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Abstract

Echocardiography is a fundamental imaging modality for assessing cardiac structure and function, with a long
history of technological advancement. As artificial intelligence (Al) becomes increasingly embedded across
healthcare, its potential to enhance the echocardiography workflow, from image acquisition and analysis to
reporting and risk stratification, has expanded rapidly. Research activity in this field has grown substantially,

yet clinical adoption remains variable and often limited by practical, technical, and governance challenges. In
response, the British Society of Echocardiography has developed this position statement to provide a structured,
consensus-driven evaluation of the opportunities, limitations, and requirements for the safe, equitable, and effective
integration of Al into echocardiography services. Although centred on the UK context, the principles outlined may
be relevant to other healthcare systems with similar models of echocardiography delivery.
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Introduction

Echocardiography is a cornerstone imaging modal-
ity for the assessment of the hearts structure and func-
tion, with widespread availability [1] and a long history
of technological innovation [2]. As artificial intelligence
(AI) becomes increasingly embedded across healthcare,
its potential to transform echocardiography, spanning
acquisition, analysis, reporting, and risk stratification,
has grown rapidly. In recent years, research output in this
field has expanded exponentially [3], yet clinical adoption
within echocardiography services remains limited and
uneven.

Recognising the need for national guidance, the Brit-
ish Society of Echocardiography (BSE) commissioned
this position statement to provide a structured, consen-
susdriven evaluation of the current landscape of Al in
echocardiography. The purpose of this document is not
to provide a traditional narrative review, but to articulate
the BSE’s position on the opportunities, challenges, and
requirements for the safe, equitable, and effective integra-
tion of Al into echocardiography services. Although the
primary focus is the UK context, many of the principles
and considerations outlined in this position statement
may also be relevant to countries with similar models of
echocardiography service delivery.

To ensure a robust and representative process, the
BSE convened a multidisciplinary writing group includ-
ing cardiologists, cardiac physiologists/clinical scien-
tists, clinical academics, Al researchers, and patient and
public representatives. Consensus was achieved through
iterative discussion, structured review rounds, and final
approval by the BSE Trustees. This document reflects the
collective agreement of the group and outlines recom-
mendations for practice, governance, workforce develop-
ment, and future research developments. This document
concentrates on the entire echocardiography workflow
(See Fig. 1) and has been informed by a systematic review
of the literature (PROSPERO: CRD420251080283), and
input from patients and the public. The development of
Al within echocardiography is rapidly evolving. As such,
the current consensus outline within the position paper
will require regular review and where needed, an updated
BSE position statement will follow.

Integration of Al into the clinical echocardiography
pathway

The technology readiness level (TRL) scale has been
widely used to estimate the maturity and readiness
of new technologies that are expected to be deployed
within real world settings. This nine-level scale provides
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Fig. 1 Artificial intelligence application to the echocardiography workflow

a framework that can assess and convey the develop-
mental stage of an Al model, enabling the differentiation
of early-stage Al models from those that have gained
appropriate regulatory approval, funding approval and
have been deployed into real world healthcare settings.
The scale has also recently been used within Al and
machine learning applications within medical imaging
[4-6]. The TRL scale has been adopted in this position
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statement to clearly distinguish between AI models that
are ready for clinical deployment and those that require
further evidence (see Fig. 2). To inform the TRL assess-
ments and ensure comprehensive coverage of existing Al
echocardiography applications, we conducted a system-
atic review. Details of this review can be found on PROS-
PERO (CRD420251080283).

Deployment Phase

1 2 3 a4 5 6
( Patient referral )
[ Triage and scheduling ]
( Image acquisition / Image improvement )
L Quantitative analysis / measurement automation ]
[ Reporting ]
[ Disease identification ]
[ Risk stratification ]

Fig. 2 The readiness level of Al models within echocardiograph
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How can Al help with patient referral, echocardiography
triage and appointment scheduling?

A key role for echocardiographers is the interaction with
patients, before, during and after their echocardiogram.
This will include checking the indications and appropri-
ateness of referral and informing the patient and their
family of the findings and next steps. Whilst this interac-
tion is unlikely to be replaced by Al, Al may streamline
the initial referral, triage and appointment scheduling.
Deep learning models have been shown to support accu-
rate and efficient triage of appropriate referrals [7]. Fur-
thermore, large language models have the potential to
support patient referrals and triage by integrating patient
information, clinical presentation and societal triage
guidelines [8]. This may support echocardiography ser-
vices in triaging requests more effectively, by enabling the
prioritisation of patients based on the clinical need.

The efficient scheduling of echocardiograms has
important ramifications in the patient pathway and can
help to reduce waiting lists and improve patient access.
This scheduling process is often not straightforward and
is impacted by the administrative staff availability to
coordinate appointments, as well as patients’ availability.
By analysing historical data, Al may be able to predict
peak times of attendance and demographics of patients
who are less likely to attend their appointments at certain
times, thus allowing optimal scheduling and service effi-
ciency. At present, there is a lack of AI models focusing
on this within echocardiography (TRL 1-2).

How can Al improve echocardiography image acquisition?
Echocardiography is a specialised image modality requir-
ing highly trained echocardiographers to deliver safe
patient care [9]. It involves the acquisition of a com-
prehensive and standardised imaging dataset within a
limited time frame, which can be a challenge for inex-
perienced echocardiographers. This can be particularly
challenging in emergency or community settings, where
access to highly trained echocardiographers can be lim-
ited [10]. AI models have been shown to improve the
acquisition of correct and diagnostic echocardiography
images [11-13], which may support the training of novice
echocardiographers. This may also aid an early diagnosis
and initiation of timely treatment for patients in situa-
tions where the availability of experienced echocardiog-
raphers is limited. This technology is currently available
across a range of echocardiographic vendors (TRL: 9).

Al models are also being developed to improve image
quality. Studies have highlighted that deep learning mod-
els have the potential to identify and remove noise and
artifacts [14]. There is also work on the fusing of multiple
3D echocardiography images with breath holds, enabling
the myocardium to be displayed in the same position
during different acquisitions [15, 16]. Currently these
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Al models remain within the research and development
phase (TRL: 1-5).

How can Al models improve quantitative analysis?

Echocardiography is a complex and operator-depen-
dent imaging modality, that requires the acquisition and
interpretation of numerous parameters across different
acoustic windows [17]. Despite the existence of well-
established clinical guidelines, intra- and inter-operator
variability remains a significant challenge, often impact-
ing the reliability and reproducibility of echocardio-
graphic measurements [18]. These inconsistencies can
affect both diagnostic accuracy and clinical relevance of
patients’ longitudinal monitoring using echocardiogra-
phy. A prime example of this is seen in the echocardio-
graphic assessment of left ventricular ejection fraction,
with previous studies demonstrating inter-observer
variability of up to +14% [19]. For patients receiving
cardiotoxic chemotherapy, this variability may result
in a misjudgement of the left ventricular ejection frac-
tion, potentially causing unnecessary treatment delays
[20]. AI models are increasingly demonstrating the abil-
ity to standardise measurements and reduce variabil-
ity, particularly in the quantification of commonly used
echocardiographic parameters, including left ventricu-
lar ejection fraction [21-25], left ventricular global lon-
gitudinal strain [26], valvular heart disease assessment
[27-32]. and right ventricular chamber quantification
[33]. Whilst guideline-aligned AI quantification is essen-
tial for standardised echocardiographic assessment, the
emergence of Al-driven interpretative analysis is also a
rapidly expanding field, harnessing computational power
to detect pathological patterns that may be overlooked
by human readers [34]. Automated measurements of the
hearts structure and function are now commonplace and
available on most up to date echocardiography machines
(TRL: 9). The majority of other Al quantification models
appear to remain within research/development phase,
with few gaining regulatory approval (TRL: 3-9).

How can Al support echocardiography reporting?

Echocardiography reports should be clear, concise, and
effectively communicate key findings to referrers. To
support this, guidelines for the assessment of normality
and pathology are available [35—44]. However, as echo-
cardiography reports are highly technical, they can be
difficult to understand by non-specialists [45]. The use
of large language models has the potential to draft auto-
mated summaries in a standardised way that answers the
clinical question whilst providing guideline-driven find-
ings. Moreover, there may be opportunities for clinical
summaries to be automatically converted into patient
summaries and translated into his/her native language.
Utilising simple, plain language, this could improve the
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translatability of often complex clinical information to
non-specialist referrers and the patients in a timely man-
ner. Additionally, AI models may be able to support with
identifying inconsistencies, acting as a ‘sense’ check when
different measurements are not consistent from a patho-
physiological standpoint, or when measurements and
the corresponding text in the conclusions do not match.
However, currently these remain within the research/
development phase, with none that are specific to echo-
cardiography (TRL: 1-2).

Where can Al support disease identification on
echocardiography?

The use of Al in echocardiography has the potential to
enhance the early detection of cardiovascular disease
states by analysing features from the images, tabular data,
or both in combination, which may enable the uncover-
ing of patterns that are beyond human perception [46].
This is made possible by harnessing vast amounts of
diagnostic information from echocardiographic studies
within a short time frame.

To date, AI models have shown promising results in
several clinical applications. These include the detection
of coronary artery disease on stress echocardiography
[47], as well as the identification of cardiac amyloidosis
[48—50]. Al models have also demonstrated potential in
characterising intracardiac masses [6, 9] and in determin-
ing the aetiology of left ventricular hypertrophy. In the
latter, AI models have been able to accurately and reliably
distinguish between athlete’s heart, hypertrophic cardio-
myopathy, and hypertensive heart disease [51, 52] Addi-
tionally, AI models have shown utility in the assessment
of valvular heart disease, including aortic stenosis [27, 31,
53] as well as mitral, tricuspid, and aortic regurgitation
[28]. Several Al models have accumulated sufficient evi-
dence to gain regulatory approval, while others remain in
earlier stages of development (TRL: 2-9).

What role does Al play in the risk stratification of patients?

Echocardiography provides important risk stratification
information supporting healthcare professionals to make
informed decisions on patient care. Traditionally, left
ventricular ejection fraction by two-dimensional echo-
cardiography has been the most commonly used prog-
nostic marker, despite its limitations [54]. However, Al
models have the potential to identify previously unknown
echocardiography markers or imaging phenotypes, that
may improve risk stratification and enable the delivery of
personalised care. An example of this can be seen in aor-
tic stenosis patients, where an Al model that combines
several sources of data (echocardiography, cardiac mag-
netic resonance, and computed tomography data in addi-
tion to blood test results) was able to identify subgroups
of aortic stenosis patients who are at higher risk of poor
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clinical outcomes. This has the potential to improve the
timing of aortic valve interventions leading to improved
patient outcomes [55]. There is a growing interest in
personalised medicine and risk profiling within cardio-
vascular medicine, and Al is seen as an effective means
to achieve this [56, 57]. Currently, echocardiography Al
models within this area remain within the research and
development phase (TRL: 1-5).

Key areas of concern and potential solutions

The introduction of Al into echocardiography raises sev-
eral important workforce considerations. Table 1 out-
lines the primary concerns associated with integrating Al
models into echocardiography practice, alongside sug-
gested mitigating strategies.

Workforce considerations

Risk of deskilling and impact on clinical judgement
Concerns about deskilling frequently arise in discussions
about Al in healthcare. Emerging evidence suggests that
exposure to Al models can negatively influence clini-
cian behaviour, potentially contributing to a decline in
care standards [58]. When AI outputs are perceived as
authoritative or infallible, automation bias [59] may erode
critical thinking, leading healthcare professionals to over-
look errors or fail to question inaccurate Algenerated
interpretations. If operators are not required to remain
actively engaged in controlling or supervising Al algo-
rithms, overreliance can develop, ultimately increasing
the likelihood of error compared with scenarios in which
clinicians intervene consistently in Alsupported analysis,
a phenomenon described as “operator’s dropout” [60] In
parallel, the increasing accessibility of Al tools may foster
unwarranted confidence among healthcare professionals
with limited subjectmatter expertise, reflecting the Dun-
ning—Kruger effect [61].

Risks introduced by Al-guided acquisition

Al-guided acquisition tools may enable individuals with
limited echocardiographic training to obtain diagnos-
tic images. While this capability could expand access
in underserved settings, it also introduces the risk that
examinations are performed by operators without the
foundational knowledge needed to recognise suboptimal
windows, artefacts, or clinically significant abnormalities.
Without this baseline competence, Alsupported acqui-
sition may inadvertently mask poorquality imaging or
delay recognition of important pathology.

Echocardiographer working practices

Studies have demonstrated that Al assistance can reduce
echocardiography time [62], prompting the expectation
that such tools could support higher patient throughput.
In the context of rising demand for echocardiography
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Table 1 Key areas of concern and potential solutions for the adaptation of Al within echocardiography workflows

Area of concern

Consequences

Potential solutions

Workforce: Skills

Workforce:
Capacity
Transparency and
equity

Longitudinal
modelling

Infrastructure

Ethical and legal
considerations

Environmental
concerns

Potential for the deskilling of the workforce due
to both emerging technology becoming the
industry standard, and this new technology
being poorly understood.

Fatigue/burnout and failure to deliver the
perceived service that Al should allow.

Lack of clarity regarding how Al models are
developed, trained, validated, and interpreted.
Risk that opaque models exacerbate inequi-
ties if performance varies across demographic
groups.

Opaque nature of Al training and model-

ling can result in bias due to poorly trained
technology.

Variability in local IT systems, limited storage,
lack of interoperability, and challenges integrat-
ing Al tools into existing clinical workflows.

The risk of large-scale data breach resulting in
exposure of patient data.

Underrepresentation of patient populations
leading to bias Al models.

High energy and water costs involved with run-
ning data centres will have a detrimental effect
on the environment.

Robust educational foundation in data literacy, Al model interpretation, and
quality assurance.

A multi-disciplinary approach to understanding the consideration of implemen-
tation of an Al model’s ability to expedite service delivery.

Adoption of transparent reporting standards (e.g., model documentation, data-
set summaries, interpretability tools).

Use of equityfocused evaluation metrics.

Inclusion of diverse populations in training and validation datasets.

Governance frameworks ensuring explainability and accountability.
Development of methodological guidelines for development and audit to
improve reproducibility and overall transparency of Al training and long-term
re-training/improvement

Adoption of vendorneutral interoperability standards.

Secure computer environments; federated learning frameworks to avoid central-
ised data pooling.

Scalable local or hybrid cloud infrastructure aligned with NHS governance.
Careful evaluation of environmental impact when considering large language
models or cloudbased generative Al.

Collaboration between information governance teams, clinical safety officers,
cybersecurity, and IT departments.

Collaborative approach to the development and sharing of high-quality datasets.
Healthcare professions to maintain clinical decision making.

Al models being environmentally friendly by design, and the promotion/
implementation of data sharing, renewable energy. The use of these would be
ensured by partnering with development companies which adhere to these
basic principles.

services [63] and persistent workforce capacity con-
straints [64], these findings have fuelled the narrative
that Al may enable more efficient workflows and an
increase in the number of scheduled echocardiography
examinations.

Potential solutions to workforce considerations include
human-AI collaboration, quality assurance, retention of
healthcare professional oversight, and ongoing profes-
sional development. It is widely agreed that AI models
within healthcare should be seen as an augmentation
tool, with the critical interpretation and final decision-
making process remaining with healthcare professionals
[65—-67]. The integration of Al into clinical practice will
demand new competencies beyond traditional training.
Specifically, healthcare professionals will need to develop
new skills in data literacy, AI model interpretation, and
quality assurance to ensure the safe and effective deploy-
ment of Al models into patient care [68]. These compe-
tencies are essential not only for the accurate use of Al
models, but also for recognising their limitations and
ensuring clinical accountability.

As demand on echocardiography services continues
to rise, the potential for Alenabled reductions in scan-
ning time has been highlighted as a way to lessen the
ergonomic burden on echocardiographers. By shorten-
ing periods of prolonged static postures, Alsupported
workflows may help mitigate the risk of longterm,

lifealtering workrelated musculoskeletal disorders [69].
However, these benefits are not universal, as studies also
show that in cases with fair or poor image quality, Al
tools require more corrections and longer measurement
times compared to highquality studies [70]. Moreover,
there remains limited realworld evidence from NHS set-
tings to determine whether Al can meaningfully increase
patient activity in this setting. Future work should focus
on investigating current standard of care whereby many
centres already have access to builtin automation within
existing echocardiography platforms and continue to
operate with 45 to 60 minute appointment timeslots. As
such, claims of productivity gains must be interpreted
cautiously until robust, contextspecific data is available.
If productivity efficiencies are achieved, it is essential
to ensure that patient interaction is preserved, and that
clinical interpretation and quality assurance of Al-gener-
ated results remain central. These safeguards should rein-
force shared learning and protect against overreliance on
automation.

Transparency of Al models

The development of accurate, reproducible, and clini-
cally useful AI models in echocardiography depends fun-
damentally on the quality, completeness, and diversity
of the datasets used for training [71]. Models built on
incomplete, erroneous, or biased data are at high risk of
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generating inaccurate predictions and unreliable clinical
outputs, limiting their safety and applicability in real-
world practice. Alongside this, there is growing demand
for greater transparency in Al development [72], includ-
ing open sharing of training datasets and source code [73,
74] Such openness supports external validation, regula-
tory scrutiny, and the trust of patients, clinicians, and the
wider research community [75]. However, while diverse
and representative datasets are essential for developing
generalisable AI models, the creation of large, centralised
“data lakes” is currently constrained by several practical
barriers. These include stringent informationgovernance
requirements, variation in local IT infrastructure, limited
storage capacity, vendorspecific data formats, and the
absence of unified national standards for echocardiogra-
phy data. As a result, simply advocating for large, pooled
datasets is unlikely to be feasible nor sufficient within the
current landscape. By emphasising these practical mech-
anisms, the BSE recognises that the path toward general-
isable AI models will depend on collaborative, stepwise,
and transparent data-sharing approaches, rather than the
creation of large, unrestricted national repositories.

A persistent concern in the deployment of AI models,
particularly deep learning architectures such as con-
volutional neural networks, is their “black box” nature,
whereby the internal decisionmaking processes are not
readily interpretable [76]. While methodological guide-
lines and reporting frameworks can improve transpar-
ency by requiring clear documentation of training data,
model architecture, and evaluation procedures [72, 77],
these measures alone cannot fully resolve the challenge
of explainability.

Transparency also extends to the performance metrics
used to assess Al models. Commonly reported metrics
that are used in AI echocardiography models have pre-
viously been reported [78], However, it is important to
note that such metrics can be misleading, particularly in
settings with class imbalance when a prevalence of a spe-
cific disease is low. In such cases, a model may achieve
high accuracy while performing poorly on the minor-
ity of positive class. Metrics such as the area under the
precision—recall curve may provide a more informative
assessment of performance in imbalanced datasets. Clear
reporting of dataset composition, including the bal-
ance of positive and negative cases, is therefore essential
to enable fair interpretation and comparison of model
performance.

To ensure safe and trustworthy clinical use, the per-
formance of “black box” AI models must be assessed
rigorously in wellpowered, independent external valida-
tion cohorts, with comprehensive reporting of dataset
characteristics, performance metrics, subgroup analyses,
and observed failure modes. Such evaluation is essen-
tial to determine whether a model generalises beyond
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its development environment and to provide clinicians
with confidence in its reliability, even when the internal
mechanics of the model are not directly interpretable.

Ethical and regulatory approval considerations

Integrating Al models into cardiovascular imaging
requires careful consideration of several ethical princi-
ples, including beneficence, nonmaleficence, autonomy,
and justice [79]. The datasets used to train Al models
are often derived from clinical trials or locally available
resources. Yet it is well recognised that certain patient
groups, including women, ethnic minorities, and indi-
viduals with congenital heart disease or valve repairs/
replacements, are often underrepresented. Furthermore,
Al models are typically trained, tested and validated on
non-UK populations. This lack of representativeness can
exacerbate existing health inequalities and contribute
to performance bias, whereby AI models underperform
for underserved groups [80]. To ensure AI models are
equitable and generalisable, both training and validation
datasets must reflect the diversity of realworld patients,
particularly within UK populations and NHS settings.
This includes variation in age, sex, ethnicity, comorbidi-
ties, the full spectrum of normal and pathological cardio-
vascular states, a range of image qualities that support
reliable prediction, and differences in equipment across
vendors. Such diversity is essential for developing Al
tools that are robust, fair, and clinically applicable across
varied healthcare settings.

A related ethical consideration concerns the level of
information that should be provided to patients when Al
models are used within echocardiography workflows. It is
not generally necessary to inform each patient individu-
ally when Al is used to support routine measurements,
provided that clinicians retain full oversight and remain
accountable for all measurements entered into the medi-
cal record. However, transparency at a service or depart-
mental level is important to maintain trust and uphold
patient autonomy. More explicit communication may
be required when Al models influence diagnostic inter-
pretation or treatment decisions, where the impact on
patient care is more direct and material. Distinguishing
between measurementsupport tools and decisionsupport
algorithms is therefore essential when determining the
appropriate level of patient information.

Before Al models can be deployed and used in health-
care, they must first receive approval under relevant
regulatory frameworks. In the UK this must also include
approval for funding, typically set by the National Insti-
tute of Clinical Excellence. The type of regulatory
approval required depends on each country’s jurisdiction
and typically involves compliance with data protection
laws, medical device regulations, Al-specific governance
obligations and other applicable local regulations. In
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the United States, most Alenabled models Software as
a Medical Device is cleared through the Food and Drug
Administration (FDA) 510(k) substantial equivalence
pathway. This pathway requires evidence that AI mod-
els are substantially equivalent to an existing predicate
device, but it does not require prospective clinical evi-
dence of safety, effectiveness, or generalisability. As a
result, many currently marketed Al tools have limited
clinical validation at the time of approval [81]. Compa-
rable regulatory pathways exist in Europe (e.g., Medi-
cal Device Regulation) and the UK (e.g., Medicines and
Healthcare products Regulatory Agency) [82].

At present, there is no clear consensus on how liability
should be assigned when AI contributes to a diagnosis or
treatment that results in patient harm [83]. Existing med-
ical liability frameworks are not well suited to the com-
plexities introduced by Al and there is no comprehensive
legal structure defining the responsibilities of developers,
suppliers, and endusers [84]. Urgent regulatory action
is therefore needed to address the inherent risks of Al,
ensure product safety, and maintain minimum safety
standards through regular updates. Strengthening legal
frameworks governing the use of Al in healthcare is
essential to safeguard patient wellbeing.

Infrastructure considerations

Incorporating echocardiography AI models into health-
care settings requires robust IT infrastructure. This need
has been identified as a “bottleneck” in the adoption of Al
technologies within healthcare systems, where outdated
IT infrastructure limits use and progress [78]. Address-
ing this issue should be a key priority to ensure equi-
table access to Al models across all echocardiographic
services, regardless of patient demographics or insti-
tutional resources. In addition, prior to Al tools being
implemented into clinical workflows, there needs to be
collaboration between key stakeholders. This includes
echocardiographers, data scientists, Al experts, and
regulatory bodies. Furthermore, local governance pro-
cesses will need to be followed, including assessment and
approval by local policies regardless of the healthcare
setting. This ensures that Al systems meet standards for
data protection, cybersecurity, clinical safety and align-
ment with local digital infrastructure.

An additional consideration is that many echocar-
diographic Al analysis methods require images to be
uploaded to off-site cloud-based computing environ-
ments for processing, with results subsequently returned
to the local system. This workflow introduces further
dependencies on secure, high-bandwidth connectivity,
robust cybersecurity safeguards, and clear data-transfer
agreements. These requirements may pose challenges
for centres with limited digital capacity or restrictive
information-governance policies and must therefore be
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factored into local readiness assessments. Importantly,
the time required for offsite upload, processing, and
return of Algenerated outputs should also be considered,
as this may influence workflow efficiency and the feasi-
bility of integrating such tools into routine clinical prac-
tice. Emerging ‘Edge AI’ approaches, which perform Al
processing locally on the ultrasound system or within the
hospital network, may mitigate some of these challenges,
but their availability and performance vary across ven-
dors and device generations.

Prior to implementation, collaboration between key
stakeholders, including echocardiographers, data scien-
tists, Al developers, IT teams, and regulatory bodies, is
essential. Local governance processes must also be fol-
lowed, with Al tools assessed and approved in line with
institutional policies, regardless of the healthcare setting.
This ensures that deployed systems meet standards for
data protection, cybersecurity, clinical safety, and com-
patibility with local digital infrastructure.

Limitations to the inclusion of artificial intelligence within
echocardiography considerations

Al-enabled tools across the echocardiography pathway
also have important limitations that must be recog-
nised. For workflow applications such as appointment
scheduling and triage, current models may struggle with
incomplete or poorquality administrative data, and their
outputs can inadvertently reinforce existing inequities
if not carefully monitored. Al-guided image acquisition
shows promise in supporting lessexperienced operators,
yet prospective evidence comparing Al-guided strate-
gies with standard practice remains limited, and errors
introduced during acquisition may be difficult to detect
downstream. Similarly, while Albased disease identifica-
tion has demonstrated encouraging performance in ret-
rospective studies, there is a lack of robust prospective
testing in realworld clinical environments, and misclas-
sifications may be harder for clinicians to recognise when
model reasoning is opaque. Reporting AI models are
also constrained by the absence of consistent definitions,
units, and labelling conventions across echocardiography
datasets. Although AI may eventually help harmonise the
labelling of variables, progress will depend on the adop-
tion of standardised terminology. The BSE is well posi-
tioned to support this by promoting consistent labelling
standards and encouraging alignment across clinical,
research, and vendor communities.

Future consideration for the application of Al within
echocardiography?

There are several areas where the power of Al may be
beneficial in improving echocardiography workflows,
these include:
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1. Automated image stacking and intelligent view
organisation

AI could support more efficient workflows by
automatically grouping or “stacking” images
according to chamber, valve, or pathologyspecific
features. For example, clustering all views relevant
to mitral valve assessment would reduce the need to
scroll through large image sets and help streamline
reporting.

2. Automated comparison of serial studies

Aldriven tools could enable rapid, standardised
comparison of serial measurements across multiple
echocardiograms. This may reduce interstudy
variability, highlight clinically meaningful changes,
and act as a safeguard when subtle differences

in image acquisition might otherwise lead to
inconsistent interpretation.

3. Integrated audit and qualityimprovement tools

Embedding Alsupported audit functions that aligned
with uptodate echocardiography guidance may help
services monitor reporting trends, identify variation
in practice, and target educational interventions.
Such systems could support continuous quality
improvement and strengthen adherence to national
standards.

4. Realtime detection of measurement or reporting
inconsistencies

Al could assist clinicians by flagging potential errors
or internal inconsistencies before report signoff.

For example, highlighting discrepancies between
Doppler measurements and narrative conclusions
(e.g., a report stating moderate aortic stenosis when
haemodynamic parameters indicate severe disease)
would support accuracy and patient safety.

The patient and public perspective of artificial
intelligence in echocardiography

The integration of Al into echocardiography requires
meaningful engagement with patients and the pub-
lic to ensure that implementation aligns with their
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expectations, values, and concerns. To support this, SB/
MP conducted a series of patient and public involvement
and engagement (PPIE) activities with members of the
Stafford and StokeonTrent Heart Support Group (sup-
ported by CP)and Leeds Cardiovascular PPIE group.
These groups were selected because participants had
lived experience of heart disease and were willing to
share their views on the use of Al in echocardiography.

Two group discussions were held with the Heart Sup-
port Group, followed by onetoone interviews with JK and
GG to explore patient and public perspectives in greater
depth. A topic guide was used to structure conversa-
tions around expectations, concerns, perceived benefits,
and priorities for the use of Al in echocardiography. The
Leeds Cardiovascular PPIE group discussion was facili-
tated by a PPIE lead and patient chair, and an open dis-
cussion was held following group preference. Ethical
approval was not sought, as these activities constituted
PPIE rather than research requiring formal review.

The views and perspectives of patients and the public
identified several key themes emerged (see Fig. 3). PPIE
expressed strong support for the development and use
of Al technology, where it could assist healthcare profes-
sionals and contribute to improved patient care. There
was also a clear message that Al technology should be
used to enhance rather than replace healthcare staff to
maintain healthcare staff and patient interaction. How-
ever, several concerns were raised. A major theme was the
importance of ensuring healthcare staff were adequately
trained to use Al technology safely and effectively. There
was apprehension around whether all healthcare staff
would have the necessary skills to interpret and act upon
Al-generated results. Concerns were voiced about ensur-
ing healthcare staff maintained the same level of training,
knowledge and competency to ensure safe patient care
particularly in the instances where the AI technology may
be inaccurate or, is unavailable. Additionally, there was an
emphasis on healthcare professionals being engaged with
research and actively seek opportunities for development
to drive practice forwards. Moreover, concerns were
expressed about equity of access, particularly whether Al
technology would be deployed uniformly across the NHS
or remain concentrated in larger, better-resourced hos-
pitals, thus widening health inequalities. PPIE members
highlighted practical systemlevel challenges, including
the risk of additional burden on existing pathways and
the need for reliable transfer of Algenerated data into
electronic health records. Ensuring that these processes
are streamlined, interoperable and do not introduce new
inefficiencies was seen as essential. PPIE members raised
concerns with regards to the use and storage of patient
data. Whilst there were general acknowledgment and
acceptance that some degree of data sharing was neces-
sary, it was stressed that this must be handled with the
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Al should not further burden staff?

Fig. 3 Concerns of patients and the public

highest standards of data security. Ensuring that data
remained protected and that the risk of confidential-
ity breaches are minimised was seen as being essential
to maintaining patient trust. Finally, several participants
expressed concerns about the environmental impact of
Al tools, particularly if there is increased energy usage
needed to deliver Al capability. With growing aware-
ness of climate change and sustainability, participants felt
it was important that the development and deployment
of Al technologies should strive for environmentally
responsible approaches wherever possible.

Future education opportunities

To maximise the value of Al in healthcare and echocar-
diography, significant investment will be required in edu-
cation, training frameworks, and governance structures.
Recent literature has emphasised the need to develop
core knowledge competencies among healthcare profes-
sionals to support the safe and effective implementation
of AI [85]. These competencies include:

1. Foundational knowledge of Al with a focus on
assessing the accuracy, reliability, and validity of Al
models.

2. Data analysis skills, including data acquisition,
cleaning, visualisation, management, and
governarnce.

3. Understanding of ethical and legal considerations,
particularly in relation to data privacy, accountability,
and bias.
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Staff should actively work to
improve practice

Building these competencies will equip healthcare pro-
fessionals with the knowledge, skills, and confidence
needed to interpret Al-generated results effectively. In
turn, this will support the critical evaluation of AI mod-
els, enable clinicians to recognise potential sources of
bias, and help prevent the inappropriate use of Al out-
puts in clinical decisionmaking. Developing these capa-
bilities from the outset is essential to ensure that Al
enhances, rather than undermines, patient care [85]. To
support the echocardiography workforce in acquiring the
necessary competencies and confidence to work safely
and effectively with Al higher education institutions,
healthcare training providers, and national professional
societies must play a central role (Fig. 4). In line with this,
the BSE is committed to ensuring that its members have
access to high-quality, Al-specific educational resources.
Planned offerings include webinars, e-learning modules,
and practical workshops designed to help echocardiogra-
phers integrate Al tools confidently into clinical practice.
Furthermore, where supported by robust evidence, the
incorporation of AI models into future BSE guidance and
protocols will be actively considered, helping to embed
Al safely, consistently, and transparently into routine
echocardiographic workflows.

Conclusion

Echocardiography remains a central imaging modal-
ity for the assessment of cardiac structure and function,
and Al now represents the next major phase in its tech-
nological evolution. The rapid expansion of Al research
demonstrates substantial potential to enhance effi-
ciency, consistency, and diagnostic support across the
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Fig. 4 Enabling the safe and effective integration of Al within echocardiography

echocardiography workflow. However, clinical adoption
is still limited, and realising the benefits of Al will require
careful attention to governance, workforce readiness,
data quality, and equitable implementation. To bridge the
gap between innovation and routine practice, echocar-
diography services must learn from other imaging spe-
cialties that are further advanced in Al integration, while
also responding to the concerns and expectations of
patients and the public. Education and upskilling of the
echocardiography workforce will be essential to ensure
healthcare professionals are confident in evaluating,
deploying, and monitoring AI models. As the field con-
tinues to evolve, ongoing review of emerging evidence
and periodic updates to this position statement will be
necessary to ensure that Al is adopted safely, transpar-
ently, and in a way that improves patient care across all
echocardiography services.

Acknowledgements

SB is an ICA Pre-doctoral Clinical and Practitioner Academic Fellow supported
by the National Institute for Health and Care Research. The systematic

review, which underpins the research literature included within this position
statement, was supported by a funding grant obtained from the British

Heart Foundation - Clinical Research Collaboration. MFP holds a NIHR Leeds
Biomedical Research Centre Postdoctoral fellowship.

Author contributions

All authors were involved in the conception of the review. SB wrote the
manuscript. CW constructed the figures and tables. All authors critically
revised the manuscript and approved the final version to be published. JK
and GG were patient and public involvement contributors. CP is listed as an
author on behalf of the patient and public involvement on behalf of Stafford
and Stoke on Trent Heart Support Group. JK and GG approved the patient and
public perspective section of the manuscript.

Funding
No funding was received for this position statement.

Data availability
The data that supports the findings of this manuscript are available from the
corresponding author upon reasonable request.



Bennett et al. Echo Research & Practice

(2026) 13:26

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable to the manuscript.

Competing interests

DM has had research support from GE and Philips and has received speaker
honorarium from GE, Philips and Edwards. MFP has received research support
and speaker fees from GE Healthcare, Medtronic and Abbott and honoraria
from AstraZeneca. PL is a shareholder and founder of Ultromics, has previously
consulted on clinical application of imaging for Intelligent Ultrasound, Pfizer
and Bracco. He has held research grants related to imaging from Lantheus
Medical Imaging. PL is an inventor on patents in the field of echocardiography.
CM is a founder and board member of MyCardiumAl and has received speaker
fees from Pfizer, Astra Zeneca, Novartis and Abbott Medical.

Received: 21 November 2025 / Accepted: 6 May 2026
Published online: 20 July 2026

References

1.

Bennett S, Stout M, Ingram TE, Pearce K, Griffiths T, Duckett S, et al. Clinical
indications and triaging for adult transthoracic echocardiography: a consen-
sus statement by the British Society of echocardiography in collaboration
with British Heart Valve Society. Echo Res Pract. 2022;9(1). https://doi.org/10.1
186/544156-022-00003-8.

Fraser AG, Monaghan MJ, van der Steen AFW, Sutherland GR. A concise his-
tory of echocardiography: timeline, pioneers, and landmark publications. Eur
Heart J Cardiovasc Imaging. 2022;23(9):1130-43. https://doi.org/10.1093/ehjc
i/jeacl 11,

LiuY, Zhao L, Tu B, Wang J, He Y, Jiang R, et al. Application of artificial intel-
ligence in echocardiography from 2009 to 2024: a bibliometric analysis. Front
Med. 2025;12. https://doi.org/10.3389/fmed.2025.1587364.

Mastrodicasa D, van Assen M, Huisman M, Leiner T, Williamson EE, Nicol ED,
et al. Use of Al'in cardiac CT and MRI: a scientific statement from the ESCR,
EuSoMIl, NASCI, SCCT, SCMR, SIIM, and RSNA. Radiology. 2025;314(1):e240516.
https://doi.org/10.1148/radiol.240516.

Lavin A, Gilligan-Lee CM, Visnjic A, Ganju S, Newman D, Ganguly S, et al.
Technology readiness levels for machine learning systems. Nat Commun.
2022;13(1):6039. https://doi.org/10.1038/541467-022-33128-9.

US department of Health and Human Services. Technology readiness levels
(TRLS) for medical countermeasure products (diagnostics and medical
devices). https://pubs.rsna.org/doi/10.1148/radiol.240516. https://medicalco
untermeasures.gov/trl/trls-for-medical-devices.

Islam MM, Poly TN, Yang H-C, Li Y-C( (Jack). Deep into Laboratory: an artificial
intelligence approach to recommend laboratory tests. Diagn (Basel).
2021;11(6):990. https://doi.org/10.3390/diagnostics11060990.

Gaber F, Shaik M, Allega F, Bilecz AJ, Busch F, Goon K, et al. Evaluating large
language model workflows in clinical decision support for triage and referral
and diagnosis. NPJ Digit Med. 2025;8(1):263. https://doi.org/10.1038/541746-0
25-01684-1.

Colebourn C. State of the art: a roadmap for the national echocardiography
team 2023. Future Healthcare J. 2024;11(1):100129. https://doi.org/10.7861/fh
}.2023-0037.

Trost B, Rodrigues L, Ong C, Dezellus A, Goldberg YH, Bouchat M, et al.
Artificial intelligence empowers novice users to acquire diagnostic-quality
echocardiography. JACC: Adv. 2025;4(8):102005. https://doi.org/10.1016/jjaca
dv.2025.102005.

Narang A, Bae R, Hong H, Thomas Y, Surette S, Cadieu C, et al. Utility of a
deep-learning algorithm to guide novices to Acquire echocardiograms for
limited diagnostic use. JAMA Cardiol. 2021;6(6):624-29. https://doi.org/10.100
1/jamacardio.2021.0185.

Soemantoro R, Kardos A, Tang G, Zhao Y. An Al-powered navigation frame-
work to achieve an automated acquisition of cardiac ultrasound images. Sci
Rep. 2023;13(1):15008. https://doi.org/10.1038/541598-023-42263-2.
Schneider M, Bartko P, Geller W, Dannenberg V, Kénig A, Binder C, et al.

A machine learning algorithm supports ultrasound-naive novices in the
acquisition of diagnostic echocardiography loops and provides accurate

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Page 12 of 14

estimation of LVEF. Int J Cardiovasc Imag. 2021;37(2):577-86. https://doi.org/1
0.1007/510554-020-02046-6.

Diller G, Lammers AE, Babu-Narayan S, Li W, Radke RM, Baumgartner H, et al.
Denoising and artefact removal for transthoracic echocardiographic imaging
in congenital heart disease: utility of diagnosis specific deep learning algo-
rithms. Int J Cardiovasc Imag. 2019;35(12):2189-96. https://doi.org/10.1007/s
10554-019-01671-0.

Lamb T, Sarban V, Shanks M, Mirhadi E, Hareendranathan A, Noga M, et al.
Multi-view 3-D fusion echocardiography: enhancing clinical feasibility with

a novel processing technique. Ultrasound Med Biol. 2021;47(11):3090-100.
https://doi.org/10.1016/j.ultrasmedbio.2021.06.013.

Punithakumar K, Hareendranathan AR, McNulty A, Biamonte M, He A,

Noga M, et al. Multiview 3-D echocardiography fusion with breath-hold
position tracking using an optical tracking system. Ultrasound Med Biol.
2016;42(8):1998-2009. https://doi.org/10.1016/j.ultrasmedbio.2016.03.019.
Hillis GS, Bloomfield P. Basic transthoracic echocardiography. BMJ.
2005;330(7505):1432-36. https://doi.org/10.1136/bm;j.330.7505.1432.
Gahungu N, Trueick R, Bhat S, Sengupta PP, Dwivedi G. Current challenges
and recent updates in artificial intelligence and echocardiography. Curr
Cardiovasc Imag Rep. 2020;13(2):1-12. https://doi.org/10.1007/512410-020-9
529-x.

Johri AM, Picard MH, Newell J, Marshall JE, King MEE, Hung J. Can a teaching
intervention reduce interobserver variability in LVEF assessment: a qual-

ity control exercise in the echocardiography lab. JACC Cardiovasc Imag.
2011;4(8):821-29. https://doi.org/10.1016/}jcg.2011.06.004.
Thavendiranathan P, Popovic¢ ZB, Flamm SD, Dahiya A, Grimm RA, Marwick TH.
Improved interobserver variability and accuracy of echocardiographic visual
left ventricular ejection fraction assessment through a self-directed learning
program using cardiac magnetic resonance images. J Am Soc Echocardiogr.
2013,;26(11):1267-73. https://doi.org/10.1016/j.ech0.2013.07.017.

Knackstedt C, Bekkers SCAM, Schummers G, Schreckenberg M, Muraru D,
Badano LP, et al. Fully automated versus standard Tracking of left ventricular
ejection fraction and longitudinal strain. J Am Coll Cardiol. 2015;66(13):1456—
66. https://doi.org/10.1016/}jacc.2015.07.052.

Sveric KM, Ulbrich S, Dindane Z, Winkler A, Botan R, Mierke J, et al. Improved
assessment of left ventricular ejection fraction using artificial intelligence in
echocardiography: a comparative analysis with cardiac magnetic resonance
imaging. Int J Cardiol. 2024;394:131383. https://doi.org/10.1016/j.jcard.2023.1
31383.

Ouyang D, He B, Ghorbani A, Yuan N, Ebinger J, Langlotz CP, et al.
Video-based Al for beat-to-beat assessment of cardiac function. Nature.
2020;580(7802):252-56. https://doi.org/10.1038/s41586-020-2145-8.

Sabo S, Pettersen H, Been GC, Jakobsen EO, Langay PK, Nilsen HO, et al.
Real-time guidance and automated measurements using deep learning to
improve echocardiographic assessment of left ventricular size and function.
Eur Heart J - Imag Methods Pract. 2025;3(2):qyaf094. https://doi.org/10.1093/
ehjimp/qyaf094.

Leclerc S, Smistad E, Pedrosa J, Ostvik A, Cervenansky F, Espinosa F, et al. Deep
learning for segmentation using an Open large-scale dataset in 2D echocar-
diography. IEEE Trans Med Imag. 2019;38(9):2198-210. https://doi.org/10.110
9/TMI.2019.2900516.

Myhre PL, Hung C-L, Frost MJ, Jiang Z, Ouwerkerk W, Teramoto K, et al. Exter-
nal validation of a deep learning algorithm for automated echocardiographic
strain measurements. Eur Heart J - Digit Health. 2024;5(1):60-68. https://doi.o
r9/10.1093/ehjdh/ztad072.

Strom JB, Playford D, Stewart S, Strange G. An artificial intelligence algorithm
for detection of severe aortic stenosis: a clinical cohort study. JACC: Adv.
2024;3(9):101176. https://doi.org/10.1016/jjacadv.2024.101176.

Long A, Finer J, Hartman H, Hartzel D, Jing L, Kelsey C, et al. Deep learning

for echocardiographic assessment and risk stratification of aortic, mitral,

and tricuspid regurgitation: the DELINEATE-regurgitation study. Eur Heart J.
2025;46(28):2780-91. https://doi.org/10.1093/eurheartj/ehaf248.
Moghaddasi H, Nourian S. Automatic assessment of mitral regurgitation
severity based on extensive textural features on 2D echocardiography videos.
Comput Biol Med. 2016;73:47-55. https://doi.org/10.1016/j.compbiomed.201
6.03.026.

Vrudhula A, Duffy G, Vukadinovic M, Liang D, Cheng S, Ouyang D. High-
throughput deep learning detection of mitral regurgitation. Circulation.
2024;150(12):923-33. https://doi.org/10.1161/CIRCULATIONAHA.124.069047.
Krishna H, Desai K, Slostad B, Bhayani S, Arnold JH, Ouwerkerk W, et al.

Fully automated artificial intelligence assessment of aortic stenosis by


https://doi.org/10.1186/s44156-022-00003-8
https://doi.org/10.1186/s44156-022-00003-8
https://doi.org/10.1093/ehjci/jeac111
https://doi.org/10.1093/ehjci/jeac111
https://doi.org/10.3389/fmed.2025.1587364
https://doi.org/10.1148/radiol.240516
https://doi.org/10.1038/s41467-022-33128-9
https://pubs.rsna.org/doi/10.1148/radiol.240516
https://medicalcountermeasures.gov/trl/trls-for-medical-devices
https://medicalcountermeasures.gov/trl/trls-for-medical-devices
https://doi.org/10.3390/diagnostics11060990
https://doi.org/10.1038/s41746-025-01684-1
https://doi.org/10.1038/s41746-025-01684-1
https://doi.org/10.7861/fhj.2023-0037
https://doi.org/10.7861/fhj.2023-0037
https://doi.org/10.1016/j.jacadv.2025.102005
https://doi.org/10.1016/j.jacadv.2025.102005
https://doi.org/10.1001/jamacardio.2021.0185
https://doi.org/10.1001/jamacardio.2021.0185
https://doi.org/10.1038/s41598-023-42263-2
https://doi.org/10.1007/s10554-020-02046-6
https://doi.org/10.1007/s10554-020-02046-6
https://doi.org/10.1007/s10554-019-01671-0
https://doi.org/10.1007/s10554-019-01671-0
https://doi.org/10.1016/j.ultrasmedbio.2021.06.013
https://doi.org/10.1016/j.ultrasmedbio.2016.03.019
https://doi.org/10.1136/bmj.330.7505.1432
https://doi.org/10.1007/s12410-020-9529-x
https://doi.org/10.1007/s12410-020-9529-x
https://doi.org/10.1016/j.jcmg.2011.06.004
https://doi.org/10.1016/j.echo.2013.07.017
https://doi.org/10.1016/j.jacc.2015.07.052
https://doi.org/10.1016/j.ijcard.2023.131383
https://doi.org/10.1016/j.ijcard.2023.131383
https://doi.org/10.1038/s41586-020-2145-8
https://doi.org/10.1093/ehjimp/qyaf094
https://doi.org/10.1093/ehjimp/qyaf094
https://doi.org/10.1109/TMI.2019.2900516
https://doi.org/10.1109/TMI.2019.2900516
https://doi.org/10.1093/ehjdh/ztad072
https://doi.org/10.1093/ehjdh/ztad072
https://doi.org/10.1016/j.jacadv.2024.101176
https://doi.org/10.1093/eurheartj/ehaf248
https://doi.org/10.1016/j.compbiomed.2016.03.026
https://doi.org/10.1016/j.compbiomed.2016.03.026
https://doi.org/10.1161/CIRCULATIONAHA.124.069047

Bennett et al. Echo Research & Practice

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

(2026) 13:26

echocardiography. J Am Soc Echocardiogr. 2023;36(7):769-77. https://doi.org
/10.1016/j.ech0.2023.03.008.

Wilkinson C, Bhatty A, Batra G, Aktaa S, Smith AB, Dwight J, et al. Definitions
of clinical study outcome measures for cardiovascular diseases: the European
unified registries for Heart care evaluation and randomized trials (EuroHeart).
Eur Heart J. 2025;46(2):190-214. https://doi.org/10.1093/eurheartj/ehae724.
ZhuY,BaoY, Zheng K, Zhou W, Zhang J, Sun R, et al. Quantitative assessment
of right ventricular size and function with multiple parameters from artificial
intelligence-based three-dimensional echocardiography: a comparative
study with cardiac magnetic resonance. Echocardiography. 2022;39(2):223-
32. https://doi.org/10.1111/echo.15292.

Strange G, Stewart S, Watts A, Playford D. Enhanced detection of severe
aortic stenosis via artificial intelligence: a clinical cohort study. Open Heart.
2023;10(2):002265. https://doi.org/10.1136/openhrt-2023-002265.
Robinson S, Rana B, Oxborough D, Steeds R, Monaghan M, Stout M, et al. A
practical guideline for performing a comprehensive transthoracic echocar-
diogram in adults: the British Society of Echocardiography minimum dataset.
Echo Res Pract. 2020;7(4):G59-93. https://doi.org/10.1530/ERP-20-0026.
Robinson S, Ring L, Augustine DX, Rekhraj S, Oxborough D, Harkness A, et al.
The assessment of mitral valve disease: a guideline from the British Society of
Echocardiography. Echo Res Pract. 2021;8(1):G87-136. https://doi.org/10.153
0/ERP-20-0034.

Robinson S, Ring L, Oxborough D, Harkness A, Bennett S, Rana B, et al. The
assessment of left ventricular diastolic function: guidance and recommenda-

tions from the British Society of Echocardiography. Echo Res Pract. 2024;11(1).

https://doi.org/10.1186/544156-024-00051-2.

Ring L, Shah BN, Bhattacharyya S, Harkness A, Belham M, Oxborough D, et al.
Echocardiographic assessment of aortic stenosis: a practical guideline from
the British Society of Echocardiography. Echo Res Pract. 2021;8(1):G19-59.
https://doi.org/10.1530/ERP-20-0035.

Zaidi A, Oxborough D, Augustine DX, Bedair R, Harkness A, Rana B, et al.
Echocardiographic assessment of the tricuspid and pulmonary valves: a
practical guideline from the British Society of Echocardiography. Echo Res
Pract. 2020;7(4):G95-122. https://doi.org/10.1530/ERP-20-0033.

Curtis SL, Belham M, Bennett S, James R, Harkness A, Gamlin W, et al.
Transthoracic echocardiographic assessment of the Heart in pregnancy—a
position statement on behalf of the British Society of Echocardiography and
the United Kingdom Maternal Cardiology Society. Echo Res Pract. 2023;10(1).
https://doi.org/10.1186/544156-023-00019-8.

Turvey L, Augustine DX, Robinson S, Oxborough D, Stout M, Smith N, et al.
Transthoracic echocardiography of hypertrophic cardiomyopathy in adults:

a practical guideline from the British Society of Echocardiography. Echo Res
Pract. 2021,8(1):G61-86. https://doi.org/10.1530/ERP-20-0042.

Victor K, Ring L, Tsampasian V, Oxborough D, Bhattacharyya S, Hahn RT.
Echocardiographic assessment of aortic regurgitation: a practical guideline
from the British Society of Echocardiography. Echo Res Pract. 2025;12(1). http
s://doi.org/10.1186/544156-024-00067-8.

Moody WE, Turvey-Haigh L, Knight D, Coats CJ, Cooper RM, Schofield R, et

al. British Society of echocardiography guideline for the transthoracic echo-
cardiographic assessment of cardiac amyloidosis. Echo Res Pract. 2023;10(1).
https://doi.org/10.1186/544156-023-00028-7.

Peteiro J, Bouzas-Mosquera A, Broullon J, Larrafiaga JM, Vazquez-Rodriguez
JM. Abnormal exercise echocardiography plus abnormal E/e’ ratio at exercise
portends worse outcome in patients with dyspnea. J Cardiol. 2019;73(1):73-
80. https://doi.org/10.1016/},jjcc.2018.07.003.

McAlister NH, McAlister NK, Buttoo K. Understanding cardiac “echo” reports.
Practical guide for referring physicians. Can Fam Physician. 2006;52(7):869-74.
Nedadur R, Wang B, Tsang W. Artificial intelligence for the echocardiographic
assessment of valvular heart disease. Heart. 2022;108(20):1592-99. https://doi
.0rg/10.1136/heartjnl-2021-319725.

Upton R, Akerman AP, Marwick TH, Johnson CL, Piotrowska H, Bajre M, et al.
PROTEUS: a prospective RCT Evaluating use of Al in stress echocardiography.
Nejm Ai. 2024;1(11):Al0a2400865. https://doi.org/10.1056/Al0a2400865.
Akerman AP, Porumb M, Scott CG, Beqiri A, Chartsias A, Ryu AJ, et al. Auto-
mated echocardiographic detection of Heart failure with preserved ejection
fraction using artificial intelligence. JACC: Adv. 2023;2(6):100452. https://doi.o
rg/10.1016/jjacadv.2023.100452.

Slivnick JA, Hawkes W, Oliveira J, Woodward G, Akerman A, Gomez A,

et al. Cardiac amyloidosis detection from a single echocardiographic

video clip: a novel artificial intelligence-based screening tool. Eur Heart J.
2025;46(4040):4090-101. https://doi.org/10.1093/eurheartj/ehaf.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

Page 13 of 14

Goto S, Mahara K, Beussink-Nelson L, lkura H, Katsumata Y, Endo J, et

al. Artificial intelligence-enabled fully automated detection of cardiac
amyloidosis using electrocardiograms and echocardiograms. Nat Commun.
2021;12(1):2726. https://doi.org/10.1038/541467-021-22877-8.

Yu F,Huang H, Yu Q, MaY, Zhang Q, Zhang B. Artificial intelligence-based
myocardial texture analysis in etiological differentiation of left ventricular
hypertrophy. Ann. Transl. Med. 2021;9(2):108. https://doi.org/10.21037/atm-2
0-4891.

Narula S, Shameer K, Salem OAM, Dudley JT, Sengupta PP. Machine-learning
algorithms to automate morphological and functional assessments in 2D
echocardiography. J Am Coll Cardiol. 2016;68(21):2287-95. https://doi.org/10.
1016/jjacc.2016.08.062.

Arnold JH, Desai KV, Slostad B, Bhayani S, Ouwerkerk W, Hummel YM, et al.
Artificial intelligence-assisted classification of aortic stenosis severity. J Am
Coll Cardiol. 2024;83(13):2450-2450. https://doi.org/10.1016/50735-1097(24)
04440-1.

Kalam K, Otahal P, Marwick TH. Prognostic implications of global LV dysfunc-
tion: a systematic review and meta-analysis of global longitudinal strain and
ejection fraction. Heart. 2014;100(21):1673-80. https://doi.org/10.1136/heartj
nl-2014-305538.

Sengupta PP, Shrestha S, Kagiyama N, Hamirani Y, Kulkarni H, Yanamala N, et
al. A machine-learning framework to identify distinct phenotypes of aortic
stenosis severity. JACC Cardiovasc Imag. 2021;14(9):1707-20. https://doi.org/
10.1016/j,jcmg.2021.03.020.

Sehly A, Jaltotage B, He A, Maiorana A, Ihdayhid AR, Rajwani A, et al. Artificial
intelligence in echocardiography: the time is now. Rev Cardiovasc Med.
2022;23(8):256. https://doi.org/10.31083/j.rcm2308256.

Naing P, Scalia GM, Murdoch D, Ranasinghe |, Forrester DL, Strange G, et al.
Artificial intelligence enhanced contemporary pulmonary hypertension care.
Am Heart J Plus: Cardiol Res Pract. 2025;60:100673. https://doi.org/10.1016/j.a
hj0.2025.100673.

Budzyn K, Romanczyk M, Kitala D, Kotodziej P, Bugajski M, Adami HO, et al.
Endoscopist deskilling risk after exposure to artificial intelligence in colo-
noscopy: a multicentre, observational study. Lancet Gastroenterol Hepatol.
2025;10(10):896-903. https://doi.org/10.1016/52468-1253(25)00133-5.

Tejani AS, Ng YS, Xi Y, Rayan JC. Understanding and mitigating bias in imaging
artificial intelligence. Radiographics. 2024;44(5):e230067. https://doi.org/10.1
148/rg.230067.

Muraru D, Badano LP. Quantitative analysis of the left ventricle by echocar-
diography in daily practice: as simple as possible, but not simpler. J Am Soc
Echocardiogr. 2014;27(10):1025-28. https://doi.org/10.1016/j.echo.2014.08.00
7.

Miller EJ, Steward BA, Witkower Z, Sutherland CAM, Krumhuber EG, Dawel A.
Al hyperrealism: Why Al faces are perceived as more real than human ones.
Psychol Sci. 2023;34(12):1390-403. https://doi.org/10.1177/09567976231207
095.

Hollitt KJ, Milanese S, Joseph M, Perry R. Can automation and artificial intel-
ligence reduce echocardiography scan time and ultrasound system interac-
tion? Echo Res Pract. 2025;12(1):1-9. https://doi.org/10.1186/544156-025-000
77-0.

England NN. NHS diagnostic waiting times and activity data. Leeds: NHS
England and NHS improvement; 2019.

Leary A, Punshon G. The Uk echocardiography workforce. 2023.

Bajwa J, Munir U, Nori A, Williams B. Artificial intelligence in healthcare: trans-
forming the practice of medicine. Future Healthcare J. 2021,8(2):e188-94.
https://doi.org/10.7861/fhj.2021-0095.

Sezgin E. Artificial intelligence in healthcare: complementing, not replacing,
doctors and healthcare providers. Digit Health. 2023;9:20552076231186520.
https://doi.org/10.1177/20552076231186520.

EU Al act: first regulation on artificial intelligence. Topics | European parlia-
ment. 2023. https://www.europarl.europa.eu/topics/en/article/20230601STO
93804/eu-ai-act-first-regulation-on-artificial-intelligence.

Brown C, Nazeer R, Gibbs A, Le Page P, Mitchell AR. Breaking bias: the role

of artificial intelligence in improving clinical decision-making. Cureus.
15:e36415.

Onwordi E, Harris A, Atkinson C, West C, Pearce K, Hancock J, et al. Prevalence,
characteristics and clinical impact of work-related musculoskeletal pain in
echocardiography. Echo Res Pract. 2024;11(1):1-6. https://doi.org/10.1186/s4
4156-024-00042-3.

Hirata Y, Nomura Y, Saijo Y, Sata M, Kusunose K. Reducing echocardiographic
examination time through routine use of fully automated software: a


https://doi.org/10.1016/j.echo.2023.03.008
https://doi.org/10.1016/j.echo.2023.03.008
https://doi.org/10.1093/eurheartj/ehae724
https://doi.org/10.1111/echo.15292
https://doi.org/10.1136/openhrt-2023-002265
https://doi.org/10.1530/ERP-20-0026
https://doi.org/10.1530/ERP-20-0034
https://doi.org/10.1530/ERP-20-0034
https://doi.org/10.1186/s44156-024-00051-2
https://doi.org/10.1530/ERP-20-0035
https://doi.org/10.1530/ERP-20-0033
https://doi.org/10.1186/s44156-023-00019-8
https://doi.org/10.1530/ERP-20-0042
https://doi.org/10.1186/s44156-024-00067-8
https://doi.org/10.1186/s44156-024-00067-8
https://doi.org/10.1186/s44156-023-00028-7
https://doi.org/10.1016/j.jjcc.2018.07.003
https://doi.org/10.1136/heartjnl-2021-319725
https://doi.org/10.1136/heartjnl-2021-319725
https://doi.org/10.1056/AIoa2400865
https://doi.org/10.1016/j.jacadv.2023.100452
https://doi.org/10.1016/j.jacadv.2023.100452
https://doi.org/10.1093/eurheartj/ehaf
https://doi.org/10.1038/s41467-021-22877-8
https://doi.org/10.21037/atm-20-4891
https://doi.org/10.21037/atm-20-4891
https://doi.org/10.1016/j.jacc.2016.08.062
https://doi.org/10.1016/j.jacc.2016.08.062
https://doi.org/10.1016/S0735-1097(24)04440-1
https://doi.org/10.1016/S0735-1097(24)04440-1
https://doi.org/10.1136/heartjnl-2014-305538
https://doi.org/10.1136/heartjnl-2014-305538
https://doi.org/10.1016/j.jcmg.2021.03.020
https://doi.org/10.1016/j.jcmg.2021.03.020
https://doi.org/10.31083/j.rcm2308256
https://doi.org/10.1016/j.ahjo.2025.100673
https://doi.org/10.1016/j.ahjo.2025.100673
https://doi.org/10.1016/S2468-1253(25)00133-5
https://doi.org/10.1148/rg.230067
https://doi.org/10.1148/rg.230067
https://doi.org/10.1016/j.echo.2014.08.007
https://doi.org/10.1016/j.echo.2014.08.007
https://doi.org/10.1177/09567976231207095
https://doi.org/10.1177/09567976231207095
https://doi.org/10.1186/s44156-025-00077-0
https://doi.org/10.1186/s44156-025-00077-0
https://doi.org/10.7861/fhj.2021-0095
https://doi.org/10.1177/20552076231186520
https://www.europarl.europa.eu/topics/en/article/20230601STO93804/eu-ai-act-first-regulation-on-artificial-intelligence
https://www.europarl.europa.eu/topics/en/article/20230601STO93804/eu-ai-act-first-regulation-on-artificial-intelligence
https://doi.org/10.1186/s44156-024-00042-3
https://doi.org/10.1186/s44156-024-00042-3

Bennett et al. Echo Research & Practice

72.

73.

74.

75.

76.

77.

78.

(2026) 13:26

comparative study of measurement and report creation time. J Echocardiogr.
2024;22(3):162-70. https://doi.org/10.1007/512574-023-00636-6.

Barry T, Farina JM, Chao C-J, Ayoub C, Jeong J, Patel BN, et al. The role of
artificial intelligence in echocardiography. J Imag. 2023;9(2):50. https://doi.or
9/10.3390/jimaging9020050.

Kagiyama N, Tokodi M, Hathaway QA, Arnaout R, Davies R, Dey D, et al. PRIME
2.0: proposed requirements for cardiovascular imaging-related multimodal-Al
evaluation: an updated checklist. JACC Cardiovasc Imag. 2026;19(2):225-51.
https://doi.org/10.1016/jjcmg.2025.08.004.

Sengupta PP, Shrestha S, Berthon B, Messas E, Donal E, Tison GH, et al.
Proposed requirements for cardiovascular imaging-related machine learning
evaluation (PRIME): a checklist. JACC Cardiovasc Imag. 2020;13(9):2017-35.
https://doi.org/10.1016/jjcmg.2020.07.015.

Faust O, Salvi M, Barua PD, Chakraborty S, Molinari F, Acharya UR. Issues and
limitations on the road to fair and inclusive Al solutions for biomedical chal-
lenges. Sensors (Basel). 2025;25(1):205. https://doi.org/10.3390/525010205.
Sengupta PP, Dey D, Davies RH, Duchateau N, Yanamala N. Challenges

for augmenting intelligence in cardiac imaging. Lancet Digit Health.
2024;6(10):2739-48. https://doi.org/10.1016/52589-7500(24)00142-0.

Kelly CJ, Karthikesalingam A, Suleyman M, Corrado G, King D. Key chal-
lenges for delivering clinical impact with artificial intelligence. BMC Med.
2019;17(1):195. https://doi.org/10.1186/512916-019-1426-2.

Kolbinger FR, Veldhuizen GP, Zhu J, Truhn D, Kather JN. Reporting guidelines
in medical artificial intelligence: a systematic review and meta-analysis. Com-
mun Med. 2024;4(1). https://doi.org/10.1038/543856-024-00492-0.

Bennett S, Johnson CL, Fisher G, Erskine F, Krasner S, Fletcher AJ, et al. Develop-
ment and validation of echocardiography artificial intelligence models: a
narrative review. JCM. 2025;14(19):7066. https://doi.org/10.3390/jcm14197066.

79.

80.

81.
82.

83.

84.

85.

Page 14 of 14

World Health Organization. Ethics and governance of artificial intelligence for
health [Internet]. Geneva: World Health Organization; 2021. Available from:
https://www.who.int/publications/i/item/9789240029200.

Suri JS, Bhagawati M, Paul S, Protogeron A, Sfikakis PP, Kitas GD, et al. Under-
standing the bias in machine learning systems for cardiovascular disease risk
assessment: the first of its kind review. Comput Biol Med. 2022;142:105204.
https://doi.org/10.1016/j.compbiomed.2021.105204.

Health CFD, R Artificial intelligence in software as a medical device. 2025.
Medicines and healthcare products regulatory agency. GOV.UK. 2025. https/
/www.gov.uk/government/organisations/medicines-and-healthcare-product
s-regulatory-agency.

Chen A, Wang C, Zhang X. Reflection on the equitable attribution of respon-
sibility for artificial intelligence-assisted diagnosis and treatment decisions.
Intell Med. 2023;3(2):139-43. https://doi.org/10.1016/j.imed.2022.04.002.
Cestonaro C, Delicati A, Marcante B, Caenazzo L, Tozzo P. Defining medical
liability when artificial intelligence is applied on diagnostic algorithms: a
systematic review. Front. Med. 2023;10:1305756. https://doi.org/10.3389/fme
d.2023.1305756.

Gazquez-Garcia J, Sdnchez-Bocanegra CL, Sevillano JL. Al'in the Health sector:
systematic review of key skills for future health professionals. JMIR Med Educ.
2025;11:e58161. https://doi.org/10.2196/58161.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.


https://doi.org/10.1007/s12574-023-00636-6
https://doi.org/10.3390/jimaging9020050
https://doi.org/10.3390/jimaging9020050
https://doi.org/10.1016/j.jcmg.2025.08.004
https://doi.org/10.1016/j.jcmg.2020.07.015
https://doi.org/10.3390/s25010205
https://doi.org/10.1016/S2589-7500(24)00142-0
https://doi.org/10.1186/s12916-019-1426-2
https://doi.org/10.1038/s43856-024-00492-0
https://doi.org/10.3390/jcm14197066
https://www.who.int/publications/i/item/9789240029200
https://doi.org/10.1016/j.compbiomed.2021.105204
https://www.gov.uk/government/organisations/medicines-and-healthcare-products-regulatory-agency
https://www.gov.uk/government/organisations/medicines-and-healthcare-products-regulatory-agency
https://www.gov.uk/government/organisations/medicines-and-healthcare-products-regulatory-agency
https://doi.org/10.1016/j.imed.2022.04.002
https://doi.org/10.3389/fmed.2023.1305756
https://doi.org/10.3389/fmed.2023.1305756
https://doi.org/10.2196/58161

	﻿Artificial intelligence in echocardiography: a position statement from the British Society of Echocardiography
	﻿Abstract
	﻿Introduction
	﻿Integration of AI into the clinical echocardiography pathway
	﻿How can AI help with patient referral, echocardiography triage and appointment scheduling?
	﻿How can AI improve echocardiography image acquisition?
	﻿How can AI models improve quantitative analysis?
	﻿How can AI support echocardiography reporting?
	﻿Where can AI support disease identification on echocardiography?
	﻿What role does AI play in the risk stratification of patients?

	﻿Key areas of concern and potential solutions
	﻿Workforce considerations
	﻿﻿Risk of deskilling and impact on clinical judgement﻿
	﻿﻿Risks introduced by AI-guided acquisition﻿
	﻿﻿Echocardiographer working practices﻿


	﻿Transparency of AI models
	﻿Ethical and regulatory approval considerations
	﻿Infrastructure considerations
	﻿Limitations to the inclusion of artificial intelligence within echocardiography considerations
	﻿Future consideration for the application of AI within echocardiography?
	﻿The patient and public perspective of artificial intelligence in echocardiography
	﻿Future education opportunities
	﻿Conclusion
	﻿References


