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ABSTRACT

Artificial intelligence (Al) is increasingly investigated as a supportive tool in radiographic fracture diagnosis, particularly in
emergency and musculoskeletal imaging. This narrative review aims to summarize current evidence on the use of Al in
fracture detection, clinician-assisted interpretation, fracture classification, workflow optimization, and implementation
challenges. A literature search was conducted in PubMed using combinations of terms related to artificial intelligence, deep
learning, convolutional neural networks, fracture detection, radiography, emergency radiology, and clinical decision support.
Priority was given to systematic reviews, meta-analyses, diagnostic accuracy studies, reader studies, and real-world clinical
evaluations. Current evidence indicates that Al-based systems can achieve high diagnostic performance in selected fracture
detection tasks, especially when applied to anatomically focused radiographic datasets. Studies assessing Al-assisted
interpretation suggest that these tools may improve clinicians’ sensitivity, specificity, and overall diagnostic performance,
with the greatest benefit observed among less experienced readers and non-radiologist clinicians. Al may also support
fracture classification and workflow optimization, although these applications remain less extensively validated. Important
limitations include restricted generalizability, reduced performance in subtle or complex fractures, limited external
validation, and a shortage of prospective real-world studies. Overall, Al represents a promising but still evolving adjunct in
radiographic fracture diagnosis and should be developed as a decision-support tool integrated with clinical expertise.
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1. Introduction

Traumatic injuries and suspected fractures are among the most common reasons for patient visits to
emergency departments, as well as for orthopaedic consultations requested in this setting [18, 24]. Despite the
development of modern imaging techniques, plain radiography remains the first-line imaging modality and a
fundamental diagnostic tool for the initial assessment of suspected fractures and musculoskeletal injuries [9, 22].

Although X-ray imaging remains a widely available and fundamental diagnostic tool in trauma
assessment, the interpretation of radiographs can be challenging, particularly in the emergency department
setting. Fractures represent an important source of diagnostic error in this environment. In analyses of errors
reported in emergency care, they accounted for a substantial proportion of cases involving incorrect or delayed
diagnosis [11]. At the same time, missed or delayed fracture diagnosis on plain radiographs is described in the
literature as a common error, with an estimated frequency of approximately 3—10% [17]. This is clinically
relevant, as failure to establish the correct diagnosis may delay treatment, worsen patients’ functional outcomes,
and increase healthcare costs [10, 14]

Emergency imaging is particularly vulnerable to diagnostic errors [21, 24]. Diagnoses often have to be
made under time pressure, frequently in the context of incomplete medical history or limited patient
cooperation [23]. Work in the emergency department is associated with high levels of stress, fatigue, workload
overload, and difficult decision-making, all of which may contribute to occupational burnout. Emergency
physicians and radiology residents appear to be especially vulnerable to this phenomenon. In these professional
groups, as many as one in two physicians may experience symptoms of burnout, including physical and mental
exhaustion related to work, which in turn may increase the risk of diagnostic errors [21, 25-27]. In addition,
the growing number of radiographic examinations being performed has made immediate access to expert
radiographic interpretation increasingly challenging, particularly during night shifts and on-call hours [17]. As
a result, the initial diagnosis and decisions regarding further patient management often have to be based on
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radiograph interpretation performed by emergency physicians, on-call orthopaedic surgeons, or other
clinicians, frequently before the final radiology report becomes available [4, 18].

Such a clinical environment naturally encourages the search for tools that could support the diagnostic
process in trauma radiography. In this context, increasing attention has been directed toward artificial
intelligence (Al)-based systems, particularly those based on deep learning models, which can be used for the
automated analysis of radiographs for the presence of fractures [18]. Their intended role is not to replace
physicians in image interpretation, but rather to serve as supportive tools, such as second readers, triage
systems, or clinical decision support systems [17]. Beyond simply classifying an image as normal or abnormal,
different Al models may highlight suspicious regions on radiographs or even automatically classify fractures,
thereby facilitating decisions regarding further patient management.

Previous meta-analyses have demonstrated high sensitivity and specificity of Al systems in fracture
detection [15, 17]. However, their actual clinical value depends on how these systems are integrated into
physicians’ workflow, the experience of their users, and the availability of external validation. Therefore, this
literature review aims to summarize the current state of knowledge regarding the use of artificial intelligence
in radiographic fracture diagnosis, with particular emphasis on automated fracture detection, clinical decision
support, reduction of missed fractures, workflow optimization, and challenges related to implementation.

2. Methodology

A narrative literature review was conducted to identify relevant studies on the use of artificial
intelligence in radiographic fracture diagnosis. The PubMed database was searched for articles published
within the last ten years using combinations of following keywords: “artificial intelligence”, “deep
learning”, “convolutional neural network”, “fracture detection”, “fracture diagnosis”, “radiography”,
“emergency radiology”. Additional relevant publications were identified by screening the reference lists of
selected systematic review, meta-analyses and original studies. Priority was given to systematic reviews, meta-
analyses, diagnostic accuracy studies and real-world clinical evaluations assessing Al-based fracture detection,
clinical workflow impact and implementation challenges.

3. Results

3.1 Basics of Artificial Intelligence in Medical Imaging

Artificial intelligence (Al) encompasses a group of computational methods designed to perform tasks
traditionally associated with human reasoning, such as pattern recognition and data classification [17]. In the
context of diagnostic imaging, particularly useful Al-related tasks include pattern recognition, image
classification, and support for diagnostic decision-making [8]. Although AI has found applications as a
supportive tool in many areas of medicine [19], diagnostic imaging represents one of the fields particularly
well suited to the development of this technology, as it is based on digital image data that can be analysed
algorithmically.

Machine learning (ML) is a subfield of Al in which an algorithm is not programmed solely by fixed
rules, but instead learns patterns and relationships from training data. Deep learning (DL), in turn, is a form of
machine learning that uses multilayer artificial neural networks. In medical image analysis, convolutional
neural networks (CNNs) are of particular importance, as they are designed to recognize visual features in
images. Unlike many traditional machine learning methods, in which relevant image features had to be
manually defined in advance, deep learning models can learn these features directly from the data [3, 17].

Convolutional neural networks analyse images through successive layers. Early layers identify basic
features, such as edges, contours, and contrast differences, whereas subsequent layers combine this information
into more complex patterns that may correspond to specific anatomical structures or pathological findings. In
fracture diagnosis on radiographs, CNN-based models may detect features suggestive of bone injury, such as
cortical discontinuity, fracture lines, displacement of bone fragments, deformity of the bone axis, or other post-
traumatic abnormalities. The large number of radiographic examinations performed in clinical practice,
together with the relative standardization of radiographic projections, makes plain radiographs a potentially
useful source of data for training such models, provided that image quality is adequate and the training data
are reliably labelled [3, 18].

Studies on fracture detection have also frequently used transfer learning, which involves applying
networks pre-trained on large image datasets and subsequently adapting them to a specific medical task, such
as analysis of a particular anatomical region or a specific radiographic projection [5]. This approach may be
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especially useful in medical imaging, where the creation of large, well-annotated, and validated datasets is
often challenging.

In clinical practice, Al systems may provide different types of output. The simplest approach is binary
classification, in which the model estimates the probability of a fracture being present on a given radiograph.
More advanced systems may additionally indicate the likely location of pathology, for example by using
heatmaps, saliency maps, or bounding boxes. This has practical relevance, as the clinician receives not only
information about the possible presence of a fracture, but also an indication of which part of the image requires
particularly careful assessment. For this reason, Al systems are most commonly considered as tools supporting
image interpretation, functioning as a second reader, a triage system, or a component of clinical decision
support, rather than as a replacement for physician assessment [9, 18].

3.2 Current Applications of Al in Fracture Diagnosis

3.2.1 Automated Fracture Detection

The first and most frequently investigated application of artificial intelligence in fracture diagnosis is
the automated detection of post-traumatic abnormalities on radiographs. In this setting, Al models analyse an
image, or another input imaging modality, and estimate the probability of a fracture being present. More
advanced models may also indicate the regions in which the probability of fracture is highest. The performance
of such systems has been evaluated both in studies focused on individual anatomical locations using dedicated
Al models, and in meta-analyses including different anatomical regions, fracture types, and input data.

Kuo et al,, in a meta-analysis of 42 studies, reported high diagnostic performance of Al in fracture
detection, with a sensitivity of 92% in internal validation and 91% in external validation, as well as a specificity
of 91% in both analyses. The performance achieved by Al did not differ significantly from, and was
comparable to, that achieved by clinicians interpreting radiographs. In a more recent analysis including 66
studies, Jung et al. reported similarly high pooled results for Al, with a sensitivity of 91% and a specificity of
90%. Their analysis also showed that models based on imaging data achieved better performance, with 92%
sensitivity and 91% specificity, than models based on tabular data, which achieved 81% sensitivity and 83%
specificity. The included studies used different types of imaging modalities as input data, including CT, MRI,
DXA, and plain radiography. Among these modalities, plain radiography appeared to be associated with the
best diagnostic performance. Al models based on radiographs achieved the highest results, with 94%
sensitivity and 92% specificity.

In addition to the pooled results reported in meta-analyses, the performance of automated detection
systems has also been evaluated in studies of models developed for specific anatomical locations. In such
studies, apart from sensitivity and specificity, the area under the receiver operating characteristic curve (AUC)
is frequently reported as a measure of the model’s ability to distinguish radiographs with fractures from normal
images. The closer the AUC value is to 1.0, the better the discriminatory performance of the model. An AUC
of 1.0 would indicate perfect differentiation between abnormal and normal images, whereas an AUC of 0.5
represents performance equivalent to random classification [18].

Lindsey et al. evaluated the performance of a deep learning model designed to detect wrist fractures on
radiographs. The model achieved AUC values of 0.967 and 0.975 in two test datasets. In a subset of the second
test set that included only cases considered by experts to be unambiguous and not subject to disagreement
regarding the diagnosis, the AUC reached 0.994.

Chung et al. investigated the performance of a CNN-based model for detecting proximal humeral
fractures. In a study including 1,891 radiographs, of which 1,376 showed a fracture, the model achieved an
AUC of 0.996.

Studies on pelvic and hip fractures have also demonstrated high diagnostic performance. In the study by
Krogue et al., a model designed for hip fracture detection achieved a sensitivity of 92.7%, a specificity of 95%,
and an AUC of 0.973. These results were non-inferior to the performance achieved by clinicians. A good
example of a more universal diagnostic tool is PelviXNet. This model was trained on 5,204 annotated pelvic
and hip radiographs and enables simultaneous analysis for pelvic, hip, and proximal femoral injuries. In the
study by Cheng et al., the algorithm achieved a sensitivity of 90.8%, a specificity of 93.2%, and an AUC of
0.973.

The results of studies evaluating commercial algorithms are also promising, although more
heterogeneous. Huhtanen et al. compared two commercially available systems, BoneView and RBfracture,
and reported similar sensitivity and specificity values for the detection of post-traumatic abnormalities on
radiographs of different musculoskeletal regions. BoneView achieved a sensitivity of 89% and a specificity of
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86%, whereas RBfracture achieved a sensitivity of 82% and a specificity of 89%. At the same time, the authors
emphasized that both algorithms performed worse in subtle abnormalities, which accounted for the majority
of false-negative findings. A similar conclusion was reached by Al Hajaj et al.; in their study, false-negative
findings accounted for 9.6% of the analysed images despite high overall sensitivity and specificity. Luiken et
al. showed that commercial Al systems may achieve satisfactory performance in the general detection of acute
fractures, with AUC values ranging from 0.772 to 0.849 depending on the model. However, their performance
was weaker in more complex cases, particularly in the presence of multiple fractures, where AUC values
ranged from 0.641 to 0.734.

Overall, the available evidence indicates that Al achieves high diagnostic performance as a standalone
fracture detection tool, particularly in the analysis of limb and hip radiographs. At the same time, this
performance is not uniform across all anatomical locations and injury types. Subtle, multiple, and
radiographically challenging fractures, as well as cases assessed in conditions different from those represented
in the training data, remain the greatest challenges for automated fracture detection systems.

3.2.2 Al as a Clinical Decision Support Tool

Although automated fracture detection represents the basic application of Al in clinical practice the use
of these systems as tools supporting physicians in radiograph interpretation may be even more important. In
this model, Al does not replace the clinician, but acts as a second reader, highlighting suspicious regions and
supporting diagnostic decision-making [10, 17].

In addition to evaluating the overall performance of a deep learning model, Lindsey et al. investigated
its impact on the accuracy of radiograph interpretation by 40 emergency physicians. Without Al assistance,
physicians achieved a sensitivity of 80.8% and a specificity of 87.5%. The use of Al support increased these
values to 91.5% and 93.9%, respectively, corresponding to a 47% relative reduction in misinterpretations.

A similar pattern of findings was reported by Duron, Guermazi, and Bachmann, who evaluated Al as a
support tool for radiograph interpretation across different groups of clinicians. Duron et al. demonstrated an
increase in sensitivity of 8.7% and specificity of 4.1% among a study group consisting of six radiologists and
six emergency physicians. In the study by Guermazi et al., the use of Al increased the sensitivity of fracture
detection from 64.8% to 75.2% without reducing specificity. Moreover, Al assistance did not prolong the
interpretation process; on the contrary, the mean radiograph reading time was shortened. Bachmann et al.
reported an increase in sensitivity from 72% to 80% and a 29% reduction in the number of missed fractures.
In their study, they compared the performance of radiograph interpretation across different anatomical regions
among physicians of various specialties, as well as nurses, both without and with Al support.

A particularly important aspect of Al as an assistive tool is its potentially greater usefulness among
clinicians with less experience in interpreting musculoskeletal radiographs. In the study by Anderson et al., the
results showed that clinicians with limited experience had a higher proportion of missed fractures than
experienced radiologists when working without Al assistance: 20% versus 14%, respectively. With the support
of a deep learning model, the proportion of missed fractures not only improved in both groups, but also became
more similar, reaching 9% among clinicians and 10% among radiologists. Duron et al. also reported a greater
improvement in sensitivity among emergency physicians than among radiologists, at 13% versus 4.3%.
Similarly, Bachmann et al. noted that the largest reduction in the proportion of missed fractures occurred
among emergency medicine residents and orthopaedic residents, with 33% and 35% fewer missed fractures,
respectively, whereas the smallest improvement was observed among radiologists, at 21%.

The findings of individual studies therefore suggest that the greatest value of Al lies not in its standalone
performance, but in its use as a tool supporting physicians’ interpretation. The consistency of these
observations was confirmed in the meta-analysis by Qin et al., which collectively assessed the impact of Al
assistance on clinicians’ performance in fracture detection on radiographs. Their analysis included 26 studies
comprising 9,218 radiographs and 124,900 readings. Al assistance increased clinicians’ overall sensitivity
from 77% to 87%, specificity from 88% to 92%, and AUC from 0.90 to 0.95. At the same time, interpretation
time did not change significantly.

3.2.3 Fracture Classification and Characterization

Beyond the assessment of radiographs for the presence or absence of a fracture, Al may also be used for
fracture classification and characterization. In clinical practice, simply confirming the presence of a fracture is
often insufficient to determine the appropriate therapeutic management. Further treatment depends on several
factors, including fracture type, degree of displacement, anatomical location, involvement of the articular
surface, and the presence of associated findings, such as dislocation or pre-existing implants.
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Chung et al. evaluated their CNN-based model not only for the detection of proximal humeral fractures,
but also for their classification into clinically relevant subtypes. The model analysed anteroposterior shoulder
radiographs and distinguished normal images from four fracture types: greater tuberosity, surgical neck, three-
part, and four-part fractures. The CNN demonstrated high classification performance, particularly for complex
three-part and four-part fractures, with AUC values of 0.903 and 0.938, respectively. Its performance exceeded
that of most clinicians; however, when compared with orthopaedic surgeons specializing in shoulder surgery,
the difference was no longer statistically significant.

The clinical relevance of fracture classification is particularly evident in hip fractures. Krogue et al.
emphasized that the choice of implant and surgical strategy largely depends on fracture type. The model
developed by the authors classified hip and pelvic radiographs into several categories, including displaced and
non-displaced femoral neck fractures, intertrochanteric fractures, and the presence of previous fixation or
arthroplasty. In this multiclass classification task, the model achieved an accuracy of 90.4%, meaning that in
most cases it correctly assigned the image to the appropriate diagnostic category. However, it should be
emphasized that despite the high overall performance, the model achieved a markedly lower sensitivity for
non-displaced femoral neck fractures, which are more difficult to detect and remain challenging even for
experienced clinicians.

3.2.4 Workflow Optimization and Triage

Beyond improving diagnostic performance, an important area of Al application in fracture diagnosis is
workflow optimization. In this context, Al may function as a triage tool by automatically flagging examinations
with suspected fractures, prioritizing them for earlier review, and supporting workflow organization in high-
pressure emergency department and radiology department settings.

One practical aspect of using Al as a tool supporting radiograph interpretation is its impact on physicians’
reading time. In the emergency department setting, even a slight increase in the time required to assess a single
examination could limit the usefulness of such systems, particularly when large numbers of radiographs are
performed and rapid clinical decision-making is required. Therefore, it is important that the improvement in
diagnostic performance observed in studies of Al models is not accompanied by longer image interpretation
time; ideally, it should be associated with a reduction in reading time. In the study by Guermazi et al., the use
of Al not only increased the sensitivity of fracture detection, but also shortened the mean radiograph
interpretation time. A similar trend was observed by Duron et al., in whose study the mean reading time
decreased from 67 to 57 seconds, although this difference did not reach statistical significance. In turn, the
meta-analysis by Qin et al. showed that Al assistance improved clinicians’ diagnostic performance without a
statistically significant effect on interpretation time.

Herpe et al. evaluated the implementation of an Al-based fracture detection system in a real-world
emergency department setting using a before-and-after design. After implementation of the Al-based system,
a reduction in the rate of diagnostic discrepancies was observed, from 6.6% to 5.1%. However, it should be
emphasized that no change was found in the frequency of clinically significant discrepancies. The median
length of stay in the emergency department also decreased slightly, from 190 minutes to 181 minutes. No
significant reduction in the rate of specialist consultation requests was observed.

Taken together, the available studies evaluated Al-based tools across four main domains: standalone
fracture detection, Al-assisted clinician interpretation, fracture classification and characterization, and
workflow optimization. Reported outcomes included diagnostic accuracy, clinician performance with and
without Al support, classification of specific fracture types, reading time, discrepancy rates, and emergency
department length of stay. These findings provide the basis for discussing the clinical utility, limitations, and
implementation challenges of Al in radiographic fracture diagnosis.
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4. Discussion

The findings summarized in this review indicate that artificial intelligence has substantial potential in
radiographic fracture diagnosis. Across the included studies, Al-based systems achieved high diagnostic
performance in automated fracture detection, particularly in anatomically focused tasks and selected imaging
datasets. However, the reviewed evidence also suggests that the most clinically relevant role of Al may not be
fully autonomous diagnosis, but rather its use as an adjunctive tool supporting clinicians during radiograph
interpretation. Studies evaluating Al-assisted reading generally reported improvements in clinician
performance, especially among less experienced readers or non-radiologist clinicians. In addition, emerging
evidence shows that Al may contribute to fracture classification, characterization, and workflow support,
although these applications remain less extensively validated than binary fracture detection. These findings
provide the basis for discussing the clinical utility, generalizability, implementation challenges, and limitations
of Al in fracture diagnosis.

One of the most important conclusions emerging from the available evidence is the high performance
of Al models in detecting fractures on plain radiographs [15, 17]. In many analyses, algorithms achieved very
good AUC, sensitivity, and specificity values, particularly in tasks limited to specific anatomical locations,
such as wrist, hip, proximal humeral, or pelvic fractures [6, 7, 16, 18]. These findings indicate that deep
learning models are capable of recognizing radiographic features of fractures and may achieve performance
comparable to that of clinicians under selected study conditions [17]. However, it should be emphasized that
most of the best-documented models have been evaluated in relatively well-defined diagnostic tasks, which
limits the extent to which these results can be directly transferred to the full spectrum of trauma radiographs
encountered in everyday clinical practice.

Therefore, the high performance of anatomically targeted models should not be equated with the
existence of a single universal system capable of analysing all trauma radiographs with comparable accuracy.
In routine clinical practice, emergency physicians interpret examinations involving different anatomical
regions, acquired in various projections and in heterogeneous patient populations, with variable image quality
and the presence of factors that may hinder interpretation, such as implants, degenerative changes, or atypical
injury mechanisms. Meanwhile, many of the best-described Al models have been optimized for a single,
strictly defined diagnostic task, such as detecting fractures of the wrist, hip, proximal humerus, or pelvis [6, 7,
16, 18]. This means that an algorithm achieving excellent results in one anatomical region may not maintain
comparable performance in other areas of the musculoskeletal system or across the full spectrum of cases
encountered in clinical practice.

The performance of an Al model depends to a large extent on the similarity between the test data and
the data on which the model was trained. An important issue is dataset shift, which occurs when a model is
applied to data that differ from those used during training. In clinical practice, this may involve implementing
an algorithm in a hospital that uses different X-ray equipment, imaging protocols, image quality standards, or
serves a patient population with a different injury profile. Under such conditions, model performance may be
lower than that reported in the original validation study, highlighting the limited generalizability of current Al
systems [15, 17]. For this reason, external validation and multicenter studies are essential, as they allow
algorithms to be assessed in more diverse and realistic clinical settings [15, 17, 20].

In addition to the problem of generalization across different institutions, variation in model performance
within specific subgroups of cases is also important. For example, in the study by Lindsey et al., the model
achieved a very high AUC for wrist fracture detection; however, the highest performance was observed in the
subset of images for which there was no disagreement between experts regarding the diagnosis. This suggests
that Al performance may be particularly high in more straightforward cases, whereas diagnostically uncertain
cases remain a greater challenge. A similar issue can be observed in other studies, where high AUC values
reported for the overall test set may have masked weaker algorithm performance in clinically important
subcategories. Subtle, non-displaced, multiple, and complex fractures remain particularly challenging, as these
are the cases in which the risk of diagnostic error is highest [1, 14, 16, 20].

Current evidence suggests that the greatest value of Al in fracture diagnosis lies not in replacing
physicians, but in supporting their interpretation as a second reader or a clinical decision support tool [17, 24].
In this model, Al does not replace clinical reasoning, but may direct the physician’s attention to suspicious
areas on the radiograph and reduce the risk of overlooking important, often subtle, fracture features [9, 12].
Particularly important is the observation that the benefit of Al support may be most evident among users with
less experience in interpreting musculoskeletal radiographs. In several studies, performance improvements
were especially pronounced among non-radiologists, frontline clinicians, or less experienced readers. This is
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highly relevant in the emergency department setting, where the initial interpretation of a radiograph often
precedes the final radiology report [2, 4, 9]. However, it should be emphasized that physician—Al collaboration
is safest when the algorithm’s output is treated as additional information rather than as a final diagnostic
decision. The system should support the physician’s diagnostic vigilance, but not replace it [10, 17].

Beyond fracture detection itself, the ability of Al to classify and characterize fractures may become
increasingly important. This is clinically relevant because therapeutic decisions depend not only on the
presence of a fracture, but also on its type and location. Al models may therefore go beyond simple fracture/no-
fracture classification and recognize more detailed injury categories. However, classification is a more
complex task than detection, and good overall results may mask weaker performance in rare or clinically
important subtypes [6, 7, 16].

Although retrospective studies and reader studies provide important data on the diagnostic performance
of Al, they do not fully answer the question of its real-world clinical utility. In practice, implementing an
algorithm for fracture diagnosis requires not only high sensitivity and specificity, but also effective integration
into the everyday workflow of emergency departments and radiology units. An Al system must provide its
output at the right time, in a clear format, and without overburdening clinicians with excessive alerts or
additional required actions. For this reason, the technical performance of a model should be distinguished from
its actual clinical effectiveness [13,17].

Previous studies suggest that Al-assisted interpretation does not necessarily prolong reading time and,
in some analyses, may even shorten it [9, 12, 24]. However, evidence from real-world implementations remains
limited. Herpe et al. showed that after Al implementation, the overall rate of diagnostic discrepancies decreased
and the length of stay in the emergency department was slightly shortened, but there was no significant
reduction in clinically significant discrepancies. Therefore, the ultimate value of Al will depend not only on
model performance metrics, but also on integration with clinicians’ everyday work, the way alerts are presented,
user acceptance, and its impact on clinically relevant endpoints.

Methodological Limitations of the Current Evidence

Despite promising results, the current literature on Al in fracture diagnosis has important
methodological limitations. Many studies are retrospective and rely on selected radiograph datasets that do not
always reflect the full spectrum of cases encountered in everyday emergency department practice. Fracture
prevalence, image quality, the number of diagnostically challenging cases, and the availability of clinical
information may differ from real-world conditions, which may affect the assessment of algorithm performance.

Another limitation is the insufficient number of external validations and multicenter studies. Models
trained and tested on data from a single institution or on similar image datasets may perform worse after
implementation in a different clinical environment. This limits the direct generalizability of study findings and
highlights the need to evaluate Al models in diverse, real-world clinical settings.

Moreover, most studies focus on diagnostic performance metrics such as AUC, sensitivity, and
specificity, whereas fewer data are available on real-world endpoints relevant to patients and healthcare
organizations. The number of prospective studies assessing the impact of Al on time to diagnosis, therapeutic
decisions, emergency department revisits, complications, costs, and patients’ functional outcomes remains
limited. Without such data, it is difficult to determine whether improved radiograph interpretation translates
into the full clinical value of Al systems.

Future Perspectives

The future development of Al should move toward more universal models capable of analysing different
anatomical locations and injury types. It will be particularly important for these models to maintain high
performance not only in typical and straightforward cases, but also in clinically challenging subgroups, such
as subtle, non-displaced, multiple, and complex fractures.

Another important direction should be the development of multicenter studies and external validations
conducted in diverse clinical settings. Models need to be evaluated on data originating from different hospitals,
X-ray systems, patient populations, and imaging protocols. Only such studies will make it possible to
determine whether the performance observed in selected test datasets is maintained after implementation in
everyday clinical practice.

However, the most important step will be to assess the real-world impact of Al on patient care. Future
studies should go beyond traditional diagnostic metrics and analyse outcomes such as time to diagnosis,
therapeutic decisions, the number of missed fractures, emergency department revisits, costs, and patients’
functional outcomes. At the same time, safe principles for integrating Al into clinical workflow will need to
be developed, so that algorithms support physicians’ decisions without replacing their clinical judgment.
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5. Conclusions

Artificial intelligence represents a promising direction in radiographic fracture diagnosis. Current
evidence indicates that Al-based systems can achieve high diagnostic performance in selected fracture
detection tasks and may improve clinicians’ interpretation when used as decision-support tools. The greatest
clinical value of Al currently appears to lie not in replacing physicians, but in supporting their diagnostic
process, particularly in emergency settings and among less experienced readers.

However, the widespread implementation of Al in fracture diagnosis still requires further development
and validation. Important challenges include limited generalizability, variable performance in subtle or
complex fractures, insufficient external validation, and the need for more prospective real-world studies
assessing clinically meaningful outcomes. Future research should therefore focus on robust multicenter
validation, integration with clinical workflow, and evaluation of AI’s impact on patient care rather than
diagnostic accuracy alone.

Overall, Al should be regarded as a highly promising but still evolving tool in radiographic fracture
diagnosis. Its development should not be abandoned, but rather guided by careful validation, clinical oversight,
and a clear understanding of its role as an adjunct to human expertise.
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