical data and 
coronary computed tomography angiography (CCTA) images to train the DL model. A study by8used different 
ML models to predict CVD based on clinical data. The models used by the researchers included DTs, K-nearest 
neighbor (KNN), and RFs. Using these models, the authors reported high accuracy in predicting CVD. Similarly, 
in a study by9, ML techniques were used to determine what factors contribute to heart disease risk. The authors 
utilized the National Health and Nutrition Examination Survey (NHANES) data to determine risk factors 
related to coronary heart disease. Another research study10 examined the effectiveness of various machine 
learning algorithms in predicting heart diseases. The authors reported that the models achieved high accuracy 
in predicting heart diseases.

Many researchers use ML classification techniques to predict heart disease. The ML classifiers used in this 
work have shown promising results in detecting the risk of CVD11–23. The LR, RF, and KNN algorithms have 
shown high accuracy in classifying the risk of CVD. Ensemble learning techniques, such as bagging, AdaBoost, 
and voting, have improved the classification accuracy compared to single classifiers. Employing several ML 
classifiers can enhance the accuracy of CVD risk prediction. We can conduct further research in this area to 
improve CVD forecasting and diagnosis. ML is a powerful tool for HD prediction. It has the potential to improve 
patient outcomes by allowing for early detection and personalized treatment. This part starts with a comparison 
of ten machine learning classifiers for predicting heart disease. The classifiers are Naive Bayes, SVM, voting, 
XGBoost, AdaBoost, bagging, KNN, DT, RF, and LR (see Table 1). The results indicated that ML classifiers could 
improve heart disease prediction accuracy, with the highest achieved being 97% by28using AdaBoost, DT, RF, 
KNN, and LR on the UCI dataset. Several studies utilized the Cleveland heart disease dataset (CHDD), with 
accuracies ranging from 77%32to 92%30 using various ML algorithms such as AdaBoost, DT, RF, KNN, LR, SVM, 
and Naive Bayes. Hence, ML classifiers could improve the certainty of heart disease forecasting, enabling early 
detection and personalized treatment. Nonetheless, more investigation is essential to validate these classifiers’ 
accuracy using larger datasets and increase the generalizability and reproducibility of the results.

The objective of the study is to provide an ML approach for heart disease prediction. We evaluated ML 
algorithms on large, open-access heart disease prediction datasets. This study aims to construct an innovative 
machine learning technique that is capable of properly classifying several high-definition datasets and then 
evaluate its performance in comparison to that of other first-rate models. One of the key contributions to this 
research is the use of a private HD dataset. Egyptian specialized hospitals voluntarily provided 200 data samples 
between 2022 and 2024. We were able to collect approximately 13 features from these participants. This work 
deals with the immediate requirement for early HD prediction in Egypt and Saudi Arabia, where the HD rate 

Year Authors Datasets used
Algorithms used
(ML classifiers) No. of classifiers

Accuracy 
obtained

2021 Liu et al.
24 UCI heart disease LR, RF, KNN, SVM, Naive Bayes 5 93%

2020 Hussein et al.
25 Cleveland heart disease LR, KNN, DT 4 84%

2020 Akbar et al.
26 Cleveland heart disease RF, SVM, Naive Bayes 3 87%

2019 Zarshenas et al.
27 Cleveland heart disease XGBoost, DT, SVM, Naive Bayes 4 91%

2019 Kaur and Singh
28 UCI heart disease AdaBoost, DT, KNN, RF, LR 5 97%

2018 Li et al.
29 Cleveland heart disease Voting, Bagging, RF, SVM, Naive Bayes 5 90%

2018 Zhang et al.
30 Cleveland heart disease AdaBoost, DT, RF, KNN, LR, SVM, Naive 

Bayes 7 92%

2017 Wu et al.
31 Cleveland heart disease RF, SVM, Naive Bayes 3 87%

2016 Ahmed et al.
32 Cleveland heart disease LR, KNN, DT 3 77%

2007 Chen et al.
33 Cleveland heart disease LR, KNN, DT 3 85%

2023 Chintan M. B. et al.36 real-world dataset. DT, XGBoost, RF, multilayer
perceptron 4 86.87%

2023 Proposed technique Cleveland heart disease, and 
private datasets

Naive Bayes, SVM, Voting, XGBoost, 
AdaBoost, Bagging, DT, KNN, RF, LR 10 97.57%

Table 1.  Comparative study of using ML classifiers to predict heart diseases.
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is rapidly increasing. The authors evaluated the proposed model’s performance by applying ML classification 
algorithms to a combined dataset consisting of both CHDD and private datasets. Using a combined dataset, 
this approach accurately predicts HD. It is a new method compared to earlier studies. The research’s stated goal 
was to predict HD using the combined datasets and the SF-2 feature subset. The following rates were achieved: 
97.57% for accuracy, 96.61% for sensitivity, 90.48% for specificity, 95.00% for precision, 92.68% for F1 score, 
and 98% for AUC. To understand how the system predicts its outcomes, an explainable artificial intelligence 
approach utilizing SHAP methodologies has been developed. The use of SMOTE to increase the overall number 
of balanced cases in the dataset is of additional importance to this study. The proposed technique is trained on 
a balanced dataset using SMOTE to increase the performance of heart disease prediction. The ML techniques 
applied in this article were additionally optimized with hyperparameters. We have tuned the hyperparameters 
for all the ML classifiers. The proposed method got 97.57% accuracy rates with hyperparameters that were 
optimized when the combined datasets and the SF-2 feature subset were used. Additionally, to identify the 
classifier that achieves the most accurate HD prediction rate, the study assessed 10 distinct ML classification 
algorithms. The XGBoost technique was identified as a highly accurate classifier to predict HD after assessing 
the performance of ten algorithms. The proposed app’s capacity for adaptability is shown by applying a domain 
adaptation method. This shows the ability of the proposed approach to be implemented in various environments 
and communities, in addition to the initial datasets used in this article.

The proposed study offers several unique contributions that significantly enhance its novelty and relevance in 
the heart disease prediction field, including:

	1.	� Comprehensive Feature Selection Methodology: Our research introduces a comprehensive feature selection 
process using three distinct methods: chi-square, analysis of variance (ANOVA), and mutual information 
(MI). Unlike prior studies that may rely on a single or less systematic approach, we rigorously evaluated 
the importance of each feature through these methods, resulting in three specialized feature subsets (SF-1, 
SF-2, SF-3). This methodological approach guarantees the inclusion of only the most relevant and impactful 
features in the predictive model, thereby enhancing its accuracy and efficiency.

	2.	� Evaluation Across Multiple ML Classifiers: We conducted an extensive comparative analysis of ten different 
ML classifiers, including state-of-the-art algorithms like XGBoost, AdaBoost, and ensemble methods. We 
identified the optimal classifier-feature combination, a topic not commonly addressed in existing literature, 
through a broad evaluation across various algorithms and the use of selected feature subsets. We demon-
strated the superior performance of the XGBoost classifier with the SF-2 feature subset, highlighting the 
significance of our feature selection strategy.

	3.	� Utilization of a Private Health Dataset: In addition to using a publicly available dataset, we employed a private 
health dataset that has not been explored in previous research. This inclusion of a novel dataset adds a layer of 
originality to our study, as it allows us to validate the model’s robustness and generalizability across different 
data sources. This dataset’s results offer fresh perspectives on heart disease prediction, especially in areas 
where comparable data has not undergone extensive analysis.

	4.	� We implemented the Synthetic Minority Oversampling Technique (SMOTE) to address the issue of unbal-
anced data, which is often a challenge in medical datasets. By ensuring balanced training data, our study 
improves the reliability and accuracy of the predictive models, particularly in detecting early-stage heart 
disease. This step is crucial for enhancing the practical applicability of the model in real-world scenarios, 
where data imbalance is common.

	5.	� Development of an Explainable AI Approach: To our knowledge, the integration of SHAP (Shapley Additive 
Explanations) methodologies to provide an explainable AI framework in the context of heart disease pre-
diction is a novel contribution. This approach not only enhances the model’s trustworthiness by providing 
transparency into the prediction process, but also assists healthcare professionals in comprehending the 
underlying factors that influence the diagnosis.

	6.	� Practical Application Through a Mobile App: Finally, the development of a mobile application based on the 
best-performing ML model marks a significant step towards practical, real-world implementation. This app 
enables users to input symptoms and quickly receive a heart disease prediction, offering a user-friendly, 
cost-effective tool for early detection. The translation of our research findings into a tangible product un-
derscores the novelty of our study by bridging the gap between theoretical research and practical healthcare 
solutions.

Methods
Figure 1 shows the proposed system’s sequences for predicting heart diseases. We first gathered and preprocessed 
the dataset to remove any necessary inconsistencies, such as replacing null occurrences with average values. We 
divided the dataset into two distinct groups, named the test dataset and the training dataset, respectively. Next, 
we implemented several distinct classification algorithms to determine which one achieved the highest accuracy 
for these datasets.

The proposed methodology
This study investigates ML techniques such as Naive Bayes, SVM, voting, XGBoost, AdaBoost, bagging, DT, KNN, 
RF, and LR classifiers. These algorithms can aid doctors and data analysts in making correct diagnoses of cardiac 
disease. This article incorporates recent data on cardiovascular illness, as well as relevant journals, research, and 
publications. The methodology, as in1, provides a framework for the suggested model. The methodology is a set 
of steps that transform raw data into consumable and identifiable data patterns. The proposed approach consists 
of three stages: the first stage is data collection; the second stage extracts specific feature values; and the third 
stage is data exploration, as shown in Fig. 1. Depending on the procedures employed, data preprocessing deals 
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with the missing values, cleansing of the data, and normalization2. We then classified the pre-processed data 
using the ten classifiers (A1, A2,., A10). Finally, after putting the suggested model into practice, we evaluated its 
performance and accuracy using a range of performance measures. This model developed a Reliable Prediction 
System for Heart Disease (RPSHD) using a variety of classifiers. This model uses 13 medical factors for prediction, 
among which are age, sex, cholesterol, blood pressure, and electrocardiography3.

Datasets and dataset features
This research employs both the CHDD and a private dataset for heart disease prediction. The CHDD dataset has 
303 samples, while the private dataset has 200, and they have the same features. The combined dataset contains 
503 records, and 13 features are associated with each one (including demographic, clinical, and laboratory 
parameters). The datasets have many features that can be used for heart disease prediction including age, gender, 
blood pressure, cholesterol levels, electrocardiogram readings-ECG, chest pain, exercise-induced angina, blood sugar 
with fasting condition, max heart rate achieved, oldpeak, coronary artery, thalassemia, and other clinical and 
laboratory measurements, as shown in Table 2. The outcome variable known as “Target” takes a binary value and 
refers to the heart disease predicting feature (i.e., it indicates whether or not cardiac disease is present).

Figure 2 shows the percentage distribution of individuals with heart disease in the combined datasets. A 
total of 503 samples have been gathered, and 45.9% of those have been diagnosed with HD, while the remaining 
54.1% of individuals have not been infected with the disease.

Boxplots are an effective visualization technique for understanding the distribution of data and identifying 
potential outliers. By applying boxplots to a dataset related to HD, one can get insights into the distribution of a 
variety of HD-related features or variables. The HD dataset’s boxplots are illustrated in Fig. 3. Boxplots are used 

Feature
no. Feature name

Feature
code Description Values type

1 Age AGE Age of patient Number of years

2 Gender GEN Patient sex Female = 0, male = 1

3 Chol CHOL Evaluation of a patient’s cholesterol levels mg/dl

4 Trestbps BRP Blood resting pressure Mm

5 CP CPT Chest pain types Typical angina = 1, atypical angina = 2, nonanginal pain = 3, asymptomatic = 4

6 Fbs FBS Blood sugar in fasting case < or > 120 mg/dl
(true = 1, false = 0)

7 Thalach MHR Maximum rate achieved on heart Continuous

8 RestEcg REC Electrocardiograph by resting 0 = no abnormalities, 1 = normal, 2 = left ventricular hypertrophy (possible 
or certain)

9 Oldpeak OP ST depression when compared to rest taken 
quantity Continuous

10 Exang EIA Angina caused by exercise 1 = there is pain, 0 = there is no pain

11 Ca CMV Count of main vessels colored by fluoroscopy 0–3

12 Slope PES Peak exercise ST segment slope Up sloping = 0, flat = 1, down = 2

13 Thal TS Thallium stress Negative = 0, positive = 1, inconclusive = 2

14 Target target variable representing diagnosis of heart 
disease using the angiographic disease status.

0 = no heart disease (< 50% diameter narrowing)
1 = heart disease (> 50% diameter narrowing)

Table 2.  The used features from the CHDD.

 

Fig. 1.  The proposed approach sequences for heart disease prediction.
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to illustrate the distribution of scores for HD detection in this figure. Every graph we obtained had an anomaly. 
Removing them will cause the median of the data to drop, which might make it harder to detect HD accurately. 
On the other hand, this method offers more benefits than the others; by identifying heart disease infection at an 
early stage, when medical care is most beneficial, this diagnostic could preserve lives.

Dataset preparation
In this research, preprocessing was performed on collected data. The CHDD has four inaccurate CMV records 
and two erroneous TS entries. Incorrect data is updated to reflect the best possible values for all fields. Then, 
StandardScaler is employed to normalize all the features to the relevant coefficient, ensuring each feature has 
a zero mean and one variance. By considering the patient’s history of cardiac problems and following other 
medical concerns, an organized and composed augmented dataset was chosen.

The dataset studied in this research is a combination of accessible public WBCD and chosen private datasets. 
Partitioning the two datasets in this way allows us to use the holdout validation method. In this study, 25% of 
the data is in the test dataset, compared to 75% in the training dataset. The mutual information method is used 
in this research to measure the interdependence of variables. Larger numbers indicate greater dependency and 
information gathering.

The importance of features provides valuable insights into the relevance and predictive power of each feature 
in a dataset. Using this reciprocal information technique, the thalach feature is given the highest value of 13.65%, 
while the fbs feature is given the lowest importance of 1.91%, as illustrated in Fig. 4.

Feature selection
In this research, we perform feature selection and classification using the Scikit-learnmodule of Python20. Initially, 
the processed dataset was analyzed using several different ML classifiers, including RF, LR, KNN, bagging, DT, 
AdaBoost, XGBoost, SVM, voting, and Naive Bayes, which were evaluated for their overall accuracy. In the 
second step, we used the Seaborn libraries from Python to create heat maps of correlation matrices and other 

Fig. 3.  Boxplots of the combined heart disease dataset.

 

Fig. 2.  The percentage distribution of heart disease in the Combined dataset.
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visualizations of correlations between different sets of data. Thirdly, a wide variety of feature selection methods 
(FSM) such as analysis of variance (ANOVA), chi-square, and mutual information (MI) were applied. These 
strategies are explained in Table 3 and are indicated by the acronyms FSM1, FSM2, and FSM3, respectively. 
Finally, the performance of several algorithms was compared for the identified features. The validity of the 
analysis was demonstrated using accuracy, specificity, precision, sensitivity, and F1 score. The StandardScaler 
method was used to standardize every feature before it passed into the algorithms.

The outcome of different feature selection methods
The F value for each pair of features is determined by using the ANOVA F value technique and the feature 
weights. Table  4(a) presents the findings of the ANOVA F test. The EIA, CPT, and OP features provide the 
most importance to the score, while the RES, CM, and FBS features contribute the least. Chi-square is another 
approach that determines the degree to which every feature relates to the target. Table 4(b) shows the chi-square 
outcomes. In this method, the first three features that are the most significant are MHR, OP, and CMV, whereas 
TS, REC, and FBS, respectively, are the least important ones. The MI technique is utilized in FSM3. To evaluate 
the degree of mutual dependency between features, this approach calculates the mutual information between 
them. A score of 0 indicates complete independence between the two features under consideration; a larger 
number indicates a greater dependence. The MI score results are shown in Table 4(c). CPT, TS, and CMV are the 
three features that are most dependent on each other in this case, whereas FBS and REC are the features that are 
independent of each other. Table 4 illustrates important factors that can be utilized for predicting the probability 
of having heart disease. Furthermore, REC, FBS, RBP, and CM all have lower total scores across all three FSMs. 
Because of all these features, three distinct groups are chosen to be included depending on their score. SF-1, 
SF-2, and SF-3 were the abbreviations that were given to each of the three different sets of features, respectively. 
Table 5 shows these feature sets that were selected for additional investigation.

Based on the research’s assessment of performance criteria (see Table 6), we chose the XGBoost classifier with 
SMOTE using the combined datasets and SF-2 feature subset. We will embed the most accurate technique in 
a mobile app and deploy the model using a variety of integrated development environments (IDEs), including 
Android Studio 14.0, Python 3.10, Spyder, Java 11, and Pickle 526.

Univariate selection 
algorithm Code Description Formula used

ANOVA F value FSM1
The ANOVA test is a method of enhancing classification accuracy through the reduction of high-
dimensional data, the identification of relevant features using feature space, and the measurement 
of similarity between features.

F = 
∑ i

j=1Nj(xj−x )
2
/ (j− 1)(∑ i

j=1

(
(Nj−1 )

S2
j/ (N− 1)

))

Chi-square FSM2 To determine which of several nonnegative features is most valuable, a chi-squared score must be 
computed. It represents the difference between the observed and expected values. X2 =

∑ (oj− ej)
ei

Mutual information FSM3 Mutual information is a measurement of the relationship between features. I (X;Y) = H(Y) – H
(
Y
X

)

Table 3.  The methods used to select features.

 

Fig. 4.  The importance of the heart disease dataset features.
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The use of SMOTE and SHAP methods
To overcome the problem of imbalanced datasets, ML prediction applications employ the strong Synthetic 
Minority Oversampling Technique (SMOTE). This technique plays an important role in various applications.

	1.	� Balancing class distribution: In many prediction tasks, such as medical diagnosis and prediction, the da-
taset is often imbalanced. This implies that a particular class, typically the one of interest, has a lower rep-
resentation than the other class. SMOTE interpolates minority class examples to create synthetic minority 
class samples. This balanced class distribution ensures the prediction model gets enough minority class ex-
amples to learn from.

	2.	� Improving predictive accuracy: In predictive modeling, an imbalanced dataset can cause the model to be 
biased towards the majority class, leading to poor performance in predicting the minority class. Accurate 
prediction of the minority class poses a significant challenge. Applying SMOTE trains the model on a more 
balanced dataset, improving accuracy and predictive performance, particularly for the minority class. This is 
critical in applications where missing the minority class (e.g., disease cases) can have significant consequenc-
es.

	3.	� Enhancing recall and precision: Predictive models trained on imbalanced datasets often exhibit high pre-
cision for the majority class but low recall for the minority class. This means they miss a large portion of the 
minority class instances, even if the ones they do identify are accurate. SMOTE helps improve recall without 
sacrificing precision, leading to a more balanced and effective model. In practical terms, this means the mod-
el is better at identifying all relevant cases, not just a select few.

	4.	� Reducing model bias: In prediction applications, a biased model can result in unfair outcomes, especially 
when the minority class is underrepresented. By exposing the model to a sufficient number of minority class 
examples during training, SMOTE mitigates this bias. This helps create a more equitable model that makes 
fairer predictions across all classes.

	5.	� Improving generalization: Models trained on imbalanced data may perform well on the majority class dur-
ing training, but they fail to generalize well to new, unseen data, particularly for the minority class. By using 
SMOTE to create a balanced training set, the model is better equipped to generalize its predictions to new 
data, leading to more reliable and consistent performance in real-world applications.

	6.	� Enhancing robustness in deployment: In deployed machine learning applications, robustness is key. Pre-
dictive models often face real-world data that is skewed or imbalanced. SMOTE helps create a more robust 
model that can handle such data more effectively, reducing the risk of failure in production environments. 
This is crucial for applications like predictive maintenance, where identifying rare but critical failures can 
prevent costly downtime.

Feature groups Selected features

SF-1 AGE, GEN, CHOL, BRP, CPT, FBS, MHR, REC, OP, EIA, CMV, PES, TS

SF-2 AGE, GEN, CHOL, CPT, MHR, OP, EIA, CMV, PES, TS

SF-3 AGE, GEN, CPT, MHR, OP, EIA, CMV, PES, TS

Table 5.  Three distinct feature groups (SF-1, SF-2, and SF-3).

 

Feature No
Feature
Code

(a) Score 
using FSM1

(b) Score 
using FSM2

(c) Score 
using FSM3

Score Order Score Order Score Order

1 AGE 17.12 9 24.29 7 1.01 11

2 GEN 26.79 8 8.58 10 1.05 9

3 CHOL 3.20 12 24.94 6 1.08 7

4 BRP 7.46 10 15.82 8 1.03 10

5 CPT 70.77 2 63.60 4 1.17 1

6 FBS 1.24 13 1.20 13 1.00 12

7 MHR 66.12 4 189.32 1 1.10 5

8 REC 6.78 11 3.98 12 1.00 13

9 OP 69.55 3 73.64 2 1.09 6

10 EIA 71.95 1 39.91 5 1.10 4

11 CMV 65.05 5 71.89 3 1.11 3

12 PES 41.90 6 10.80 9 1.08 8

13 TS 32.80 7 6.90 11 1.14 2

Table 4.  Feature score using FSM1, FSM2, and FSM3.
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On the other hand, SHAP (Shapley Additive Explanations) is a powerful tool in ML that helps to interpret 
and explain the predictions made by complex models. The following are the benefits that SHAP offers in ML 
applications:

	1.	� Enhanced Transparency: SHAP makes black-box models more transparent, fostering trust among users and 
stakeholders. This is especially crucial in industries like finance, healthcare, and legal, where understanding 
model decisions is essential.

	2.	� Regulatory Compliance: Many industries are subject to regulations that require model decisions to be ex-
plainable. SHAP ensures compliance by providing clear, understandable explanations for each decision, fa-
cilitating documentation, and sharing with regulators.

	3.	� Improved user trust and adoption: When end-users understand why a model is making certain predictions, 
they are more likely to trust and adopt the technology. User interfaces can incorporate SHAP explanations to 
improve the user friendliness of AI-powered applications.

	4.	� Actionable Insights: SHAP doesn’t just explain predictions; it also provides actionable insights. For example, 
in prediction models, SHAP can identify key factors for effective features, allowing doctors to take proactive 
steps to detect disease.

	5.	� Facilitates Collaboration: SHAP explanations can bridge the gap between data scientists and non-technical 
stakeholders, facilitating better communication and collaboration. By providing a common understanding 
of model behavior, teams can work more effectively together.

Experimental results and analysis
We use Jupyter Notebook 7 to predict heart diseases from a dataset. It simplifies the visualization of different 
data relationship graphs in the dataset and facilitates document creation, including live coding. The first step of 
this research involves cleaning the CHDD using Python’s Pandas and NumPy libraries (version 24.2.0). Next, 
the StandardScaler method from Python’s Scikit-learnmodule preprocesses the dataset34. The second step of the 
process calculates the importance of each feature using a feature selection approach, generating three sets of 
features (SF). Thirdly, we separated the dataset into training and testing sets. We use 75% of the data for training 
and the remaining 25% for testing. Finally, we trained ten distinct ML algorithms using this 75% of test data. We 
selected the method with the best performance to predict heart disease35.

Performance evaluation
In this subsection, the authors evaluate and explain the proposed system’s performance. The authors presented 
various algorithms and their comparative performances using evaluation metrics such as accuracy, sensitivity, 
specificity, and F1-score. We evaluated these performance measures using true positive (TP), true negative (TN), 
false positive (FP), and false negative (FN) data. The next subsection focuses on these measurements. After this 
evaluation, we provided the algorithm that produced the best results. Figure 5 illustrates the use of the confusion 
matrix in assessing the performance of a classification model.

Figure 5 illustrates the predicted values of TP, FP, TN, and FN for the XGBoost classifier using SMOTE. Each 
element in this confusion matrix represents the number of cases for both the actual classes and the predicted 
classes that have a particular set of labels. As an illustration, the matrix has a total of 63 cases (TP) of heart 
disease classifications, 3 cases (FP) of diagnosis classified as “heart disease”, 4 cases (FN) of diagnosis classed as 
“no heart disease”, and 66 cases (TN) of distinct “heart disease” classifications.

Figure 6 presents the correlation between the important features of SF-2 using SMOTE. The y-axis values 
include thalach, chol, sex, age, slope, exang, oldpeak, ca., cp., and thal. Positive or negative correlation coefficients 
show a significant relationship between the two variables, whereas − 1 and 1 indicate no association. It is essential 
to keep in mind that the only thing that can be detected via the use of correlation is the linear link that exists 
between the variables. The prediction for the patient is correlated with each of those variables at a level of at least 
70% correlation.

Figures 7 and 8 show the scatter and density plots among the four selected features in the SF-2 dataset. These 
scatter and density graphs are beneficial for exploring the relationships and distributions of variables in the HD 
dataset. They can provide insights into correlation, concentration, outliers, and patterns that may exist among 
the four variables (exang, cp., ca., and thal).

•	 Accuracy: The proposed model’s accuracy was developed to determine what percentage of samples has been 
accurately classified. Accuracy is computed using the formula given in (Eq. 1), which is based on the confu-
sion matrices:
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Accuracy =

TP + TN

TP + TN + FP + FN
� (1)

•	 Sensitivity (or recall): Sensitivity measures the rate of truly positive results and implies that all values should 
be evaluated positively. Additionally, sensitivity is calculated as “the proportion of correctly detected positive 
samples”. Sensitivity is determined by the following formula:

	
Sensitivity =

TP

TP + FN
� (2)

•	 Specificity: It predicts that all values will be negative and is determined by calculating the fraction of real neg-
ative situations. Specificity is determined mathematically by.

	
Specificity = 1−

(
FP

FP + TN

)
� (3)

Fig. 6.  Correlation between features of SF-2 using SMOTE.

 

Fig. 5.  Confusion matrix of the HD dataset using XGBoost and SMOTE.
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•	 Precision: It determines classifier accuracy and may be calculated from the information given. This is present-
ed by comparing real TP versus predicted TP. The formula in (Eq. 4) shows how the accuracy measure verifies 
the proposed method’s behavior:

	
Precision =

TP

TP + FP
� (4)

•	 F-measure: It is a statistical measure that is employed in the process of evaluating the efficacy of a classification 
model. It does this by determining the harmonic mean of the accuracy and recall measurements, giving each 
of these metrics an equal amount of weight. It enables the performance of a model to be described and com-

Fig. 8.  Density plot among the first four important features in the SF-2.

 

Fig. 7.  Scatter plot among four selected features in the SF-2.
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pared using a single score that takes into consideration both the recall and precision of the model’s predictions 
and is calculated using the following formula:

	
F − measure =

2* (precision* recall )
precision + recall

� (5)

The performance of a classifier has been represented and evaluated with the use of a confusion matrix, as shown 
in Fig. 5. TP measures how many individuals are accurately classified into the sick positive class. The percentage 
of healthy people who are appropriately labeled as being in the negative class is known as TN. The number of 
times that healthy persons were incorrectly diagnosed as being sick is referred to as the FP. When the number of 
healthy persons is mistakenly predicted, this is known as FN. A comparison of the various performance indicators 
across 10 ML algorithms is presented in Table 6. These AI classifiers were applied to the combined dataset that 
contained SF-1, SF-2, and SF-3 feature subsets. Based on its accuracy of 97.75%, sensitivity of 96.61%, specificity 
of 90.48%, precision of 95.00%, and F1 score of 92.68% for the SF-2 feature group (see Table 6), the XGBoost 
classifier had the best overall performance.

Experimental evaluation of system performance
Table 6 displays the accuracy of each technique and the processed dataset that underwent analysis using those 
algorithms. In terms of accuracy for each technique, A4’s accuracy calculation for SF-2 was the most accurate 
(97.57%), followed by its accuracy calculations for SF-1 and SF-3 (93.17% and 94.19%), respectively. A9 computed 
an accuracy of 93.07% over all three SFs, putting it in second place. On the other hand, A5 determined that 
SF-1 and SF-3 had a low accuracy of 85.15% among all classifiers. A3 and A10 likewise provided a low level of 
accuracy for SF-2 and SF-3, coming in at 86.14% and 86.12%, respectively. The other methods have an accuracy 
between 87.13% and 90.00%. Furthermore, this finding shows that the XGBoost algorithm method using the 
SF-2 is the most effective for processing the dataset. Figure 9 illustrates the range of accuracy rates possible for 
the ten machine learning techniques, all utilizing SF-2.

This study evaluated the sensitivity of all the algorithms. Table 6 displays the sensitivity scores obtained from 
the ten ML techniques using SF-1, SF-2, and SF-3, respectively. A5’s sensitivity to SF-3 was the lowest (88.14%). 
A8 rated both SF-1 and SF-3 (89.83% and 89.83%, respectively). A4 (XGBoost) reported the highest sensitivity 
for SF-2 as well, at 96.61%; A2, A3, A4, A6, and A9 reported the second-highest sensitivity, at 94.92%.

We performed the analysis of specificity on each of these techniques, and Table 6 summarizes the results. A3 
scored the lowest (73.81%) for SF-2 and FS-3. According to the analysis, A4 and A9 scored the highest (90.48%) 
for all SFs, based on the results of the analysis. When compared to the results of the other techniques, A7 for SF-3 
(92.86%) provided the best score with SF-3 only.

We have adopted several strategies to mitigate the risk of overfitting and ensure the real-world applicability 
of the proposed heart disease prediction model, including (1) Cross-validation: We have used the k-fold cross-
validation technique in Python (using scikit-learn) to assess the generalization performance of the models on 
multiple subsets of the data. This helps identify models that are less prone to overfitting and provides a more 
reliable estimate of their true performance. (2) Regularization: incorporate regularization techniques, such as 
L1 or L2 regularization, dropout, or early stopping, to prevent the models from becoming overly complex and 
reduce the risk of overfitting. (3) Feature engineering: In addition to using feature selection methods such as 
ANOVA, chi-square, and MI, we expanded our work to include feature engineering techniques that capture 
meaningful relationships and domain knowledge relevant to heart disease prediction. (4) External validation: 
Validate the models on independent datasets or real-world patient data to assess their performance in a variety 
of settings and ensure their reliability in clinical practice.

Discussion
This study used a combined dataset (CHDD and private datasets) for both testing and training, implementing 
a variety of ML techniques for the early recognition of CVD. We then tested and trained the ML model on the 
source and target datasets using a domain adaptation approach. We first trained the proposed HD prediction 
technique in this study using a private dataset containing 200 cases. After that, we evaluated the system using 

Fig. 9.  The accuracy results of the ten ML Algorithms.
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the combined dataset of 503 cases. To be more specific, we employed a total of ten well-known ML algorithms, 
including Naive Bayes, SVM, voting, XGBoost, AdaBoost, bagging, DT, KNN, RF, and LR, denoted by (A1, A2, 
…, A10) as shown in Table 6, each with a unique set of selected features. The ANOVA F statistic, the chi-square 
test, and the MI statistic were the statistical methods used to group the important factors that were better at 
predicting CVD. We used five different evaluation standards: accuracy, sensitivity, precision, specificity, and F1 
score to compare and rate the performance of the different ML techniques that used SMOTE. The experiment 
showed that algorithm A4 had the highest rate of accuracy (97.57%) for SF-2. Algorithm A9 had the second 
highest rate of accuracy (93.17%) for all three SFs shown in Table 6. A4 likewise obtained the greatest score 
possible for sensitivity (96.61%), as well as the best score possible for specificity (90.48%), while testing for 
SF-2, as shown in Table 6. The result of the F1 score demonstrated that A4 had the highest score of 92.68% for 
SF-2 (see Table 6), while A9 obtained the highest score of 91.57% for SF-1, SF-2, and SF-3, and A6 obtained 
the highest score of 90.24% for SF-2. Because A4 performs best when used with SF-2, this method is the most 
reliable technique in terms of accuracy, specificity, and sensitivity. In terms of F1 score, A9 is the more accurate 
predictive model for all SFs, making it the second-best predictive algorithm overall. As a result of this research, 
we have concluded that it provides the highest performance rate. Therefore, we can conclude that XGBoost is an 
effective method for predicting heart diseases. Most cases achieved an accuracy range of 85.15 to 97.57% when 
combining the results of multiple different ML algorithms.

The XGBoost classifier’s receiver operating characteristic (ROC) curve with SF-2 is shown in Fig. 10. This 
curve shows how well the model works across all classification thresholds, with an AUC of 0.98 (see Table 7).

An explainable AI method applying SHAP libraries is used to comprehend the model’s decision-making.
Figure 11 shows the importance of SHAP library XGBoost with SMOTE features.
Using ML classifiers for HD prediction is the goal of this work. The experiment findings proved that the 

XGBoost algorithm was the most accurate percentage for predicting the occurrence of HD. The following 
features are classified as important for HD prediction according to the mutual information-based feature 
selection approach: thalach, chol, oldpeak, age, trestbps, ca., thal, cp., exang, slope, restecg, sex, and fbs. We have 
used the SMOTE method to optimize hyperparameters and oversample using the data that was collected. The 
XGBoost technique with SMOTE produced the best results. The study reached its goal of predicting HD, with 
the combined datasets, and the experimental results were 97.57% for accuracy, 96.61% for sensitivity, 90.48% for 
specificity, 95.00% for precision, 92.68% for F1 score, and 98% for AUC.

In the context of heart disease prediction, the high accuracy of 97.57% suggests that the XGBoost model is 
very reliable in distinguishing between patients who do and do not have heart disease. However, it is critical to 
interpret what this high accuracy means in clinical practice:

	1.	� Early Detection: The model’s high sensitivity (96.61%) indicates that it can effectively identify patients in the 
early stages of heart disease, which is crucial for timely intervention and treatment.

	2.	� Minimizing False Positives: The specificity (90.48%) indicates a relatively low rate of false positives, im-
plying fewer patients would receive an incorrect heart disease diagnosis, thereby reducing unnecessary 
anxiety and treatments.

Algorithm Accuracy Sensitivity Specificity Precision F1-score AUC

XGBoost 97.57% 96.61% 90.48% 95.00% 92.68% 0.98

Table 7.  Performance outcomes for XGBoost classifier using SF-2 and SMOTE.

 

Fig. 10.  AUC and ROC curve for the XGBoost classifier using SMOTE.
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	3.	� Balanced Prediction: The high F1 score (92.68%) reflects a balance between precision (correctly predicting 
heart disease when present) and recall (identifying as many true cases as possible), which is critical for prac-
tical applications where both false positives and false negatives have serious consequences.

To understand the breakthrough, the performance of XGBoost must be compared to existing gold standards in 
heart disease prediction, typically involving established clinical scoring systems or other ML models that have 
been widely accepted in healthcare.

	1.	� If XGBoost surpasses existing models, this improvement to 97.57% accuracy would signify a significant 
advancement, potentially offering a more reliable tool for clinicians.

	2.	� If Comparable to Current Standards: If this accuracy is only slightly better or comparable to current meth-
ods, the significance of the improvement must be critically evaluated. Factors such as the model’s generaliz-
ability, ease of integration into clinical workflows, and interpretability for healthcare professionals become 
critical in deciding whether it truly represents a breakthrough.

To consider this performance a breakthrough, future work must incorporate the following justifications:

•	 Comparison to Baseline Methods: Show that XGBoost significantly outperforms existing prediction meth-
ods in terms of accuracy and other key metrics.

•	 Clinical Impact: Discuss how this improvement could translate into better patient outcomes, such as reduced 
mortality or morbidity, due to more accurate early diagnosis.

•	 Scalability and Implementation: Describe the potential integration of this model with current medical sys-
tems and its applicability to various patient populations in real-world settings.

The proposed ML-based heart disease prediction technique has the potential to improve healthcare. By allowing 
early detection and treatment, accurate heart disease prediction can greatly reduce mortality. In resource-
constrained situations with limited expert access, doctors can use this tool to diagnose patients. Integrating the 
technology with electronic health record (EHR) systems would enable real-time risk assessments to improve 
patient outcomes and decision-making.

This study’s mobile app may help patients, especially those in remote places or without access to healthcare, 
self-assess. It lets users enter their symptoms and get a quick heart disease risk assessment, pushing them to 
seek medical care. This tool puts individuals in charge of their health, which may help diagnose and treat heart 
problems earlier.

The study contributes to the broader goal of digital health improvement by providing a scalable, cost-effective 
solution for heart disease prediction. By leveraging ML and explainable AI (through SHAP methodologies), 
the authors have created a system that is not only accurate but also interpretable, ensuring that healthcare 
professionals can trust and understand the predictions made by the model. This level of transparency is critical 
for the adoption of AI tools in clinical practice.

Moreover, the use of a mobile app extends the reach of this technology, making it accessible to a larger 
population. This democratization of healthcare tools aligns with global efforts to improve public health and 
reduce the burden of cardiovascular diseases, which are a leading cause of death worldwide.

Fig. 11.  Explainable AI interpretation of the XGBoost feature importance.

 

Scientific Reports |        (2024) 14:23277 14| https://doi.org/10.1038/s41598-024-74656-2

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Limitations
Despite the promising results and potential uses of the proposed ML-based technique for heart disease prediction, 
there are several limitations to consider:

	1.	� Dataset quality and availability: The performance and reliability of ML models depend on the quality and 
availability of testing and training datasets. We employed Cleveland heart disease, and private databases in 
our study. There may be limitations in availability, representativeness, and data quality. This limitation could 
make it hard to apply the proposed approach to a broader sample with a variety of additional sources.

	2.	� Imbalanced classes: SMOTE generates synthetic minority class samples to overcome class imbalance, but its 
effectiveness depends on the dataset and situation. Class imbalance becomes a major issue in heart disease 
prediction when disease frequency may be minimal. Class imbalance can cause models to perform well for 
the majority group but poorly for the minority class, which is often the class of interest. To address this issue, 
it’s essential to discuss and compare different approaches for handling class imbalances as alternatives to 
SMOTE such as:

•	 Class Weights: Advantages include (a) being simple to implement, as it involves adjusting the misclassification 
penalties for different classes; (b) not requiring modifying the dataset or generating synthetic samples, mak-
ing it computationally efficient; and (3) being effective in improving the model’s performance on the minority 
class without introducing additional complexity. The limitations include (a) assuming that the misclassifica-
tion costs are known and properly specified, which may not always be the practice case; (b) assuming that the 
decision boundary between classes is highly non-linear or complex.

•	 Ensemble Methods: Advantages include (a) naturally handling class imbalance by aggregating predictions 
from multiple base models trained on balanced subsets of the data; (b) tending to be robust to noise and 
overfitting, making them suitable for imbalanced datasets; and (c) capturing complex relationships between 
features and target variables, improving predictive performance. The limitations include (a) requiring more 
computational resources and longer training times compared to simpler algorithms; (b) not providing explicit 
control over the balance between classes in the final predictions.

•	 Cost-sensitive Learning: Advantages include (a) explicitly considering the costs associated with misclassifying 
instances from different classes, allowing for fine-tuning of the model’s behavior; (b) being able to accommo-
date varying degrees of class imbalance and adjust the decision boundary accordingly. The limitations include 
(a) requiring knowledge of misclassification costs, which may be difficult to collect or subjective in real-world 
circumstances; and (b) making model selection more complicated by tuning more hyperparameters.

•	 Anomaly Detection: Pros include (a) being able to be used in situations where the minority class represents 
rare or unusual events, like finding rare heart conditions; and (b) not needing explicit labeling of minority 
class instances, which means it can be used in either semi-supervised or unsupervised settings. The limita-
tions include (a) assuming that the minority class instances are outliers or deviate significantly from the ma-
jority class, which may not always be the case; and (b) struggling with detecting subtle or nuanced patterns in 
the data, particularly when the boundary between normal and abnormal instances is ambiguous.

	3.	� Algorithm selection: To determine the optimal algorithm for predicting HD, the researchers used a variety of 
ML techniques. Nonetheless, the selection of algorithms is arbitrary and may affect the outcome. Other algo-
rithms that were not considered in this study might be able to achieve different trade-offs or greater accuracy. 
As a result, future research should carefully consider and evaluate the ML algorithms selected.

	4.	� Domain adaptation: The use of domain adaptation techniques demonstrated the proposed system’s adapt-
ability. The application of the proposed technique to a variety of different populations or environments may 
still face some limitations. More research is required to determine the technique’s efficacy in a range of pop-
ulations with different lifestyles, demographics, and healthcare systems. It is also important to fully address 
any potential restrictions and difficulties related to domain adaptation.

	5.	� Missing data: The study does not specify if the ML model training and testing datasets contain missing data. 
In real-world healthcare, missing data is widespread and can dramatically impair predictive models. The 
discussion should focus on how missing data can lead to erroneous predictions, misdiagnosis, or delayed 
treatment. The authors could discuss imputation or robust algorithms for partial datasets. We must address 
missing data to ensure the reliability and generalizability of clinical prediction models.

Conclusions and future work
In this research study, we employed diverse methods to select features, and then applied ten distinct machine 
learning techniques with SMOTE to these selected features. This process allowed us to identify the most 
significant features that are highly effective in predicting heart disease. Every algorithm generates a unique score 
based on a different combination of features. We used three methods to choose features: ANOVA, chi-square, 
and MI. We applied these methods to three selected feature groups, namely SF-1, SF-2, and SF-3, respectively. 
Ten ML classifiers determined the best model and feature subset. The classifiers used were Naive Bayes, SVM, 
voting, XGBoost, AdaBoost, bagging, DT, KNN, RF, and LR. We employed a well-known open-access dataset and 
numerous cross-validation processes to evaluate the selected algorithms and measure the performance accuracy 
of the heart disease detection system. When compared to all other algorithms, the performance of XGBoost was 
more significant. The XGBoost classifier performed best with the SF-2 feature subset, with 97.64% accuracy, 
96.61% sensitivity, 90.48% specificity, 95.00% precision, a 92.68% F1 score, and a 98% AUC. We developed an 
explainable AI method using SHAP techniques to understand how the system predicts its outcomes. Furthermore, 
the study demonstrated that the proposed system is adaptable using a domain adaptation approach. This work 
has made a significant contribution to the field of ML-based HD prediction applications by introducing unique 
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insights and techniques. These findings have the possibility of aiding in the diagnosis and prediction of HD in 
Egypt and Saudi Arabia.

Finally, the authors are working on developing a smartphone app that allows users to enter symptoms and 
predict heart disease quickly and accurately. We will embed the best XGBoost technique in the mobile app to 
predict heart disease and display the detection result instantly. Because the mobile app is a symptom-based heart 
disease prediction, we will consider and address the impact of “dark data” during its implementation, which 
refers to information that exists but remains ungathered or underutilized due to data collection limitations, poor 
reporting, or ignorance. Unreported heart disease instances are considered “black data” when predicting heart 
disease. Therefore, in our future work, we will examine how dark data impacts the real-world implementation 
of the proposed mobile apps, specifically focusing on (1) asymptomatic cases in which patients with early-stage 
cardiac disease may not exhibit any symptoms. (2) Limited scope for symptom-based prediction: The models 
consider only a limited set of symptoms. Due to diagnostic testing and imaging examinations, heart disease 
can manifest in ways other than typical symptoms, so focusing solely on symptoms may miss critical signs. (3) 
Data collection: The absence of asymptomatic cases could potentially impact the quality of the app’s prediction 
model dataset. If most of the training data is symptomatic, the model’s predictions may prioritize symptomatic 
presentations, thereby intensifying the dark data effect.

To address the limitations imposed by the dark data effect and enhance the real-world applicability of the mobile 
app for heart disease prediction, we will consider several strategies, such as (1) comprehensive risk assessment: 
Expand the scope of the predictive model to incorporate additional risk factors beyond symptoms, such as 
demographic information, medical history, lifestyle factors, and biomarkers. (2) Integration with diagnostic 
tools: Connect the mobile app to diagnostic tools or wearable devices capable of measuring physiological 
parameters associated with heart health, such as blood pressure, heart rate variability, or electrocardiogram 
(ECG) signals. (3) Population screening programs: Partner with healthcare providers or public health agencies 
to promote population screening programs aimed at identifying individuals with undiagnosed heart disease. (4) 
Education and awareness campaigns: Launch educational initiatives to raise awareness about the importance 
of regular cardiovascular screenings, even in the absence of symptoms. The authors will also consider a cost-
effectiveness argument for a heart disease prediction app, provide evidence, and consider a variety of factors, 
including development, implementation, and maintenance costs. Claiming that certain features are cheaper 
necessitates a thorough evaluation and comparison with alternative approaches to ensure the claim’s validity.

Due to their inability to explain the decision-making process, ML-based system developers tend to treat 
AI-based apps as a mystery. In this study, we used SHAP and feature importance techniques to explain and 
interpret the prominent features that were most influential in the decision. In our future work, we plan to 
expand our research by incorporating other explainable artificial intelligence (XAI) techniques that can improve 
transparency and interpretability, such as: (1) Partial Dependence Plots (PDPs): PDPs show the link between a 
feature and the expected outcome while ignoring other features. By showing each feature separately, we explicitly 
understand its effect on heart disease prediction. (2) Individual Conditional Expectation (ICE) Plots: ICE plots 
show how a feature affects each data point, not just the average. The effects of feature changes on various people 
can be better understood. (3) Local Interpretable Model-Agnostic Explanations (LIME): To explain predictions, 
LIME develops local surrogate models around specific examples. By changing the input data and watching how 
the predictions change, LIME gets close to the model’s local behavior and gives simple explanations for specific 
predictions. (4) Rule-based models, like decision trees or rule lists, connect input features directly to predictions. 
These models explain the criteria for heart disease, providing transparency. By employing these explainable 
AI methods, machine learning-based systems for heart disease prediction can provide healthcare professionals 
and patients with transparent, interpretable, and actionable insights, facilitating informed decision-making and 
improving trust in AI-driven healthcare applications.

Data availability
The corresponding author will share study datasets upon reasonable request.
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