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ABSTRACT

Cardiovascular disease (CVD) remains the leading cause of global mortality, necessitating accurate and
clinically generalizable diagnostic models. Artificial intelligence (Al), particularly machine learning
(ML) and deep learning (DL), has demonstrated potential in analyzing clinical data for early CVD
detection. However, existing studies predominantly focus on single-model performance within isolated
datasets, with limited cross-comparative synthesis.

This study provides a comparative evaluation of major Al algorithms for CVD diagnosis and risk
prediction. A narrative review of comparative studies published between 2019 and 2026 was conducted
using PubMed, Google Scholar, and SciSpace. Performance metrics were synthesized across models
including Random Forest (RF), Support Vector Machines (SVM), k-Nearest Neighbors (KNN), Gradient
Boosting, ensemble methods, and Deep Neural Networks (DNNS).

Results reveal ensemble and Gradient Boosting approaches consistently demonstrated superior
predictive performance (AUC: 0.80-0.92). Random Forest frequently outperformed KNN and logistic
regression in structured clinical data. Although deep learning models achieved high accuracy in single-
cohort studies, limited external validation constrains clinical applicability.

This study provides evidence that ensemble-based frameworks currently offer the most effective balance
between predictive accuracy, robustness, and clinical feasibility. Future research should emphasize
multi-center external validation and explainable Al frameworks.

Keywords: Cardiovascular disease; Artificial intelligence; Machine learning; Deep learning; Risk
prediction

1. INTRODUCTION

1.1 Background

Cardiovascular disease (CVD) remains the foremost cause of mortality worldwide, claiming 17.9 million
lives annually—32% of all global deaths (WHO, 2023). Most deaths occur in low- and middle-income
countries with limited access to early diagnosis (Roth et al., 2020). As populations age and risk factors
like hypertension and diabetes rise, CVD burden will increase substantially (Virani et al., 2021).

Early diagnosis and reliable risk prediction are critical for reducing mortality. Traditional approaches
like the Framingham Risk Score (Wilson et al., 1998) and SCORE (Conroy et al., 2003) have proven
valuable but are limited by restricted risk factors and assumptions of linear relationships (D'Agostino et
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al., 2008). These models often underperform in diverse populations (DeFilippis et al., 2015).

1.2 Al in Cardiovascular Medicine

Healthcare data growth—electronic health records (EHRS), imaging, genomics, wearables—has
positioned Al as transformative in cardiovascular medicine (Krittanawong et al., 2020). Machine
learning (ML) and deep learning (DL) identify complex, non-linear relationships in high-dimensional
data and integrate diverse modalities (Shameer et al., 2018).

Techniques like Random Forest (RF), Support Vector Machines (SVM), and k-Nearest Neighbors
(KNN) have been extensively applied to structured clinical data (Weng et al., 2017). Ensemble methods
including Gradient Boosting (GBM, XGBoost) combine weak learners into robust models (Zhang et al.,
2021). Deep learning approaches—Deep Neural Networks (DNNs) and Convolutional Neural Networks
(CNNs)—show success with imaging and ECG data (Attia et al., 2019).

1.3 Current State of Research

Weng et al. (2017) found RF and Gradient Boosting achieved AUC >0.75. Ambale-Venkatesh et al.
(2017) demonstrated improved prediction using ML. Kwon et al. (2020) developed DNN models with
AUC 0.86. Hannun et al. (2019) showed DL detected atrial fibrillation exceeding cardiologist accuracy.
However, most studies focus on single-model performance within isolated datasets (Liu et al., 2022),
making it difficult to determine which techniques are most appropriate for specific clinical contexts.

1.4 The Gap

Reviews often focus on single algorithmic categories or provide narrative overviews without systematic
comparison (Johnson et al., 2021). Existing literature insufficiently addresses generalizability and
clinical applicability. Algorithms may excel in single-cohort studies but fail in diverse populations
(Kelly et al., 2019). External validation—prerequisite for clinical deployment—remains poorly
characterized (Collins et al., 2021).

1.5 Study Objectives

This review provides comparative evaluation of major Al algorithms for CVD diagnosis and risk
prediction, examining:

1. Performance metrics across RF, SVM, KNN, Gradient Boosting, ensemble methods, and DNNs

2. Algorithms demonstrating superior performance across contexts

Validation practices and generalizability

Clinical applicability factors beyond raw performance

Evidence-based guidance for model selection

o s~ w

2. METHODOLOGY

2.1 Study Design

This narrative review employed comparative synthesis to examine Al techniques for CVD diagnosis and
risk prediction, synthesizing insights from representative studies (Green et al., 2006).

2.2 Research Questions

1. What are reported performance metrics of major Al algorithms for CVD prediction?

2. Which algorithms demonstrate superior performance across datasets?

3. What validation practices are employed?

4. What factors influence clinical applicability?

2.3 Search Strategy

Databases searched: PubMed/MEDLINE, Google Scholar, SciSpace (January 2019—March 2026).
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Search terms: "cardiovascular disease” OR "CVD" AND "machine learning™ OR "deep learning" AND
"comparative study” OR "comparison.”

2.4 Inclusion Criteria

e Human subjects for CVD diagnosis/risk prediction

e At least two Al algorithms compared

e Reporting of accuracy, sensitivity, specificity, and/or AUC

o Peer-reviewed original research, English, 2019-2026

2.5 Exclusion Criteria

o Single-algorithm studies

o Conference abstracts, editorials, preprints

e Non-CVD outcomes

« Insufficient metrics

e Reviews without original data

2.6 Study Selection

Six representative comparative studies were selected for in-depth review, representing diversity in
algorithms, data sources, outcomes, and geographical settings (Ferrari, 2015).

2.7 Data Extraction

Extracted: author, year, population, sample size, data source, algorithms, performance metrics,
validation approach, key findings.

2.8 Data Synthesis

Narrative synthesis focused on algorithmic performance patterns, validation practices, and clinical
applicability (Popay et al., 2006). Meta-analysis was not performed due to heterogeneity.

2.9 Limitations

This review acknowledges selection bias, small sample (six studies), language restriction, and no formal
quality assessment.

3. RESULTS
3.1 Overview
Six studies published 2019-2026 were analyzed, encompassing diverse algorithms and datasets.
Table 1
Comparative Performance of Al Techniques for Cardiovascular Disease Diagnosis

Algorithm Class

Reported Performance

Key Findings

Random Forest

Superior to  KNN,
logistic regression

Robust with high-dimensional data; strong in
structured clinical environments [1]

Ensemble/Gradient

Most consistent across datasets; excellent

. AUC: 0.80-0.92 .
Boosting UC:0.80-0.9 stability [2]
Accuracy: 88.5%, Good balance  of  sensitivity/specificity;
Shallow ANN Recall: 90% computationally efficient [3]
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Algorithm Class Reported Performance Key Findings

Deep Learning Up to 99.99% High single-cohort accuracy but limited external

(DNN/CNN) (Cleveland) validation [4]

SVM/KNN Variable, below Dataset-dependent; baseline comparators [1,5]
ensemble methods

Graph Neural Promising. preliminar Effective for pathway integration; needs

Networks g.p y validation [2]

3.2 Performance Patterns

Random Forest: Consistently outperformed KNN and logistic regression due to ensemble nature

reducing overfitting through bootstrap aggregation [1].

Ensemble/Gradient Boosting: Most consistent performers (AUC 0.80-0.92). Sequential learning corrects

predecessor errors, balancing bias and variance effectively [2].

Shallow ANN: Accuracy 88.5% with 90% recall. Middle ground between classical ML and deep

learning; superior interpretability to deep networks [3].

Deep Learning: DenseNet achieved 99.99% on Cleveland dataset (n=303). However, single-cohort

design raises overfitting concerns; no external validation reported [4].

SVM/KNN: Consistent underperformance relative to ensemble methods. SVM sensitive to kernel

selection; KNN degrades in high-dimensional spaces [1,5].

Graph Neural Networks: Promising for integration but limited by small cohorts and interpretability

challenges [2].

3.3 Validation Practices

All studies reported internal validation (cross-validation, train-test split). No study reported external

validation on independent datasets. This represents the greatest barrier to clinical translation.

3.4 Algorithmic Trade-offs

« Interpretability vs. Accuracy: RF/Gradient Boosting offer feature importance; deep learning operates
as "black boxes"

« Data Efficiency: Ensemble methods perform well with thousands of patients; deep learning requires
tens of thousands

o Computational Requirements: Ensemble methods train on standard hardware; deep learning needs
GPUs

e Reproducibility: Extreme accuracy studies often lack methodological detail

4. DISCUSSION

4.1 Key Findings

Ensemble and Gradient Boosting methods demonstrated most consistent performance (AUC 0.80-0.92).
Their sequential learning mechanism suits CVD's incremental risk accumulation (Dietterich, 2000).
Random Forest consistently outperformed SVM/KNN in structured data, aligning with Weng et al.
(2017). Feature importance aids clinical interpretation.
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Deep learning achieved highest accuracy in single cohorts but lacks external validation. The Cleveland
dataset (n=303) achieving 99.99% raises overfitting concerns despite regularization (Kelly et al., 2019).
Validation practices are insufficient. No study reported external validation, though this is essential for
clinical deployment (Collins et al., 2021).

4.2 Clinical Implications

Accuracy vs. Generalizability: Ensemble methods offer stability across contexts; deep learning requires
external validation before deployment.

Interpretability: RF and Gradient Boosting provide SHAP values and feature importance—critical for
clinician trust (Cutillo et al., 2020).

Data Efficiency: Ensemble methods accessible to institutions with limited data; deep learning requires
large consortia.

Computational Requirements: Ensemble methods deployable in resource-constrained settings; deep
learning needs specialized hardware.

4.3 The Validation Crisis

Only 6% of medical Al studies perform external validation (Kim et al., 2019). Models fail due to:

o Population shift

e Measurement shift

« Practice shift

o Temporal shift

Without multi-center validation, models remain experimental (Benjamens et al., 2020).

4.4 Future Research Priorities

1. Prioritize external validation through multi-center collaborations

2. Establish standardized benchmarking protocols

3. Integrate explainable Al from development outset

4. Address health equity through diverse representation

5. Develop implementation science approaches

4.5 Limitations

o Small sample (six studies)

« Narrative design (no meta-analysis)

« Selection and publication bias possible

e Language restriction to English

« Rapidly evolving field

5. CONCLUSION

5.1 Summary

This review provides comparative evaluation of Al techniques for CVD prediction:

1. Ensemble/Gradient Boosting demonstrate most consistent performance (AUC 0.80-0.92)—optimal
balance of accuracy and generalizability

Random Forest consistently outperforms classical ML algorithms

Deep learning achieves high accuracy but lacks external validation

Critical validation gap exists across literature

Algorithm selection involves accuracy-interpretability trade-offs

asrLDN
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5.2 Recommendations
For Researchers:

Prioritize external validation
Adopt standardized reporting
Integrate explainable Al
Ensure diverse representation
Share code for replication

For Clinicians:

View single-cohort studies cautiously
Prioritize externally validated algorithms
Consider interpretability alongside accuracy

For Journals:

Require external validation evidence
Enforce reporting standards
Encourage negative results publication

For Regulators:

Maintain rigorous validation standards
Require diverse population evidence

5.3 Final Remarks

Ensemble methods currently offer the most reliable pathway to clinical deployment. Deep learning's role
depends on demonstrating generalizability. Collaborative effort across researchers, clinicians, and
regulators is essential to fulfill Al's potential in reducing global CVD burden.
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