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Abstract: Structural heart disease (SHD), including left ventricular systolic dysfunction, valvular heart disease, hypertrophic
cardiomyopathy, cardiac amyloidosis, and pulmonary hypertension, remains underdiagnosed despite the increasing availability of
disease-modifying therapies. Echocardiography is the principal confirmatory test, but its broad use as a screening tool is constrained by
imaging capacity, cost, and referral efficiency. This review evaluates artificial intelligence-enabled 12-lead electrocardiography (Al-
ECG) as a pre-echocardiographic triage tool for SHD. We synthesize evidence across reduced left ventricular ejection fraction,
valvular disease, hypertrophic cardiomyopathy, cardiac amyloidosis, pulmonary hypertension, and composite SHD models, and
distinguish two intended-use orientations: safety-net screening, in which a positive AI-ECG result serves as an additive trigger for
confirmatory evaluation, and gatekeeper triage, in which a negative or low-risk AI-ECG result may support deferring or de-prioritizing
echocardiography in selected low-risk settings. Current evidence most strongly supports low-LVEF detection, where pragmatic
randomized implementation and early economic data are available. Valvular and composite SHD models are promising for referral
enrichment, whereas hypertrophic cardiomyopathy, cardiac amyloidosis, and pulmonary hypertension remain earlier or pathway-
incomplete applications. We also review false-positive interpretation, stepwise confirmation with point-of-care ultrasound, threshold
selection, workflow integration, equity, regulation, and health economics. Overall, AI-ECG is currently best positioned as an additive
safety-net tool to improve case finding upstream of echocardiography. Gatekeeper use remains investigational and requires prospective
pathway-level validation, calibration, and operational safeguards before routine imaging deferral can be justified.

Keywords: Al-enabled electrocardiography, structural heart disease, echocardiography, safety-net screening, gatekeeper triage,
surveillance

Introduction

The Undiagnosed Burden of Structural Heart Disease

Structural heart disease (SHD) encompasses a heterogencous set of disorders, including left ventricular systolic
dysfunction, valvular heart disease, hypertrophic cardiomyopathy (HCM), cardiac amyloidosis, and pulmonary hyperten-
sion (PH). Several of these phenotypes are either common or underrecognized and carry substantial morbidity and
mortality."> Early detection of structural heart disease is clinically important, but broad imaging-based screening remains
constrained by the cost and availability of echocardiography.’ Asymptomatic left ventricular systolic dysfunction is
estimated to affect approximately 3—6% of the general population and is associated with a substantially increased risk of
progression to overt heart failure.* Aortic stenosis, the most prevalent valvular heart disease in developed countries, often

https://doi.org/10.2147/IJGM.S610298 International Journal of General Medicine 2026:19 610298 |
Received: 18 March 2026 © 2026 Tang et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at https://www.dovepress.com/terms.php
Accepted: 12 May 2026 AT 2nd incorporate the Creative Commons Attribution — Non Commercial (unported, v4.0) License (http://creativecommons.org/licenses/by-nc/4.0/). By accessing the work
Published: 29 May 2026 you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press Limited, provided the work is properly attributed. For

permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).


http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/4.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com

Tang et al

remains asymptomatic for years, but prognosis worsens sharply once symptoms develop.’ Cardiac amyloidosis, once
considered rare, is now recognized as an underdiagnosed and clinically important cause of heart failure with preserved
ejection fraction, and substantial diagnostic delay remains common.*®

Because effective disease-modifying therapies are now available for selected structural heart disease phenotypes—
including obstructive HCM and transthyretin amyloid cardiomyopathy—the clinical value of timely diagnosis has
increased.”® Echocardiography remains the principal confirmatory imaging modality for most forms of structural heart
disease, but broad referral strategies are difficult to scale because imaging capacity, expertise, and patient selection all
constrain efficiency.> Accordingly, many patients remain undiagnosed until disease is advanced, and electrocardiogram

(ECG)-based prediction models may help enrich referral toward higher-risk patients in a more targeted manner.”

Reconceptualizing the ECG as a Structural Screening Tool
The 12-lead ECG is among the most widely used cardiovascular tests worldwide.'® Traditionally, its clinical role has
centred on rhythm, conduction, ischemia, and indirect markers of chamber remodelling rather than deliberate screening
for structural heart disease. Deep-learning studies have since shown that ECG waveforms contain latent information
relevant to structural phenotyping beyond human visual interpretation.'' A landmark 2019 study demonstrated that
artificial intelligence (AI)-ECG could identify reduced left ventricular ejection fraction (LVEF) from routine 12-lead
recordings with strong discriminatory performance, establishing the principle that an inexpensive and widely available
test could function as an upstream screening instrument for abnormalities ordinarily confirmed by echocardiography.'?
The conceptual shift was crystallized by EchoNext, a deep learning model trained on 1.2 million ECG—echocardio-
gram pairs from 230,018 unique patients across a diverse eight-hospital system. EchoNext explicitly framed AI-ECG
deployment along a spectrum ranging from a “safety-net” strategy that triggers additional echocardiography to a later-
stage “gatekeeper” strategy intended to reduce unnecessary imaging.> In operational terms, safety-net use refers to
additive case-finding, in which a positive AI-ECG result prompts clinical review and confirmatory imaging for patients
who might otherwise be missed. Gatekeeper use refers to rule-out or de-prioritization, in which a negative or low-risk Al-
ECG result may support deferring echocardiography only in selected patients without independent imaging indications.
This framing shifts the emphasis from AI-ECG as a diagnostic classifier in isolation to AI-ECG as a pre-
echocardiographic triage tool embedded within a clinical pathway.

Aim, Novelty, and Real-World Relevance

The aim of this review is to synthesize current evidence on AI-ECG as a pre-echocardiographic triage tool for structural
heart disease and to evaluate where the field is ready for safety-net deployment versus where it remains insufficient for
gatekeeper use. A broad review has summarized the evolution of Al-enhanced electrocardiography in cardiovascular
disease management, and a recent editorial has highlighted the promise of scalable AI-ECG screening for structural heart
disease.'""!? Building on this literature, the present review focuses on AI-ECG as a pre-echocardiographic triage
intervention and shifts the discussion from model discrimination alone to pathway-level clinical use: when a positive Al-
ECG should trigger confirmatory evaluation, when a negative or low-risk AI-ECG may support imaging deferral, and
which validation standards are required for each intended-use scenario.

The review also synthesizes the core translational challenges of the field—evidence standards, calibration and
thresholding, workflow accountability, equity and transportability, and lifecycle governance—through the same safety-
net versus gatekeeper lens. We therefore compare reduced LVEF, valvular heart disease, hypertrophic cardiomyopathy,
cardiac amyloidosis, pulmonary hypertension, and composite SHD models according to evidence maturity, referral yield,
prospective validation, threshold implications, and deployment readiness. The real-world relevance is that AI-ECG is
most likely to affect care not by replacing echocardiography, but by improving patient selection, prioritizing limited
imaging capacity, and identifying patients who might otherwise remain undiagnosed. This review therefore frames Al-
ECG as a clinical workflow intervention upstream of echocardiography and clarifies the asymmetric evidentiary

requirements for safety-net screening versus gatekeeper triage.
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Evidence Identification and Evidence Mapping

To improve methodological transparency and clarify the scope of the evidence base, we performed a structured evidence-
mapping search focused on peer-reviewed studies evaluating Al-enabled electrocardiography for echocardiography-
detectable structural heart disease or pre-echocardiographic triage. Records were identified through database searching in
PubMed, Embase, and Web of Science, with supplementary sources including Google Scholar and citation tracking from
reference lists. After deduplication and staged screening of titles, abstracts, and full texts, 26 core evidence publications
were retained for qualitative evidence synthesis (Figure 1).

The included core evidence publications were selected because they directly evaluated AI-ECG model performance,
external validation, prospective or randomized implementation, referral enrichment, health-economic evaluation, longitudinal
surveillance, or pathway-level implications for structural heart disease triage. These publications covered reduced LVEF,
valvular heart disease, hypertrophic cardiomyopathy, cardiac amyloidosis, pulmonary hypertension, composite SHD models,
and stepwise confirmation workflows. Background epidemiology papers, treatment-context references, narrative reviews,
methodological papers, fairness/regulatory literature, and adjacent non-AI-ECG studies were cited where relevant but were
not counted as core evidence publications. Table 1 summarizes the key characteristics of the included core evidence
publications, and Table 2 compares evidence maturity and deployment implications across SHD subtypes and pathways.
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Figure | Evidence identification and selection process for AI-ECG studies in structural heart disease. This PRISMA-style flow diagram summarizes the structured
identification and selection process for core AI-ECG evidence publications included in the qualitative evidence synthesis. The final evidence set comprised 26 core
publications evaluating AI-ECG for reduced LVEF, valvular heart disease, hypertrophic cardiomyopathy, cardiac amyloidosis, pulmonary hypertension, composite SHD models,
or related triage and surveillance pathways. The disease-domain boxes indicate the main evidence domains represented in the included evidence set and are not intended as
mutually exclusive publication counts. Contextual references cited for background, implementation, ethics, regulation, or adjacent methodology were not counted as core
evidence publications.
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Table | Characteristics of Core Evidence Publications Included in the Qualitative Evidence Synthesis

Study Target Al Input/Model or Development or Evaluation | Validation Type Key Reported Performance or Pathway Result Evidence Phase
Phenotype/ Strategy Data
Pathway
Attia et al, Reduced LVEF 12-lead ECG; Large routine ECG- Retrospective AUC 0.93; NPV 98.7%; Al-positive/echo-negative Foundational model
2019" convolutional neural echocardiography cohort derivation and patients had higher future ventricular dysfunction risk development
network validation
Yao et al, 2021; | Low EF Al-ECG alert 22,641 adults; 120 primary-care | Pragmatic cluster- New low-EF diagnosis increased from 1.6% to 2.1%; OR | Randomized
EAGLE" embedded in routine teams from 45 clinics/hospitals randomized trial 1.32; P = 0.007 implementation
primary care
Tsai et al, Low EF Al-assisted ECG Inpatient clinical setting Pragmatic randomized Improved low-EF detection without increasing overall Setting-specific
2025 diagnosis/ trial echocardiography utilization implementation
prognostication
Adedinsewo Peripartum Al-assisted screening Obstetric population in Nigeria | Pragmatic randomized Diagnostic gain was mainly driven by the digital- Low-resource
et al, 2024'° cardiomyopathy/ including digital- trial stethoscope pathway; the stand-alone |2-lead AI-ECG | prospective
cardiomyopathy stethoscope and ECG signal was directionally concordant but less definitive implementation
screening pathways
Rushlow et al, Low EF AI-ECG clinical decision | Primary-care implementation Implementation study Demonstrated clinician-adoption and follow-up-action Clinical implementation
2022'¢ support cohort gaps after AI-ECG deployment

Liu et al, 2024'7

Jacobs et al,
2024'8

Cohen-Shelly
etal, 2021"°
Kwon et al,
2020%°

Elias et al, 2022;
ValveNet?'

Vaid et al,
20232

Segar et al,
20267

Liang et al,
2025%

Asymptomatic LV
dysfunction

Newly abnormal
LVEF after
anthracycline
therapy

Aortic stenosis

Aortic stenosis

Left-sided valvular
heart disease
MR and AS

Aortic stenosis

progression

Regurgitant
valvular heart

disease

Opportunistic AI-ECG
screening strategy

Al-ECG screening for
newly abnormal LVEF

12-lead ECG; deep
learning

Deep learning ECG
model

Deep learning ECG
model

Deep learning ECG
model

Al-ECG model with
longitudinal trajectory
analysis

AI-ECG models for
diagnosis and future
prediction of rVHD

Taiwanese outpatient cost-

effectiveness model
Cardio-oncology population
after anthracycline-based
therapy
ECG-echocardiography cohort
ECG-echocardiography dataset
77,163 patients

617,338 ECG-echocardiogram
pairs from five hospitals
Community screening and pre-

TAVR cohorts

International cohorts from

ethnically distinct populations

Health-economic

evaluation

Screening/surveillance

study

Retrospective
validation

Internal and external
validation
Retrospective
validation

Multicenter
retrospective validation
External validation and
longitudinal trajectory
analysis

International validation

study

Reported a negative ICER of -$7,439 for 65-year-old
patients and cost-saving results across age groups in
sensitivity analyses

Supported AI-ECG as a surveillance tool for detecting

newly abnormal LVEF after anthracycline exposure

AUC 0.85 for moderate-to-severe AS; Al-positive
/echo-negative patients had increased future AS risk
AUC 0.884 internally and 0.861 externally

AUROC 0.88 for AS, 0.77 for AR, and 0.83 for MR

External-validation AUROC 0.81 for MR and 0.86 for
AS

Al-positive discordance and longitudinal AI-ECG
trajectories were associated with subsequent AS
progression and AS-related events

Developed and validated AI-ECG models to diagnose
and predict future moderate or severe regurgitant
valvular heart disease

Economic evaluation

Surveillance extension

Valvular model
validation

Valvular model
validation
Multi-lesion valvular
validation
Multicenter valvular
validation

Longitudinal validation

Valvular prediction/

enrichment
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Tsai et al,
2026%

Ko et al, 2020%

Goto et al,
20227

Siontis et al,
2024%
Sangha et al,
20257

Goto et al,
2021°°

Kwon et al,
2020%'
Dubrock et al,
20242

Aras et al,
2023%
Ulloa-Cerna

et al, 2022;
rECHOmmend’
Poterucha et al,
2025;
EchoNext®

Dhingra et al,
2025;
PRESENT-
SHD**
Alexandrino
et al, 2026%

Diastolic
dysfunction after
TAVR
Hypertrophic
cardiomyopathy

Hypertrophic
cardiomyopathy

Hypertrophic
cardiomyopathy
Hypertrophic
cardiomyopathy

Cardiac

amyloidosis

Pulmonary
hypertension
Pulmonary
hypertension
Pulmonary
hypertension
Composite SHD
detectable by
echocardiography
Composite SHD

Composite SHD

Composite SHD

workflow

Al-ECG-derived
diastolic dysfunction
grading and trajectory
12-lead ECG;
convolutional neural
network

Federated ECG and
echocardiography
models

Al-ECG model

ECG image-based deep
learning

Al-enabled ECG and
echocardiography
pipeline

Deep learning ECG
model

Al-ECG algorithm

Deep learning ECG
model

ECG-based machine
learning using age, sex,
and ECG traces

Deep learning on ECG-
echocardiography pairs

ECG image-based
ensemble deep learning

Al-ECG followed by
point-of-care cardiac
ultrasound

Patients undergoing TAVR

Mayo Clinic ECG cohort

Three academic centers in the

United States and Japan

External cohorts from Bern,
Oxford, and Seoul

Internal test set plus MIMIC-IV,
AUMC, and UK Biobank
external datasets

Multicenter cohorts

ECG cohort with PH labels

ECG-based PH detection
cohort
ECG cohort

2.2 million ECGs from 484,765
adults

1.2 million ECG-
echocardiogram pairs from
230,018 patients across eight
hospitals

Four U.S. hospitals and the
prospective ELSA-Brasil cohort

486-patient pragmatic cohort;
286 patients with formal
echocardiography reference
standard

Prognostic trajectory
study

Retrospective model
development and
validation

Multinational federated

validation

External validation

External validation

Multicenter validation
and deployment
simulation

Model development
and validation

Algorithm validation

Retrospective
validation
Retrospective
development and
validation

Multicenter validation
plus prospective/silent-
deployment
components

External and
prospective population-
based validation

Proof-of-concept
workflow study

Al-ECG-derived diastolic dysfunction grade and
trajectory provided dynamic prognostic stratification
after TAVR

AUC 0.96; sensitivity 87%; specificity 90%

Improved cross-site generalizability compared with

single-institution models

Confirmed good overall performance while showing
site-level variability

AUROC 0.95 internally and 0.94, 0.92, and 0.91 across
external datasets

ECG C-statistics 0.85-0.91; ECG prescreening
improved downstream echocardiographic PPV from
33% to 74-77% at 67% recall

Provided early evidence that ECG-based Al can predict
pulmonary hypertension

Added validation evidence for AI-ECG detection of
pulmonary hypertension

Supported feasibility of deep-learning ECG detection of
pulmonary hypertension

Composite AUROC 0.91; PPV 42% at 90% sensitivity

Demonstrated broad SHD detection, referral
enrichment, and the safety-net versus gatekeeper
deployment framing

AUROC 0.853 in ELSA-Brasil; sensitivity 88%; specificity
62%; positive screen associated with 2- to 4-fold higher
incident SHD/HF risk

Al-ECG PPV 32% and NPV 94%; adding POCUS
increased PPV to 64%, maintained NPV at 93%, and
improved accuracy from 67% to 88%

Post-intervention
surveillance/trajectory
analysis

HCM model
development

Transportability-focused

validation

International external
validation
Image-based external

validation

Stepwise enrichment

validation

Early PH model
validation

Early PH validation

Early PH validation

Composite referral

model validation
Multicenter

translational validation

Image-based external/
prospective validation

Stepwise confirmation
feasibility

Note: This table corresponds to the 26 core evidence publications counted in Figure |. Background epidemiology, treatment-context references, narrative reviews, editorials, methodological papers, general implementation/fairness/
ethics literature, and adjacent non-Al-ECG studies cited for contextual discussion were not counted in this evidence set. Data size, model architecture, and performance metrics are reported when applicable; implementation, health-
economic, and surveillance publications are summarized by their evaluation setting and pathway-relevant result.

Abbreviations: Al-ECG, artificial intelligence-enabled electrocardiography; AR, aortic regurgitation; AS, aortic stenosis; AUC/AUROC, area under the receiver operating characteristic curve; CMR, cardiac magnetic resonance; EF,
ejection fraction; ECG, electrocardiogram; HCM, hypertrophic cardiomyopathy; ICER, incremental cost-effectiveness ratio; LV, left ventricular; LVEF, left ventricular ejection fraction; MR, mitral regurgitation; NPV, negative predictive

value; PH, pulmonary hypertension; POCUS, point-of-care ultrasound; PPV, positive predictive value; rVHD, regurgitant valvular heart disease; SHD, structural heart disease; TAVR, transcatheter aortic valve replacement.
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Table 2 Evidence Maturity and Deployment Implications of AI-ECG Across Structural Heart Disease Subtypes and Pathways

Cardiac

amyloidosis

Pulmonary
hypertension/
right-heart
dysfunction

Composite
SHD models

external validation; ECG-

image HCM model*¢~*

ECG-echocardiography Al
pipeline with deployment

simulation®®

PH AI-ECG studies and
right-sided components in
composite SHD

models®3'33

rECHOmmend, EchoNext,
and PRESENT-SHD3%34

rare-disease applications, but limited

screening-pathway evidence

Early to moderate in enriched
cohorts; limited direct evidence for

broad population screening

Early; still mainly retrospective signal-
detection evidence with less
standardized downstream pathways
than left-sided SHD

Moderate and rapidly evolving; most
clinically aligned with the question of
whether a patient should receive

echocardiography

targeted high-

risk contexts

Low in broad
screening;
potentially
moderate in
selected high-
risk pathways

Low

Moderate to
high for referral

enrichment

screening and
downstream
confirmation
remain unresolved
Very low; real-
world PPV and
confirmatory
pathways remain

limiting

Very low; evidence
remains mostly
retrospective and
pathway-
incomplete

Low; referral
enrichment is
supported, but
rule-out use
remains

unvalidated

confirmation pathways;
prospective screening impact;

downstream action protocols

Low disease prevalence; real-
world PPV; external validation;
confirmatory testing strategy;
integration with amyloidosis

diagnostic pathways

Reference-standard
heterogeneity; PH subtype
differences; prospective
validation; referral workflow;
clinical-action thresholds
Randomized implementation;
calibration; threshold selection;
resource impact; clinician
response; lesion-specific
interpretability

SHD Subtype Representative Current Evidence Maturity Safety-net Gatekeeper Main Evidence gaps Practical Interpretation
or Pathway Evidence Readiness Readiness

Reduced LVEF/ | Attia et al; EAGLE; Highest among current AI-ECG High Low; no validated Imaging-deferral thresholds; Best-supported near-term use

LV dysfunction inpatient, implementation, | applications; includes retrospective pathway for safe long-term clinical outcomes; case; suitable as a safety-net
economic, and cardio- validation, pragmatic randomized echocardiography follow-up adherence; trigger for confirmatory
oncology surveillance evidence, implementation work, and deferral multisystem implementation echocardiography rather than as
studies'?"' 16718 early economic evaluation a rule-out gatekeeper

Valvular heart AS, MR/AR, rVHD, and Moderate; multiple retrospective and Moderate Low; prospective Prospective pathway trials; Promising referral-enrichment

disease post-TAVR trajectory external validations, especially for AS, deferral evidence lesion-severity calibration; domain, especially for AS and
studies' 2 with emerging longitudinal and is lacking downstream echocardiography left-sided valve disease, but not

surveillance evidence burden; actionable thresholds; yet a routine clinical triage
subgroup performance pathway
Hypertrophic Ko et al; federated-learning | Moderate for detection; stronger Low to Very low; low- Low-prevalence PPV; site-level Strong signal-detection field, but
cardiomyopathy | HCM models; international | transportability evidence than many moderate in prevalence variability; genetic/CMR pathway-incomplete compared

with low-LVEF AI-ECG

Useful as suspicion enrichment
in selected patients; not
appropriate as broad screening
or gatekeeping evidence

Encouraging but exploratory;
not yet a deployable
echocardiography triage

indication

Strong conceptual fit for safety-
net screening and referral
prioritization; gatekeeper use

remains investigational
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Stepwise Al-ECG followed by point- | Early proof-of-concept workflow Moderate as Low; evaluated for | Replication; operator variability; | Attractive pathway for
confirmation of-care cardiac evidence a second-step diagnostic-yield decentralized implementation; improving downstream
pathway ultrasound® enrichment improvement formal cost-effectiveness; diagnostic yield, but evidence
strategy rather than integration with referral capacity | remains preliminary
imaging deferral

Longitudinal AS trajectories, rVHD Emerging; extends AI-ECG from one- | Potentially Very low; relevant | Serial imaging validation; Promising future direction, but
surveillance and | prediction, cardio- time detection toward surveillance useful for to follow-up surveillance intervals; not yet a substitute for
risk trajectories | oncology LVEF and dynamic risk stratification follow-up prioritization, not | treatment-response linkage; established imaging surveillance

surveillance, and post- prioritization imaging clinical endpoint trials protocols

TAVR diastolic trajectory replacement

studies'823-25

Note: Evidence maturity was judged qualitatively according to the presence of retrospective model validation, external validation, prospective or randomized implementation evidence, health-economic evaluation, longitudinal/
surveillance evidence, and direct evidence that AI-ECG changed downstream echocardiography referral or diagnostic yield. Safety-net readiness refers to use as an additive trigger or prioritization tool for confirmatory evaluation;
gatekeeper readiness refers to use in deferring, withholding, or de-prioritizing echocardiography.

Abbreviations: AI-ECG, artificial intelligence-enabled electrocardiography; AR, aortic regurgitation; AS, aortic stenosis; CMR, cardiac magnetic resonance; HCM, hypertrophic cardiomyopathy; LVEF, left ventricular ejection fraction; MR,
mitral regurgitation; PH, pulmonary hypertension; POCUS, point-of-care ultrasound; PPV, positive predictive value; rVHD, regurgitant valvular heart disease; SHD, structural heart disease; TAVR, transcatheter aortic valve replacement.
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Conceptual Framework: Safety-Net and Gatekeeper Use

The emerging literature suggests that AI-ECG should be understood not only as a diagnostic classifier, but as
a workflow tool positioned upstream of echocardiography. EchoNext introduced the terms “safety net” and
“gatekeeper”, but these are better interpreted as intended-use orientations rather than fixed model
categories.>'***® This distinction provides the organizing framework for the evidence synthesis below. In a safety-
net pathway, the central question is whether a positive AI-ECG result can improve detection by prompting
otherwise-missed confirmatory evaluation. In a gatekeeper pathway, the central question is more demanding:
whether a negative or low-risk AI-ECG result can safely support deferral or de-prioritization of echocardiography.
The same algorithm may therefore be clinically acceptable as a trigger for additional imaging, yet still be
insufficient as a basis for imaging deferral.

Safety-Net Use

In this review, safety-net deployment refers to an additive use case: AI-ECG is applied to ECGs already obtained in routine
care to identify patients who might otherwise leave without echocardiographic evaluation. Its role is to enrich referral and
support earlier recognition, not to overrule an existing indication for imaging. A positive AI-ECG result in this setting
should therefore be interpreted as a structured trigger rather than a diagnosis. Depending on the phenotype and care setting,
the downstream pathway may include clinician review of symptoms and prior imaging, confirmatory transthoracic
echocardiography, focused point-of-care cardiac ultrasound as an intermediate enrichment step, or disease-specific referral
after imaging confirmation. This is the deployment logic most clearly supported by current evidence. Randomized and
pragmatic studies in low-ejection-fraction detection, including EAGLE and subsequent implementation work, have largely
evaluated AI-ECG as a prompt for confirmatory echocardiography within routine workflows rather than as a tool to cancel

13,14,37,38 For

imaging. safety-net use, model performance should therefore be judged by the balance among sensitivity,

positive predictive value, referral burden, and follow-up completion, rather than by discrimination alone.

Gatekeeper Use

By contrast, gatekeeper deployment means that AI-ECG contributes to a decision to defer, de-prioritize, or withhold
echocardiography in patients who might otherwise be imaged. This is a more demanding role because the consequence of
error is no longer unnecessary testing alone, but potential false reassurance and missed structural heart disease. In such
a pathway, a negative or low-risk AI-ECG result could only be considered in patients with sufficiently low pre-test
probability and without independent clinical indications for echocardiography, such as heart-failure symptoms, concern-
ing murmurs, known structural disease, abnormal biomarkers, or high-risk disease-specific contexts. Gatekeeper use
requires more than discrimination: reliable calibration, very high sensitivity and negative predictive value in the intended
population, prospective pathway-level validation, decision-curve evidence at the selected operating threshold, and
explicit mechanisms for clinician override and follow-up.>****° On current evidence, that standard has not yet been
established for broad structural heart disease screening.

Practical Framework

Accordingly, safety-net and gatekeeper use are treated not simply as labels, but as a framework for judging translational
maturity. The key questions are whether AI-ECG meaningfully enriches echocardiography referral, whether that referral
pathway has been tested prospectively within clinical workflow, and whether the workflow is sufficiently mature for
deployment. By this standard, safety-net screening is the most mature near-term role, whereas gatekeeper triage remains
aspirational pending stronger prospective evidence. Threshold choice, trade-offs, and workflow design are therefore not
secondary details but determinants of deployability.

Evidence Synthesis Across SHD Domains
This section organizes the disease-specific evidence according to translational maturity rather than model performance
alone. The core study-level evidence retained for qualitative synthesis is summarized in Table 1. Across SHD domains, we

8 https: International Journal of General Medicine 2026:19



Tang et al

evaluate each application using the same pathway-oriented dimensions: disease prevalence, validation depth, prospective
pathway evidence, referral yield, downstream actionability, and readiness for safety-net versus gatekeeper deployment. The
comparative maturity of each domain is summarized in Table 2. This structure allows reduced LVEF to serve as the
benchmark indication, valvular and composite SHD models to be interpreted as intermediate referral-enrichment domains,
and rarer or more heterogeneous phenotypes to be placed within earlier pathway-development stages.

Reduced LVEF: Benchmark Domain

The detection of reduced LVEF represents the most mature evidence domain for AI-ECG—guided echocardiography
triage. The field was established by Attia et al in 2019, who demonstrated that a convolutional neural network could
detect LVEF <35% with an AUC of 0.93 and a negative predictive value of 98.7%. In the same study, patients without
baseline ventricular dysfunction but with a positive AI-ECG screen had a fourfold higher risk of developing future
ventricular dysfunction than those with a negative screen.'? This finding suggested that AI-ECG may identify not only
prevalent ventricular dysfunction but also a higher-risk preclinical state.

The EAGLE trial (ECG Al-Guided Screening for Low Ejection Fraction) subsequently translated this algorithm
into a pragmatic clinical intervention. In this trial, 120 primary care teams from 45 clinics or hospitals were
cluster-randomized to either the intervention arm (access to Al results; 181 clinicians) or the control arm (usual
care; 177 clinicians). ECGs were obtained as part of routine care from a total of 22,641 adults without prior heart
failure. The primary outcome was a new diagnosis of low EF (<50%) within 90 days of the ECG. The trial met
this endpoint, increasing new diagnoses from 1.6% in the control arm to 2.1% in the intervention arm (OR 1.32,
95% CI 1.01-1.61; P = 0.007), equivalent to a 32% relative increase over usual care.'*

Importantly, Al-enabled detection improved case finding without materially increasing overall echocardiography
utilization, suggesting referral redirection rather than indiscriminate imaging expansion. Even so, follow-up imaging still
occurred in only about half of Al-positive outpatients, and later inpatient pragmatic data likewise underscored a persistent
gap between algorithmic flagging and downstream clinical action.'**’

Beyond derivation and primary-care randomization, the low-LVEF field has also advanced to additional prospective
testing in distinct clinical settings. In the Nigeria obstetric trial, however, the significant diagnostic gain was driven by the
digital-stethoscope pathway, whereas the 12-lead AI-ECG arm showed only a concordant but non-significant direction of
effect; in Taiwan, a pragmatic inpatient randomized trial improved low-EF detection without increasing overall
echocardiography utilization.'>” Taken together, the key question is not whether AI-ECG can detect low LVEF, but
whether it has shown sufficient referral enrichment, prospective pathway validation, and workflow readiness to justify
pre-echocardiographic deployment. On current evidence, low LVEF most clearly satisfies the first two criteria and has
also moved furthest toward the third, making it the benchmark safety-net indication for near-term deployment. What
remains unproven is not detection capability, but whether a negative or low-risk AI-ECG output can safely support
echocardiography deferral.*-%3%:4¢

Valvular Heart Disease
Among non-LVEF applications, valvular heart disecase—particularly aortic stenosis (AS)—has emerged as one of the more
mature domains for AI-ECG screening. The prevalence of AS rises steeply with age, affecting approximately 1-2% of adults
older than 65 years and about 12% of those older than 75 years, while definitive diagnosis and severity grading still rely on
echocardiography.*' AI-ECG algorithms for AS detection were developed independently by multiple groups. In the Mayo
Clinic study, a convolutional neural network detected moderate-to-severe AS with an AUC of 0.85; importantly, patients with
positive AI-ECG results but no moderate-to-severe AS at baseline had a 2.18-fold higher long-term risk of subsequently
developing clinically significant AS."” Kwon et al independently reported AUCs of 0.884 in internal validation and 0.861 in
external validation using a combined multilayer perceptron—convolutional neural network architecture.*

The Columbia-led ValveNet study extended AI-ECG screening beyond isolated AS to a broader left-sided VHD frame-
work. In 77,163 patients, the model achieved area under receiver operating characteristic curve (AUROC) of 0.88 for AS, 0.77
for AR, and 0.83 for mitral regurgitation (MR), with similar overall accuracy in external validation.”’ Complementary
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multicentre work from five Mount Sinai hospitals using 617,338 ECG—echocardiogram pairs likewise showed that ECG-
based deep learning can detect both MR and AS, with external-validation AUROCS of 0.81 for MR and 0.86 for AS.*?

Beyond discrimination, valvular AI-ECG—especially for aortic stenosis—also appears to identify a subset of
discordant Al-positive/echo-negative patients who are at increased longitudinal risk. From a deployment perspective,
however, the practical conclusion is narrower: valvular AI-ECG has moved beyond proof of concept and shows
meaningful referral enrichment, but prospective pathway validation remains limited.'®** It is therefore best regarded
as a translationally promising referral tool rather than a deployable pre-echocardiographic standard.

HCM and Cardiac Amyloidosis

HCM, with an estimated prevalence of approximately 1 in 500 in the general population, often remains clinically
unrecognized and is associated with sudden cardiac death, including in younger individuals.** Ko et al at the Mayo Clinic
developed the first AI-ECG model for HCM detection, achieving an AUC of 0.96 in an independent testing cohort, with
87% sensitivity and 90% specificity at the prespecified threshold. Performance remained strong in younger patients, in
those with ECG-defined left ventricular hypertrophy, and even among patients with a normal ECG.*

A critical advance came with the application of federated learning to HCM detection. In a multinational Circulation
study, ECG and echocardiography models trained across three academic centers in the United States and Japan showed
substantially better cross-site generalizability than single-institution models and improved discrimination of HCM from
other causes of hypertrophy.?’ External validation in Bern, Oxford, and Seoul subsequently confirmed good overall
performance of the Mayo ECG model, but with clear site-level variability rather than uniform transportability across
cohorts.”® More recently, Sangha et al reported in a peer-reviewed study that a deep-learning model operating on ECG
images—not raw waveform files—detected HCM with AUROCSs of 0.95 in the internal test set and 0.94, 0.92, and 0.91
across three external datasets, supporting a potentially more deployable image-based screening route.*

Cardiac amyloidosis represents a distinct screening scenario because its low prevalence makes real-world positive
predictive value (PPV) intrinsically challenging. Prior Al-enabled electrocardiography studies have reported encouraging
discrimination for cardiac amyloidosis in enriched cohorts, suggesting that ECG-based screening may help enrich
downstream diagnostic suspicion. However, the available evidence remains constrained by case-enriched designs, limited
external validation, and the low-prevalence challenge intrinsic to real-world deployment.*** The reported PPV of 0.86
arose from that matched case-control test set and should not be presented as a population-screening PPV.?%4

Goto et al subsequently reported a complementary ECG—echocardiography pipeline with C-statistics of 0.85-0.91 for
ECG and 0.89-1.00 for echocardiography across multicenter cohorts. In deployment simulation, ECG prescreening
improved the positive predictive value of downstream echocardiographic screening from 33% to 74—77% at 67% recall.*

For cardiac amyloidosis, the main translational challenge is not signal absence but low-prevalence deployment,
because real-world positive predictive value will be substantially lower than performance observed in enriched case-
control datasets. Existing studies suggest AI-ECG can enrich suspicion and improve the yield of downstream echocar-
diographic workup, but external validation remains limited and the evidence is not yet sufficient for routine population-
level pre-echocardiographic triage. Taken together, HCM and CA should therefore be regarded as clinically important but

pathway-incomplete domains rather than deployable screening indications comparable to low-LVEF AI-ECG.?¢ %43

Pulmonary Hypertension and Right Heart Dysfunction

Evidence for AI-ECG detection of PH and right ventricular dysfunction remains comparatively early. Published studies
are still predominantly retrospective, although reported discrimination has been encouraging, with AUROCs of approxi-
mately 0.86-0.92 across internal and external validation cohorts.*' * EchoNext also incorporated right-sided phenotypes
into a broader composite SHD framework, suggesting that PH-related signals can be captured within referral-oriented
screening.” Taken together, PH remains an early signal-detection domain rather than an actionable echocardiography-
referral pathway: reported discrimination is encouraging, but the literature is still largely retrospective and the down-
stream pathway is less standardized than for left-sided SHD.
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Composite SHD Models

A critical conceptual advance has been the development of models that simultaneously screen for multiple SHD entities,
generating a single output — the estimated probability that a patient harbors any form of echocardiography-detectable
structural disease. This approach better mirrors the clinical question of whether to order an echocardiogram.9

The rECHOmmend platform, developed by Ulloa-Cerna et al at Geisinger, used 2.2 million ECGs from 484,765
adults to train a composite model predicting any of seven echocardiography-confirmed conditions. The composite
rECHOmmend model used age, sex, and ECG traces and achieved an AUROC of 0.91 with a positive predictive
value of 42% at 90% sensitivity, outperforming the corresponding single-disease models in practical referral yield.’
Individual disease models had AUROCSs of 0.86-0.93 but substantially lower PPVs (1-31%), demonstrating that the
composite approach improved practical utility.

EchoNext extended composite SHD screening to a multicenter, demographically diverse eight-hospital cohort and
showed that broad referral-oriented detection can generalize across academic and community settings.®> Prospective pilot
data likewise showed a graded prevalence of previously unrecognized SHD across risk strata, supporting referral
enrichment rather than binary rule-out.’

Dhingra et al developed PRESENT-SHD, an ensemble XGBoost model trained on ECG images rather than raw
waveforms; the model was validated across four U.S. hospitals and the prospective ELSA-Brasil cohort, and maintained
performance across novel ECG formats and smartphone photographs of monitors or paper printouts.>* Composite models
may be the most clinically aligned with the real-world referral question because they improve enrichment more than
many lesion-specific models. However, current evidence still supports referral prioritization rather than imaging deferral,
and the main trade-off remains reduced lesion-specific interpretability.

Overall, the evidence base is clinically promising but uneven in translational maturity. Reduced LVEF remains the
benchmark indication because it has progressed from retrospective validation to pragmatic randomized implementation,
follow-up adoption studies, and early economic evaluation. Valvular disease and composite SHD models represent the leading
referral-enrichment domains, with encouraging retrospective, external-validation, and emerging longitudinal evidence but
limited prospective pathway testing. HCM, cardiac amyloidosis, and pulmonary hypertension retain strong biological and
clinical interest, yet their low prevalence, phenotypic heterogeneity, and less standardized downstream pathways limit broad
screening readiness. This staged interpretation links the disease-specific evidence to the implementation questions addressed
below: how positive results should trigger follow-up, how thresholds should be selected, and why gatekeeper use remains
more demanding than safety-net deployment.

From Evidence to Implementation

The preceding evidence synthesis shows that AI-ECG applications differ substantially in maturity across SHD domains.
The next question is how model outputs should be converted into clinical action. For safety-net use, implementation
depends on whether positive results can increase diagnostic yield without overwhelming echocardiography capacity. For
gatekeeper use, implementation depends on whether negative or low-risk outputs can support imaging deferral under
validated thresholds and clinical safeguards. The following subsections therefore integrate false-positive interpretation,
stepwise confirmation, threshold selection, workflow integration, prospective pathway evidence, and economic evalua-
tion as linked implementation questions rather than separate technical topics.

Discordant Positive Results

In the best-studied AI-ECG screening settings—low LVEF and aortic stenosis—patients who screen positive on AI-ECG
despite negative baseline echocardiography do not appear to be a low-risk group during follow-up. In the original Attia
et al study, patients with false-positive low-EF screens had a fourfold higher risk of developing future ventricular
dysfunction (hazard ratio 4.1; 95% CI 3.3-5.0).'* Analogous findings have been reported in aortic stenosis: patients with
positive AI-ECG results but no moderate-to-severe AS at baseline had a higher long-term risk of subsequently
developing moderate-to-severe AS, and recent community validation likewise showed a fourfold higher risk of future
AS hospitalization among false-positive screens.'”** More broadly, recent AI-ECG work in valvular disease suggests
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that ECG-derived risk signals may reflect subclinical chamber remodelling and future progression risk, although this
evidence is less mature than that for low LVEF and aortic stenosis.**

These observations have important implications for clinical pathway design. They are also consistent with
newer AI-ECG studies suggesting that the ECG signal may capture future heart-failure risk beyond cross-sectional
disease detection.***> Rather than treating every discordant Al-positive/echo-negative result as a biologically
meaningless false alarm, it is plausible that a subset of these results reflects preclinical disease, label-timing
mismatch, or broader cardiovascular risk capture rather than pure algorithmic error; however, this interpretation
should not obscure the fact that some discordant results will still represent clinically non-actionable false
positives. At present, AI-ECG is better interpreted as a tool for risk enrichment and follow-up prioritization in
selected screening settings than as a stand-alone mandate for structured surveillance or immediate pathway

escalation,!219-44:45

Stepwise Confirmation
A central challenge for scalable AI-ECG screening is that even referral-oriented composite models yield only moderate
positive predictive value, so a substantial proportion of Al-positive patients will still proceed to confirmatory imaging. In
rECHOmmend, the composite ECG model achieved a positive predictive value of 42% at 90% sensitivity, underscoring
the persistent downstream burden of formal echocardiography despite improved referral enrichment.” Adjacent Al-
echocardiography studies show that Al-assisted ultrasound can enable novice acquisition and focused assessment with
encouraging diagnostic performance.*®*” These adjacent ultrasound studies support technical feasibility of a second-step
imaging filter, but they should not be conflated with direct validation of AI-ECG-triggered SHD triage pathways. Against
this background, Alexandrino et al evaluated a two-tier workflow in which AI-ECG was followed by focused point-of-
care cardiac ultrasound, with formal echocardiography as the reference standard. Among 286 patients with available
reference echocardiography, the combined strategy increased positive predictive value from 32% to 64% while main-
taining a negative predictive value of 93% and improving overall diagnostic accuracy from 67% to 88%, supporting
referral enrichment rather than definitive rule-out. Applied to the full pragmatic cohort, this workflow yielded a number-
needed-to-screen of 8 to identify 1 patient requiring formal echocardiography.®

Even so, this pathway should still be interpreted as early workflow-feasibility evidence rather than implementation-
ready evidence. Direct evidence for AI-ECG-gated confirmation of multi-disease structural heart disease currently rests
on a single published proof-of-concept study.>> More broadly, recent echocardiography literature suggests that Al may
support task shifting across image acquisition, analysis, and interpretation, but wider deployment still depends on careful
validation, workflow integration, regulatory oversight, and clinically governed implementation.*® Thus, the conceptual
appeal of an AI-ECG-to-POCUS cascade is stronger than its current pathway-level evidence base, and its generalizability
to decentralized routine screening remains unproven.

Thresholds and Decision Curves
The clinical utility of AI-ECG screening is not determined by discrimination alone. For a pre-echocardiographic triage
tool, the critical question is whether a given probability threshold produces acceptable trade-offs among missed disease,
unnecessary echocardiography, and downstream clinical benefit in the specific care setting. Decision curve analysis and
net benefit are therefore more directly relevant to deployment than reporting a single AUROC, because they evaluate
threshold-dependent clinical consequences rather than discrimination alone. Calibration is equally indispensable: a model
may retain a high AUROC yet still provide unreliable absolute risk estimates and thereby misdirect referral decisions.
NRI and IDI, if reported, should be treated as supplementary measures of relative model improvement rather than
substitutes for calibration and decision-analytic assessment.**>°

Threshold selection should therefore be setting-specific and intended-use-specific rather than uniform. For safety-net
deployment, thresholds should generally prioritize sensitivity and case-finding while maintaining an acceptable positive
predictive value and manageable downstream echocardiography burden. In this scenario, false positives primarily affect
confirmatory testing burden and downstream follow-up, and their acceptability depends on referral capacity, patient
burden, and the extent to which discordant positive results represent future-risk enrichment. For gatekeeper deployment,
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the threshold problem is different: the operating point must minimize false negatives, preserve very high negative
predictive value in the local population, and show acceptable net benefit before imaging deferral can be considered. In
emergency, inpatient, symptomatic, or high-risk settings, threshold choice should place greater weight on avoiding false
reassurance. Future studies should therefore routinely report calibration plots, decision curves, net benefit, subgroup
performance, and the rationale for context-specific operating thresholds, rather than treating sensitivity and specificity at

a single cutoff as sufficient evidence of deployability.’*"

Workflow and the Action Gap

The transition from retrospective algorithm validation to clinical deployment requires that AI-ECG outputs be incorpo-
rated into EHR-based clinical workflows rather than remain stand-alone analytic results. This is not merely an infor-
matics issue. When AI-ECG is used as a safety-net trigger, workflow friction mainly reduces follow-up efficiency; when
it is proposed as a gatekeeper, the same friction may increase the risk of over-trusting low-risk outputs and delaying
structural disease diagnosis.

In EAGLE, intervention clinicians were given access to AI-ECG results within routine primary care workflows, and these
notifications were intended to prompt confirmatory echocardiography in patients flagged as potentially having low LVEF.'®-
At this stage, the key issue is not merely whether AI-ECG can be displayed in the EHR, but whether that integration changes
follow-up behavior without creating new workflow friction. Multicenter effectiveness data for EHR-integrated deployment
remain limited, so claims about scalability, clinician adoption, and diagnostic yield should remain measured.?’

Published low-LVEF AI-ECG implementation studies primarily support two practical workflow components—routine
presentation of AI-ECG results and notification-based CDS—while other deployment architectures remain comparatively
under-studied.'*'® Population-management approaches remain conceptually plausible but under-studied in the AI-ECG
literature. More broadly, CDS implementation research suggests that alert burden, clinical relevance, usability, and
workflow disruption materially influence clinician uptake and downstream use.>*>

Even when AI-ECG models demonstrate excellent discrimination, their clinical impact remains contingent on
clinician uptake and downstream testing. In EAGLE, only 49.6% of intervention-arm patients with a positive AI-ECG
result underwent echocardiography, indicating that follow-up imaging still did not occur in roughly half of Al-positive
outpatients even when the result was visible to clinicians.'* In a temporally distinct silent-deployment cohort of
EchoNext, 45% of patients labeled high risk did not undergo follow-up echocardiography as part of routine clinical
care, highlighting a substantial action gap between model-based risk identification and downstream imaging.> These
observations support prospective evaluation of whether active notification strategies can improve conversion of AI-ECG
risk stratification into diagnostic follow-up in real-world screening pathways.

Alert fatigue and poor workflow integration are established barriers to CDS uptake. Systematic reviews of CDS
implementation show that alert burden, clinical relevance and actionability, usability, and disruption of routine workflow
materially influence clinician engagement and downstream use.’>>* Implementation-oriented AI-ECG research has begun
to use established implementation-science frameworks—particularly CFIR and ERIC—to identify barriers, facilitators, and
deployment strategies; however, prospective framework-guided evaluations embedded within live AI-ECG rollout remain
limited.>* These implementation barriers are not peripheral; they are one reason why the safety-net model is currently more
realistic than gatekeeper deployment in routine care, because a system that still struggles to convert positive Al alerts into
timely follow-up is not yet ready to rely on negative AI-ECG outputs to support imaging deferral.

Prospective Pathway Evidence

The main contribution of EAGLE was not to re-establish that AI-ECG can detect low LVEF, which had already been
shown in earlier derivation and validation studies, but to elevate the evidentiary level from model-performance literature
to pragmatic care-pathway evidence.'* By embedding AI-ECG outputs into routine primary-care workflows and
evaluating downstream diagnosis through cluster randomization, EAGLE showed that an already validated signal
could be operationalized as a real-world referral-enrichment strategy rather than remaining a stand-alone retrospective
classifier.'** The next evidentiary step is not another favorable single-system study but multisystem implementation
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testing. AIM ECG-AI, together with contextual trials in Taiwan and Nigeria, extends the field toward generalizability
across health systems and care environments.'>37-

At this stage, generalizability is a more important evidentiary question than further single-system success. The AIM
ECG-AI program matters because it is designed to move the field from single-system translation toward multicenter
implementation testing, where heterogeneity in ECG acquisition, EHR integration, clinician response, and patient mix
becomes part of the evidence rather than background noise.*®

Related pragmatic trials in Taiwan and Nigeria are important less for re-establishing signal detection than for testing
whether Al-assisted screening remains operationally workable across different care settings and resource
environments.'>*’ Their value is therefore primarily contextual: Taiwan extends prospective implementation evidence
into inpatient care, whereas Nigeria illustrates both the promise and the limits of Al-assisted cardiomyopathy screening in
a low-resource obstetric setting, with the strongest randomized signal arising from the digital-stethoscope pathway rather
than stand-alone 12-lead AI-ECG. Taken together, these studies suggest that the field is progressing from retrospective
accuracy claims toward setting-specific implementation evidence, although durable multicenter effectiveness data and
validated routine-deployment protocols remain limited.

For composite SHD models, the evidence base remains earlier than that for low-LVEF AI-ECG but is clearly moving
beyond single-center retrospective waveform studies. In PRESENT-SHD, an image-based composite AI-ECG model
validated across four U.S. hospitals also generalized to the prospective population-based ELSA-Brasil cohort, achieving
an AUROC of 0.853 with 88% sensitivity and 62% specificity; a positive screen was further associated with a 2- to 4-fold
higher risk of incident SHD or heart failure across external cohorts.*® Earlier work from rECHOmmend likewise showed
that combining multiple echocardiography-detectable conditions into a single referral-oriented endpoint improved
practical yield, with an AUROC of 0.91 and a positive predictive value of 42% at 90% sensitivity, thereby supporting
echocardiography-referral enrichment rather than lesion-by-lesion screening.” Even so, unlike low-LVEF Al-
ECG—which already has pragmatic randomized trial evidence—broad SHD screening is still supported mainly by
retrospective multicenter validation and nonrandomized prospective or population-based cohorts, and randomized
implementation data, hard downstream outcome trials, and validated gatekeeper protocols for safely deferring echocar-
diography remain unavailable.'*** Trials such as ARISE remain informative for the broader question of Al-enabled
cardiovascular alerting, but their primary contribution is AI-ECG-guided mortality-risk intervention in hospitalized
patients rather than SHD-to-echocardiography triage; they are therefore better viewed as adjacent implementation
evidence rather than direct evidence for SHD triage.>

Health-Economic Evidence

Among current AI-ECG applications, the economic evidence is most developed for low-LVEF screening, and impor-
tantly it aligns with an additive safety-net use case rather than a validated gatekeeper strategy. In a Taiwanese prospective
outpatient study of opportunistic AI-ECG screening for asymptomatic left ventricular dysfunction, the strategy yielded
a negative incremental cost-effectiveness ratio (ICER) of -$7,439 for 65-year-old patients and remained cost-saving
across age groups in sensitivity analyses.'” This economic signal is clinically plausible because screening for asympto-
matic left ventricular systolic dysfunction has renewed relevance as medical therapy for preventing or delaying heart-
failure progression has advanced.”’

Beyond this Taiwanese outpatient study, peer-reviewed economic evidence remains limited rather than broadly
confirmatory across health systems. By contrast, the Taiwanese ARISE economic analysis evaluated an inpatient Al-
ECG mortality-alert strategy and reported an ICER of $59,500 per death averted; it should therefore be regarded as
adjacent evidence for Al-enabled cardiovascular alerting rather than direct corroboration of low-LVEF screening cost-
effectiveness.”®

For composite SHD screening, formal cost-effectiveness evidence remains sparse, and peer-reviewed end-to-end
economic validation has not yet been established.” A central economic concern in broader SHD screening is downstream
testing burden: referral-oriented AI-ECG models can improve enrichment, yet moderate positive predictive value may
still translate into substantial confirmatory echocardiography use.” Focused cardiac ultrasound is therefore conceptually
attractive as an intermediate confirmation step. High-quality studies show that Al-guided or Al-assisted focused

14 https: International Journal of General Medicine 2026:19



Tang et al

ultrasound can be acquired and interpreted with good diagnostic performance, even by novice users, supporting the
feasibility of two-step triage pathways.‘“”47 However, robust high-impact economic evaluations and prospective imple-
mentation data for integrated AI-ECG+POCUS pathways are still lacking, so cost-saving claims should remain hypothe-
tical rather than established.®> At present, the economic literature supports the plausibility of downstream referral
enrichment, but not the stronger claim that broader SHD gatekeeping can safely reduce imaging at the pathway level.

Future economic evaluations should explicitly define the standard-of-care comparator and the downstream manage-
ment triggered by each test result; otherwise, pathway-level comparisons between AI-ECG alone and stepwise strategies
will be difficult to interpret. Care-pathway mapping, probabilistic sensitivity analysis, and transparent handling of
comparator variability will therefore be especially important in future AI-ECG economic models.’® From a policy
perspective, this asymmetry in economic evidence further reinforces that low-LVEF safety-net screening is closer to
deployment maturity than broader SHD gatekeeping.

Challenges and Future Directions

The remaining barriers to AI-ECG-guided SHD triage extend beyond algorithmic accuracy. They can be organized into
five linked domains: evidence standards, calibration and thresholding, workflow accountability, equity and transport-
ability, and lifecycle governance. These challenges differ by intended use. Safety-net deployment primarily requires
reliable follow-up pathways and sufficient referral capacity, whereas gatekeeper deployment additionally requires safe-
guards against false reassurance, missed disease, and inappropriate imaging deferral. This section therefore synthesizes
these challenges through the safety-net versus gatekeeper framework before outlining future directions for surveillance,
multimodal integration, and population-level screening.

Core Challenges by Intended Use
The first challenge is evidentiary asymmetry. A safety-net model may be useful when positive AI-ECG results enrich
echocardiography yield and lead to timely confirmatory evaluation. Its main failure modes are excess downstream
testing, incomplete follow-up, and alert fatigue. By contrast, gatekeeper use carries a different clinical risk profile
because false-negative or poorly calibrated low-risk outputs may delay diagnosis. This distinction explains why gate-
keeper deployment requires stronger evidence than safety-net deployment, including reliable calibration, high negative
predictive value in the intended population, decision-curve evidence at the selected operating threshold, and prospective
pathway-level validation.'®*%>2

The second challenge is threshold transportability. Predictive values and net benefit are shaped by disease prevalence,
referral context, ECG acquisition pathway, and patient mix. A threshold that is acceptable for opportunistic safety-net
screening in primary care may not be appropriate for symptomatic, inpatient, emergency, or high-risk specialty settings. For
safety-net use, threshold selection should balance case-finding against downstream imaging burden. For gatekeeper use, the
operating point must preserve a very low false-negative risk across the local population and clinically important subgroups.

The third challenge is workflow accountability. AI-ECG outputs do not improve care unless responsibility for action
is clearly assigned. Safety-net deployment requires closed-loop processes for notification, clinician review, confirmatory
imaging, and follow-up of positive results. Gatekeeper deployment requires additional safeguards, including clinician
override, auditability, re-entry into imaging pathways when symptoms or risk status change, and monitoring of delayed
diagnoses. These requirements connect clinical decision support design directly to patient safety.’*>°

The fourth challenge is equity and last-mile reliability. Fairness is not only a model-performance issue; it is also
shaped by ECG acquisition quality, care setting, access to confirmatory echocardiography, and linkage to disease-specific
treatment. Subgroup performance, input-format robustness, and post-deployment drift monitoring are therefore essential,
particularly if AI-ECG is used beyond the development environment.®®®® This issue is especially important for
gatekeeper use, where uneven performance could translate into unequal access to imaging.

The fifth challenge is lifecycle governance. AI-ECG should be treated as a clinical pathway intervention rather than
a static diagnostic score. Institutions need explicit rules for intended use, notification, patient communication, threshold
updates, performance monitoring, and accountability for follow-up. In safety-net deployment, governance focuses on
diagnostic yield and referral completion. In gatekeeper deployment, governance must also document the safety of
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imaging deferral over time.'®*® This intended-use-based framework provides a practical way to align validation
standards, implementation design, and oversight with the clinical consequences of each deployment scenario.

Equity and Last-Mile Implementation

The rationale for AI-ECG screening may be strongest in low- and middle-income settings, where heart failure and other
echocardiography-detectable cardiac disorders are often recognized late and access to echocardiography remains con-
strained by cost, workforce, and infrastructure. In such settings, the appeal of AI-ECG lies not in an already mature
external-validation literature, but in the possibility of adding a scalable, low-cost triage layer upstream of formal imaging.
Recent global reviews of heart failure and digital cardiovascular tools have accordingly emphasized that the unmet need
may be greatest in LMICs, provided that implementation is accompanied by appropriate clinical pathways and treatment
linkage.®*%

At present, however, peer-reviewed evidence specifically validating stand-alone 12-lead AI-ECG for structural
screening in resource-limited African practice remains sparse. The strongest prospective African data come from
a pragmatic randomized trial in Nigeria, which showed that Al-assisted screening for peripartum cardiomyopathy can
be operationalized in hospital-based care; importantly, as noted earlier, the diagnostic gain in this trial was primarily
driven by the Al-enabled digital-stethoscope pathway rather than the stand-alone 12-lead AI-ECG.'®> Current African
evidence therefore supports the feasibility of Al-assisted screening in facility-based workflows, but does not yet provide
a generalizable external-validation evidence base for stand-alone AI-ECG across rural primary care, community screen-
ing, or heterogeneous low-resource delivery systems. The next evidentiary step is prospective external-validation work
with prespecified operating thresholds and explicit reporting of ECG acquisition quality, calibration, device heterogene-
ity, test failures, referral completion, and linkage to evidence-based therapy.

Equitable AI-ECG deployment depends not only on broadly similar performance across demographic subgroups, but
also on transportability across institutions, acquisition workflows, and care environments. EchoNext reported broadly
consistent performance across racial and care-setting strata, and federated-learning work in HCM supports improved
cross-site generalizability.>*” Even so, average subgroup performance is not sufficient: clinically relevant degradation
may still emerge in specific age-race-sex strata, and fairness in medical Al is shaped by data acquisition and workflow as
well as by model architecture.®®®’

Equity should therefore be treated as both a model property and a deployment property. A model that performs well under
curated conditions may still fail when ECG inputs are obtained through heterogeneous real-world pathways, including image-
based formats and smartphone photographs, unless performance is validated in the intended deployment environment.>* Future
validation should therefore report performance not only by subgroup, but also by care setting and input pathway, and should
incorporate post-deployment monitoring for fairness drift.°*! For the present deployment question, unresolved transportability
across input pathways is another reason to favor safety-net use over gatekeeper reliance.

Regulation and Trust

The regulatory maturity of AI-ECG for SHD screening remains uneven. Low-LVEF detection is the most mature use
case, having already progressed from model development to randomized trials and early implementation
studies.'>!*!1373% By contrast, composite SHD screening and rarer-disease applications such as cardiac amyloidosis
remain at an earlier stage, with the literature still dominated by model development, retrospective validation, and limited
prospective implementation evidence.>** This distinction matters because the evidentiary bar should differ by intended
use: a safety-net application that prompts additional echocardiography may be justified by strong enrichment and
acceptable referral yield, whereas any gatekeeper use that withholds or defers imaging should meet a substantially
higher validation threshold before it can support echocardiography deferral in routine care.’

Explainability and ethics should be treated as linked components of clinical trust rather than as separate afterthoughts.
Interpretability tools may make model behavior more inspectable, but they do not by themselves resolve questions of
accountability, acceptable error, or downstream clinical action in opportunistic screening.*®®> When AI-ECG is applied
to a routine ECG obtained for another purpose, the output functions as an incidental risk signal and may trigger cascades
of follow-up testing with uncertain net benefit.*> For broad SHD deployment, trust will therefore depend not only on
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transparent intended use and interpretable outputs where feasible, but also on proportionate oversight and explicit
institutional rules for notification, patient communication, and follow-up responsibility.62

Surveillance and Multimodal Extensions

The evidence reviewed in this paper has primarily addressed AI-ECG as a tool for initial disease detection. However, Al-
ECG may also evolve from a one-time detection tool into a longitudinal surveillance biomarker in selected settings, with
emerging evidence supporting longitudinal risk tracking in aortic stenosis®® and surveillance for treatment-related left
ventricular dysfunction in cardio-oncology.'® Recent studies have shown that longitudinal AI-ECG trajectories in aortic
stenosis can identify accelerated disease progression years before valve intervention,> and Al-enabled electrocardio-
graphy-derived diastolic dysfunction trajectories after transcatheter aortic valve replacement also provide dynamic
prognostic stratification;?® in cardio-oncology, AI-ECG has shown promise for detecting newly abnormal LVEF after
anthracycline therapy.'® AI-ECG surveillance therefore represents a plausible extension of the screening paradigm, but it
still requires prospective validation against serial imaging and clinical endpoints.

ECG foundation models may improve transportability and label efficiency, particularly for lower-prevalence pheno-
types, but their translational value will depend on whether they improve calibration, robustness, and pathway perfor-
mance rather than benchmark metrics alone.®® Multimodal integration is most likely to matter when it reduces referral
uncertainty in clinically ambiguous cases or strengthens the safety of downstream triage decisions, not simply when it
produces incremental retrospective gains in discrimination. At present, however, direct SHD-specific evidence for ECG-
centred multimodal screening remains limited, and convincing prospective evidence that such approaches can safely

support gatekeeper-type decision making is still sparse.®®’°

Population Screening Programs

Translating AI-ECG from diagnostic studies to scalable screening programmes will require decisions that extend beyond
discrimination metrics, including whom to screen, how often to screen, what probability thresholds should trigger
echocardiography, and whether downstream referral capacity, quality assurance, and outcome monitoring can support
implementation.*® Published AI-ECG studies have so far focused predominantly on opportunistic, clinic-based, or
referral-enrichment strategies rather than organized population screening programmes with predefined invitation, recall,
quality assurance, and long-term outcome monitoring structures.>'* Accordingly, organized population screening should
still be regarded as a research agenda rather than a deployment-ready strategy. The next phase should therefore move
beyond model validation toward programme-level evaluation of diagnostic yield, downstream imaging burden, cost-

. . e 6.71
effectiveness, patient-centred outcomes, and governance feasibility.>®”

Conclusions

Al applied to the standard 12-lead electrocardiogram is reshaping the ECG from a rhythm-focused test into a potential
upstream tool for structural heart disease triage. The strongest evidence is currently in low-LVEF screening, where the
field has already progressed beyond retrospective validation to pragmatic randomized evaluation and early economic
analysis. Valvular disease and composite SHD models are the leading expansion domains, whereas HCM, cardiac
amyloidosis, and pulmonary hypertension remain earlier, pathway-incomplete applications.

Across indications, the decisive issue is clinical deploy ability rather than discrimination alone. On current evidence, safety-net
use is the most credible near-term role, whereas gatekeeper deployment still lacks the validation, calibration, and operational
safeguards required for routine echocardiography deferral. Near-term priorities are multicenter implementation, threshold
optimization, prospective evaluation of stepwise confirmation pathways, and careful validation of longitudinal surveillance use
cases. If implemented with appropriate safeguards, AI-ECG may improve clinical care by identifying otherwise-missed SHD,
prioritizing limited echocardiography capacity, and accelerating referral to disease-specific treatment pathways.

Highlights
e AI-ECG is most mature as a safety-net trigger for echocardiography.
e Low-LVEF detection is the benchmark with randomized implementation evidence.
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e Valvular and composite SHD models are promising but not yet pathway-mature.
e Gatekeeper use to defer imaging still lacks adequate prospective validation.
e (Clinical impact will depend on workflow integration, equity, and referral capacity.
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