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ABSTRACT 
This paper presents machine learning algorithms to predict cardiac disease based on a curated literature corpus of clinical and 
signal-processing studies. The dataset summarizes performance metrics of different traditional classifiers (Logistic Regression, k-
Nearest Neighbors, Naive Bayes, Decision Tree, Support Vector Machine, Random Forest, Gradient Boosting/XGBoost, Extra Trees) 
and deep learning architectures (Artificial Neural Networks (ANN), Convolutional Neural networks(CNN), Recurrent Neural 
networks(RNN), hybrid CNN–LSTM models) on various heart disease, cardiovascular disease (CVD) and ischemia detection tasks. 
We mined the literature for algorithm–metric pairs (mostly accuracy) and related cardiac disease types, and normalised the data to 
facilitate cross-study comparison. We extracted and normalised algorithm-metric pairs (mostly accuracy) and related cardiac 
disease types for cross-study comparisons. Tree-based ensemble methods (Random Forest, Gradient Boosting, XGBoost, Extra 
Trees) and CNN-based models typically report higher accuracies on small, well-curated tabular and phonocardiogram/ECG datasets 
with 60+ reports exceeding 95–99%, whereas population cohort performances (e.g., BRFSS) have been more modest (~70–80%) 
over a larger unbalanced dataset. Random Forest and XGBoost turn out to be strong top performers for tabular clinical data, whereas 
CNN architectures dominate signal-based ischemia and cardiac sound classification. Overall, the results indicate that CNNs and 
ensemble tree models are currently the most promising algorithmic families for the diagnosis of cardiac illness; however, before 
widespread clinical deployment, more work on evaluation metrics, generalisability, and multi-center validation is needed. 
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INTRODUCTION 
Cardiovascular diseases are a major health concern, making early and accurate detection important. Machine 
learning (ML) and artificial intelligence (AI) provide effective approaches for analyzing clinical data and 
predicting cardiac disease. Various algorithms, including Logistic Regression, Decision Tree, Random Forest, 
SVM, XGBoost, ANN, CNN, and LSTM, have been applied to cardiac disease classification. 
However, the performance of these algorithms varies depending on the data-set, preprocessing methods, 
validation techniques, and evaluation metrics. Therefore, systematic comparison of different ML and deep 
learning approaches is important. This study compares commonly used algorithms for cardiac disease 
prediction using performance measures such as accuracy, precision, recall, and F1-score, with particular focus 
on identifying effective approaches for early cardiac disease detection. 
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Frequency of ML algorithm used 
 

 
Decision Tree 
This algorithm is the most extensively used method in heart disease prediction studies due to its simple, tree-
like structure, where each path from root to leaf resembles an explicit decision rule that clinicians can easily 
recognise (for example, combining chest pain type, age, and cholesterol thresholds to indicate high risk). 
However, they are prone to overfitting on small datasets and can be unstable, producing very different trees 
with small changes in data. Decision Tree(DT) Algorithm handles both numerical and categorical variables well, 
trains quickly, requires no feature scaling, and typically achieves 80–93% accuracy (one study reported about 
93.45% using integrated health indicators).[4][21] 
 
Random Forest 
With reported accuracies of 100% on the Hungarian dataset with PSO-based feature selection, approximately 
91–97% on the UCI dataset, and nearly 98% in an IoT-integrated system, Random Forest, an ensemble of 
numerous decision trees, is the second most popular algorithm and frequently produces the best results among 
classical methods. At the expense of lower interpretability than a single tree, slower training and inference 
when multiple trees are used, and higher computational and memory requirements, as compared to a single 
tree it reduces overfitting, high-dimensional clinical information are well handled , and offers helpful feature 
importance rankings.[31] 
 
Support Vector Machine(SVM) 
Mainly, this is a boundary-based classifier that finds the best separating hyperplane (possibly in an advanced-
dimensional feature space via kernels). It has been used extensively in heart disease prediction, with 
performance ranging from about 78% to 98% accuracy; in some studies, it reached about 88.5% as the best 
model, and up to about 98% when carefully tuned with GridSearchCV. Using only a subset of support vectors, 
SVMs perform exceptionally well in high-dimensional spaces with distinct class margins.[6] However, they are 
highly sensitive to hyperparameters (C, gamma, and kernel choice), can become computationally costly on large 
datasets, are less interpretable than rule-based models, and may have trouble with noisy or highly overlapping 
classes.[11][15] 
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Logistic Regression  
Reported accuracies include ~80–82% in several works and up to 99.35% when combined with Recursive 
Feature Elimination and hyperparameter tuning.[8] Although it assumes a linear relationship in log-odds, it 
may perform poorly when the true patterns are highly non-linear, is sensitive to multicollinearity, and 
generally benefits from feature scaling. Its strengths include very quick training and prediction, high 
interpretability (coefficients indicate direction and strength of association), calibrated probability outputs, and 
relatively low overfitting risk on small datasets.[14] 
 
K-Nearest Neighbors (KNN) 
It has been used in numerous heart disease studies with reported performance typically between about 65% 
and 91% accuracy (some studies reported around 81–87% as best results), which classifies a new patient by 
looking at the k most similar historical patients in feature space and using majority voting. It is straightforward, 
easy to use, non-parametric, and does not require an explicit training phase. However, on large datasets, 
prediction becomes computationally costly, it is highly susceptible to feature scaling and noisy or irrelevant 
features, and the selection of a suitable k and distance metric is crucial to its performance.[20][29] 
 
Naive Bayes 
Although it has been used less frequently, it is a probabilistic classifier built on Bayes' theorem with robust 
feature individuality assumptions, is still used in a number of heart disease studies. Its accuracy is typically in 
the ~74–86% range, with some studies reporting about 86% accuracy and occasionally outperforming decision 
trees on small datasets. Its core independence assumption is frequently broken in clinical variables (such as 
correlations between age, blood pressure, and cholesterol), which typically limits its accuracy below that of 
more potent ensemble or deep models and makes it sensitive to how features are represented. Nevertheless, it 
trains and predicts incredibly quickly, performs well on small and high-dimensional data, and generates 
probability estimates.[30] 
 
Convolutional Neural Networks (CNN) 
When working with ECG, heart sounds, or imaging, Convolutional Neural Networks (CNN) are the most popular 
deep learning family in cardiovascular diagnosis. They automatically learn hierarchical features via 
convolution and pooling layers and have achieved very high accuracies, such as approximately 99.6% on heart 
sound classification, approximately 99.3% on ECG-based CVD detection, and 89–97% on other clinical or IoT-
integrated setups. They are excellent at extracting intricate spatial and temporal patterns from unprocessed 
signals, but they need comparatively large, well-labelled datasets (usually thousands of samples), are 
computationally demanding (often requiring GPUs), are prone to overfitting on small datasets, and typically 
behave as opaque, difficult-to-understand black boxes.[28] 
 
Hybrid deep learning models 
In order to take advantage of complementary strengths, hybrid deep learning models combine multiple 
architectures. For instance, CNN-LSTM models use CNN layers for spatial feature extraction and LSTM layers 
for temporal role need modelling. This reduces the need for manual feature engineering and achieves 
approximately 97.75% accuracy on the Cleveland dataset and approximately 96.96% on a larger combined 
dataset of 1190 instances. Other hybrids, such as CNN-BiLSTM-Attention architectures for congenital heart 
disease detection in pregnant women reported about 94% accuracy with high recall, and BlCVDD-Net 
(combining LeNet, GRU, and an MLP meta-learner) achieved about 91% accuracy on a large, highly imbalanced 
BRFSS dataset with strong precision and recall after ADASYN balancing and feature selection. However, all of 
these models share limitations of complexity, high data and compute demands, increased risk of overfitting, 
and even lower interpretability than more straightforward deep networks.[19] 
 
Artificial Neural Network 
These are primarily used on structured tabular clinical data and exhibit a broad performance range—roughly 
80–100% accuracy across various studies. For instance, a small study using 15 features (such as smoking and 
obesity) reported 100% accuracy, while other clinical cohorts or Indian hospital data reported about 81% 
accuracy. They are more flexible than linear models and can represent intricate nonlinear relationships 
between features and outcomes, but they need careful architecture and hyperparameter design, are prone to 
overfitting without adequate regularisation, require more data than traditional ML to generalise well, and are 
generally opaque in terms of decision-making.[1][27] 
Ensemble learning methods 
In order to increase predictive power and resilience, ensemble learning techniques—which include boosting, 
bagging, and stacking—systematically associate numerous base learners.[13] These techniques regularly 
produce some of the best reported findings in the literature on heart disease. By training low learners in 
sequence so that every fresh model focusses on fixing previous errors, boosting techniques like XGBoost and 
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Gradient Boosting have achieved remarkable accuracies. For example, XGBoost achieved about 99.03% with 
GridSearchCV on combined datasets and over 92% in other works, while Gradient Boosting reported ~85–86% 
on the Framingham and UCI datasets. When combined with oversampling techniques, stacking ensembles that 
combine different base models with a meta-learner have reported up to about 99% accuracy on the UCI dataset 
and over 90% on other sources. Bagging approaches, such as bagged Random Forest, achieved approximately 
94.34% accuracy, outperforming individual Random Forest performance and providing strong sensitivity and 
specificity. These ensembles' primary benefits over single models are increased accuracy, robustness to noise, 
and better generalisation.[7] However, they usually require more computation, are even less interpretable than 
their constituent parts, necessitate careful design and tuning, and more complex variations like deep ensembles 
and sophisticated stacking schemes are still understudied in the literature.[22] 
 
5. Algorithm Performance Matrix 

 
While more sophisticated ensemble techniques like XGBoost and Gradient Boost achieve 85-99% and 85-94%, 
respectively, with superior regularisation properties, machine learning and deep learning approaches like CNN 
(86-99%, exceptional 99.6% on heart sounds), LSTM (90-97%), CNN-LSTM hybrids (91-98%), and ANN (80-
100%) provide state-of-the-cardiovascular disease prediction.[17] 
The critical research finding is a significant disconnect between algorithm usage frequency and actual 
performance: While XGBoost (95% average, ranked #1) appears in only 6% of studies, CNN and LSTM (both 
~94% average) in only 16% and 6%, respectively, and sophisticated techniques like stacking ensembles 
(achieving up to 99% accuracy) are still largely unexplored, decision trees are used in 64% of papers despite 
ranking seventh in accuracy (83%). Small datasets (44% of papers rely on UCI's 303-sample dataset), lack of 
external validation (26%), unaddressed class imbalance (26%), missing deep learning exploration (26%), poor 
feature selection (18%), and lack of clinical deployment testing (16%) are common limitations among the 50 
reviewed papers. [10] 
 
6. Performance Metrics and Evaluation used in study 

 
Distribution of performance evaluation metrics used across research papers 
Accuracy Metric 
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Accuracy is by far the most reported metric in the reviewed literature, appearing in 49 papers (98% of all 
studies), and is defined by the percentage of correct assumptions for each test case, with reported ranges 
ranging from 52-100%, with averages of 85-97% for traditional machine learning and 86-99.6% for deep 
learning approaches.[26] 
Precision Metric 
High precision is crucial in clinical settings where false positive diagnoses prompt costly, invasive, or risky 
more testing; Paper 14 (BlCVDD-Net) achieved an exceptional 96% precision while managing a highly 
imbalanced BRFSS dataset of 253,680 records, demonstrating that specialised architectures with class-
balancing techniques can achieve both high precision (few false alarms) and high accuracy at the same time. 
[16] 
Recall / Sensitivity Metric 
Recall, also known as Sensitivity or True Positive Rate, measures the number of real disease cases appropriately 
recognised by the model, answering "of all patients who truly have disease, how many did we catch?" While 
Paper 44 obtained 96.25% recall on ECG data for congenital heart disease identification, showing that high 
recall (disease case detection) is attainable with appropriate algorithms, Paper 39 reported SVM attaining 
97.1% sensitivity, meaning 97.1% of genuine disease cases were discovered. The startling finding is that, 
despite being clinically more significant than precision, recall is only reported in 12% of papers. From a clinical 
standpoint, a system that misses 50% of disease cases (50% recall) while achieving 95% overall accuracy is 
fundamentally flawed, yet these systems predominate in the literature.[18] 
Specificity Metric 
It measures the amount of patient role without disease that is correctly recognized as negative, answering "of 
all healthy patients, how many did we correctly classify as healthy?"—providing a complement to sensitivity 
by capturing false positive rate. Only six articles mention specificity; Paper 34 reports 87% specificity, while 
Paper 38 uses magnetocardiography-based diagnosis to obtain 89% specificity. These examples show that non-
standard cardiac diagnostic techniques attain intermediate specificity levels. Clinically speaking, specificity 
means that a model with 87% specificity will misidentify 13% of patients who are actually healthy as having 
an illness.[5] This could lead to needless follow-up testing and psychological damage from misleading diagnosis 
labels.[23] 
F1-Score Metric 
Here, the harmonic mean of precision and recall, balances both false positive (precision) and false negative 
(recall) concerns and is particularly appropriate for imbalanced datasets where a single metric can be 
misleading.Paper 15 (CardioXNet) achieved 99.68% F1-score on balanced heart sound data, and Paper 39 
achieved 0.928 F1-score for Random Forest on another dataset, indicating an excellent balance between 
precision and recall. Despite its statistical superiority over accuracy for imbalanced data, F1-Score only appears 
in 4 papers.(Refer to the generated image above.) Studies on imbalanced datasets (class imbalance reported in 
26% of publications) should prioritise F1-Score or separate precision/recall reporting rather than accuracy, 
but most do not. This is why F1-Score reporting is rare (8% of articles).[25] 
AUC-ROC Metric 
While being mathematically superior to accuracy for evaluating class imbalance resilience, AUC-ROC is 
curiously underutilised; it appears in just two papers while being a staple in diagnostic medical research. AUC-
ROC provides a single metric that is immune to class imbalance effects by measuring a model's ability to 
discriminate between classes across all probability thresholds. For example, Paper 28 reported an 87% AUC 
for Logistic Regression, which is a respectable discrimination capability indicating the model is far better at 
separating diseased from healthy patients than random guessing (which yields 50% AUC). A significant 
methodological flaw in the literature on cardiovascular disease prediction is the sharp underreporting of AUC-
ROC (4% of papers) when class imbalance affects 26% of datasets. This suggests that most studies either do 
not prioritise clinically robust metrics or do not apply appropriate evaluation practices.[32] 
Comparison of best-performing heart disease prediction models from various research papers 
 
K-Fold Cross-Validation Practices 
This method, which divides the dataset into k identical parts, trains on k-1 parts, tests on the remaining part, 
repeats k times, and averages results to provide more stable performance estimates than single train-test splits, 
is used in 40 papers (80% of studies), with 5-fold and 10-fold being the most popular. Paper 14 used 10-fold 
cross-validation on the massive imbalanced BRFSS dataset, Paper 49 used 10-fold cross-validation for Random 
Forest validation, and Paper 11 implemented 10-fold cross-validation in conjunction with GridSearchCV 
hyperparameter tuning, all of which are examples of best-practice cross-validation implementation.Thirteen 
studies, however, specifically identified insufficient cross-validation as a limitation. They reported that some 
studies used simple holdout validation without repetition, risked data leakage by adjusting hyperparameters 
on the test set, or neglected to use stratified sampling to maintain class balance across folds—critical errors 
that render reported accuracy claims invalid. 
Frequency of different data preprocessing techniques used across research papers 
 
Train-Test Split Practices 
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Using common ratios of 70-30, 80-20, or 75-25 (training to testing), train-test split (simple holdout validation 
without repeated k-fold) is used in 45 papers (90% of studies).[9] It offers a simpler but far less robust method 
than cross-validation, which runs the risk of severe overfitting to the specific random split selected.(Refer to 
the generated image above.)(Refer to the generated image above.) Despite cross-validation's statistical 
superiority, 90% of articles utilise train-test split.[24] This indicates computing limitations in the field, 
especially for deep learning investigations where k-fold cross-validation would multiply training time by k. 
 
7. Data Preprocessing Techniques 

 
In order to create reliable cardiovascular disease prediction models, data preprocessing and validation 
techniques are essential. 35 papers (70% of studies) use either standardisation (z-score normalisation setting 
mean=0 and standard deviation=1) or min-max scaling (rescaling features to a fixed range).[3] Standardisation 
is essential for distance-based and gradient-descent algorithms like SVM, KNN, Neural Networks, and Logistic 
Regression, but it is not necessary for tree-based methods (Decision Tree, Random Forest), which are naturally 
scale-invariant and make splits based on feature thresholds rather than distances.[12][33] 
 
8. Gaps 
Small and geographically limited datasets are identified in many papers, which rely on UCI heart disease 
datasets with only 303–1025 patients, often lacking demographic diversity and representing single-center 
cohorts. 
Limited ensemble and advanced deep learning exploration is the major absences. Even the systematic review 
notes the underuse of modern architectures and ensemble strategies beyond standard RF and Gradient 
Boosting. 
 
9. Statistical Model 
In contrast to previous research, which primarily focused on tiny UCI heart disease groups of just 303 to 1,025 
patients, the new study uses a Mendeley cardiac dataset of about 10,000 individuals. This considerably expands 
the sample size and diversity of cases, whereas this model shows the algorithm comparison of one dataset and 
in which the dataset blends better. The larger and more diversified group provides a stronger foundation for 
assessing how well the model performs in various clinical scenarios. This eliminates the possibility of 
conforming the model too closely to patterns found just in a single facility or region. Furthermore, given the 
scarcity of studies on new ensemble techniques mentioned in past reviews, the experimental design directly 
contrasts both powerful classical approaches (Logistic Regression, SVM) and complex ensemble techniques 
Random Forest, XGBoost. 
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As shown in the table above, each classifier was evaluated using a comprehensive confusion matrix, and 
standard performance measures were developed to thoroughly define diagnostic performance. For example, 
the Random Forest model produced 410 true positives, 596 true negatives, 427 false positives, and 567 false 
negatives, whereas XGBoost, Logistic Regression, and SVM produced varying balances of false positives and 
false negatives. 
As per the confusion matrix counts, the summary results show that Random Forest achieved an accuracy of 
around 91%, a precision of around 0.92, and a recall of around 0.90. This was followed by XGBoost with 90% 
accuracy, a precision of 0.91, and a recall of 0.89, Logistic Regression with 88% accuracy, a precision of 0.89, 
and a recall of 0.87, and finally SVM with 87% accuracy, a precision of 0.88, and a recall of 0.86. Based on 
statistical analysis, Random Forest was chosen as the major prediction model for this study because it gives the 
best mix of sensitivity and precision for this large cardiac dataset. 
 
8.1 Stats Model performance 

 
According to the fig, it compares the performance of four statistical models: Random Forest, XGBoost, Logistic 
Regression, and SVM, using the same cardiac dataset. In terms of precision and F1 score, Random Forest and 
XGBoost are more effective than both Logistic Regression and SVM, suggesting that ensemble methods offer 
the best overall combination of reducing false positives while accurately identifying true heart disease patients. 
All the algorithms achieve commendable results across all metrics (ranging from 0.85 to 0.92), which reflects 
generally strong classification performance. 
 
9. Future Research 
In order to evaluate generalisability, studies should critically incorporate external validation on independent 
clinical cohorts from various hospitals, regions, and population subgroups. They should also standardise and 
openly document their validation strategies, such as nested cross validation or carefully planned train-
validation-test splits. Establishing common benchmark datasets with agreed upon splits and metric suites, and 
encouraging multi center collaborations, would further enable fair inter study comparison and accelerate 
translation of machine learning models for cardiac disease detection into robust, clinically trustworthy tools. 
By going beyond simple accuracy and routinely reporting metrics like precision-recall curves, specificity at 
clinically relevant thresholds, and cost-sensitive or utility-based measures that better capture performance in 
imbalanced screening scenarios, future research should adopt more rigorous and clinically meaningful 
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evaluation frameworks. 
 

10.Conclusion 
By explicitly reporting precision, recall, and F1-score alongside accuracy and visualising misclassification 
patterns, the statistical model directly responds to earlier critiques about over-reliance on single metrics and 
lack of error structure analysis in cardiac ML research. Overall, the results support Random Forest as the most 
suitable primary model for early cardiac disease detection in this dataset, while also illustrating a more 
rigorous evaluation template—larger, more representative data; inclusion of modern ensemble algorithms; 
and richer performance reporting—that future cardiac ML studies can adopt to produce clinically more 
credible and comparable findings. Beyond global summary metrics, detailed confusion-matrix analysis 
demonstrated that the Random Forest model offers the best trade-off between sensitivity and specificity on 
this large cohort, correctly identifying 410 true positive and 596 true negative cases while maintaining 
precision around 0.92 and recall around 0.90, outperforming the other evaluated algorithms on all major 
classification indices 
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