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Abstract

Point-of-care ultrasound (POCUS) is an essential component of emergency medicine, en-
abling rapid bedside assessment across a wide spectrum of acute conditions. Its effective-
ness, however, remains constrained by operator dependency, variable image quality, and
time-critical decision-making. Recent advances in artificial intelligence (AI) offer opportu-
nities to augment POCUS by supporting image acquisition, interpretation, and quantitative
analysis. This narrative review synthesizes current evidence on Al-enhanced POCUS appli-
cations in emergency care, encompassing trauma, non-traumatic emergencies, integrated
workflows, resource-limited settings, and education and training. Across trauma settings,
Al-assisted POCUS has demonstrated promising performance for automated detection
of pneumothorax, hemothorax, and free intraperitoneal fluid, supporting standardized
eFAST examinations and rapid triage. In non-traumatic emergencies, Al-enabled cardio-
vascular, pulmonary, and abdominal applications provide automated measurements and
pattern recognition that can approach expert-level performance when image quality is
adequate. Integrated AI-POCUS systems and educational tools further highlight the po-
tential to expand ultrasound access, support non-expert users, and standardize training.
Nevertheless, important limitations persist, including limited generalizability, dataset bias,
device heterogeneity, and uncertain impact on clinical decision-making and patient out-
comes. In conclusion, Al-enhanced POCUS is transitioning from proof-of-concept toward
early clinical integration in emergency medicine. While current evidence supports its
role as a decision-support tool that may enhance consistency and efficiency, widespread
adoption will require prospective multicentre validation, development of representative
POCUS-specific datasets, vendor-agnostic solutions, and alignment with clinical, ethical,
and regulatory frameworks.

Keywords: artificial intelligence; point-of-care ultrasound; POCUS; emergency medicine;
diagnostic imaging; machine learning; deep learning
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1. Introduction

Point-of-care ultrasound (POCUS) has rapidly become an indispensable diagnostic
and clinical tool across a broad spectrum of healthcare settings, enabling clinicians to
perform real-time, bedside imaging that directly informs patient care. Traditionally, the
utility of POCUS has been limited by operator dependency and variability in interpre-
tation, highlighting the need for solutions that can augment clinician performance and
standardize results.

In the context of medical imaging and point-of-care ultrasound (POCUS), artificial
intelligence (AI) encompasses computational methods designed to support image analysis
and clinical decision-making [1]. Early applications relied on rule-based systems using
predefined criteria, whereas most contemporary approaches are based on machine learning,
in which algorithms learn relevant patterns from data. Deep learning, a subset of machine
learning, employs multilayer neural networks—most commonly convolutional neural
networks—to automatically extract features from ultrasound images and video clips [2].
In this review, the term “Al-enhanced POCUS” primarily refers to machine learning— and
deep learning-based systems that assist with image acquisition, quality assessment, and
interpretation, while final clinical decisions remain clinician-driven.

The development of Al-enhanced POCUS parallels earlier adoption of artificial intelli-
gence in adjacent medical fields such as radiology, echocardiography, digital pathology, and
clinical decision support systems [3-5]. In radiology and pathology, Al has demonstrated
robust performance in image classification, segmentation, and workflow prioritization,
largely benefiting from standardized acquisition protocols and high-quality datasets [6,7].
Similarly, in echocardiography, Al-based tools for automated chamber quantification and
ejection fraction estimation are increasingly integrated into clinical practice [8]. In contrast,
POCUS presents unique challenges related to operator dependency, heterogeneous devices,
and variable imaging conditions [9]. These differences underscore both the novelty of
AI-POCUS applications and the need to adapt established Al concepts to the constraints of
real-time, bedside imaging, while also supporting the transferability of validated method-
ologies across imaging domains.

Emergency medicine ultrasound is the bedside use of POCUS by emergency physi-
cians to quickly evaluate and manage patients with acute conditions. In practice, POCUS
has become closely linked to the clinical exam, helping physicians combine their usual
assessment skills with real-time imaging during patient care. Emergency medicine ultra-
sound applications are often grouped by anatomical region or by clinical purpose—such as
resuscitation, diagnosis, procedural guidance, or symptom-based assessments. The way
these applications are used varies considerably between regions and health systems, de-
pending on available training, equipment, and local priorities [1]. The predominant use of
Al involved automated biometric measurements derived from POCUS images, particularly
in acute and cardiopulmonary settings, improving accessibility, streamlining workflows,
and showing promising diagnostic accuracy for specific tasks such as ejection fraction esti-
mation and identification of B-lines in lung imaging, while also underscoring limitations in
image quality and generalizability of models [2]. AI-POCUS research increasingly targets
low-resource environments, particularly ow- and middle-income countries, rural or remote
regions, and emergency settings [9].

The integration of Al in POCUS is not without challenges. Clinicians report enthu-
siasm for Al assistance but also highlight barriers including training and education gaps,
the need for robust clinical validation, workflow integration issues, and ethical /regulatory
concerns [10]. Additionally, standardization of protocols, device interoperability, and al-
gorithm transparency remain pressing obstacles to widespread adoption. Despite these
hurdles, emerging evidence suggests that Al-augmented POCUS could democratize access
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to advanced imaging in both high-resource and low-resource environments, with appli-
cations ranging from automated anatomical landmark detection to real-time feedback for
novice users [9].

Despite its promising potential, the integration of artificial intelligence into point-of-
care ultrasound also raises important risks and limitations. Algorithmic bias related to non-
representative training datasets, variability in device hardware, and patient populations
may compromise generalizability across clinical settings [11]. Overreliance on automated
interpretation carries the risk of deskilling and inappropriate clinical decision-making,
particularly in time-critical emergency contexts. In addition, unresolved medico-legal
and regulatory questions—including accountability for Al-assisted diagnostic errors and
transparency of algorithmic decision processes—remain significant barriers to widespread
adoption [12]. These considerations underscore the need to position Al-enhanced POCUS
as a decision-support tool that augments, rather than replaces, clinician expertise.

Accordingly, this narrative review aims to address the following research question:
how is artificial intelligence currently being applied to point-of-care ultrasound in emer-
gency care, and what evidence exists regarding its performance, clinical feasibility, and
implementation challenges across different emergency settings? Specifically, we synthesize
current data on Al-assisted POCUS applications in trauma and non-traumatic emergencies,
integrated and resource-limited workflows, and education and training, with the goal of
evaluating the translational readiness and future clinical role of Al-enhanced POCUS.

2. Materials and Methods

This narrative review was conducted using a structured literature search strategy in-
formed by PRISMA reporting principles, adapted to the scope and objectives of a narrative
synthesis. The aim was to ensure transparency and reproducibility in study identification,
screening, and selection.

A comprehensive search was performed in the Web of Science (WoS) Core Collection
and PubMed /MEDLINE databases to identify peer-reviewed articles published in English
between 1 January 2020 and 1 December 2025. Web of Science was selected for its broad
multidisciplinary coverage and citation indexing, while PubMed /MEDLINE was included
to ensure comprehensive retrieval of clinically relevant biomedical literature.

The search strategy combined terms related to artificial intelligence, point-of-care ul-
trasound, and emergency care, including variations of “artificial intelligence,” “machine

"o 7

learning,” “deep learning,” “point-of-care ultrasound,” “POCUS,” and “emergency medicine.”

Inclusion criteria were as follows:

(i) Studies explicitly addressing the application of artificial intelligence in point-of-care
ultrasound;

(ii) Relevance to emergency medicine or acute care settings;

(iif) Original research articles, technical development studies, clinical validation studies,
or narrative/scoping reviews.

Exclusion criteria were as follows:

(i) Case reports or small case series;
(if) Publications in languages other than English;
(iii) Studies not specifically involving Al-based applications in POCUS.

A total of 93 studies were included in the qualitative synthesis, comprising 38 articles
identified from Web of Science and 55 from PubMed/MEDLINE, after screening and
application of inclusion and exclusion criteria. Studies were grouped according to their
primary clinical application domain: trauma assessment (6 articles), cardiovascular evalua-
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tion (10 articles), pulmonary imaging (12 articles), abdominal assessment (4 articles), and
education and training (8 articles).

Most studies originated from North America and Europe, with fewer from Asia
and low- and middle-income countries. Convolutional neural networks (CNNs) were
the most frequently used Al models, followed by classical machine learning approaches
and, less commonly, recurrent neural networks. Reported diagnostic performance metrics
varied across applications, with most studies reporting AUC values between 0.85 and
>0.90 and sensitivities and specificities typically in the 80-95% range. This heterogeneity
reflects differences in datasets, validation strategies, and clinical endpoints, underscoring
the importance of cautious interpretation and the need for standardized reporting in
future studies.

Data extraction was performed using a standardized approach, focusing on study
characteristics (design, clinical setting, POCUS application, Al methodology), primary
objectives, and reported performance or feasibility outcomes. Methodological quality and
reliability were assessed qualitatively, considering factors such as study design, dataset
size, validation strategy, and clinical relevance. Given the heterogeneity of Al techniques,
clinical applications, and outcome measures, a formal risk-of-bias or quality scoring tool
was not applied, and findings were synthesized narratively with emphasis on consistency,
limitations, and generalizability across studies.

3. Trauma and AI-Enhanced POCUS

The integration of artificial intelligence (Al) into point-of-care ultrasound (POCUS) is
increasingly influencing the assessment of medical emergencies, particularly in trauma care
where rapid and accurate decision-making is essential. In this context, Al systems have
been proposed as tools to enhance diagnostic accuracy, standardize image interpretation,
and reduce dependence on operator expertise.

Recent research has focused on the application of Al to support rapid evaluation of
traumatic injuries using POCUS, especially within extended Focused Assessment with
Sonography for Trauma (eFAST) examinations and thoracic imaging. Deep learning—based
models have been developed for real-time interpretation of thoracic ultrasound images
to identify pneumothorax and hemothorax. Experimental studies using convolutional
neural network architectures have demonstrated meaningful classification performance,
even when real-time accuracy was lower than that observed during model training, sug-
gesting that Al assistance may lower the expertise threshold required for trauma triage in
prehospital or resource-limited environments (Table 1).

Beyond diagnostic classification, Al systems have also been designed to support auto-
mated identification of key eFAST anatomical landmarks and to provide probe-positioning
guidance, thereby assisting both image acquisition and interpretation. When combined
with diagnostic classifiers, such guidance models have shown feasibility for real-time use
in experimental settings and may help streamline rapid triage decisions in acute trauma
scenarios [13].

In lung ultrasound, Al frameworks that mirror the clinical workflow—incorporating
initial transducer placement, automated quality assessment, and dynamic evaluation of
lung sliding—have achieved high diagnostic performance for pneumothorax detection.
Integrated pipelines combining quality assurance with lung sliding classification have
reported area under the receiver operating characteristic curve values approaching 0.89,
supporting the potential of Al to assist less experienced users in urgent trauma settings [14].

Systematic investigations further indicate that Al-based ultrasound systems can
achieve sensitivities in the mid-80% range for pneumothorax detection, even when trained
on relatively limited datasets. Collectively, these findings suggest that automated pattern
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recognition in trauma POCUS can approach expert-level diagnostic performance and may
expand the utility of ultrasound in emergency and trauma workflows [15].

Table 1. Al-assisted POCUS applications for trauma assessment in emergency care.

Sample Size

Setting/Focus AI Approach Key Findings (Approx) Validation Type Dataset Origin References
Real-time Combined image guidance
Emergency anatomical and interpretation 200400 Internal Sinele-centre [13]
eFAST landmark detection ~ demonstrated feasibility in exams &
+ classifier emergency triage.
Lung ultrasound Stepwise D.L. for QA AUC 70.89 er f.u.ll pipeline; 800-1200 .
and sliding high reliability for . . External Multi-centre [14]
pneumothorax L . . video clips
classification diagnostic support.
Sensitivity ~86% for PTX
Pneumothorax Neural network on detection, illustrating 500-1000 Internal Multi-centre [15]
detection POCUS potential clinical images
performance.
Real-time M-mode
Thoracic trauma CNN classification P~g>é‘{/}££z(uf:(t:ec'tl{g§uv::sh 300-500 Internal Single-centre [16]
(swine model) (MobileNetV3) 0 accuracy; req M-mode clips &
required expertise
threshold.
Lung trauma CNN-based deep Automatgd pngumgthorax 500-1000 .
. detection with high lung US Internal Single-centre [17]
(pneumothorax) learning . . .
diagnostic accuracy frames/clips
. Automatecll pneumothorax 400-800 lung
Lung trauma Deep learning detection on lung Us Internal Sinele-centre [18]
(pneumothorax) (CNN) ultrasound with strong &

diagnostic performance images/clips

4. Non-Traumatic Emergencies and AI-Enhanced POCUS

Before detailing organ-specific applications, the development of Al-enhanced POCUS
should be viewed within the broader context of artificial intelligence applications across ul-
trasonography. In established domains such as echocardiography and obstetric ultrasound,
Al tools for automated measurements and pattern recognition benefit from standardized
acquisition protocols and large, curated datasets. Similarly, in radiology, automated qual-
ity assurance and workflow optimization systems are increasingly embedded in routine
imaging practice. In contrast, POCUS operates under more variable conditions, with hetero-
geneous devices, operator-dependent image acquisition, and lower or inconsistent image
quality. These differences highlight why, despite methodological overlap, AI-POCUS faces
distinct translational challenges that warrant focused evaluation.

4.1. Cardiovascular Assessment

Cardiac point-of-care ultrasound (POCUS) is integral to the evaluation of non-
traumatic emergencies such as acute dyspnea, chest pain, hypotension, and undifferentiated
shock. In routine emergency practice, however, assessment of ventricular function and
hemodynamic status remains highly operator-dependent and is often limited to qualita-
tive visual estimation rather than formal quantitative measurements during time-critical
encounters. Recent studies evaluating automated Al-based tools integrated into POCUS
platforms—including automated ejection fraction (EF), velocity—time integral (VTI), and
inferior vena cava (IVC) assessment—have demonstrated moderate to good agreement
with expert interpretation, particularly when image quality is adequate. Notably, VTI
estimation appears relatively robust even in medium-quality recordings, supporting the
feasibility of embedding real-time quantitative Al assistance into emergency workflows
without substantially increasing acquisition time [19].
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Beyond single-centre validation studies, prospective emergency department data
increasingly support the diagnostic accuracy of Al-enabled cardiac POCUS. In cohorts
of emergency patients with risk factors for cardiac dysfunction, vendor-integrated Al
software has demonstrated high sensitivity and specificity for the automated detection
of both systolic and diastolic left ventricular dysfunction when compared with expert
interpretation, provided that image quality is adequate. These findings indicate that Al-
assisted analysis can approach expert-level classification of cardiac function in real-world
ED settings. In parallel, fully automated wall-tracking approaches have been developed to
estimate ejection fraction from parasternal long-axis views, which are often easier to acquire
than apical views in critically ill patients. Such methods have shown accurate identification
of clinically relevant ejection fraction thresholds, with performance comparable to apical-
view assessments and superior to traditional parasternal techniques. Together with device-
level solutions such as automated EF and velocity-time integral tools integrated into
contemporary POCUS platforms, these studies suggest that automated quantification
of ventricular function, stroke-volume surrogates, and inferior vena cava dynamics has
reached a level of technical maturity compatible with routine emergency workflows [20].

Beyond global functional assessment, Al is increasingly applied to extend cardiac
POCUS toward disease-specific screening. Recent studies have demonstrated that Al
models applied to single-view cardiac POCUS can accurately identify conditions such as
hypertrophic and transthyretin amyloid cardiomyopathy, with high discriminative per-
formance across large health systems. Importantly, Al-based risk stratification enabled
detection of cardiomyopathy years before clinical diagnosis and was independently associ-
ated with mortality, highlighting the potential of Al-enhanced POCUS as a scalable tool for
early disease screening in emergency and acute care settings [21].

Neonatal and pediatric non-traumatic emergencies represent another emerging do-
main for Al-supported echocardiography. Targeted neonatal echocardiography and POCUS
have become essential bedside tools for real-time hemodynamic assessment in neonatal
intensive care units. In this context, machine learning and Al are increasingly viewed
as promising adjuncts for rapid, physiology-driven decision-making, particularly where
access to specialized pediatric cardiology expertise is limited. Although most neonatal
Al applications remain conceptual or early-stage, this work situates AI-POCUS within a
broader shift toward continuous and individualized hemodynamic monitoring in vulnera-
ble populations [22].

At the same time, several studies underscore that Al performance is highly sensitive
to data domain and image characteristics. Models trained on standard echocardiography
have shown reduced performance when applied to emergency department POCUS images,
with only moderate segmentation accuracy and poor agreement for ejection fraction classi-
fication, emphasizing the need for models trained specifically on POCUS datasets [23]. In
settings with limited POCUS data, data augmentation strategies—such as view rotation
and flipping—have partially improved performance when adapting models to subxiphoid
views, although agreement remains weakest for mid-range ejection fraction values [24].

Beyond individual algorithms, broader analyses highlight persistent barriers to the
clinical deployment of Al in POCUS, including concerns related to trustworthiness, bias,
data governance, workflow integration, and the gap between proof-of-concept systems and
regulated clinical tools [25]. These challenges are particularly pronounced in emergency
settings, where image quality is often suboptimal, patient physiology is rapidly evolving,
and opaque “black-box” outputs may limit clinician acceptance. Collectively, the available
evidence supports prioritizing multicentre prospective validation in real-world emergency
workflows, transparent reporting of failure modes, and the development of open, POCUS-
specific training datasets that capture diverse patient populations and ultrasound platforms.
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Table 2 summarizes the main studies evaluating artificial intelligence—enhanced

POCUS for cardiovascular assessment in non-traumatic emergency settings, highlight-

ing clinical context, Al applications, and key performance outcomes.

Table 2. Summary of Al-assisted POCUS applications for cardiovascular assessment in non-traumatic

emergencies.
. . R Sample Size Validation Dataset
Setting/Population Al Task Key Findings (Approx.) Type Origin References
ED/ICU patients;  On-device AL Moderate good areement
cardiac POCUS (auto-EF, auto-VTI, hich p lit vi 200400 clips Internal Single-centre [19]
clips auto-IVC) 1gh-qualty views
(k ~ 0.50-0.66)
Emergency Vendor Al for s - 9n0/. e
department adults systolic/diastolic Sensm;/ ity 85-92%; spe.c1f1c1ty ~200 patients External Single-centre [26]
. 94-95% vs. expert reviewers
>45 years dysfunction
Unstable ED/ICU Accurate EF classification
patients; PLAX VSEEI—\J;:(:&EE’? (85-87%) from parasternal 55(33;?22 Internal Multi-centre [27]
POCUS 8 long-axis view
ED and community =~ CNN screening for AgROCNO'ng 097, eagy >40,000 1 16
cardiac POCUS cardiomyopathies etection of HCM an videos Externa Multi-centre [21]
ATTR-CM
Emergency Deep learning Reduced performance on 300-400
department cardiac (EchoNet- POCUS vs. formal echo videos External Single-centre [23]
POCUS Dynamic) (Dice~0.72; k~0.16)
. . . Machine learning . S
Subxiphoid Fardlac with data Feasible EF estimation; higher 500-700 clips Internal Single-centre [24]
POCUS views . error at mid-range EF values
augmentation
Neonatal ML/DL-assisted Early-stage and conceptual Narrative/
non-traumatic targeted applications for bedside Not specified Conceptual Multi-centre [22]
emergencies echocardiography hemodynamic assessment P
Cardiovascular Integrated Al Demonstrated technical Narrative/
POCUS platforms quantification tools maturity and clinical Not specified Technology Multi-centre [25]
P (AutoEF, SmartVTI) feasibility in acute care overview
Cardiac ultrasound Machme Feasible autorpated estimation 100-300 .
. learning-based EF of left ventricular function : Internal Single-centre [28]
(LV function) o = . studies
estimation from ultrasound images
Perioperative and Al-supported quantification of
erop . Al-assisted cardiac cardiac function feasible and 150-300 )
critical care cardiac . .. . A Internal Single-centre [29]
function assessment clinically relevant in acute examinations

POCUS

care settings

4.2. Lung Assessment

Point-of-care ultrasound has become a cornerstone of pulmonary evaluation in emer-
gency and acute care due to its real-time imaging capabilities, absence of ionizing radiation,
and high sensitivity for common conditions such as pneumothorax, pulmonary edema,
pleural effusion, and interstitial syndrome. However, conventional lung ultrasound inter-
pretation remains highly operator-dependent, particularly when identifying subtle artefacts
and integrating dynamic findings into time-critical clinical decisions. The integration of
artificial intelligence aims to standardize lung POCUS interpretation, automate detection
of key sonographic signs, and support clinicians in high-acuity scenarios.

Al-enabled lung POCUS frameworks have been developed for real-time detection of
pneumothorax and other thoracic pathologies, achieving diagnostic performance poten-
tially suitable for emergency triage applications. Early systems have simulated clinical
workflows by combining deep learning—based classifiers for pleural sliding with automated
quality assurance, demonstrating the feasibility of Al-supported bedside assessment [14].
Building on this foundational work, subsequent models trained on large, annotated ul-
trasound video datasets have achieved high sensitivity and specificity for pneumothorax
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detection, with area under the receiver operating characteristic curves exceeding 0.90 when
compared with expert interpretation. These findings highlight the potential clinical utility
of Al-augmented lung POCUS for rapid triage of patients with suspected pleural air [30].

Beyond diagnostic classification, Al approaches have also been applied to the quanti-
tative assessment of pulmonary congestion. Machine learning pipelines trained to identify,
localize, and count B-lines across standard lung zones have shown strong correlation with
expert annotations and established biomarkers of congestion, such as NT-proBNP. Auto-
mated B-line quantification may therefore provide objective metrics to guide decongestive
therapy and monitor treatment response in acute heart failure presentations [31].

Al techniques have additionally been explored for the characterization of pleural
effusions. Pattern recognition-based models have demonstrated improved differentiation
of anechoic and complex pleural collections compared with unaided visual interpretation,
particularly in cases with subtle septations or mixed echogenicity. This supports the role of
Al as an adjunct for pleural pathology assessment and for procedural planning, including
ultrasound-guided thoracentesis [32].

Finally, preliminary studies have reported early integration of Al into lung POCUS
workflows with a focus on standardization and training-oriented feedback. Prototype
systems combining Al-based image analysis with real-time operator guidance have been de-
scribed, automatically suggesting adjustments in probe orientation and scanning technique
to improve acquisition quality. These approaches align with broader goals of Al-supported
POCUS, in which artificial intelligence contributes not only to image interpretation but also
to optimization of image acquisition at the bedside [33].

Key studies investigating Al-enhanced lung POCUS in non-traumatic emergencies,
including clinical applications, AI methodologies, and reported diagnostic performance,

are summarized in Table 3.

Table 3. Al-assisted lung POCUS in non-traumatic emergencies.

Clinical

Lung POCUS

Sample Size

Validation

Dataset

Context Application AI Approach Main Findings (Approx.) Type Origin References
Emergency Det.ectlon of CNN-based Good discrimination
B-lines and . between normal and . e e
department; leural image abnormal lune patterns Not specified  Not specified =~ Not specified [34]
acute dyspnea P o classification unsp
abnormalities (preliminary)
Several
Pleural sh‘dmg Deep learning High diagnostic hundrgd- Internal (de- Single-
Suspected analysis; on annotated performance 1000 clips
velopment/ centre/not [30]
pneumothorax pneumothorax ultrasound (AUC > 0.90) vs. (reported as validation) clearly stated
detection video loops expert interpretation large y
dataset)
Machine
Acute Automated learning— Strong correlation with
dyspnea/heart B-line based feature expert annotations and ~ Not specified ~ Not specified ~ Not specified [31]
failure quantification extraction and congestion biomarkers
classification
. Differentiation Pattern Improved accuracy in
Pleural disease L . . .
evaluation of pleural recognition pleural fluid Not specified Internal Single-centre [32]
effusion types algorithms characterization
Image Prototype -
Emergency lung acquisition Al-guided Feamblhty of Al . i Prototype/ .
ultrasound support and acquisition feedback for improving  Not specified feasibilit Not specified [33]
workflows L 4 scan quality y
standardization system
Crowdsourcing- Demonstrated anl;lf)i‘ife d Not
Lung Lung POCUS assisted feasibility of scalable, dataset applicable Multi-
ultrasound data ~ image labeling annotation high-quality annotation (exact size ( dr:lfa devel- centre/ [35]
development for Al training with ML for lung ultrasound reported in opment) crowdsourced
support datasets P P

study)
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Table 3. Cont.
Clinical Lung POCUS . Sample Size Validation Dataset
Context Application Al Approach Main Findings (Approx.) Type Origin References
Automated Demf)r}s.t rated
Acute lune ultrasound  Deep learnin feasibility of Several
care/emergency & {4 & Al-assisted lung hundred Internal Single-centre [36]
1 It a pattern (CNN-based) t lassificati . /cli
ung ultrasoun recognition pattern classification on  images/clips
& POCUS images
Lung Demonstrated
ultrasound 1 Automated Deep learning feasibility of Al-based Tens to low .
ung ultrasound hundreds of Internal Single-centre [37]
(acute and . . (CNN-based) lung ultrasound . .
image analysis . images/clips
emergency care) pattern recognition
Demonstrated
Emergency and Automated D . fea51}) ility of Several
eep learning Al-assisted lung hundred .
acute care lung  lung ultrasound . Internal Single-centre [38]
. . (CNN-based) ultrasound analysis lung US
ultrasound interpretation : . . .
with clinically relevant  images/clips
performance
Automated Al model achieved Several
Acute and . .
mergency lung lung ultrasound  Deep learning reliable lung pattern hundred Internal Singlecentre [39]
¢ ult%asot}lln d pattern (CNN-based) classification on lung US g
classification POCUS images images/clips
Automated .D‘e‘monstrated
feasibility of automated
Lung lung ultrasound Deep learnin, lung ultrasound image Several
ultrasound feature and p 5 & . & hundred Internal Single-centre [40]
. . (CNN-based) analysis with .
image analysis pattern L e images
detection promising classification
etectio performance
Demonstrated accurate .
Retrospective
Automated automated .
Lung lung ultrasound  Deep learnin classification of lun analysis; not Several
ultrasound & p & & specific to hundred Internal [41]
image analysis pattern (CNN-based) ultrasound patterns emergency  images/clips
classification under controlled
workflows

4.3. Abdominal Assessment

Abdominal point-of-care ultrasound plays an important role in the evaluation of

non-traumatic emergencies, particularly in patients presenting with acute abdominal pain,
suspected intra-abdominal bleeding, bowel obstruction, urinary retention, or gynecologic
pathology. Although abdominal POCUS is widely used to identify findings such as free
intraperitoneal fluid, hydronephrosis, gallbladder disease, or bladder distension, diagnostic
accuracy remains strongly dependent on operator experience and image interpretation
skills. Artificial intelligence has therefore been explored as a means to support image
acquisition, automate detection of key sonographic findings, and improve diagnostic
consistency during time-sensitive abdominal assessments.

Recent studies have examined Al-assisted ultrasound applications in acute obstetric
and gynecologic emergencies, focusing on machine learning-based algorithms that facili-
tate real-time differentiation between intrauterine and ectopic pregnancy and enable rapid
risk stratification in cases of early pregnancy bleeding. These approaches suggest that Al-
enhanced abdominal and pelvic POCUS may promote more standardized interpretation and
faster clinical decision-making in emergency settings where access to expert sonographers or
comprehensive imaging is limited, although further prospective validation is required [42].

Complementary exploratory work has investigated deep learning methods for automated
recognition of free intraperitoneal fluid and abdominal organ boundaries using POCUS image
sequences. Preliminary results demonstrate the feasibility of training convolutional neural
networks to distinguish physiologic from pathologic fluid collections, highlighting potential
future applications for early detection of hemoperitoneum or ascites during emergency
abdominal evaluation, particularly in resource-limited environments [43].
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Earlier foundational studies further established the feasibility of applying artificial
intelligence to abdominal ultrasound image analysis. Deep learning-based classification
models achieved performance comparable to human readers for selected interpretive tasks.
Although not specific to emergency care, these investigations introduced key technical
principles—such as automated feature extraction from grayscale ultrasound images and tol-
erance to variable image quality—that continue to inform the development of contemporary
Al-enhanced POCUS systems for acute abdominal assessment [44].

Key studies evaluating artificial intelligence—enhanced abdominal POCUS in non-
traumatic emergencies, including clinical indications, AI methodologies, and reported
outcomes, are summarized in Table 4.

Table 4. Al-assisted abdominal POCUS in non-traumatic emergencies.

Clinical

Abdominal

Sample Size  Validation Dataset

Context Application AI Approach Main Findings (Approx.) Type Origin References
. Al-assisted POCUS
. Machine -
Obstetric and Early pregnancy : supported rapid .
. . learning— - L o Single-
gynecologic assessment; risk . differentiation of Not specified Internal [42]
; e based image . - . centre
emergencies stratification . h intrauterine vs. ectopic
interpretation
pregnancy
Acute Detection of free (.:NN based Demonstrated feasibility
. - . image and - i Not Not
abdominal intraperitoneal ¢ of automated free fluid Not specified oo o [43]
. : video . specified specified
evaluation fluid e detection
classification
General Automated Deep learnin Performance comparable Several Sinele
abdominal image p & to human readers for hundred Internal & [44]
O models . centre
ultrasound classification selected tasks images
. Automated Demonstrated accurate Single-
Abdominal . . i Several
ultrasound abdominal organ  Deep learning automated classification hundred Internal centre/ [45]
. . and pathology (CNN-based) of abdominal ultrasound . curated -
image analysis e . images
classification images dataset

4.4. Integrated Applications and Resource-Limited Settings

Beyond organ-specific applications, an expanding body of literature has examined
Al-enhanced POCUS within integrated clinical workflows and in settings characterized by
limited resources, workforce shortages, or restricted access to advanced imaging. In these
contexts, artificial intelligence is primarily positioned as a means to support non-expert
users, standardize image acquisition and interpretation, and extend the diagnostic reach of
POCUS across diverse clinical environments.

Several studies highlight the particular relevance of Al-assisted POCUS in low- and
middle-income countries and other resource-constrained or austere settings, where limited
access to specialist expertise and diagnostic infrastructure remains a major barrier to timely
care. In such environments, Al-supported ultrasound systems have been proposed as
tools to enhance diagnostic confidence among frontline clinicians and to partially mitigate
disparities in access to imaging-based decision support [46].

From a broader technological perspective, comprehensive reviews have explored the
integration of artificial intelligence across ultrasound modalities, including POCUS, with
empbhasis on algorithm development, validation challenges, and barriers to clinical transla-
tion [47]. These analyses underscore that, while Al systems may demonstrate strong technical
performance under controlled conditions, successful real-world deployment—particularly
in low-resource settings—requires careful consideration of data bias, device heterogeneity,
and regulatory oversight. Complementary engineering-focused studies further emphasize the
importance of application-specific model design over generalized, one-size-fits-all approaches
for ultrasound image analysis [48].
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Practical implementations of Al-enhanced POCUS in integrated clinical scenarios
have also been reported, describing multi-task frameworks capable of supporting image
acquisition, quality assessment, and automated interpretation across multiple POCUS
applications. Such integrated systems may offer greater clinical utility than isolated, single-
task algorithms by aligning more closely with real-world workflow demands [9]. In parallel,
lightweight Al models optimized for deployment on portable ultrasound devices have
been developed, enabling point-of-care use in environments with limited computational
resources [49]. Additional work has demonstrated the feasibility of real-time Al inference
on edge devices, allowing ultrasound analysis without reliance on cloud connectivity [50].

Exploratory and preliminary reports further support these themes by describing
Al-assisted ultrasound workflows for novice users and prototype systems that integrate
Al feedback into procedural and perioperative ultrasound applications [51,52]. Earlier
conceptual work anticipated these developments by proposing artificial intelligence as
a means to standardize POCUS practice and expand its use beyond expert-dependent
models, although empirical validation of such approaches remains limited [53].

More recent conceptual analyses have framed artificial intelligence as part of a broader
evolution of emergency ultrasound, emphasizing that emerging technologies—including
Al, cloud-based platforms, and augmented reality—should be meaningfully integrated into
clinical reasoning processes rather than implemented as isolated technical solutions [1].

Key studies evaluating integrated Al-enhanced POCUS systems and applications
in resource-limited or heterogeneous clinical settings, along with their technological ap-

proaches and clinical relevance, are summarized in Table 5.

Table 5. Integrated and resource-oriented applications of Al-assisted POCUS.

Setting/Focus Appl;Ac Iation AI Approach Key Contribution SaSrinZI; le Va!;;;zon Dataset Origin  References
Low- and -
middle- Al-assisted ML/DL-based Demonstrated feaS} bility . .
. K X . and relevance in Not Narrative/ Multi-centre/ )
income diagnostic image . o 1o [46]
countries POCUS interpretation constrained healthcare specified feasibility heterogeneous
environments
(LMICs)
Cross- Translational Review of
. Al in Identified barriers to Not Narrative .
uﬁ;ﬁzﬂg d ultrasound ari\}i{ilzgc]tathes clinical translation applicable review Multi-centre [47]
imaging
. o Application- Highlighted importance . :
Engineering specific DL Deep learning  of task-specific Al models Not Engineering/ Su}gle /
focused Al for Multi-centre [48]
model architectures for robust POCUS applicable  methodological
POCUS . datasets
design deployment
Inteerated Demonstrated feasibility
POgCUS Multi-task CNN-based of integrated Al support Not Prototype/ Sinele-centre 9]
workflows Al systems pipelines across the POCUS specified feasibility &
workflow
Lightweight L.
Portable Al models Optimized DL (l)ptlmlzed for Not Technical/ . )
. ow-compute e s Single-centre [49]
devices for edge models environments specified feasibility
deployment
. Deep learning—  Demonstrated feasibility
Trauma and II?SESI?SS’}Z?‘ based image of Al-supported hslfr‘:giz}i
acute care trauma interpretation  ultrasound interpretation examina- Internal Single-centre [54]
workflows assessmertt and decision to assist trauma tions
support evaluation and triage
Al-assisted Identified key clinical,
System-wide POCUS Survey-based technical, and Several
emergency adoption evaluation of  organizational barriers to hundred Observational Multi-centre/ [10]
ultrasound and En le- ML-enabled AI-POCUS adoption clinicians survey international
practice mentatIi)on POCUS tools (training, trust, workflow

integration)
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4.5. Education and Training—AI-Enhanced POCUS Learning

Education and training are fundamental to the safe and effective use of point-of-care
ultrasound (POCUS); however, traditional training models depend heavily on prolonged
expert supervision, repeated hands-on practice, and subjective feedback. Achieving basic
POCUS competency often requires a large number of supervised examinations, which can
represent a significant barrier for learners, particularly in high-volume clinical environ-
ments or resource-limited settings [55].

Artificial intelligence has therefore emerged as a potential adjunct to support stan-
dardized instruction, provide objective feedback, and accelerate competency development
across diverse clinical contexts.

Recent technological advances have enabled the development of Al-based systems
capable of assessing image quality, guiding probe positioning, and delivering real-time
corrective feedback during scanning [56].

By allowing trainees to identify and correct suboptimal technique at the bedside, these
tools may reduce reliance on continuous expert supervision and improve the efficiency of
skill acquisition.

Beyond acquisition support, Al-enhanced training approaches have demonstrated
benefits in learning complex ultrasound views, particularly in cardiac POCUS. Real-time Al
guidance has been associated with improved performance among novice users compared
with conventional instruction alone, suggesting that automated feedback may accelerate
proficiency in technically demanding applications [1].

Emerging evidence further supports the integration of Al into broader POCUS educa-
tional frameworks. Al-enabled handheld devices, simulation platforms, and structured
training pathways that combine automated feedback with performance analytics offer
scalable solutions to augment traditional teaching models, especially in settings with
limited faculty availability [48]. Such approaches may facilitate individualized learning
trajectories and enable longitudinal assessment of learner progression beyond isolated
training sessions.

Importantly, the role of Al in POCUS education extends beyond image acquisition
to interpretation skills. Al-assisted tools have shown potential to support novice users in
identifying and classifying pathological findings during training, promoting the concurrent
development of interpretative accuracy and technical competence [14].

Despite these opportunities, important limitations remain. The long-term effects of Al-
based educational tools on skill retention, independent performance without Al assistance,
and downstream clinical outcomes have yet to be fully established, underscoring the need
for prospective and outcome-focused educational research [55].

Beyond instructional support, several recent studies highlight the potential of Al-
based systems to provide objective and standardized assessment of POCUS competency.
Machine learning—driven analysis of image quality, probe handling, and interpretative
accuracy has been proposed as a means to reduce subjectivity in trainee evaluation and
to support competency-based progression and credentialing. Such approaches may be
particularly valuable in large training programs and resource-limited settings, where access
to expert assessors is constrained and consistent benchmarking of performance remains
challenging [57-60].

Figure 1 schematic overview of the integration of artificial intelligence into point-of-
care ultrasound (POCUS) workflows in emergency care. Al provides support for image
acquisition, quality assessment, and interpretation, while final clinical decisions remain
clinician-driven.
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Figure 1. Al-enhanced POCUS workflow in emergency care.

5. Limitations

Several limitations should be considered when interpreting the current evidence on
Al-enhanced point-of-care ultrasound. Reproducibility remains a major concern, as many
studies rely on retrospective designs, single-centre datasets, and predominantly internal
validation, limiting generalizability to real-world emergency settings [61-63]. In addition,
substantial heterogeneity in ultrasound devices, probes, software platforms, and acquisition
protocols may significantly affect algorithm robustness and cross-device transferability [64].

The availability of large, diverse, and representative POCUS-specific datasets also
remains limited, particularly in emergency, prehospital, and resource-limited environments,
constraining robust external validation and increasing the risk of algorithmic bias [65].

Several authors caution that excessive reliance on automated image interpretation in
the absence of appropriate clinician oversight may raise patient safety and medico-legal
concerns. This underscores the need to frame Al-enhanced POCUS as a decision-support
adjunct that complements, rather than substitutes for, clinician judgment [64,66].

A further limitation relates to the early developmental stage of much of the current
AI-POCUS literature. A substantial proportion of published studies represent proof-
of-concept or feasibility investigations conducted on curated datasets under controlled
conditions. While these studies demonstrate technical potential, their findings should not be
overinterpreted as indicators of clinical readiness or real-world effectiveness, particularly in
heterogeneous emergency care environments. Moreover, although most AI-POCUS studies
report performance metrics such as AUC, sensitivity, and accuracy, these measures alone do
not adequately capture clinical utility [67]. The true impact of Al-assisted POCUS depends
on whether algorithm outputs meaningfully support clinical decision-making or alter
patient management. False-negative results may delay time-critical interventions, whereas
false-positive findings may lead to unnecessary diagnostic procedures. To date, evidence
that Al-enhanced POCUS consistently improves patient management or outcomes remains
limited, as most studies prioritize technical validation over downstream clinical impact.
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Al performance is also strongly influenced by acquisition conditions, including image
quality, patient positioning, obesity-related acoustic limitations, and altered lung or cardiac
mechanics during mechanical ventilation [2,20]. Because many models are trained and
validated using data acquired under favorable conditions, their generalizability to real-
world emergency settings may be limited.

Finally, ultrasound device heterogeneity represents an important methodological con-
straint. Most AI-POCUS systems are developed and validated on single-vendor platforms
or rely on vendor-specific, closed algorithms [55]. Given that emergency departments
routinely employ devices from multiple manufacturers with differing hardware character-
istics and image processing pipelines, performance estimates derived from single-vendor
data may not translate reliably across platforms. Evidence regarding cross-vendor ro-
bustness remains sparse, underscoring the need for vendor-agnostic model development,
standardized data formats, and prospective multicentre validation.

6. Conclusions

Artificial intelligence is increasingly influencing the evolution of point-of-care ultra-
sound in emergency medicine by addressing challenges related to operator dependency,
interpretive variability, and time-critical decision-making. The evidence summarized in this
review indicates that Al-enhanced POCUS can support multiple stages of the ultrasound
workflow, including image acquisition, quality assessment, automated quantification, and
interpretation, across both traumatic and non-traumatic emergency settings.

In trauma care, Al-assisted POCUS shows promise for automated detection of pneumoth-
orax, hemothorax, and free intraperitoneal fluid, with potential to standardize eFAST exami-
nations and support rapid triage. In non-traumatic emergencies, cardiovascular, pulmonary,
and abdominal applications suggest that Al can provide quantitative and pattern-recognition
support—such as ejection fraction estimation and lung ultrasound analysis—particularly
when image quality is adequate and clinical use cases are well defined.

Integrated AI-POCUS systems, applications in resource-limited settings, and Al-
supported educational tools further highlight the potential of artificial intelligence to
expand access to ultrasound, assist non-expert users, and reduce variability in training and
skill acquisition.

Nevertheless, much of the current evidence remains early-stage, and reported per-
formance metrics do not consistently translate into demonstrated clinical impact. Model
reliability is strongly influenced by acquisition conditions, dataset characteristics, and
device heterogeneity, while limited cross-vendor validation constrains generalizability.
These findings reinforce the role of Al-enhanced POCUS as a decision-support technology
that augments, rather than replaces, clinician judgment.

Overall, Al-enhanced POCUS is progressing toward early clinical integration, but its
safe and effective adoption will require prospective multicentre validation, larger and more
representative datasets, vendor-agnostic model development, and alignment with clinical,
ethical, and regulatory frameworks.
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