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ABSTRACT

Background: Bone fractures are common in acute care, and point-of-care ultrasound (POCUS) is an emerging 

diagnostic tool that can be complementary to or even in some cases an alternative to X-ray imaging. With the rise 

of artificial intelligence (AI) model incorporation in diagnostic interpretations, this systematic review and meta-

analysis aimed to evaluate the diagnostic performance of deep learning models for detecting bone fractures on 

ultrasound images, using radiographic imaging with expert interpretation as the reference standard. 

Methods: Comprehensive literature searches were conducted from inception to 15 August 2025, in databases 

including MEDLINE (Ovid interface), Embase (Ovid interface), CINAHL Plus with Full Text (EBSCOhost interface), 

Web of Science, ACM Digital Library, Scopus, and Google Scholar. We included studies evaluating deep learn-

ing models applied to ultrasound images or sweeps for fracture classification. The included studies predominantly 

evaluated pediatric cohorts presenting to emergency departments with suspected upper extremity fractures. 

Sensitivity and specificity were pooled using a bivariate random-effects model on the logit scale, and summary 

receiver operating characteristic (sROC) curve was constructed. Risk of bias was assessed using the Quality As-

sessment of Diagnostic Accuracy Studies 2 (QUADAS-2) tool. 

Results: A total of 580 papers were identified in the preliminary literature search, and 333 studies were screened 

after duplicate removal. Screening 27 full-text articles resulted in eight studies that were included in the review. 

Across 21 reported model evaluations from five studies with extractable diagnostic data, pooled sensitivity was 

0.77 (95% CI: 0.69-0.83) and pooled specificity was 0.90 (95% CI: 0.86-0.94), with an overall sROC AUC of 0.91. 
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Patient-level evaluations yielded higher pooled sensitivity (0.89; 95% CI: 0.81-0.94) and specificity (0.94; 95% CI: 

0.81-0.98) compared to video-level analyses. 

Conclusions: AI-assisted ultrasound demonstrates promising diagnostic performance for fracture detection with 

generally high specificity and variable sensitivity across architectures and anatomic targets. Future work should 

prioritize prospective, externally validated studies with standardized acquisition protocols and clinically meaningful 

reporting at the patient level. 

Key words: Point-of-care ultrasound, artificial intelligence, bone fractures, deep learning models, musculoskeletal 

imaging

Introduction

Study background

Bone fractures are among the most common pres-
entations to emergency and acute care settings where 
improper management may increase healthcare costs 
and long-term functional consequences (1,2). Na-
tional U.S. data indicate that an estimated 7.9 million 
medical emergency department (ED) visits for fall-
related fractures among children occurred between 
2001 and 2015, which emphasizes the scale of acute 
fracture presentation (3). Therefore, accurate diagnosis 
is essential to guide appropriate management such as 
immobilization or surgical intervention for fracture re-
duction (4,5). Conventional radiography is the current 
gold standard for fracture detection, but it involves 
ionizing radiation and may be less accessible in remote 
healthcare settings (6,7). 

Ultrasound is increasingly used in diagnosis of 
fractures; specifically, long bone, rib, metacarpal, and 
superficial bone fractures (7,8). It is a portable, rela-
tively inexpensive, and radiation free tool which may 
be performed at bedside and can be integrated with 
existing imaging workflows. Diagnostic test accuracy 
supports ultrasound in detecting fractures in various 
extremities with moderately high sensitivities and 
specificities with some variability in the location of 
the fracture site (9–11). One randomized controlled 
trial displayed comparable diagnostic accuracy be-
tween ultrasonography to radiography in diagnosing 
distal forearm fractures (12). However, several studies 

suggest that ultrasound can be limited by variability in 
skill level of the operator and quality of image acquisi-
tion (13–15). These factors contribute to inconsistent 
diagnostic performance. Therefore, there is a need in 
reducing user-dependence and improving reproduc-
ibility of ultrasound fracture assessments.

Artificial intelligence (AI), specifically deep  
learning-based image analysis, has shown strong per-
formance for fracture detection on radiographs (2). 
Other studies which incorporated AI models in the di-
agnostic workflow of radiologists have shown to help 
increase accuracy in radiographic interpretation (16,17) 
Applying AI to augment ultrasound in fracture detec-
tion may reduce operator dependency and standardize 
interpretation by consistently identifying sonographic 
features of cortical disruption and associated soft-tissue 
changes (18). AI-assisted ultrasound could potentially 
expand access to remote areas where radiologists or 
trained sonographers are not available for image in-
terpretation (19). Existing studies on AI-assisted ul-
trasound for fractures are few and heterogeneous, with 
variation in anatomical site scanned, patient population, 
and AI models used for detection. A systematic synthe-
sis is needed to quantify pooled performance and guide 
future methods in studies to provide more consistent re-
porting methods and increase the likelihood of utilizing 
AI models in interpreting ultrasound scans clinically.

Study objectives

The objective of this systematic review and meta-
analysis was to evaluate the diagnostic performance of 
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AI models for detecting bone fractures on ultrasound, 
using radiographic imaging as the reference standard.

Methods

The systematic review and meta-analysis 
was registered with the International Prospective  
Register of Systematic Reviews (PROSPERO: 
CRD420241114869). The review was registered be-
fore initiation and followed the Preferred Reporting 
Items for Systematic Reviews and Meta-Analyses 
(PRISMA) guidelines (20).

Search strategy

A comprehensive search was completed in the 
following databases from inception to 15 August 2025, 
to identify relevant publications: MEDLINE(Ovid 
interface), Embase (Ovid interface), CINAHL Plus 
with Full Text (EBSCOhost interface), Web of Sci-
ence, ACM Digital Library, Scopus, and Google 
Scholar (on August 17, 2025). No language restric-
tions were applied. The search used a combination of 
subject headings and keywords related to ultrasound 
diagnosis, bone fractures, and artificial intelligence. 
Grey literature formats were included: conference 
abstracts, preprints, and clinical trial registry records 
from the various databases. The search was conducted 
by a health sciences librarian (LD) experienced in sys-
tematic review methodology. A sample OVID MED-
LINE search strategy is detailed in the Supplementary 
Materials (Table S1). The full search strategy is also 
found in the Supplementary Materials.

Eligibility criteria

We define eligibility using the PICO framework. 
The population included patients of any age who have 
been evaluated with ultrasound for suspected mus-
culoskeletal fractures. The index test was the use of a 
deep learning algorithm applied to ultrasound images 
or ultrasound sweeps for classifying and diagnosing 
fractures. Gold reference standard was radiographic 
imaging (X-ray, CT, MRI) with expert interpreta-
tion by the staff radiologist or orthopedic surgeon 

confirming fracture status. The primary outcomes were 
the diagnostic performance metrics for the AI model 
used, including sensitivity, specificity, and accuracy at 
the image, video, or patient level. Secondary outcomes 
included sex, age, clinical setting, anatomical site 
scanned, AI model type and training dataset param-
eters, and ultrasonographer experience. 

Observational studies, cohort studies, case-control  
studies, conference proceedings papers with sufficient 
data, and randomized controlled trials that evaluated 
deep learning models used for diagnosing fractures 
based on ultrasound imaging were included. Case re-
ports and small case series that include less than 10 
patients without quantitative diagnostic data, reviews, 
conference abstracts, and studies that applied AI to 
other types of imaging or used AI for tasks separate 
from classification of fractures were excluded. 

Study selection

Any duplicates were removed after the first lit-
erature search, and the initial abstract screening were 
done independently by two reviewers (MX and JK). 
Full-text review of the included abstracts was also in-
dependently reviewed by two reviewers (MX and JK) 
against the eligibility criteria. Disagreements were 
resolved by discussion, and a third reviewer was con-
sulted if a consensus was not reached. Reasons for full-
text exclusion were summarized in the PRISMA flow 
diagram (Figure 1).

Data extraction and synthesis of results

Two reviewers independently extracted the data 
using a standardized data table. Study characteris-
tics (author, year, country, study design, and setting), 
population details (sample and subgroup sample size, 
age), ultrasound parameters (probe type, operator pro-
ficiency, anatomical site scanned), and AI model char-
acteristics (architecture, training dataset size, testing 
dataset size, task) were extracted from each included 
study. 

We calculated true positives, true negatives, false 
positives, and false negatives using reported values of 
prevalence, sensitivity and specificity for each study in 
order to estimate standard errors. We produced pooled 
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Figure 1. PRISMA flow diagram of included studies evaluating AI models in predicting MSK fractures using 
ultrasound as the diagnostic modality.

estimates of sensitivity and specificity and 95% con-
fidence intervals (CI) for all studies. Additionally, we 
also performed subgroup analyses based on whether 
studies reported scanning at the patient level or the 
video level and reported pooled estimates of sensitivity 
and specificity. Because sensitivity and specificity are 
often related to each other through a pre-determined 

cut-off value, we used a bivariate approach to take into 
account this correlation. Specifically, we used a linear 
mixed model to pool sensitivity and specificity. Addi-
tionally, we also constructed summary receiver operat-
ing characteristics (sROC) curves to further analyze 
overall accuracy of AI in detecting fractures using the 
area under the curve (AUC). The I2 statistic was used 
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to assess the between-study heterogeneity. All statisti-
cal analyses were conducted using the mada packages 
in R Software version 4.4.1.

Risk of bias

Risk of bias was assessed with the Qual-
ity Assessment of Diagnostic Accuracy Studies  
2 (QUADAS-2) tool across four domains (patient se-
lection, index test, reference standard, and flow/timing) 
(21). Two reviewers performed assessments indepen-
dently, with disagreements resolved by consensus. A 
traffic light and weighted bar plot of the distribution 
of risk-of-bias judgements were created.

Results

Study selection

We identified 580 studies, of which 247 dupli-
cates were removed. A total of 26 articles were eligible 
for full-text screening whereby eight studies were in-
cluded in the review (Figure 1). Of these eight studies, 
five provided extractable sensitivity and specificity data 
and were included in the quantitative meta-analysis 
(22-24,28,29). Three studies lacked sufficient diag-
nostic accuracy parameters for inclusion in the meta- 
analysis and were summarized qualitatively (25-27).

Study characteristics

Of these included studies, most of them were 
conducted in a pediatric emergency department (ED) 
setting and focused on radial fractures (22–29). Of the 
eight included studies, seven (87.5%) focused on pedi-
atric populations (22-26,28,29), and one study (12.5%) 
included a mixed adult and pediatric cohort (27). Six 
studies were conducted in an ED setting (22,24-
26,28,29). Ulnar, carpal, and supracondylar humerus 
fractures were also included in these studies (Table 
1). One study also included lower limbs, but the exact 
anatomical fracture sites were not specified (27). Pre-
dominantly all studies were prospective with two ret-
rospective observational studies were included (23,25). 
Ultrasound acquisition was most commonly performed 
using the linear high-frequency probes with some vari-
ation between 2D and 3D ultrasound sweeps. Diverse 

model architectures such as the convolutional neural 
networks (CNN), recurrent models, and transformer-
based approaches were used to perform a variety of AI 
tasks like classification, segmentation, and detection 
(Table 2). Ground-truth reference standards were based 
on radiography with expert interpretation with a couple 
studies providing additional clinical imaging follow-up. 
The sensitivities, specificities, and accuracies of each 
model were reported in Table 2.

Risk of bias results

Overall risk of bias and applicability concerns are 
summarized in Figure 2a and 2b. In the patient selec-
tion domain, four studies were rated as low risk of bias 
(22,25,26,29) and the remaining four did not fully de-
scribe inclusion and exclusion decisions (23,24,27,28). 
The index test domain showed two studies as unclear 
(23,27) and one study as high risk (26) as the thresholds 
were not prespecified or the results were not blinded, re-
spectively. The reference standard domain was generally 
low risk due to the consistent use of X-rays as the gold 
standard. The flow and timing domain showed four stud-
ies at low risk (22,26,28,29), two at unclear risk (23,24), 
and two at high risk (25,27). Several studies used con-
secutive enrollment, but external validity may still be lim-
ited because recruitment occurred within similar clinical 
workflows. Overall risk of bias included 3 studies with 
low risk of bias (22,28,29), unclear risk of bias (23,24,27), 
and high risk of bias (25,26). Five studies either having 
the low risk of bias or unclear risk of bias were included 
in the quantitative meta-analysis as they also included 
measurable sensitivity and specificity values.

Quantitative synthesis

A meta-analysis of diagnostic accuracy was per-
formed across 21 model evaluations drawn from five 
included articles (22–24,28,29). Three studies lacked 
extractable sensitivity, specificity, and accuracy data, 
therefore, were summarized qualitatively. Overall 
pooled performance demonstrated moderate-to-
high diagnostic accuracy. The pooled sensitivity (95% 
CI) was 0.77 (0.69-0.83) with I2 = 56.72%, and the 
pooled specificity (95% CI) was 0.90 (0.86-0.94) with 
I2 = 58.55% (Table 3, Figure 3). These I2 values in-
dicate moderate heterogeneity across model evalua-
tions for both sensitivity and specificity, suggesting 
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Figure 2. Risk of bias summary plot (a) depicting each domain using the QUADAS-2 assessment tool. Indi-
vidual study-level traffic light plot (b) depicting QUADAS-2 risk of bias and applicability judgements for each 
included study.

Table 3. Characterizing overall, patient level, and video level sensitivity, specificity, and sROC AUC and the respective I2 values. 

Overall Patient Level Video Level

Sensitivity 0.77 (0.69, 0.83), 
I2 = 0.5672

0.89 (0.81, 0.94), 
I2 = 0.4032

0.72 (0.62, 0.80), 
I2 = 0.7121

Specificity 0.90 (0.86, 0.94), 
I2 = 0.5855

0.94 (0.81, 0.98), 
I2 = 0.4262

0.91 (0.86, 0.94), 
I2 = 0.7200

sROC AUC 0.91 0.93 0.89

Figure 3. Forest plot of overall sensitivity and specificity of included AI models from 5 articles. Sensitivity 
estimates with 95% confidence intervals were included across all model evaluations.
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Figure 5. Forest plot of video level sensitivity and specificity included AI models from 5 articles. Sensitivity and 
specificity estimate for video level with 95% confidence intervals were included across all model evaluations.

that performance varied across studies and model 
configurations. 

To explore whether diagnostic performance dif-
fered depending on how outcomes were aggregated, 
pooled estimates were also calculated at the patient 
level and video level (Table 3). At the patient level, 
pooled sensitivity increased to 0.89 (0.81-0.94) with 
I2 = 40.32%, while pooled specificity was 0.94 (0.81-
0.98) with I2 = 42.62% (Table 3, Figure 4). Compared 
with the overall analysis, patient-level pooling was 
associated with higher point estimates for both sen-
sitivity and specificity with lower heterogeneity, indi-
cating more consistent diagnostic performance when 
predictions are summarized per patient rather than per 
sweep.

At the video/sweep level, pooled sensitivity was 
lower at 0.72 (0.62-0.80) with I2 = 71.21%, whereas 
pooled specificity remained high at 0.91 (0.86-0.94) 
with I2 = 72.00% (Table 3, Figures 5). The substan-
tially higher I2 values at the video level indicate greater 
between-evaluation variability. These findings suggest 

Figure 4. Forest plot of patient sensitivity and specificity of included AI models from 5 articles. Sensitivity and 
specificity estimate for patient level with 95% confidence intervals were included across all model evaluations.

that fracture detection performance was more reliable 
at the patient level than at the video level with patient 
level aggregation providing stronger sensitivity, speci-
ficity, and less heterogeneity. 

Discriminative performance was further summa-
rized using sROC curves. The overall sROC AUC was 
0.91, consistent with moderately good discrimination 
(Table 3, Figure 6). When stratified by evaluation level, 
the sROC AUC was 0.93 at the patient level and 0.89 
at the video level (Table 3, Figures 6). This pattern mir-
rors the pooled sensitivity and specificity results, with 
higher AUC at the patient level, indicating better over-
all diagnostic discrimination when models are evalu-
ated between patients rather than between sweeps.

Discussion

This systematic review and meta-analysis synthe-
sized evidence on AI-assisted fracture detection using 
ultrasound. Across 21 model evaluations, we found 
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Figure 6. The sROC curve for AI-assisted fracture detection. The overall sROC curve (red), patient level 
sROC (green), and video level sROC curve (blue) are depicted.

that AI accuracy was higher on a per-patient level than 
on a per-video level and was high enough to be po-
tentially clinically useful (pooled patient-level sensitiv-
ity 0.89, specificity 0.94).  These performance patterns 
could help support decision making in settings where 
rapid triage of MSK injuries is desirable. AI-assisted 
ultrasound fracture detection consistently achieves 
high specificity across evaluation levels, while sensitiv-
ity is highest and most consistent at the patient level. 

The studies that were included had similarities be-
tween fracture sites, where the ultrasound scans were 
conducted, population demographic, and the relatively 
consistent reference standard. This homogeneity sup-
ports cross-study comparisons with more emphasis on 
the diagnostic accuracy of the AI model. A practical 
strength of this review is that it synthesizes evidence 
between POCUS, AI, and fracture detection which 
can provide more direction on how these tools can be 
used to augment performance in a real-world setting 
like the ED. Prior studies using POCUS to assess dis-
tal forearm injuries in clinical practice showed  strong 
diagnostic accuracy, supporting ultrasound-first path-
ways (30,31). The included studies focused   primar-
ily on distal forearm fractures; further studies in other 
frequently fractured sites would be useful, especially 
given the high diagnostic accuracy noted by others 

using ultrasound by emergency physicians to find frac-
tures in ribs, clavicles, and lateral malleolus (32–34).

AI fracture detection on radiographs has been 
found by others to be highly accurate in locations 
such as the wrist (35,36). Diagnostic accuracy of these 
models was even higher than ultrasound with AI, po-
tentially due to the more standardized nature of radio-
graphs, with less operator dependence than ultrasound 
(37,38). Most of the studies did not report the opera-
tor’s level of expertise, which was a limitation since it 
would be impossible to tell if the model’s accuracy was 
dependent on the user. Future studies may need inter-
operator comparisons between model performance de-
pending on which ultrasound sweep is being evaluated. 

A key finding was the wide dispersion of sensitiv-
ity estimates, indicating performance instability across 
models and evaluation levels (at the image/video/
patient level). This heterogeneity is clinically impor-
tant as even with strong pooled specificity, sensitivity 
variability would result in low clinical utility without 
robust external validation and workflow safeguards. 
Additionally, I2 values across all models indicated 
moderate levels of heterogeneity. Differences in model 
outputs and decision thresholds can vary substantially 
which may influence measured sensitivity and specific-
ity which can complicate cross-study comparability. 
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A key limitation is the lack of independent repli-
cation across research groups. Although QUADAS-2 
primarily evaluates individual study-level domains, 
multiple studies originated from the same research 
team. This indicates potential overlapping AI model 
development, patient selection patterns, and ultra-
sound acquisition protocols. As a result, the consist-
ency in diagnostic performance may reflect the shared 
study designs, as the studies were likely conducted 
within similar clinical environments. This homogene-
ity limits the external validity of the pooled estimates, 
and it may not be readily applicable to other EDs and 
clinical workflow. Therefore, these outcomes should be 
interpreted as preliminary findings, underscoring the 
need for a variety of different ultrasound protocols in 
multicenter settings to evaluate the diagnostic utility 
of AI-assisted ultrasound.

Several AI-specific sources of bias should be con-
sidered when interpreting these results. Many of the 
included studies evaluated models on internal test sets 
drawn from the same and relatively small patient co-
horts used for training, raising the possibility of over-
fitting where models learn dataset-specific patterns 
rather than generalizable features of bone fractures. 
None of the included studies performed external vali-
dation on fully independent datasets from separate in-
stitutions (22-29). Additionally, most studies did not 
prespecify decision thresholds where reported sensi-
tivities and specificities may reflect optimized rather 
than prospectively determined cutoffs. These factors 
collectively may suggest that the pooled estimates 
may represent an upper bound of expected real-world 
performance.

The 21 model evaluations were drawn from five 
studies, with multiple models from the same dataset 
treated as separate observations. This approach at-
tempted to capture the variability in diagnostic per-
formance across different AI architectures (CNNs, 
recurrent models, transformer-based approaches). 
An important limitation that is drawn is that some of 
these models were trained on the same dataset shar-
ing acquisition conditions; therefore, each model is not 
fully independent. An alternative approach of selecting 
a single representative model per study would reduce 
this correlation concern but would introduce selection 
bias as selecting the best-performing model would 

inflate pooled estimates. All reported evaluations were 
retained in the primary analysis to provide a more 
comprehensive picture of current performance. Also, 
the findings of this review are derived primarily from 
pediatric populations where only one study included 
the adult population (27). Therefore, the findings 
may not be generalizable to adult fracture detection. 
Pediatric fractures, particularly buckle fractures of the 
distal radius, have distinct sonographic appearances 
compared with adult fracture patterns. Diagnostic 
performance of AI models may differ when applied 
to adult bone morphology and fracture types. A fur-
ther consideration for generalizability is that most of 
the included studies (22,24-26,28) utilized 3D ultra-
sound transducers (Philips iU22 with 13VL5 probe), 
which may not be utilized in a typical ED setting. The 
volumetric data provided by 3D sweeps may facilitate 
AI classification in ways that are not replicated with 
conventional 2D imaging, and models trained on 3D 
data may not perform comparably when applied to 2D 
acquisitions.

Also, another limitation may be that the AI mod-
els evaluated in this review address the interpretation 
challenge by providing automated analysis of acquired 
sweeps, but they do not address the challenges associated 
with ultrasound acquisition. The latter is more operator-
dependent and poor acquisition quality resulting from 
inadequate probe positioning, insufficient scanning cov-
erage, or patient movement may degrade the AI model 
performance regardless of the model’s intrinsic accuracy. 
Future studies should evaluate AI performance across 
varying acquisition quality levels and operator experi-
ence to understand the full clinical utility of these tools.

In terms of clinical utility, AI-assisted ultrasound 
for fracture detection is not yet at a level to substitute 
radiography or expert clinician ultrasound interpre-
tation, but it may provide useful workflow-support. 
Ultrasound could, for example, be useful at the ER tri-
age desk to speed up management when the model is 
highly confident in a positive finding, before having to 
wait long times for an X-ray (39–41).   Further work 
should include prospective multicenter validation with 
patient-level outcomes comparing the work of ultra-
sound operators of varying experience to determine to 
what extent AI-augmented ultrasound assists in clini-
cal workflow.  
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Conclusion

This systematic review found that AI-assisted 
fracture detection using ultrasound has meaningful 
diagnostic potential. However, the paucity of studies 
and heterogeneity in model sensitivity limit the confi-
dence in broad clinical generalizability to date. Larger, 
prospective studies with standardized acquisition and 
patient-level evaluations are needed before routine 
clinical adoption. 
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Appendix – Supplementary Materials
Comprehensive search strategy:
Medline, Embase, CINAHL, Scopus, Web of Science, ACM Digital Library
Conference abstracts: yes
Preprints: yes
Clinical trial registry: yes
No date limit
No language limits
Ovid MEDLINE(R) ALL <1946 to August 15, 2025>
Date searched: Aug 17, 2025
Results: 75

Table S1. Ovid Medline search strategy for systematic review and meta-analysis

1. exp artificial intelligence/ or machine learning/ or deep learning/ or supervised machine learning/ or support vector 
machine/ or unsupervised machine learning/ or latent class analysis/ or random forest/ or exp Cluster Analysis/

2. ("Artificial intelligence" or ((AI or "pattern recognition") adj8 (diagnos* or screen* or detect* or decision* or monitor* 
or insight* or algorithm* or tool or tools or analy* or program* or tech* or software or model* or "image enhancement")) 
or "deep learning" or "machine learning" or "predictive analytics" or "neural network*" or (classification adj2 (model or 
models or approach or approaches or algorithm*)) or "support vector machine" or "relevance vector machine" or "random 
forest" or "causal forest" or classifier* or "supervised learning" or "unsupervised learning" or "reinforcement learning" 
or "computer heuristic*" or "decision tree" or "feature detection" or (Markov adj3 model*) or "learning algorithm*" or 
((multifactor* or multicriteria or multi-factor or multi-criteria) adj3 "decision analysis") or "nearest neighbo*" or kNN 
or k-NN or k-means or "neural net*" or "outlier detection" or "network learning" or "transfer learning" or "ensemble 
learning" or "Bayesian learning" or Bayesian method* or Bayesian network* or "gradient boost*" or (cluster* adj2 (analys* or 
algorithm*)) or clustering or ("computer vision" not "computer vision syndrome") or "sentiment analysis" or "probabilistic 
graphical model*" or "structured probabilistic model*" or "generative adversarial network*" or "dimension reduction" or 
"kernal method*" or "least squares kernal" or "multilayer perceptron" or "Multi-Layer Perceptron" or "principal component 
analysis" or "gradient boosting" or xgboost* or catboost or "Pattern recognition" or "recurrence quantification analys*" or 
"functional data analys*" or "functional data boost*" or FDboost).mp.830664

3. (classification or classifying).ti,bt. 105877

4. 1 or 2 or 3 956456

5. Ultrasonography/ 210144

6. (Ultrasound* or ultrasonograph*).mp.597367

7. 5 or 6 597367

8. exp Fractures, Bone/ 222545

9. (fracture* or ((broken or break or breaks) adj5 (femur* or femoral or ulnar* or ulna or humeral* or tibia* or fibula* or 
shoulder* or radius or elbow* or arm or arms or leg or legs or "upper extremit*" or "lower extremit*" or spine or spinal or 
back or neck or necks or skull or vertebra* or hip or hips or bone* or wrist or foot or feet or toe or toes or facial))).mp.

10. 8 or 9

11. 4 and 7 and 10 75

Embase <1974 to 2025 August 14> (OVID interface)
Date searched: Aug 17, 2025
Results: 144
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Table S2. Embase search strategy for systematic review and meta-analysis

1. exp artificial intelligence/ or exp machine learning/ or natural language processing/

2. ("Artificial intelligence" or ((AI or "pattern recognition") adj8 (diagnos* or screen* or detect* or decision* or monitor* or 
insight* or algorithm* or tool or tools or analy* or program* or tech* or software or model* or "image enhancement")) or 
"deep learning" or "machine learning" or "predictive analytics" or "neural network*" or (classification adj2 (model or models 
or approach or approaches or algorithm*)) or "support vector machine" or "relevance vector machine" or "random forest" 
or "causal forest" or classifier* or "supervised learning" or "unsupervised learning" or "reinforcement learning" or "computer 
heuristic*" or "decision tree" or "feature detection" or (Markov adj3 model*) or "learning algorithm*" or ((multifactor* or 
multicriteria or multi-factor or multi-criteria) adj3 "decision analysis") or "nearest neighbo*" or kNN or k-NN or k-means 
or "neural net*" or "outlier detection" or "network learning" or "transfer learning" or "ensemble learning" or "Bayesian 
learning" or Bayesian method* or Bayesian network* or "gradient boost*" or (cluster* adj2 (analys* or algorithm*)) or 
clustering or ("computer vision" not "computer vision syndrome") or "sentiment analysis" or "probabilistic graphical model*" 
or "structured probabilistic model*" or "generative adversarial network*" or "dimension reduction" or "kernal method*" or 
"least squares kernal" or "multilayer perceptron" or "Multi-Layer Perceptron" or "principal component analysis" or "gradient 
boosting" or xgboost* or catboost or "Pattern recognition" or "recurrence quantification analys*" or "functional data analys*" 
or "functional data boost*" or FDboost).mp.

3. (classification or classifying).ti,bt. 120910

4. 1 or 2 or 3 1316167

5. (Ultrasound* or ultrasonograph*).tw.	 714012

6. exp fracture/ 412476

7. (fracture* or ((broken or break or breaks) adj5 (femur* or femoral or ulnar* or ulna or humeral* or tibia* or fibula* or 
shoulder* or radius or elbow* or arm or arms or leg or legs or "upper extremit*" or "lower extremit*" or spine or spinal or 
back or neck or necks or skull or vertebra* or hip or hips or bone* or wrist or foot or feet or toe or toes or facial))).mp.

8. 6 or 7	 540644

9. 4 and 5 and 8	 144

Scopus (Scopus Interface) (Advanced Search)
Date searched: Aug 17, 2025
Results: 174
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Table S3. Scopus search strategy for systematic review and meta-analysis

1. ( TITLE-ABS-KEY ( "Artificial intelligence" OR ( ( AI OR 
"pattern recognition" ) W/8 ( diagnos* OR screen* OR detect* 
OR decision* OR monitor* OR insight* OR algorithm* OR 
tool OR tools OR analy* OR program* OR tech* OR software 
OR model* OR "image enhancement" ) ) OR "deep learning" 
OR "machine learning" OR "predictive analytics" OR "neural 
network*" OR ( classification W/2 ( model OR models OR 
approach OR approaches OR algorithm* ) ) OR "support 
vector machine" OR "relevance vector machine" OR "random 
forest" OR "causal forest" OR classifier* OR "supervised 
learning" OR "unsupervised learning" OR "reinforcement 
learning" OR "computer heuristic*" OR "decision tree" 
OR "feature detection" OR ( Markov W/3 model* ) OR 
"learning algorithm*" OR ( ( multifactor* OR multicriteria 
OR multi-factor OR multi-criteria ) W/3 "decision analysis" 
) OR "nearest neighbo*" OR kNN OR k-NN OR k-means 
OR "neural net*" OR "outlier detection" OR "network 
learning" OR "transfer learning" OR "ensemble learning" OR 
"Bayesian learning" OR "Bayesian method*" OR "Bayesian 
network*" OR "gradient boost*" OR ( cluster* W/2 ( analys* 
OR algorithm* ) ) OR clustering OR "computer vision" OR 
"sentiment analysis" OR "probabilistic graphical model*" OR 
"structured probabilistic model*" OR "generative adversarial 
network*" OR "dimension reduction" OR "kernal method*" 
OR "least squares kernal" OR "multilayer perceptron" OR 
"Multi-Layer Perceptron" OR "principal component analysis" 
OR "gradient boosting" OR xgboost* OR catboost OR 
"Pattern recognition" OR "recurrence quantification analys*" 
OR "functional data analys*" OR "functional data boost*" 
OR FDboost ) OR TITLE ( classification OR classifying ) 
) AND TITLE-ABS ( Ultrasound* OR ultrasonograph* ) 
AND TITLE-ABS-KEY ( fracture* OR ( ( broken OR break 
OR breaks ) W/5 ( femur* OR femoral OR ulnar* OR ulna 
OR humeral* OR tibia* OR fibula* OR shoulder* OR radius 
OR elbow* OR arm OR arms OR leg OR legs OR "upper 
extremit*" OR "lower extremit*" OR spine OR spinal OR back 
OR neck OR necks OR skull OR vertebra* OR hip OR hips 
OR bone* OR wrist OR foot OR feet OR toe OR toes OR 
facial ) ) )

Web of Science Core Collection
Date searched: Aug 17, 2025
Results: 165
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Table S4. Web of Science search strategy for systematic review and meta-analysis

1. ( TS=( "Artificial intelligence" OR ( ( AI OR "pattern 
recognition" ) NEAR/8 ( diagnos* OR screen* OR detect* OR 
decision* OR monitor* OR insight* OR algorithm* OR tool 
OR tools OR analy* OR program* OR tech* OR software 
OR model* OR "image enhancement" ) ) OR "deep learning" 
OR "machine learning" OR "predictive analytics" OR "neural 
network*" OR ( classification NEAR/2 ( model OR models 
OR approach OR approaches OR algorithm* ) ) OR "support 
vector machine" OR "relevance vector machine" OR "random 
forest" OR "causal forest" OR classifier* OR "supervised 
learning" OR "unsupervised learning" OR "reinforcement 
learning" OR "computer heuristic*" OR "decision tree" OR 
"feature detection" OR ( Markov NEAR/3 model* ) OR 
"learning algorithm*" OR ( ( multifactor* OR multicriteria OR 
multi-factor OR multi-criteria ) NEAR/3 "decision analysis" ) 
OR "nearest neighbo*" OR kNN OR k-NN OR k-means OR 
"neural net*" OR "outlier detection" OR "network learning" 
OR "transfer learning" OR "ensemble learning" OR "Bayesian 
learning" OR "Bayesian method*" OR "Bayesian network*" 
OR "gradient boost*" OR ( cluster* NEAR/2 ( analys* OR 
algorithm* ) ) OR clustering OR "computer vision" OR 
"sentiment analysis" OR "probabilistic graphical model*" OR 
"structured probabilistic model*" OR "generative adversarial 
network*" OR "dimension reduction" OR "kernal method*" 
OR "least squares kernal" OR "multilayer perceptron" OR 
"Multi-Layer Perceptron" OR "principal component analysis" 
OR "gradient boosting" OR xgboost* OR catboost OR 
"Pattern recognition" OR "recurrence quantification analys*" 
OR "functional data analys*" OR "functional data boost*" OR 
FDboost ) OR TI=( classification OR classifying ) ) AND 
TS=( Ultrasound* OR ultrasonograph* ) AND TS=( fracture* 
OR ( ( broken OR break OR breaks ) NEAR/5 ( femur* OR 
femoral OR ulnar* OR ulna OR humeral* OR tibia* OR 
fibula* OR shoulder* OR radius OR elbow* OR arm OR arms 
OR leg OR legs OR "upper extremit*" OR "lower extremit*" 
OR spine OR spinal OR back OR neck OR necks OR skull 
OR vertebra* OR hip OR hips OR bone* OR wrist OR foot 
OR feet OR toe OR toes OR facial ) ) )

CINAHL Plus with Full Text (EBSCOhost interface)
Date searched: Aug 17, 2025
Results: 22
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Table S5. CINAHL search strategy for systematic review and meta-analysis

S1 (MH "Artificial Intelligence") OR (MH "Machine Learning+") OR (MH "Artificial Intelligence, Generative+") OR 
(MH "Intelligent Systems+") OR (MH "Natural Language Processing") OR (MH "Neural Networks (Computer)+") OR 
( "Artificial intelligence" OR ( ( AI OR "pattern recognition" ) N8 ( diagnos* OR screen* OR detect* OR decision* OR 
monitor* OR insight* OR algorithm* OR tool OR tools OR analy* OR program* OR tech* OR software OR model* OR 
"image enhancement" ) ) OR "deep learning" OR "machine learning" OR "predictive analytics" OR "neural network*" 
OR ( classification N2 ( model OR models OR approach OR approaches OR algorithm* ) ) OR "support vector machine" 
OR "relevance vector machine" OR "random forest" OR "causal forest" OR classifier* OR "supervised learning" OR 
"unsupervised learning" OR "reinforcement learning" OR "computer heuristic*" OR "decision tree" OR "feature detection" 
OR ( Markov N3 model* ) OR "learning algorithm*" OR ( ( multifactor* OR multicriteria OR multi-factor OR multi-
criteria ) N3 "decision analysis" ) OR "nearest neighbo*" OR kNN OR k-NN OR k-means OR "neural net*" OR "outlier 
detection" OR "network learning" OR "transfer learning" OR "ensemble learning" OR "Bayesian learning" OR "Bayesian 
method*" OR "Bayesian network*" OR "gradient boost*" OR ( cluster* N2 ( analys* OR algorithm* ) ) OR clustering OR 
"computer vision" OR "sentiment analysis" OR "probabilistic graphical model*" OR "structured probabilistic model*" 
OR "generative adversarial network*" OR "dimension reduction" OR "kernal method*" OR "least squares kernal" OR 
"multilayer perceptron" OR "Multi-Layer Perceptron" OR "principal component analysis" OR "gradient boosting" OR 
xgboost* OR catboost OR "Pattern recognition" OR "recurrence quantification analys*" OR "functional data analys*" OR 
"functional data boost*" OR FDboost ) OR TI( classification OR classifying )

S2 (MH "Ultrasonography") OR ( Ultrasound* OR ultrasonograph* )

S3 (MH "Fractures+") OR ( fracture* OR ( ( broken OR break OR breaks ) N5 ( femur* OR femoral OR ulnar* OR ulna 
OR humeral* OR tibia* OR fibula* OR shoulder* OR radius OR elbow* OR arm OR arms OR leg OR legs OR "upper 
extremit*" OR "lower extremit*" OR spine OR spinal OR back OR neck OR necks OR skull OR vertebra* OR hip OR 
hips OR bone* OR wrist OR foot OR feet OR toe OR toes OR facial ) ) )

S4 1 AND 2 AND 3
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