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DERLEME

ABSTRACT

Artificial intelligence (AI)-enabled echocardiography has demonstrated strong agreement with 
expert measurements across a broad range of cardiac functional parameters. However, the transition 
from technical validation to clinical impact remains incomplete. This structured narrative review 
employed a systematic literature search to identify the principal structural barriers to AI integration in 
echocardiography and to develop an expert-informed, evidence-grounded perspective on the priorities 
for responsible implementation by 2030. The methodological heterogeneity of the included studies, 
including retrospective and prospective designs, diverse outcome measures ranging from measurement 
agreement to workflow implementation, and multiple AI application domains, precluded quantitative 
pooling. Therefore, qualitative synthesis was selected as the primary prespecified analytical approach. 
PubMed/MEDLINE was searched for studies published between January 2015 and January 2026 addressing 
clinical AI applications, real-world validation, implementation science, and governance. Forty-six studies 
meeting predefined inclusion criteria underwent qualitative synthesis. Five interdependent domains 
were identified: reproducibility across clinical settings, generalizability beyond development datasets, 
the lack of outcome-focused evidence, regulatory and governance immaturity, and insufficient trust 
among clinicians and patients. Automated measurements of left ventricular function, strain, and 
valvular disease severity demonstrate close agreement with expert assessments. However, few studies 
have shown that AI-assisted echocardiography translates into improved patient outcomes. Based on the 
available evidence, the principal translational barrier appears to be not algorithmic capability itself, but 
rather the structural requirements necessary for accountable clinical integration. An expert-informed, 
evidence-grounded roadmap emphasizing decision-level reproducibility, rigorous external validation, 
outcome-linked evidence generation, continuous lifecycle governance, and human-centered design is 
proposed to guide the integration of AI into echocardiography and to support the development of a more 
durable and accountable clinical infrastructure by 2030.

Keywords: Artificial intelligence, clinical decision support systems, deep learning, echocardiography, 
implementation science, machine learning

ÖZET

Yapay zekâ (YZ) destekli ekokardiyografi, geniş bir kardiyak fonksiyon parametreleri yelpazesinde uzman 
ölçümleriyle güçlü bir uyum göstermiştir. Ancak teknik doğrulamadan klinik etkiye geçiş süreci henüz 
tamamlanmamıştır. Bu yapılandırılmış anlatı derlemesinde, ekokardiyografide YZ entegrasyonunun 
önündeki temel yapısal engelleri belirlemek ve 2030 yılına kadar sorumlu uygulama için önceliklere 
ilişkin uzman görüşüne dayalı, kanıt temelli bir bakış açısı geliştirmek amacıyla sistematik bir literatür 
taraması yapılmıştır. Dahil edilen çalışmaların retrospektif ve prospektif tasarımları, ölçüm uyumundan 
iş akışı uygulamasına kadar değişen çeşitli sonuç ölçütleri ve birden fazla YZ uygulama alanını 
içeren metodolojik heterojenliği, nicel birleştirmeyi mümkün kılmamıştır. Bu nedenle, nitel sentez 
önceden belirlenmiş birincil analitik yaklaşım olarak seçilmiştir. PubMed/MEDLINE’da Ocak 2015 
ile Ocak 2026 arasında yayımlanan; klinik YZ uygulamaları, gerçek yaşam doğrulaması, uygulama 
bilimi ve yönetim konularını ele alan çalışmalar taranmıştır. Önceden tanımlanmış dahil edilme 
kriterlerini karşılayan 46 çalışma nitel senteze alınmıştır. Birbirine bağlı beş alan belirlenmiştir: klinik 
ortamlar arasında tekrarlanabilirlik, geliştirme veri setlerinin ötesinde genellenebilirlik, sonuç odaklı 
kanıt eksikliği, düzenleyici ve yönetim süreçlerindeki olgunlaşmamışlık ve klinisyenler ile hastalar 
arasında yetersiz güven. Sol ventrikül fonksiyonu, strain ve kapak hastalığı şiddetine ilişkin otomatik 
ölçümler, uzman değerlendirmeleriyle yakın uyum göstermektedir. Bununla birlikte, az sayıda çalışma 
YZ destekli ekokardiyografinin hasta sonuçlarında iyileşmeye dönüştüğünü göstermiştir. Mevcut 
kanıtlara dayanarak, temel translasyonel engelin algoritmik kapasitenin kendisinden ziyade, hesap 
verebilir klinik entegrasyon için gerekli yapısal gereklilikler olduğu görülmektedir. Ekokardiyografiye 
YZ entegrasyonunu yönlendirmek ve 2030 yılına kadar daha dayanıklı ve hesap verebilir bir klinik 
altyapının geliştirilmesini desteklemek amacıyla, karar düzeyinde tekrarlanabilirliği, titiz dış 
doğrulamayı, sonuçlarla bağlantılı kanıt üretimini, sürekli yaşam döngüsü yönetimini ve insan odaklı 
tasarımı vurgulayan, uzman görüşüne dayalı ve kanıt temelli bir yol haritası önerilmektedir.

Anahtar Kelimeler: Derin öğrenme, ekokardiyografi, klinik karar destek sistemleri, makine öğrenimi, 
uygulama bilimi, yapay zekâ
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Echocardiography is the most widely used cardiac imaging 
modality in clinical practice, guiding diagnosis, risk 

stratification, and long-term management across the full 
spectrum of cardiovascular disease. Its portability, real-time 
imaging capability, and cost-effectiveness make it indispensable 
in settings ranging from primary referral centers to emergency 
departments and resource-limited environments. Nevertheless, 
the field faces a substantial structural challenge. Rising clinical 
demand, expanding quantitative assessment requirements, 
and persistent inter-operator variability are placing increasing 
pressure on echocardiographic services and threatening their 
long-term sustainability.1

Manual assessment of left ventricular ejection fraction (LVEF), 
myocardial strain, chamber volumes, and Doppler hemodynamics 
is time-consuming and highly operator dependent. Even 
among experienced sonographers, reproducibility may vary 
considerably, particularly in high-volume laboratories and acute-
care settings.2-4 These limitations represent not only technical 
constraints but also systemic vulnerabilities affecting quality, 
efficiency, and equitable access to cardiovascular care.

Artificial intelligence (AI) has emerged as a promising solution 
to these challenges. Automated LVEF quantification has been 
validated in both single-center and multicenter studies.5,6 Deep-
learning platforms for point-of-care LVEF assessment have 
demonstrated strong agreement with expert measurements.7 
Similarly, automated strain analysis and three-dimensional 
right ventricular quantification have shown encouraging 
reproducibility.8-10 Beyond ventricular function, AI applications 
have expanded to include valvular disease grading, hemodynamic 
assessment, and disease classification.11,12 Predictive models have 
also been developed to estimate the risk of left atrial thrombus in 
patients with atrial fibrillation and to facilitate the early detection 
of infiltrative cardiomyopathies such as light-chain amyloidosis.13,14

Despite these technical advances, a more challenging reality 
remains. The translational pathway for AI in echocardiography 
is still fragmented. Most validation studies are retrospective, 
single-center investigations conducted in carefully selected 
populations.15,16 Dataset bias, vendor dependency, and reduced 
performance in suboptimal imaging conditions are recurring 
concerns.17,18 Furthermore, even multicenter studies have 
demonstrated meaningful variability in performance across 
institutions.19,20

More importantly, few investigations have demonstrated 
improvements in patient-centered outcomes. Although AI 
systems can approximate expert consensus, evidence linking 
automation to reductions in morbidity and mortality, or sustained 
gains in healthcare efficiency remains limited.21,22 Based on the 
available evidence, the principal translational barrier appears to be 
not algorithmic capability per se, but the structural requirements 
necessary for accountable clinical integration. This review examines 
five structural challenges that will influence whether AI achieves 
meaningful clinical integration in echocardiography by 2030.

Terminology

Throughout this review, AI is used as the overarching term 
encompassing machine-based approaches to pattern 
recognition in clinical data. Machine learning (ML) refers 

specifically to statistical methods in which algorithms improve 
performance through exposure to data without explicit rule-
based programming. Deep learning (DL) represents a subset of 
ML that employs multilayered neural networks. These terms 
are used precisely rather than interchangeably throughout this 
review, consistent with the terminology adopted in the cited 
studies.

Methodology

Review Design and Search Strategy
This structured narrative review was conducted using a 
systematic literature search and is reported in accordance with 
the PRISMA (Preferred Reporting Items for Systematic Reviews 
and Meta-Analyses) 2020 statement.23 The review design and 
eligibility criteria were predefined before the literature search 
was undertaken. Given the methodological heterogeneity of 
the included studies, including retrospective single-center 
cohorts, prospective multicenter trials, implementation science 
investigations, and governance analyses, quantitative pooling 
was not considered appropriate. Accordingly, qualitative synthesis 
was adopted as the primary prespecified analytical strategy, 
consistent with established guidance for narrative synthesis of 
heterogeneous evidence bases.24 This review should be regarded 
as a structured narrative review incorporating a systematic search 
strategy and dual-reviewer study selection. It does not claim the 
analytical scope of a formal systematic review or meta-analysis. 
Consequently, its conclusions are presented as evidence-
grounded interpretations rather than confirmatory findings. This 
distinction is stated explicitly to ensure alignment between the 
review's declared methodology and its actual analytical scope.

Note on Reference Structure: The 46 references cited in this 
manuscript comprise 44 primary AI studies included in the 
qualitative synthesis1-22,25-46 and two methodological guidance 
documents used to justify the review design23,24 (corresponding 
to PRISMA 2020 and the Joanna Briggs Institute [JBI] scoping 
review methodology, respectively). These methodological 
references are not primary clinical studies and were therefore 
excluded from the PRISMA flow diagram and synthesis totals. All 
quality appraisal and framework mapping described below apply 
exclusively to the 44 AI studies (Figure 1).

A structured literature search was conducted in PubMed/
MEDLINE for studies published between January 2015 and January 
2026. Search strategies were developed around three predefined 
domains: (1) clinical applications of AI in echocardiography, (2) 
real-world validation and implementation, and (3) regulatory, 
ethical, and governance considerations. The complete search 
strategy, including Boolean operators and search syntax, is 
provided in Supplementary Table 1.

ABBREVIATIONS
AI	 Artificial intelligence
AS	 Aortic stenosis
DL	 Deep learning
LVEF	 Left ventricular ejection fraction
ML	 Machine learning
RCT	 Randomized controlled trial
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Study Selection and Dual-Reviewer Process
Study selection was performed in two stages. In the first stage, 
two independent reviewers (a consultant cardiologist with 
expertise in echocardiography and a clinical researcher with 
experience in AI implementation science) screened all titles and 
abstracts according to predefined inclusion and exclusion criteria. 
Disagreements were resolved through consensus discussion, and 
no third-party adjudication was required. Inter-rater agreement 
for study inclusion and exclusion decisions was substantial 
(Cohen's κ = 0.81).

Studies were eligible for inclusion if they involved human subjects, 
reported external validation or prospective clinical data, and 
addressed clinical outcomes, workflow integration, implementation 
science, or governance-related topics. Pure algorithm-developed 
studies, simulation studies, phantom-model investigations, 
nonclinical engineering reports, conference abstracts, and non-
peer-reviewed publications were excluded (Table 1).

In the second stage, all studies undergoing full-text review 
were subjected to a structured methodological appraisal based 
on five predefined quality criteria: (1) use of human subjects or 
prospectively acquired clinical data; (2) inclusion of an external 
or independent validation cohort; (3) application of a clinically 
meaningful reference standard; (4) reporting of a clinical 
endpoint or workflow-related outcome; and (5) disclosure of 
feasibility metrics. Studies meeting fewer than three of these 
criteria were excluded. Details of the appraisal process are 
provided in Supplementary Table 2.

Quality Appraisal
Formal quality assessment was performed for all included 
studies using the QUADAS-2 (Quality Assessment of Diagnostic 
Accuracy Studies-2) tool for diagnostic accuracy studies and 
the ROBINS-I (Risk Of Bias In Non-randomized Studies of 
Interventions) tool for observational implementation studies. 
Both assessments were conducted independently by two 
reviewers. Results are summarized in Table 2. A formal GRADE 
(Grading of Recommendations Assessment, Development 
and Evaluation) assessment was not performed because the 
review did not address a single focused clinical question suitable 
for graded evidence synthesis. Instead, a predefined five-
level evidence hierarchy was applied as a descriptive quality 
stratification framework:

•	 Level I: Prospective multicenter randomized controlled trial 
(RCT) or meta-analysis; 

•	 Level II: Prospective multicenter nonrandomized study; 

•	 Level III: Retrospective multicenter study; 

•	 Level IV: Prospective single-center study; 

•	 Level V: Retrospective single-center study or technical pilot 
investigation.

This framework was used to characterize study quality and 
evidentiary strength in a manner consistent with structured 
narrative review methodology.

Framework Derivation
Consistent with established guidance for narrative synthesis of 
heterogeneous evidence, the five implementation domains 
were derived inductively through thematic analysis of the 44 
included studies.24 Two reviewers independently coded each 

Figure 1. Preferred Reporting Items for Systematic Reviews 
and Meta-Analyses (PRISMA) flow diagram illustrating 
the study selection process. A total of 2,696 records were 
identified through PubMed/MEDLINE. After removal of 724 
duplicate records, 1,972 titles and abstracts were screened, 
of which 1,840 were excluded according to predefined 
eligibility criteria. Full-text review was performed for 132 
articles, and 50 were excluded because of insufficient clinical 
relevance. Of the 82 studies that underwent appraisal, 38 
were excluded (36 because of overlapping cohorts or limited 
validation and two because they failed to meet at least three 
predefined quality criteria). Ultimately, 44 primary artificial 
intelligence (AI) studies were included in the final qualitative 
synthesis. Two methodological references (PRISMA 2020 
[23] and Joanna Briggs Institute (JBI) guidance [24]) are 
cited but are not included in the PRISMA flow. The complete 
reference list therefore contains 46 citations (two of which are 
methodological references).

Figure 2. Evidence-to-framework mapping illustrating the 
distribution of the 44 included artificial intelligence (AI) 
studies across the five implementation-challenge domains. 
Studies informing multiple domains were counted in each 
relevant category. The unequal distribution of evidence, with 
the reproducibility and generalizability domains supported by 
the largest number of studies (n = 17 and n = 16, respectively) 
and the governance and trust domains supported by the 
fewest studies (n = 7 and n = 7, respectively), directly 
informed the relative depth of evidence synthesis across the 
manuscript. The two methodological references [23,24] are 
not represented in this framework mapping.
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study’s principal limitations and implementation barriers using 
an open-coding approach. Inter-rater agreement for thematic 
coding was substantial (Cohen’s κ = 0.76), indicating acceptable 
reproducibility of the categorization process. Codes were 
subsequently grouped through iterative axial coding into broader 

thematic categories. Five overarching domains emerged as the 
most consistently represented barriers across the literature: 
reproducibility, generalizability, evidence, governance, and 
trust (Figure 2). The complete mapping process is presented in 
Supplementary Table 2, which links each study to the domain(s) 

Table 1. Key clinical applications of artificial intelligence in echocardiography: Evidence summary and clinical readiness
Application 
domain

Clinical application Key 
reference

n Principal 
performance metric

External 
validation status

Clinical 
readiness

LV function Automated LVEF assessment 
(multicenter handheld AI)

Kagiyama et 
al. 20246

5,085 r = 0.88–0.92; bias 
1.1%; LOA ± 10.4%

Established High 
(widely 

deployed)

LV function DL-based point-of-care LVEF 
assessment 

Asch et al. 
20217

700 ICC 0.93; MAE 4.1%; 
feasibility 94%

Established High

LV function Blinded RCT of AI vs. sonographer 
LVEF assessment

He et al. 
202326

3,495 Substantial change: 
16.8% (AI) vs. 27.2% 
(sonographer); P < 
0.001

Established High

LV function AI-based LV volume and EF 
quantification: real-time + large 
DB

Olaisen et al. 
202425

>5,600 Acquisition time 
reduced by 77%; ICC 
0.91 (EF)

Established High

Strain analysis Automated LV GLS assessment 
(multicenter DL)

Salte et al. 
20218

437 Bias −0.3%; LOA ± 
1.8%; ICC 0.91

Partial Moderate 
to high

Strain analysis AI-based GLS assessment in a 
UK-wide dataset

Stowell et al. 
202417

4,108 ICC 0.87; site 
variability, SD 1.2%

Established Moderate 
to high

Strain analysis Real-time DL-based GLS 
workflow

Holmstrøm et 
al. 202527

289 ICC 0.93; workflow 
time −22%

Absent Emerging

RV function Automated 3D RV quantification 
(pediatric vs. CMR)

Liu et al. 
20254

82 ICC 0.91; bias −3.2 
mL; LOA ± 9 mL

Established Emerging

Valvular disease AI-based detection of severe AS 
by DL (multicenter)

Holste et al. 
2023 [19]

5,257 AUC 0.94–0.95 (severe 
AS); generalizes to 
LG-AS

Established Moderate

Valvular disease AI-based assessment across the 
AS continuum

Park et al. 
202512

8,427 AUC 0.91; F1-score 
0.84

Established Moderate

Valvular disease AI-based differentiation of 
LG-AS vs. moderate AS diagnosis

Wrzosek et al. 
202611

900 AUC 0.87; sensitivity 
81%; specificity 84%

Partial Emerging

Hemodynamics AI-based RAP estimation Zamzmi et al. 
202340

255 Spearman r = 0.82; 
MAE 2.1 mmHg

Absent Low to 
moderate

Hemodynamics AI-assisted echocardiographic 
detection of PH 

Salehi et al. 
202541

410 AUC 0.88; sensitivity 
85%; specificity 82%

Established Moderate

Image acquisition AI-guided image acquisition by 
novice operators (multicenter)

Trost et al. 
202535

143 Diagnostic adequacy: 
91% (AI) vs. 67% 
(control)

Established Emerging

Image acquisition AI-Echo RCT: workflow efficiency 
(RCT)

Sakamoto/
Kagiyama et 

al. 202622

585 Examination time 
-9%; daily scans 
+18%; reduced fatigue 

Established Moderate

Disease classification Amyloidosis detection from a 
single video clip

Slivnick et al. 
202537

1,808 AUC 0.91; sensitivity 
87%; specificity 88%

Established Emerging

Disease classification ML-based prediction of LA 
thrombus

Xiong et al. 
202513

648 AUC 0.86; sensitivity 
83%; specificity 80%

Absent Early

Outcomes/
implementation

AI-assisted bedside 
echocardiography: inpatient RCT

Frydman et al. 
202621

388 Management change: 
28% (AI) vs. 19% 
(control); P = 0.04

Established Moderate

Outcomes/
implementation

AI-assisted POCUS LVEF 
assessment: diagnostic accuracy

Motazedian 
et al. 202342

320 AUC 0.92; sensitivity 
89%; specificity 88%

Established Moderate

AI, Artificial intelligence; AUC, Area under the receiver operating characteristic curve; CMR, Cardiac magnetic resonance; DL, Deep learning; GLS, Global 
longitudinal strain; ICC, Intraclass correlation coefficient; LOA, Limits of agreement; LV, Left ventricular; LVEF, Left ventricular ejection fraction; MAE, 
Mean absolute error; PH, Pulmonary hypertension; POCUS, Point-of-care ultrasound; RCT, Randomized controlled trial; RV, Right ventricular. For detailed 
performance metrics and validation status of the studies cited in Table 5, see Table 1.
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it informed. The framework is presented as an evidence-synthesis 
tool rather than a novel theoretical construct. It is situated within 
established digital-health implementation frameworks, including 
Greenhalgh’s NASSS (Nonadoption, Abandonment, Scale-up, 
Spread, and Sustainability) framework and previously published 
AI deployment taxonomies. Importantly, thematic coding was 
performed independently of the quality appraisal process, and 
the final domain structure was established before QUADAS-2 
and ROBINS-I assessments were completed, thereby minimizing 
the risk of circular reasoning between evidence quality and 
framework development.

Study Selection Results

The initial search identified 2,696 records. After removal of 
724 duplicates, 1,972 titles and abstracts were screened, of 
which 1,840 were excluded according to predefined criteria. 
Full-text review was performed for 132 articles, and 50 
were excluded because of insufficient clinical relevance. The 
remaining 82 studies met thematic relevance criteria and 
underwent structured methodological appraisal using the five 
predefined quality criteria. Of these, 38 studies were excluded, 
including 36 because of overlapping cohorts or limited clinical 
validation and two because they failed to meet the minimum 
quality threshold of three criteria. Ultimately, 44 primary AI 

studies fulfilled all evidentiary requirements and were included 
in the final qualitative synthesis (Figure 1). Two additional 
methodological references (the PRISMA 2020 statement23 and 
JBI scoping review guidance24) were cited in the Methods section 
but were not primary clinical studies and were not included in 
the synthesis totals. Consequently, the complete reference list 
contains 46 entries. Among the 44 included studies, 15 (34%) 
reported external or independent validation, 12 (27%) employed 
a prospective design, and 23 (52%) were retrospective single-
center investigations. The distribution of AI application domains 
was as follows: 

•	 Left ventricular (LV) function (n = 10),

•	 Strain and deformation imaging (n = 5),

•	 Valvular disease (n = 3),

•	 Right ventricular (RV) function (n = 3),

•	 Hemodynamic assessment (n = 2),

•	 Disease-specific classification (n = 4),

•	 Image acquisition and guidance (n = 5),

•	 Procedural planning (n = 3),

•	 Implementation and outcomes research (n = 6).

Table 2. Risk-of-bias assessment of included studies using QUADAS-2 and ROBINS-I frameworks
Reference n Study design Patient selection Index test Reference 

standard
Flow and 
timing

Overall 
risk

Kagiyama et al. 20246 5,085 Retrospective multicenter Low Low Low Low Low

Asch et al. 20217 700 Prospective multicenter Low Low Low Low Low

He et al. 202326 3,495 Blinded RCT Low Low Low Low Low

Frydman et al. 202621 388 Prospective multicenter RCT Low Low Low Low Low

Holste et al. 202319 9,483 Retrospective multicenter Low Low Low Low Low

Olaisen et al. 202425 >5,600 Prospective multicenter Low Low Low Moderate Low

Trost et al. 202535 143 Prospective multicenter Low Low Low Moderate Low

Salte et al. 20218 437 Retrospective multicenter Low Low Low Moderate Low

Stowell et al. 202417 4,108 Retrospective multicenter Low Low Low Moderate Low

Slivnick et al. 202537 1,808 Retrospective multicenter Low Low Low Low Low

Park et al. 202512 8,427 Retrospective multicenter Low Low Moderate Low Low

Wrzosek et al. 202611 900 Retrospective multicenter Moderate Low Moderate Moderate Moderate

Sakamoto et al. 202622 585 RCT crossover Low Low Low Low Low

Varudo et al. 20222 120 Prospective single-center Moderate Low Low Moderate Moderate

Zamzmi et al. 202340 255 Retrospective single-center Moderate Moderate Moderate Moderate Moderate

Sveric et al. 202416 310 Retrospective single-center Moderate Low Low Moderate Moderate

Zhu et al. 202515 1,832 Retrospective single-center Moderate Moderate Low Moderate Moderate

Mou et al. 202610 483 Retrospective single-center High Moderate Moderate High High

Xiong et al. 202513 648 Retrospective single-center Moderate Moderate Moderate High High

Myhre et al. 202429 Multicohort Retrospective multicenter Low Low Low Moderate Low

Quality domains were adapted from the QUADAS-2 framework. Patient selection assesses the risk of inappropriate exclusions or the use of a case-control 
design; Index test assesses the risk related to knowledge of the reference standard during interpretation of the index test; Reference standard assesses the 
risk that the reference standard misclassifies the target condition; Flow and timing assesses the risk from inappropriate time intervals or incomplete analysis. 
Overall risk was classified as low (low risk across all domains), moderate (some concerns unlikely to substantially affect the conclusions), or high (serious 
concerns that may compromise study validity). Color coding: low (green), moderate (amber), and high (red).
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An additional study addressing clinician trust and acceptance 
(n = 1) was included as contextual evidence. The relatively 
small proportion of outcome-oriented and governance-
focused investigations directly informs the five implementation 
challenges discussed in the subsequent sections.

Across the 44 included AI studies, a semiquantitative synthesis 
of key performance metrics revealed several patterns. In LV 
function assessment (n = 10), agreement between AI systems 
and expert readers was consistently high, with intraclass 
correlation coefficients (ICC) ranging from 0.87 to 0.93 for LVEF 
measurements. Mean absolute errors generally ranged from 3 
to 5 percentage points, with narrow limits of agreement (LOA). 
The blinded RCT by He et al.26 demonstrated the noninferiority 
of AI-assisted assessment compared with sonographer 
interpretation (16.8% vs. 27.2% substantially changed values; P < 
0.001), representing the highest level of evidence in this domain. 
In strain imaging (n = 5 studies), automated global longitudinal 
strain (GLS) measurements demonstrated minimal bias (−0.3% 
to −0.5%), LOA of approximately 1.8% to 2.2%, and ICC ranging 
from 0.87 to 0.93. Nevertheless, interinstitutional variability 
remained evident in the UK-wide collaborative dataset.17 For 
valvular disease assessment (n = 3), the area under the receiver 
operating characteristic curve (AUC) for severe aortic stenosis 
(AS) detection ranged from 0.87 to 0.95. The multicenter model 
reported by Holste et al.19 (n = 9,483) demonstrated the strongest 
overall performance, including accurate identification of low-
gradient phenotypes. Among disease-specific classification 
studies (n = 4), AUC values ranged from 0.86 to 0.91. Across 
implementation and outcomes studies (n = 6), both RCTs21,22 
demonstrated statistically significant improvements in clinical 
management decisions and workflow efficiency. Overall study 
quality, assessed using QUADAS-2 and ROBINS-I, was rated as 
low risk in 14 studies (32%), moderate risk in 25 studies (57%), 
and high risk in five studies (11%). These quality assessments are 
integrated throughout the subsequent five-challenge synthesis. 
Domains supported by a greater proportion of low-risk studies 
are discussed with greater confidence regarding the strength 
and directness of the evidence. Conversely, domains dominated 
by moderate- or high-risk studies are interpreted more 
cautiously. Specifically, LV function assessment and workflow 
implementation are supported by the strongest evidence base, 
largely derived from multicenter studies with low risk of bias, 
whereas governance, trust, and disease-specific classification 
rely more heavily on moderate-risk retrospective and single-
center investigations, a limitation explicitly acknowledged within 
the relevant sections.

Five Implementation Challenges Shaping AI in 
Echocardiography
Artificial intelligence in echocardiography has progressed 
well beyond the stage of early feasibility studies. Automated 
measurement of ejection fraction, strain quantification, disease 
classification, and image acquisition guidance are increasingly 
entering routine clinical practice.15,24 Nevertheless, five 
structural challenges will determine whether these technologies 
meaningfully transform clinical practice by 2030 or remain 
fragmented tools with limited system-wide impact. These 
domains are interdependent and reflect the ongoing tension 
between technological capability and clinical reality. Importantly, 

the five domains described below are evidence-derived. They 
emerged through inductive thematic analysis of the 44 studies 
included in this review (Section 2.4) and are grounded in 
recurring limitations and implementation barriers reported in 
the literature rather than in author opinion or a priori theoretical 
categorization. Supplementary Table 2 maps each included study 
to the domain(s) it informs, thereby providing a transparent audit 
trail linking the evidence base to the thematic synthesis.

The Reproducibility Challenge: Automation without 
Consistency
Interobserver variability has long been a fundamental limitation 
of echocardiography. Manual assessment of LVEF, myocardial 
strain, and Doppler-derived parameters remains highly dependent 
on operator expertise and image quality.2,3,25 Consequently, 
discrepancies persist even among experienced readers.

Automated quantification platforms have substantially improved 
agreement with expert reference standards. Multicenter studies 
evaluating AI-assisted LVEF assessment have demonstrated 
high correlation with reduced intraobserver variability.6,7,26 
In a randomized noninferiority trial, He et al.26 showed that 
AI-assisted initial assessment of LVEF was noninferior to 
sonographer assessment and was associated with a lower 
proportion of substantially revised measurements (16.8% vs. 
27.2%, P < 0.001 for superiority). Similarly, real-time deep 
learning-based GLS analysis has improved workflow efficiency 
without compromising measurement quality.27 Automated 
three-dimensional RV quantification and strain analysis systems 
have also demonstrated encouraging reproducibility in selected 
patient cohorts.4,28

However, improvements in reproducibility are not universal. 
Performance may decline in patients with severe remodeling, 
arrhythmias, prosthetic valves, or poor acoustic windows.16,29 
Furthermore, agreement at the population level does not 
necessarily imply clinical interchangeability at therapeutic decision 
thresholds.16 A mean absolute error of only a few percentage 
points may alter clinical management in borderline cases. 
Emerging multitask learning frameworks that simultaneously 
assess ventricular structure and function may offer greater 
stability, although further external validation is required.30

The reproducibility challenge therefore concerns not 
measurement capability, but measurement reliability across 
diverse and imperfect clinical environments. Automation reduces 
variability under controlled conditions; it cannot eliminate it 
entirely. Quality appraisal revealed an important asymmetry 
within this evidence base. The strongest reproducibility data 
derive from low-risk multicenter investigations, including those 
by He et al.,26 Kagiyama et al.,6 and Olaisen et al.25), whereas 
several retrospective single-center studies were assessed as 
having a moderate risk of bias. Consequently, population-level 
agreement should not be interpreted as definitive evidence of 
decision-level stability in routine clinical practice.

2030 Priority: The available evidence suggests that future 
reproducibility assessments should focus on decision stability 
around clinically relevant thresholds, such as LVEF values of 
35%–40% and GLS cutoffs for cardiotoxicity surveillance, rather 
than relying solely on population-level agreement metrics.
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The Generalizability Challenge: From Single Centers to 
Real-World Diversity
Most AI systems in echocardiography are developed using 
retrospective datasets derived from single institutions.15,31 
Although internal validation frequently yields excellent 
performance metrics, multicenter investigations consistently 
demonstrate variability when these models are deployed across 
independent clinical settings.16,17,19

Model performance may be influenced by vendor-specific 
image processing, demographic variation, and differences in 
acquisition protocols.17 Spectrum bias further limits applicability 
when datasets disproportionately represent classical disease 
phenotypes.19,31 As a result, feasibility often declines when 
algorithms are applied outside their development environments.29

This challenge is particularly evident in specialized patient 
populations. Holste et al.19 developed a deep learning model 
for AS detection using 5,257 studies from multiple centers 
and demonstrated excellent generalizability, with AUC values 
ranging from 0.94 to 0.95, including in the diagnostically 
challenging low-flow, low-gradient phenotype. However, studies 
incorporating rigorous multicenter external validation remain the 
exception rather than the norm. Similarly, AI models designed 
for congenital heart disease screening, fetal echocardiography, 
and complex procedural planning require validation across 
demographically and anatomically diverse populations.32-35

The generalizability challenge ultimately concerns ecological 
validity. Models that perform well under controlled validation 
conditions may exhibit reduced accuracy when confronted 
with the variability inherent in routine clinical practice. Among 
the studies informing the generalizability domain, QUADAS-2 
assessment identified a moderate risk of patient-selection bias 
in several multicenter datasets, as cohorts frequently excluded 
patients with poor image quality, arrhythmias, or implanted 
devices, the very subgroups in which generalizability is most 
clinically relevant. This pattern underscores the need to interpret 
aggregate AUC and ICC values with caution when feasibility 
denominators are not clearly reported.

2030 Priority: The available evidence indicates that external 
validation across multivendor, geographically diverse datasets 
should be considered a prerequisite for widespread clinical 
adoption. At present, this standard is not consistently met.

The Evidence Challenge: Accuracy without Outcomes
The limited number of randomized outcome trials evaluating 
AI in echocardiography reflects several structural barriers. 
First, no regulatory agency currently requires outcome-based 
evidence for AI as a medical device in cardiac imaging; regulatory 
approval is generally based on technical equivalence to existing 
technologies. Second, the complexity of echocardiographic 
interpretation, which integrates multiple parameters in real 
time, makes blinding difficult and the assessment of endpoints 
challenging. Third, AI imaging systems are often protected by 
commercial confidentiality, limiting the data sharing required 
for independent validation. Fourth, software updates frequently 
occur more rapidly than traditional clinical trial cycles, meaning 
that a validated tool may undergo substantial modification before 
trial results become available. These challenges do not justify the 

limited evidence base but help explain it. They also underscore 
the need to develop supporting research infrastructure, 
including adaptive trial designs and platform-neutral validation 
frameworks, alongside the technology itself.

Technical validation has advanced rapidly. Outcome-oriented 
evidence has not. Automated LVEF and GLS assessment platforms 
demonstrate strong agreement with expert readers.15,24 Likewise, 
AI classifiers for valvular heart disease and cardiomyopathies 
have achieved high discriminative performance.19,31 AI-enabled 
screening tools for cardiac amyloidosis based on single 
echocardiographic video clips represent an additional step toward 
disease-specific diagnostic automation.36,37

Notable exceptions exist. In a prospective randomized controlled 
trial, Frydman et al.21 demonstrated that AI-assisted bedside 
echocardiography resulted in a significantly higher rate of 
management changes than standard care (28% vs. 19%, P 
= 0.04).21 Similarly, the randomized crossover AI-Echo trial 
conducted by Sakamoto and Kagiyama et al.22 showed that AI 
assistance reduced examination time, increased daily scanning 
volume, and improved image quality without compromising 
diagnostic integrity. Together, these studies provide emerging 
evidence that AI may influence clinically meaningful process 
outcomes. Nevertheless, rigorous trials demonstrating 
improvements in patient-centered outcomes remain scarce.43

This evidence challenge therefore reflects a fundamental 
assumption: that improved measurement accuracy necessarily 
translates into improved patient care. Of the six implementation 
and outcomes studies identified in this review, only the two 
RCTs21,22 were judged to have a low overall risk of bias according to 
the ROBINS-I assessment. The remaining four studies were rated 
as having a moderate risk of bias, largely because of concerns 
related to outcome ascertainment and flow and timing. The 
evidence base in this domain is therefore meaningful but limited 
and should be interpreted accordingly.

2030 Priority: Future validation efforts should link automation 
to therapeutic decision-making, resource utilization, and patient 
outcomes, rather than relying solely on agreement metrics.

The Governance Challenge: Regulation, Liability, and Drift
Two regulatory frameworks are particularly relevant to adaptive 
AI in echocardiography. The European Union (EU) Artificial 
Intelligence Act (2024) classifies high-risk AI systems in medical 
imaging as requiring conformity assessment and post-market 
monitoring, partially addressing the issue of model drift. The 
United States Food and Drug Administration's Predetermined 
Change Control Plan (PCCP) framework allows adaptive 
algorithms to be updated within predefined limits without 
requiring full reapproval. Both frameworks represent important 
progress; however, neither currently mandates continuous real-
world performance monitoring, which is essential for detecting 
gradual performance drift in deployed models. Their practical 
implications for echocardiographic AI governance remain to be 
fully established.

As AI systems increasingly influence image interpretation 
and quantitative assessment, regulatory and medicolegal 
uncertainties become more prominent. Department-level 
studies have demonstrated the feasibility of integrating AI into 
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routine echocardiography workflows.1 However, few studies have 
addressed lifecycle monitoring, post-deployment recalibration, 
or structured oversight mechanisms. Robotic and reinforcement 
learning-based acquisition systems introduce additional 
complexity because their autonomous behavior is more difficult 
to audit using conventional approaches.44

Economic barriers are another important and often 
underrecognized obstacle to adoption. In many European and 
Middle Eastern healthcare systems, no formal reimbursement 
pathway currently exists for AI-assisted echocardiographic 
reporting as a billable service. As a result, institutions must absorb 
the costs of AI implementation without direct reimbursement, 
creating a structural disincentive unrelated to technical 
performance. Health-economic evaluations linking AI adoption to 
downstream resource savings are needed to generate the payer-
focused evidence that regulatory approval alone cannot provide.

The governance challenge is fundamentally structural: 
technological advancement has outpaced the development 
of a corresponding governance framework. Governance and 
post-deployment monitoring were rarely primary study 
endpoints in the reviewed literature; most governance-relevant 
observations were reported incidentally within implementation 
studies. Consequently, the evidence base for governance relies 
disproportionately on expert commentary and observational data. 
Conclusions in this domain therefore carry greater interpretive 
uncertainty than those derived from the reproducibility or LV 
function domains.

2030 Priority: The available evidence suggests that continuous 
audit systems, recalibration protocols, and transparent liability 
frameworks should accompany the clinical deployment of 
adaptive AI systems to ensure safety and accountability 
throughout their operational lifecycle.

The Trust and Integration Challenge: Human Acceptance in 
a High-Stakes Field
Echocardiography is an interpretive discipline. Clinicians 
simultaneously integrate image quality, hemodynamic data, 
and clinical context when making diagnostic and management 
decisions. AI tools that lack transparency or are difficult to 
override risk resistance from frontline users.

Studies suggest that clinician trust increases when AI systems 
provide editable contours, visual overlays, and interpretable 
outputs.25,39 In contrast, rigid automation may provoke skepticism. 
Patient-perception studies indicate a general openness to AI 
support when it is presented as an adjunct to, rather than a 
replacement for, clinical expertise.45

Training evidence further supports this perspective. AI-assisted 
guidance improves novice performance in acquiring standard 
apical views, and structured training programs incorporating AI 
support outperform traditional approaches in focused cardiac 
ultrasound skill acquisition.36,46 These findings suggest that trust 
develops most naturally when AI is introduced first as a teaching 
tool and subsequently as a clinical support tool.

Workflow integration is equally important. The AI-Echo 
(Artificial Intelligence–Echocardiography) RCT demonstrated 
that AI assistance reduced examination time (13.0 ± 3.5 min vs. 

14.3 ± 4.2 min, P < 0.001), increased daily examination volume, 
and reduced mental fatigue without compromising diagnostic 
integrity.22 However, vendor incompatibility and interoperability 
barriers continue to limit broader scalability.17,20

The challenge of trust and integration is ultimately cultural. 
Even technically robust systems are unlikely to succeed without 
clinician confidence and seamless workflow integration. The 
single trust-and-acceptance study included in this review45 was 
rated as having a moderate risk of bias according to the ROBINS-I 
assessment, and the trust domain overall is supported by the 
smallest body of direct evidence among the five challenges. 
Conclusions in this domain should therefore be viewed as 
interpretive and hypothesis-generating rather than practice-
defining.

2030 Priority: AI should function as a transparent form of clinical 
augmentation, supporting rather than replacing professional 
judgment.

An Expert-Informed 2030 Roadmap: Evidence-Grounded 
Priorities
The five implementation challenges described above define 
the principal structural vulnerabilities of AI in echocardiography. 
Faster algorithms and larger models alone will not be sufficient. 
Progress will require methodological reform, regulatory 
maturation, workflow redesign, and cultural adaptation. Figure 
3 illustrates the proposed lifecycle spanning development, 
validation, implementation, and governance. The priorities 
outlined in this section represent an expert-informed synthesis 
of the reviewed literature. They do not constitute a formal 
evidence-based forecast and should not be interpreted as a 
consensus-derived mandate. The year 2030 was selected as a 
pragmatic planning horizon for three converging reasons: the 
implementation timeline of the EU Artificial Intelligence Act 
(adopted in 2024, with phased enforcement through 2026–
2027); the expanding FDA Predetermined Change Control 
Plan framework for adaptive medical AI, which is expected to 

Figure 3. Conceptual framework illustrating a four-phase 
lifecycle for the responsible integration of artificial intelligence 
(AI) into clinical echocardiography, centered on clinical 
augmentation and patient safety. The framework comprises 
Phase 1 (Development and Training), Phase 2 (Validation and 
Benchmarking), Phase 3 (Clinical Implementation), and Phase 
4 (Governance and Monitoring). Iterative feedback loops 
connect all phases to support continuous quality assurance 
and accountability.
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reach greater regulatory maturity over a similar period; and the 
typical five- to eight-year duration required to complete and 
publish multicenter outcome trials. Together, these regulatory 
and research trajectories converge meaningfully around 2030, 
making it a useful, albeit inherently imprecise, reference point 
rather than a fixed predictive target.

Solving the Reproducibility Challenge: From Agreement 
Metrics to Decision Stability
Multicenter studies of LVEF and GLS have already demonstrated 
improved interobserver agreement with AI assistance.6,26 The 
blinded RCT by He et al.26 provides the strongest evidence 
to date that AI-based initial assessment is noninferior to 
sonographer assessment within a real-world clinical workflow. 
Department-level experience further demonstrates that 
automated measurements can be integrated successfully into 
high-volume echocardiography services.1 However, structured 
reporting of management impact remains uncommon. The 
available evidence suggests that reproducibility assessments 
should focus on classification stability near therapeutic 
thresholds, such as LVEF values of 35%–40% and GLS cut-
offs used for cardiotoxicity monitoring, as well as treatment-
decision concordance and case-level uncertainty, rather than 

on population-level agreement metrics alone. Reproducibility 
is more meaningfully defined not as statistical similarity among 
expert readers, but as the consistency of clinical decisions across 
readers, centers, and time. Table 1 summarizes the validation 
profiles relevant to this standard.

Solving the Generalizability Challenge: Mandatory External 
Validation
Internal validation alone can no longer be considered sufficient 
evidence for clinical deployment. Single-center retrospective 
studies are valuable for hypothesis generation but are insufficient 
for practice-changing implementation.15,31

Multicenter studies of automated LVEF and GLS assessment 
have shown that performance, although modestly attenuated, 
generally remains clinically acceptable under external validation 
conditions.16,17 Holste et al.19 developed a deep learning model 
for severe AS detection that was validated across multiple 
institutions and demonstrated excellent discrimination, including 
in low-gradient phenotypes. This study exemplifies the level of 
evidence to which future generalizability studies should aspire.

The reviewed evidence suggests that a credible minimum 
evidentiary threshold for widespread adoption should include 

Table 3. Proposed validation and reporting standards for artificial intelligence in echocardiography
Domain Recommended standard Rationale Supporting evidence Priority tier
Dataset Multicenter, multivendor training 

data
Reduces site-specific bias; 
improves generalizability

Kagiyama et al. 2024;6 
Stowell et al. 202417

Required

Dataset Subgroup analysis (sex, age, race, 
comorbidity)

Detects potential 
algorithmic bias

Wrzosek et al. 2026;11 
Salehi et al. 202541

Required

Annotation Consensus ground truth from ≥ 2 
expert readers

Reduces single-reader 
labeling bias

Zamzmi et al. 2023;40 
Asch et al. 20217

Required

Annotation Prespecified reference standard with 
reported inter-reader agreement 

Prevents post hoc favorable 
comparisons

Varudo et al. 2022;2

Trost et al. 202535
Required

Validation Testing in an independent external 
cohort

Reduces overfitting and 
demonstrates real-world 

applicability

He et al. 2023;26

Olaisen et al. 202425
Required

Validation Reporting of feasibility rates (cases 
excluded because of poor image 

quality or algorithm failure)

Reflects real-world 
performance

Sveric et al. 2024;16

Myhre et al. 202418
Required

Metrics Bland–Altman agreement metrics 
(bias, LoA) AND classification 

metrics (AUC, sensitivity, specificity)

Reflects clinical reliability at 
decision thresholds

Varudo et al. 2022;2

Wrzosek et al. 202611
Required

Metrics Stability analysis near therapeutic 
thresholds (e.g., LVEF 35–40%)

Identifies cases where 
AI errors may affect 

management

Kagiyama et al. 2024;6

He et al. 202326
Recommended

Bias audit Systematic subgroup performance 
analysis

Quantifies and mitigates 
algorithmic bias

Holste et al. 2023;19

Slivnick et al. 202537
Required

Clinical outcomes Prospective studies or RCTs linking 
AI to clinical outcomes

Demonstrates clinical 
benefit beyond 

measurement agreement

Frydman et al. 2026;21 
Sakamoto et al. 2026;22

Levy et al. 202543

Required for 
deployment

Post-deployment Post-deployment auditing and 
performance monitoring

Detects model drift and 
supports long-term safety

Lafitte et al. 2025;1 
Holmstrøm et al. 202527

Required for regulatory 
compliance

Post-deployment Recalibration protocols and version 
control for adaptive models

Ensures accountability for 
evolving algorithms

Shida et al. 202544 Required for regulatory 
compliance

AUC, Area under the curve; CONSORT-AI, Consolidated Standards of Reporting Trials–Artificial Intelligence extension; LoA, Limits of agreement; LVEF, Left 
ventricular ejection fraction; PACS, Picture archiving and communication system; STARD-AI, Standards for Reporting Diagnostic Accuracy Studies–Artificial 
Intelligence extension. Required items are those whose absence substantially limits interpretability or clinical applicability. Recommended items enhance 
transparency and reproducibility.
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multivendor datasets, independent geographic validation, 
transparent reporting of feasibility rates, and subgroup 
performance analyses. This recommendation is not intended as a 
prescriptive policy statement; rather, it reflects recurring evidence 
gaps identified across the studies informing the generalizability 
domain. Table 3 provides a proposed framework.

Solving the Evidence Challenge: From Measurement to 
Outcomes
Technical equivalence does not necessarily translate into clinical 
benefit. Most AI applications demonstrate strong measurement 
agreement but stop short of evaluating clinical outcomes.15,24,31 
The randomized trials by Frydman et al.,21 which demonstrated 
that AI-assisted echocardiography increased management 
change rates, and the AI-Echo randomized controlled trial 
by Sakamoto and Kagiyama et al.,22 which demonstrated 
improvements in workflow efficiency, represent important 
advances in this area. 

Drawing on the outcome-evidence gap identified across 
the reviewed studies, future research priorities should 
include pragmatic multicenter trials evaluating diagnostic 
reclassification, time to treatment, cost-effectiveness, and 
longitudinal patient-centered outcomes. Stepped-wedge 
trial designs embedded within routine clinical practice may 
offer a practical alternative to large randomized superiority 
studies. The underlying argument, grounded in the reviewed 
literature rather than in the authors’ preferences, is that AI must 
demonstrate not only accurate measurement performance but 
also improvements in clinical care.

Solving the Governance Challenge: Lifecycle Oversight and 
Accountability
Current regulatory frameworks evaluate software largely at a 
single point in time. However, echocardiographic AI systems 
are dynamic and susceptible to performance drift.25 The 
emergence of autonomous acquisition systems incorporating 
robotic navigation and reinforcement learning further heightens 
the governance challenge.44 The governance and regulatory 
barriers identified in the reviewed literature are multifaceted and 
include unclear pathways for adaptive algorithms, diffuse liability 
frameworks, and the absence of reimbursement mechanisms 
in many healthcare systems. Table 4 summarizes these barriers 
and their proposed solutions across implementation domains, 
illustrating that governance reform cannot be separated from the 
technical, clinical, and economic factors required for sustainable 
deployment.

The governance gaps identified in the reviewed literature suggest 
that robust deployment frameworks should incorporate periodic 
performance audits, drift-detection protocols, transparent 
documentation of software updates, and clear delineation of 
clinician and developer responsibilities. These recommendations 
are not arbitrary; each addresses a specific vulnerability 
documented in the included studies, including model drift after 
deployment,25,44 uncertainty regarding liability when AI-assisted 
decisions cause harm,33,34 and the lack of structured post-market 
surveillance.1 Regulatory maturity will depend on aligning 
technological innovation with enforceable monitoring standards, 
an objective increasingly reflected in both the EU Artificial 
Intelligence Act and the FDA PCCP framework.

Solving the Trust and Integration Challenge: Human-
Centered Augmentation
Successful adoption of AI in echocardiography depends on 
clinician confidence. Systems that are difficult to override, 
poorly integrated into existing workflows, or insufficiently 
transparent are unlikely to achieve sustained uptake.25 Training 
studies have shown that AI guidance can meaningfully improve 
image acquisition among novice operators, both for standard 
apical views and within broader focused cardiac ultrasound 
programs.36,46

Three implementation principles emerge consistently from 
the reviewed literature as prerequisites for clinician trust 
and sustainable adoption. First, seamless integration into 
existing picture archiving and communication system (PACS) 
and reporting workflows. The AI-Echo RCT demonstrated 
that friction in data transfer and reporting interfaces was a 
major implementation barrier and that reducing this friction 
significantly improved examination efficiency and reduced reader 
fatigue.22 Second, AI systems should provide clear visualization 
of automated contours and measurements. Olaisen et al.25 
reported that visible and editable AI-derived contours were an 
important factor influencing echocardiographers’ willingness 
to rely on automated GLS measurements.25 Third, AI systems 
should provide immediate manual override capability. Multiple 
governance analyses identified the absence of a clear override 
pathway as a structural accountability gap when AI-assisted 
assessments resulted in disputed clinical decisions.33,34,45 Each 
of these principles is supported by evidence from the reviewed 
literature rather than by abstract design preferences. The available 
evidence suggests that human-centered augmentation, rather 
than end-to-end automation, represents the more durable 
design philosophy for the next phase of AI development. Table 
5 contrasts current practice with AI-enabled capabilities across 
major echocardiographic domains.

A Coherent 2030 Vision
If these strategies are successfully implemented, echocardiography 
in 2030 could be substantially different. Quantitative 
measurements may become more standardized across 
institutions, interobserver variability in LVEF and GLS assessment 
may be reduced, and AI-guided image acquisition may expand 
access in under-resourced settings. Transparent audit systems 
could support ongoing performance monitoring, while stronger 
evidence frameworks could establish meaningful links between 
automation and clinical outcomes. The objective is not to replace 
clinical expertise, but to reinforce and standardize it.

Limitations
Several limitations of this review merit consideration. First, 
the literature search was restricted to PubMed/MEDLINE. 
Consequently, studies indexed exclusively in EMBASE, CINAHL, 
or the Cochrane Library may have been missed, potentially 
introducing database-level selection bias toward higher-
profile English-language publications. Second, despite the use 
of independent dual screening, the qualitative synthesis and 
thematic categorization into five challenge domains necessarily 
involved interpretive judgments that cannot be entirely 
eliminated through methodological safeguards. Third, the five-
domain framework represents an analytically derived conceptual 
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structure rather than an empirically validated classification system; 
its descriptive value should not be conflated with confirmatory 
validity. Fourth, the 2030 roadmap is explicitly presented as an 
expert-informed perspective rather than a formally validated or 
consensus-derived projection. The 2030 horizon was selected 

because it aligns with three converging external timelines: 
implementation of the EU Artificial Intelligence Act and FDA 
PCCP framework, and the typical completion cycle of multicenter 
outcome trials. Nevertheless, technological, regulatory, and 
clinical developments remain inherently uncertain, and the 

Table 4. Barriers and enablers for clinical implementation of artificial intelligence in echocardiography
Domain Barrier Impact Representative 

evidence
Implementation 

priority
Proposed solution

Technical Vendor incompatibility 
and lack of 

interoperability 
standards

Limited scalability across 
institutions

Kagiyama et al. 2024;6

Stowell et al. 202417
High Mandatory DICOM-AI 

interoperability standards; 
open validation pipelines

Technical Reduced performance 
in suboptimal 

imaging conditions 
(arrhythmias, 

prosthetics, poor 
windows)

Algorithm failure in 
real-world populations

Sveric et al. 2024;16

Zhu et al. 202515
High Mandatory feasibility rate 

reporting; image-quality 
flagging

Technical Lack of standardized 
external validation 

benchmarks

Unreliable cross-vendor 
comparisons

Holste et al. 2023;19

Park et al. 202512
High Consensus benchmarking 

datasets (e.g., EchoNet-
Dynamic)

Clinical Limited clinician trust in 
opaque or non-editable 

outputs

Low adoption; clinician 
override of valid AI 

findings

Zamzmi et al. 2023;40

Huang et al. 202445
High Explainable AI; editable 

contours; visualization of 
measurement uncertainty 

Clinical Lack of outcome-level 
evidence

AI deployment without 
demonstrated patient 

benefit

Frydman et al. 2026;21

Levy et al. 202543
Critical Pragmatic multicenter trials; 

stepped-wedge designs; 
CONSORT-AI reporting

Clinical Algorithmic bias across 
demographic subgroups

Unequal performance 
and potential 

disadvantage for 
underserved populations 

Holste et al. 2023;19

Slivnick et al. 202537
High Mandatory subgroup 

performance reporting; 
equity-audited training 

datasets

Training Low AI literacy among 
clinical staff

Inappropriate reliance on 
AI and potential patient 

harm

Lau et al. 2025;46

Karni et al. 202536
Moderate Structured AI education 

integrated into 
echocardiography training 

programs

Workflow Poor integration with 
PACS and reporting 

software

Workflow disruption; 
reduced efficiency

Sakamoto et al. 2026;22

Hollitt et al. 202520
High Native PACS integration 

during development; 
human-centered design

Regulatory Unclear pathways for 
adaptive/self-updating 

algorithms

Legal uncertainty; 
delayed access to 
improved models

Shida et al. 202544 High FDA SaMD PCCP framework; 
compliance with the EU AI 

Act Article 50 

Regulatory Unclear liability when 
AI-assisted decisions 

cause harm

Litigation risk; 
institutional hesitancy

Mao et al. 2026;33

Trenkwalder et al. 202334
High Explicit contractual 

delineation of responsibility 
among developers, 

institutions, and clinicians 

Economic Lack of reimbursement 
pathways for 
AI-assisted 

echocardiography

Restricted adoption; 
concentration 

of innovation in 
well-resourced centers

Wrzosek et al. 2026;11

Motazedian et al. 202342
Critical Prospective health-

economic studies; HTA 
submissions; CPT code 

development

Ethical Inadequate informed-
consent frameworks for 

AI-assisted diagnosis

Reduced patient 
autonomy and legal 

concerns

Huang et al. 202445 Moderate Standardized AI disclosure 
frameworks; shared 

decision-making guidelines

Ethical Risk of algorithm-
assisted deskilling 
among trainees

Long-term decline 
in echocardiographic 

expertise 

Karni et al. 2025;36

Lau et al. 202546
Moderate AI-assisted training before 

clinical deployment; 
continued assessment of 

manual skills

Implementation priority ratings reflect the frequency and impact with which each barrier was identified as limiting clinical adoption in the reviewed literature. 
Critical = identified as a major barrier in ≥3 high-quality studies; High = identified in ≥2 studies; Moderate = identified in a single study or inferred from 
implementation context. Abbreviations: AI, Artificial intelligence; CPT, Current procedural terminology; DICOM, Digital Imaging and Communications 
in Medicine; EU, European Union; FDA, United States Food and Drug Administration; HTA, Health technology assessment; PACS, Picture archiving and 
communication system; SaMD, Software as a Medical Device; TAVR, Transcatheter aortic valve replacement.
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priorities outlined here may require revision as the field evolves. 
Accordingly, the roadmap should be interpreted as a structured 
synthesis of the current evidence base rather than as a policy 
mandate. Fifth, although quality assessment was performed 
using the QUADAS-2 and ROBINS-I tools, and domain-level 
quality patterns are discussed throughout the manuscript, the 
heterogeneity of study designs precluded formal weighting of 
evidence according to quality scores. As a result, the synthesis 
remains primarily thematic rather than quantitatively graded. 
Sixth, the AI literature in echocardiography is susceptible to 
publication bias favoring positive performance results, which may 
overestimate the strength of evidence for certain applications. 
Seventh, given the rapid pace of AI development in cardiac 
imaging AI, some referenced studies may have been updated or 
superseded since their inclusion in this review.

Conclusion

Artificial intelligence in echocardiography has progressed 
well beyond proof-of-concept investigations. Automated 
quantification of left ventricular function, strain analysis, right 
ventricular assessment, and AI-guided image acquisition are 
increasingly being incorporated into routine clinical practice.15,24,26 
Technical feasibility is no longer the principal barrier to adoption. 
Prospective and randomized studies have demonstrated that 
AI can improve reproducibility, enable non-expert operators 
to acquire diagnostically adequate examinations, and reduce 
sonographer workload.22,35,36

This review characterizes the current state of the field through 
five interdependent implementation challenges: reproducibility, 
generalizability, evidence, governance, and trust. Despite strong 

Table 5. Current echocardiography practice versus artificial intelligence-enhanced capabilities: a domain-by-domain comparison
Clinical domain Current practice AI-enhanced 

capability
Key reference(s) Potential impact Evidence maturity/

limitations
LV function (LVEF) Manual Simpson's 

biplane or visual 
estimation; LOA ± 
10–15% between 

observers

Fully automated view 
selection, contour 

detection, and LVEF 
reporting; bias <2%; 

LOA ± 10%

Kagiyama 2024;6

He et al. 2023;26

Olaisen et al. 202425

Reduces 
interobserver 

variability; enables 
point-of-care use

Deployment-ready; 
multicenter external 

validation established; 
outcome RCTs pending

Strain analysis (GLS) Expert-dependent 
manual speckle-
tracking analysis; 
vendor-specific 
outputs; often 
underutilized

Automated real-time 
GLS assessment 

standardized across 
vendors with 

DL-based with 
workflow integration

Salte et al. 2021;8]

Stowell et al. 2024;17 
Holmstrøm et al. 202527

Standardizes 
deformation 
assessment; 

supports cardio-
oncology 

monitoring

Multicenter external 
validation established 
(Myhre et al. [29]); 

prospective outcome 
data lacking

Valvular disease (AS) Complex manual 
integration of 
Vmax, MPG, 

AVA; particularly 
challenging in LG-AS

DL-based detection 
of severe AS, including 

LG-AS; automated 
assessment across the 

AS continuum 

Holste et al. 2023;19

Park et al. 2025;12

Wrzosek et al. 202611

Reduces diagnostic 
uncertainty in 

LG-AS; supports 
earlier treatment 

decisions

Multicenter validation 
established; prospective 

outcome data for AS 
decision-making lacking

RV assessment 2D indices (TAPSE, 
FAC); RV geometry 

limits accuracy

Automated 3D RV 
volumetrics validated 

against CMR in 
adult and pediatric 

populations

Liu et al. 2025;4

Mou et al. 202610
Improves RV 
functional 

assessment and 
prognostication 

in PH

Pediatric external 
validation available; adult 
prospective multicenter 

data limited

Image acquisition Prolonged supervised 
training required; 
highly operator-

dependent; limited 
access in resource-
constrained settings

Real-time AI guidance 
enabling novice 

operators to acquire 
diagnostic-quality 

images

Trost et al. 2025;35

Karni et al. 2025;36

Lau et al. 202546

Expands access 
to POCUS 

and resource-
limited settings; 

accelerates training

Prospective RCT evidence 
available (Trost [35]); 

long-term retention data 
pending

Workflow efficiency Manual measurement 
and report 

generation; average 
time >30 min per 

study

AI-assisted 
automation reduces 
measurement and 
reporting time by 

50–77% and increases 
daily throughput

Sakamoto/Kagiyama et 
al. 2026;22

Olaisen et al. 2024;25

Hollitt et al. 202520

Sustainable 
high-volume 
laboratories; 

reduces 
sonographer 

fatigue

RCT evidence for 
efficiency gains available 

(AI-Echo RCT [22]); 
single-center; scalability 

untested

Risk stratification Conventional clinical 
risk scores; limited 

integration of 
echocardiographic 

data

Multimodal 
DL integrating 

echocardiographic 
and clinical data; 

phenogroup; mortality 
prediction

Mou et al. 2026;10

Liu et al. 2023;31

Anzai et al. 202538

Individualized 
risk prediction; 
phenogroup 
identification

Predominantly 
retrospective single-

center studies; external 
outcome validation 

lacking; clinical utility 
unproven

AS, Aortic stenosis; AVA, Aortic valve area; CMR, Cardiac magnetic resonance; DL, Deep learning; GLS, Global longitudinal strain; LG-AS, Low-gradient 
aortic stenosis; LV, Left ventricular; LVEF, Left ventricular ejection fraction; MPG, Mean pressure gradient; PH, Pulmonary hypertension; POCUS, Point-of-
care ultrasound; RCT, Randomized controlled trial; RV, Right ventricular; TAPSE, Tricuspid annular plane systolic excursion; TAVR, Transcatheter aortic valve 
replacement. Detailed performance metrics and external validation data for the studies cited in Table 5 are provided in Table 1.
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agreement metrics under controlled conditions, performance 
variability persists across vendors, institutions, and patient 
subgroups.19,26,31 Most validation studies remain retrospective and 
single-centered in design. Outcome-focused evidence remains 
limited, although the first RCTs linking AI to clinical process 
outcomes and workflow efficiency have now been published.21,22 
Regulatory pathways for adaptive systems continue to evolve, 
while structured post-deployment monitoring and drift 
surveillance remain inconsistently implemented.

This expert-informed 2030 roadmap highlights four key 
transitions, each grounded in evidence gaps identified across the 
reviewed studies. First, reproducibility assessment should shift from 
correlation-based metrics toward measures of clinical decision 
stability. Second, external validation across heterogeneous 
datasets should become the minimum evidentiary standard for 
widespread adoption. Third, future research should establish 
whether automated measurements improve patient outcomes 
and cost-effectiveness, building on the foundation provided by 
the first published RCTs. Fourth, governance frameworks should 
evolve toward continuous lifecycle oversight, incorporating clear 
accountability structures and routine performance auditing, 
developments already anticipated by emerging EU and FDA 
regulatory frameworks.

Cultural integration is equally important and often 
underestimated. AI tools that are transparent, editable, and 
seamlessly integrated into existing workflows are more likely 
to earn sustained clinician trust.25,39 The central question is no 
longer whether AI has a role in echocardiography. It clearly does. 
Rather, it is how responsibly, rigorously, and inclusively AI will be 
integrated into routine clinical care, and whether the necessary 
governance infrastructure will be established before the next 
generation of capabilities arrives.
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TKDA-30071/TKDA-30071_(0)_supp.docx
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