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Abstract: Introduction: Artificial intelligence (AI)/ machine learning (ML) as a second reader for focused point-of-
care ultrasound (POCUS) may address two key emergency department (ED) challenges: operator variability 
and workflow delays. This review maps the existing literature on the application of AI/ML as a second reader 
for POCUS in the ED. Methods: We included studies on AI/ML for POCUS interpretation, acquisition guid-
ance, or quality assessment in the ED/urgent care settings, with AI as a second reader supporting clinical 
decisions. We excluded fully autonomous AI, non-emergency settings, healthy volunteers, phantom data, and 
non-English publications. Two reviewers independently screened records from five databases (Pub-
Med/MEDLINE, Scopus, Embase, Web of Science, IEEE Xplore; 2020– August 17 2026), extracting data on 
study characteristics, POCUS application, AI role, performance metrics, technology readiness level (TRL), 
and clinical implementation status. Results: Of 1,884 records identified, 44 studies met inclusion criteria. 
Lung ultrasound was the most frequent application (38.6%). AI’s primary role was as an interpretation as-
sistant (77.3%). Models demonstrated high diagnostic performance (e.g., sensitivities ≥95% for hemoperi-
toneum and DVT detection), with one study achieving 100% sensitivity and specificity for pneumothorax 
detection, significantly outperforming 11 expert clinicians. However, most studies were at a preclinical val-
idation stage (TRL: 4–5; 56.8%), with only 18 studies (40.9%) testing prototypes in live clinical workflows. 
Major limitations identified were small, single-center datasets, reliance on expert-acquired images, and lack 
of investigation into critical real-world challenges like domain shift and automation bias. Conclusions: AI 
for POCUS in the ED shows strong diagnostic performance in controlled research settings but remains dis-
tant from robust clinical integration. The field is characterized by a predominance of early-stage validation 
studies. Future research must prioritize multi-center, multi-device external validation, inclusion of novice-
generated data, prospective workflow integration, and explicit safety evaluations to translate technical 
promise into reliable clinical impact. 
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1. Introduction 

Rapid, accurate diagnosis in the Emergency Department (ED) 
directly affects patient outcomes in a high-acuity, time-pres-
sured environment. Increasing patient volumes and crowding 
continue to strain clinical resources, creating a pressing need 
for tools that accelerate diagnostic workflows without com-
promising accuracy (1, 2). In this context, focused Point-of-
Care Ultrasound (POCUS) has become an indispensable exten-
sion of the physical exam. Protocols like E-FAST (Extended Fo-
cused Assessment with Sonography for Trauma), and focused 
cardiac, lung, and vascular ultrasounds, allow clinicians to rap-
idly answer binary, life-threatening questions at the bedside: 
Is there free fluid? Is cardiac activity present? Are there signs 
of pneumothorax or pulmonary edema? And etc. (3, 4). 

However, the widespread adoption and consistent utility of 
POCUS face significant barriers. Proficiency requires substan-
tial training and practice to achieve both technical skill in im-
age acquisition and cognitive skill in interpretation (5). This 
variability poses a particular challenge in busy emergency de-
partments (EDs) where clinicians of varying expertise must 
make swift decisions, potentially leading to diagnostic errors 

or the underutilization of this powerful tool (6). Furthermore, 
even for experts, the integration of POCUS into a chaotic triage 
workflow can be time-consuming, potentially offsetting its 
speed benefits (5). 

Deep learning (DL) has shown expert-level accuracy in detect-
ing and quantifying pathologies in medical imaging (7, 8). This 
capability may address POCUS challenges in emergency care. 
Artificial intelligence (AI) is not meant to replace clinicians but 
to serve as an intelligent "second reader". This role can mani-
fest in three primary ways: (1) Automated Interpretation, 
providing real-time detection and highlighting of pathological 
findings (e.g., pneumothorax, B-lines) (9); (2) Acquisition 
Guidance, offering real-time feedback to guide a user, espe-
cially a novice, in obtaining a diagnostic view (10); and (3) Im-
age Quality Assessment, automatically determining if a clip is 
interpretable, thereby enabling efficient workflow or remote 
expert review (11). 

Despite a surge in technical research, the integration of AI for 
POCUS in the specific context of ED remains an evolving and 
fragmented field. Existing literature spans multiple disciplines, 
with studies varying widely in clinical focus, stage of valida-
tion, and proposed integration into clinical workflow. While re-
cent reviews discuss the promise of AI in ultrasound broadly 
(12), there is a lack of a systematic mapping of the evidence 
specifically focused on the triage and immediate assessment 
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phase in emergency care, where decision-making is most time-
critical and the need for decision support is most acute. 

This scoping review aimed to systematically map the existing 
literature on the application of AI/ML as a second reader for 
POCUS during the triage and immediate assessment phase in 
the ED. By clarifying the current landscape, active research 
frontiers, and persistent gaps, this review aims to inform fu-
ture research priorities and guide the development of clinically 
impactful solutions for emergency care. 

2. Methods 

2.1. Study design and setting 

We conducted and reported this scoping review following the 
PRISMA extension for scoping reviews (PRISMA-ScR) (13). We 
prepared a protocol a priori describing objectives, eligibility 
criteria, and methods. Studies were selected using a Popula-
tion-Concept-Context (PCC) framework. Detailed PCC and 
main search string are provided in Table 1. 

2.2. Research Questions 

1. What are the key clinical applications of AI/ML as a second 
reader for POCUS in ED triage? 

2. What are the primary roles of AI (interpretation assistance, 
acquisition guidance, quality assessment) in this context? 

3. What is the current Technology Readiness Level (TRL) of 
these AI systems, and what evidence exists for their clinical im-
plementation? 

4. What are the major evidence gaps and limitations that pre-
vent translation of AI POCUS tools from research settings to 
routine clinical practice? 

2.3. Information Sources and Search Strategy 

We searched five databases: PubMed/MEDLINE, Scopus, Em-
base, Web of Science, and IEEE Xplore from January 1, 2020 to 
August 17, 2026. Reference lists of included articles and se-
lected reviews were hand-searched. The core search string 
combined terms for AI & machine learning (ML) and POCUS 
and ED & Triage (Table 1). Full, database-specific search 
strings are provided in Supplementary S1. The search period 
was chosen to capture recent AI advances, as deep learning ap-
plications in POCUS have proliferated since 2020. 

2.4. Eligibility Criteria 

Studies were selected based on the following eligibility crite-
ria, organized using the Population-Concept-Context (PCC) 
framework: 

Population: Studies conducted on human patients in an emer-
gency or urgent care setting or using datasets derived from 
these settings. 

Concept/Intervention: The AI model must analyze raw or pro-
cessed POCUS images or video clips as a second reader sup-
porting human clinical decision-making. Outcomes must 
include diagnostic accuracy, image quality assessment, impact 
on clinical decision-making/triage, or workflow efficiency. 

Context: ED or similar urgent care setting where immediate 
clinical decisions are made. 

We excluded studies where AI was fully autonomous without 
human-in-the-loop; AI used for non-emergency comprehen-
sive ultrasounds; AI used for guiding procedures (e.g., vascular 

access); image compression/archival without diagnostic in-
tent; case reports, editorials, letters, conference abstracts, nar-
rative reviews, protocols; non-English publications; studies 
published before 2020 unless seminal foundational works. Full 
details of inclusion/exclusion criteria are provided in supple-
mentary S2. 

2.5. Selection of sources of evidence 

Records were imported into EndNote and screened. After re-
moving the duplicate records, two reviewers independently 
screened titles/abstracts and full texts, resolving disagree-
ments through discussion or a third reviewer. Details for each 
step are reported in the PRISMA-ScR (13) flow diagram (Fig-
ure 1). 

2.6. Data charting process 

Data were extracted independently by two reviewers using a 
standardized data extraction form that was pilot tested on five 
studies and refined through team discussion. Data charting 
was performed independently, with disagreements resolved 
by consensus or consultation with a third reviewer. The fol-
lowing variables were sought: 

- Study characteristics: author, year, country, study design 
(prospective, retrospective, mixed/feasibility) 

- Population characteristics: sample size (patients and/or 
clips), patient demographics, clinical setting 

- POCUS application: organ/system (lung, cardiac, vascular, 
FAST/trauma, musculoskeletal, inferior vena cava 
(IVC)/carotid) 

- AI/ML methodology: algorithm type, training approach, in-
put data format, model architecture 

- AI role: interpretation assistant, acquisition guide, quality as-
sessor 

- Performance metrics: sensitivity, specificity, area under the 
curve (AUC), accuracy, F1-score, kappa agreement, with 95% 
confidence intervals where available 

- Technology readiness level (TRL): assessed using stand-
ardized criteria (1-9 scale) adapted from NASA guidelines (14) 

- Clinical implementation: whether tested in live clinical 
workflow (Yes/No), implementation setting 

- Validation approach: internal vs. external validation, cross-
validation methods 

- Limitations: sample size constraints, single-center bias, op-
erator dependence, domain shift issues 

2.7. Synthesis of results 

As this is a scoping review, we did not perform quantitative 
meta-analysis or statistical pooling of results. Instead, findings 
were synthesized narratively using thematic synthesis, group-
ing studies by POCUS application domain, AI role, and TRL. 
When multiple studies addressed similar clinical tasks, we re-
ported ranges of performance metrics to illustrate variability 
rather than calculating pooled estimates. Consistency across 
studies was assessed qualitatively, noting whether findings 
were generally consistent, whether contradictory results ex-
isted, and potential reasons for inconsistency. 
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2.8. Quality and risk of bias assessment 

We assessed the methodological quality of included studies us-
ing criteria adapted for scoping reviews: study design (pro-
spective/retrospective/feasibility), sample size adequacy, 
validation approach (internal vs. external), performance re-
porting completeness (presence of 95% confidence intervals), 
and data source representativeness. Formal risk-of-bias tools 
(e.g., QUADAS-2, PROBAST) were not used as these are de-
signed for diagnostic accuracy systematic reviews and are not 
appropriate for scoping reviews. We critically appraised each 
study to contextualize findings and identify potential biases af-
fecting the cumulative evidence, including publication bias, se-
lective reporting, and incomplete outcome reporting. A 
summary of methodological limitations is provided in the Re-
sults section, and their implications are discussed in the Dis-
cussion section. 

3. Results 

3.1. Characteristics of included studies 

The database search yielded 1,884 records. After duplicate re-
moval, 1,353 studies underwent title and abstract screening. 
136 studies proceeded to full-text selection, of which 75 were 
excluded. In total, 44 studies met all inclusion criteria and were 
incorporated into the final synthesis (Figure 1). 

Nearly half of the included studies were conducted prospec-
tively (21, 47.7%), 16 studies (36.4%) were retrospective, and 
the remaining 7 studies (15.9%) used mixed or alternative de-
signs such as feasibility assessments, secondary analysis of ex-
isting clinical trial data, and retrospective analysis of 
prospectively gathered datasets. 

A detailed summary of study characteristics, POCUS applica-
tions, AI roles, performance metrics, clinical implementation, 
and Technology Readiness Level for all 44 included studies is 
provided in Table 2. 

Across the included studies, lung ultrasound was the most fre-
quently examined POCUS application (17, 38.6%), followed by 
cardiac imaging (9, 20.5%) and vascular assessments such as 
DVT evaluation (7, 15.9%). FAST/trauma imaging was exam-
ined in 5 studies (11.4%), while musculoskeletal applications 
were present in 4 studies (9.1%). Novel applications including 
diaphragm ultrasound for weaning prediction and airway ul-
trasound for cricothyrotomy landmark localization accounted 
for 2 studies (4.5%). 

Regarding AI function across POCUS workflows, most studies 
investigated AI for interpretation support (34, 77.3%). Eight 
studies (18.2%) evaluated it for acquisition assistance, partic-
ularly for supporting less experienced operators during vascu-
lar ultrasound. Only 2 studies (4.5%) examined AI for quality 
assessment, such as automated scoring or image triage sys-
tems. 

Fifteen studies (34.1%) deployed AI tools within active clinical 
workflows, including ED pathways, bedside systems, and mul-
ticenter DVT triage programs. Twenty-three studies (52.3%) 
did not include clinical implementation, and 6 studies (13.6%) 
were limited to early feasibility or proof-of-concept testing. 

Regarding technology readiness, 25 studies (56.8%) were clas-
sified at TRL 4–5, corresponding to preclinical validation. 
Eighteen studies (40.9%) achieved TRL 6, demonstrating pro-

totype testing in live clinical settings, and 1 study (2.3%) re-
mained at TRL 1–3, indicating early-stage algorithm develop-
ment. 

3.2. Diagnostic performance of AI across POCUS do-
mains 

Summary of the diagnostic performance of AI by POCUS do-
main is provided in table 3. 

- FAST and trauma 

AI systems showed high diagnostic accuracy across trauma ap-
plications. Models identified hemoperitoneum with 95% sen-
sitivity (95% CI: 89–98%), 94% specificity (95% CI: 87–98%), 
and an AUC of 0.97 (95% CI: 0.94–0.99) (15). Automated de-
tection of pericardial effusion reached 89% sensitivity (95% 
CI: 82–95%), 92% specificity (95% CI: 84–97%), and an AUC 
of 0.94 (95% CI: 0.90–0.97) (16). Pediatric FAST view classifi-
cation achieved 97.8% Accuracy = 97.8% (95% CI: 96.0–
99.0%). using video clips (17). An AI triage algorithm reduced 
expert review workload by 80% (18). 

- Lung ultrasound 

Across lung POCUS tasks such as B-lines, pleural effusion, lung 
sliding, pulmonary edema, and COVID-19 classification, AI per-
formance was consistently high. Automated B-line detection 
demonstrated 95.6% sensitivity (95% CI: 92.8–98.5%) and 
77.2% specificity (95% CI: 74.1–80.6%) (19). Pleural effusion 
detection reached sensitivities of 0.90–0.97 (95% CI range: 
0.85–0.99) and specificities of 0.90–0.98 (95% CI range: 0.84–
0.99) (20). Lung sliding assessment reached AUCs ranging 
from AUC 0.885 (95% CI: 0.828–0.956) and sensitivitiy of 
0.921 and specificity: 0.802 (21) to 0.973 (95% CI: 0.955–
0.991) (22). For pulmonary edema scoring, AI achieved similar 
sensitivity to physicians (95.6% vs 96.7%) but with lower 
specificity (23). COVID-19 classification models using X3D ar-
chitectures produced F1 scores above 89% (24). Congestion 
scoring models correlated strongly with expert ratings (r = 
0.894–0.882) (25). A transfer learning-based B-line assess-
ment model achieved an AUC of 0.967 with 96.3% sensitivity 
and 92.4% specificity (64) 

A landmark study by Orosz et al demonstrated that an AI en-
semble achieved 100% sensitivity (95% CI: 85.8–100%) and 
100% specificity (95% CI: 85.8–100%) for pneumothorax de-
tection, significantly outperforming a panel of 11 expert clini-
cians in specificity (81.0% for B-mode, 73.5% for M-mode; p = 
0.02466) (26). For pleural effusion severity, a hierarchical con-
volutional neural network (CNN)-geometric framework 
achieved 99.3% accuracy for normal vs abnormal classification 
and 97.0% accuracy for severity grading (27). A Hough-based 
structure-aware approach for B-line detection achieved F-
measures of 0.837 on private and 0.808 on public datasets, out-
performing YOLO and segmentation-based methods (28). For 
pneumothorax detection in post-chest tube patients, a CNN-
based classifier demonstrated a high negative predictive value 
of 0.96, supporting rule-out capability (29) 

- Cardiac ultrasound 

AI systems achieved a sensitivity of 85.7% (95% CI: 57.2–98.2) 
and a specificity of 94.8% (95% CI: 90.6–97.5) for systolic dys-
function, and a sensitivity of 91.9% (95% CI: 85.6–96.0) and a 
specificity of 94.2% (95% CI: 87.0–98.1) for diastolic dysfunc-
tion (30). Other models attained AUROC values of 0.92 (95% 
CI: 0.88–0.96) for abnormal cardiac function(31), and For AI-
guided detection of cardiomyopathies on POCUS, the model 
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achieved an AUROC of 0.903 (95% CI: 0.795–0.981) for HCM in 
high-confidence apical-4-chamber acquisitions in YNHHS, and 
an AUROC of 0.972 (95% CI: 0.959–0.983) for ATTR-CM in 
high-confidence parasternal short-axis acquisitions in MSHS 
(33). 

A multi-task deep learning model (PanEcho) for echocardiog-
raphy interpretation, trained on >1 million echocardiographic 
videos from 32,265 transthoracic echocardiographic studies 
(24,405 patients), achieved a median AUC of 0.91 across 18 di-
agnostic classification tasks and estimated LVEF with a mean 
absolute error of 4.2–4.5%(66). For pericardial effusion detec-
tion, UNet++ achieved 96% sensitivity, 97% specificity, 98% 
AUC, and 81% IoU (34). Automated LVEF measurement using 
a multi-frame temporal aggregation approach achieved a mean 
absolute error of 3.28%, comparable to inter-observer varia-
bility (35). A reinforcement learning-based view selection 
model matched full-study performance using 32% fewer vid-
eos for heart failure detection (67). For IVC collapse assess-
ment, a deep learning algorithm demonstrated substantial 
agreement with experts (κ = 0.66–0.78) (36). A fusion model 
combining heart and IVC views achieved 84.2% accuracy (AUC 
0.86) for classifying diuretic need (37). In a stress test of AI 
generalizability, models trained on formal echocardiography 
underperformed on POCUS images, with an AUC of 0.74 for 
heart failure diagnosis (38). 

- Vascular ultrasound 

Across vascular assessments, novice operators guided by AI 
generated DVT scans with sensitivities of 95-100% (95% CI 
range: 89-100%) and specificities of 74-100% (95% CI range: 
62-100%) (39-42). Eighty to ninety-one percent of examina-
tions performed by novice operators obtained adequate image 
quality(40-42). Triage pathways supported by AI reduced the 
need for formal duplex ultrasound by 29-53% (39, 40). Carotid 
compressibility assessment reached 0.96 accuracy (95% CI: 
0.88-0.99) and an F1 score of 0.97 (43). 

AI-based carotid artery compressibility assessment demon-
strated strong inverse correlation with systolic blood pressure 
(r = −0.697) and achieved AUCs of 0.90 for SBP <60 mmHg and 
0.91 for MBP <40 mmHg, enabling noninvasive blood pressure 
estimation in critically ill patients (68). A domain-shift analysis 
highlighted substantial performance reduction when models 
were applied to new ultrasound systems, with kappa values 
falling below chance levels (−0.09 to 0.39), while human ex-
perts remained highly reliable (44). 

- Musculoskeletal ultrasound 

Musculoskeletal applications reported strong performance. 
Systems achieved accuracies of 0.889 (95% CI: 0.815–0.947) 
for wrist and 0.750 (95% CI: 0.652–0.838) for elbow fracture 
detection (45). Pediatric wrist fracture models obtained 100% 
sensitivity (95% CI: 88.7–100%) and approximately 0.90 spec-
ificity (95% CI: 0.82–0.96) with inference times under 2 sec-
onds per sweep (46)A deep learning beamforming framework 
with bone-enhancement attention (BEAM-Net) improved con-
trast ratio by approximately 51% compared with single-plane-
wave delay-and-sum beamforming, alongside improvements 
in SNR, SSI, SSIM, and EPI (47). 

3.3. Novel and emerging POCUS applications 

Two studies explored novel POCUS applications beyond tradi-
tional domains. Song et al. developed a multimodal AI model 
integrating diaphragm ultrasound video analysis with clinical 
indicators to predict mechanical ventilation weaning success, 

achieving an AUC of 0.894, outperforming clinical indicators 
alone (AUC 0.746) (48). Wu et al. deployed YOLOv8n and 
YOLOv10n on an iPad Air achieving 13.83–14.13 FPS for real-
time cricothyrotomy landmark localization in 608 patients, 
demonstrating the feasibility of edge AI for procedural guid-
ance (49). 

3.4. Real-time performance and feasibility 

Several AI tools demonstrated real-time capability. FAST and 
pericardial effusion models processed frames in about 57 ms, 
and musculoskeletal fracture systems operated in under 2 sec-
onds per sweep (46). Multiple studies deployed models di-
rectly on bedside hardware such as Raspberry Pi (31), 
WaveBase (21), or integrated ultrasound platforms. 

Beyond diagnostic accuracy, AI demonstrated comparable or 
superior performance to human operators in several studies. 
Goldsmith et al. found that experts had significantly better 
agreement with AI than with bedside operators (p < 0.005) 
(25), while Wang et al. showed AI performed comparably to a 
junior sonographer (accuracy 0.872) (50). 

3.5. Observed methodological limitations of included 
studies 

Most frequently reported limitations included small sample 
size, restricted numbers of positive findings, single-center co-
horts, and reliance on specific ultrasound vendors, all of which 
reduce generalizability. Many investigations analyzed stored 
clips instead of real-time acquisition. Technical shortcomings 
included difficulty handling challenging views, inaccuracies in 
B-line quantification, segmentation failures in certain regions, 
and susceptibility to image artifacts. Reference standards were 
often imperfect, relying on visually estimated measurements. 
A domain-shift analysis highlighted substantial performance 
reduction when models were applied to new ultrasound sys-
tems, with kappa values falling below chance levels, while hu-
man experts remained highly reliable (44). 

4. Discussion 

AI applications for POCUS show strong diagnostic performance 
across multiple indications. However, closer evaluation of the 
44 studies reveals that most models were developed and 
tested under controlled conditions using expert-acquired im-
ages. Evidence of real-time clinical use remains limited. These 
findings suggest accuracy metrics may overestimate real-
world performance. Several challenges remain before bedside 
implementation becomes practical. Notably, a landmark study 
demonstrated AI significantly outperforming a panel of 11 ex-
pert clinicians in pneumothorax detection (26), suggesting 
that human-level performance is achievable for narrowly de-
fined tasks. 

Across multiple POCUS domains, AI models frequently re-
ported AUCs above 0.90, with particularly strong results for 
hemoperitoneum, pericardial effusion, pleural effusion, lung 
sliding, B-lines, cardiomyopathy, and pediatric fractures. Yet 
nearly all these results were generated from controlled set-
tings using curated datasets, carefully selected ultrasound 
clips, stable imaging environments, and scans performed by 
expert operators. These conditions differ substantially from 
everyday POCUS practice. In bedside practice, image qualities 
vary widely due to patient factors, operator experience, and 
device heterogeneity. Prior work in other ultrasound fields 
also demonstrates how vulnerable AI is to domain shift, where 
performance weakens when models are exposed to unfamiliar 
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machines or imaging styles (51, 52). This pattern was clearly 
illustrated in the Blaivas (44) study within our dataset, where 
validated models performed with near-random accuracies 
when applied to other ultrasound devices. These observations 
suggest that current POCUS AI systems remain highly sensitive 
and dependent on the device, operator, and context, which 
raises concern about their reliability in everyday practice. 

One of the most striking findings of the review is that most AI 
POCUS studies relied heavily on images acquired by experts or 
sonographers trained in fellowships. In routine practice, how-
ever, POCUS is often performed by generalists, emergency cli-
nicians, rural practitioners, and novices, who frequently face 
challenges in maintaining ultrasound proficiency. Indirect evi-
dence from a systematic review of portable ultrasound in rural 
and remote settings highlights operator-related variability and 
limitations of portable devices, but does not directly evaluate 

AI model performance.  Similar variability has been reported 

in other POCUS contexts (53, 54). Despite this, many of the 
models with higher performance in our study were never eval-
uated using images generated by novice operators. Even the 
studies that tested AI-assisted acquisitions involved only lim-
ited pathology and small patient cohorts. This gap between the 
operators who generate training data and the clinicians who 
will ultimately rely on AI support represents a significant chal-
lenge to external validity. When training data largely come 
from expert-level scans, performance is unlikely to generalize 
well to heterogeneous images with lower quality in real clinical 
practice. 

Live clinical implementation of AI tools in clinical POCUS prac-
tice remains uncommon among studies that we included. Only 
15 of the 44 studies incorporated AI into active workflows, and 
these implementations were generally limited to narrow tasks 
such as DVT triage or small pilot evaluations. Most systems an-
alyzed previously saved clips rather than offering actionable 
feedback during scanning. This pattern is consistent with 
broader evidence that suggests AI rarely progresses beyond 
retrospective validation. In the ICU literature, for example, 
74% of AI studies remained at TRL≤4, and only 2% reached 
TRL≥6, with none achieving full clinical deployment (55). Sim-
ilarly, our review confirms that despite strong diagnostic re-
sults, POCUS AI has yet to achieve meaningful clinical adoption, 
and immediate bedside integration is uncommon. 

Most of the studies included in this review were small, single-
center, and built on relatively uniform datasets. Positive cases 
were especially limited in trauma and vascular applications. 
While direct evidence on these limitations in POCUS AI re-
mains limited, indirect evidence from other medical AI do-
mains suggests that similar challenges may apply. For example, 
in dermatopathology, models trained on narrow or unrepre-
sentative datasets have been shown to perform poorly on di-
verse populations with different skin tones (56). Likewise, 
prostate cancer digital twin models may fail to generalize 
across racial or socioeconomic groups because of biased train-
ing data (57). These examples from other domains are not di-
rect evidence of POCUS AI performance, but they highlight 
general risks of dataset bias and limited generalizability that 
are likely relevant. POCUS AI may face analogous vulnerabili-
ties because image appearance varies with patient body habi-
tus, probe choice, operator skill, device manufacturer, and 
scanning protocols. When datasets are small and homogenous, 
these sources of variation are poorly represented, leading to 
biased models and inflated accuracy estimates. 

A large proportion of models we reviewed were developed for 
narrow objectives, such as detecting absent lung sliding or seg-
menting wrist fractures. In contrast, real POCUS examinations 
are dynamic, with multiple views, and deeply dependent on 
clinical context. Single-task algorithms cannot replicate these 
conditions. Several studies also revealed important limitations 
such as inaccurate B-line counts, challenges with apical lung 
imaging, weakened performance with low-quality images, re-
liance on specific orientations, and sensitivity to artifacts. This 
resembles known challenges in medical AI, where the need for 
improved transparency in complex models remains a critical 
gap, particularly for AI-driven systems in cancer care (57). This 
instability poses a meaningful safety concern when applied in 
emergency care, where rapid and reliable interpretation is es-
sential. 

None of the studies in this review evaluated the safety implica-
tions of false positive or false negative outputs from AI sys-
tems. This is concerning, because prior research shows that 
clinicians can become overly dependent on automated recom-
mendations, even when those tools are incorrect. A systematic 
review found that clinical decision support tools can trigger 
automation bias, causing users to abandon correct judgments 
in favor of incorrect recommendations (58). Further work has 
shown that automation bias can occur even in simple decision 
tasks that require complex verification (59), and that poor 
alignment between trust and confidence plays a major role in 
this regard (60). Considering that POCUS informs urgent deci-
sions such as ruling out pneumothorax, the absence of any 
analysis on automation bias is a substantial gap in the current 
evidence base. 

4.1. Limitations 

This review has several limitations that should be considered 
when interpreting our findings. First, despite comprehensive 
searching of five major databases, we may have missed rele-
vant studies due to our exclusion of grey literature (conference 
abstracts, dissertations, technical reports), restriction to Eng-
lish-language publications, and exclusion of pre-2020 studies. 
While the 2020 cutoff was justified by the rapid recent ad-
vances in AI, it may have excluded important foundational 
work. 

Second, the field has a strong publication bias toward positive 
results. Studies reporting negative or null findings are less 
likely to be published, which may inflate the apparent success 
of AI applications in POCUS. This was evident in our analysis, 
where nearly all studies reported high diagnostic perfor-
mance, creating potential for overestimation of real-world ef-
fectiveness. 

Third, the heterogeneity in outcome reporting across studies 
(different performance metrics, variable reference standards, 
diverse POCUS applications) made it challenging to compare 
results directly. This heterogeneity is inherent to the field and 
justifies our scoping review approach rather than meta-analy-
sis. 

Fourth, the lack of standardized terminology for AI roles (e.g., 
"decision support," "interpretation assistant," "second reader" 
are used interchangeably) may have resulted in some misclas-
sification of studies, despite our best efforts to apply consistent 
criteria. 

Fifth, our search ended on August 17, 2026, and new studies 
published since may provide additional evidence not captured 
in this review. 
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sixth, we did not conduct formal risk-of-bias assessments us-
ing established tools (e.g., Quality Assessment of Diagnostic Ac-
curacy Studies (QUADAS)-2, the Prediction model Risk Of Bias 
ASsessment Tool (PROBAST)) as these are designed for diag-
nostic accuracy systematic reviews and are not fully appropri-
ate for scoping reviews. 

Finally, some of the limitations discussed in this review are 
drawn from indirect evidence in other medical AI domains, as 
direct POCUS-specific data on issues such as dataset bias, do-
main shift, and automation bias remain sparse." 

4.2. Future directions 

Although performance metrics are impressive, the overall evi-
dence points to a considerable distance between current AI 
POCUS capability and true clinical readiness. Future research 
should prioritize multicenter and multi-device validation to 
address vulnerabilities with domain shift. Larger, more diverse 
datasets are also essential to reduce bias and improve general-
izability. Since many AI POCUS tools are intended for less ex-
perienced operators, studies should include scans acquired by 
novice operators, and live evaluations at bedside rather than 
retrospective analysis. Finally, integrating safety testing and 
automation bias assessment is critical before widespread de-
ployment. 

5. Conclusions 

This review demonstrates that AI POCUS achieves high diag-
nostic performance across multiple applications but remains 
limited by small datasets, operator dependence, and poor gen-
eralizability. These findings resonate with broader challenges 
in medical AI, where most systems stall before clinical integra-
tion. Strengthening dataset diversity, external validation, and 
safety evaluation is necessary for AI POCUS to deliver reliable, 
practical clinical value. 
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Table 1: Population-Concept-Context (PCC) framework and main search strategy 
Search 
Block 

PCC Compo-
nent 

Specific Terms & MeSH Rationale for Inclusion 

Artificial In-
telligence & 
Machine 
Learning 

Concept 

MeSH Terms: "Artificial Intelligence"[Mesh], "Deep Learn-
ing"[Mesh], "Neural Networks, Computer"[Mesh], "Machine 
Learning"[Mesh] Keywords: "convolutional neural net-
work"[tiab], "CNN"[tiab], "deep learning"[tiab], "neural 
network"[tiab], "computer vision"[tiab], "AI"[tiab] 

Captures the core technological interven-
tion. Using both broad MeSH terms and spe-
cific technical keywords ensures 
comprehensive coverage of the relevant AI 
methods. 

Point-of-
Care Ultra-
sound 
(POCUS) 

Population & 
Concept 

MeSH Terms: "Ultrasonography"[Mesh], "Point-of-Care 
Systems"[Mesh], "Echocardiography"[Mesh] Key-
words: "POCUS"[tiab], "point-of-care ultrasound"[tiab], 
"bedside ultrasound"[tiab], "focused ultrasound"[tiab], "E-
FAST"[tiab], "FAST exam"[tiab], "Focused Assessment with 
Sonography for Trauma"[tiab], "lung ultrasound"[tiab] 

Defines the medical domain and the specific 
type of examination. Keywords include ac-
ronyms and common phrases to capture all 
relevant POCUS literature. 

Emergency 
Department 
& Triage 

Context 

MeSH Terms: "Emergency Service, Hospital"[Mesh], "Tri-
age"[Mesh] Keywords: "emergency department"[tiab], 
"ED"[tiab], "triage"[tiab], "emergency room"[tiab], 
"ER"[tiab], "resuscitation"[tiab] 

Specifies the high-acuity, time-pressured 
clinical setting. This filter ensures results 
are relevant to the immediate assessment 
and triage phase. 

The table outlines the search blocks, corresponding PCC components, specific Medical Subject Headings (MeSH) and keywords used, and the 
rationale for their inclusion in the scoping review. 
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Table 2: Summary of included studies investigating AI/ML as a second reader for focused POCUS in emergency department triage. The table presents the study reference, POCUS application, primary AI 
role, sample size, key AI performance metrics, whether clinical implementation was tested, and the assessed Technology Readiness Level (TRL) 

Study (Author, Year) POCUS Application AI's Primary Role Sample Size (Patients / 
Clips) Key AI Performance Metrics Clinical 

Implementation?  TRL 

FAST and Trauma       

Cull & Morrow, 2025 (18) FAST Quality Assessor 1,514 clips Reduced expert review need by 80% No (Under develop-
ment) 6 

Leo et al., 2023 (15) FAST Interpretation Assistant 94 patients Sens: 95%, Spec 94%, AUC: 0.97 No 4-5 
Kornblith et al., 2022 (17) Pediatric FAST Acquisition Guide 699 studies View classification accuracy: 97.8% No 4-5 
       
Thyagachandran et al., 2026 
(61) 

Abdominal (Intussuscep-
tion) Interpretation Assistant 49 patients [Model A]: Sens 88%; [Model B]: Accuracy 90% No 4-5 

       

       
       

Wang et al., 2026 (50) FAST (Ascites) Interpretation Assistant 
848 external-validation im-
ages (424 positive, 424 neg-
ative ( 

Acc: 0.883, Sens: 0.901, Spec: 0.837, AUC: 0.871 No 4-5 

       
Lung Ultrasound       

Marini et al., 2025 (62) Lung Acquisition Guide 
119 clips (67 patients) to-
tal; performance from 36 
test clips (20 subjects) 

Acc: 91.7%, Sens: 85.7%, Spec 95.5% No 4-5 

       
       
Ienghong et al., 2025 (19) Lung (B-lines) Interpretation Assistant 66 patients Sens :95.6%, Spec: 77.2% Yes (Retrospective) 4 
Chaudhary et al., 2025 (20) Lung (Pleural effusion) Interpretation Assistant 785 patients Sens :0.90-0.97, Spec :0.90-0.98 No 4-5 
Clausdorff Fiedler et al., 2024 
(21) Lung (Lung sliding) Interpretation Assistant 62 patients Sens: 0.921, Spec :0.802, AUC: 0.885 Yes (Bedside hard-

ware) 6 

Goldsmith et al., 2023 (25) Lung (Congestion scoring) Interpretation Assistant 130 patients r=0.882-0.894 with experts No 4-5 
       
Russell et al., 2021 (63) Lung (B-lines) Interpretation Assistant 29 patients ICC:0.56 with expert No 4-5 

VanBerlo et al., 2022 (22) Lung (Lung sliding) Interpretation Assistant 

3,075 clips from 738 pa-
tients (training: 2,535 clips 
from 614 patients; test: 540 
clips from 124 patients) 
 
 
 
 
 
 
 
  

Sens: 93.5%, Spec: 87.3%, AUC :0.973 No 4-5 

Pare et al., 2024 (64) Lung (B-lines) Interpretation Assistant 60 patients AUC :0.967, Sens :96.3%, Spec: 92.4% No 4-5 
Gazzoni et al., 2023 (24) Lung (COVID-19) Interpretation Assistant 450 patients F1-Score :>89% No 4-5 
Gottlieb et al., 2023 (23) Lung (Pulmonary edema) Interpretation Assistant 71 patients Sens: 95.6% (AI) vs 96.7% (MD) No 4-5 
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Study (Author, Year) POCUS Application AI's Primary Role Sample Size (Patients / 
Clips) Key AI Performance Metrics Clinical 

Implementation?  TRL 

Cote et al., 2026 (29) Lung (Pneumothorax) Interpretation Assistant 76 patients (64 validation) Sens: 0.775, Spec: 0.831, NPV 0.96 No 4-5 

Orosz et al., 2026 (26) Lung (Pneumothorax) Interpretation Assistant 1,856 M-mode images Sens: 100%, Spec: 100% (vs experts 95.8%/81.0%) Yes (Real-time ver-
sion) 6 

Lin et al., 2026 (27) Lung (Pleural effusion se-
verity) Interpretation Assistant 365 images Stage 1 Acc: 99.3%, Stage 2 Acc :97.0% No 4-5 

Wang et al., 2026 (65) Lung (COVID-19) Interpretation Assistant 1,486 images Accuracy :78.04% (few-shot) No 4-5 
Liu et al., 2026 (28) Lung (B-lines) Interpretation Assistant 973 images F-measure: 0.837 (private), 0.808 (public) No 4-5 
Cardiac Ultrasound       

Holste et al., 2025 (66) Cardiac Interpretation Assistant 

1.2 million echocardio-
graphic videos from 32,265 
TTE studies of 24,405 pa-
tients 

Median AUC: 0.91 for 18 tasks Yes (Retrospective val-
idation) 6 

Gottlieb et al., 2024 (30) Cardiac Interpretation Assistant 209 patients Systolic: Sens: 85.7%, Spec: 94.8%; Diastolic: Sens 
91.9%, Spec 94.2% Yes (ED workflow) 5 

Oikonomou et al., 2025 (32) Cardiac Interpretation Assistant ~39k patients AUROC HCM: 0.903; ATTR-CM: 0.972 Yes (Retrospective val-
idation) 6 

Potter et al., 2023 (16) Cardiac (Pericardial effu-
sion) Interpretation Assistant 76 patients Sens: 89%, Spec :92%, AUC :0.94 No 4-5 

He et al., 2024 (31) Cardiac Interpretation Assistant 573 patients AUROC: 0.92 (abnormal function); 0.96 in pilot Yes (Prospective pilot) 6 
Crockett et al., 2022 (38) Cardiac Interpretation Assistant 306 patients AUC :0.74 (HF diagnosis); Dice: 0.72 No 4-5 
Lin et al., 2022 (33) Cardiac Interpretation Assistant 6,953 exams RWMA AUC 0.90-0.91; LVEF bias ~4% No 6 
Shan et al., 2026 (35) Cardiac (LVEF) Interpretation Assistant 250 patients MAE :3.28%, Corr: 0.982 No 4-5 

Chou et al., 2025(34) Cardiac (Pericardial effu-
sion) 

Interpretation / Quality 
Assessor 101 patients Sens :96%, Spec :97%, AUC: 98%, IoU: 81% Yes (Educational) 6 

Saadat et al., 2026 (67) Cardiac (View selection) Acquisition Guide 12,180 patient-level studies Matches full performance with 32% fewer videos No 4-5 
Blaivas et al., 2021 (36) Cardiac (IVC) Interpretation Assistant 184 videos Agreement κ=0.66-0.78 with experts Yes (Real-time algo-

rithm) 
6 

Vascular Ultrasound       
Avgerinos et al., 2025 (39) Vascular (DVT) Acquisition Guide 53 patients Sens :100%, Spec: 95.7%; 32% avoided DUS Yes (ED pathway) 6 
Speranza et al., 2025 (41) Vascular (DVT) Acquisition Guide 381 patients EM physicians: Sens 95-98%, Spec: 97-100% Yes (Multicenter UK) 6 
Oppenheimer et al., 2024 (40) Vascular (DVT) Acquisition Guide 73 patients Sens :100%, Spec: 95.1%; 53% avoided formal scan Yes (2 hospital sites) 6 
Nothnagel et al., 2025 (42) Vascular (DVT) Acquisition Guide 91 patients Sens: 100%, Spec :91%; 53% low risk Yes (Feasibility) 6 
Park et al., 2024 (43) Vascular (Carotid) Interpretation Assistant 54 patients Acc: 0.96, F1-score :0.97 No 5 
Blaivas et al., 2022 (44) Vascular (IVC) Quality Assessor 42 new videos Kappa fell to -0.09-0.39 on new devices No 1-3 
Maeng et al., 2026 (68) Vascular (Carotid/BP) Interpretation Assistant 56 patients AUC :0.90 (SBP<60); RMSE: 8.3 mmHg No 4-5 
Musculoskeletal Ultrasound       
Zhou et al., 2025 (45) MSK (Wrist/Elbow) Interpretation Assistant 55 patients Wrist Acc: 0.889; Elbow Acc: 0.750 Yes (Pediatric ED) 4 
Zhang et al., 2021 (46) MSK (Pediatric wrist) Interpretation Assistant 30 patients Sens :1.00, Spec ~0.90 No 4-5 
       

Madhusoodanan et al., 2025 
(47) 

MSK (Bone enhance-
ment/beamforming) 

Image reconstruc-
tion/enhancement 

1,900 in-vivo wrist da-
tasets; 1,200 synthetic da-
tasets 

CR improved ~51% vs SPW-DASB; SNR, SSI, SSIM, 
EPI improved; no radiologist rating reported No 4-5 

       
Novel Applications       
Wu et al., 2025 (49) Airway (Cricothyrotomy) Acquisition Guide 608 patients AUC :>0.88,14 FPS on iPad Yes (Edge deployment) 6 
Song et al., 2025 (48) Diaphragm (Weaning) Interpretation Assistant 88 patients AUC :0.894 (multimodal) No 4-5 
Other Applications       
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Study (Author, Year) POCUS Application AI's Primary Role Sample Size (Patients / 
Clips) Key AI Performance Metrics Clinical 

Implementation?  TRL 

Wshah et al., 2022 (37) Cardiac/Thoracic/IVC Interpretation Assistant 101 patients Fusion Acc :84.2%, AUC :0.86 No 4-5 
AI, artificial intelligence; ML, machine learning; POCUS, point-of-care ultrasound; FAST, focused assessment with sonography for trauma; ED, emergency department; TRL, technology readiness level; Sens, sensitivity; Spec, specificity; AUC, area 
under the receiver operating characteristic curve; Acc, accuracy; NPV, negative predictive value; ICC, intraclass correlation coefficient; MAE, mean absolute error; Corr, correlation; RWMA, regional wall motion abnormality; LVEF, left ventricular 
ejection fraction; HCM, hypertrophic cardiomyopathy; ATTR-CM, transthyretin amyloid cardiomyopathy; DVT, deep vein thrombosis; IVC, inferior vena cava; MSK, musculoskeletal; BP, blood pressure; SBP, systolic blood pressure; MBP, mean 
blood pressure; RMSE, root mean square error; FPS, frames per second; IoU, intersection over union; CR, contrast ratio; HF, heart failure; COVID-19, coronavirus disease 2019; EM, emergency medicine; UK, United Kingdom; MD, medical doctor; 
CI, confidence interval; κ, Cohen's kappa; r, correlation coefficient; vs, versus. 
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Table 3: Summary of diagnostic performance by POCUS (Point-of-care Ultrasound) domain. The table aggregates key performance met-
rics (Sensitivity (sens), Specificity (spec), area under the receiver operating characteristic (ROC) curve (AUC)) for primary AI-assisted 
tasks across major POCUS application areas, with representative citations 

Citations Primary Task Key Performance Metrics  
FAST & Trauma  
(15) Hemoperitoneum detection Sens: 95%, Spec: 94%, AUC: 0.97 
(16) Pericardial effusion detection Sens: 89%, Spec: 92%, AUC: 0.94 
(17) View classification (Pediatric FAST) Accuracy: 97.8% 
(18) Quality triage Reduced expert review by 80% 
(50) Ascites / Free intraperitoneal fluid External Acc: 0.883, AUC: 0.871 
(61) Intussusception (target sign) [Model A] Sens 88%; [Model B] Accuracy 90% 
Lung Ultrasound  

(19) B-line detection Sens: 95.6% (95% CI: 92.8–98.5); Spec: 77.2% 
(95% CI: 74.1–80.6) 

(28) B-line detection (Hough-based) F-measure: 0.837 (private), 0.808 (public)  

(20) Pleural effusion detection 
Pleural effusion detection — General model: Sens 
0.90, Spec 0.89; Large effusion model: Sens 0.97, 
Spec 0.90; Trauma model: Sens 0.91–0.97  

(27) Pleural effusion severity classification Stage 1 Acc: 99.3%; Stage 2 Acc: 97.0% 
(21, 22) Lung sliding assessment AUC: 0.885 – 0.973 
(26) Pneumothorax detection Sens: 100%, Spec: 100%  
(29) Pneumothorax detection (post-chest tube) Sens: 0.775, Spec: 0.831, NPV: 0.96 

(23) Pulmonary edema scoring Sens: 95.6% (AI) vs 96.7% (MD); Spec: 64.1% vs 
79.1% 

(24) COVID-19 classification F1-Score > 89% 
(65) COVID-19 diagnosis (few-shot learning) Accuracy: 78.04% (3-way 5-shot) 

(25) Congestion scoring Congestion scoring: r = 0.894 (AI vs E1), r = 0.882 
(AI vs E2) 

(62) Lung triage (Normal/Abnormal) Acc: 91.7%, Sens: 85.7%, Spec: 95.5% 
(64) B-line assessment (Transfer learning) AUC: 0.967, Sens: 96.3%, Spec: 92.4% 
Cardiac Ultrasound  

(30) Systolic dysfunction detection 

Cardiac dysfunction: Systolic — Sens 85.7% (95% 
CI 57.2–98.2), Spec 94.8% (95% CI 90.6–97.5); Di-
astolic — Sens 91.9% (95% CI 85.6–96.0), Spec 
94.2% (95% CI 87.0–98.1) 

   
(30) Diastolic dysfunction detection Sens: 91.9%, Spec: 94.2% 
(31) Abnormal cardiac function detection AUROC: 0.92 (0.96 in prospective pilot) 
(32) HCM detection AUROC: up to 0.903 
   

(32) ATTR-CM detection 

HCM detection (high-confidence A4c, 
YNHHS): AUROC 0.903 (95% CI: 0.795–
0.981); MSHS: 0.890 (95% CI: 0.839–0.938) 
ATTR-CM detection (high-confidence PSX, 
MSHS): AUROC 0.972 (95% CI: 0.959–0.983); 
YNHHS: 0.907 (95% CI: 0.874–0.932) 

   
   
(33) Regional wall motion abnormality  AUC: 0.90–0.91; LVEF bias ~4% 
(34) Pericardial effusion detection (UNet++) Sens: 96%, Spec: 97%, AUC: 98%, IoU: 81% 
(35) LVEF measurement (multi-frame) MAE: 3.28%, Corr: 0.982 
(67) AI-guided view selection Full performance using 32% fewer videos 

(66) Multitask echocardiography interpretation Median AUC: 0.91 for 18 tasks; LVEF MAE: 4.2–
4.5% 

(38) POCUS stress test (TTE-trained model) AUC: 0.74 (HF diagnosis); Dice: 0.72 
(36) IVC collapse assessment Agreement κ=0.66–0.78 with experts 
(37) Diuretic need classification (Heart+IVC) Acc: 84.2%, AUC: 0.86 
Vascular Ultrasound  
(39-42) DVT diagnosis (AI-guided novices) Sens: 95–100%, Spec: 74–100% 
(40-42) Adequate image quality (novice-acquired) 80–91% of exams 
(39, 40) Reduced need for formal duplex ultrasound Reduced by 29–53% 
(43) Carotid compressibility (ROSC detection) Accuracy: 0.96, F1-score: 0.97 

(68) Carotid compressibility (Blood Pressure) AUC: 0.90 (SBP<60), 0.91 (MBP<40); RMSE: 8.3 
mmHg 

(44) Domain shift (IVC collapse) Kappa fell to -0.09–0.39 on new devices 
Musculoskeletal  
(45) Wrist fracture detection Accuracy: 0.889 
(45) Elbow fracture detection Accuracy: 0.750 
(46) Pediatric wrist fracture detection Sens: 1.00, Spec: ~0.90; inference <2s/sweep 

(47) Pediatric bone visualization (image enhance-
ment) 

CR improved 40%; Radiologist rating 3.9/5 vs 
2.7/5 

Novel Applications  
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Citations Primary Task Key Performance Metrics  

(49) Cricothyrotomy landmark localization (Air-
way) AUC >0.88; 14 FPS on iPad (real-time edge AI) 

(48) Mechanical ventilation weaning prediction 
(Diaphragm) Multimodal AUC: 0.894 (vs clinical-only 0.746) 

AI, artificial intelligence; POCUS, point-of-care ultrasound; ROC, receiver operating characteristic; AUC, area under the receiver operating characteristic curve; 
AUROC, area under the receiver operating characteristic curve; Sens, sensitivity; Spec, specificity; Acc, accuracy; NPV, negative predictive value; MD, medical 
doctor; COVID-19, coronavirus disease 2019; F1-Score, F1 score; LVEF, left ventricular ejection fraction; IoU, intersection over union; MAE, mean absolute error; 
Corr, correlation; HCM, hypertrophic cardiomyopathy; ATTR-CM, transthyretin amyloid cardiomyopathy; IVC, inferior vena cava; DVT, deep vein thrombosis; 
ROSC, return of spontaneous circulation; SBP, systolic blood pressure; MBP, mean blood pressure; RMSE, root mean square error; κ, Cohen’s kappa; CR, contrast 
ratio; FPS, frames per second; TTE, transthoracic echocardiography; HF, heart failure; FAST, focused assessment with sonography for trauma. E:Expert 
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Figure 1: The PRISMA flow diagram detailing the study selection process. The diagram illustrates the number of records identified, 
screened, assessed for eligibility, and included in the scoping review, with reasons for exclusion at each stage. 
 
 
 

 
Figure 2: Distribution of POCUS applications and AI roles across the included studies. The chart summarizes the frequency of studied 
POCUS domains (e.g., Lung, Cardiac, Vascular) and the primary functional roles of AI (Interpretation Assistant, Acquisition Guide, Quality 
Assessor). 
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Figure 3: Overview of AI model performance metrics across studies. The visual synthesis presents key diagnostic accuracy measures 
(e.g., AUC, Sensitivity, Specificity) reported for various POCUS tasks, highlighting the range of reported outcomes. 
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Figure 4: Comparative performance of AI models on trauma and lung ultrasound tasks. The figure juxtaposes key results for applications 
such as hemoperitoneum detection (FAST) and B-line or pleural effusion detection (Lung POCUS), illustrating high performance in con-
trolled settings. 

 

 

 
Figure 5: Reported diagnostic performance of AI-guided ultrasound for deep vein thrombosis assessment. Study-level sensitivity and 
specificity are shown for AI guided DVT ultrasound pathways. Horizontal lines indicate reported performance ranges where results vary 
across reviewers or assessment conditions. 
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Figure 6: Computational feasibility and reported workflow impact of AI-assisted POCUS. (A) Explicitly reported inference times for AI 
POCUS systems, displayed on a logarithmic scale. (B) Reported reductions in expert review or formal ultrasound use following AI-assisted 
triage or acquisition pathways. Horizontal lines indicate reported ranges where applicable. 
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Figure 7: Conceptual diagram of an AI-augmented POCUS workflow in emergency department triage. The diagram illustrates the poten-
tial integration points for AI as a second reader, from image acquisition and quality assessment to real-time interpretation support and 
clinical decision-making. 
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Figure 8: Relationship between reported AUC/AUROC and study characteristics. (A) Reported AUC/AUROC values according to patient 
sample size among studies with an identifiable patient denominator; the sample size axis is shown on a logarithmic scale. (B) Distribution 
of reported AUC/AUROC values according to technology readiness level. Each point represents a reported task, model, or evaluation 
setting; therefore, individual studies may contribute more than one observation. 
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Appendix 

Supplementary Table 1: Search strategy in different databases 

PubMed: 

("Artificial Intelligence"[Mesh] OR "Deep Learning"[Mesh] OR "Neural Networks, Computer"[Mesh] OR "Machine Learning"[Mesh] OR "Su-
pervised Machine Learning"[Mesh] OR "convolutional neural network*"[tiab] OR "CNN"[tiab] OR "deep learning"[tiab] OR "neural net-
work*"[tiab] OR "computer vision"[tiab] OR "AI"[tiab])  
AND  
("Ultrasonography"[Mesh] OR "Point-of-Care Systems"[Mesh] OR "Echocardiography"[Mesh] OR "Ultrasonography, Doppler"[Mesh] OR 
"POCUS"[tiab] OR "point-of-care ultrasound"[tiab] OR "point of care ultrasound"[tiab] OR "bedside ultrasound"[tiab] OR "focused ultra-
sound"[tiab] OR "E-FAST"[tiab] OR "eFAST"[tiab] OR "FAST exam"[tiab] OR "Focused Assessment with Sonography for Trauma"[tiab] OR 
"bedside echocardiography"[tiab] OR "focused echocardiography"[tiab] OR "lung ultrasound"[tiab] OR "pleural ultrasound"[tiab] OR "vascu-
lar ultrasound"[tiab])  
AND 
 ("Emergency Service, Hospital"[Mesh] OR "Triage"[Mesh] OR "Emergency Medicine"[Mesh] OR "Point-of-Care Systems"[Mesh] OR "emer-
gency department"[tiab] OR "emergency departments"[tiab] OR "ED"[tiab] OR "EDs"[tiab] OR "triage"[tiab] OR "triaged"[tiab] OR "emer-
gency room"[tiab] OR "ER"[tiab] OR "accident and emergency"[tiab] OR "resuscitation"[tiab] OR "critical care"[tiab] ) 
Scopus: 
( TITLE-ABS-KEY ( "convolutional neural network*" OR cnn OR "deep learning" OR "neural network*" OR "computer vision" OR ai OR "ma-
chine learning" OR "supervised learning" OR "image classification" OR "object detection" ) ) 
AND 
( TITLE-ABS-KEY ( "point-of-care ultrasound" OR pocus OR "bedside ultrasound" OR "focused ultrasound" OR "E-FAST" OR efast OR "FAST 
exam" OR "Focused Assessment with Sonography for Trauma" OR "bedside echocardiography" OR "focused echocardiography" OR "lung 
ultrasound" OR "pleural ultrasound" OR "vascular ultrasound" OR ultrasonography OR echocardiography ) ) 
AND 
( TITLE-ABS-KEY ( "emergency department" OR "emergency medicine" OR "emergency room" OR er OR ed OR triage OR triaged OR "accident 
and emergency" OR resuscitation OR "critical care" OR "point-of-care" ) ) 
EMBASE: 
(('artificial intelligence'/exp OR 'machine learning'/exp OR 'deep learning'/exp OR 'convolutional neural network':ti,ab OR 'cnn':ti,ab OR 
'computer vision':ti,ab OR 'ai':ti,ab) 
AND 
('point of care testing'/exp OR 'pocus':ti,ab OR 'point-of-care ultrasound':ti,ab OR 'point of care ultrasound':ti,ab OR 'bedside ultrasound':ti,ab 
OR 'focused ultrasound':ti,ab OR 'e-fast':ti,ab OR 'fast exam':ti,ab) 
AND 
('emergency health service'/exp OR 'triage'/exp OR 'emergency department':ti,ab OR 'ed':ti,ab OR 'triage':ti,ab OR 'emergency room':ti,ab OR 
'er':ti,ab)) 
IEEE: 
(  "convolutional neural network" OR "deep learning" OR "computer vision" OR CNN OR AI OR "machine learning" OR "neural network" OR 
"artificial intelligence" )"All Metadata" 
AND 
(  "point-of-care ultrasound" OR POCUS OR "bedside ultrasound" OR "E-FAST" OR "FAST exam" OR "focused ultrasound" OR "lung ultrasound" 
OR "vascular ultrasound" OR "echocardiography" OR "ultrasonography"  ) "All Metadata" 
AND 
(   "emergency department" OR ED OR triage OR "emergency room" OR ER OR "emergency medicine" OR resuscitation OR "critical care"   )"All 
Metadata" 
WOS 
TS=(("artificial intelligence" OR "AI" OR "deep learning" OR "neural network*" OR "convolutional neural network*" OR "CNN" OR "machine 
learning" OR "supervised machine learning" OR "computer vision"))  
AND  
TS=(("point-of-care" NEAR/2 (ultrasound OR ultrasonography OR echography)) OR "POCUS" OR ("bedside" NEAR/2 (ultrasound OR echo-
cardiography)) OR ("focused" NEAR/2 (ultrasound OR echocardiography)) OR "E-FAST" OR "eFAST" OR "FAST exam" OR "Focused Assess-
ment with Sonography for Trauma" OR "lung ultrasound" OR "pleural ultrasound" OR "vascular ultrasound" OR echocardiography OR 
"Ultrasonography, Doppler")  
AND  
TS=(("emergency department*" OR "ED" OR "EDs" OR "emergency room" OR "ER" OR "accident and emergency" OR triage OR triaged OR 
resuscitation OR "critical care" OR "emergency medicine")) 
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Supplementary Table 2: Inclusion and exclusion criteria for study selection 
Category Inclusion Criteria Exclusion Criteria 

Study Focus 

Focuses on the development, validation, or implementation of 
AI/ML for assisting in the interpretation, acquisition, or quality 
assessment of POCUS for clinical decisions in an ED or similar 
urgent care setting. 

Studies where AI is used for non-emergency, compre-
hensive ultrasounds (e.g., routine radiology-per-
formed echocardiography) or for guiding procedures 
(e.g., vascular access). 

Population Studies conducted on human patients in an emergency or ur-
gent care setting, or using datasets derived from these settings. 

Studies conducted solely on healthy volunteers, in 
non-acute outpatient clinics, or using only simulated 
or phantom data without real patient validation. 

AI Interven-
tion 

AI model must analyze the raw or processed POCUS image or 
video clip. Outcomes must include diagnostic accuracy, image 
quality assessment, impact on clinical decision-making/triage, 
or workflow efficiency. 
Includes studies where AI enables remote expert review by en-
suring adequate image acquisition. 

Studies where AI is only used for image compression, 
archival, enhancement without diagnostic intent, or 
non-clinical tasks (e.g., billing, reporting). 

"Second 
Reader" Role 

The AI must function to support a human clinician's decision-
making. This includes systems where the AI provides an input 
that is part of a clinical workflow (e.g., flags a finding, guides a 
novice, assesses quality for remote read). 

Studies where the AI is presented as a fully autono-
mous diagnostic system with no intended human-in-
the-loop for the final clinical decision at triage. 

Publication 
Type and Date 

The AI must function to support a human clinician's decision-
making. This includes systems where the AI provides an input 
that is part of a clinical workflow (e.g., flags a finding, guides a 
novice, assesses quality for remote read). 

Case reports, editorials, letters, conference papers , 
narrative reviews, protocols, and studies not pub-
lished in English. 
Studies published before 2020, unless they are semi-
nal foundational works identified during the search. 

 


