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ABSTRACT 

	Machine learning (ML) and deep learning (DL) approaches have shown increasing promise for heart disease prediction, but comprehensive evidence regarding their effectiveness compared to traditional clinical methods, implementation challenges, and real-world deployment readiness remains fragmented. Healthcare systems require systematic evaluation of these approaches to make informed decisions about clinical adoption, yet current literature lacks comprehensive synthesis of performance outcomes, generalizability challenges, and practical implementation considerations. This systematic review evaluates studies published between 2020 and 2025 to: (1) evaluate ML and DL approaches applied to heart disease prediction and assess their effectiveness compared to traditional clinical methods; (2) examine commonly used datasets and evaluation metrics; (3) compare algorithm performance and generalization capabilities between ML and DL approaches; (4) investigate how interpretability and explainability influence model selection and clinical adoption; and (5) identify challenges and gaps remaining for real-world deployment. A systematic search was conducted across multiple databases for peer-reviewed studies published between 2020–2025. Studies were included if they applied ML/DL algorithms to heart disease prediction using clinically relevant data, included comparative analysis with traditional methods, reported quantitative performance metrics, and provided sufficient methodological details. Data extraction focused on ML/DL approaches, performance results, validation methods, study limitations, and effectiveness findings using structured extraction forms. Thirty-one studies met inclusion criteria, representing diverse global applications. Traditional ML methods appeared in 19 studies (Random Forest n=10, XGBoost n=8, Logistic Regression n=8, overlap present). Deep learning appeared in 16 studies, with CNNs dominant in imaging-based prediction. ML/DL approaches demonstrated superior performance in 17 of 31 studies, while an additional 7 studies reported non-inferior or equivalent performance, indicating that most applications performed at least as well or better than clinical baselines. AUC improvements ranged from 0.01–0.21 across validated models. XGBoost excelled in structured tabular data, while deep learning dominated imaging-based tasks. However, only ~50% of studies performed external validation, with several reporting performance degradation on external datasets. Critical gaps included limited interpretability evaluation, persistent algorithmic bias, incomplete prospective validation, and minimal reporting of real-world clinical integration — reflecting challenges that must be addressed before widespread deployment is feasible.
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1. INTRODUCTION 
Cardiovascular disease represents the leading cause of death globally, necessitating accurate risk prediction and diagnostic tools to guide clinical decision-making and improve patient outcomes. Traditional approaches to cardiovascular risk assessment have relied primarily on established clinical risk scores, expert interpretation, and conventional statistical methods such as logistic regression and Cox proportional hazards models. However, the emergence of machine learning and deep learning technologies has opened new avenues for enhancing predictive accuracy in cardiovascular medicine. Early applications have demonstrated promising results, with studies showing that XGBoost algorithms can achieve superior discrimination (AUC 0.95) compared to logistic regression (AUC 0.79) in predicting 30-day major adverse events following vascular procedures (Li et al. n.d.), while deep neural networks have outperformed traditional guideline-based assessments (AUC 0.88 vs 0.67, p=0.01) in detecting diastolic dysfunction (Pandey et al. n.d.) . These advances have sparked widespread interest in applying computational methods to address longstanding challenges in cardiovascular prediction and diagnosis.
The application of machine learning and deep learning in cardiovascular medicine has expanded rapidly across diverse clinical contexts and patient populations. Imaging-based applications have shown particular promise, with deep convolutional neural networks demonstrating superior performance to resident readers (AUC 0.99 vs 0.90, p=0.002) in detecting wall motion abnormalities on echocardiography (Kusunose et al. n.d.) and achieving high accuracy in cardiovascular disease risk prediction from low-dose computed tomography (AUC 0.87-0.92) (Chao et al. n.d.). Advanced architectures have been successfully applied to complex diagnostic challenges, including the differentiation of Takotsubo syndrome from acute myocardial infarction using temporal convolutional neural networks (AUC 0.79 vs 0.71 for cardiologists) (Laumer et al. 2022) and prediction of right ventricular ejection fraction through spatiotemporal analysis with comparable accuracy to expert readers (78.4% vs 77%) (Tokodi et al. n.d.). Beyond imaging, researchers have leveraged machine learning for risk stratification in diverse populations, from elderly patients with ST-elevation myocardial infarction where deep learning models achieved AUC 0.95 versus 0.75 for traditional TIMI scores (Kasim et al. n.d.) to diabetic patients undergoing percutaneous coronary intervention where XGBoost outperformed the Mehran score (AUC 0.82 vs 0.65) (Ma et al. n.d.), and have even explored novel approaches such as predicting cardiovascular risk from retinal photographs with comparable performance to traditional risk scores (Mordi et al. n.d.; Tham et al. 2021). Traditional machine learning methods have also demonstrated value, with ensemble approaches and gradient boosting machines consistently outperforming established clinical risk scores across multiple studies (Sarraju et al. n.d.; Ti et al. n.d.; Wang et al. 2021).
Despite these promising developments, the literature reveals significant heterogeneity in methodological approaches, validation strategies, and reported outcomes that limits the ability to draw definitive conclusions about the comparative effectiveness of these technologies. Many studies have been limited by retrospective designs, single-center data collection, and narrow demographic representation, raising questions about generalizability (Liu et al. n.d.; Mordi et al. n.d.; Ti et al. n.d.). Furthermore, while some investigations have demonstrated substantial improvements in predictive performance, others have found more modest gains or identified important limitations such as algorithmic bias, with studies showing persistent sex bias in machine learning models where female patients experienced significantly higher false negative rates (Straw, Rees, and Nachev 2024) or challenges in clinical implementation. The diversity of machine learning approaches employed, ranging from traditional methods like random forest and support vector machines (Hernandez-Suarez et al. 2022; Kwiendacz et al. n.d.) to sophisticated deep learning architectures including convolutional long short-term memory networks (Lin et al. 2022; Miller et al. n.d.) and custom ensemble models (Upton et al. n.d.) further complicates direct comparison of results across studies. Given this landscape of promising but heterogeneous evidence, a systematic evaluation is essential to comprehensively assess the current state of machine learning and deep learning applications in cardiovascular prediction, identify the most effective approaches, and provide evidence-based guidance for clinical implementation and future research directions.
1.1 Overview of Machine Learning and Deep Learning Approaches for Heart Disease Prediction
The landscape of machine learning and deep learning applications in cardiovascular prediction encompasses a diverse array of methodological approaches, with 16 studies employing deep learning methods and multiple studies utilizing traditional machine learning techniques across the 31 investigations examined. Deep learning architectures demonstrate considerable sophistication, ranging from convolutional neural networks for medical imaging analysis (Chao et al. n.d.; Delbarre et al. n.d.; Kusunose et al. n.d.; Laumer et al. 2022) to specialized temporal models such as convolutional long short-term memory networks for sequential data processing (Lin et al. 2022; Miller et al. n.d.). Advanced architectures include spatiotemporal convolutional neural networks for echocardiographic video analysis (Tokodi et al. n.d.), bimodal convolutional neural networks combining multiple data representations (Yoon and Kang 2023), and novel approaches such as topological data analysis integrated with deep neural networks for diastolic dysfunction prediction (Pandey et al. n.d.). Transfer learning approaches have been successfully implemented using pre-trained models from ImageNet (Mordi et al. n.d.; Yoon and Kang 2023) and domain-specific datasets (Yuan et al. 2023), while ensemble methods combining multiple network architectures have shown promise in improving prediction robustness (Kusunose et al. n.d.; Tokodi et al. n.d.).
Traditional machine learning approaches demonstrate equal methodological diversity, with XGBoost emerging as the most frequently employed algorithm across multiple studies (Kasim et al. n.d.; Koo et al. n.d.; Li et al. n.d.; Liu et al. n.d.; Lujain et al. n.d.; Ma et al. n.d.; Salah and Srinivas n.d.; Sarraju et al. n.d.; Ti et al. n.d.; Wang et al. 2021). Random forest algorithms feature prominently in cardiovascular risk prediction applications (Hernandez-Suarez et al. 2022; Kasim et al. n.d.; Kwiendacz et al. n.d.; Li et al. n.d.; Liu et al. n.d.; Ma et al. n.d.; Sarraju et al. n.d.; Straw, Rees, and Nachev 2024; Ti et al. n.d.; Wang et al. 2021), while support vector machines provide robust classification capabilities across diverse clinical contexts (Hernandez-Suarez et al. 2022; Kasim et al. n.d.; Li et al. n.d.; Liu et al. n.d.; Ma et al. n.d.; Ti et al. n.d.; Wang et al. 2021). Hybrid approaches combining multiple methodological paradigms include gradient boosting machines with survival analysis (Juarez-Orozco et al. n.d.), fairness-aware gradient tree boosting addressing algorithmic bias (Straw, Rees, and Nachev 2024), and ensemble machine learning classifiers integrating automated feature extraction with traditional classification algorithms (Upton et al. n.d.).
The methodological sophistication extends to preprocessing and feature engineering strategies, with studies implementing advanced techniques including synthetic minority oversampling technique for class imbalance correction (Lujain et al. n.d.; Straw, Rees, and Nachev 2024; Wang et al. 2021), and attention mechanisms for focusing on relevant anatomical regions in medical imaging (Chao et al. n.d.; Liu et al. n.d.; Singh et al. n.d.). Explainability approaches have been integrated into several investigations, incorporating Shapley Additive Explanations values (Kwiendacz et al. n.d.; Singh et al. n.d.), gradient-weighted class activation mapping (Singh et al. n.d.), and saliency maps (Tham et al. 2021) to enhance clinical interpretability. The diversity of input data types spans clinical variables from electronic health records (Liu et al. n.d.; Sarraju et al. n.d.), electrocardiographic signals (Lujain et al. n.d.; Yoon and Kang 2023), medical imaging including echocardiography (Kusunose et al. n.d.; Laumer et al. 2022; Tokodi et al. n.d.; Yuan et al. 2023), computed tomography , nuclear imaging (Hsu, Warren, and Riddle 2022; Juarez-Orozco et al. n.d.; Pieszko et al. n.d.; Singh et al. n.d.; Toprak et al. n.d.), and novel applications such as retinal photography for cardiovascular risk assessment (Mordi et al. n.d.; Tham et al. 2021).
1.2. Rationale of study
The rapid advancement of machine learning and deep learning technologies in cardiovascular medicine has generated considerable interest, yet the field faces significant challenges in translating promising research findings into evidence-based clinical practice. While individual studies have demonstrated impressive performance metrics, including area under the curve values reaching 0.95 for predicting major adverse limb events (Li et al. n.d.) and superior performance compared to expert readers in medical imaging interpretation (Kusunose et al. n.d.; Laumer et al. 2022), the absence of systematic synthesis has created a critical knowledge gap that impedes informed clinical decision-making and implementation strategies.
The current literature exhibits substantial methodological heterogeneity that complicates comparative assessment and clinical translation. Among the 31 studies identified, multiple studies employed deep learning methodologies, others utilized traditional machine learning approaches, and several studies incorporated both paradigms. This methodological diversity—combined with varying performance metrics, validation frameworks, and comparison standards—prevents direct effectiveness comparisons across investigations and obscures the relative merits of different computational approaches for specific cardiovascular prediction tasks.
Several critical limitations in the existing evidence base underscore the need for systematic evaluation. The predominance of retrospective study designs with limited external validation raises fundamental questions about generalizability and real-world clinical applicability. Additionally, important considerations such as algorithmic bias remain inadequately addressed, with only one study explicitly examining sex-based performance disparities (Straw, Rees, and Nachev 2024), despite well-established evidence regarding the influence of demographic factors on cardiovascular risk prediction accuracy. The heterogeneous nature of traditional comparators, spanning logistic regression and Cox models to established clinical risk scores and expert clinical interpretation, further complicates the assessment of incremental value provided by advanced computational methods.
This systematic review addresses these fundamental limitations by providing a comprehensive, standardized evaluation of machine learning and deep learning approaches across the full spectrum of cardiovascular prediction applications. Through systematic synthesis of evidence from 31 studies encompassing diverse patient populations, prediction targets, and methodological frameworks, this review fills a critical evidence gap for clinicians, researchers, and healthcare systems seeking rigorous guidance on artificial intelligence integration in cardiovascular care. The systematic approach facilitates identification of the most promising methodological approaches, elucidates important implementation challenges and limitations, and establishes a robust foundation for future research priorities in this rapidly evolving domain.
1.3 Purpose of the Systematic Review
The purpose of this systematic review was to comprehensively examine machine learning and deep learning approaches applied to heart disease prediction and evaluate their effectiveness compared to traditional clinical methods. Based on the research question stated in the report, the review aimed to identify what specific ML/DL techniques have been utilized in cardiovascular prediction tasks and assess their comparative performance against established clinical approaches such as traditional risk scores, expert interpretation, and conventional statistical methods like logistic regression and Cox models. The review analyzed 31 studies encompassing various ML/DL methodologies including Convolutional Neural Networks, Recurrent Networks, Ensemble approaches, and traditional algorithms like random forest and extreme gradient boosting to provide evidence on whether these advanced computational methods offer meaningful improvements in predictive accuracy, clinical utility, and implementation feasibility over current standard practices in cardiovascular risk assessment and heart disease prediction. The research questions to be used in the analysis are the following:
Research Questions
1. What machine learning and deep learning approaches have been applied to heart disease prediction, and how effective are they compared to traditional clinical methods?
2. What datasets and evaluation metrics are commonly used in heart disease prediction studies?
3. Which algorithms (machine learning vs. deep learning) demonstrate the highest predictive accuracy and generalization performance?
4. How do interpretability and explainability influence model selection and clinical adoption?
5. What challenges and gaps remain for real-world deployment of ML and DL models in heart disease prediction?




2. methodOLOGY

This systematic literature review follows the established guidelines for conducting and reporting systematic reviews, drawing on the Preferred Reporting Items for Systematic Reviews and meta-analyses (PRISMA) framework. The aim was to identify, evaluate, and synthesize peer-reviewed research focusing on the application of Machine Learning and Deep Learning Approaches for Heart Disease Prediction, between 2020 and 2025. The PRISMA framework guides all stages of the process, including literature identification, screening, eligibility assessment, final inclusion of relevant studies, and visualization of the process. Although the search initially yielded 221 sources, only 31 met the inclusion standards for peer-reviewed, methodologically complete studies.
2.1 Search Strategy
The search strategy employed both automated and manual retrieval methods to ensure a comprehensive collection of relevant studies. The process utilized the Elicit Semantic Scholar AI-assisted search engine for automated literature discovery and relevance scoring. Additionally, a manual search in Scopus, PubMed, IEEE Xplore, Springer link, and ACM Library applied targeted keyword combinations, as shown in Table 1, to refine results and identify peer-reviewed papers potentially missed by automated filtering. This dual approach ensured breadth and precision in literature coverage.

Table 1: Search query formation
	Group A
	“Heart disease” OR “cardiovascular disease” OR “CVD” OR “coronary artery disease” OR “myocardial infarction”

	Group B
	“prediction” OR “risk assessment” OR “classification” OR “diagnosis” OR “prognosis”

	Group C
	“Machine learning” OR “deep learning” OR “Artificial Intelligence” OR “neural network” OR “SVM” OR “random forest” OR “CNN” OR “RNN” OR “LSTM”

	Query
	(Group A) AND (Group B) AND (Group C)



All retrieved studies were screened according to inclusion and exclusion criteria. From an initial 221 records, duplicates and irrelevant studies were removed, resulting in 37 records for title and abstract screening. Following full-text evaluation and eligibility assessment, 31 studies published between 2020 and 2025 were selected for inclusion in the final systematic review.
2.2 Screening and Eligibility
The screening and eligibility process was conducted manually to ensure precision and relevance. All records retrieved from the selected databases underwent a two-stage review process: title and abstract screening followed by full-text assessment. The process aimed to identify studies that specifically addresses machine learning and deep learning approaches applied for heart disease prediction. Each study was systematically assessed against the inclusion and exclusion criteria described below and summarized in Table 2.
A. Inclusion Criteria
Studies were included if they met all the following conditions:
i. Peer-reviewed study: Is this a peer-reviewed publication in a recognized journal or conference?
ii. Clinically relevant Data Sources: Does this study use clinically relevant data sources such as structured clinical data, medical imaging data, electronic health records, or physiological signals?
iii. Comparative Analysis: Does this study include comparison with traditional clinical methods, established risk scores, or other ML/DL approaches?
iv. Human Data: Does this study involve human participants or use human-derived datasets (not exclusively animal models or in vitro experiments)?
v. ML/DL for Heart Disease Prediction: Does this study apply machine learning or deep learning algorithms for heart disease prediction, diagnosis, or risk assessment?
vi. Methodological Details: Does this study report sufficient methodological details about the machine learning or deep learning approach used?
vii. Primary Research with Empirical Validation: Is this a primary research study (experimental, observational, or cross-sectional) that provides empirical validation of ML/DL methods, rather than a conference abstract, editorial, opinion piece, case report, or purely theoretical model?
viii. Quantitative Performance Metrics: Does this study report quantitative performance metrics such as accuracy, sensitivity, specificity, AUC, precision, recall, or similar measures?
ix. Unique Study: Is this study unique (not a duplicate publication or reporting on identical datasets and methods as a previously screened study)?	

B. Exclusion Criteria
Studies were excluded if they met any of the following conditions:
i. Duplicate Publications: Studies reporting identical datasets, methods, and results as previously included studies
ii. Publication Date: Studies published before 2020 or after 2025
iii. Non-peer Reviewed: Preprints, conference abstracts, editorials, opinion pieces, or non-peer-reviewed publications
iv. Insufficient ML/DL Focus: Studies that mention ML/DL techniques but do not primarily focus on their application for heart disease prediction
v. Non-clinical Relevance: Studies using exclusively synthetic data, theoretical models, or non-medical applications
vi. Inadequate Methodology: Studies lacking sufficient detail about ML/DL methods, data preprocessing, or validation approaches
vii. No Performance Evaluation: Studies that do not report quantitative performance metrics or empirical validation results
viii. Review Articles: Systematic reviews, meta-analyses, or narrative reviews (though their references were screened for relevant primary studies)
ix. Language Restrictions: Studies not published in English



Table 2: Inclusion and Exclusion Criteria
	Inclusion Criteria
	Exclusion Criteria

	Peer-reviewed publications
	Duplicate articles or datasets

	Published between 2020 and 2025
	Publications before 2020

	Clinically relevant data sources
	Non-clinical or synthetic data 

	Comparative analysis included
	No comparison with traditional methods

	Human-derived datasets
	Non Human-derived datasets

	Heart disease ML/DL focus
	Insufficient ML/DL focus

	Sufficient methodological details
	Inadequate methodology reporting

	Primary research with empirical validation
	Reviews, editorials, or theoretical papers

	Quantitative performance metrics reported
	No quantitative performance evaluation

	Unique study contribution
	Conference abstracts or preprints



After applying these criteria, 31 studies were deemed eligible and included in the final synthesis of this systematic review. Figure 1 below illustrates the PRISMA flow of the screening process.
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Figure 1: PRISMA diagram

Following the intensive screening, Table 3 below provide a summarized characteristics of the 31 studies selected. Their model approach, algorithms used, application focus, the data sourced, and patient population are described using Table 3. Also, figure 2 shows the distribution of the 221 studies found and their databases for quality assurance, whereas figure 3 shows the studies 31 selected for review.
	S/N
	Study
	Approach
	Algorithm
	Application Focus
	Data Source
	Patient Population

	1
	Li et al., 2023
	ML
	XGBoost, Random Forest, SVM, Naïve Bayes, MLP, Logistic Regression
	30-day risk after open aortoiliac revascularization
	NSQIP vascular database
	9,649 patients, 2011–2021, aortoiliac occlusive disease

	2
	Pandey et al., 2021
	Deep Learning
	Deep Neural Network + Topological Data Analysis (unsupervised + supervised)
	Diastolic dysfunction in HFpEF
	Multi-cohort echocardiography
	HFpEF patients (derivation n=1,242 + 3 trials)

	3
	Kwiendacz et al., 2025
	ML
	LightGBM, Random Forest, SVC, XGBoost, Logistic Regression
	MACE in diabetes + CKD
	Silesia Diabetes-Heart Project
	1,116 DM + CKD patients, median age 67, Poland

	4
	Straw et al., 2024
	ML
	Random Forest, Fast & Accurate Gradient Tree Boosting (fairness-aware)
	Sex bias in cardiac disease prediction
	UCI Heart Failure & CAD datasets
	UCI public datasets (female underrepresentation)

	5
	Chao et al., 2020
	Deep Learning
	3D CNN (Tri2D-Net)
	CVD risk from lung cancer screening LDCT
	NLST + MGH
	10,395 + 335 patients, ages 37–89

	6
	Lin et al., 2022
	Deep Learning
	Hierarchical CNN + DenseNet
	Plaque/stenosis quantification & MI risk (coronary CTA)
	SCOT-HEART trial, multicenter
	921 training, 175 test, 50 IVUS

	7
	Kusunose et al., 2020
	Deep Learning
	Ensemble of Deep CNNs
	Regional wall motion abnormality detection (echo)
	Hoetsu Hospital, Japan
	400 patients (300 MI, 100 controls)

	8
	Laumer et al., 2022
	Deep Learning
	Temporal CNN + Convolutional autoencoder
	Takotsubo syndrome vs. acute MI classification
	Zurich ACS + International Takotsubo Registry
	448 patients (224+224), 90% female

	9
	Upton et al., 2021
	Deep Learning
	Ensemble CNNs (Ultromics platform)
	Severe CAD detection from stress echo
	EVAREST trial (UK/US)
	578 training, 154 test

	10
	Hernandez-Suarez et al., 2022
	ML
	Random Forest, Logistic Regression, SVM, Naïve Bayes, ANN
	In-hospital mortality after TMVR
	US National Inpatient Sample
	849 TMVR patients, mean age 74.8

	11
	Toprak et al., 2024
	ML
	ARTEMIS-POC Gradient Boosting (LightGBM-based)
	Rapid MI rule-out with point-of-care hs-cTnI
	SEIGE (US) + SAMIE (Australia)
	2,560 ED patients, median age 58

	12
	Miller et al., 2022
	Deep Learning
	Convolutional LSTM
	CAC from SPECT/CT → MACE prediction
	Yale + Calgary
	6,608 training, 2,271 test

	13
	Singh et al., 2022
	Deep Learning
	Explainable DL (HARD MACE-DL) + Grad-CAM
	MACE prediction from myocardial perfusion imaging
	REFINE SPECT registry
	20,401 training, 9,019 test

	14
	Juarez-Orozco et al., 2023
	Hybrid
	Gradient Boosting + Survival analysis (hybrid)
	MI/mortality from PET/CT
	Turku PET Centre, Finland
	739 patients, median age 61, 6-year follow-up

	15
	Pieszko et al., 2022
	Deep Learning
	Video-based Deep Learning
	CAC from PET/CT → adverse events
	Cedars-Sinai, multicenter
	9,543 training, 4,331 test

	16
	Lujain et al., 2020
	Hybrid
	CNN + RNN + XGBoost
	Acute MI prediction from ECG
	ECG-ViEW II, Korea
	713,447 ECGs, 371,401 patients

	17
	Kasim et al., 2022
	ML
	Logistic Regression, Random Forest, XGBoost, SVM, MLP
	In-hospital mortality in elderly Asian STEMI
	Malaysia NCVD-ACS registry
	3,991 elderly STEMI, 2006–2017

	18
	Ti et al., 2023
	ML
	XGBoost, Random Forest, SVM, CoxBoost
	Mortality in HFmrEF
	Fuwai Hospital, China
	424 HFmrEF patients, mean age 59

	19
	Ma et al., 2023
	ML
	XGBoost, Random Forest, GBDT, LASSO, SVM
	Contrast-induced AKI in diabetics after PCI
	Four hospitals, China
	3,514 diabetic PCI patients, 2014–2020

	20
	Tokodi et al., 2023
	Deep Learning
	Spatiotemporal CNN (RVENet) + ensemble
	Right ventricular ejection fraction from 2D echo
	Multi-center echocardiography
	831 training, 365 external

	21
	Koo et al., 2024
	Hybrid
	XGBoost + clustering + AI-enabled QCT/CFD
	Acute coronary syndrome culprit lesion prediction
	Coronary CTA
	351 patients, mean age 65.9

	22
	Sarraju et al., 2021
	ML
	XGBoost, Random Forest, Gradient Boosting, Lasso
	Secondary CVD prevention risk stratification
	Northern California EHR
	32,192 patients, median age 74, multiethnic

	23
	Salah and Srinivas, 2022
	Hybrid
	XGBoost, Random Forest, Decision Tree, Deep Neural Network
	Long-term CVD risk in adolescents
	Add Health (US)
	14,083 adolescents, grades 7–12

	24
	Delbarre et al., 2023
	Deep Learning
	ResNet-based CNN
	Cardiac amyloidosis detection from bone scintigraphy
	French hospital databases
	3,048 training, 1,633 external, mean age 78.8

	25
	Tham et al., 2021
	Deep Learning
	Custom CNN + Transfer Learning
	CAC & CVD risk from retinal photographs
	Korea, Singapore, UK Biobank
	527 + 8,551 + 47,679 patients

	26
	Mordi et al., 2025
	Deep Learning
	EfficientNet-B2 + Transfer Learning
	CV outcomes from retinal images in type 2 diabetes
	GoDARTS Scotland
	6,127 T2DM patients, mean age 67

	27
	Yuan et al., 2023
	Deep Learning
	R2+1D CNN + Transfer Learning
	CAC prediction from echocardiography
	Cedars-Sinai + Stanford
	2,881 echo/CT pairs, mean age 72

	28
	Yoon et al., 2023
	Deep Learning
	Bimodal CNN (Inception-v3)
	CVD classification from ECG grayscale + scalograms
	Chapman/Shaoxing ECG database
	10,588 ECGs, 10,646 patients

	29
	Liu et al., 2024
	ML
	XGBoost, Random Forest, SVM, Logistic Regression, Decision Tree, AdaBoost
	Readmission after PCI in NSTEMI
	North Sichuan Medical College, China
	1,363 NSTEMI patients, mean age ~65

	30
	Wang et al., 2021
	ML
	XGBoost, SVM, KNN, Naïve Bayes, MLP, Logistic Regression
	3-year mortality in HF due to coronary disease
	Shanxi Province hospitals, China
	1,562 HF patients, mean age 65

	31
	Hsu et al., 2022
	Deep Learning
	LSTM + RNN + MLP + Ridge + Logistic Regression
	Medication adherence prediction in CVD
	PREDICT CVD cohort, New Zealand
	100,096 patients, mean age 61.8


Table 3: Characteristics of 31 Included studies















Figure 2: Database vs No. of Publications
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Figure 3: Studies found and Selected studies
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2.3 Data Extraction 

Data from all 31 eligible studies was extracted manually using predefined categories to ensure consistency and accuracy. Each article was reviewed in detail and relevant information was recorded based on eight key criteria.
I. First, the ML/DL approach used in each study was documented, including the specific models applied (e.g., Random Forest, SVM, CNN, LSTM), whether hybrid or ensemble methods were used, architecture details, type of input data, and training strategies such as supervised or transfer learning.
II. Next, the prediction target was captured, identifying the type of cardiovascular condition predicted, the prediction purpose (diagnosis, prognosis, risk classification), class structure (binary or multi-class), and relevant patient subgroups or demographic focus.
III. For performance results, all reported evaluation metrics were extracted, including accuracy, AUC, sensitivity, specificity, and F1 score, along with comparative results against baseline or traditional methods. Any stated performance improvements or statistical significance values were also recorded.
IV. Where applicable, traditional comparison methods such as logistic regression, clinical risk scores and guideline-based assessments were noted to identify whether the study evaluated ML/DL performance head-to-head against conventional approaches.
V. The validation method used in each study was captured, including data split proportions, cross-validation techniques, use of external testing datasets, sample sizes at each stage, and whether prospective validation was conducted.
VI. Extracted study limitations included dataset constraints, model generalizability issues, potential bias, lack of external validation, interpretability challenges, and inconsistencies in evaluation metrics or baseline comparisons.
VII. Key details of the study population and datasets were recorded, including dataset sources (e.g., UCI Heart, Cleveland), sample sizes, demographic composition, geographic location, type of data collection, and preprocessing or inclusion criteria.
VIII. Finally, key effectiveness findings were extracted to summarize how ML/DL models performed relative to traditional methods, the strongest performing models, clinical implications, and author-reported recommendations for future research.
2.4 Threats to Validity
Several factors may influence the validity of this systematic review. To reduce bias, multiple reputable databases were used (IEEE Xplore, PubMed, ACM Digital Library, ScienceDirect, Springer Link) and only peer-reviewed studies were included. Clear inclusion and exclusion criteria were also applied during screening and manual selection.
Data extraction bias was controlled through structured extraction forms and predefined categories, though manual extraction introduces some subjectivity since no formal inter-rater reliability assessment was conducted. Construct-related threats exist because studies used varying performance metrics, validation frameworks, and comparison methods, making direct effectiveness comparisons challenging. External validity may be limited since many studies were conducted in specific geographic regions or healthcare systems with diverse clinical contexts ranging from diagnostic to prognostic applications. Statistical conclusion validity was affected by inconsistent external validation procedures and some studies conducting multiple algorithm comparisons without appropriate statistical corrections.
Despite these limitations, systematic screening and extraction procedures were maintained to ensure methodological rigor and provide reliable insights into ML and DL effectiveness for heart disease prediction across different cardiovascular applications.







3. results and discussion

3.1 RQ1. What machine learning and deep learning approaches have been applied to heart disease prediction, and how effective are they compared to traditional clinical methods?
The systematic review of 31 studies revealed a diverse landscape of machine learning and deep learning approaches applied to heart disease prediction, with traditional machine learning methods being most frequently employed. Random Forest emerged as the most popular approach, appearing in 10 studies, followed by XGBoost and its variants in 8 studies, Logistic Regression in 8 studies, and Support Vector Machine or Support Vector Classifier in 7 studies. Additional traditional approaches included Multi-layer Perceptron (3 studies), Gradient Boosting Machine and Gradient Boosting Decision Tree (3 studies), Decision Tree (2 studies), and Least Absolute Shrinkage and Selection Operator (2 studies), with K-Nearest Neighbors and AdaBoost each appearing in single studies. Four studies employed ensemble machine learning or hybrid approaches, demonstrating the field's movement toward combining multiple algorithmic strengths.
Deep learning methods were utilized in 16 studies, with Convolutional Neural Networks and their variants being the most prevalent (8 studies), reflecting their particular strength in processing medical imaging data. Recurrent Neural Network and Long Short-Term Memory architectures appeared in 3 studies, while Convolutional Long Short-Term Memory was employed in 2 studies. The remaining deep learning studies utilized specialized architectures including DenseNet, autoencoder, Inception-v3, EfficientNet, spatiotemporal Convolutional Neural Network, video-based approaches, transfer learning, and explainable deep learning implementations, each appearing in 1-2 studies and demonstrating the field's exploration of cutting-edge architectural innovations.
The clinical applications of these approaches spanned a broad spectrum, with imaging-based risk prediction and general risk prediction each representing 8 studies, followed by imaging-diagnosis (5 studies), imaging-quantification (2 studies), electrocardiogram-based diagnosis and classification (2 studies), perioperative risk assessment (2 studies), and single studies addressing medication adherence, algorithmic bias and fairness, and diagnosis and triage. This distribution reflects the versatility of machine learning and deep learning approaches across different aspects of cardiovascular care, from diagnostic support to prognostic assessment and treatment optimization.
When compared to traditional clinical methods, machine learning and deep learning approaches demonstrated predominantly superior performance across the reviewed studies. Of the 31 studies, 17 reported machine learning or deep learning approaches as superior to traditional methods, 7 demonstrated non-inferior or matched expert and standard performance, 2 showed comparable performance with benefits when combined, 4 lacked direct traditional comparisons, and 1 focused on bias analysis rather than performance comparison. The superior performance was often substantial, with several studies showing significant improvements in key performance metrics. For example, (Li et al. n.d.) achieved an XGBoost Area Under the Receiver Operating Characteristic curve of 0.95 compared to 0.79 for logistic regression in predicting 30-day major adverse limb events and death after revascularization, representing a clinically meaningful improvement of 0.16 in AUC.
The effectiveness of these approaches was particularly pronounced in specific clinical domains. (Pandey et al. n.d.) demonstrated that a Deep Neural Network achieved an Area Under the Curve of 0.88 for diastolic dysfunction risk assessment compared to 0.67 from 2016 American Society of Echocardiography guidelines, with statistical significance (p=0.01). Similarly, (Kasim et al. n.d.) showed that Deep Learning approaches achieved an AUC of 0.95 versus 0.75 for the Thrombolysis in Myocardial Infarction score in predicting ST-elevation myocardial infarction mortality (p<0.0001). In imaging applications, (Chao et al. n.d.) found that Deep Learning achieved AUCs of 0.87 in the National Lung Screening Trial and 0.92 in the Massachusetts General Hospital dataset for cardiovascular disease risk assessment from low-dose computed tomography, significantly outperforming radiologist coronary artery calcium assessment and other machine learning approaches (p<0.0001).
Even when machine learning and deep learning approaches did not demonstrate clear superiority, they often achieved non-inferior performance while offering operational advantages. (Kusunose et al. n.d.) found that Deep Convolutional Neural Network achieved an AUC of 0.99 compared to cardiologists and sonographers' AUC of 0.98 for regional wall motion abnormality detection, demonstrating that artificial intelligence could match expert performance while potentially offering greater consistency and availability. (Lin et al. 2022) reported that their Deep Learning approach for plaque and stenosis quantification achieved Intraclass Correlation Coefficients of 0.96-0.99 with 100% sensitivity and 97.5% specificity, matching expert readers and intravascular ultrasound standards while providing faster analysis.
The performance patterns revealed that XGBoost emerged as the best-performing algorithm in 7 studies, while general deep learning, artificial intelligence, or machine learning approaches were identified as best performers in 9 studies. Other top-performing approaches included Light Gradient Boosting Machine, Random Forest, Deep Convolutional Neural Network, Convolutional Neural Network, Long Short-Term Memory, Naive Bayes, hybrid approaches, RetiCAC, and Logistic Regression as machine learning implementations, each being the best performer in individual studies. The most commonly reported performance metrics were Area Under the Curve or Area Under the Receiver Operating Characteristic curve (18 studies), accuracy (3 studies), sensitivity and specificity (3 studies), and specialized metrics including kappa, Intraclass Correlation Coefficient, Mean Absolute Error, Hazard Ratio, Concordance Index, or Negative Predictive Value (7 studies).
Beyond performance improvements, several studies highlighted operational advantages of machine learning and deep learning approaches that could facilitate clinical adoption. These included significant speed improvements, with deep learning models for coronary artery calcium scoring providing instant results compared to manual annotation times of minutes to seconds, improved inter-reader agreement in stress echocardiography interpretation, and the development of online calculators for risk prediction that could facilitate clinical integration. Some studies also incorporated explainability features such as Shapley Additive Explanations values, attention maps, or other interpretability tools to aid clinical decision-making, addressing one of the key barriers to clinical adoption of artificial intelligence systems.
However, the review also identified important limitations that temper these positive findings. Approximately half of the studies performed external validation, and those that did sometimes noted decreased accuracy or Area Under the Curve in external datasets, raising questions about generalizability. (Straw, Rees, and Nachev 2024) specifically identified persistent sex bias in machine learning models for cardiac disease, with standard remediation techniques failing to fully address disparities, highlighting ongoing challenges in algorithmic fairness. Additionally, few studies included prospective validation, with most being retrospective analyses, and there was considerable heterogeneity in study populations, with some limited to single centers or specific demographic groups, potentially limiting the broader applicability of the findings.


	S/N
	Study
	Clinical Application
	Machine Learning/Deep Learning Performance
	Traditional Method Performance
	Comparison Outcome

	1
	Li et al., 2023
	30-day major adverse limb events/death after revascularization
	XGBoost, AUC 0.95
	Logistic Regression, AUC 0.79
	Machine learning superior, robust across subgroups

	2
	Pandey et al., 2021
	Diastolic dysfunction risk
	Deep Neural Network, AUC 0.88
	2016 American Society of Echocardiography guideline, AUC 0.67
	Deep Neural Network superior (p=0.01)

	3
	Kwiendacz et al., 2025
	Cardiovascular events in diabetes mellitus + chronic kidney disease
	Light Gradient Boosting Machine, AUC 0.74
	No direct traditional comparator
	Light Gradient Boosting Machine best among machine learning approaches

	4
	Nachev et al., 2024
	Sex bias in cardiac machine learning
	Random Forest, accuracy 84-86%
	No mention found
	Sex bias persists, remediation limited

	5
	Chao et al., 2020
	Cardiovascular disease risk from low-dose computed tomography
	Deep Learning, AUC 0.87 (NLST), 0.92 (MGH)
	Radiologist coronary artery calcium, other ML approaches
	Deep Learning superior, significant (p<0.0001)

	6
	Lin et al., 2022
	Plaque/stenosis quantification
	Intraclass Correlation Coefficient 0.96-0.99, sensitivity 100%, specificity 97.5%
	Expert readers, intravascular ultrasound
	Deep Learning matches experts, high agreement

	7
	Kusunose et al., 2020
	Regional wall motion abnormality detection
	Deep Convolutional Neural Network, AUC 0.99
	Cardiologists/sonographers, AUC 0.98
	Deep Convolutional Neural Network non-inferior, better than residents

	8
	Laumer et al., 2022
	Takotsubo syndrome vs acute myocardial infarction classification
	AUC 0.79, accuracy 74.8%
	Cardiologists, AUC 0.71, accuracy 64.4%
	Machine learning superior, especially in apical Takotsubo syndrome/LAD MI

	9
	Upton et al., 2021
	Stress echocardiography coronary artery disease detection
	AUC 0.93, specificity 92.7%, sensitivity 84.4%
	Clinician with AI, AUC 0.93
	Artificial intelligence improves sensitivity, agreement

	10
	Hernandez-Suarez et al., 2022
	Transcatheter mitral valve repair in-hospital mortality
	Naive Bayes, AUC 0.83
	Logistic Regression, AUC 0.77
	Naive Bayes best, machine learning superior

	11
	Toprak et al., 2024
	Myocardial infarction rule-out with point-of-care troponin
	Negative Predictive Value 99.96%, sensitivity 99.68%
	ESC/ACC pathways, NPV 100%, sensitivity 100%
	Machine learning identifies more for rule-out, similar safety

	12
	Miller et al., 2022
	Coronary artery calcium from SPECT/CT
	Deep Learning, kappa 0.80, hazard ratios for major adverse cardiovascular events
	Expert annotation, Net Reclassification Improvement 0.50
	Deep Learning matches experts, faster

	13
	Singh et al., 2022
	Major adverse cardiovascular events from myocardial perfusion imaging
	HARD MACE-DL, AUC 0.73
	Logistic Regression, AUC 0.70; Total Perfusion Deficit, AUC 0.65
	Deep Learning superior (p<0.01)

	14
	Juarez-Orozco et al., 2023
	Myocardial infarction/mortality from PET/CT
	Hybrid, Concordance Index 0.81
	Expert, Concordance Index 0.71; Calcium, C-index 0.64
	Hybrid superior (p=0.014)

	15
	Pieszko et al., 2022
	Coronary artery calcium from PET/CT
	Stepwise Hazard Ratio up to 3.2
	Standard CAC NPV 85%
	Deep Learning matches standard, instant scoring

	16
	Lujain et al., 2020
	Acute myocardial infarction from ECG
	XGBoost, AUC 96.5%
	No mention found
	XGBoost best, age/sex important

	17
	Kasim et al., 2022
	ST-elevation myocardial infarction mortality
	Deep Learning, AUC 0.95
	Thrombolysis in Myocardial Infarction, AUC 0.75
	Deep Learning superior (p<0.0001)

	18
	Ti et al., 2023
	Heart failure with mid-range ejection fraction mortality
	XGBoost, AUC 0.92
	Logistic Regression, AUC 0.76
	Machine learning superior

	19
	Ma et al., 2023
	Contrast-induced acute kidney injury in diabetics
	XGBoost, AUC 0.82
	Mehran, AUC 0.65
	Machine learning superior

	20
	Tokodi et al., n.d.
	Right ventricular ejection fraction from 2D echocardiography
	Mean Absolute Error 4.6-5.5%, accuracy 78.4%
	Expert accuracy 77%
	Deep Learning non-inferior, robust

	21
	Koo et al., 2024
	Acute coronary syndrome culprit lesion
	AI-QCPHA, AUC 0.84
	CAD-RADS/High-Risk Plaque, AUC 0.78
	Artificial intelligence superior (p<0.001)

	22
	Sarraju et al., 2021
	Secondary cardiovascular disease prevention
	XGBoost, AUC 0.70
	Thrombolytic Risk Score 2°P, AUC 0.51
	Machine learning superior

	23
	Salah and Srinivas, 2022
	Adolescent cardiovascular disease risk
	XGBoost, AUC-ROC 84.5%
	Logistic Regression lower
	XGBoost best (p<0.05)

	24
	Delbarre et al., 2023
	Cardiac amyloidosis
	Sensitivity 98.9%, specificity 99.5%, AUC 0.999
	No mention found
	Deep Learning highly effective

	25
	Tham et al., 2021
	Coronary artery calcium from retinal photos
	RetiCAC, AUC 0.74
	Age, AUC 0.70
	RetiCAC superior

	26
	Mordi et al., 2025
	Cardiovascular disease from retinal images
	AUC 0.69
	Pooled Cohort Equations, AUC 0.69
	Comparable, combined AUC 0.73

	27
	Yuan et al., 2023
	Coronary artery calcium from echocardiography
	AUC 0.81 (zero), 0.74 (high)
	CT CAC similar
	Deep Learning matches CT, robust

	28
	Yoon et al., 2023
	Cardiovascular disease classification from ECG
	Bimodal Convolutional Neural Network, AUC 0.99
	Logistic Regression, XGBoost, LSTM lower
	Convolutional Neural Network best

	29
	Liu et al., 2024
	Non-ST-elevation myocardial infarction readmission
	Logistic Regression, AUC 0.75
	Global Registry of Acute Coronary Events, AUC 0.65
	Logistic Regression best, machine learning superior

	31
	Wang et al., 2021
	3-year mortality in heart failure-coronary heart disease
	XGBoost, AUC 0.82
	No mention found
	XGBoost best

	32
	Riddle et al., 2022
	Medication adherence
	Long Short-Term Memory, AUC 0.81
	MLP, Ridge Classifier, Logistic Regression lower
	Long Short-Term Memory best


Table 4. Comparative Performance of ML/DL Models and Traditional Clinical Methods in Heart Disease Prediction

3.2 RQ2. What datasets and evaluation metrics are commonly used in heart disease prediction studies?
The 31 studies included in this systematic review utilized a diverse array of datasets, with imaging databases representing the most common data source, appearing in 15 studies and encompassing various modalities including echocardiography, computed tomography, single-photon emission computed tomography, positron emission tomography, and retinal imaging. This prevalence of imaging-based datasets reflects the growing importance of medical imaging in cardiovascular risk assessment and the particular strength of deep learning approaches in processing visual data. Registry-based datasets were the second most common source, utilized in 5 studies, followed by hospital-based data in 5 studies, electronic health records in 2 studies, and cohort or biobank data in 3 studies. Few studies utilized public datasets, demonstrating the field's reliance on both proprietary clinical data and openly available research datasets. Notably, 10 studies employed multicenter or multi-country data, which enhances the generalizability and external validity of their findings by incorporating diverse patient populations and healthcare systems.
The sample sizes of the included studies varied dramatically, reflecting the different scales and scopes of cardiovascular research initiatives. Six studies included fewer than 500 participants, representing smaller, often specialized clinical investigations, while 2 studies included 500-1,000 participants, 4 studies included 1,000-2,000 participants, 5 studies included 2,000-5,000 participants, and 5 studies included 5,000-10,000 participants. Eight studies included more than 10,000 participants, with the largest being (Lujain et al. n.d.), which analyzed 713,447 electrocardiograms from 371,401 patients in Korea, demonstrating the potential for machine learning approaches to leverage massive clinical datasets. Other notably large studies included (Sarraju et al. n.d.) with 32,192 patients from Northern California electronic health records, (Tham et al. 2021) with 47,679 participants from the UK Biobank for retinal-based coronary artery calcium prediction, and (Singh et al. n.d.) with 20,401 training and 9,019 external test patients for major adverse cardiovascular events prediction from myocardial perfusion imaging.
The geographic distribution of the datasets provided global representation of cardiovascular disease patterns and healthcare systems, with studies originating from the United States (6 studies), China (6 studies), Korea (2 studies), and single studies from Japan, Poland, Malaysia, Singapore, the United Kingdom, Scotland, Finland, and New Zealand. This international scope is particularly valuable given the known variations in cardiovascular disease prevalence, risk factors, and clinical practices across different populations and healthcare systems. Several studies specifically leveraged well-established, large-scale clinical databases and registries, including the National Surgical Quality Improvement Program vascular database (Li et al. n.d.), the National Lung Screening Trial (Chao et al. n.d.), the UK Biobank (Tham et al. 2021), and the National Inpatient Sample (Hernandez-Suarez et al. 2022), providing access to high-quality, standardized clinical data with extensive follow-up and outcome information.
Many studies focused on specialized patient populations, reflecting the heterogeneity of cardiovascular disease and the need for targeted prediction models. Three studies specifically examined patients with diabetes, recognizing this population's elevated cardiovascular risk and unique clinical characteristics. (Kwiendacz et al. n.d.) studied patients with both diabetes mellitus and chronic kidney disease, (Ma et al. n.d.) focused on diabetics undergoing percutaneous coronary intervention, and (Mordi et al. n.d.) examined cardiovascular outcomes in type 2 diabetes patients using retinal imaging. Two studies addressed heart failure with preserved or mid-range ejection fraction (Pandey et al. n.d.; Ti et al. n.d.), while other specialized populations included adolescents (Salah and Srinivas n.d.), elderly patients (Kasim et al. n.d.), female-predominant populations (Laumer et al. 2022), emergency department patients (Toprak et al. n.d.), and one study specifically designed to analyze bias and fairness in algorithmic predictions (Straw, Rees, and Nachev 2024).
The evaluation metrics employed across the studies showed a clear preference for discrimination measures, with Area Under the Curve or Area Under the Receiver Operating Characteristic curve being the most frequently reported metric, appearing in 18 studies. This preference reflects the clinical importance of distinguishing between patients who will and will not experience cardiovascular events, making discrimination a critical performance characteristic for clinical decision-making. Accuracy was reported in 3 studies, while sensitivity and specificity were jointly reported in 3 studies, providing insights into the models' ability to correctly identify both positive and negative cases. Seven studies employed specialized metrics including kappa coefficients for inter-rater agreement, Intraclass Correlation Coefficients for quantitative measurements, Mean Absolute Error for continuous predictions, Hazard Ratios for survival analysis, Concordance Index for time-to-event outcomes, and Negative Predictive Value for rule-out applications.
The performance metric ranges varied considerably across different clinical applications, reflecting both the inherent difficulty of different prediction tasks and the quality of available data. Risk prediction studies typically achieved AUC values ranging from 0.70 to 0.95, with (Li et al. n.d.) achieving the highest AUC of 0.95 for post-surgical risk prediction using XGBoost. Imaging-based diagnosis studies showed the widest performance range, from 0.79 to 0.999, with (Delbarre et al. n.d.) achieving near-perfect performance (AUC 0.999) for cardiac amyloidosis detection from bone scans using Convolutional Neural Networks. ECG-based classification studies consistently achieved high performance, with AUC values ranging from 0.96 to 0.99, while imaging quantification studies reported Intraclass Correlation Coefficients between 0.96 and 0.99, indicating excellent agreement with expert assessments.
Several studies incorporated external validation datasets to assess generalizability, with approximately half of the included studies performing some form of external validation. Notable examples include (Miller et al. n.d.), which used 6,608 patients for training and 2,271 for external testing in coronary artery calcium prediction from single-photon emission computed tomography, and (Pieszko et al. n.d.), which employed 9,543 training patients and 4,331 external test patients for coronary artery calcium assessment from positron emission tomography. These external validation efforts often revealed performance decreases compared to internal validation, highlighting the challenges of model generalization across different populations and clinical settings.
The temporal aspects of the datasets also varied significantly, with some studies utilizing historical data spanning multiple years to capture long-term trends and outcomes. For example, (Li et al. n.d.) analyzed data from 2011-2021, (Kasim et al. n.d.) used data from 2006-2017, and (Ma et al. n.d.) included patients from 2014-2020. This temporal breadth allows for the assessment of model stability over time and the incorporation of evolving clinical practices, though it may also introduce challenges related to changing diagnostic criteria, treatment protocols, and population characteristics. The combination of diverse data sources, varying sample sizes, global geographic representation, specialized populations, and comprehensive evaluation metrics demonstrates the field's commitment to rigorous validation of machine learning and deep learning approaches across the full spectrum of cardiovascular disease prediction challenges.




3.3 RQ3. Which algorithms (machine learning vs. deep learning) demonstrate the highest predictive accuracy and generalization performance?
The comparative analysis of algorithm performance across the 31 studies revealed distinct patterns in predictive accuracy between traditional machine learning and deep learning approaches, with performance advantages varying significantly by application domain and data type. Among traditional machine learning algorithms, XGBoost emerged as the most consistently high-performing approach, achieving top performance in 7 studies across diverse clinical applications. (Li et al. n.d.) demonstrated XGBoost's exceptional capability in post-surgical risk prediction, achieving an Area Under the Receiver Operating Characteristic curve of 0.95 for 30-day major adverse limb events and death after aortoiliac revascularization, substantially outperforming logistic regression's AUC of 0.79. Similarly, (Ti et al. n.d.) found XGBoost superior for mortality prediction in heart failure with mid-range ejection fraction, achieving an AUC of 0.92 compared to logistic regression's 0.76, while (Ma et al. n.d.) reported XGBoost's AUC of 0.82 for contrast-induced acute kidney injury prediction in diabetics, significantly outperforming the Mehran score's AUC of 0.65.
Deep learning approaches demonstrated superior performance in 9 studies, with their advantages being particularly pronounced in applications involving complex data types such as medical imaging and signal processing. (Delbarre et al. n.d.)  achieved the highest reported performance across all studies, with their Convolutional Neural Network achieving an AUC of 0.999, sensitivity of 98.9%, and specificity of 99.5% for cardiac amyloidosis detection from bone scans, representing near-perfect diagnostic accuracy. (Yoon and Kang 2023) demonstrated exceptional performance in cardiovascular disease classification from electrocardiograms using a Bimodal Convolutional Neural Network that achieved an AUC of 0.99, substantially outperforming traditional approaches including logistic regression, XGBoost, and Long Short-Term Memory networks. (Kusunose et al. n.d.) showed that Deep Convolutional Neural Networks could achieve an AUC of 0.99 for regional wall motion abnormality detection from echocardiography, matching or slightly exceeding cardiologists and sonographers' AUC of 0.98 while providing greater consistency and availability.
The performance patterns revealed clear domain-specific advantages for different algorithmic approaches. Traditional machine learning methods, particularly ensemble approaches like XGBoost, Random Forest, and Gradient Boosting Machines, demonstrated superior performance when working with structured clinical data, tabular datasets, and traditional risk factor variables. These approaches achieved AUC ranges of 0.70-0.95 across risk prediction applications, with their interpretability and efficiency making them particularly suitable for clinical decision support systems. (Kwiendacz et al. n.d.) found Light Gradient Boosting Machine achieved the best performance (AUC 0.74) among multiple machine learning approaches for cardiovascular event prediction in patients with diabetes and chronic kidney disease, while (Sarraju et al. n.d.) demonstrated XGBoost's superiority (AUC 0.70) over the Thrombolytic Risk Score 2°P (AUC 0.51) for secondary cardiovascular disease prevention.
Deep learning approaches showed their greatest advantages in applications involving high-dimensional, complex data types, particularly medical imaging and physiological signals, achieving AUC ranges from 0.69 to 0.999. (Chao et al. n.d.) demonstrated deep learning's superiority in cardiovascular risk assessment from low dose computed tomography, achieving AUCs of 0.87 in the National Lung Screening Trial and 0.92 in the Massachusetts General Hospital dataset, significantly outperforming radiologist coronary artery calcium assessment and other machine learning approaches (p<0.0001). (Lin et al. 2022) showed that hierarchical Convolutional Long Short-Term Memory networks could achieve Intraclass Correlation Coefficients of 0.96-0.99 with 100% sensitivity and 97.5% specificity for plaque and stenosis quantification, matching expert readers while providing automated analysis capabilities.
Generalization performance, assessed through external validation, revealed important differences between algorithm types and highlighted challenges in real-world deployment. Approximately half of the included studies performed external validation, with results showing varying degrees of performance maintenance across different populations and clinical settings. (Singh et al. n.d.) demonstrated robust generalization with their HARD MACE-DL deep learning approach, maintaining an AUC of 0.73 in external validation with 20,401 training patients and 9,019 external test patients for major adverse cardiovascular events prediction from myocardial perfusion imaging, outperforming both logistic regression (AUC 0.70) and Total Perfusion Deficit (AUC 0.65) in external datasets. (Miller et al. n.d.) showed strong generalization for their Convolutional Long Short-Term Memory approach in coronary artery calcium prediction, with external validation in 2,271 patients demonstrating kappa of 0.80 and maintaining expert-level agreement while providing significantly faster analysis.
However, several studies revealed generalization challenges that varied by algorithm type. (Pieszko et al. n.d.) found that while their deep learning approach for coronary artery calcium assessment from positron emission tomography maintained good performance in external validation (4,331 external test patients), some performance degradation was observed compared to internal validation results. Traditional machine learning approaches showed mixed generalization results, with some studies noting that simpler models like logistic regression occasionally demonstrated more stable performance across different populations, though often at lower overall accuracy levels.
The analysis revealed that hybrid and ensemble approaches often achieved the best balance between accuracy and generalization. (Juarez-Orozco et al. n.d.) demonstrated this with their hybrid machine learning-survival approach for myocardial infarction and mortality prediction from positron emission tomography, achieving a Concordance Index of 0.81 compared to expert assessment (0.71) and calcium scoring (0.64), with statistical significance (p=0.014). (Upton et al. n.d.) showed that ensemble machine learning approaches could achieve an AUC of 0.93 for stress echocardiography coronary artery disease detection, with the artificial intelligence system improving clinician sensitivity and agreement while maintaining high specificity.
Geographic and demographic factors significantly influenced generalization performance, with studies conducted across multiple countries or healthcare systems generally showing more robust external validation results. (Tham et al. 2021) demonstrated this with their RetiCAC deep learning approach for coronary artery calcium prediction from retinal photographs, achieving consistent performance across datasets from Korea (527 patients), Singapore (8,551 patients), and the UK Biobank (47,679 patients), with AUC of 0.74 outperforming age-based prediction (AUC 0.70). However, (Straw, Rees, and Nachev 2024) identified persistent challenges in generalization related to demographic bias, finding that sex bias persisted in cardiac machine learning models with Random Forest accuracy of 84-86%, and standard remediation techniques showed limited effectiveness in addressing these disparities.
The temporal stability of algorithm performance also emerged as an important generalization consideration. Studies utilizing data spanning multiple years, such as (Kasim et al. n.d.) with data from 2006-2017, demonstrated that deep learning approaches could maintain superior performance (AUC 0.95) compared to traditional risk scores (TIMI AUC 0.75) across different time periods, suggesting robustness to evolving clinical practices and population characteristics. However, the rapid evolution of both machine learning techniques and clinical care practices raises questions about the long-term generalizability of current models, particularly for deep learning approaches that may be more sensitive to subtle changes in data distribution.
Overall, the evidence suggests that while deep learning approaches achieve the highest peak performance, particularly in imaging and signal processing applications, traditional machine learning methods like XGBoost and Random Forest often provide more consistent generalization performance across diverse populations and clinical settings. The choice between approaches appears to depend critically on the specific clinical application, available data types, sample sizes, and the relative importance of peak performance versus robust generalization in the intended deployment environment.
3.4 RQ4. How do interpretability and explainability influence model selection and clinical adoption?
The systematic review revealed limited explicit discussion of interpretability and explainability influences on model selection and clinical adoption across the 31 included studies, suggesting that this critical aspect of clinical artificial intelligence implementation remains underexplored in current heart disease prediction research. However, the available evidence provides some insights into how interpretability considerations may be shaping algorithmic choices and clinical integration efforts. Several studies incorporated explainability features into their machine learning and deep learning approaches, indicating growing recognition of the importance of model transparency for clinical acceptance. (Singh et al. n.d.) developed "HARD MACE-DL" with explicit explainable deep learning capabilities for major adverse cardiovascular events prediction from myocardial perfusion imaging, though the specific impact of these explainability features on clinical adoption was not detailed in the study results.
The incorporation of interpretability tools appeared in various forms across different studies, suggesting diverse approaches to addressing the "black box" problem in clinical artificial intelligence. Some studies incorporated Shapley Additive Explanations values, attention maps, or other explainability tools to aid clinical interpretation, though the report does not provide extensive detail about how these tools influenced clinician acceptance or decision-making processes. (Lujain et al. n.d.) noted that age and sex emerged as important features in their XGBoost models for acute myocardial infarction prediction from electrocardiograms, demonstrating how feature importance analysis can provide clinically meaningful insights that align with established cardiovascular risk factors. This type of feature importance analysis may enhance clinician confidence by confirming that models are learning clinically relevant patterns rather than spurious correlations.
The persistent popularity of traditional machine learning approaches, particularly Random Forest (10 studies), XGBoost (8 studies), and Logistic Regression (8 studies), may reflect implicit preferences for more interpretable algorithms, though the studies did not explicitly state interpretability as a selection criterion. These approaches generally offer greater transparency in their decision-making processes compared to deep neural networks, with Random Forest providing feature importance rankings, XGBoost offering built-in feature importance and partial dependence plots, and Logistic Regression providing directly interpretable coefficients. The continued frequent use of these methods alongside deep learning approaches suggests that interpretability considerations may be influencing algorithmic choices, even when not explicitly stated as selection criteria.
Clinical integration efforts appeared to prioritize practical usability alongside performance, with some studies developing online calculators for risk prediction to facilitate clinical integration, though the specific role of interpretability in these tools was not extensively detailed. These calculator implementations suggest recognition that clinical adoption requires not only high performance but also accessible, interpretable interfaces that can be easily integrated into clinical workflows. The development of such tools indicates awareness that complex algorithms must be translated into clinically actionable formats, though the studies did not provide detailed analysis of how interpretability features influenced actual clinical uptake or user acceptance.
The contrast between traditional machine learning and deep learning adoption patterns may reflect interpretability trade-offs, though this was not explicitly analyzed in the reviewed studies. Deep learning approaches achieved the highest peak performance, particularly in imaging applications, with studies like (Delbarre et al. n.d.) achieving near-perfect performance (AUC 0.999) for cardiac amyloidosis detection. However, traditional machine learning approaches appeared slightly more frequently overall than deep learning (approx. 19 occurrences vs. 16), with several studies using both paradigms. This trend suggests that factors beyond raw predictive accuracy—such as interpretability, computational efficiency, and ease of implementation—may be influencing model selection. The continued wide use of traditional machine learning, even where deep learning achieves higher peak performance, reinforces the importance of these practical considerations in clinical contexts.
The limited discussion of interpretability and explainability in the reviewed studies represents a significant gap in the current literature, particularly given the critical importance of these factors for clinical adoption of artificial intelligence systems. (Straw, Rees, and Nachev 2024) identified persistent sex bias in cardiac machine learning models, highlighting how lack of interpretability can mask important fairness issues that could undermine clinical trust and adoption. This finding suggests that interpretability is not merely a convenience feature but a necessary component for identifying and addressing algorithmic bias that could have serious clinical consequences.
The absence of detailed interpretability analysis in most studies may reflect the current state of the field, where performance optimization has taken precedence over explainability considerations. However, this gap represents a critical limitation for real-world clinical deployment, as healthcare providers typically require understanding of how diagnostic and prognostic tools reach their conclusions, both for clinical decision-making and for regulatory and liability considerations. The limited evidence available suggests that future research should prioritize systematic evaluation of how interpretability features influence clinical acceptance, decision-making quality, and patient outcomes.
The few studies that did incorporate explainability features did not provide comprehensive analysis of their impact on clinical workflows or adoption rates, representing a missed opportunity to understand how interpretability influences real-world implementation. This gap in the literature suggests that while the technical development of interpretable machine learning and explainable artificial intelligence has advanced significantly, the systematic evaluation of these approaches in clinical contexts remains limited. Future research should address this gap by incorporating formal assessment of interpretability influences on clinician behavior, decision confidence, and patient care outcomes, as these factors are likely to be critical determinants of successful clinical adoption of machine learning and deep learning approaches in cardiovascular medicine.
3.5 RQ5. What challenges and gaps remain for real-world deployment of ML and DL models in heart disease prediction?
The systematic review identified numerous significant challenges and gaps that impede the real-world deployment of machine learning and deep learning models in heart disease prediction, with validation and generalizability issues representing the most prominent barriers to clinical implementation. A critical limitation revealed across the 31 studies was that only approximately half performed external validation, and among those that did, many noted decreased performance in external datasets compared to internal validation results. This pattern suggests that many models may be overfitted to their training populations and may not maintain their reported performance when deployed in different clinical settings or patient populations. (Pieszko et al. n.d.) exemplified this challenge, finding that while their deep learning approach for coronary artery calcium assessment maintained good performance in external validation with 4,331 external test patients, some performance degradation was observed compared to internal validation results, highlighting the persistent gap between laboratory performance and real-world generalizability.
The predominance of retrospective analyses represents another fundamental challenge for clinical deployment, as few studies included prospective validation that would more accurately reflect real-world performance. This retrospective bias means that most models have been developed and validated using historical data that may not accurately represent current clinical practices, patient populations, or healthcare delivery systems. The temporal gap between data collection and model deployment introduces uncertainties about whether historical patterns will persist in contemporary clinical environments, particularly given the rapid evolution of cardiovascular treatments, diagnostic technologies, and population health characteristics. Studies like (Kasim et al. n.d.), which used data from 2006-2017, demonstrate this temporal challenge, as clinical practices and patient characteristics may have evolved significantly since the data collection period.
Algorithmic bias and fairness issues present serious obstacles to equitable clinical deployment, with (Straw, Rees, and Nachev 2024) providing direct evidence of persistent sex bias in cardiac machine learning models. Their findings showed that Random Forest models achieved accuracy of 84-86% but exhibited systematic bias against female patients, and critically, standard remediation techniques showed limited effectiveness in addressing these disparities. This finding is particularly concerning given the historical underrepresentation of women in cardiovascular research and the known differences in cardiovascular disease presentation and outcomes between sexes. The persistence of bias despite remediation attempts suggests that current approaches to algorithmic fairness may be insufficient for clinical deployment, where equitable care across all demographic groups is essential.
Geographic and demographic generalizability challenges further complicate real-world deployment, as many studies were limited to single centers or specific populations, raising questions about performance across diverse healthcare systems and patient populations. While some studies utilized multicenter or international datasets, others focused on narrow demographic ranges that may not represent the full spectrum of patients encountered in clinical practice. (Mordi et al. n.d.) studied type 2 diabetes patients in Scotland, (Kasim et al. n.d.) focused on elderly Asian patients in Malaysia, and (Salah and Srinivas n.d.) examined adolescents in the United States, each providing valuable insights for their specific populations but potentially limiting broader applicability. The challenge is compounded by known variations in cardiovascular disease prevalence, risk factors, and clinical practices across different geographic regions and healthcare systems.
Methodological heterogeneity across studies creates significant challenges for comparing approaches and selecting optimal models for clinical deployment. The studies employed different performance metrics and validation approaches, making direct comparisons challenging and potentially limiting the ability of healthcare systems to make informed decisions about which models to implement. Some studies reported Area Under the Curve values, others focused on accuracy, sensitivity, and specificity, while still others used specialized metrics like Intraclass Correlation Coefficients or Concordance Indices. This inconsistency in evaluation approaches makes it difficult for clinicians and healthcare administrators to assess relative model performance and select the most appropriate tools for their specific clinical contexts.
The variability in traditional methods used as comparators further complicates the assessment of clinical utility, as different studies compared their machine learning and deep learning approaches against different baseline methods, from simple logistic regression to established clinical risk scores to expert assessment. This heterogeneity makes it challenging to establish consistent benchmarks for clinical performance and to understand how new approaches would perform relative to current standard-of-care practices in specific clinical settings. (Li et al. n.d.) compared against logistic regression, (Pandey et al. n.d.) compared against American Society of Echocardiography guidelines, and (Kasim et al. n.d.) compared against the Thrombolysis in Myocardial Infarction score, each providing valuable but not directly comparable insights.
Data integration and infrastructure challenges represent practical barriers to clinical deployment that were inadequately addressed in the reviewed studies. The diversity of data sources, including imaging databases, registries, hospital-based data, electronic health records, and cohort studies, creates integration challenges when attempting to implement models in real-world clinical environments where data may come from multiple, potentially incompatible systems. The studies provided limited information about computational requirements, implementation costs, or the technical infrastructure needed to deploy these models in clinical practice, representing a significant gap in understanding the practical feasibility of real-world implementation.
Clinical workflow integration barriers remain largely unexplored in the current literature, with most studies focusing on technical performance rather than practical implementation considerations. While some studies highlighted operational advantages such as speed improvements and automated analysis capabilities, few provided detailed analysis of how these tools would integrate into existing clinical workflows, what training would be required for clinical staff, or how the models would interface with existing electronic health record systems and clinical decision support tools. (Upton et al. n.d.) noted that artificial intelligence assistance improved clinician sensitivity and agreement in stress echocardiography interpretation but did not provide detailed analysis of workflow integration challenges or user acceptance factors.
Regulatory and validation pathway challenges represent another significant gap, as the reviewed studies provided limited information about regulatory approval processes, quality assurance requirements, or the validation standards that would be required for clinical deployment. The path from research demonstration to clinical implementation typically requires extensive additional validation, regulatory review, and quality assurance processes that were not addressed in the current literature. This gap is particularly important given the increasing regulatory scrutiny of artificial intelligence tools in healthcare and the need for robust validation frameworks that ensure patient safety and clinical efficacy.
The limited assessment of long-term model performance and maintenance requirements represents a critical gap for sustainable clinical deployment. Most studies provided snapshot assessments of model performance without addressing how these models would be monitored, updated, or maintained over time as clinical practices evolve, patient populations change, or new data becomes available. The rapid evolution of both machine learning techniques and clinical care practices raises important questions about model longevity and the infrastructure required to ensure continued performance over time.
Finally, the insufficient evaluation of cost-effectiveness and resource requirements represents a practical barrier to widespread adoption. Healthcare systems must make resource allocation decisions based not only on clinical performance but also on cost-effectiveness, implementation requirements, and return on investment. The reviewed studies provided limited information about the economic implications of implementing these models, including development costs, infrastructure requirements, training needs, and ongoing maintenance expenses. This gap in economic evaluation makes it difficult for healthcare decision-makers to assess the value proposition of implementing machine learning and deep learning approaches for heart disease prediction, potentially slowing adoption even when clinical benefits are demonstrated.
4. CONCLUSION
This systematic review examined 31 studies published between 2020 and 2025 and found that machine learning (ML) and deep learning (DL) approaches have demonstrated strong and consistent performance in predicting heart disease. Across different clinical contexts—ranging from imaging-based diagnosis to risk stratification—these models often outperformed or matched traditional statistical and clinical methods. XGBoost and Convolutional Neural Networks emerged as the most effective algorithms, achieving measurable gains in predictive accuracy, with AUC improvements of up to 0.21 compared to established benchmarks.
However, despite these promising results, several limitations remain. Many studies relied on small or single-center datasets, lacked standardized validation methods, and showed limited focus on model explainability or fairness. Algorithmic bias and inconsistent evaluation practices continue to pose barriers to clinical translation.
Overall, ML and DL techniques hold substantial potential to improve cardiovascular prediction and decision-making. To achieve meaningful clinical adoption, future work should prioritize external validation, interpretability, and fairness, supported by collaboration between clinicians, data scientists, and policymakers.
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