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ABSTRACT 

Introduction and Purpose. Fractures are a major global health burden, and a non-trivial fraction of fractures presenting to 
emergency and urgent care settings are initially missed on plain radiographs, causing diagnostic delay and avoidable 
morbidity. This review appraises the current state of deep learning for fracture detection on conventional radiography, 
addressing standalone accuracy, the effect of algorithmic assistance on readers, and the conditions of clinical integration. 
Brief Description of the State of Knowledge. Across recent meta-analyses, pooled sensitivity and specificity for fracture 
detection on radiographs cluster in the low-to-mid nineties, with summary AUROC approaching 0.97 in the largest synthesis. 
The literature is unevenly distributed across the skeleton: the wrist and the hip dominate the evidence base, the pediatric 
elbow is moderately developed, and other regions remain represented by only a handful of studies. Algorithmic assistance 
lifts reader sensitivity by several percentage points without a specificity penalty, with the largest gains in clinicians who have 
less musculoskeletal imaging experience. 
Summary. Deep learning is mature for narrow fracture-detection tasks in the appendicular skeleton, but not yet for broad 
deployment claims. External validation across institutions and vendors, prospective evaluation tied to clinical endpoints, and 
standards-based integration into PACS and reporting infrastructure are the conditions that would move these tools from 
accuracy benchmarks toward measurable patient benefit. The clearest near-term value lies in decision support that narrows 
the diagnostic gap for less experienced readers. 

KEYWORDS 
Deep Learning, Convolutional Neural Networks, Fractures, Bone, Radiography, Diagnostic Imaging, Artificial Intelligence, 
Clinical Decision Support Systems 
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Dyś, M. (2026). Deep learning–assisted fracture detection on plain radiographs: Diagnostic accuracy, clinical integration, 
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COPYRIGHT 
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adapted, displayed, distributed, republished, or reused for any purpose, including adaptation and commercial use, as long as 
proper attribution is provided. 

1. Introduction 

1.1. Epidemiology of Bone Fractures as a Public Health Concern 
Fractures are a major and growing global burden. In the Global Burden of Disease (GBD) 2019 analysis 

there were 178 million new fractures and 455 million prevalent cases worldwide in that single year, and fractures 

accounted for 25.8 million years lived with disability; although age-standardized rates declined slightly, the absolute 

number of fractures rose substantially (1). A later GBD analysis reached the same qualitative conclusion, describing 

fractures as a major contributor to disease burden and predicting that they will rise significantly in the years to come 

(2). The risk is concentrated in older adults and, in particular, in women, especially for hip and wrist fractures, with 

hip fracture incidence increasing steeply with advancing age (3). The burden is also less well characterized in lower-

resource settings, where a systematic review found that few studies had directly measured fracture incidence or 

prevalence despite widely reported clinical rates (4). 

Missed fractures add a second layer of burden, since they delay treatment and may lead to long-term 
disability. In emergency and urgent care settings, the cost of a missed fracture is therefore not merely a delayed 

diagnosis but prolonged pain, immobility, and a measurable risk of preventable downstream morbidity (5). 

With population ageing, the share of fragility fractures is expected to grow, which sharpens the case for any 

technology that can reduce diagnostic miss at the front line of imaging. 

1.2. The Role of Conventional Radiography in Diagnostic Algorithms 
Plain radiography remains the front-line test for most suspected fractures because it is quick, portable, 

and embedded in standard imaging algorithms. In the ACR Appropriateness Criteria for acute traumatic hip 
pain, radiography is described as the initial imaging modality of choice and can be performed portably in the 

trauma bay; the same guideline favors a cross-table lateral view over a frog-leg lateral view because of the risk 

of fracture displacement (6). Within the broader musculoskeletal pathway, radiography is the low-burden 
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starting point, while CT and MRI are typically reserved for problem-solving or for selected scenarios in which 

plain films are non-diagnostic (7). Current guidelines also emphasize judicious imaging in order to avoid 

unnecessary radiation exposure, minimize cost, and preserve diagnostic precision (8), a logic that is reflected 

in pathways such as the Ottawa knee and ankle rules and in selective first-line MRI for suspected scaphoid 

fracture once clinical examination has been performed (9). A cost-minimization analysis in primary care 

further confirmed that local radiographic diagnosis and initial treatment cost substantially less than transport 

to and treatment in hospital, reinforcing the central position of plain films in the early management of 

musculoskeletal trauma (10). 

The principal limitation of radiography is sensitivity, especially for occult or subtle fractures. Reviews 

repeatedly note concerns about the ability of radiographs to demonstrate certain fractures in the acute phase, 

and a systematic review of older patients sustaining low-energy falls found that plain radiography missed a 

substantial proportion of pelvic ring, rib, and thoracolumbar fractures (11). Technique and viewing conditions 

matter as well: a study using a trauma-meeting digital projector showed that subtle hip fractures were 

considerably less detectable on a non-diagnostic projector than on a validated monitor, so projection geometry 

and display quality can materially change what plain films reveal (12). These constraints set the practical 

horizon against which decision support tools must be evaluated. 

1.3. Characterization of Diagnostic Errors in Musculoskeletal Radiology 
Musculoskeletal radiology errors are usually grouped into two broad categories: perceptual errors, in 

which the relevant abnormality is not detected at all, and cognitive or interpretive errors, in which a finding is 

seen but its significance is misread. In practice, these two categories account for the bulk of missed diagnoses 

on plain films, with Bruno and colleagues separating perceptual from cognitive errors and Busby and 

colleagues distinguishing a miss from a misinterpretation (13, 14). 

In emergency department workflows, reported discrepancy or miss rates cluster in the low single digits. 

Studies in pediatric and mixed ED populations have reported roughly 1.8% to 5.4% overall discrepancy and 

approximately 3% for radiograph discordance, while broader reviews of trauma radiography document higher 

rates in selected high-risk settings, ranging from 9% to 25% depending on reader experience and case mix (15-

18). The most consistent predisposing factors are fatigue, circadian disruption, time pressure, and limited 

supervision. A Radiology editorial on diurnal effects noted that overnight radiologists made more errors than 

daytime readers and that fatigue impairs attention and decision making, and resident discrepancy studies have 

likewise shown higher error rates for overnight or after-hours work (19, 20). Technique and case complexity 

further compound this picture, because subtle fractures, overlapping bony structures, and image artefacts are 

disproportionately difficult to detect (14, 21). 

1.4. Evolution of Decision Support Systems in Radiology 
Computer-aided detection in radiology has shifted from feature-engineered pipelines to end-to-end deep 

neural networks over roughly a decade. Early systems relied on hand-crafted descriptors, while modern 

approaches learn task-relevant representations directly from labelled images, a transition that began in earnest 

after the 2012 ImageNet competition and accelerated with the widespread adoption of transfer learning. Vision 

transformers and hybrid convolutional–attention architectures have entered the medical-imaging literature in 

the period 2020–2023, complementing rather than displacing convolutional backbones (22, 23). The trajectory 

matters because it sets the technical baseline against which fracture-detection systems are now benchmarked: 
a contemporary fracture model is typically a deep convolutional network or transformer-based detector trained 

with substantial pretraining, evaluated against expert consensus, and assessed with curve-based as well as 

classification metrics. 

1.5. Rationale and Aims of the Present Review 
Although recent systematic reviews have synthesized pooled accuracy figures across heterogeneous 

tasks, an up-to-date narrative that simultaneously addresses technical foundations, anatomical performance, 

human–AI interaction, and the conditions of clinical integration remains comparatively scarce. The present 

review therefore aims to provide a critical appraisal of the diagnostic accuracy and translational maturity of 

deep learning algorithms for fracture detection on conventional radiography. Four guiding questions structure 

the synthesis: what is the diagnostic accuracy of contemporary models across distinct anatomical regions; to 

what extent does algorithmic assistance modify the performance of clinicians; what are the principal barriers 

to and facilitators of clinical integration; and which research directions remain insufficiently explored. 
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2. Theoretical and Methodological Foundations of Deep Learning 
Deep learning in medical image analysis has evolved from hand-crafted feature pipelines to end-to-end 

convolutional neural networks (CNNs), and subsequently to hybrid and transformer-based systems. Recent 
reviews consistently place CNNs, and especially residual and dense variants, at the center of classification and 
detection work, while U-Net-style encoder–decoder designs remain the default for segmentation; DeepLab-
style atrous convolution and newer hybrid CNN–Transformer designs are increasingly used when broader 
context or boundary precision matters (24-26). 

2.1. Convolutional Neural Networks — the Dominant Paradigm 
Reference convolutional architectures established the technical idiom on which most fracture-detection 

systems still build. EfficientNet showed that a balanced scaling of depth, width, and input resolution improves 
the accuracy–efficiency trade-off compared with arbitrary scaling of any single dimension (27), while 
Xception reframed the Inception module as a stack of depth wise separable convolutions, providing a clean, 
computationally efficient backbone that has been widely adopted in medical imaging (28). A short review of 
the 2012–2017 generation of architectures situates these developments within a broader trajectory of 
ImageNet-driven progress, in which depth, parameter count, and learned feature hierarchies were repeatedly 
traded against computational cost (29). For fracture detection, the practical consequence is that residual, dense, 
and Xception-style backbones dominate published pipelines, with successive layers of convolution, 
normalization, and pooling extracting features that are then fed into either a classification head or a downstream 
detection module. 

2.2. Object Detection and Semantic Segmentation Models 
When the clinical task requires not only an image-level decision but also the precise location of a lesion, 

the literature relies on two architectural families. Two-stage detectors, of which Faster R-CNN remains the 
canonical example, generate region proposals and then classify and refine them; the region proposal network 
introduced in that work continues to be the standard reference point for two-stage detection (30). One-stage 
detectors such as YOLO, RetinaNet, and SSD trade some accuracy for inference speed by predicting bounding 
boxes directly from feature maps. On the segmentation side, U-Net and its successors remain the default 
architectures in medical imaging, and a comprehensive review confirms the persistent success of U-Net-
derived designs across modalities (31); DoubleU-Net is one example of a stacked U-Net variant that has been 
used to refine boundary delineation in challenging segmentation tasks (32). For fracture-related tasks these 
segmentation backbones can support fracture-line delineation, bone segmentation as a preprocessing step, or 
attention-guided detection within an anatomically restricted region of interest. 

2.3. Transformer-Based Architectures in Medical Image Analysis 
Transformer-based architectures bring a fundamentally different inductive bias to image analysis, 

replacing the local receptive field of convolution with self-attention. The Swin Transformer introduced a 
hierarchical, window-based formulation that scales efficiently to dense prediction tasks and now serves as a 
common backbone in medical imaging (33), while Focal Attention provides a complementary framing in which 
local fine-grained interactions are combined with coarser global context (34). Self-attention is particularly 
attractive when long-range spatial dependencies matter, as is the case in detecting fracture patterns that span 
large portions of a radiograph or that are defined by relationships between non-adjacent anatomical landmarks. 
A systematic comparison of vision transformers with CNNs in medical image analysis found that transformer-
based models often perform competitively with, and in some settings better than, conventional CNNs, although 
pretraining is especially important for transformers and the results depend on dataset size and task type (22, 
35). 

2.4. Learning Paradigms 
Learning strategy matters at least as much as architecture. Supervised learning remains the prevailing 

standard in fracture detection, but the broader medical-imaging literature points consistently to self-supervised 
and semi-supervised methods as the most important response to limited labels, and to ImageNet pretraining, 
domain-specific pretraining, and foundation models as the main routes to improved robustness and data 
efficiency (25, 26). MedSAM is a representative example of the foundation-model turn: trained on a very large 
corpus of image–mask pairs spanning multiple anatomies and modalities, it was reported to deliver gains in 
accuracy and robustness over modality-specific specialist models (36). For musculoskeletal radiography this 
matters because real-world datasets are often small, heterogeneous, and label-noisy; the practical question is 
usually how to adapt a pretrained model to a narrow anatomical target, not how to train a large model from 
scratch on every site. A large transfer-learning benchmark in medical imaging reinforces this conclusion, 
showing that ConvNets transferred better and were more annotation-efficient than vision transformers, while 
self-supervised and domain-adaptive pretraining improved transfer performance for both families (37). 
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2.5. Data Augmentation and Regularization Strategies 
Data augmentation has become a routine component of fracture-detection pipelines and is no longer 

regarded as optional. A review focused on medical-imaging augmentation describes augmentation primarily 
as a robustness and regularization tool, mitigating the consequences of limited and unbalanced data rather than 
functioning merely as a way to enlarge the training set (38). Classical operations such as rotation, scaling, and 
reflection coexist with more sophisticated techniques including CutMix, MixUp, and generative-adversarial 
synthesis, while standard regularization devices, namely dropout, weight decay, and early stopping, are 
typically combined with augmentation rather than used as alternatives. 

2.6. Evaluation Metrics for Diagnostic Performance 
Evaluation should be tied to the task. Classification and detection studies usually report sensitivity, 

specificity, AUROC, and, for imbalanced detection problems, precision–recall or FROC-style curves, whereas 
segmentation studies rely more heavily on the Dice coefficient, intersection-over-union, and boundary-aware 
measures such as Hausdorff distance (24, 35). A segmentation guideline paper warns that metric choice and 
implementation can materially change conclusions, especially under class imbalance, and recommends 
standardized reporting rather than reliance on a single headline score (39). A systematic review and meta-
analysis of diagnostic accuracy in medical imaging similarly highlights heterogeneity in methods and reference 
standards, which complicates direct comparisons of sensitivity, specificity, and AUROC across studies (40). 
In a fracture-detection paper this implies that AUROC alone is insufficient: a model can look strong on curve-
based metrics yet still miss clinically important fractures, so sensitivity at the chosen operating point, false 
positives per image, and reader-setting or referral-standard validation are the numbers that matter most. 
Reference standards typically combine radiologist consensus, correlation with computed tomography or MRI, 
and, in some studies, clinical verification through follow-up. 

Table 1. Overview of deep learning architectures commonly used in fracture detection on plain 
radiographs. 

Architecture 

family 

Representative 

models 
Primary task Strengths Typical limitations 

CNN (residual / 

dense / efficient) 

ResNet, DenseNet, 

EfficientNet (27), 

Xception (28) 

Image-level 

classification 

Mature, computationally 

efficient, strong transfer 

learning from ImageNet 

(22, 29) 

Limited receptive 

field; pretraining bias 

toward natural-image 

features (37) 

Two-stage 

detectors 
Faster R-CNN (30) 

Object detection 

with region 

proposals 

High localisation 

accuracy; well-suited to 

bounding-box fracture 

annotation 

Slower inference; more 

complex training 

pipeline 

One-stage 

detectors 

YOLO, RetinaNet, 

SSD 
Object detection 

Real-time inference; 

appropriate for triage 

workflows 

Reduced sensitivity for 

small or subtle lesions 

Encoder–decoder 

(U-Net family) 

U-Net, DoubleU-

Net (32), nnU-Net 

Semantic 

segmentation 

Default architecture in 

medical imaging (31); 

precise boundary 

delineation 

Memory-intensive at 

high input resolutions 

Vision 

transformers 

ViT, Swin 

Transformer (33), 

Focal Attention 

(34) 

Classification and 

detection 

Long-range spatial 

context; competitive 

with CNNs given 

sufficient pretraining 

(23, 35) 

Data-hungry; 

performance dependent 

on pretraining strategy 

(37) 

Foundation / 

multimodal 

MedSAM (36), 

vision-language 

models 

Universal 

segmentation; 

multimodal 

reasoning 

Label efficiency through 

self-supervision; cross-

domain transfer (25) 

High compute cost; 

limited radiograph-

specific validation 
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3. Review Methodology 

3.1. Literature Search Strategy 
PubMed/MEDLINE, Embase, Scopus, Web of Science, IEEE Xplore, and the arXiv preprint repository 

were searched for studies. PubMed and Google Scholar were the primary search venues, supplemented by 
hand-searching of references in retrieved articles and recent meta-analyses. 

3.2. Eligibility Criteria 
Inclusion was restricted to original studies that validated deep learning algorithms applied to 

conventional radiography and reported diagnostic performance metrics. Studies limited to CT or MRI 
modalities, conference abstracts without peer review, single-case reports, and editorial pieces were excluded. 

3.3. Study Selection 
Articles judged relevant to the four research questions stated in Section 1.5 were selected purposively, 

with priority given to recent meta-analyses, multi-centre studies, prospective workflow studies, and primary 
studies offering distinctive methodological or clinical insight. 

3.4. Information Extracted from Included Studies 
For each study discussed in this review, key information was extracted in a structured manner to support 

consistent narrative comparison. This included dataset characteristics (size, source, single- versus multi-center, 
pediatric versus adult, anatomical region), model architecture and training strategy, reported performance 
metrics (sensitivity, specificity, AUROC, and where available reader-with-AI versus reader-alone 
comparisons), the presence and design of external validation, and the clinical setting in which the study was 
conducted. Where studies reported workflow or human–AI interaction outcomes, additional information on 
reader experience level, deployment mode (safety net, triage, problem-solving, or autonomous), and 
operational endpoints (reading time, recall rate, length of stay) was recorded. 

3.5. Methodological Quality Considerations 

Because this article is presented as a narrative review rather than a systematic one, formal study-level 
risk-of-bias scoring with instruments such as QUADAS-2, QUADAS-AI, or PROBAST was not performed. 
The established reporting and quality frameworks for artificial intelligence in medical imaging — most notably 
the CLAIM checklist for AI-in-imaging studies and the TRIPOD-AI statement for prediction-model 
development and validation — were used as conceptual reference points rather than as scored instruments, 
informing which findings were emphasized and how strongly individual results were phrased. 

Two recurrent methodological concerns shaped these judgements throughout the review. The first is 
data leakage between training and test partitions, which arises when patient-level splits are not enforced or 
when the same patient contributes images to multiple partitions, and which tends to inflate reported 
performance in ways that do not survive independent external validation. The second is spectrum bias arising 
from non-representative case mix, particularly the over-representation of unambiguous fractures and the under-
representation of subtle, occult, or anatomically atypical presentations, which is the dominant failure mode 
observed when models trained on curated datasets are deployed in unselected clinical populations. Studies that 
did not enforce patient-level splits, that relied exclusively on internal validation, or that selected case mix in 
ways likely to inflate apparent performance, are flagged in the narrative wherever they are discussed. 

External validation status was treated as the most informative single signal of evidence maturity: 
findings from single-center internal-validation studies are reported with appropriate caveats, while results 
supported by independent, multi-site external validation are given greater weight in the synthesis. Readers 
interested in formal, instrument-based risk-of-bias profiles for individual studies are referred to the recent 
systematic reviews and meta-analyses cited in Section 4 (in particular, the 2024 wrist and PLOS Digital Health 
meta-analyses and the 2025 pediatric updated systematic review), which apply QUADAS-2 and related 
instruments to overlapping subsets of this literature.  

3.6. Synthesis Strategy 
A narrative synthesis supported by tabular summaries was performed. Quantitative meta-analysis was 

not undertaken because of substantial methodological heterogeneity across the included studies, including 
variation in reference standards, anatomical scope, model architectures, and reporting conventions. 



3(51) (2026): International Journal of Innovative Technologies in Social Science  

 

e-ISSN: 2544-9435 7 

 

4. Diagnostic Performance by Anatomical Region 
Deep learning studies have not been distributed evenly across the skeleton. A region-by-region synthesis 

must therefore acknowledge that the wrist and the hip dominate the literature, that the pediatric elbow is the 

next most visible niche, and that several other regions are represented by only a handful of studies. The headline 

accuracy figures should be read against this asymmetric coverage rather than as a uniform statement about 

fracture AI on radiographs (41-43). 

4.1. Upper Extremity Fractures 
The upper extremity, and the wrist in particular, is the best-represented anatomical region in the 

literature. A 2024 wrist meta-analysis reported pooled sensitivity and specificity of 92% and 93% across 

33,026 radiographs, while a broader 2024 fracture meta-analysis spanning 100 studies found overall sensitivity 

and specificity around 91% and 92%, with radiologists generally more specific and AI leaning slightly more 

sensitive (41, 43, 44). The wrist meta-analysis was nevertheless built on only six included studies and exhibited 

substantial heterogeneity, with several studies judged at high risk of bias (41). Hand and phalangeal fractures 
remain comparatively thinly studied, which suggests that single-site performance figures for these subregions 

should be interpreted cautiously. 

Elbow fracture work is notable less for raw volume than for the clinical problem it targets. A pediatric 

systematic review found that most eligible studies were radiograph-based, with the elbow the most common 

body part, but only two of nine studies performed external validation, so the apparent accuracy range of 88.8% 

to 97.9% should be read as promising but still institution-dependent (45, 46). The same pattern recurs in small-

anatomy regions such as shoulder, clavicle, and hand: performance can look excellent in single-center datasets, 

yet the literature remains too sparse to support region-specific conclusions with the same confidence as for the 

wrist or hip — a setting in which transparent reporting against established AI imaging guidelines is particularly 

important to discipline claims that may otherwise rest on narrow datasets (45). 

4.2. Lower Extremity Fractures 
The lower extremity is dominated by the hip and femoral neck because the clinical cost of a miss is so 

high. In the 2024 PLOS Digital Health meta-analysis, hip fractures had the highest pooled sensitivity among 

fracture outcomes, and radiographs themselves had the best pooled sensitivity and specificity across modalities 

and data types; a 2021 external-validation study of paediatric fracture detection also showed strong 

performance on radiographs, and a 2025 femoral-neck study reported an AUC of 0.991 with external validation 

(47). The more important point for this region is not just accuracy but robustness: occult femoral-neck fractures 

are a recurring reason to escalate from negative radiographs to MRI or CT, and the literature on occult hip and 

femoral fractures consistently treats MRI as the best second-line test, with CT a practical alternative when 

speed or access matter (48). Femoral-shaft, periprosthetic, knee, and lower-leg fractures are represented but 

the studies are fewer and the evidence is more fragmented, so these subregions are better described as emerging 

rather than fully mature (42, 43, 49). Specific challenges include metallic artefact in periprosthetic imaging, 

tibial-plateau fractures with subtle articular involvement, avulsion injuries, and stress fractures whose 

radiographic signs may lag clinical presentation (49). 

4.3. Axial Skeleton Fractures 
For the axial skeleton, vertebral fractures stand out because they are both common and methodologically 

awkward. A 2026 CT-focused meta-analysis found lower sensitivity for spine fractures than for rib, skull, or 

pelvis fractures, and older fracture reviews have repeatedly noted that detection depends heavily on projection, 

reader experience, and the presence of subtle compression deformity rather than a clear cortical break (48). 

Rib fractures are another difficult region because oblique fracture lines may run parallel to the projection plane, 

and pelvic fractures are anatomically complex but clinically important in trauma. In the CT meta-analysis, 

pelvic fractures performed well, but that probably reflects the easier visibility of certain pelvic injuries on 

cross-sectional imaging rather than a general claim about plain films. Vertebral compression fractures, their 

correlation with osteoporosis, and the application of the Genant grading system therefore remain particularly 

difficult targets for radiography-based deep learning systems (50). 
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4.4. Particularities of the Pediatric Population 
Pediatric fracture detection has its own failure modes. The pediatric systematic review noted above 

found that most studies were single-center, elbow-heavy, and only sparsely externally validated (45). This fits 

clinical intuition: growth plates, incomplete ossification, greenstick and torus (buckle) fractures, plastic 

deformation, and normal developmental variants create an error landscape that is materially different from that 

in adults. For this reason, pediatric datasets are best discussed separately rather than folded into adult 

performance summaries, and the Salter–Harris classification provides an essential anatomical framework for 

interpreting model output around the physical region (45, 46, 51). 

4.5. Comparative Synthesis of Diagnostic Performance 
Taken together, research maturity tracks both anatomy and clinical consequence. The wrist and the hip 

have the deepest evidence base; the pediatric elbow has a moderate but still limited base; and the hand, clavicle, 

shoulder, periprosthetic, and several pediatric subregions remain underrepresented (41, 42). This is the 

principal pattern that the literature supports from the present scan, and it implies that any future tabular 
synthesis crossing anatomical region with architecture, performance metrics, and the presence of external 

validation will reveal as much about the geography of the evidence as about the geography of the skeleton. 

Table 2. Diagnostic performance of deep learning models for fracture detection on radiographs, by 

anatomical region. 

Anatomical 

region 
Evidence base 

Reported 

performance 
External validation 

Translational 

maturity 

Wrist 

Largest evidence base 

(e.g. 33 026 

radiographs in 2024 

meta-analysis) (41) 

Pooled sensitivity ≈ 

92%, specificity ≈ 

93% (41) 

Limited; substantial 

between-study 

heterogeneity (41) 

High for narrow 

detection task 

Hip / femoral neck 
Deep base; clinically 

high-impact target (42) 

Sensitivity 94–99%; 

AUC up to 0.991 in 

femoral-neck study 

(42, 47)  

Increasing; selected 

external studies 

available (48) 

High 

Pediatric elbow 
Moderate; most-studied 

pediatric site (45) 

Reported accuracy 

range 88.8–97.9% 

(45) 

Only 2 of 9 studies 

externally validated 

(45) 

Moderate; 

institution-

dependent 

Hand, phalanges, 

shoulder, clavicle 

Sparse; predominantly 

single-center (41, 46) 

Often > 90% on 

internal data; 

estimates unstable 

Rare Emerging 

Vertebrae / axial 

skeleton 

Sparse on plain films; 

methodologically 

awkward  (51) 

Lower sensitivity than 

appendicular sites (43) 
Rare Early 

Pelvis and ribs 

Limited on radiographs 

(more developed on 

CT) (42) 

Mixed; performance 

depends on injury 

complexity 

Rare Early 

Periprosthetic, 

lower-leg, stress 

fractures 

Fragmented evidence 

base (42, 43, 48) 

Few studies, narrow 

datasets, no pooled 

estimates 

Rare Early 
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5. Human–AI Comparative Performance 

5.1. Standalone Algorithmic Performance 
Standalone performance is generally high. The largest meta-analysis identified in the present search, 

covering 100 studies, reported pooled sensitivity of 91.43% and specificity of 92.12% with a summary 

AUROC of 0.968 (43), and a separate PLOS Digital Health meta-analysis found pooled radiograph 

performance of 94% sensitivity and 92% specificity, with hip fractures performing especially well (42). These 

summary estimates nevertheless come with the usual caveats: patient selection and reference standards 

remained major sources of bias, and the authors repeatedly emphasized that external validation is the weak 

point of the literature (42, 44). 

5.2. AI-Assisted Reader Performance 
The cleanest human–AI comparison in the present material is a 2022 multicenter multi-reader, multi-

case (MRMC) study by Anderson and colleagues, involving 24 clinicians across 12 anatomic regions and 
conducted with an FDA-cleared deep learning system. With algorithmic assistance, diagnostic AUC rose from 

0.90 to 0.94, sensitivity from 82% to 90%, and specificity from 89% to 92%; the benefit was larger for 

clinicians with limited musculoskeletal imaging training, in whom the miss rate fell from 20% unaided to 9% 

with assistance, nearly matching the performance of radiologists (52). A 2023 prospective workflow study 

(Oppenheimer et al.) with two residents showed a smaller but real gain: human sensitivity rose from 84.74% 

to 91.28% when AI output was presented, without a specificity penalty, and 33 of 35 post-AI diagnosis changes 

were correct (53). 

Table 3. Selected human–AI reader studies for fracture detection on radiographs. 

Study Design 
Readers and 

scope 

Reader performance 

(unaided → AI-

assisted) 

Principal finding 

Anderson et al. 

(52) 

Multicenter 

MRMC, FDA-

cleared system 

24 clinicians, 12 

anatomic regions 

AUC 0.90 → 0.94; 

sensitivity 82% → 

90%; specificity 89% 

→ 92% 

Largest absolute gain in 

clinicians with limited 

MSK training; miss rate fell 

from 20% to 9%, 

approaching radiologist 

performance 

Prospective 

workflow study, 

2023 (53) 

Prospective 

resident study 

Residents, mixed 

anatomic regions 

Sensitivity 84.74% → 

91.28%; no specificity 

penalty 

33 of 35 post-AI diagnosis 

changes were correct 

Herpe et al. (54) 
ED operational 

study 

ED clinicians, 

limb radiographs 

Improved fracture 

recognition with AI 

assistance 

Supports safety-net 

deployment in emergency 

settings 

Chan et al., 

Singapore ED 

(55) 

Operational 

implementation 

Mixed ED 

clinicians, limb 

fractures 

Reduced recall rates; 

time and manpower 

savings 

Modest but consistent 

workflow benefits 

Loeffen et al. 

(56) 

Feasibility, four 

deployment 

modes 

Radiology team, 

fracture 

diagnosis 

Best results when used 

as safety net rather 

than triage / problem-

solving 

Triage and problem-solving 

modes increased false 

negatives or false positives; 

safety-net mode 

recommended 
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5.3. Modulation of Benefits According to Observer Experience 
Algorithmic assistance does not deliver an equal benefit to every reader. The MRMC evidence is 

consistent: the largest absolute gains accrue to clinicians with less musculoskeletal imaging experience, and 

the practical effect is to narrow rather than to eliminate the diagnostic gap between non-radiologists and 

subspecialty radiologists (52). This pattern is clinically meaningful because much of the front-line 

interpretation of musculoskeletal radiographs is performed not by radiologists but by emergency physicians, 

orthopedic surgeons, and trainees, especially during overnight and weekend hours. The corollary is that the 

largest expected workflow benefit lies in settings where AI is positioned to support the less specialized reader 

rather than to refine the performance of those who are already operating near ceiling (57). 

5.4. Reduction of Inter-Observer Variability 
Formal kappa-based evidence on inter-observer variability under conditions with and without 

algorithmic assistance is comparatively limited in the present search, and direct estimates of Cohen’s kappa or 

Fleiss’s kappa with and without AI assistance for fracture detection on plain radiographs were not consistently 
surfaced. The available human–AI studies suggest that algorithmic input tends to bring less experienced 

readers closer to the level of subspecialty radiologists, which is a plausible mechanism for reduced inter-
observer variability. Direct quantification of this effect, however, remains an open empirical question (52). 

5.5. Impact on the Efficiency of the Diagnostic Process 
Direct evidence of reduced interpretation time and reduced time-to-treatment intervals is also more 

limited than the headline accuracy figures might suggest. In the 24-reader study referenced above, AI 

assistance reduced average reading time by 7.1 seconds per examination, alongside the gain in fracture-

detection accuracy (52). The available workflow evidence in emergency settings, discussed in Section 6, points 

to modest but real efficiency gains at the system level, including reductions in discrepancy rates and mean ED 

length of stay. Claims of substantial reductions in interpretation time or time-to-treatment beyond these 

examples should therefore be made cautiously and conditioned on local workflow factors (54). 

5.6. Risks of Automation Bias and Deskilling 
A separate strand of the human–AI literature is concerned with the behavioral risks of decision support. 

Reviews of human–AI interaction in radiology highlight automation bias, algorithmic aversion, deskilling, 

workload management, and burnout as recurring concerns, with specific vulnerabilities for trainees who may 

form their diagnostic habits in environments saturated with algorithmic prompts (58). These risks are not yet 

quantified in fracture-specific work in the present search, but the conceptual framing is clear: if AI assistance 

becomes a routine reader habit, the design of training programs, the structure of feedback loops, and the 

architecture of the user interface all become safety-relevant variables, not merely usability concerns. 

6. Clinical Integration and Implementation 

6.1. Deployment Models 
The literature supports a physician-in-the-loop model more than full automation. A recent review 

describes integration strategies along the imaging pathway from acquisition and triage to interpretation, 

reporting, and teaching, outlining common interaction models and physician-in-the-loop workflows (58), and 

the best human-in-the-loop study in the present material reported that AI assistance improved diagnostic 

performance, with reader AUC rising from 0.90 to 0.94 (52). In practice, this makes triage and second-reader 

workflows the most defensible near-term deployments, while fully autonomous interpretation remains a 

narrower, higher-governance use case. A feasibility study published in 2025 found that AI worked best as a 

safety net, while triage and problem-solving modes worsened false negatives or false positives enough that the 

authors explicitly advised against those uses for now (56). 
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Table 4. Deployment models for AI-assisted fracture detection in the radiology workflow. 

Deployment 

model 

Position in 

workflow 

Best-evidenced use 

case 
Principal risk 

Governance 

requirement 

Safety net 

(second reader) 

After the primary 

read (57, 58) 

Catching missed 

fractures, particularly 

during overnight and 

weekend shifts (53, 58) 

Automation bias when 

AI output is presented 

without uncertainty 

estimates (57) 

Reader-time 

monitoring; drift 

surveillance; 

transparent display 

(60, 77) 

Triage / worklist 

prioritization 

Before the 

primary read (57) 

Prioritizing 

examinations likely to 

contain a fracture 

Possible increase in 

false negatives in low-

prevalence flow (58) 

Operating-point 

calibration; 

prospective evaluation 

(60) 

Problem-solving 

(on demand) 

Selectively, on 

equivocal cases 

(57) 

Adjudicating 

radiographically subtle 

findings 

False positives if 

applied beyond 

intended indications 

(58) 

Explicit indication 

criteria; case-level 

audit 

Autonomous 

interpretation 

Replaces the 

primary read 

Not currently supported 

for fracture detection on 

plain radiographs (58) 

Erodes accountability; 

risk of deskilling 

among trainees (57) 

Higher regulatory bar; 

not currently advised 

in the literature (57, 

58) 

6.2. Technical Integration Architecture 
Standards-based interoperability is the main technical prerequisite. Tejani et al. state that standards-

based interoperability facilitates AI integration with systems from different vendors into a single environment 

by enabling seamless exchange between information systems in the radiology workflow, and the same review 

emphasizes DICOM, HL7, and IHE profiles as the practical backbone for integration (59). A PACS-focused 

review adds that AI models should demonstrate their effectiveness across a wide range of scenarios and must 

be validated by prospective studies before deployment  (60, 61), which is the right standard if a tool is intended 

to write back into PACS or downstream reporting systems. Deployment models in published implementations 

include on-premise installations, cloud-based services, and hybrid configurations, with the choice driven as 

much by local information-governance constraints as by technical performance. 

6.3. Impact on Clinical Pathways in Emergency Departments 
The workflow signal is real but modest. In one emergency-department implementation study, the 

discrepancy rate decreased by 17% after AI software deployment, and mean ED length of stay fell by 9 minutes, 

although the change in clinically relevant discrepancies was not statistically significant. A Singapore 

emergency-department study likewise concluded that AI-based fracture detection offers measurable potential 

for cost, manpower, and time savings (55). Taken together, these findings indicate a coherent, if modest, 

pattern in which AI support contributes to operational efficiency without yet delivering large changes in the 

clinically most consequential miss rates. 

6.4. Commercially Available Solutions with Regulatory Certification 
Detailed product-by-product claims about specific commercial fracture-detection systems are best made 

cautiously. A recent Radiology review notes as of early 2025 that the FDA has cleared more than 770 AI 

medical devices focused on radiology, primarily based on deep learning (61), although a reliable product-by-

product registry for fracture-specific systems was not surfaced in the present search. Specific CE class and 

FDA pathway details, including 510(k) and De Novo classifications under the EU Medical Device Regulation 

and the FDA Good Machine Learning Practice framework, are therefore best handled as a separate tabular 

summary or supplement underpinned by primary regulatory sources (such as the FDA list of AI/ML-enabled 

medical devices), rather than as broad unqualified claims in the main text. 
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6.5. Cost-Effectiveness Analysis 
The present evidence on cost-effectiveness reads more like early budget-impact work than mature 

QALY or ICER analysis. The clearest model identified projected net NHS savings and reduced downstream 

fracture callbacks, but the authors explicitly cautioned that additional evidence on radiograph-review accuracy 

and resource use is still needed (54). A fracture-specific paper anchored in QALYs or incremental cost-

effectiveness ratios from the perspective of public or private payers was not identified in the present search, 

which means that any substantive cost-effectiveness subsection requires a more targeted search than the one 

underpinning this review. 

6.6. Human and Organizational Factors 
Acceptance is conditional rather than automatic. A systematic review of radiology stakeholders found 

that clinical accuracy is a condition for acceptance and that resistance is strongest toward fully automated tasks 

central to radiologists’ core competencies (62, 63). A separate human–AI review adds concerns about 

automation bias, algorithmic aversion, deskilling, workload management, and burnout, with specific 
vulnerabilities for trainees (58), which is precisely where theoretical frameworks such as the Technology 

Acceptance Model (TAM) and the Unified Theory of Acceptance and Use of Technology (UTAUT) belong, 
alongside discussions of training, change management, and patient-safety culture. The implementation 

argument, in short, is not only that the model performs well, but that teams can use it safely, consistently, and 

without eroding diagnostic skill. 

7. Limitations, Systematic Biases, and Methodological Challenges 

7.1. Representativeness and Quality of Training Datasets 
Dataset representativeness is the central methodological constraint in fracture AI. The published 

literature remains skewed toward narrow institutional cohorts, and the reviews repeatedly flag unrepresentative 

training data, limited generalizability, and algorithmic bias as recurring barriers to deployment (24, 62, 64). In 

a large transfer-learning benchmark in medical image analysis, ConvNets were more transferable and more 

annotation-efficient than vision transformers, and transformer performance depended heavily on the 

pretraining strategy (37). In fracture-specific work, a pediatric review found that nearly all studies were single-

institution and only two of nine had performed external validation (45). Underrepresentation of pediatric, 

geriatric, and ethnic minority populations is a persistent concern in the broader medical-imaging literature and 

is not, in general, resolved by larger architectures. 

7.2. Algorithmic Bias 
Demographic determinants of algorithmic performance, including age, sex, ethnicity, and 

socioeconomic status, are repeatedly highlighted in stakeholder and systematic reviews of clinical AI (62, 65). 

The evidence identified in the present search does not yet quantify demographic fairness for fracture detection 

specifically, so these variables are best framed as plausible but undermeasured sources of bias rather than as 

fully characterized determinants of performance. The implication for algorithmic fairness is that systematic, 

prospectively designed audits of subgroup performance should accompany deployment, rather than rely solely 

on retrospective post-hoc analyses of test-set fairness. 

7.3. External Generalizability 
External generalizability is where the limits of the literature become most visible in practice. Standards-

based interoperability is presented as the practical route to moving AI across heterogeneous PACS and RIS 

environments, because custom integrations create maintenance burden and points of failure; the same literature 

emphasizes that clinical AI should be validated prospectively across diverse scenarios before deployment (59, 

60, 66). Fracture-specific experiments isolating laterality markers or exposure settings as shortcut cues were 

not surfaced in the present search, but the technical-error literature is clear that imaging artefacts and 

acquisition pitfalls can distort interpretation and should be treated as plausible sources of spurious learning 

(67). Multi-center, multi-vendor validation across the heterogeneity of radiographic equipment manufacturers 

and acquisition parameters is therefore essential before any general claim of robustness can be sustained. 
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7.4. The Challenge of Rare Classes and Occult Fractures 
Rare classes and occult fractures deserve their own paragraph, not a footnote. Medical-imaging reviews 

keep returning to class imbalance and data scarcity as core training problems, and fracture-specific pediatric 

work shows how normal anatomy, overlapping bones, and external artefact can be mistaken for fracture (68). 

This is the right place to discuss focal loss, cost-sensitive learning, and similar remedies if the section is to 

remain methodologically honest rather than speculative; in particular, the long-tail distribution of fracture types 

means that the most clinically consequential cases are often those for which the training signal is weakest. 

7.5. Lack of Standardizations in Reporting 
For reporting and governance, the literature is more directive than quantitative. One review explicitly 

recommends publishing criteria and guidelines to enhance standardization and reproducibility, while 

stakeholder reviews stress that clinical accuracy is only one condition for acceptance: AI literacy, transparency, 

regulation, and workflow fit matter as well, and the human-factor literature names automation bias, algorithmic 

aversion, deskilling, and trainee vulnerability directly (62, 69). In practical terms, insufficient adherence to the 
CLAIM, STARD-AI, and TRIPOD-AI guidelines compromises the reproducibility and comparability of 

findings, and a measurable share of the heterogeneity that prevents quantitative meta-analysis in this field is 
procedural rather than substantive. 

7.6. Ethical and Legal Considerations 
The principal ethical and legal obligations identified in the literature are validated deployment, 

transparent reporting, privacy-preserving data handling, and clear allocation of responsibility for errors; the 

exact legal framing depends on jurisdiction and device classification (70). Considerations of informed consent, 

data protection under the EU General Data Protection Regulation and the United States Health Insurance 

Portability and Accountability Act, and the status of medical devices under the EU Medical Device Regulation 

and the European Union AI Act all sit within this frame. These obligations are not opposed to clinical 

usefulness; rather, they specify the conditions under which clinical usefulness can be claimed. Because the 

present manuscript draws its primary evidence from the technical and clinical literature, readers seeking 

detailed regulatory guidance are directed to dedicated regulatory and legal commentaries on these instruments. 

7.7. Risk of Overfitting and Technical Artefacts 
The risk of overfitting and the role of technical artefacts deserve specific attention. The technical-error 

literature in musculoskeletal imaging emphasizes that laterality markers, projection orientation, exposure 

parameters, and characteristic acquisition artefacts can all distort interpretation (71, 72). Shortcut learning, in 

which a model learns to predict the target from spurious cues that happen to correlate with the label, is a 

recognized phenomenon in medical image analysis and is particularly insidious in datasets in which acquisition 

parameters are correlated with patient origin or clinical pathway. Combining standardized audits, careful train–

test separation by institution and scanner, and explicit attention to potential shortcuts in the interpretation of 

saliency maps is the practical antidote suggested by the literature. 

8. Future Directions 

8.1. Multimodal Models 
Multimodal models should be the first near-term extension of fracture AI. Recent reviews of medical 

foundation models describe multimodal systems as a way to combine images with radiology reports and 

clinical notes, and current applications of multimodal large language models in radiology already include 

preliminary report generation, visual question answering, and interactive diagnostic support (73, 74). The 

caveat is equally clear: a recent scoping review found that, despite strong niche performance, none of the 

available systems yet outperformed radiologists in diagnostic performance, so the field still needs clinically 

grounded pretraining and region-linked reasoning rather than scale alone (75). Vision-language pretraining 

holds particular promise for fracture detection because radiographs are routinely accompanied by structured 

and free-text clinical information that can support, and discipline, the visual model. 
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8.2. Foundation Models and Large-Scale Self-Supervised Learning 
Foundation models and large-scale self-supervised learning are best framed as a response to label 

scarcity and portability, rather than as a generic upgrade. A systematic review describes multimodal foundation 
models as a paradigm shift toward label-efficient, holistic patient modelling, while a complementary review 
situates generative AI in radiology as a response to challenges of scalability, multimodal alignment, and data 
diversity (25, 76). For musculoskeletal radiography this points toward parameter-efficient fine-tuning, transfer 
learning, and adaptation to local acquisition protocols, rather than the retraining of large models from scratch 
at every site. 

8.3. Federated Learning 
Federated learning is the most plausible privacy-preserving route to multicenter fracture AI. A recent 

review states that federated learning is transforming healthcare by enabling collaborative AI model 
development across institutions while ensuring data privacy, but the same literature warns that post-
deployment data shifts can degrade performance and that model parameters can still leak information (77, 78). 
The practical research agenda for fracture detection is therefore not only privacy but also communication 
efficiency, secure aggregation, and heterogeneity-aware calibration across vendors and institutions (79). 

8.4. Explainable Artificial Intelligence 
Explainable artificial intelligence should remain concrete. Reviews of XAI in medical imaging describe 

it as a means of making model decisions understandable to clinicians, with Grad-CAM, LIME, and SHAP still 
the most visible families of methods (80). In fracture detection the useful claim is not that explanations resolve 
trust on their own, but that they can help detect shortcut learning, demonstrate whether the model is attending 
to anatomy rather than to markers or overlay text, and support a structured review of failure modes. Saliency 
maps and feature-attribution techniques therefore function less as a regulatory endpoint and more as part of an 
ongoing safety toolkit. 

8.5. Prospective Validation and Randomized Clinical Trials 
Prospective validation should become the standard for any claim of clinical utility. A PACS-AI review 

states that AI models must demonstrate their effectiveness across a wide range of scenarios and must be 
validated by prospective studies, which is precisely the right bar for fracture workflows (60). The emergency-
department implementation evidence already discussed is encouraging but modest: the discrepancy rate fell, 
yet clinically relevant discrepancies did not change significantly, even as length of stay improved . This argues 
for endpoints such as missed-fracture callbacks, time to treatment, expert-consultation burden, and ED 
throughput, rather than retrospective AUROC alone, and it supports a stronger role for randomized clinical 
trials of the kind already familiar in oncological imaging. 

8.6. Continuous Learning and Post-Market Surveillance 
Continuous learning and post-market surveillance belong in the core narrative rather than the appendix. 

Once a model is deployed, drift from new scanners, new patient mix, or new protocols can erode performance, 
which is why uncertainty quantification and ongoing monitoring matter (77). The same logic supports adaptive 
regulatory frameworks, but any such framework should remain measured: the requirement is for monitored 
updates, traceable changes, and pre-planned revalidation, rather than open-ended model drift in production. 
The FDA Predetermined Change Control Plan is one example of the regulatory thinking that would govern 
such a model lifecycle. 

8.7. Standardizations and Regulation 
Standardizations and regulation are the conditions that make all of the above deployable. The 

interoperability literature is explicit that standards-based interoperability facilitates AI integration with systems 
from different vendors into a single environment, and PACS-AI authors note that AI deployment raises 
significant legal and ethical issues around privacy, bias, safety, and regulatory compliance (59, 60). For 
fracture AI the future is therefore harmonized rather than isolated: standards-based PACS/RIS integration, 
multicenter validation, drift surveillance, and transparent reporting that lets hospitals compare systems across 
sites. The roles of the FDA, EMA, MDR, and the European Union AI Act sit at the intersection of these 
requirements, and the harmonization of international standards for the clinical deployment of AI will be central 
to whether the present generation of fracture-detection systems can be translated from accuracy benchmarks 
into routine clinical use. 
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9. Conclusions 
The available evidence supports a measured rather than triumphant interpretation of deep learning for 

fracture detection on plain radiographs. The field is mature for narrow detection tasks, particularly in the 

appendicular skeleton, with pooled sensitivity and specificity in the low-to-mid nineties and summary AUROC 

values approaching 0.97 in the largest meta-analysis (42-44). It is not yet mature for broad deployment claims, 

because the literature still over-represents curated, retrospective, often single-center datasets, and external 

validation remains the weak point (42). The clearest near-term value lies in decision support that narrows the 

diagnostic gap for less experienced readers, with sensitivity gains in the order of several percentage points and 

proportionally larger reductions in miss rate for clinicians who do not interpret musculoskeletal radiographs 

daily (52, 53). 

From the perspective of technological readiness, the most useful next step is no longer another accuracy 

paper. It is external validation in diverse sites, reader-impact studies tied to workflow outcomes, and better 

reporting of localization and failure modes (42, 56). For researchers this implies adherence to CLAIM, 

STARD-AI, and TRIPOD-AI in reporting, with explicit attention to subgroup performance, dataset shift, and 

shortcut learning. For clinicians and policymakers it implies that the impact of fracture AI will be determined 

as much by integration architecture, training programs, and post-market surveillance as by headline accuracy. 

Deep learning has changed what radiographic interpretation looks like at the technical level; whether it changes 

patient outcomes at the system level will depend on whether the deployment science catches up with the 

modelling science. 
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