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Abstract

The use of artificial intelligence (Al) within medicine has increased dramatically
in the past few years, and applications for point-of-care ultrasound (POCUS)
have followed a similar trend. Although physicians believe that POCUS Al ap-
plications have the potential to improve clinical practice, adoption of current
applications remains limited. A lack of outcomes-based evidence, bias within
datasets, poor assimilation within current workflows, and regulatory uncertainty
are some of the major barriers that lead to poor adoption rates. To improve
integration, stakeholders (physician leaders, researchers, health care executives,
and industry partners) should begin any new POCUS Al development project by
first examining the different domains where POCUS Al applications are most
needed, including education, clinical practice, workflow, research, and adminis-
tration. A gap analysis with clearly defined outcomes should come next, followed
by an examination of how the new POCUS Al application will integrate into
existing workflows. Training data sets that are reflective of real-world scenarios,
including limitations encountered by end users, are essential. POCUS Al appli-
cations that integrate with existing workflows, have explainable outputs, and
have been codeveloped with end users will improve adoption. Although regu-
latory pathways are evolving, engaging regulators early in the process and
identifying viable reimbursement pathways are key strategies that will improve
both the development and adoption of POCUS Al applications in the future.

Keywords: ultrasonography, artificial intelligence, machine learning, workflow
integration, diagnostic imaging
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1 INTRODUCTION

The use of artificial intelligence (Al) has become increasingly
integrated into the clinical practice of emergency medicine
(EM), with notable expansion in the area of point-of-care
ultrasound (POCUS)." Ultrasound equipment marketed
and sold for POCUS users has progressively incorporated Al-
enabled tools that guide image acquisition,” perform auto-
mated measurements, such as left ventricular ejection fraction
or bladder volume,” and identify key sonographic findings,
such as B lines or free fluid.””

Despite the proliferation of Al technology in POCUS,
current literature has not clearly demonstrated a positive
impact of POCUS Al in clinical care outcomes.'’ It remains
unclear if Al could improve diagnostic accuracy, provide
useful additional information to guide patient management,
or contribute to more efficient utilization of resources in real-
world settings. Likewise, the impact of Al on POCUS edu-
cators, learners, and administrators has not been adequately
explored.

In this manuscript, we describe 5 chief domains where Al
can be integrated into POCUS training and clinical care. We
propose a framework for stakeholders involved in future
POCUS AI development, including POCUS physician
leaders, researchers, industry representatives and health care
executives. We link the 5 unique POCUS Al development
domains with the major barriers to adoption. We propose a
practical set of development recommendations and guardrails
for future POCUS Al tools. Although this article is written
using an EM lens, we believe the concepts discussed are
relevant to POCUS in other medical specialties.

2 POCUS Al DOMAINS

Current practice of POCUS encompasses image acquisition,
documentation of image interpretation, training users to
perform and incorporate POCUS into medical decision-
making, program administration, and clinical research.'’ To
better characterize how Al products can enhance POCUS,
leaders from the American College of Emergency Physicians
(ACEP) Emergency Ultrasound Section’s Industry Round
Table developed a framework to describe a set of domains
where Al could be used within the field of POCUS. Subse-
quently, members of the ACEP Emergency Ultrasound Sec-
tion were surveyed about this framework in 2022. The results
from the survey were used to refine the key domains in which
Al could enhance POCUS for clinical users, educators, and
administrators.'” The final 5 domains chosen were education,
clinical practice, workflow, research, and administration
(Table 1).

These 5 domains act as a framework to identify oppor-
tunities for POCUS Al development. Identifying gaps within
each domain is a crucial first step in the development of
effective and user-centered Al solutions. By examining each
domain individually, POCUS Al developers are more likely to

find cost-effective, impactful, and easily adoptable solutions
that solve current problems encountered by POCUS users,
educators, researchers, and administrators.

3 CURRENT POCUS Al PROGRAM
CHALLENGES AND SHORTCOMINGS

The adoption of POCUS Al tools remains limited, even
though the majority of clinicians, when asked, believe that Al
can improve POCUS practices.'” Clinicians prefer Al tools
that are easy to use, offer real-time decision support, and
reduce cognitive load, but few ultrasound vendors on the
market offer this full-scale capability.'*'® Educators seck Al
tools for competency assessment and adaptive learning, but
few products provide validated educational feedback.'” Re-
searchers need access to large, standardized datasets to
compare Al algorithms and reduce bias, but proprietary data
remains siloed.'® Administrators seck quality-assurance met-
rics, billing support, and workflow efficiency, but Al inte-
gration with hospital systems is lacking.'” Patients expect
equitable care and improved outcomes, but few Al POCUS
products have taken these factors into consideration in their
development.'® Although the factors affecting adoption are
complex, we posit that the following 5 factors are the main
barriers to POCUS Al development and adoption.

3.1 Technology-driven solutions, instead of
outcome-driven solutions

Many current POCUS Al tools are developed around tech-
nical capabilities like improved image quality or quicker
measurements, rather than clearly defined clinical or opera-
tional problems.l(’ For instance,
identification tool uses deep learning to segment brachial

a commercial nerve-

plexus structures, achieving recognition accuracy >88%, yet it
is explicitly marketed only for visualization, not for guiding
interventions.'®'” Most current POCUS Al tools are devel-
oped around technical capabilities.” Although this leads to the
development of enhanced features, they lack a more rigorous
outcome-driven approach to solving real-world problems. A
problem-driven approach that includes measurable reductions
in diagnostic error, mitigation of workflow issues, or scalable
training outcomes is more likely to produce POCUS Al
products that are needed and more readily adopted by end
users. Emerging Al-guided acquisition and education plat-
forms demonstrate that training-focused solutions are feasible,
but robust, outcomes-based, problem-driven designs remain
the exception rather than the norm.”””!

3.2 Data limitations and bias

POCUS images are notoriously noisy and vary with patient
habitus, transducer type, environment, and operator skill.'® In
addition, ultrasound data have less defined edges and require
task-specific models. Mathematical analysis of ultrasound
imagery compared with other medical images (e.g., CT) has
shown that ultrasound gray-scaled images have much less

2 of 11

FERRE ET AL.



JACEP OPEN

TABLE 1. Domains for development of artificial intelligence programs for point-of-care ultrasound.

POCUS

development

domain Description Targeted end-user Examples of Al program utility

Education Tools used by learners to Learners at beginning, 1. Relevant sonographic anatomy
facilitate and augment intermediate and advanced is displayed on the screen
learning. This is particularly stages. during image acquisition to
relevant when learning to Educators developing POCUS assist and reinforce sonographic
obtain and optimize image curricula who may incorporate anatomy for new learners
acquisition. different Al tools throughout 2. Probe guidance may be

the learning process. suggested to optimize
visualization of required
structures

Clinical Tools to assist the clinician to Clinician performing POCUS 1. Exam-specific measurements
efficiently and effectively for clinical care (e.g., bladder volume, left
answer clinical questions and ventricular ejection fraction,
interpret the exam. This area etc.)
may incorporate classification 2. Detection of exam specific
or prognostication of disease abnormalities (e.g., B-lines, free
severity fluid, etc.)

Workflow Tools to improve completion Clinician performing POCUS 1. Reminders to add required
of all required elements of an for clinical care patient demographics
exam (e.g., patient 2. Auto-labeling exam-specific views
demographics, saved images 3. Auto-saving images or cine clips
with appropriate labels)

Research Tools to assist with POCUS Researcher 1. Sort and analyze POCUS studies

research. This may span
several domains within the use
of POCUS, such as image
acquisition, interpretation and
clinical integration

Administrative Tools to assist with running a
POCUS program (e.g., quality
assurance, reports and

dashboards)

POCUS Director, Fellowship 1.
Director, QA Reviewer

based on indication, user,
finding, etc.

2. Compare POCUS findings based
on other data sources (e.g., EHR,
PACS, etc.)

Assist  with the process of

performing QA on POCUS

exams

2. Assign studies for QA review
based on pre-determined
parameters

3. Create reports of users who are

not compliant with POCUS

documentation requirements

POCUS, point-of-care ultrasound; QA, quality assurance; EHR, electronic health record.

context variation when individual pixels are evaluated
throughout an entire image, indicating a need for different Al
algorithms than might be optimal for other image types as well
as larger training datasets.”” Many Al models for POCUS are
trained on small, homogeneous datasets that can introduce
demographic bias and poor generalization.'®*” Bias may be
introduced during data collection, annotation, or model opti-
mization.”* Bias may also arise when models are trained solely
on high-quality images. Evidence suggests that Al systems must
learn from images acquired by users with different levels of
expertise.'® Otherwise, they may fail due to poor technique or
“domain shift.” In addition, performance degradation in

unseen environments underscores the need for diverse, repre-
sentative datasets and continual local fine-tuning.”

This domain shift limitation of Al imaging algorithms is
increasingly recognized as problematic by regulatory bodies and
must be addressed by developers.”® Furthermore, current
products rarely disclose dataset composition or sources of bias,
making it difficult for users to judge reliability. As indicated by
the COMPASS-AI survey, an international survey of 1154
health care professionals that examined perceived barriers
regarding POCUS Al, clinicians worry about the “black-box”
nature of Al with a lack of explainability that undermines
trust.””

FERRE ET AL.
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3.3 Integration, workflow, and training
barriers

Current POCUS Al tools are rarely integrated into existing
clinical workflows. The COMPASS-AI survey found that this
gap, along with limited electronic health record (EHR)
compatibility, was a major barrier to adoption."” The need for
vendors to create a comprehensive ecosystem-like Al solution
weighs heavily on business decisions regarding AI POCUS
development. At present, clinicians must purchase stand-alone
Al applications that may be disjointed and cumbersome to
integrate. The need for multiple applications leads to rapid
accumulation of costs, while insufficient technical support at
both the vendor and local level limits scalability."*” As POCUS
workflow differs from other imaging modalities, since acquisi-
tion and interpretation occur simultaneously, Al tools must
operate seamlessly without adding steps to the workflow process.

Training and human-factor issues further impede adop-
tion. Clinicians report that they lack adequate training for Al-
assisted ultrasound tools and are concerned that Al errors may
lead to incorrect diagnoses.'” Currently, almost half of clini-
cians report that they would verify every Al-generated finding
before making a clinical decision, a higher rate than reported
for other imaging modalities (e.g., chest x—ray).13 Cultural
resistance and absence of institutional guidelines are also
recognized barriers. Even when Al improves efficiency, the
learning curve and the perception of Al as a threat to pro-
fessional autonomy may also reduce adoption.'”

3.4 Lack of prospective clinical validation
and outcome evidence

Beyond the issue of technology-driven development described
above, even Al tools with strong technical performance often
lack prospective clinical evidence demonstrating meaningful
improvements in diagnostic accuracy, clinical decision-
making, or patient outcomes in real-world environments.
For instance, small, single-site studies have demonstrated that
deep learning models can detect free fluid in Morison’s pouch
with high sensitivities ranging from 83% to 98% and excellent
specificities ranging from 93% to 100%.”" " In another
instance, Narang et al. demonstrated that a small group of
nurses with no ECHO training could use Al guidance to
acquire diagnostic-quality cardiac views of left ventricle size
and function with > 98% success.'’ Despite the promise of
these small studies, prospective multicenter trials evaluating
how these tools work in a fast-paced clinical environment,
affect clinical decision-making, treatment times, or patient
morbidity and mortality are scarce.””! Clinicians report the
absence of clinical validation as one of the top barriers to
adoption. Without it, administrators and payers have little
incentive to invest.'”

3.5 Regulatory and ethical uncertainties

With the rapid emergence and evolution of Al in medical
imaging, regulatory pathways are often behind and struggle to

%32 Clinicians desire regulatory approval by gov-

keep pace.
ernment agencies and strong evidence before being willing to
adopt Al for medical decision-making.'” In addition, Al tools
also raise medicolegal issues around who is responsible for
errors, how the standard of care evolves, and how trans-
parently Al use is communicated to patients.”””* At present,
primary liability lies with the clinician; however, institutions
that deploy Al tools and vendors whose designs or training
data are shown to be defective may also share responsibility
with clinicians and health care organizations.”** Proposed
policy approaches such as “safe harbor” frameworks have been
suggested to clarify liability when clinicians interact with Al
tools but have been largely conceptual and not broadly
implemented yet. These uncertainties create challenges to
both health care organizations and clinicians who may
otherwise be early adopters of these new technologies.

Each of these barriers affects the 5 POCUS Al development
domains differently (Table 2). Although some barriers, such as
workflow integration and regulatory requirements, are com-
mon across multiple domains, others are domain-specific. For
example, data bias and outcome validation are crucial for clin-
ical POCUS AI tools, whereas data standardization is more
relevant to research applications. Identifying the most relevant
barriers for each domain is essential for prioritizing develop-
ment efforts and facilitating successful implementation.

4 RECOMMENDATIONS FOR THE
DEVELOPMENT PROCESS FOR POCUS Al
SOLUTIONS

Adoption of POCUS Al is more likely to be successful if the
previously described POCUS Al domains are used to guide
strategic development. After choosing a specific domain, we
propose that developers follow an 8-step process to maximize

the impact of POCUS Al products and improve adoption.

4.1 Start with a gap analysis and define
outcome objectives

Successful POCUS Al products should begin with an
outcomes-based, problem-driven strategy. Developers should
collaborate with POCUS leaders to identify relevant and
actionable outcome gaps. Clear and specific outcome metrics
should be established and agreed upon before the develop-
ment work begins (Fig 1). Achieving this requires coordinated
efforts among clinicians, educators, administrators, and in-
dustry to prioritize patient- and system-level outcomes based
on the specific development domain.

4.2 Consider all POCUS domains and
prioritize areas of greatest impact

The POCUS development domains (Table 1) create a holistic
approach to understanding POCUS Al use. Al development
should focus on domains where the gap between current practice
and desired outcomes is greatest. Within clinical care, current
evidence suggests that cardiac and lung applications are among
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TABLE 2. POCUS Al development barriers by domain.

POCUS

development

domain Development barriers

Education Outcome measures and integration

Clinical Outcome-driven validation, imaging data
limitations, workflow integration, regulatory
and ethical challenges

Workflow Workflow integration, interoperability and
regulatory requirements

Research Data standardization, integration and

regulatory requirements

Administration
integration

Generalizability, institutional variability and

Significance

Limited evidence that Al-assisted training tools
improve learning outcomes or enhance POCUS
competency.

Clinical POCUS Al tools face the greatest number
of development barriers. A clear development
roadmap is essential to systematically address
these challenges and support successful clinical
adoption.

A comprehensive Al ecosystem for POCUS should
streamline clinical workflows through seamless
automation and integration, improving efficiency
while minimizing clinician burden. Al tools should
conform to interoperability standards.

Standardized Al tools can streamline data curation,
improve data quality, enable multicenter
collaboration, and accelerate the generation of
high-quality evidence for POCUS.

Al tools can facilitate POCUS program
administration by automating quality assurance,
compliance monitoring and performance reporting;
provided solutions should be adaptable across
diverse institutional workflows.

POCUS, point-of-care ultrasound; Al, artificial intelligence.

the most mature, already demonstrating accurate ejection-
fraction estimates and B-line counts. Moving forward, de-
velopers should collaborate with the POCUS community to
prioritize high-impact, clinically meaningful tools that can
transform practice by improving image acquisition, enhancing
interpretation, and integrating results into clinical decision-
making protocols.

For POCUS AI education, developers should design Al
tools that address known training gaps and reduce faculty
burden by automating foundational skill training (e.g.,
interactive guidance of probe position, view recognition, and
anatomy identification). This would enable faculty to
concentrate on higher-order teaching, such as clinical
reasoning and decision-making. Successful Al products should
be designed for scalability and accessibility, ensuring training
support for clinicians and other health care professionals.

4.3 Design for seamless integration into
clinical workflows

Developers should ensure that Al tools seamlessly integrate
into existing clinical workflows rather than introduce addi-
tional steps or administrative burden. High-priority features
include automated image labeling, structured reporting, and
EHR integration to reduce administrative workload and er-
rors. Al systems should also support quality assurance and
billing and reimbursement processes by automatically coding

exams and capturing procedural details needed for compliance
and financial sustainability. Real-time guidance during image
acquisition should be built into workflows to improve effi-
ciency and accelerate clinical decision-making. Developers
should emphasize interoperability and standardization so that
Al tools function consistently across different machines,
clinical environments, operator skill levels, and health infor-
mation systems. Critically, workflow-focused tools should be
evaluated not only on accuracy but also on their ability to
reduce time-to-diagnosis, improve efficiency, and support
accreditation and quality assurance requirements.

4.4 Design data strategy based on target
users

Dataset composition must be diverse and aligned with the
intended clinical context, including images acquired by both
novice and expert sonographers and spanning a wide range of
image quality. This allows Al models to recognize common
acquisition errors and provide corrective feedback while also
learning from high-quality images to optimize performance in
expert hands.

The dramatic drop in accuracy when models are applied
to new sites underscores the need for multisite data collection,
including diverse patient demographics and operator exper-
tise. Transparent documentation of dataset sources and model
performance across subgroups will build trust among

FERRE ET AL.
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Gap Analysis

Current State

| Solution Idea #1

Solution Idea #3

Solution Idea #2

Gap Analysis Examples

/ Education Domain

Learner recognizes
when images are poor

and can self-correct
to obtain diagnostic
views

Illustration of probe
on the screen with
probe movement
suggestions

Indicator on screen pops-
up when image meets
technical requirement

parameters

Learner views are of poor
quality
Auto-label
relevant POCUS
anatomy
Clinical Domain

Community EPs have
difficulty diagnosing retinal
detachments which
results in delayed
diagnosis

Community EPs lack the ability to use
POCUS to diagnose retinal detachment

Retinal detachment is
readily diagnosed by
community EPs leading to

faster time to operative
repair and better vision
recovery

Al tool guides
clinician through

K POCUS exam

Al tool highlights retina in yellow
during image acquisition making

diagnosis easier /

FIGURE 1. Gap analysis for point-of-care ultrasound developers. EP, emergency physician; POCUS, point-of-care ultrasound;

Al, artificial intelligence.

clinicians and regulators and enable clinicians to judge when
and how a model should be applied to specific patient groups
and settings.

4.5 Develop outputs and interfaces that
inspire confidence and adoption

Real-time decision support should be embedded directly into
the POCUS interface rather than as a separate application.
For acquisition guidance, intuitive visual cues (arrows, color

bars) help novices adjust probe position, while automatic
quality scoring and “auto-capture” features reduce cognitive
load. For interpretation, Al programs should provide an
option for explainable outputs (e.g., annotated images
showing the region of interest or a plot of ejection-fraction
calculation) along with confidence measures. This will
enhance adoption of the model. Developers should test in-
terfaces with end users early, iterating based on feedback to
ensure that displays improve workflow and do not distract
during critical care.

6 of 11
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4.6 Adopt implementation science and
change-management principles

Effective scaling of Al in clinical environments requires
structured change management. Initial implementation
should begin with pilot programs in select departments,
starting with lower-complexity tasks before moving to more
complex diagnostic support. Baseline performance metrics
should be established and change monitored to ensure
improvement in workflow, accuracy, and patient outcomes
using established implementation frameworks such as the
Consolidated Framework for Implementation Research. A
robust education and training program is essential for adop-
tion. Institutions should provide ongoing support and create a
culture that views Al as a tool that augments, rather than
replaces, clinician judgment. Feedback loops should identify
unintended consequences (e.g., over-reliance on Al or alert
fatigue) and guide iterative improvement.

4.7 Codevelop with stakeholders and
integrate Al with automation

End-user-centered development means involving clinicians,
educators, researchers, and indicated
throughout the design process. Codevelopment workshops
can generate detailed user requirements and identify workflow
obstacles. Collaboration between industry, POCUS experts,
and health care organizations is essential to ensure that Al
algorithms are seamlessly integrated into POCUS hardware
and that vendor risk-management standards (security, fairness,
and accountability) are met. Standardized data-sharing

administrators as

agreements across institutions can facilitate multicenter data-
sets and reproducibility. Finally, Al should be combined with
simpler automation tools (e.g., rule-based measurement and
labeling features) into a single platform. Automation can
handle repetitive tasks reliably (e.g., edge detection for
chamber measurements), whereas Al provides adaptive inter-
pretation. Integrating both enables a continuum from simple
to complex functions, supporting novices while still benefiting
experts.

4.8 Prepare for regulatory and
reimbursement pathways

Developers should engage early with regulators to clarify
requirements and ensure patient safety. Regulatory approval
of Al algorithms for specific indications (e.g., auto-LVEF and
B-line counter) has already been obtained, demonstrating
feasibility. For future products, comprehensive validation,
documentation of training data, and postmarket surveillance
will be required. The newly deployed United States Food and
Drug Administration (FDA) program that allows prescriptive
algorithm iteration and updating without full 510k resub-
mission can save developers months to years in updating
models but must be worked out with the FDA before
receiving clearance. Developers should work with stakeholders
to plan for reimbursement mechanisms, as current billing

pathways for ultrasound may not recognize Al contributions.
Engaging with payers to demonstrate cost-effectiveness and
improved outcomes will support long-term adoption. Stan-
dardized frameworks should be established to address data
privacy, bias mitigation, and liability.

Many POCUS Al applications that are submitted to the
FDA for clearance will follow the Software as a Medical Device
(SaMD) pathway through the regulatory process. This is a term
the FDA defines as "software intended to be used for one or
more medical purposes that perform these purposes
without being part of a hardware medical device." The
definition raises an important distinction, that the software is
not being submitted as part of a hardware medical device.
However, such software is regulated just as any hardware device
would be, and thus, falls under 1 of 3 different risk categories,
denoted as Class I, II, or III. The majority of POCUS Al
applications going through SaMD will fall in the moderate risk
category or Class II. Such devices will need to show substantial
equivalence with an existing device or predicate for 510(k)
clearance. SaMD Al apps that cannot identify a predicate will
need to follow the De Novo pathway, which significantly in-
creases time to clearance and overall cost of the process for
developers. SaMD  software with higher risk, potentially
causing harm if it malfunctions, falls under Class III and re-
quires full Premarket Approval under FDA rules. Currently,
the FDA is not allowing most POCUS Al applications to make
final diagnostic or therapeutic decisions, keeping them out of
the Class III category, for now. Validation for 510(k) clearance
of POCUS AI will typically require a prospective Pivotal study
testing the software use in patients. The rigidity of the testing
required varies, based on the Al application itself, and any
company progressing to this stage should seek FDA agreement
on study design before Pivotal study initiation, typically
through a presubmission process. Study sample sizes, number
of center locations, and other details have ranged significantly
depending on the nature of the Al application itself and the
FDA’s view of potential risk of inadequate validation. The
agency often requires that the majority of Pivotal study data
come from the United States and, in certain instances, insists
on geographically distinct study center locations to capture
different medical practice locations. Additionally, FDA has
specific quality system regulations for any software that handles
medical data, such as images, and may interface with medical
records. These regulations are well developed and encoded and
can be adjusted to keep up with changes in both software
development as well as newly recognized potential risks to
SaMD products. The emphasis on Quality Management sys-
tems and, in recent years, cyber security has meant even small
startups have to invest in additional infrastructure and security
protocols. Cyber security, especially, has become more complex
and highly scrutinized by the agency, leading to proliferation of
cyber security companies providing services for SaMD de-
velopers, but simultaneously driving up overall development
costs.

By following a deliberate process as defined in the steps
above, robust POCUS Al products that are trusted and seen as
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Phase 1: Problem Definition

Focus on ensuring Al is solving the right problem

Gap analysis and outcome definitions

Domain prioritzation (education, clinical, workflow,
research, administration)

Phase 2: Al Development

Focus on designing usable and trustworthy tools

Workflow integration, design and
ensure seamless clinical use

Data strategy: diverse real world
training data

User interface, outcomes are
explainable and clinician friendly

Phase 3: Implementation and Adoption

Focus on bringing tools into practice

Change management, pilot
programs and training

Stakeholder co- development

Reimbursement planning,
validation, sustainability

FIGURE 2. Deliberate approach to the design, development, and implementation of artificial intelligence applications for point-

of-care ultrasound.

useful solutions are more likely to be adopted within current
workflows by intended end users (Fig 2).

5 FUNDING THE DEVELOPMENT OF POCUS
Al: ATTRACTING INVESTORS

The development of any POCUS Al product is resource
intensive in both time and cost. Although a broad swath of
POCUS users may desire POCUS Al tools from a particular
domain, it may be unattractive to investors who are needed to
pay for the development and/or regulatory costs associated
with bringing the product to market. Understanding the
funding environment faced by POCUS Al developers is
important because investment incentives often shape which
technologies are ultimately developed and brought to market.
Although clinicians typically prioritize tools that improve
patient care, workflow efficiency, or educational outcomes,
investors often evaluate opportunities based on scalability,
market size, and potential financial return. As a result, the
priorities of investors can influence which types of POCUS Al
products are pursued and commercialized.

Private investment, outside of government and granting
agencies, comes in 3 main types of investors: angel, venture

capital (VC), and strategic (Fig 3). The angel investor funds
early-phase companies to support innovation and may help
startups with “seed” rounds or early funding. VC investors
generally focus on total market size for the technology to limit
their risk and maximize their potential return. Because most
of their picks will fail, the few successful ones must generate
substantial returns to offset those losses. The lowest risk for
investors is a product cleared by the FDA and already selling
(an expensive stage to reach), forcing startups to be selective
regarding their product and market choice.

Strategic investors are less concerned with revenue
generation but tend to focus on the impact a new tech-
nology may have on their existing business. These include
large hospital systems, which may value technology that
delivers increased efficiency and savings. Likewise, giant
health care multinational corporations may see a startup’s
technology as complementary to their portfolio, under-
standing that even a small increase in sales of other products
can mean large sums of money earned due to acquisition of
the new technology.

Although startups frequently focus on clinical impact,
investors focus on commercial value and how revenue gen-
eration will occur. Patient outcomes and cost savings are
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FIGURE 3. Simplified investor and investment strategy for point-of-care ultrasound artificial intelligence product development.

IPO, initial public offering.

important to investors, but demonstrating this is challenging
and adds additional expense, leaving niche investors and
strategic investors as the only likely investor candidates. As a
result, investment in POCUS Al may remain a challenge until
a clear track record of revenue generation, exit pattern, and
profit potential is established. For developers and users alike, it
is crucial to be selective in choosing POCUS Al solutions that
will have both significant impact and commercialization value.

6 DEVELOPER GUARDRAILS

Developer guardrails for Al programs in POCUS are essential to
protect patient safety and prevent use beyond a tool’s validated
scope. It is also mandatory for Al developers to comply with
existing government rules and regulations in the geographical
locations where their models are intended to be deployed.

The scope of the Al model should be clearly defined.
Training datasets should represent diverse patient populations
and include images of varying quality. Datasets should be free
of demographic imbalances that could inadvertently
contribute to health care disparities.”” Training datasets
should also be fully compliant with Health Insurance Porta-
bility and Accountability Act standards.

Because Al in ultrasound has the potential to directly
influence clinical decision-making, it must be developed with
transparency.36 Without compromising proprietary informa-
tion or patient privacy, developers should release the de-
mographic characteristics of patients used for training of their
Al models. They should clearly articulate both the reasoning
behind model outputs and the degree of certainty associated
with their conclusions. In addition, vendors should clearly
describe how the model was developed and validated, so cli-
nicians can make informed decisions about when and how to
apply it in their specific clinical settings. Whenever possible,
limitations of Al models should be clearly stated to minimize
risks of generating inaccurate or misleading results.

Following implementation, Al models should undergo
ongoing performance audits as part of a structured quality
assurance process. A clear mechanism for users to report errors
must be established, with the development team remaining
actively engaged in refining and improving the system over
time.”” Institutions should also establish local governance
structures to oversee Al deployment and ensure that algorithms
continue to perform reliably within the local clinical environ-
ment. This includes monitoring performance on local datasets
and defining responsibility for postdeployment oversight.
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Emerging transparency frameworks, such as Coalition for
Health AD’s “Al nutrition labels,” model cards, and related
reporting standards, have been proposed to address safety
concerns by providing structured documentation of model
development, including training data characteristics, perfor-
mance across populations, known limitations, intended clin-
ical use, and requirements for human oversight. Such
approaches may improve transparency and help support safer

and more informed clinical adoption of Al systems.”*"”

7 CONCLUSION

Despite the growing availability of POCUS Al, adoption re-
mains limited due to misalignment with clinical needs, data
limitations, workflow barriers, and insufficient outcome evi-
dence. By framing Al development within clearly defined
POCUS Al domains, prioritizing outcome-driven use cases,
and engaging stakeholders across clinical, educational,
administrative, research, and industry settings, developers can
create Al tools that are more relevant, trustworthy, and scal-
able. Aligning clinical impact with commercial viability and
regulatory pathways will sustain innovation. POCUS Al
should be viewed as an augmentative technology that, when
responsibly developed and deployed, can improve diagnostic
accuracy, efficiency, education, and patient-centered care.

FUNDING AND SUPPORT

By JACEP Open policy, all authors are required to disclose any
and all commercial, financial, and other relationships in any
way related to the subject of this article as per ICM]JE conflict
of interest guidelines (see www.icmje.org). The authors have
stated that no such relationships exist. The authors have stated
that no such relationships exist.

CONFLICT OF INTEREST

Dr Ferre reports a relationship with Butterfly Network, Inc,
FujiFilm Sonosite, Inc, and Philips Healthcare: consulting or
advisory. Dr Liu reports a relationship with GE Healthcare
Technologies, Inc and Butterfly Network, Inc.: consulting or
advisory. Dr Blaivis reports a relationship with ThinkSono
that includes: consulting or advisory. Dr Bolescu reports
receiving research funding Philips Healthcare and Rivanna
Medical through Biomedical Advanced Research and Devel-
opment Authority (BARDA)-funded research agreements,
and research funding from GE Healthcare. Dr Bolescu also
reports a relationship with GE Healthcare under a BARDA-
funded award that includes: consulting or advisory. Dr
Adhikari reports a relationship with GE Healthcare, Echo-
Nous, ThinkSono, and Autonomus Medical Technologies
Inc: consulting or advisory. All other authors have affirmed
they have no conflicts of interest to declare.

ORCID
Robinson M. Ferre MD https://orcid.org/0000-0001-
6627-4416
REFERENCES
1. Kim J, Maranna S, Watson C, Parange N. A scoping review on the

10.

11.

12.

13.

14.

15.

integration of artificial intelligence in point-of-care ultrasound: current
clinical applications. Am J Emerg Med. 2025;92:172-181. htep://doi.
0rg/10.1016/j.ajem. 2025.03.029

. Kim S, Fischetti C, Guy M, Hsu E, Fox J, Young SD. Artificial

intelligence (Al) applications for point of care ultrasound (POCUS) in
low-resource settings: a scoping review. Diagnostics (Basel).
2024;14(15):1669. http://doi.org/10.3390/diagnostics14151669

. He J, Baxter SL, Xu J, Xu J, Zhou X, Zhang K. The practical

implementation of artificial intelligence technologies in medicine.
Nat Med. 2019;25(1):30-36. htep://doi.org/10.1038/s41591-018-
0307-0

. Speranza G, Mischkewitz S, Al-Noor F, Kainz B. Value of clinical

review for Al-guided deep vein thrombosis diagnosis with ultrasound
imaging by non-expert operators. NPJ Digit Med. 2025;8(1):135.
http://doi.org/10.1038/s41746-025-01518-0

. Gohar E, Herling A, Mazuz M, et al. Artificial Intelligence (AI) versus

POCUS expert: a validation study of three automatic Al-based, real-
time, hemodynamic echocardiographic assessment tools. / Clin Med.

2023;12(4):1352. htep://doi.org/10.3390/jem12041352

. Alpert EA, Gold DD, Kobliner-Friedman D, Wagner M, Dadon Z.

Revolutionizing Bladder health: artificial-intelligence-powered
automatic measurement of bladder volume using two-dimensional
ultrasound. Diagnostics (Basel). 2024;14(16):1829. http://doi.org/10.
3390/diagnostics14161829

. Nti B, Lehmann AS, Haddad A, Kennedy SK, Russell FM. Artificial

intelligence-augmented pediatric lung POCUS: a pilot study of novice
learners. J Ultrasound Med. 2022;41(12):2965-2972. http://doi.org/
10.1002/jum.15992

. Tan GFL, Du T, Liu JS, Chai CC, Nyein CM, Liu AYL. Automated

lung ultrasound image assessment using artificial intelligence to
identify fluid overload in dialysis patients. BMC Nephrol. 2022;23(1):
410. htep://doi.org/10.1186/512882-022-03044-7

. Zgool T, Antico M, Edwards C, Fontanarosa D. Point-of-care

ultrasound imaging for automated detection of abdominal
haemorrhage: a systematic review. Ultrasound Med Biol. 2025;51(11):
1888-1900. http://doi.org/10.1016/j.ultrasmedbio.2025.07.024
Puticiu M, Cimpoesu D, Pop F, et al. Al-Enhanced POCUS in
emergency care. Diagnostics (Basel). 2026;16(2):353. http://doi.org/10.
3390/diagnostics16020353

Ultrasound guidelines: emergency, point-of-care, and clinical
ultrasound guidelines in medicine. Ann Emerg Med. 2023;82(3):
el15-¢155. http://doi.org/10.1016/j.annemergmed.2023.06.005
ACEP emergency ultrasound section industry roundtable 2022
presentation. Accessed June 20, 2026. https://www.pocusworkflow.
com/resources

Wong A, Roslan NL, McDonald R, et al. Clinical obstacles to
machine-learning POCUS adoption and system-wide Al
implementation (The COMPASS-AI survey). Ultrasound J. 2025;17:
32.

Zhao ], Liu H, Chen Y, Song F. Application of artificial intelligence
tools and clinical documentation burden: a systematic review and
meta-analysis. BMC Med Inform Decis Mak. 2025;26(1):29. http://doi.
org/10.1186/512911-025-03324-w

Sahni NR, Carrus B. Artificial intelligence in U.S. health care delivery.
N Engl ] Med. 2023;389(4):348-358. http://doi.org/10.1056/
NEJMra2204673

10 of 11

FERRE ET AL.


http://www.icmje.org
https://orcid.org/0000-0001-6627-4416
https://orcid.org/0000-0001-6627-4416
https://orcid.org/0000-0001-6627-4416
http://doi.org/10.1016/j.ajem.2025.03.029
http://doi.org/10.1016/j.ajem.2025.03.029
http://doi.org/10.3390/diagnostics14151669
http://doi.org/10.1038/s41591%2D018%2D0307%2D0
http://doi.org/10.1038/s41591%2D018%2D0307%2D0
http://doi.org/10.1038/s41746%2D025%2D01518%2D0
http://doi.org/10.3390/jcm12041352
http://doi.org/10.3390/diagnostics14161829
http://doi.org/10.3390/diagnostics14161829
http://doi.org/10.1002/jum.15992
http://doi.org/10.1002/jum.15992
http://doi.org/10.1186/s12882%2D022%2D03044%2D7
http://doi.org/10.1016/j.ultrasmedbio.2025.07.024
http://doi.org/10.3390/diagnostics16020353
http://doi.org/10.3390/diagnostics16020353
http://doi.org/10.1016/j.annemergmed.2023.06.005
https://www.pocusworkflow.com/resources
https://www.pocusworkflow.com/resources
http://refhub.elsevier.com/S2688-1152(26)00166-9/sref13
http://refhub.elsevier.com/S2688-1152(26)00166-9/sref13
http://refhub.elsevier.com/S2688-1152(26)00166-9/sref13
http://refhub.elsevier.com/S2688-1152(26)00166-9/sref13
http://doi.org/10.1186/s12911%2D025%2D03324%2Dw
http://doi.org/10.1186/s12911%2D025%2D03324%2Dw
http://doi.org/10.1056/NEJMra2204673
http://doi.org/10.1056/NEJMra2204673
https://orcid.org/0000-0001-6627-4416

JACEP OPEN

16.

17.

18.

19.

20.

21,

22.

23.

24.

25.

26.

27.

28.

Vega R, Dehghan M, Nagdev A, et al. Overcoming barriers in the use
of artificial intelligence in point of care ultrasound. NPJ Digit Med.
2025;8(1):213. hetp://doi.org/10.1038/s41746-025-01633-y

Sheikh MS, Kashani KB, Gregoire JR, et al. Digital transformation of
nephrology POCUS education-Integrating a multiagent, artificial
intelligence, and human collaboration-enhanced curriculum with
expert feedback. Digit Health. 2025;11:20552076251328807. http://
doi.org/10.1177/20552076251328807

Yang MJ, Wang HK, Zhang YQ. Automating brachial plexus scan:
wireless handheld ultrasound with deep learning over ten locations.
J Med Ultrasound. 2025;33(4):316-328. http://doi.org/10.4103/jmu.
jmu_61_24

GE HealthCare. Al to assist in ultrasound-guided nerve blocks: cNerve
on the venue family. White Paper. GE HealthCare. 2023. Accessed
March 4, 2026. https://www.gehealthcare.com/-/jssmedia/gehc/us/
files/products/ultrasound/venue-family/whitepaper-cnerve-pocus-
venue-family-jb20312xx.pdf

Narang A, Bae R, Hong H, Thomas Y, et al. Utility of a deep-learning
algorithm to guide novices to acquire echocardiograms for limited
diagnostic use. JAMA Cardiol. 2021;6(6):624-632. http://doi.org/10.
1001/jamacardio.2021.0185

Karni O, Shitrit IB, Perlin A, Jedwab R, Wacht O, Fuchs L. Al-
enhanced guidance demonstrated improvement in novices” Apical-4-
chamber and Apical-5-chamber views. BMC Med Educ. 2025;25(1):
558. http://doi.org/10.1186/s12909-025-06905-5

Blaivas L, Blaivas M. Are convolutional neural networks trained on
imagenet images wearing rose-colored glasses?: a quantitative
comparison of ImageNet, computed tomographic, magnetic
resonance, chest X-Ray, and Point-of-Care ultrasound images for
quality. J Ultrasound Med. 2021;40(2):377-383. http://doi.org/10.
1002/jum.15413

Velichkovska B, Petrushevska S, Runcheva B, Kalendar M.
Demographic bias in medical datasets for clinical Al. Proceedings of the
international conference on applied innovation in IT. 2023;11:67-73.
Accessed April 2, 2026. https://www.icaiit.org/paper.php?paper=11th_
ICAIIT_2/2_5

Blaivas M, Blaivas LN, Tsung JW. Deep learning pitfall: impact of
novel ultrasound equipment introduction on algorithm performance
and the realities of domain adaptation. J Ultrasound Med. 2022;41(4):
855-863. http://doi.org/10.1002/jum.15765

Phuntsho K, Abdullah, Lee K, Lee I, Ahn E. Adaptation of foundation
models for medical image analysis: strategies, challenges, and future
directions. arXiv. 2025:2511.01284v]1.

US Food and Drug Administration. Artificial intelligence in software
as a medical device. Accessed March 4, 2026. heeps://www.fda.gov/
medical-devices/software-medical-device-samd/artificial-intelligence-
software-medical-device

Ahmed MI, Spooner B, Isherwood ], Lane M, Orrock E, Dennison A.
A systematic review of the barriers to the implementation of artificial
intelligence in healthcare. Cureus. 2023;15(10):e46454. htep://doi.org/
10.7759/cureus.46454

Leo MM, Potter 1Y, Zahiri M, Vaziri A, Jung CF, Feldman JA. Using
deep learning to detect the presence and location of hemoperitoneum

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

on the focused assessment with sonography in trauma (FAST)
examination in adults. J Digit Imaging. 2023;36(5):2035-2050. htep://
doi.org/10.1007/510278-023-00845-6

Cheng CY, Chiu IM, Hsu MY, Pan HY, Tsai CM, Lin CR. Deep
learning assisted detection of abdominal free fluid in morison’s pouch
during focused assessment with sonography in trauma. Front Med
(Lausanne). 2021;8:707437. htep://doi.org/10.3389/fmed.2021.
707437

Levy BE, Castle JT, Virodov A, et al. Artificial intelligence evaluation of
focused assessment with sonography in trauma. / Trauma Acute Care Surg.
2023;95(5):706-712. http://doi.org/10.1097/TA.0000000000004021
Ramwala OA, Lowry KP, Cross NM, et al. Establishing a validation
infrastructure for imaging-based artificial intelligence algorithms before
clinical implementation. J Am Coll Radiol. 2024;21(10):1569-1574.
http://doi.org/10.1016/j.jacr.2024.04.027

Mennella C, Maniscalco U, De Pietro G, Esposito M. Ethical and
regulatory challenges of Al technologies in healthcare: a narrative
review. Heliyon. 2024;10(4):¢26297. http://doi.org/10.1016/j.heliyon.
2024.€26297

Abramoff MD, Roehrenbeck C, Trujillo S, et al. A reimbursement
framework for artificial intelligence in healthcare. NP/ Digit Med.
2022;5(1):72. http://doi.org/10.1038/s41746-022-00621-w

Physician Al liability and regulatory compliance. Updated 2025.
Accessed March 4, 2026. https://physicianaihandbook.com/

Kogak B, Ponsiglione A, Stanzione A, et al. Bias in artificial intelligence
for medical imaging: fundamentals, detection, avoidance, mitigation,
challenges, ethics, and prospects. Diagn Interv Radiol. 2025;31(2):
75-88. http://doi.org/10.4274/dir.2024.242854

Ahmed F, Naz NS, Khan S, et al. Explainable artificial intelligence
(XAI) in medical imaging: a systematic review of techniques,
applications, and challenges. BMC Med Imaging. 2026;26(1):37.
Andersen ES, Birk-Korch JB, Réttger R, et al. Monitoring
performance of clinical artificial intelligence in health care: a scoping
review. /Bl Evid Synth. 2024;22(12):2423-2446.

Bramstedt KA. Artificial intelligence (AI) facts labels: an innovative
disclosure tool promoting patient-centric transparency in healthcare Al
systems. | Med Syst. 2025;49(1):78. http://doi.org/10.1007/s10916-
025-02216-w

Goram M. Towards a standardized interactive Al transparency label.
In: Arai K, editor. Intelligent systems and applications. Part of the
book series: lecture notes in networks and systems. vol 1553. Cham,
Switzerland: Springer International Publishing AG; 2025:539-547.
http://d()i.org/10.1007/978—3—031«99958—1734

How to cite this article: Ferre RM, Liu RB, Lam HFS,
et al. Artificial Intelligence in Point-of-Care Ultrasound:
Domains, Barriers and a Framework for Future Devel-
opment. JACEP Open. 2026;7:100491.

https://doi.org/10.1016/j.acepjo.2026.100491

FERRE ET AL.

11 of 11


http://doi.org/10.1038/s41746%2D025%2D01633%2Dy
http://doi.org/10.1177/20552076251328807
http://doi.org/10.1177/20552076251328807
http://doi.org/10.4103/jmu.jmu_61_24
http://doi.org/10.4103/jmu.jmu_61_24
https://www.gehealthcare.com/%2D/jssmedia/gehc/us/files/products/ultrasound/venue%2Dfamily/whitepaper%2Dcnerve%2Dpocus%2Dvenue%2Dfamily%2Djb20312xx.pdf
https://www.gehealthcare.com/%2D/jssmedia/gehc/us/files/products/ultrasound/venue%2Dfamily/whitepaper%2Dcnerve%2Dpocus%2Dvenue%2Dfamily%2Djb20312xx.pdf
https://www.gehealthcare.com/%2D/jssmedia/gehc/us/files/products/ultrasound/venue%2Dfamily/whitepaper%2Dcnerve%2Dpocus%2Dvenue%2Dfamily%2Djb20312xx.pdf
http://doi.org/10.1001/jamacardio.2021.0185
http://doi.org/10.1001/jamacardio.2021.0185
http://doi.org/10.1186/s12909%2D025%2D06905%2D5
http://doi.org/10.1002/jum.15413
http://doi.org/10.1002/jum.15413
https://www.icaiit.org/paper.php?paper%3D11th_ICAIIT_2/2_5
https://www.icaiit.org/paper.php?paper%3D11th_ICAIIT_2/2_5
http://doi.org/10.1002/jum.15765
http://refhub.elsevier.com/S2688-1152(26)00166-9/sref25
http://refhub.elsevier.com/S2688-1152(26)00166-9/sref25
http://refhub.elsevier.com/S2688-1152(26)00166-9/sref25
https://www.fda.gov/medical%2Ddevices/software%2Dmedical%2Ddevice%2Dsamd/artificial%2Dintelligence%2Dsoftware%2Dmedical%2Ddevice
https://www.fda.gov/medical%2Ddevices/software%2Dmedical%2Ddevice%2Dsamd/artificial%2Dintelligence%2Dsoftware%2Dmedical%2Ddevice
https://www.fda.gov/medical%2Ddevices/software%2Dmedical%2Ddevice%2Dsamd/artificial%2Dintelligence%2Dsoftware%2Dmedical%2Ddevice
http://doi.org/10.7759/cureus.46454
http://doi.org/10.7759/cureus.46454
http://doi.org/10.1007/s10278%2D023%2D00845%2D6
http://doi.org/10.1007/s10278%2D023%2D00845%2D6
http://doi.org/10.3389/fmed.2021.707437
http://doi.org/10.3389/fmed.2021.707437
http://doi.org/10.1097/TA.0000000000004021
http://doi.org/10.1016/j.jacr.2024.04.027
http://doi.org/10.1016/j.heliyon.2024.e26297
http://doi.org/10.1016/j.heliyon.2024.e26297
http://doi.org/10.1038/s41746%2D022%2D00621%2Dw
https://physicianaihandbook.com/
http://doi.org/10.4274/dir.2024.242854
http://refhub.elsevier.com/S2688-1152(26)00166-9/sref36
http://refhub.elsevier.com/S2688-1152(26)00166-9/sref36
http://refhub.elsevier.com/S2688-1152(26)00166-9/sref36
http://refhub.elsevier.com/S2688-1152(26)00166-9/sref37
http://refhub.elsevier.com/S2688-1152(26)00166-9/sref37
http://refhub.elsevier.com/S2688-1152(26)00166-9/sref37
http://doi.org/10.1007/s10916%2D025%2D02216%2Dw
http://doi.org/10.1007/s10916%2D025%2D02216%2Dw
http://doi.org/10.1007/978%2D3%2D031%2D99958%2D1_34
https://doi.org/10.1016/j.acepjo.2026.100491

	Artificial Intelligence in Point-of-Care Ultrasound: Domains, Barriers and a Framework for Future Development
	1. Introduction
	2. POCUS AI Domains
	3. Current Pocus AI Program Challenges and Shortcomings
	3.1. Technology-driven solutions, instead of outcome-driven solutions
	3.2. Data limitations and bias
	3.3. Integration, workflow, and training barriers
	3.4. Lack of prospective clinical validation and outcome evidence
	3.5. Regulatory and ethical uncertainties

	4. Recommendations for the Development Process for POCUS AI Solutions
	4.1. Start with a gap analysis and define outcome objectives
	4.2. Consider all POCUS domains and prioritize areas of greatest impact
	4.3. Design for seamless integration into clinical workflows
	4.4. Design data strategy based on target users
	4.5. Develop outputs and interfaces that inspire confidence and adoption
	4.6. Adopt implementation science and change-management principles
	4.7. Codevelop with stakeholders and integrate AI with automation
	4.8. Prepare for regulatory and reimbursement pathways

	5. Funding The Development of POCUS AI: Attracting Investors
	6. Developer Guardrails
	7. Conclusion
	Funding and Support
	Conflict of Interest
	ORCID
	References


