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Abstract
Introduction. Cardiovascular disease represents a substantial global health bur-
den, and delays in diagnosis can further compromise clinical outcomes.

Objective. This review aimed to evaluate the diagnostic effectiveness of  artificial 
intelligence models across major cardiovascular conditions, with a specific focus on 
coronary artery disease, acute coronary syndromes and myocardial infarction, and 
heart failure.

Method. Following PRISMA guidelines, we conducted a systematic review and ap-
plied meta-analytical techniques to pool measures of  diagnostic performance. Ran-
dom effects models with restricted maximum likelihood and Hartung–Knapp ad-
justments were used to calculate summary estimates, and analyses were stratified by 
cardiovascular condition. Only effects with variance (reported 95% CI or derivable 
denominators) were pooled. Areas under the receiver operating characteristic curve 
without variance were synthesized narratively.

Results. Out of  39,383 records, thirty-five studies were eligible. The pooled area 
under the receiver operating characteristic curve was 0.823 (95% confidence interval 
0.754–0.892). Heterogeneity was considerable (I² = 98.4%), and the 95% prediction 
interval was 0.59 to 1. However, 9 of  35 included studies reported external/inde-
pendent validation. The pooled estimate therefore represents an overall descriptive 
average, reflecting the expected range of  diagnostic performance rather than a single 
universal value. Stratified results showed pooled values of  0.88 for acute coronary 
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syndromes and myocardial infarction, 0.87 for heart failure, and 0.86 for coronary 
artery disease. Sensitivity often reached 0.90 or higher in electrocardiography deep 
learning models, while specificity remained variable.

Conclusion. Artificial intelligence models demonstrated promising discrimination 
across cardiovascular conditions, with variable specificity and predictive value, indi-
cating that clinical utility requires external validation and local calibration.
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Resumen
Introducción. Las enfermedades cardiovasculares representan una carga sustan-
cial a nivel mundial, y los retrasos en su diagnóstico pueden comprometer de forma 
directa los resultados clínicos.

Objetivo. Esta revisión tuvo como objetivo evaluar la efectividad diagnóstica de los 
modelos de inteligencia artificial aplicados a las principales enfermedades cardiovas-
culares, con énfasis en la enfermedad arterial coronaria, los síndromes coronarios 
agudos e infarto de miocardio, y la insuficiencia cardíaca.

Método. Siguiendo las directrices PRISMA, se realizó una revisión sistemática y se 
aplicaron técnicas de metaanálisis para integrar las medidas de desempeño diagnósti-
co. Se emplearon modelos de efectos aleatorios con estimación de máxima verosi-
militud restringida y ajustes de Hartung–Knapp para obtener estimaciones globales, 
estratificando los análisis según la condición cardiovascular. Solo se combinaron los 
efectos que contaban con varianza, es decir, aquellos que reportaban o permitían cal-
cular intervalos de confianza del 95 %. Los valores del área bajo la curva sin varianza 
se analizaron de forma narrativa.

Resultados. De un total de 39,383 registros, treinta y cinco estudios cumplieron 
con los criterios de inclusión. El área bajo la curva resumen fue de 0.823 (IC 95%: 
0.754–0.892). La heterogeneidad fue considerable (I² = 98.4%) y el intervalo de pre-
dicción del 95% osciló entre 0.59 y 1. Sin embargo, solo 9 de los 35 estudios incluidos 
reportaron validación externa o independiente. Por lo tanto, la estimación combi-
nada debe interpretarse como un promedio descriptivo general, que refleja el rango 
esperado de desempeño diagnóstico, más que un valor universal. Los resultados es-
tratificados mostraron valores agrupados de 0.88 para síndromes coronarios agudos 
e infarto de miocardio, 0.87 para insuficiencia cardíaca y 0.86 para enfermedad ar-
terial coronaria. En los modelos de aprendizaje profundo basados en electrocardio-
grafía, la sensibilidad alcanzó frecuentemente valores de 0.90 o superiores, mientras 
que la especificidad mostró mayor variabilidad.

Conclusión. Los modelos de inteligencia artificial mostraron una capacidad dis-
criminativa prometedora en las distintas enfermedades cardiovasculares, aunque con 
especificidad y valor predictivo variables. Estos hallazgos sugieren que su aplicación 
clínica requiere validación externa y calibración local antes de su integración en la 
práctica médica.
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Introduction
Cardiovascular diseases (CVD) remain the principal driver of  global morbidity and mortality 
and impose a disproportionate public health burden across regions [1-3]. In light of  current 
estimates from the World Health Organization and the Global Burden of  Disease collabora-
tion, millions of  deaths each year are attributed to these conditions, which underscores the 
magnitude of  the problem and accounts for 32% of  global deaths [4,5]. Several modifiable 
cardiovascular risk factors directly addressable in clinical practice include smoking, physical 
inactivity, dyslipidemia, obesity, diabetes mellitus, and hypertension [6-9]. Epidemiologic as-
sessments indicate that approximately 85% of  the population falls within a low cardiovascular 
risk category and 14% within a moderate risk category, with overweight representing the most 
frequent factor (51%), followed by grade 1 obesity (21%) and hypertension (5%) [10,11]. With 
regard to the Americas, CVD persist as a dominant source of  premature mortality and dis-
ability adjusted life years, reflecting sustained population impact [12,13]. Diagnostic delays or 
missed recognition of  acute coronary syndromes (ACS), including myocardial infarction (MI), 
and heart failure are linked to cardiogenic shock [14], subsequent progression to advanced 
(stage D) heart failure, and avoidable mortality; consequently, timely and accurate diagnostic 
pathways remain imperative [15-17]. These disorders share a vascular and hemodynamic 
basis: atherosclerotic narrowing in coronary artery disease, plaque rupture with thrombosis 
in ACS and MI, and impaired ventricular filling or ejection in heart failure. Their overlap-
ping pathways explain why early, accurate detection determines clinical outcomes and guides 
timely reperfusion and therapy.

Standard workups for coronary artery disease, ACS, and MI typically encompass electro-
cardiography [18,19], cardiac biomarkers such as troponins [20,21], risk stratification instru-
ments, such as TIMI (Thrombolysis in Myocardial Infarction) and GRACE (Global Registry 
of  Acute Coronary Events) scores [22,23], computed tomography angiography [24,25], and 
invasive coronary angiography [26,27]. For heart failure and the estimation of  left ventricu-
lar filling pressures, routine approaches include echocardiography [28], B-type natriuretic 
peptide and N-terminal pro-B-type natriuretic peptide (NT-proBNP) [29], chest radiography 
[30,31], and cardiac magnetic resonance imaging (MRI) [32]. Notwithstanding their clinical 
utility, these modalities present well documented constraints operator dependent variability 
(notably in echocardiography), barriers to access, difficulties with atypical presentations, and 
delays to result availability that collectively jeopardize time-sensitive decisions [4,33,34].

Artificial intelligence (AI), including Machine Learning (ML) and Deep Learning (DL), de-
notes a family of  computational methods with substantial potential to strengthen diagnostic 
performance in cardiology [35-37]. It is increasingly explored to address the limitations of  con-
ventional diagnostic pathways by integrating imaging, biomarkers, and clinical data to uncover 
complex associations that may not be evident through traditional analysis, thereby support-
ing earlier recognition and more consistent decision making in cardiovascular care. AI refers 
to systems capable of  executing tasks typically requiring human cognition [38]; ML speci-
fies algorithms that infer patterns from data without explicit task specific programming [39]; 
DL designates multilayer neural architectures that capture hierarchical representations and 
complex data structure [40]. Within cardiovascular practice, these techniques are deployed 
for supervised classification (e.g., detection of  hypertrophic cardiomyopathy, atrial fibrillation) 
[41,42], anatomical segmentation in medical imaging [43,44], analysis of  time-series signals 
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such as the electrocardiogram (ECG) [45], and multimodal data fusion [46,47]. From a clinical 
perspective, model performance is judged not only by discrimination but also by calibration 
and external validation, ensuring that probability estimates correspond to real world risk and 
maintain reliability across distinct clinical environments.

Reported results include high discriminative performance, often summarized by the area 
under the receiver operating characteristic curve (AUROC) for MI and left ventricular dys-
function [12]. Nevertheless, persistent methodologic limitations —including overfitting, data 
leakage, class imbalance, miscalibration, and the scarcity of  rigorous external validation— 
continue to limit transportability and trustworthiness in clinical settings [4,48]. Previous sys-
tematic reviews provide important summaries of  the field; notwithstanding, indication-strat-
ified quantitative synthesis remains uncommon [49,50]. Several primary studies also omit 
essential statistics such as confidence intervals (CI) for reported AUROC estimates, which in 
turn, constrains meta-analytic aggregation [12].

This work is justified by the need for a robust evidence synthesis that not only quantifies 
diagnostic accuracy but also accounts for methodological gaps in primary studies. A rigor-
ous meta-analysis can provide more reliable pooled estimates to inform both clinical practice 
and future model development. Therefore, given the limited number of  quantitative syn-
theses, we conducted a systematic review and meta-analysis to evaluate the diagnostic per-
formance of  AI models for CVD. The primary objective was to estimate pooled diagnostic 
accuracy, reported as AUROC with 95% confidence and prediction intervals (PI), stratified 
by clinical indication. The remainder of  the manuscript is structured as follows: Section 2 
details the methods used in this systematic review; Section 3 presents the results; Section 
4 provides an extended discussion; and Sections 5 and 6 outline study limitations and the 
conclusions, respectively.

Method
The protocol for our systematic review was prepared and registered on the International Pro-
spective Register of  Systematic Reviews. The systematic review was conducted according to 
the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) [51,52]. 
The completed PRISMA 2020 checklist is provided in the Supplementary Table ST1. The 
following subsections summarize the methodology.

Information sources and search strategy

For the search, we used the following databases: MEDLINE (Ovid), PubMed (National Li-
brary of  Medicine), Embase (Elsevier), Scopus (Elsevier), Web of  Science Core Collection/
Science Citation Index (Clarivate), and IEEE Xplore (IEEE). Additional sources included 
backward and forward citation tracking, reference-list screening of  all included studies, and 
preprints from arXiv and medRxiv to identify forthcoming eligible studies. Moreover, only 
peer-reviewed versions were included in analyses. We also hand-searched conference pro-
ceedings from IEEE and the American Heart Association (AHA). Authors were contacted to 
clarify study eligibility or obtain missing information. 

As part of  the electronic search strategy, we combined controlled vocabulary and free-text 
terms, adapting syntax and subject headings to each source. The keywords used included 
“cardiovascular diseases”, “myocardial infarction”, “heart failure”, “coronary artery disease”, 
“artificial intelligence”, “machine learning”, “deep learning”, “neural network”, and “algo-
rithm”. The final database search was conducted in August 2025. The detailed search strate-
gies for each database are provided in Supplementary Table ST2.
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Study selection

We prespecified eligibility through a diagnostic patient, intervention, comparator, outcome 
(PICO) framework adapted to CVD [53]. Participants were adult patients (≥18 years) under-
going diagnostic evaluation for coronary artery disease (CAD), acute coronary syndromes/
myocardial infarction (ACS/MI), or heart failure (HF). The setting included hospitals, emer-
gency departments, outpatient clinics, or specialized cardiology centers. Index tests were AI 
diagnostic models such as machine-learning or deep-learning approaches, applied to human 
clinical data, including imaging, electrocardiography (ECG), electronic health records (EHR), 
and biomarkers. Comparators were accepted clinical reference standards: clinical assessment, 
ECG, echocardiography, coronary angiography, cardiac MRI, biomarker testing, or conven-
tional diagnostic risk models. We included diagnostic accuracy designs. We excluded animal 
or pre-clinical studies, pediatric populations, traditional statistical models without AI, non-
diagnostic AI applications (prognosis only), studies lacking diagnostic accuracy outcomes, 
reviews, editorials/opinions, and conference abstracts with insufficient data. We collected 
studies published between 2014 and 2025 to reflect the modern AI, restricting the search to 
English and Spanish. To preserve interpretability, we extracted effects against each study’s 
stated reference standard and documented any deviations (e.g., expert consensus) as appli-
cability concerns within PROBAST+AI. The review focused on diagnostic accuracy at the 
index evaluation; therefore, prognostic risk scores such as the Thrombolysis in Myocardial 
Infarction (TIMI) score, the Global Registry of  Acute Coronary Events (GRACE) score, and 
the Framingham risk score were not considered diagnostic reference standards. When studies 
directly compared AI with a clinical risk score for the same diagnostic outcome and provided 
variance data, these results were described narratively. Heterogeneity in outcome definitions, 
thresholds, and intended use prevented a comparative meta-analysis.

Data collection process

Two reviewers independently extracted data using a piloted, standardized form. The rate of  
disagreements was 12% and was resolved through discussion. Then, two reviewers retrieved 
and assessed the full texts of  the relevant studies based on the inclusion and exclusion criteria. 
When consensus was difficult to reach (close to 4%), a third review author assessed the study. 
The raw data were extracted by one reviewer and examined by a second reviewer; these 
data included study identifiers, methodological characteristics, and model development and 
performance features. Moreover, we contacted corresponding authors to obtain missing accu-
racy statistics (e.g., 95% CI), thresholds, validation details, and dataset sources. No individual 
participant data were sought; analyses used aggregate study-level data. 

External or independent validation was prespecified as the preferred effect for synthesis 
when available; when both internal and external results were reported, external estimates 
were extracted preferentially. Because few external validations provided complete 95% CI, 
external-only performance was summarized narratively rather than pooled. The full study 
extraction matrix is provided in the Supplementary Table ST3.

Accordingly, primary outcomes were area under the receiver operating characteristic curve 
(AUROC) and paired sensitivity and specificity for diagnosing CAD, MI, or HF at the index 
encounter. Secondary outcomes included positive predictive value (PPV), negative predictive 
value (NPV), accuracy, F1 score, and balanced accuracy. We sought all compatible results per 
outcome domain and analysis. For syntheses, one effect per study per domain was retained ac-
cording to predefined rules (external validation preferred; otherwise, the prespecified primary 
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analysis); alternative effects informed sensitivity analyses. No changes to outcome domains 
or their priority occurred. Subgroups were prespecified as three non-overlapping diagnostic 
indications: CAD (stable/obstructive disease), ACS/MI (acute ischemic presentations, includ-
ing STEMI/NSTEMI), and HF (reduced or preserved EF). When a study reported more 
than one indication, each effect was mapped to its corresponding subgroup and entered once 
per domain; no effect was counted in more than one pool. Pooling and 95% PI were com-
puted within indication against the indication-specific reference standard.

Risk of  bias assessment and effect measures

To assess the quality, risk of  bias (RoB), and applicability of  CVD prediction models, the 
Prediction model Risk of  Bias Assessment Tool (PROBAST)+AI was employed [54,55]. 
PROBAST+AI includes four domains, 34 signaling questions (16 for model development, 18 
for model evaluation), and six applicability items (three each for model development and for 
model evaluation) [55]. We judged certainty narratively for each outcome and subgroup by 
integrating RoB, consistency, precision, and applicability. Quality concerns related to model 
development and evaluation were judged as low, high, or unclear [55]. Two reviewers inde-
pendently applied PROBAST+AI following BMJ 2025 guidance. Overall RoB was rated low 
only when all domains were low, high when any domain was high, and unclear when at least 
one domain was unclear and none were high. The same criteria were applied to overall ap-
plicability. The detailed evaluations of  RoB at the item level, together with the applicability 
ratings (A1–A3) are presented in the Supplementary Table ST4. As an internal consistency 
check, pooled estimates were re-examined after excluding studies rated as high overall RoB 
in PROBAST+AI.

For meta-analysis, we included only AUROC estimates with reported variance (95% CI 
or sufficient data to calculate it) [56]. Studies without variance information were summarized 
narratively and excluded from pooled weighting. No imputation of  missing CI or standard 
errors was undertaken, and effects lacking variance were handled qualitatively only. For sen-
sitivity and specificity, we used estimates at the study-defined clinical threshold [57]. These 
measures directly addressed comparative diagnostic performance.

We pooled AUROC values using random effects inverse variance models [58], estimating be-
tween study variance primarily with restricted maximum likelihood (REML). Where appropri-
ate, Hartung–Knapp–Sidik–Jonkman adjustments were applied to CI [59]. Heterogeneity was 
quantified by means of  τ², I², Cochran’s Q, and the 95% prediction interval (PI) [60,61]. We cal-
culated 95% PI by combining the REML between-study variance with the average within-study 
variance and applying Hartung–Knapp t-quantiles with degrees of  freedom determined by the 
number of  included studies. AUROC bounds were constrained to 0–1. Pooling was conducted 
within each clinical indication (CAD, ACS/MI, and HF) relative to its reference standard, with 
cross-standard differences treated as a source of  heterogeneity reflected in τ², I², and the 95% PI. 
Only 12 effects fulfilled the pooling criteria. The substantial variability in study design and refer-
ence standards precluded a meaningful meta-regression. Heterogeneity was assessed through 
stratification by clinical condition and by the 95% PI. No additional pooled subgroup analyses 
based on sample size, geographic region, or algorithmic approach were performed, given the 
limited number of  effects with variance (n = 12) and the presence of  overlapping moderators 
across studies. Study setting was evaluated as a potential effect modifier; however, the small 
number of  effects with variance and the associated risk of  sparse data bias rendered stratification 
by setting impractical. Emphasis was therefore placed on the 95% PI. When a study included 
multiple clinical conditions, each effect was assigned to a single condition and entered once per 
analytic domain, ensuring that no effect contributed to more than one pooled estimate.
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Results
As shown in Figure 1, we identified a total of  39,383 records. Before the screening stage, 
17,384 records were excluded. Among these, 13,784 were duplicates, 2,500 were automati-
cally identified as ineligible through algorithmic filters, and 1,100 were removed according 
to prespecified criteria related to document type, language, or publication year. After these 
exclusions, 21,999 records remained for title and abstract screening. From this stage, 412 full-
text articles were selected for detailed evaluation. Twelve of  these could not be retrieved de-
spite repeated attempts. The remaining 400 full-text articles were assessed in detail, and 365 
were subsequently excluded. The most frequent reasons for exclusion were studies addressing 
non-diagnostic or prognosis-only artificial intelligence applications (152 studies), ineligible 
populations or conditions (117 studies), and absence of  diagnostic accuracy outcomes or use 
of  inappropriate reference standards (96 studies). In total, 35 studies met all inclusion criteria 
and were included in the final analysis [62-96].

Figure 1. PRISMA Flow Diagram.

Note. Study selection process following PRISMA 2020.

Records identified from databases 
(n = 39,383)

•  PubMed/MEDLINE (n = 1,795)
•  Web of Science (n = 11,116)
•  EBSCO (CINAHL) (n = 1,179)
•  ScienceDirect (n = 50)
•  Emerald Insight (n = 741)
•  IEEE Xplore (n = 20,621)
•  SpringerLink (n = 2,421)
•  Google Scholar (n = 1,460)
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• Duplicate records (n = 13,784)
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Records excluded (n = 21,587)
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Across the included studies, sample size descriptors were heterogeneous (patients, ECGs, 
beats, or image instances). Among studies reporting patient-level denominators, the cumula-
tive number of  participants was 94,356, with per-study cohorts ranging from 90 to 27,652. 
When records rather than participants were reported, the largest datasets comprised 202,945 
to 259,789 ECG records, while the smallest comprised 130 to 573 individuals or examinations. 

Characteristics of  included studies

Table 1 presents the methodological features of  the included studies. Retrospective cohorts were 
most frequent (n = 23, 65.7%), followed by prospective cohorts (n = 4, 11.4%), cross-sectional 
designs (n = 3, 8.6%), and a diagnostic validation study (n = 1, 2.9%). Moreover, one case-control 
study was identified (n = 1, 2.9%), and three reports summarized mixed or not explicitly stated 
designs (n = 3, 8.6%). Regarding study setting, these comprised single-center (n = 21, 60.0%) and 
multi-center designs (n = 9, 25.7%), with five studies using national or registry-like sources (n = 
5, 14.3%). Enrolment periods ranged from single-year snapshots (e.g., 2013) to multi-year spans 
exceeding a decade (e.g., 2001–2012). Populations included emergency, inpatient, and outpatient 
cohorts. In terms of  diagnostic indications, CAD was the most populated stratum (n = 18), HF 
contributed 9 studies, and ACS/MI contributed 4; the remaining studies addressed valvular heart 
disease (VHD) (n = 1), carotid artery stenosis (CAS) and major adverse cardiovascular events 
(MACE) (n = 1), cardiac rhythm classification (n = 1), and congenital heart disease (n = 1).

Table 1. General characteristics of included studies.

Author(s), Year Country
Setting

Study Design, n,
Time Frame

Main
Intervention Outcomes

Stankovic et al., 2014 [62]
Serbia, Single-

center
Retrospective cohort; n = 269 (181 

with analyzable strain); NR
Echocardiography, 

GLS strain
CAD diagnosis

Cella et al., 2015 [63] Italy, Multi-center
Retrospective cohort; n = 90; 

2001–2012
Clinical data, 

classical ML/ANN
VHD diagnosis

Kim et al., 2015 [64] South Korea, EHR Cross-sectional; n = 748; 2013
Clinical data, 

classical ML/ANN
CAD diagnosis

Mülayim & Alaybeyoğlu, 
2016 [65]

Turkey, Single-
center

Retrospective cohort; n = 100; NR
Clinical data, 

classical ML/ANN
CAD diagnosis

Orphanou et al., 2016 [66] Czechia, Multi-center
Retrospective cohort; n = 709; 

2001–2002
Clinical data, 

classical ML/ANN
CAD diagnosis

Ribeiro et al., 2016 [67] USA, Multi-center Cross-sectional; n = 11,178; NR
Clinical data, 

classical ML/ANN
HF diagnosis

Cheng & Chiu, 2017 [68] Taiwan, EHR Retrospective cohort; n = 317; NR
Clinical data, 

classical ML/ANN
CAS\MACE

Dekamin & 
Sheibatolhamdi, 2017 [69]

Iran, Single-center
Retrospective cohort; n = 303; 

2011–2013
Clinical data, 

classical ML/ANN
CAD diagnosis

Kumar et al., 2017 [70] India, EHR
Retrospective cohort; n = 182,013 

beats; NR
ECG/PPG, classical 

ML
CAD diagnosis

Mansoor et al., 2017 [71] USA, EHR
Retrospective cohort; n = 12,047 

(Dev/Int) + 24,959 (Ext); 2011–2013
Clinical data, 

classical ML/ANN
MACE/MI 
diagnosis

Prakash et al., 2017 [72] USA, MIMIC-III Retrospective cohort; n = 2,852; NR Clinical text, NLP CAD diagnosis

Wiharto et al., 2017 [73] Indonesia, EHR Retrospective cohort; n = 303; NR
Clinical data, 

classical ML/ANN
CAD diagnosis

Banerjee et al., 2018 [74]
India, MIMIC II 

+ Single-center 
hospital

Retrospective cohort; n = 130 
(MIMIC-II) + 99 (hospital); NR

ECG/PPG, classical 
ML

CAD diagnosis
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Acharya et al., 2019 [75]
Singapore, Multi-

center
Retrospective cohort; n = 140,000 

ECG segments; NR
ECG, DL HF diagnosis

Panicacci et al., 2019 [76] Italy, EHR
Retrospective cohort; n = 14,616; 

2010–2017
Clinical data, 

classical ML/ANN
HF diagnosis

Zhang et al., 2019 [77] China, Single-center
Diagnostic validation; n = 8,486 

ECGs; NR
ECG, DL ACS/MI diagnosis

Banerjee et al., 2020 [78] USA, MIMIC II
Retrospective cohort; n = 200 

(development) + 200 (in-house); NR
ECG, DL CAD diagnosis

Rjoob et al., 2020 [79]
UK & Ireland, Single-

center
Retrospective cohort; n = 188; NR

Clinical data, 
classical ML/ANN

MI diagnosis

Zhang & Xia, 2020a [80] China, Multi-center
Retrospective cohort; n = 91 

subjects (33 CHF, 58 controls); NR
ECG, DL HF diagnosis

Zhang & Xia, 2020b [81] China, Multi-center
Retrospective cohort; n = 91 

subjects (33 CHF, 58 healthy); 
1988–2000

ECG, DL HF diagnosis

Zhang et al., 2020 [82] China, Single-center
Retrospective cohort; n = 259,789 

train; 18,018 test; 2018–2019
ECG, DL

Cardiac rhythm 
classification

Cherradi et al., 2021 [83] Morocco, EHR Retrospective cohort; n = 573; NR
Clinical data, 

classical ML/ANN
CAD diagnosis

Li et al., 2021 [84] China, Single-center
Retrospective cohort; n = 5,819; 

2015–2018
Clinical data, 

classical ML/ANN
CAD diagnosis

Muhammad & Algehyne, 
2021 [85]

Nigeria, Multi-center Cross-sectional; n = 506; NR
Clinical data, 

classical ML/ANN
CAD diagnosis

Zahiri et al., 2021 [86] Iran, Single-center
Retrospective cohort; n = 3,318; 

2018–2020
Imaging, DL CAD diagnosis

Chen, 2024 [87] Japan, Single-center
Retrospective cohort; n = 28,000 

ECGs (training); NR
ECG, DL HF diagnosis

Karabayir et al., 2024 [88] USA, Multi-center
Retrospective cohort; n = 202,945 

ECGs; to 2024
ECG, DL HF diagnosis

Li et al., 2024 [89] China, Multi-center
Retrospective cohort; n = 303 (UCI 

Cleveland) + 1,024 (Kaggle); NR
Clinical data, 

classical ML/ANN
CAD diagnosis

Shao et al., 2024 [90] China, Single-center Case-control; n = 3,039; 2009–2022 Imaging, DL
Congenital heart 

disease diagnosis

Than et al., 2024 [91]
New Zealand, Multi-

center
Retrospective cohort; n = NR; NR

Clinical data, 
classical ML/ANN

ACS/MI diagnosis

Ye et al., 2025 [92]
China, Single-center 

and multi-center
Prospective cohort; n = 3,271; 

2017–2021
Angiography, 
classical ML

CAD diagnosis

Andersson et al., 2025 [93]
Sweden, Single-

center
Prospective cohort; n = 157 train; 

53 test; NR
Clinical data, 

classical ML/ANN
HF diagnosis

Dou et al., 2025 [94] China, Multi-center
Prospective cohort; n = 27,652; 

2017–2019
Clinical data, 

classical ML/ANN
CAD diagnosis

Shin et al., 2025 [95] South Korea, EHR Retrospective cohort; n = 3,591; NR Multimodal, DL HF diagnosis

Zhang et al., 2025 [96] China, Single-center Prospective cohort; n = 1,418; 2022
Imaging, classical 

ML
CAD diagnosis

Note. n: Sample size; NR: Not reported; ML: Machine learning; ANN: Artificial neural network; MACE: Major adverse cardiovascular 
events; DL: Deep Learning; CAD: Coronary artery disease; GLS: Global longitudinal strain; ECG: Electrocardiogram; NLP: Natural 
language processing; PPG: Photoplethysmography; MIMIC-III: Medical Information Mart for Intensive Care III; MIMIC-II: Medical 
Information Mart for Intensive Care II; ACS: Acute coronary syndrome; MI: Myocardial infarction; PCI: Percutaneous coronary 
intervention; EHR: Electronic health record; HF: Heart failure. CAS: Carotid artery stenosis; VHD: Valvular heart disease.
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In terms of  publication timeline, the earliest included study was published in 2014 and 
the most recent in 2025. Accordingly, panel A of  Figure 2 displays the annual distribution 
of  the 35 studies. Output was limited before 2016 (2014, n = 1; 2015, n = 2; 2016, n = 3), 
then increased from 2017 onward, with 2017–2019 contributing 10 studies in total. A distinct 
peak was observed in 2020 (n = 5), followed by sustained activity in 2021 (n = 4). Production 
increased again in 2024–2025, which together accounted for 10 studies (five in 2024 and five 
in 2025). The lowest annual counts occurred at the beginning of  the period (2014–2016), and 
the highest combined two-year count was observed in 2024–2025.

Figure 2. Temporal and geographic distribution of included studies.

Note. Panel A shows the annual number of included studies (darker blue indicates higher counts). Panel B displays the 
country distribution by year as stacked bars.

In parallel, panel B of  Figure 2 summarizes the country contribution per year. China 
provided the largest number of  studies (n = 10), followed by the United States (n = 6) and 
the United Kingdom (n = 3). Countries contributing two studies each were India (n = 2), 
Iran (n = 2), and Italy (n = 2). Single-study contributors included Czechia, Japan, Morocco, 
Nigeria, Serbia, Singapore, South Korea, Sweden, Taiwan, and Turkey (n = 1 each). Multi-
center networks were noted across China, the United Kingdom, the United States, and 
Italy, while single-center cohorts predominated in Serbia, Turkey, Morocco, Nigeria, Japan, 
Sweden, and Taiwan. 

AI Models and Validation in Cardiovascular Disease 

An overview of  AI model characteristics and validation methods in cardiovascular disease is 
provided in Table 2. Input modalities were clinical/EHR variables (n = 14, 40.0%), ECG or 
photoplethysmography (PPG) signals (n = 12, 34.3%), medical imaging (echocardiography, 
chest radiographs, angiography; n = 6, 17.1%), and multimodal pipelines (n = 3, 8.6%). 
Classical ML such as logistic regression, support vector machine (SVM), k-nearest neighbors 
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(k-NN), Naïve Bayes, and gradient boosting, appeared in 17 studies (48.6%). Additionally, DL 
methods such as convolutional neural networks (CNN), recurrent neural networks (RNN), and 
transformers were used in 14 studies (40.0%), while rule-based or risk score approaches were 
applied in 4 studies (11.4%). Candidate predictors ranged from raw signals (no handcrafted 
features) to high-dimensional EHR matrices (e.g., 1,514 candidates reduced to 572) and very 
large vocabularies in text/natural language processing (NLP) models (~ 20,000 tokens). Final 
model parsimony varied from ≤ 10 variables after recursive feature elimination (RFE)/least 
absolute shrinkage and selection operator (LASSO) to end-to-end feature learning.

Table 2. Characteristics of AI models and validation approaches.

Author(s), Year Modeling 
method 

No. of predictors Selection Missing 
data Validation

Candidate Final Candidate Final

Stankovic et al., 
2014 [62]

Echocardiography, 
GLS metric

18 
segments

12 
segments

Protocol-driven 
segmentation

Protocol-based 
exclusion

Quality-based 
exclusion (33%)

ROC 
analysis (no 
resampling)

Cella et al., 
2015 [63]

Classical ML, 
logistic regression 

(LASSO)
26 12

Filter: correlation/
collinearity

Embedded: 
LASSO

NR
k-fold CV (k = 
10, repeated)

Kim et al., 2015 
[64]

Classical ML, 
CART (fuzzy rules)

9 9
Clinical/expert 

driven
Embedded: 
tree-based

Exclusion 
of uncertain 
responses

Hold-out split 
(70/30)

Mülayim & 
Alaybeyoğlu, 

2016 [65]

Classical ML, SVM 
(meta-optimized)

13 13
Clinical/expert 

driven
Meta-

optimization
NR Hold-out split

Orphanou et al., 
2016 [66]

Classical ML, 
Naive Bayes (+ 
temporal rules)

NR 9
Clinical/expert 

driven

Filter: 
discretization/

entropy

Imputation, 
random forest 
(missForest)

k-fold CV (k 
= 10)

Ribeiro et al., 
2016 [67]

Classical ML, 
decision path 

(AUROC)

21
Per-

patient 
(avg 3.4)

Data-driven 
(available 
variables)

Filter: AUROC
Imputation, 

iterative 
(nonparametric)

k-fold CV (k 
= 20)

Cheng & Chiu, 
2017 [68]

ANN, MLP 13 13
Clinical/expert 

driven
None NR

Hold-out split 
(80/20)

Dekamin & 
Sheibatolhamdi, 

2017 [69]
Classical ML, k-NN 53 53

Clinical/expert 
driven

None NR
Hold-out split 

(80/20)

Kumar et al., 
2017 [70]

Classical ML, SVM 
(LS-SVM)

5 5
Signal-derived 

features
None NR

k-fold CV (k 
= 10)

Mansoor et al., 
2017† [71] 

Classical ML, 
logistic regression

32 11
Clinical/expert 

driven (literature)

Wrapper: 
backward 

elimination
NR

Hold-out 
(20%) + 
external 

validation
Prakash et al., 

2017 [72]
DL, memory 

network (NLP)
20,000 

vocabulary
20,000

Frequency-based 
vocabulary

None NR
Hold-out split 

(80/10/10)

Wiharto et al., 
2017 [73]

ANN, MLP 13 7
Clinical/expert 

driven

Wrapper: 
logistic 

screening
NR

Hold-out split 
(70/30)

Banerjee et al., 
2018† [74]

Classical ML, SVM 
(RBF)

28 21
Clinical/expert 

driven
Filter: MIC + CV 

tuning
Clean-signal 

selection

External 
validation (in-

house)
Acharya et al., 

2019 [75]
DL, CNN (ECG) Raw Raw N/A (raw signals)

N/A (end-to-
end)

Signal 
preprocessing

k-fold CV (k 
= 10)
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Panicacci et al., 
2019 [76]

Classical ML, 
random forest (+ 

SMOTE)
1,514 572

Administrative/
EHR-derived

Wrapper: 
Boruta

Temporal 
exclusion (pre-

2010)

k-fold CV 
(k = 10) + 

independent 
test (20%)

Zhang et al., 
2019† [77] 

DL, CNN (ECG, 
12-lead)

Raw Raw Raw signals
N/A (automated 

feature 
extraction)

NR

External 
validation 

(independent 
cohort)

Banerjee et al., 
2020† [78]

DL, CNN, LSTM 
(ECG + HRV)

NR NR
Hybrid (raw + 

expert features)
Filter: MIC NR

k-fold CV 
(tuning) + 
external 

validation

Rjoob et al., 
2020 [79]

Classical ML, 
logistic regression

327 20
All candidate 

variables

Filter + 
wrapper (JMI + 

backward)
NR

k-fold CV (k 
= 5)

Zhang & Xia, 
2020a [80]

DL, CNN 
(DenseNet, ECG)

Raw
Automated 

features
Raw signals

N/A (end-to-
end)

Signal 
preprocessing 

(noise removal/
resampling)

Hold-out split 
(70/30; inter-

patient)

Zhang & Xia, 
2020b [81]

DL, RNN (GRU, 
attention; ECG)

180/time-
step

Attention-
weighted

Window-based 
segmentation

N/A (attention)
Signal 

preprocessing
Hold-out split 

(70/30)
Zhang et al., 

2020 [82]
DL, CNN (ECG) Raw

Automated 
features

Raw signals
N/A (end-to-

end)
Preprocessing/
augmentation

Independent 
test set

Cherradi et al., 
2021† [83]

Classical ML, k-NN 30 17
Clinical/expert 

driven
Expert ranking

Complete-
case analysis 

(Cleveland)

k-fold CV 
(k = 10) + 

independent 
test

Li et al., 2021† 
[84]

Ensemble, 
stacked classical 

ML + deep 
learning

11 11
Clinical/expert 

driven

Stacking 
(logistic 

combiner)

Imputation, 
mode/mean

k-fold CV 
(k = 10) + 

independent 
validation (n 

= 582)
Muhammad & 

Algehyne, 2021 
[85]

Rule-based, fuzzy 
expert system

12 12
Clinical/expert 

driven
Embedded: 

rule induction
Data cleansing

Hold-out split 
(fixed test 

set)
Zahiri et al., 
2021 [86]

DL, CNN (medical 
imaging)

Image 
features

Image 
features

Raw images
N/A (automated 
deep features)

Complete-case 
analysis

k-fold CV (k 
= 5)

Chen, 2024† 
[87]

DL, CNN (ECG, 
Lead I)

Raw
Deep 

features
Automated 
extraction

N/A (CNN 
layers)

NR
k-fold CV + 

independent 
test

Karabayir et al., 
2024 [88]

DL, CNN (ECG, 
wearable Lead I)

Raw
Lead-I 

features
Simulated 

wearable data

Automated 
feature 

extraction
NR

Hold-out split 
(10%)

Li et al., 2024 
[89]

ANN, BP network 
(meta-optimized)

13 to 32 
(one-hot)

UCI: 9; 
Kaggle: 13

Clinical/expert 
driven

Dimensionality 
reduction (PCA)

Encoding/
normalization

k-fold CV 
(k = 10) + 

independent 
test (25%)

Shao et al., 
2024 [90]

DL, CNN (chest 
radiographs)

NR NR Raw images
N/A (deep 
features)

NR

k-fold CV 
(k = 4) + 

independent 
test (20%)

Than et al., 
2024† [91]

Risk score, CoDE-
ACS

10 10
Prespecified 

variables
Prespecified NR

External 
validation
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Internal validation predominantly used k-fold cross-validation (≥10-fold in several cases), 
recorded in at least 18 studies (51.4%). Fixed hold-out splits appeared in 10 studies (28.6%). 
External/independent validation was reported in nine studies (25.7%), including independent 
cohorts or temporally separated test sets. Furthermore, missing-data handling comprised com-
plete-case analysis (n = 3), deterministic exclusion of  uncertain entries (n = 2), and explicit 
imputation (iterative non-parametric, missForest, mode/mean, Bayesian ridge, k-NN, or fully 
conditional specification) in seven studies. Feature selection strategies included filter (correlation, 
entropy, maximal information coefficient (MIC), embedded (LASSO, tree-based), and wrapper 
(backward elimination, Boruta, RFE), with several deep models bypassing handcrafted features.

Risk of  Bias and Applicability Assessment 

As presented in Figure 3, the methodological quality of  the included studies was evaluated 
using the PROBAST+AI framework [55]. The distribution of  judgments indicated variabil-
ity across domains: participant selection and predictors were most frequently rated as low 
or unclear, whereas outcome assessment and analysis domains showed higher proportions 
of  high risk. Overall, 11 studies (31.4%) were judged to have one or more domains rated as 
high risk, and only 6 studies (17.1%) were consistently classified as low risk across all domains. 
Applicability concerns were generally minimal in reference standard and analysis domains, 
while 9 studies (25.7%) were judged as unclear due to incomplete reporting of  data sources, 
predictor handling, or validation strategy. 

Ye et al., 2025† 
[92]

Classical ML, 
gradient boosting 

(XGBoost)
NR NR

Clinical/expert 
driven

None (all 
features)

Exclusion >30% 
missing; FCS 
imputation

Hold-out 
(70/30) + 
k-fold CV 
(k=10) + 
external 

validation

Andersson et 
al., 2025 [93]

Classical ML, 
gradient boosting 

(XGBoost)
Initial: NR

10 (after 
RFE)

Clinical + 
echocardiographic 

variables
Wrapper: RFE

Imputation, 
Bayesian ridge/

k-NN

k-fold CV 
(k = 10) + 

independent 
test (25%)

Dou et al., 2025 
[94]

Classical ML, 
gradient boosting 

(XGBoost)
11 11

Clinical/expert 
driven

Post-hoc 
importance 

(SHAP)

Multiple 
imputation 

(3.5% missing)

Hold-out split 
(70/30)

Shin et al., 2025 
[95]

DL, multimodal 
(Transformer + 

MLP)
15,133 313

QC filters (SNPs); 
all EHR

Filter: chi-
square (SNPs)

Imputation, 
k-NN (EHR)

Repeated 
hold-out 
(80/20)

Zhang et al., 
2025 [96]

Classical ML, 
logistic regression 
(fundus + clinical)

15 15
Clinical/expert 

driven
All included

Complete-case 
analysis

k-fold CV (k 
= 5)

Note: †: External or independent validation performed; ML: Machine learning; AUROC: Area under the receiver operating 
characteristic curve; CV: Cross-validation; CART: Classification and regression tree; GLS: Global longitudinal strain; ROC: 
Receiver operating characteristic; LASSO: Least absolute shrinkage and selection operator; SVM: Support vector machine; NR: 
Not reported; LS-SVM: Least-squares support vector machine; k-NN: k-nearest neighbors; ANN: Artificial neural network; MLP: 
Multilayer perceptron; DL: Deep learning; NLP: Natural language processing; RBF: Radial basis function; MIC: Maximal information 
coefficient; CNN: Convolutional neural network; ECG: Electrocardiogram; SMOTE: Synthetic minority oversampling technique; EHR: 
Electronic health record; DenseNet: Densely connected convolutional network; JMI: Joint mutual information; LSTM: Long short-
term memory; HRV: Heart rate variability; RNN: Recurrent neural network; GRU: Gated recurrent unit; CoDE-ACS: Collaboration 
for the Diagnosis and Evaluation of Acute Coronary Syndrome; XGBoost: Extreme Gradient Boosting; SHAP: Shapley additive 
explanations; FCS: Fully conditional specification; BP: Backpropagation; PCA: Principal component analysis; UCI: University of 
California, Irvine; RFE: Recursive feature elimination; QC: Quality control; SNP: Single-nucleotide polymorphism.
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Figure 3. Risk of Bias Assessment of Included Studies.

Note. Domain level and overall assessment of risk of bias in the included studies.
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Diagnostic Accuracy of  AI Models

Table 3 provides an overview of  diagnostic accuracy metrics for AI models in cardiovascular 
disease. Specifically, AUROC was reported in 22 out of  35 studies (62.9%), with eight providing 
95% CI. Across all studies reporting AUROC, values ranged from 0.594 (lower bound: 0.513–
0.675) to 0.9991, with multiple reports ≥ 0.95 and several between 0.75–0.90. Furthermore, 
accuracy was available for 23 studies (65.7%), with values ranging from 0.694 to 0.996, while 
sensitivity and specificity were reported in 21 and 19 studies, respectively. Sensitivities ranged 
from 0.686 to 0.996, with 12 out of  21 studies (57.1%) reporting sensitivity ≥ 0.90. Specificities 
ranged from 0.256 to 1.000, with 8 out of  19 (42.1%) at or above 0.95. The narrowest AUROC 
CI among studies reporting CIs was 0.012 (0.9458–0.9671), and the widest was 0.206 (0.791–
0.997). Point estimates ≥ 0.95 frequently coincided with CNN ECG or imaging inputs, while 
lower estimates (≤ 0.77) were observed in classical-ML models using limited clinical inputs.

Table 3. Diagnostic performance of AI models.

Author(s), Year AUROC (95% CI) Accuracy Sensitivity Specificity

Stankovic et al., 2014 [62] 0.850 (0.79–0.91) NR NR NR

Cella et al., 2015 [63] 0.840 (0.77–0.93) NR NR NR

Kim et al., 2015 [64] 0.594 (0.513–0.675) 0.695 0.931 0.256

Mülayim & Alaybeyoğlu, 2016 [65] NR 0.9 0.927 0.86

Orphanou et al., 2016 [66] 0.850 (0.780–0.910) 0.844 0.972 NR

Ribeiro et al., 2016 [67] 0.709 (0.684–0.735) NR NR NR

Cheng & Chiu, 2017 [68] 0.77 0.825 0.894 0.574

Dekamin & Sheibatolhamdi, 2017 [69] NR 0.909 0.933 0.857

Kumar et al., 2017 [70] NR 0.996 0.996 0.996

Mansoor et al., 2017 [71] 0.84 0.890 NR NR

Prakash et al., 2017 [72] 0.767 NR NR NR

Wiharto et al., 2017 [73] 0.921 0.863 0.848 0.882

Banerjee et al., 2018 [74] NR NR 0.830 (avg) 0.860 (avg)

Acharya et al., 2019 [75] NR 0.99 0.989 0.99

Panicacci et al., 2019 [76] NR NR 0.896 0.987

Zhang et al., 2019 [77] 0.9610 (0.933–0.989) 0.91 0.929 0.893

Banerjee et al., 2020 [78] NR NR 0.940 0.920 

Rjoob et al., 2020 [79] 0.890 (0.788–0.992) 0.825 0.852 0.8

Zhang & Xia, 2020a [80] NR 0.95 0.894 0.995

Zhang & Xia, 2020b [81] NR 0.934 0.931 0.937

Zhang et al., 2020 [82] NR 0.95 NR NR

Cherradi et al., 2021 [83] NR 0.968 0.96 1

Li et al., 2021 [84] 0.75 0.694 0.686 0.805

Muhammad & Algehyne, 2021 [85] NR 0.946 0.954 0.95

Zahiri et al., 2021 [86] 0.8450 (0.832–0.857) 0.7562 0.7856 0.7434

Chen, 2024 [87] 0.9576 (0.9458–0.9671) NR NR NR

Karabayir et al., 2024 [88] 0.890 (0.89–0.90) NR 0.81 0.81
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Meta-analysis of  AI performance in cardiovascular disease

As shown in Figure 4, the pooled AUROC was 0.823 (95% CI 0.754–0.892). Twelve effects 
entered the random effects model, and AUROCs lacking variance were excluded from pool-
ing. Heterogeneity was very high (I² = 98.4%, τ² = 0.0108, Q-test p < 0.0001). The 95% 
PI was 0.59–1, with the upper bound truncated to the AUROC scale, which supports a de-
scriptive interpretation of  the summary estimate. Individual AUROCs ranged from 0.594 to 
0.961. When grouped into predefined AUC intervals, one estimate was < 0.70, three were 
0.70–0.79, six were 0.80–0.89, and two were ≥ 0.95. CI lower limits spanned 0.513 to 0.947 
and upper limits 0.675 to 0.997. CI widths varied from 0.021 to 0.206. Study weights were 
narrowly distributed from 7.2% to 9.1%, and the forest plot displays square sizes propor-
tional to weight with horizontal bars representing the 95% CI. External validation with com-
plete 95% CI was reported in 9 of  35 studies. Accordingly, we did not undertake a synthesis 
restricted to externally validated estimates. The overall estimate prioritizes external effects 
when available and otherwise adheres to the prespecified primary analyses. Excluding high 
risk studies did not materially alter the pooled AUROC, and the 95% PI remained similar.

Li et al., 2024 [89] 0.9991 0.9550 0.9703 0.9732

Shao et al., 2024 [90] 0.9922 0.963 0.965 0.963

Than et al., 2024 [91] NR NR 0.9830 NR

Ye et al., 2025 [92] 0.984 NR 0.965 0.975

Andersson et al., 2025 [93] 0.894 (0.791–0.997) NR NR NR

Dou et al., 2025 [94] 0.7690 (0.753–0.784) NR NR NR

Shin et al., 2025 [95] 0.834 NR 0.7810 (weighted recall) NR

Zhang et al., 2025 [96] 0.710 (0.64–0.78) NR NR NR

Figure 4. Pooled AUROC meta-analysis of AI in cardiovascular disease
Note. Forest plot of pooled AUROC for AI in cardiovascular disease.
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Diagnostic Performance by cardiac condition

Figure 5 presents pooled discriminative performance by cardiac disease category. For CAD, 
the pooled AUROC was 0.86 (95% CI 0.83–0.89), synthesizing studies using clinical/EHR 
features, ECG-derived features, and angiography-linked models. For ACS/MI, the pooled 
AUROC was 0.88 (95% CI 0.84–0.91). For heart failure, the pooled AUROC was 0.87 (95% 
CI 0.83–0.90). The numeric ordering was ACS/MI (highest), HF (intermediate), and CAD 
(lowest), with overlapping CI and close absolute differences (≤ 0.02). Category-specific het-
erogeneity mirrored the overall forest, with broader intervals in CAD (multiple modalities 
and variable reference standards) and narrower intervals in ECG-centric ACS/MI studies. As 
depicted in Figure 4, the spread within categories was substantial: CAD AUROCs extended 
from 0.594 to 0.9991; ACS/MI from 0.710 to 0.9610; and HF from 0.834 to 0.9576. Sensitiv-
ities in CAD studies ranged from 0.686 to 0.989 (≥ 0.95 in several ECG/DL pipelines), while 
specificities ranged from 0.256 to 0.987. In ACS/MI, sensitivity estimates reached 0.983 
(single-analyte pathway), with specificities up to 0.937. HF models reported AUROCs near 
0.834–0.9576, with sensitivity frequently ≥ 0.90 in 1-lead ECG CNNs and specificities span-
ning approximately 0.81–0.9732 when clinical variables were integrated.

Figure 5. Discriminative performance of AI across cardiac disease categories.

Note. AUROC by cardiac disease category; red squares show means (n=35).
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Discussion
The broad search process reflects the selective nature of  diagnostic AI evidence, where only a 
small subset of  available studies provides analyzable accuracy data, consistent with prior car-
diovascular AI reviews emphasizing stringent inclusion criteria to ensure diagnostic validity 
[97-99]. By encompassing ECG, imaging, and EHR pipelines, our sample captured diverse 
diagnostic contexts, allowing condition-specific synthesis while retaining a clinically oriented 
translational perspective [97,99,100].

These findings support a cautious, context-dependent interpretation of  AI, where use is 
not inherently beneficial but depends on external validation, local calibration, and explicit 
decision-threshold specification. We do not propose these models as standalone diagnos-
tics. Among studies reporting specificity, 8 of  19 (42.1%) achieved values of  0.95 or high-
er. Where specificity is modest, the intended role is high-sensitivity screening to minimize 
missed events, with false positives resolved through standard confirmatory testing and locally 
calibrated thresholds.

We observed predominance of  retrospective, single-center cohorts with heterogeneity in 
denominators (e.g. patients, ECGs, beats), which plausibly reflects differences in data capture 
across ECG-centric pipelines, imaging labs, and administrative/EHR sources [75,76,81,84]. 
Multicenter and registry designs were present but less frequent, mirroring the limited num-
ber of  externally validated pipelines and highlighting transportability concerns when moving 
from local development to broader deployment [28,87,92,94]. This limitation also has equity 
implications, as most development cohorts originated from high-income regions, and diag-
nostic performance may differ in low- and middle-income settings due to variations in preva-
lence, device type, and data quality. Populations included emergency triage for ST-elevation 
myocardial infarction (STEMI), pre-test probability evaluations for CAD, and chronic care 
(HF detection and monitoring), reflecting diverse bedside applications ranging from rapid 
rule-in/rule-out to longitudinal surveillance [28,87,88,94]. This distribution supports clini-
cal integration of  AI as augmentation, with ECG models for front-door triage, EHR models 
for routing to imaging, and imaging models serving as second readers, rather than replacing 
clinician judgment [28,84,86,93].

Classical ML (logistic regression, tree-based, k-NN, Naïve Bayes) and DL (CNN/RNN/
transformer) coexisted across modalities, with hand-engineered features dominating smaller 
tabular datasets and end-to-end learning prevailing for ECG/imaging where signal richness 
supports representation learning [67,73,75,81]. Internal k-fold validation was common, while 
external/temporal validation remained comparatively scarce, and when performed it fre-
quently revealed performance attenuation consistent with domain shift [28,87,92,94]. Real 
world applicability is constrained by limited external testing. External or independent valida-
tion with complete 95% CI was reported in 9 of  35 studies, which corresponds to 25.7%. 
We therefore interpret the pooled AUROC as a descriptive average rather than a universally 
transportable benchmark. Consistent with the protocol, external estimates were prioritized 
when available, a wide PI was reported, and clinical deployment should follow explicit exter-
nal validation, calibration (including thresholds), and ideally impact evaluation.

Imputation and feature selection were variably reported, with embedded methods (e.g., 
LASSO, tree-importance) aiding parsimony in EHR models and signal pipelines bypassing 
handcrafted steps, which may explain higher discrimination but uncertain calibration without 
explicit post-hoc adjustment [67,76,84,86]. At the bedside, this argues for local calibration 
and threshold setting, particularly where disease prevalence and acquisition protocols differ 
from those of  development cohorts [28,84,87,94].
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Our PROBAST+AI appraisal found frequent high-risk judgments in outcome assessment 
and analysis, which is clinically meaningful: label quality (expert consensus vs. reference stan-
dard) and analytic flexibility (multiple testing without correction) can inflate AUROC and 
lead to miscalibrated probabilities used at the point of  care [28,76,84,86,90]. Small single-
center datasets and public benchmarks were common, introducing spectrum effects and selec-
tion bias that may not reflect real world case-mix, particularly for borderline CAD and mild 
HF [65,73,83,87]. External testing repeatedly showed drops in discrimination, underscoring 
the need for site-specific recalibration and workflow-anchored evaluation before adoption 
[28,87,92,94]. Such validation, calibration, and ongoing monitoring are consistent with the 
principles typically required for regulatory evaluation of  clinical AI systems. These concerns 
parallel review-level observations of  heterogeneity, limited calibration reporting, and overop-
timistic internal validation in cardiovascular AI, reinforcing the priority of  transparent valida-
tion and reporting [98,99,101].

Across studies, discrimination was generally high, particularly in ECG/DL pipelines, while 
specificity showed wider variability. This pattern reflects methodological and clinical priori-
ties: deep models trained on continuous signals are optimized to avoid missed events, naturally 
enhancing sensitivity, whereas specificity depends more on data balance, labeling consistency, 
and threshold calibration. In clinical terms, these models function mainly as rule-out or triage 
tools rather than confirmatory diagnostics, emphasizing the importance of  local validation 
and threshold adjustment before deployment [28,75,78,86]. High-end performance clustered 
in CNN-based ECG/imaging models, whereas lower estimates were typical of  classical ML 
on limited clinical inputs, a pattern consistent with representational capacity and the need 
for richer inputs when signal quality is limited [67,73,76,84]. Our distribution of  AUROCs 
aligns with review summaries showing strong discrimination for CAD and HF with boost-
ing/RF or DL, while also echoing warnings that pooled accuracy can be overstated without 
standardized definitions and calibration [97,98,100]. For clinicians, this means thresholds 
and PPV/NPV should be set against local prevalence and workflow impact, not solely against 
headline AUROC, particularly where specificity is modest [28,84,86,94].

Our pooled AUROC was 0.823 (95% CI 0.754–0.892). Heterogeneity was very high (I² 
= 98.4%, τ² = 0.0108), and the 95% PI was 0.59 to 1. Under a random effects framework 
with restricted maximum likelihood and Hartung–Knapp adjustments, the pooled value is 
interpreted as a descriptive average across heterogeneous contexts rather than a universal 
benchmark for any single setting. The wide dispersion largely reflects structural differences 
across datasets and model types. ECG and imaging pipelines trained on raw signals tended 
to yield higher AUROC and narrower internal CIs than EHR models reliant on tabular 
variables. Likewise, studies using invasive angiography or objective imaging as the reference 
standard showed lower uncertainty than those using expert consensus or incomplete ground 
truth. Deep-learning (DL) architectures captured richer temporal or spatial features and gen-
erally outperformed shallow or rule-based models, but at the cost of  higher variability when 
externally tested. These factors collectively explain the magnitude of  between-study variance 
observed, underscoring that heterogeneity arises from both data modality and methodologi-
cal depth rather than random noise [97,99,102]. Clinically, a pooled AUROC near 0.82 sup-
ports augmentation in triage and test selection, yet the wide interval and high heterogeneity 
call for local validation, calibration, and predefined thresholds before deployment [103,104]. 
Accordingly, the pooled estimate is not intended to define actionable cutoffs but to summarize 
discriminative performance, acknowledging that clinical thresholds must be locally derived 
to avoid false reassurance or patient harm. Including studies from highly diverse clinical and 
technical settings likely increased heterogeneity. The summary AUROC is descriptive, with 
a wide 95% PI. Stratification by setting was not feasible given the small number of  effects.
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Pooling by condition showed ACS/MI (0.88), HF (0.87), and CAD (0.86) with overlapping 
intervals, a hierarchy that is consistent with reviews noting strong diagnostic performance in 
CAD imaging pipelines and robust discrimination in EHR risk stratification, while caution-
ing about heterogeneity and calibration gaps [94,98,103]. Within category spread can be 
interpreted by modality: ECG/DL excels for STEMI triage with externally validated AU-
ROC 0.961, favoring rapid rule-in/rule-out and reduced delay to reperfusion; conversely, 
clinical CAD models show modest gains and benefit from integration with imaging or richer 
predictors to lift specificity [78,86,99]. For HF, single lead models reached high discrimina-
tion but fell on external data, indicating utility for screening/monitoring with mandatory site 
calibration and consideration of  device variability in ambulatory workflows [75,81,87,88]. 
Finally, imaging AI as a second reader (e.g., single photon emission computed tomography 
(SPECT) polar maps, echo strain, chest radiography for congenital heart disease) supports 
targeted pathways and may reduce downstream testing when paired with clear thresholds 
and human oversight [86,90,93]. Added value over existing tools was not quantified since di-
rect externally validated comparisons and decision curve analyses were rarely available. The 
pooled estimates describe diagnostic discrimination rather than superiority. Overall, these re-
sults highlight how AI can improve diagnostic precision and shorten time to clinical decision, 
while its broader contribution will depend on equitable validation and adaptation to diverse 
healthcare contexts.

Conclusions
AI diagnostic models show promising discrimination, yet generalizability remains uncertain 
given that only 9 of  35 studies (25.7%) reported external validation. The pooled AUROC is an 
overall descriptive average and should not be interpreted as evidence of  reliability for deploy-
ment. The integration of  these models into existing diagnostic pathways entails local validation 
and threshold calibration to account for site-specific prevalence and data acquisition practices. 
Furthermore, the translation of  model outputs into clinical action requires continuous monitor-
ing for performance drift and human oversight to ensure alignment with established reference 
standards. Ultimately, these findings indicate potential to enhance diagnostic efficiency and 
accuracy in cardiovascular care. This potential is contingent on rigorous external validation, 
local calibration, and continuous monitoring after implementation. Key limitations include 
potential sample bias from small single-center cohorts, reporting bias due to incomplete vari-
ance and calibration reporting, and inconsistent reference standards in several primary studies. 
These constraints may inflate some accuracy estimates and contribute to the wide prediction 
interval (PI); therefore, results should be interpreted with caution. Future research should pri-
oritize multi-center external validation, the use of  standardized diagnostic endpoints, and open 
benchmark datasets to enable reproducibility and comparative evaluation.
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