
Int J Cardiovasc Sci. 2026; 39:e202500911

Original Article

Diagnostic Performance of Artificial Intelligence-Driven 
Electrocardiogram Algorithms in Detecting Heart Failure with 
Preserved Ejection Fraction: A Systematic Review and Meta-Analysis
Gustavo Barbosa David,1  Nicolas Ramos,1  Ramon Huntermann,1  Juan Peres de Oliveira,1  Maria Eduarda 
Molinari,1  Caroline de Oliveira Fischer Bacca1

Centro Universitário para o Desenvolvimento do Alto Vale do Itajaí,1 Rio do Sul, SC – Brazil 

Abstract

Background: Heart failure with preserved ejection fraction (HFpEF) is a highly prevalent syndrome associated with 
substantial morbidity and mortality. Accurate diagnosis is often challenging and costly. Recently, artificial intelligence-
based electrocardiogram (AI-ECG) algorithms have emerged to make the diagnosis of HFpEF less expensive and more 
accessible. However, there is a lack of data regarding their accuracy. 

Objective: We aimed to conduct a systematic review and meta-analysis to evaluate the diagnostic performance of AI-
ECG algorithms in detecting HFpEF. 

Methods: We searched PubMed, Embase, and Cochrane databases for studies evaluating AI-ECG algorithms in 
diagnosing HFpEF. We extracted true-positive, true-negative, false-positive, and false-negative events to estimate pooled 
sensitivity, specificity with 95% confidence intervals (CI), and area under the curve. Statistical analysis was performed 
using R under a random-effects model. Heterogeneity was assessed with I² statistics. 

Results: We included three studies comprising 171,073 patients (66.86% with HFpEF), in which an AI-ECG was evaluated 
alongside echocardiography, with a left ventricular ejection fraction of ≥ 50%. The patients’ mean age was 65.86 ± 4.5 
years, and 48.12% were male. AI-ECG algorithms demonstrated a sensitivity of 0.89 (95% CI: 0.64 to 0.97), specificity of 
0.80 (95% CI: 0.65 to 0.89), and an area under the receiver operating characteristic curve of 0.89 (95% CI: 0.85 to 0.92). 

Conclusion: AI-ECG algorithms demonstrate moderate to high sensitivity, specificity, and accuracy in diagnosing HFpEF, 
supporting their potential for routine screening and early detection.
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Diagnosing HFpEF can be challenging due to its 
nonspecific symptoms and signs, often derived from patient 
history and physical examination. The electrocardiogram 
(ECG), however, is a valuable, noninvasive, and cost-effective 
tool in this context.4 As pathophysiological changes in the 
heart influence its electrical activity, ECG data can provide 
crucial insights for early HFpEF detection.5,6

Recent advancements in artificial intelligence (AI), 
particularly machine learning and deep learning, have 
significantly improved diagnostic capabilities, enabling more 
accurate analysis of complex data.7 When integrated with 
ECG, AI may have the potential to overcome diagnostic 
challenges in HFpEF.8 This systematic review and meta-
analysis aims to evaluate the diagnostic performance of 
artificial intelligence-based electrocardiogram (AI-ECG) 
algorithms in detecting HFpEF, providing a comprehensive 
assessment of their clinical utility.

Methods
We carried out this systematic review and meta-

analysis following the guidelines outlined in the Cochrane 

Introduction
Heart failure with preserved ejection fraction (HFpEF), 

characterized by a left ventricular ejection fraction (LVEF) 
≥ 50%, affects approximately 3 million individuals in the 
United States and up to 32 million globally.1 

Desp i te  i t s  h igh  preva lence,  HFpEF remains 
underdiagnosed, accounting for nearly half of all heart failure 
cases. It is associated with significant morbidity, frequent 
hospitalizations, and an annual mortality rate of around 
15%. Early diagnosis and timely intervention are essential 
for optimizing management, improving patient outcomes, 
and reducing healthcare costs.2,3
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Central Illustration: Diagnostic Performance of Artificial Intelligence-Driven Electrocardiogram Algorithms 
in Detecting Heart Failure with Preserved Ejection Fraction: A Systematic Review and Meta-Analysis

AI-ECG algorithms in 
HFpEF diagnosis

Sensitivity: 0,89
Specificity: 0.80

Area under the curve: 0.89
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Collaboration Handbook for Systematic Review of 
Interventions and the PRISMA Statement.9,10 The protocol 
for the prospective meta-analysis was registered with 
the International Prospective Register of Systematic 
Reviews (PROSPERO) under the protocol number 
CRD420251002805.

Eligibility criteria
This meta-analysis was restricted to studies that met 

the following eligibility criteria: (1) observational studies, 
(2) evaluating patients who had both artificial-intelligence 
12-lead ECG and echocardiograms conducted within a 
maximum interval of 30 days to assess LVEF, (3) population 
with HFpEF, and (4) reporting echocardiography as control 
method. There were no restrictions concerning the date or 
language of publication. Studies that included patients with 
heart failure with reduced ejection fraction (HFrEF), applied 
a cutoff different than 50% for HFpEF, or used magnetic 
resonance imaging as a control were excluded, as were 
abstracts and conference presentations. 

Search and data extraction
We conducted a comprehensive search across PubMed, 

Embase, and Cochrane databases. Data were collected in 
January 2025, including all available studies up to that date. 
The following search terms were used in each of the three 
databases: (“artificial intelligence” OR AI OR “machine 
learning” OR “deep learning” OR “neural networks”) 
AND (“heart failure” OR “cardiac failure” OR CHF OR 
“congestive heart failure” OR HF OR HFpEF OR “heart 

failure with preserved ejection fraction” OR “diastolic heart 
failure”) AND (“electrocardiogram” OR ECG OR EKG OR 
“electrocardiographic monitoring”).

In addition, all references from the studies included and 
relevant reviews were manually examined to find more 
studies. Two authors conducted an independent analysis 
of the data using predefined search guidelines and quality 
evaluation methods. Disagreements between the two authors 
were resolved by consensus, including a third author.

Quality assessment 
Risk of bias in the primary diagnostic studies included 

in our systematic review and meta-analysis was assessed 
independently by two review authors, using QUADAS-2.11 
All detailed questions regarding patient selection, the index 
test, the reference standard, as well as flow and timing were 
carefully reviewed and fully addressed. The evaluation of 
both the risk of bias and concerns regarding applicability 
in our review was categorized as high, unclear, or low. Any 
disagreements were resolved through discussion with a third 
review author.

Statistical analysis
We collected data on true-positive, true-negative, false-

positive, and false-negative events as reported in the studies. 
These data were pooled to determine sensitivity, specificity 
with 95% confidence intervals (CI), and the area under 
the curve (AUC). Statistical analysis was conducted using 
R statistical software (version 4.2.2), employing a random-
effects model.

Source: Prepared by the authors. AI-ECG: artificial intelligence-based electrocardiogram; CI: confidence interval; HFpEF: heart failure 
with preserved ejection fraction.
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Given the variability in baseline characteristics across 
studies, a leave-one-out sensitivity analysis was conducted 
to evaluate the impact of each individual study on the 
pooled estimates, ensuring that the overall findings were not 
disproportionately influenced by a single study.

Results
Our systematic review initially yielded 1,803 results. After 

removing duplicates and screening based on title and abstract, 
20 full-text articles were reviewed for possible inclusion. 
Finally, three observational studies fulfilled our inclusion 
criteria and were included in the analysis, comprising a pooled 
population of 171,073 patients, of whom 114,383 (66.86%) 
were in the HFpEF group with a mean age of 65.86 ± 4.5 
years. Details of the study selection are shown in Figure 1, and 
baseline characteristics are displayed in Table 1. 

The meta-analysis revealed that AI-ECG demonstrated an 
estimated diagnostic sensitivity of 0.89 (95% CI: 0.64 to 0.97; 

Figure 2a) and a pooled specificity of 0.80 (95% CI: 0.65 to 0.89; 
Figure 2b) for HFpEF. Considerable heterogeneity was observed 
among the included studies (sensitivity: I² = 99.4%; specificity: 
I² = 99.8%). The summary receiver operating characteristic 
(SROC) analysis yielded an AUC of 0.89 (Figure 3). The main 
findings are shown in the Central Illustration.

Sensitivity analyses were performed using a leave-one-
out approach (Supplementary Material Figures S1 and S2). 
The results demonstrated that the pooled estimates for both 
sensitivity and specificity remained consistent when each study 
was sequentially omitted, indicating that no single study had 
a disproportionate impact on the overall findings.

Quality assessment

Overall, the risk of bias was considered low in two studies 
(Vaid12 and Kwon13) and unclear in one study (Unterhuber14). 
The domain-specific analyses conducted using the QUADAS-2 
tool are summarized and presented in Table 2.

Figure 1 - PRISMA flow diagram of study screening and selection. Source: Prepared by the authors. AI: artificial intelligence; ECG: 
electrocardiogram; HFpEF: heart failure with preserved ejection fraction.
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Table 1 – Baseline characteristics of included studies

Study Type of AI Standard 
diagnosis

Number of 
patients Male sex, n (%) Age, years 

(mean ± SD) LVEF

HFpEF Control HFpEF Control HFpEF Control HFpEF Control

Unterhuber
2021

Convolutional 
neural 

network

Echocardiogram; 
coronary 

angiography
720 1,164

390 
(54.16)

746 
(64.09)

66 ± 10 59 ± 10 NA NA

Kwon
2020

Deep learning Echocardiogram 4,048 18,100
56.70 

(14.99)
70.44 

(11.29) 
56.70 ± 
14.99

70.44 ± 
11.29

57.14 ± 
6.43

59.00 ± 
6.26

Vaid
2022

Deep learning Echocardiogram 109,615 37,426
55,831 
(50.93)

25,358 
(67.75)

65.63 ± 
0.07

66.78 ± 
5.36

62.0 ± 0
38.18 ± 

3.49

Source: Prepared by the authors. AI: artificial intelligence; HFpEF: heart failure with preserved ejection fraction; LVEF: left ventricular 
ejection fraction; SD: standard deviation.

Figure 2 – Source: Prepared by the authors. TP: True positive; FN: False negative; CI: Confidence interval; GLMM: Generalized linear 
mixed model

Figure 2a – Forest plot of the AI-ECG sensitivity in predicting HFpEF

Figure 2b – Forest plot of the AI-ECG specificity in predicting HFpEF

Discussion
In this systematic review and meta-analysis of three studies, 

comprising 171,073 patients (66.86% with HFpEF), we 
assessed the diagnostic performance of AI-ECG models for 
detecting HFpEF, using echocardiography as the reference 
standard. The pooled data yielded the following main findings: 
(1) AI-ECG exhibited moderate to high sensitivity (0.89, 95% 

CI: 0.64 to 0.97) and specificity (0.80, 95% CI: 0.65 to 0.89); 
and (2) an overall AUC of 0.89 (95% CI: 0.85 to 0.92). These 
results show a strong discriminating capacity and a good 
balance between sensitivity and specificity. Moreover, the AUC 
indicates moderate to high accuracy for diagnosis according 
to the model, thus providing options for early detection and 
risk stratification regarding HFpEF.
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Our results coincide with other recent studies showing that 
deep learning models can efficiently detect minor changes 
in ECG waveform, enabling earlier identification of HFpEF 
as compared to conventional clinical ECG interpretation.13 
Notably, another study14 reported a sensitivity of up to 99% 
when using a convolutional neural network applied to standard 
12-lead ECGs in patients at risk for diastolic dysfunction, 
emphasizing the impressive rule-out capabilities of AI-ECG. 
These high-sensitivity models, however, may cause a higher 
false-positive rate, which emphasizes the need for confirmatory 
echocardiogram in ordinary clinical use.

Beyond basic diagnostic accuracy, AI-based ECG techniques 
offer promising prognostic potential. A recent study15 revealed 
that patients with “false-positive” AI-ECG results were more 
likely to develop overt LV dysfunction on later follow-up, 
implying that even negative echocardiograms should require 
more attention if detected by AI. A subsequent study showed 
that combining AI-ECG outputs with basic clinical data might 
outperform some standard risk algorithms for asymptomatic 
LV dysfunction,16 hence validating the theory that advanced 
computational tools detect subclinical alterations missed by 
typical ECG interpretations. Building on these observations, 
integrating clinical parameters—such as demographics, 

Figure 3 – SROC curve of AI-ECG in predicting HFpEF. Source: Prepared by the authors. AI-ECG: artificial intelligence-based 
electrocardiogram; CI: confidence interval; HFpEF: heart failure with preserved ejection fraction.
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Table 2 – Risk of bias and applicability judgments in QUADAS-2

Study 
Risk of bias Applicability

Patient 
selection Index test Reference 

standard 
Flow and 

timing
Patient

 selection Index test Reference 
standard

Unterhuber  2021 ?

Kwon 2020

Vaid 2022

Source: Prepared by the authors. Notes: : low risk; : high risk; ?: unclear risk.

comorbidities, or laboratory biomarkers—with ECG-derived 
AI outputs may further improve diagnostic accuracy for HFpEF, 
resulting in more comprehensive and individualized prediction 
models. Growing data thus point to AI-ECG as a readily available 
triage tool, identifying people who might benefit from tailored 
therapy regimens and earlier echocardiographic investigation.

Our meta-analysis further shows that, for AI-ECG, the pooled 
estimates stayed consistently favorable even though different 
investigations used heterogeneous algorithms and datasets. 
This constancy emphasizes, even across different populations 
and healthcare settings, the strength of contemporary neural 
network designs for ECG interpretation.17 Furthermore, 
subgroups of patients with questionable EF should particularly 
benefit from AI-driven screening since advanced models 
have shown the capacity to identify minor diastolic anomalies 
earlier than standard techniques.18 These results highlight the 
possible synergy between AI-ECG and conventional therapeutic 
processes, therefore supporting our study’s contribution to the 
existing body of knowledge.

Ferreira et al.19 recently conducted a meta-analysis on the 
diagnostic accuracy of AI-ECG specifically for HFrEF (LVEF < 
40%) rather than HFpEF. Their study similarly revealed strong 
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pooled sensitivity (around 0.84) and specificity (about 0.89), 
despite concentrating on a clear EF cutoff, therefore supporting 
the general theory that AI-ECG may consistently identify 
underlying systolic dysfunction. Although their results highlight 
the value of AI-ECG in early diagnosis and risk classification for 
HFrEF, our meta-analysis adds the evidence regarding HFpEF, 
a clinical entity sometimes missed in standard tests. These two 
meta-analyses taken together show that AI-ECG has promise 
as a flexible, reasonably affordable screening tool spanning 
the range of EF—whether moderately lowered or preserved—
highlighting the general .

Even with these promising findings, this study has some 
limitations. We tried to reduce selection bias by only adding 
studies with echocardiographic confirmation. Yet, residual 
confounding could still be introduced by the natural variation in 
ECG acquisition techniques and AI architectures. Furthermore, 
although we limited our meta-analysis to three trials satisfying 
tight inclusion criteria, the somewhat limited body of published 
evidence might constrain generalizability. Finally, none of the 
given datasets offered detailed cost-effectiveness or prospective 
outcome data; therefore, more studies are required to define 
actual therapeutic effects and clinical impact. Despite these 
constraints, our pooled results remain consistent with an 
increasing body of evidence, supporting AI-ECG as a reliable, 
non-invasive modality for HFpEF screening and early detection.

Conclusion
This meta-analysis demonstrates that AI-ECG algorithms 

exhibit moderate to high sensitivity, specificity, and diagnostic 
accuracy in detecting HFpEF, highlighting their potential 
as a valuable tool for early screening and diagnosis. These 
findings support the integration of AI-ECG algorithms into 
clinical practice as a promising approach for HFpEF detection, 
especially when combined with relevant clinical data to further 
enhance diagnostic accuracy. However, further large-scale 
prospective studies are necessary to validate these results and 
establish the optimal integration of AI-ECG technology across 
diverse healthcare settings .
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