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ABSTRACT 
Unnoticed fractures on radiographs remain a patient-safety issue, as high-volume emergency 
radiology, excessive fatigue, irregular cortical disruption, and inconsistent interpretative skills 
create conditions conducive to diagnostic error. This article entails a secondary rapid review of 
the artificial intelligence-aided detection of fractures on plain radiographs. Secondary reviews 
and reporting structures informed the literature review and theoretical framing; the findings were 
carefully limited to primary research on diagnostics, reader performance and workflow. They 
were used to code twenty main studies using the thematic analysis. Three findings emerged. 
First, standalone AI demonstrated high sensitivity and specificity for limited tasks depending on 
anatomy; however, accuracy decreased for less pronounced, older, irregular, or represented 
fractures. Second, AI was most robust as a second reader: most reader experiments showed 
increased sensitivity, including smaller, less stereotyped specificity and reading-time variations. 
Third, the risks of bias and implementation were not thoroughly reported, particularly the 
subgroup performance by age, bone type, image quality, and clinical setting. This evidence 
justifies the use of supervised AI as a backup, not a substitute for clinical judgement. Future 
research ought to focus on prospective multicenter validation, transparent subgroup audit, 
workflow outcomes, and post-deployment monitoring. 
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INTRODUCTION 
Plain radiography remains the initial 
investigation in most suspected fractures. 
Still, it is also an environment where subtle 
perceptual errors can lead to delayed care, 
suffering, repeated visits and unnecessary 
litigation. One examined instance of an 
evidence review in a United States 
emergency department identified diagnostic 
error as one of the most frequent missed 
conditions and approximated 2 million 
emergency-related fractures per year in 2020 
(Newman-Toker et al., 2022). In older 

clinical audit data, it is also demonstrated 
that fracture errors are not uncommon: in a 
sample of emergency departments, 3.1% of 
fractures that were not initially missed were 
confirmed as fractures, and most unnoticed 
fractures affected treatment (Hallas & 
Ellingsen, 2006). These statistics are 
important because radiographs are 
interpreted under time constraints by 
heterogeneous teams of emergency doctors, 
radiographers, radiologists, residents and 
orthopaedic clinicians. 
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The use of artificial intelligence (AI), 
especially convolutional neural network 
systems, has thus been encouraged as a 
second reader of trauma radiographs. It is 
not just increased accuracy. AI may triage 
positive cases, highlight suspicious areas, 
minimize false negatives, and assist less-
skilled clinicians. Nevertheless, the accuracy 
of curated data does not necessarily mirror 
clinical value. Performance can be impacted 
by fracture prevalence, radiograph 
projection, skeletal maturity, implants, 
degenerative change, aging injury, body 
region, and reader behavior. This article is a 
critical review of the question: Do AI-
assisted fracture detection methods increase 
diagnostic accuracy and workflow 
efficiency, and is the current body of 
knowledge sufficient to discuss the bias and 
implementation risks? 
 
METHODS 
A secondary rapid review design was used. 
The literature review used a secondary 
review, standards of methodology and 
theory of human-automation; however, these 
papers were not coded as findings. Only 
primary studies on AI to identify fractures 
on plain radiographs, identify the location of 
fractures, classify fractures, or assist readers 
in plain radiographs were included in the 
findings. PubMed, Google Scholar, 
ScienceDirect, SpringerLink, and Widegest 
journals were searched using combinations 
of fracture, radiograph, X-ray, artificial 
intelligence, deep learning, reader study, 
workflow, and diagnostic accuracy, along 
with anatomical terms (wrist, elbow, hip, 
humerus, and appendicular skeleton). The 
findings excluded CT-only studies, non-
radiograph imaging, editorial articles, pure 
simulation papers and review papers. 
Data were summarized on design, size, 
anatomic focus, model, reference standard, 
reader group, sensitivity, specificity, area 

under the curve, reading time, as well as 
limitations related to bias or generalizability. 
Familiarization was followed by thematic 
analysis, which was open-ended, developed 
themes, reviewed, and named, as in Braun 
and Clarke (2006). The primary study set 
comprised 20 studies; this met the 
instruction that findings were supposed to 
utilise at least 15 to 20 primary articles. 
Critical appraisal took into account spectrum 
bias, high-training sites, external validation, 
funding, independent subgroups, subgroup 
reporting, and whether workflow reveals 
were quantified outside laboratories. 
Literature Review and Critical 
Framework 
Recent secondary sources indicate that AI 
fracture detection is technically mature, but 
unevenly so. The pooled sensitivity and 
specificity were reported to be high by Kuo 
et al. (2022), but a significant proportion of 
studies had a high risk of bias, and few had 
prospective clinical validation. The study by 
Nowroozi et al. (2024) also reported high 
pooled diagnostic accuracy on a larger 
literature base but cautioned that, while 
radiologists were still better, settings and 
bias were prevalent. Husarek et al. (2024) 
reported pooled sensitivities and specificities 
of nearly 0.90 in a commercial-product 
meta-analysis, though they noted that 
performance estimates may be affected by 
funding and study design. The findings of 
these reviews support a skeptical hypothesis 
that AI will probably be helpful, but that 
guided improvement, rather than unguided 
substitution, will be the most plausible. 
The theoretical approach taken in this case is 
a combination of diagnostic-accuracy 
science and the human-automation theory. 
STARD (2015), CLAIM, TRIPOD+AI and 
PRISMA focus on open reporting, 
predefined data sources and representative 
samples, external validation and repeated 
analyses (Bossuyt et al., 2015; Collins et al., 
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2024; Mongan et al., 2020; Page et al., 
2021). The human-automation theory further 
asserts that one can use a tool, abuse it, or 
disuse it, depending on the level of trust, 
interface design, feedback, and 
accountability (Endsley, 2017; Parasuraman 
& Riley, 1997). The implication of this in 
fracture imaging is that even a model with 
high standalone accuracy can still be 
detrimental to practice if it promotes 
overtrust, distracts readers, yields 
unexplained false positives or does not 
perform in underrepresented patients. 
Other arguments in the implementation 
literature argue for treating medical artificial 
intelligence as a sociotechnical intervention 
rather than a plug-in diagnostic device. 
Kelly et al. (2019), Varoquaux and 
Cheplygina (2022), Yu et al. (2022), and 
Brady et al. (2024) emphasize local 
validation, monitoring data shifts, 
governance, and workflow measurement. 
Health AI literature bias also demonstrates 
how seemingly valid algorithms can recreate 
unseen errors when training labels, patient 
mix or outcome proxies are biased 
(Obermeyer et al., 2019; World Health 
Organization, 2021). These principles 
outline subsequent thematic synthesis of 
primary research. 
Results: Thematic Analysis of Primary 
Studies. 
Table 1 presents the 20 major studies 
included in the thematic synthesis, along 
with their coding. The trend is negative but 
not linear: the most effective evidence 
comes from studies of reader aids and 
limited anatomy tasks, whereas assessing 
greater appendicular trauma and detecting 
minute fractures are more challenging. 
Table 1 
Primary studies included in the findings synthesis 
Study Primary 

design and 
sample 

AI task or 
anatomy 

Key result and 
critical 
comment 

Olczak et al. 
(2017). 

256,000 wrist, 
hand, and 
ankle 

Fracture 
detection and 
classification 

Accuracy about 
83%; a large 
dataset, but an 

Study Primary 
design and 
sample 

AI task or 
anatomy 

Key result and 
critical 
comment 

radiographs early low-
resolution 
approach limits 
modern 
comparability. 

Kim & 
MacKinnon 
(2018). 

Lateral wrist 
radiographs 
with transfer 
learning 

Distal radius 
fracture 
detection 

AUC 0.954; 
sensitivity 0.90 
and specificity 
0.88, but the test 
size was modest. 

Chung et al. 
(2018). 

1,891 
shoulder 
radiographs 

Proximal 
humerus 
detection and 
classification 

Detection 
sensitivity was 
0.99, and 
specificity was 
0.97; 
classification 
performance was 
lower than that of 
binary detection. 

Lindsey et al. 
(2018). 

Reader-
performance 
experiment 

Subtle 
extremity 
fractures 

AI assistance 
reduced 
misinterpretation 
and improved 
sensitivity, 
supporting 
second-reader 
use. 

Rayan et al. 
(2019). 

21,456 
pediatric 
elbow studies 

Multiview 
pediatric 
elbow 
classification 

AUC 0.95; 
performance was 
strong, but the 
task was 
anatomically 
narrow. 

Adams et al. 
(2019). 

Neck-of-
femur 
radiograph 
experiment 

Hip fracture 
detection 

Deep learning 
accuracy 
improved with 
augmentation; 
highlights 
dependence on 
training design. 

Krogue et al. 
(2020). 

1,118 hip and 
pelvic 
radiograph 
studies 

Hip fracture 
detection and 
classification 

Binary sensitivity 
93.2% and 
specificity 
94.2%; aided 
residents 
approached the 
attending 
performance. 

Cheng et al. 
(2020). 

Development, 
validation, 
and real-
world hip 
radiograph 
evaluation 

Human-
algorithm 
integration 

Integrated 
reading 
outperformed 
physicians or an 
algorithm alone; 
strong evidence 
for supervised 
teaming. 

Duron et al. 
(2021). 

Multicenter 
reader study, 
600 patients 

Adult 
appendicular 
fractures 

AI improved 
sensitivity from 
70.8% to 79.4% 
and specificity 
from 89.5% to 
93.6%. 

Guermazi et 
al. (2022). 

Multireader 
study across 
clinicians and 
radiologists 

Appendicular 
fractures 

Sensitivity 
increased from 
64.8% to 75.2%; 
reading time 
shortened, but 
laboratory design 
limits workflow 
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Study Primary 
design and 
sample 

AI task or 
anatomy 

Key result and 
critical 
comment 
inference. 

Nguyen et al. 
(2022). 

Pediatric and 
young adult 
reader study, 
300 
radiographs 

Appendicular 
fractures 

Sensitivity 
improved from 
73.3% to 82.8%; 
specificity 
changed little, 
suggesting 
detection rather 
than rule-in gain. 

Huhtanen et 
al. (2022). 

4,423 elbow 
radiographs 

Elbow 
effusion as a 
fracture-
related marker 

AI-matched 
radiologists for 
effusion; relevant 
to occult fracture 
screening, but not 
a direct fracture 
endpoint. 

Zech et al. 
(2023) 

395 pediatric 
wrist 
radiographs 

Object 
detection 

Accuracy 88%; 
residents 
improved with 
AI, yet 
outperformed AI 
in disagreement 
cases. 

Oppenheimer 
et al. (2023). 

Prospective 
clinical 
workflow, 
1,163 exams 

Trauma 
radiograph 
integration 

Assisted 
sensitivity 
reached 91.28%; 
AI alone had 
lower specificity, 
underscoring the 
need for human 
review. 

Zhang et al. 
(2023). 

3,240 patients Distal radius 
detection 

Ensemble 
sensitivity 
95.70% and 
specificity 
98.37%; strong 
for a focused 
anatomical task. 

Bachmann et 
al. (2024). 

Fully crossed 
multireader 
study, 340 
exams 

Emergency 
radiograph 
support 

Sensitivity rose 
from 72% to 
80%; missed 
fractures fell by 
29% without a 
significant time 
penalty. 

Russe et al. 
(2024). 

2,856 distal 
radius 
examinations 

Classification, 
segmentation, 
and 
commercial 
detection 

Commercial AI 
sensitivity and 
specificity were 
0.95; 
segmentation was 
more explainable 
but less sensitive. 

Binh et al. 
(2024). 

Pediatric 
distal forearm 
images 

Multi-class 
AO/OTA 
classification 

AUC near expert 
level, but class-
level sensitivity 
varied, revealing 
fracture-type 
heterogeneity. 

Koskinen et 
al. (2025) 

998 
emergency 
radiographs 

Two 
commercial 
algorithms 

Both tools 
showed similar 
accuracy; subtle 
abnormalities 
dominated false 
negatives. 

Bruun et al. 
(2026) 

2,783 patients Independent 
bone-level 
appendicular 
evaluation 

Sensitivity and 
specificity were 
89% and 88%; 
old fractures and 
irregular short 

Study Primary 
design and 
sample 

AI task or 
anatomy 

Key result and 
critical 
comment 
bones reduced 
accuracy. 

Theme 1: Accuracy is high, but 
concentrated in narrow anatomical tasks 
The majority of the primary studies showed 
accuracy that had diagnostically significant 
results in localized body areas. The AUC or 
sensitivity of wrist and distal radius studies 
was high, as reported by Kim and 
MacKinnon (2018), Zhang et al. (2023), and 
Russe et al. (2024). Shoulder, elbow, and 
hip tasks also worked well on focused tasks 
(Chung et al., 2018; Krogue et al., 2020; 
Rayan et al., 2019). Figure 2 displays this 
trend: the overall standalone performance is 
quite high, yet differs with anatomical focus. 
The major limitation is that high accuracy 
on a constrained dataset may be partly due 
to a less complex case mix, a higher 
prevalence of fractures, or less-contaminated 
labels compared with actual emergency 
practice. As such, the evidence should not 
be interpreted as indicating that a single 
generic AI tool will be equally effective 
across all bones, ages, and fracture types. 

 
Figure 2. Standalone sensitivity and specificity 
reported in selected primary studies. The figure 

supports Theme 1 by showing strong but anatomy-
dependent performance. 

Theme 2: AI adds most value as a second 
reader 
The best clinical outcome was a sensitive 
reader following AI aid. The results of 
Lindsey et al. (2018), Cheng et al. (2020), 
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Duron et al. (2021), Guermazi et al. (2022), 
Nguyen et al. (2022), Oppenheimer et al. 
(2023), and Bachmann et al. (2024) all 
demonstrate higher sensitivity or reduced 
missed fractures with the use of AI. Figure 1 
demonstrates that sensitivity gain was more 
consistent than specificity gain. This is 
clinically important since fracture AI seems 
to minimize false negatives, especially when 
there are less experienced readers or in high-
volume environments. However, the favor is 
not free. Other studies either employed 
enriched datasets, immediate exposure to 
AI, or a retrospective reader design, and this 
can be overly suggestive of daily practice 
effects. Oppenheimer et al. (2023) is more 
robust in that it was prospective, but also 
less specific to AI-only than to human 
readers; thus, its unsupervised use should be 
considered dangerous. 

 
Figure 1. Absolute percentage point changes in 

reader sensitivity and specificity after AI assistance. 
The figure indicates that AI mainly improves 

detection sensitivity. 

Theme 3: Bias and failure modes are 
visible but incompletely reported 
The main evidence unravels many modes of 
failure. In pediatrics, a single case of 
bacterial infection was reported as worthy of 
an AI application, but performance is worse 
depending on the type of fracture and 
radiographic appearance (Binh et al., 2024; 
Nguyen et al., 2022; Rayan et al., 2019; 
Zech et al., 2023). In wider emergency 
radiographs, commercial algorithms failed 
to detect numerous minor abnormalities 
(Koskinen et al., 2025). Weaker outcomes 

were observed in old fractures and irregular 
short bones in independent tests of fracture 
bone at a bone level (Bruun et al., 2026). 
These results are clinically significant 
because emergency radiographs are not a 
balanced test set. They consist of old 
trauma, growth plates, casts, hardware, 
osteopenia, degenerative change, and 
positioning issues. Not many reported 
performance by age, sex, ethnicity, scanner, 
radiographic projection, fracture chronicity, 
or socioeconomic group. Therefore, bias 
cannot be eliminated due to the high 
headline accuracy. 

Theme 4: Workflow benefit depends on 
governance, interface, and accountability 
There was less reporting of workflow 
outcomes than of accuracy. Guermazi et al. 
(2022) and Duron et al. (2021) proposed that 
it might save reading time or, at least, 
prevent interpretation delays, and Bachmann 
et al. (2024) did not report a significant time 
penalty. Oppenheimer et al. (2023) 
demonstrated that prospective integration 
can alter clinical interpretations and lead to 
the detection of more fractures. However, 
there is still scant evidence in the workflow: 
only a handful of studies have measured 
patient outcomes, downstream imaging, 
return visits, reporting delays, alert fatigue, 
and clinician trust. Figure 3 summarizes the 
thematic coding and shows that accuracy 
was mentioned relatively often, whereas 
workflow and bias were less frequently 
mentioned. 

 
Figure 3. Thematic coding frequency across the 20 

primary studies. Evidence of accuracy was abundant, 
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while evidence of workflow and bias was less 
developed. 

Table 2 
Thematic synthesis matrix 
Theme Supporting 

primary 
evidence 

Interpretatio
n 

Critical gap 

Accuracy 
and 
validation 

Kim; Chung; 
Rayan; 
Krogue; 
Zhang; 
Russe 

Strong 
performance in 
focused tasks 
supports 
technical 
feasibility. 

Generalizabilit
y to broader 
emergency 
practice is 
uncertain. 

Human-AI 
workflow 

Lindsey; 
Cheng; 
Duron; 
Guermazi; 
Nguyen; 
Oppenheime
r; Bachmann 

AI behaves 
most credibly 
as a second 
reader, 
reducing 
misses. 

Patient-level 
outcomes, 
alert fatigue, 
and clinical 
accountability 
are rarely 
measured. 

Bias and 
failure 
modes 

Binh; Zech; 
Koskinen; 
Bruun; 
Nguyen 

Accuracy 
varies by age, 
anatomy, 
chronicity, and 
subtlety. 

Subgroup 
audit is 
incomplete, so 
inequitable 
performance 
remains 
possible. 

Explainabilit
y 

Russe; Zech; 
Lindsey; 
commercial-
reader 
studies 

Localization 
may help build 
trust and 
correct misses. 

Black-box 
classification 
can be 
accurate but 
difficult to 
verify at the 
point of care. 

DISCUSSION 
This review concurs with the secondary 
meta-analyses that AI detection of fractures 
has high average diagnostic accuracy, but it 
introduces an additional, more conservative 
interpretation. Kuo et al. (2022) and 
Nowroozi et al. (2024) have reported pooled 
sensitivities and specificities of 0.90 or 
greater, but the primary studies illustrate 
why pooled values are misleading. AI 
performs best when anatomy, projection and 
fracture types are managed. An unbalanced 
case mix, such as subtle abnormalities, old 
fractures, irregular short bones, or pediatric 
forms, adds to the fragility of performance 
(Bruun et al., 2026; Koskinen et al., 2025; 
Zech et al., 2023). Thus, it is not whether AI 
is capable of detecting fractures, but rather 
where, to whom, and under what supervision 
it can safely decrease diagnostic error. 

The results also assert the human-
automation theory. According to 
Parasuraman and Riley (1997) and Endsley 
(2017), automation may enhance 
performance but also falsifies attention and 
trust. The largest gains were recorded in the 
primary evidence, where AI served as a 
visible second reader rather than an 
independent decision-maker (Cheng et al., 
2020; Duron et al., 2021; Guermazi et al., 
2022). This is in line with the review results, 
which indicate that sensitivity tends to 
improve rather than specificity. That makes 
AI clinically applicable as a safety net for 
missed fractures, but not a replacement for a 
radiologist or orthopaedic opinion. The 
decreased standalone specificity indicated in 
certain prospective and commercial 
environments diminishes the probability of 
false alarms, redundant follow-up, or 
overreliance in the case of poorly regulated 
implementation (Husarek et al., 2024; 
Oppenheimer et al., 2023). 
The primary literature is not very advanced 
compared to the methodological guidance. 
CLAIM and STARD 2015 promote 
representative populations, open reporting, 
external validation, and bias evaluation 
(Bossuyt et al., 2015; Collins et al., 2024; 
Mongan et al., 2020; Wolff et al., 2019). 
PROBAST and TRIPOD+AI promote 
similar measures (Bossuyt et al., 2015; 
Collins et al., 2024; Mongan et al., 2020; 
Wolff et al., 2019). However, numerous AI 
research projects still tend to focus on 
retrospective accuracy instead of prospective 
workflow and equality of outcomes. This is 
a fundamental limitation, since emergency 
radiography is a living service, not merely 
an image-classification bench test. Local 
validation, reader training, threshold tuning, 
false-positive and false-negative monitoring, 
and subgroup reporting must be considered 
minimum governance conditions, in line 
with general suggestions on clinical AI use 
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(Brady et al., 2024; Kelly et al., 2019; Yu et 
al., 2022). 
Lastly, the bias question remains 
unanswered. More general literature on AI 
ethics cautions that algorithms can seem 
objective, even though they replicate 
concealed injustices in data, labels, or 
deployment contexts (Obermeyer et al., 
2019; World Health Organization, 2021). In 
fracture identification, bias can be caused by 
age-related anatomy, childhood growth 
plates, osteoporosis, hardware effect, image 
quality, or poor/underperforming patterns of 
trauma. The primary studies included 
seldom looked at these issues systematically. 
Therefore, the potential of AI-enhanced 
fracture detection is not an empty threat, and 
the evidence base is solid for technical 
augmentation rather than outcome-
enhancing transformation in the form of 
equity. 
CONCLUSION 
Detection of fractures on plain radiographs 
with the aid of AI has a promising clinical 
potential, particularly as a second reader, 
which is less prone to missing fractures and 
can support shortcuts or high-volume 
interpretation. In 20 major studies, most 
systems demonstrated useful accuracy, and 
reader studies generally indicated better 
sensitivity. Nonetheless, the scientific 
grounds are not robust enough to warrant the 
independent replacement of clinicians. 
Anatomy dependence: Accuracy is 
incompletely reported; subgroup bias: 
Subgroup bias is dependent on anatomy; 
workflow evidence usually stops at reading 
time, not patient outcomes. Only with local 
validation, clear accountability, prospective 
audit, and ongoing monitoring of subgroup 
performance, false negatives, false positives, 
and subgroup performance, should AI come 
to orthopaedic and radiology services. This 
article concludes that AI has the potential to 
enhance fracture diagnosis when used as a 

guided clinical aid, but not as a black-box 
replacement for experience. 
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