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Abstract

Artificial intelligence (Al) is increasingly reshaping musculoskeletal (MSK) imaging across
the entire imaging pathway. This narrative review summarizes current Al applications
in MSK radiology across four domains: acquisition and reconstruction, detection and
triage, characterization and quantification, and prognosis and decision support. Al-based
reconstruction has enabled faster MRI acquisitions, improved denoising and artifact reduc-
tion, and supported low-dose CT imaging while preserving diagnostic quality. Fracture
detection and triage currently represent the most mature clinical applications, particu-
larly in emergency settings. Al is also promoting a shift from qualitative interpretation to
quantitative imaging phenotyping through automated assessment of body composition,
cartilage, bone density, degenerative spine disease, skeletal maturity, and lesion heterogene-
ity. Emerging applications in prognostic modeling, implant evaluation, and multimodal
risk stratification remain promising but less mature. Broader clinical implementation is
still limited by restricted interpretability, dataset bias, insufficient prospective validation,
regulatory complexity, and unresolved medico-legal issues. Overall, Al should be viewed
as a tool to augment, not replace, radiological expertise.

Keywords: artificial intelligence; musculoskeletal imaging

1. Introduction

The use of artificial intelligence (AI) in musculoskeletal (MSK) imaging is growing
rapidly. This is driven by the increasing number of orthopedic imaging studies and by the
limited availability of subspecialized radiologists. Al, especially machine learning (ML)
and deep learning (DL), can support pattern recognition, classification, reconstruction,
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and other complex tasks [1]. In radiology, its main goal is not to replace the expert, but to
improve efficiency, reduce workload, and support more consistent image interpretation [2].

Although Al has shown value in several clinical areas, including trauma, oncology,
and pediatric imaging, some of its most important applications in MSK radiology are found
at the beginning of the imaging chain, especially in image acquisition and reconstruction [3].
DL-based methods have made it possible to accelerate MRI, particularly in knee and spine
imaging, with shorter scan times and preserved image quality. In some cases, image
quality may even improve [4-6]. At the same time, these methods also raise concerns. One
important issue is that Al can generate very realistic images that may not fully reflect the
patient’s true anatomy. For this reason, close collaboration between radiologists and Al
developers remains essential [7].

Low-field MRI is another area in which Al may have an important role. Systems such
as 0.55-T scanners are more accessible and less expensive, but image quality is lower than
in standard 1.5-T or 3.0-T MRI. Al-based reconstruction can partly compensate for these
limits by improving signal-to-noise ratio, spatial resolution, and contrast [8,9]. Al has also
expanded the idea of image generation itself. Examples include synthetic CT from MRI
for bone assessment without radiation, and synthetic fat-suppressed sequences generated
from standard acquisitions [10,11]. Generative adversarial networks have further extended
this field by enabling cross-modality image synthesis, which may be useful in emergency
settings or when one imaging modality is not available or cannot be performed.

Al is also increasingly used for interpretative tasks, including fracture detection, lesion
characterization, and tumor classification. Nevertheless, its role is not limited to image
reading. Al may also support non-interpretative tasks such as workflow optimization,
patient scheduling, safety, and operational efficiency [3]. It can also assist in upstream
decisions, for example by helping select MRI protocols or by identifying examinations that
may require intravenous contrast. This means that AI may affect not only how images
are interpreted, but also how the whole MSK imaging pathway is organized. However,
clinical implementation still depends on reliability, generalizability, and integration into
routine practice [12,13].

This narrative review provides an overview of current Al applications in muscu-
loskeletal imaging, with a focus on image acquisition, reconstruction, interpretation, and
decision support. It also discusses the main technical, ethical, and legal challenges that still
limit broader clinical adoption.

2. Al Along the Imaging Chain

The role of Al in MSK imaging can be understood as spanning the entire imaging
pathway, from acquisition to downstream clinical decision support. To provide a structured
overview, the available applications may be grouped into four broad domains: acquisition
and reconstruction, detection and triage, characterization and quantification, and prognosis
and decision support. Each of these areas is discussed in the following sections.

2.1. Acquisition and Reconstruction

Al is changing the earliest steps of the MSK imaging workflow, especially acquisition
and reconstruction. The goal is to improve efficiency, standardize image quality, and reduce
scan time and radiation dose. Unlike downstream tools, which mainly interpret images
after they are acquired, these methods act directly on raw or incomplete data and influence
how the image is generated.

One of the most important applications is MRI acceleration. DL reconstruction ap-
proaches can broadly be divided into two categories. In the post-processing one, DL is
applied after images have already been reconstructed with conventional techniques. In the
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physics-driven one, instead, CNNs are incorporated directly into the reconstruction process
and operate on raw k-space data. This second approach is particularly relevant for scan
acceleration, because the Al-based reconstruction is integrated into the image-generation
pipeline itself. Several MRI vendors have already patented and commercialized these
technologies [14]. The accelerated protocols rely on DL reconstruction systems that use
multi-scale CNNs trained on paired fully sampled and undersampled datasets to generate
high-quality images. This system allows the reconstruction of missing k-space data to pre-
serve fine anatomical details and diagnostic quality. According to several studies, DL-based
reconstruction showed sensitivity and specificity of 98-100% in MSK imaging, with a slight
reduction in sensitivity (91-96%) using highly accelerated protocols [4,15]. Compressed
sensing combined with CNN has also reduced scan time to only a few minutes in some
settings while maintaining high structural similarity and low measurement error. These
developments could improve workflow efficiency in high-volume practice, boost scanner
throughput, and enhance patient comfort [16].

MRI-based bone imaging is another emerging Al application in MSK imaging acquisi-
tion and reconstruction. Rather than replacing CT directly, these techniques aim to increase
the amount of osseous information that can be obtained from an MRI examination while
preserving its intrinsic advantage in soft-tissue assessment. Several strategies are currently
available or under investigation. Ultrashort echo time and zero echo time (UTE/ZTE)
sequences exploit extremely short echo times to depict tissues with very rapid signal decay,
including cortical bone [17], although their spatial resolution and signal-to-noise ratio still
remain inferior to CT and they do not provide native HU-based density information [18].
Other CT-like MRI techniques, such as FRACTURE, use 3D gradient-echo acquisitions to
enhance bone contrast [19], but their inverted contrast may create interpretative pitfalls,
particularly when cortical bone must be distinguished from air or hemorrhage [20]. A
further approach is synthetic CT generation from MRI, in which DL-based image synthesis
methods, including cycle-consistent generative adversarial networks (cycle GAN), can
produce CT-like images from MR data [21]. This may be particularly useful in children,
young patients, and longitudinal follow-up, where reducing radiation exposure is desirable.
However, Al-generated bone images require careful radiological supervision, as reconstruc-
tion artifacts and hallucinated findings may lead to diagnostic errors. Therefore, MRI-based
cortical bone imaging should currently be regarded as a complementary tool that may
expand MRI capability in MSK imaging, rather than as a universal substitute for CT.

Al can also optimize MRI sequences. Reinforcement learning methods may adapt
acquisition parameters to improve signal-to-noise ratio and tissue contrast, which is es-
pecially relevant in cartilage imaging. In addition, Al-based harmonization may reduce
variability between scanners, vendors, and protocols, which is important both for clinical
use and for multicenter studies [22,23].

Reconstruction has also improved through denoising and artifact reduction. DL mod-
els, including generative adversarial networks, can reduce motion-related or acquisition-
related artifacts. This is relevant in MSK imaging, where long scan times and patient
discomfort often affect image quality. Motion remains an important problem in other
imaging modalities, including EOS imaging, and Al-based correction may help reduce
clinically misleading distortions [24].

Al-based reconstruction is also increasingly used to enable low-dose imaging in CT and
radiography. DL models enhance image quality from low-dose scans, reducing radiation
exposure without compromising image interpretability. The implementation of DLR has the
potential to reduce radiation dose by up to 45% and decrease the risk of radiation-induced
cancer from 0.247% to 0.130% compared with iterative reconstruction [25,26]. Since MSK
imaging often requires repeated follow-up examinations, this is particularly useful.
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Finally, AI may improve image standardization by correcting variability related to
patient positioning or acquisition geometry. Registration and reconstruction algorithms
may reduce alignment errors and support more consistent measurements over time, which
is important for longitudinal follow-up and quantitative imaging biomarkers. Ito et al.
showed that Al-assisted positioning reduced workflow time (223 s vs. 255 s; p < 0.001)
without affecting image quality or dose metrics [27].

Overall, acquisition and reconstruction are among the Al applications that are clos-
est to routine clinical use. They work in the background, fit naturally into the imaging
workflow, and can improve efficiency without removing the radiologist from the decision-
making process.

2.2. Detection and Triage

One of the earliest and most clinically useful roles of Al in MSK imaging is detection
and triage, especially in emergency and high-volume settings. Musculoskeletal trauma is
one of the most common reasons for imaging in the emergency department and creates a
major workload for radiologists [28]. Under these conditions, interpretation errors are not
rare and may increase at night or when images are first assessed by non-radiologists. In
this context, Al can help accelerate image reading, reduce missed findings, and prioritize
urgent cases [29].

The most mature use case is fracture detection. Al applications in MSK trauma
have involved several imaging modalities, including radiography, CT, and MRI, with
radiographs representing the most extensively investigated modality to date. Progress in
this field has been supported by the availability of large, anonymized image datasets, such
as MURA, which includes nearly 41,000 upper-extremity radiographs classified by expert
radiologists as either “normal” or “abnormal” [30].

Many studies have shown that Al can achieve diagnostic performance comparable
to fellowship-trained musculoskeletal radiologists in detecting and classifying fractures,
particularly in the hip, spine, and ribs [31-33]. Kuo et al., in their meta-analysis of 42 studies
(37 on radiographs and 5 on CT), reported no statistically significant differences between
clinician and Al performance in fracture detection [34]. In peripheral skeletal districts,
including the knee, foot, and wrist, Al systems applied to radiographs have reported
accuracies of up to 90.1%, with a measurable improvement in sensitivity among residents
and less experienced readers [35]. These data support its role as a triage tool that can flag
suspicious imaging studies and help prioritize reporting.

Al may be even more useful when the lesion is subtle or easy to miss. Occult fractures
of the scaphoid, hip, or vertebrae may not be visible on first-line radiographs because
cortical changes are minimal or technical factors limit detection [36]. In this setting, ra-
diomics may extract texture-based features that are not visible to the human eye and may
improve early detection [37,38]. This role is further supported by recent real-world data
on scaphoid fractures. In a cohort including both clear-cut and more complex cases, two
commercially available Al tools, BoneView and RBfracture, were evaluated. Both systems
are DL tools based on DCNN using the Detectron2 framework; they process DICOM radio-
graphs returning a categorical output (“Positive”, “Doubtful”, or “Negative”), with boxes
highlighting suspected fracture sites. In definite cases, both platforms performed similarly
to non-specialist radiologists (AUC~0.83 for Boneview, 0.84 for RBfracture). However,
their diagnostic profiles differed: BoneView showed higher sensitivity, whereas RBfracture
showed higher specificity, suggesting that different Al tools may be better suited to different
clinical priorities. In more challenging cases requiring CT confirmation, performance was
lower overall (AUC 0.46-0.65), but Al assistance significantly improved reader performance
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(AUC up to 0.75, p < 0.03). These findings suggest that Al may be particularly useful when
radiographic findings are subtle or uncertain, rather than in clearly visible fractures [39].

Recently, more technically complex DL strategies for fracture detection on radiographs
were explored. For example, Tahir et al. developed an ensemble model for humeral
fracture classification using the public MURA-v1.1 dataset. The model combined four
ImageNet-pretrained CNN architectures, particularly VGG16, InceptionV3, MobileNetV2,
and ResNet50, through a stacking approach, with Keras and TensorFlow used as founda-
tional libraries and Google Colab as the training platform. This ensemble approach achieved
92.96% accuracy, 91.62% recall, and 92.14% F1-score, outperforming the individual modified
networks. These findings suggest that combining multiple CNN architectures may improve
fracture detection performance by capturing complementary image features. However, the
authors also noted relevant drawbacks, including higher computational complexity, longer
training time, extensive hyperparameter tuning, possible dataset bias, and limited evidence
of generalizability to other anatomical regions or real-world clinical workflows [40].

Detection tools are not limited to bone trauma. On MRI, Al has also shown promise in
identifying soft-tissue injuries such as anterior cruciate ligament tears and meniscal lesions.
In traumatic knee imaging, early DL models such as MRNet were able to detect ACL and
meniscal injuries and improved the specificity of ACL diagnosis, although performance
was not uniformly superior to radiologists, with lower sensitivity for ACL tears and lower
specificity for meniscal tears. More focused architectures later improved this limitation:
Liu et al. used a cascaded DL-based image-cropping strategy to isolate ACL-containing
slices and regions before classification, achieving sensitivity, specificity, and AUC values
comparable to diagnostic radiologists. Meniscal tear detection has also been addressed
with task-specific methods such as Mask-RCNN, which can support both detection and
orientation classification [41]. Overall, these findings suggest that Al performance in MRI-
based soft-tissue trauma depends strongly on model design, with anatomically targeted
approaches likely to outperform more generic whole-image classifiers [28]. These tools may
support triage and referral decisions. By contrast, more complex tasks such as predicting
return to sport after ACL reconstruction are still much less mature and remain mainly
investigational [42,43].

Beyond trauma, Al applications in MSK imaging also extend to the automated de-
tection of bone lesions on CT and MRI, including metastases, myeloma-related lesions,
and primary bone tumors. This may be clinically relevant in oncologic imaging, where
lesions can be subtle, multifocal, and distributed across large anatomical regions, making
detection time-consuming and potentially error-prone. Recent studies have mainly relied
on DL models, often combined with detection or segmentation architectures such as CNNs,
UNET, and YOLO. However, the current evidence remains limited [44-47].

As the number of orthopedic implant procedures continues to increase, Al-assisted
postoperative image analysis may help reduce workload, limit fatigue-related errors, accel-
erate reporting, and improve workflow efficiency. A potential role of Al in this setting is
the automatic recognition of the anatomical region, laterality, and projection, followed by
detection of the orthopedic hardware. DL models have demonstrated very high accuracy in
both anatomical region classification and implant detection on MSK radiographs, including
knee and shoulder arthroplasties, spinal instrumentation, and fracture fixation devices,
with reported accuracies approaching 100% [48,49].

Overall, Al in detection and triage should be seen as a support tool rather than a
substitute for the radiologist. Among clinical Al applications in MSK imaging, this is one
of the most mature areas, because it addresses a common problem, fits into daily workflow,
and may reduce reporting delay and diagnostic error.
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2.3. Characterization and Quantification

If detection is the first visible contribution of Al its deeper impact in MSK imaging may
lie in characterization and quantification. Here, Al does not simply identify an abnormality.
It helps describe tissue composition, lesion heterogeneity, and disease burden in a more
objective and reproducible way.

A good example is sarcopenia and body composition analysis. Traditionally, the evalu-
ation of skeletal muscle and adipose tissue on CT has relied on manual or semi-automated
segmentation [50]. This is slow, operator-dependent, and difficult to apply in routine prac-
tice. Al especially CNN-based methods, has enabled accurate automated segmentation of
skeletal muscle, subcutaneous fat, and visceral fat, most often at the L3 level. From these
segmentations, clinically relevant measures can be obtained, including skeletal muscle
area, skeletal muscle index, muscle attenuation, and fat distribution. DL models, especially
CNN- and U-Net-based architectures, are particularly suited to image-based quantification
because they can learn spatial and textural patterns directly from imaging data, reducing
the need for manual feature engineering. By contrast, classical ML models, notably random
forests, support vector machines, k-nearest neighbors, XGBoost, and AdaBoost, are more
commonly applied to structured clinical, anthropometric, biochemical data to predict low
muscle mass or sarcopenia risk, with reported AUC values around 0.81-0.90 in selected
cohorts. More advanced models may also incorporate radiomic features, which can capture
subtle muscle texture and composition changes that are not obvious on visual inspection.
Explainable Al methods, such as SHAP, LIME, and Grad-CAM, may further improve
interpretability by identifying which clinical variables or image regions contribute most to
the model output. From an implementation perspective, these tools may be integrated into
radiology pipelines. However, the choice of technique depends on the clinical task [51,52].

Interestingly, recent proof-of-concept data suggest that Al-based muscle assessment
may not remain limited to CT. In a single-center study, a CNN trained on 1090 ultrasound
images was able to classify rectus abdominis muscle density into three CT-derived cat-
egories, with an overall accuracy of 70%. Although still preliminary and limited to a
single muscle and clinical setting, this approach suggests that AI may help extend body
composition analysis to ultrasound, potentially making muscle quality assessment more
accessible, portable, and suitable for bedside evaluation [53].

Degenerative disease is a clear example of this shift toward reproducible quantification.
In osteoarthritis, conventional radiographic grading systems such as Kellgren-Lawrence
remain widely used, but they are semi-quantitative, subjective, and relatively insensitive to
early disease. DL models can automate radiographic grading and improve reproducibility
by learning image patterns related to joint space narrowing, osteophytes, bone shape, and
subchondral changes. In a representative study, Tiulpin et al. developed a transparent
computer-aided diagnosis model for knee osteoarthritis grading on plain radiographs
using a Deep Siamese CNN trained on the Multicenter Osteoarthritis Study dataset and
externally validated on the Osteoarthritis Initiative dataset. The model was implemented
in PyTorch and trained on GPU hardware, using an ensemble strategy and Grad-CAM-
based attention maps to make the decision process more interpretable. Compared with a
generic transfer-learning baseline based on fine-tuned ResNet-34, the Siamese architecture
achieved similar overall performance but produced better classification performance of
early osteoarthritis (AUC 0.93), suggesting that anatomically constrained architectures may
be preferable to generic image-classification networks in fine-grained radiographic grading
tasks [54].

Beyond radiographic analysis for the automatic detection of osteoarthritis severity,
DL models may also improve the MRI-based automated cartilage segmentation for quan-
titative T2 mapping. When integrated into standard MRI protocols for morphological
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assessment, this approach can provide information on the morphology and local bio-
chemical composition of cartilage, supporting osteoarthritis assessment and helping early
identification of individuals at risk of disease progression, when preventive measures may
still be implemented [55].

On MRI, Al can go further by segmenting cartilage, menisci, and bone marrow lesions
and by quantifying cartilage thickness, volume, and compositional biomarkers. Models
such as U-Net and 3D convolutional networks have shown high segmentation performance.
Al can also speed up semiquantitative scoring systems such as WORMS and MOAKS,
reducing reading time while maintaining good agreement with expert readers [56].

A similar change is also taking place in spine imaging. Degenerative spine disease
is very common, and its interpretation often presents some variability among different
readers. DL models have been developed to allow automatic labeling of lumbar levels and
detection of findings such as disc degeneration, spinal canal stenosis, spondylolisthesis,
disc bulging, and nerve root compression. MRI-based markers, such as the Vertebral Bone
Quality (VBQ) score and the M-score, also allow for opportunistic assessment of bone
quality and osteoporosis by quantifying bone marrow fat changes on T1-weighted images.
Although agreement with experts can be good, performance may decrease in anatomically
complex regions such as L4-L5, reinforcing the need for radiologist oversight [57-59].
This quantitative approach can also be extended to CT. Both ML- and DL-based methods
applied to CT imaging have demonstrated increasing potential to provide automated,
reproducible, and scalable assessment of bone-related parameters. In a landmark study
including more than 500,000 CT examinations from over 280,000 patients, DL models
enabled fully automated vertebral segmentation, three-dimensional ROI placement, and
quantification of trabecular attenuation across multiple scanners and acquisition protocols,
with excellent agreement with expert radiologists (>99%) [60]. Moreover, in a recent study
evaluating seven ML models using L1-L4 average HU value as the sole input variable,
the K-nearest neighbors model showed balanced and robust performance (accuracy: 0.71),
whereas Logistic Regression and Naive Bayes achieved high AUCs (0.78), supporting the
use of CT-derived HU values as a simple and practical tool for opportunistic osteoporosis
screening, particularly when DXA is unavailable or limited [61].

Al may also be used to automate spinal measurements on radiographs. In a recent
multi-reader study, an Al algorithm measured key spinopelvic parameters, including
thoracic kyphosis, lumbar lordosis, sacral slope, and sagittal vertical axis, with accu-
racy comparable to experienced radiologists and surgeons, (ICC 0.92-1.00; no significant
differences vs. readers, p > 0.05), while markedly reducing reading time. Notably, its perfor-
mance remained strong even in the presence of vertebral fractures or spinal instrumentation,
suggesting that Al could improve reproducibility in routine spinal assessment [62].

Radiomics plays an important role in MSK oncology. By extracting quantitative fea-
tures related to texture, shape, intensity, and spatial heterogeneity, radiomics may help
distinguish aggressive from non-aggressive lesions, improve tumor grading, and better
characterize cartilaginous, lipomatous, and sarcomatous lesions. From a methodological
perspective, most Al studies in MSK oncology still rely on radiomics-based ML models
applied to CT and MRI, whereas DL represents a smaller but growing proportion of the
literature. Radiomics requires predefined steps, including image acquisition, manual or
semi-automated segmentation, feature extraction, feature selection, and classifier devel-
opment. Texture analysis may reveal intratumoral heterogeneity that is not visible to the
human eye but may reflect biological aggressiveness. In osteosarcoma, for example, habitat
imaging, histogram analysis, and delta-radiomics may describe different tumor subregions
and monitor treatment-related changes [63]. In this workflow, ML is used to perform
classification tasks. In MSK oncology, conventional ML, particularly radiomics-based ML
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applied to CT and MRI, has been largely explored for benign versus malignant discrimina-
tion, grading of cartilaginous tumors and soft-tissue sarcomas, and prediction of therapy
response, recurrence, and survival. In contrast, DL may outperform conventional ML in
classification tasks. DL models can learn image features directly from radiographs, CT, or
MRI, reducing the need for handcrafted feature engineering, but they generally require
larger datasets and greater computational resources compared to conventional ML. This
explains why their application remains limited in rare MSK tumors. However, DL models
have been applied to primary bone tumor classification on radiographs, including benign
versus malignant lesions discrimination or grading, showing better accuracy compared to
radiology residents [64]. DL was also applied for automated osteosarcoma segmentation
in CT images [65]. Finally, radiomics-based DL models have been used for both classifica-
tion and segmentation tasks, to distinguish lung from non-lung spine bone metastases on
dynamic contrast-enhanced MRI or benign from malignant sacral tumors on CT.

Overall, current evidence remains limited by small sample sizes, manual segmentation
variability, tumor rarity, and the lack of external validation. Public repositories such as
The Cancer Imaging Archive (https://www.cancerimagingarchive.net, accessed on 20 May
2026) and multicenter institutional infrastructures may help overcome these limitations
by providing access to independent datasets for model training and validation. In tumor
characterization and quantification, Al should be interpreted not as a single technique
but as a spectrum ranging from handcrafted radiomics and conventional ML to DL-based
automated feature learning, each with different advantages, data requirements, and barriers
to clinical implementation [66-69].

Bone age assessment also belongs in this section. It is one of the most established and
clinically relevant applications of Al in musculoskeletal imaging, with implications span-
ning pediatric endocrinology, orthopedics, and even legal medicine. Traditionally, skeletal
maturity is evaluated using atlas-based or scoring systems, most notably the Greulich-Pyle
(GP) and Tanner-Whitehouse (TW) methods [70,71], both relying on morphological analysis
of epiphyseal and diaphyseal development on hand and wrist radiographs. Despite their
widespread use, these approaches are inherently time-consuming and subject to significant
intra- and inter-observer variability. In this context, bone age estimation has emerged
as a prototypical task for Al, as it can be framed as a combination of object detection,
segmentation, and classification problems. Recent advances in ML and DL have enabled
the development of highly accurate and fully automated solutions [72].

Among these, BoneXpert represents one of the most widely adopted systems in
clinical practice [73]. It performs automated segmentation and analysis of multiple bones
extracting morphological and textural features to compute skeletal maturity, which can
then be converted into GP or TW-equivalent bone age values. Similarly, newer DL-based
platforms, such as VUNO Med-BoneAge [74], employ CNN trained on large datasets of
pediatric radiographs to provide rapid and reproducible estimates of bone age. These
systems can deliver results within seconds and demonstrate high concordance with expert
radiologist assessments, with correlation coefficients typically exceeding 0.8 and mean
differences on the order of a few months [75,76].

A key advantage of Al-based bone age assessment lies in its ability to reduce observer
dependency and improve workflow efficiency. Studies have consistently shown that auto-
mated systems not only decrease reporting time but also significantly reduce intra-reader
variability, yielding more standardized and reproducible measurements across different
levels of expertise. These systems reduce reader variability and save time, although perfor-
mance may still vary across different populations and in patients with abnormal skeletal
development [77].
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Al may also be applied to orthopedic implant characterization and quantitative as-
sessment. DL models, particularly CNN, have shown high performance in detecting the
presence of arthroplasty on radiographs and in classifying implant design types, such as
total versus unicompartmental knee arthroplasty or anatomical versus reverse total shoul-
der arthroplasty. Similar models have also been used to identify specific implant models,
a task that is especially relevant before revision surgery, where correct implant recogni-
tion may guide the selection of dedicated surgical instruments and reduce reliance on
time-consuming implant atlases. Indeed, ResNet-based DCNNs implemented in PyTorch
achieved excellent performance for knee and shoulder implant classification, with class
activation maps confirming that the models focused on relevant prosthetic components
rather than unrelated image features [78,79].

Beyond classification, Al can support quantitative postoperative assessment. U-Net-
based segmentation models, developed in Python/TensorFlow and combined with image-
processing libraries, have been used to automatically measure acetabular inclination and an-
teversion after total hip arthroplasty. This approach achieved measurements close to human
readers. From a practical perspective, classification models appear computationally faster
and well suited for implant detection or model recognition, whereas segmentation-based
pipelines are more demanding but provide clinically useful quantitative outputs [80,81].
Al has also been explored for implant-related complications, particularly prosthetic loos-
ening. CNN models were trained to detect loosening from preoperative radiographs of
patients undergoing revision total hip or knee arthroplasty, using intraoperative findings
as the reference standard. A model with only the radiological image as input achieved
70% accuracy, while a final DenseNet-based model combining anteroposterior and lateral
radiographs with clinical history reached 88.3% accuracy. These results suggest that Al
may detect prosthetic loosening from radiographs, especially when imaging and clinical
data are integrated [82].

Overall, Al in orthopedic implant evaluation is moving from simple recognition
toward automated, reproducible characterization and measurement, although broader
validation across implant types, imaging protocols, and institutions remains necessary
before routine clinical adoption.

Taken together, these applications show that one of the most important effects of Al in
MSK imaging is the shift from qualitative reading to quantitative phenotyping. This area is
highly promising, but its clinical value still depends on robust segmentation, good external
validation, and consistent performance across scanners and populations.

2.4. Prognosis and Decision Support

After abnormalities have been detected, characterized, and quantified, the next step is
to use imaging data to support clinical decisions. In this phase, Al is moving beyond image
analysis alone, working as a decision-support tool that may help stratify patients better
and guide management. In musculoskeletal oncology, these applications are developing
rapidly. Quantitative imaging biomarkers from CT and MRI combined with ML models
can predict treatment response and outcome.

The use of DL for outcome prediction in MSK oncology still remains limited. A few
studies have investigated tasks such as recurrence prediction after curettage in giant cell
tumor of bone using preoperative MRI. However, despite promising preliminary findings,
the scarcity of large annotated datasets continues to limit the translation of most DL
models into clinical practice [83]. In high-grade osteosarcoma, habitat imaging may identify
intratumoral regions linked to response to neoadjuvant chemotherapy. Histogram-based
features may reflect treatment-related changes in tumor structure. In soft-tissue sarcomas,
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simple MRI measures such as longest tumor diameter still remain clinically useful, but Al
may add further prognostic information [84,85].

In degenerative and orthopedic imaging, DL and conventional ML approaches based
on imaging data have been employed for prediction of structural osteoarthritis progression.
In a subsequent multimodal study, CNNs were used to analyze raw DICOM radiographs
and predict both current Kellgren-Lawrence grade and future osteoarthritis progression.
CNN outputs were then fused with clinical data and Kellgren-Lawrence grade reaching an
AUC of 0.81. Overall, this study shows that Al in osteoarthritis imaging is moving from
automated grading toward multimodal risk prediction, where DL can extract information
directly from raw images and classical ML can integrate imaging-derived outputs with
clinical variables. However, external validation across different populations, acquisition
settings, and non-standardized radiographic protocols remains essential before routine
clinical adoption [86].

Al-based prognostic models are increasingly used for outcome prediction. In os-
teoarthritis, multimodal models that combine imaging biomarkers with clinical variables
such as WOMAC scores may predict disease progression, symptom evolution, and the fu-
ture need for joint replacement. In lumbar spine disease, Al may support risk stratification
by combining imaging findings with demographic and clinical data. This is especially rele-
vant in spine surgery, where multimodal models may help predict postoperative outcome,
complication risk, and response to treatment [56].

Orthopedic implants are another important field for Al-based decision support. Post-
operative implant evaluation follows a logical sequence that includes recognition of the
anatomical region and radiographic view, detection of the implant, classification of im-
plant type or model, measurement of implant position, and identification of complica-
tions [78,79,81]. More specifically, the process may begin with automated recognition of
body part, laterality, and projection. It may then move to implant detection and classifi-
cation of implant design or specific model. This is especially relevant in revision surgery
planning, where implant-specific instruments may be needed, and correct implant identifi-
cation may otherwise take time and remain uncertain. Some of these tasks are descriptive,
but others have direct clinical value. Al can automatically measure implant-related pa-
rameters such as acetabular cup inclination and version, lumbar lordosis, and lower limb
length [80,87,88]. This may improve speed and reproducibility. Al may also support a more
structured postoperative assessment by linking technical measurements with clinically
relevant findings. Al-based algorithms may also identify implant-related complications,
particularly loosening, periprosthetic fractures, dislocation, infection, and component wear.
To date, the accuracy of Al models in predicting these complications has remained moder-
ate, partly because such events are relatively rare and training datasets are often unbalanced.
Still, the combination of imaging and clinical data outperformed the use of imaging data
alone. This suggests that implant-related AI may move from simple detection toward
prediction and support for postoperative surveillance and revision planning [89].

Even in trauma, prognostic applications are starting to emerge. Most current models
still focus on detection, but some studies are exploring imaging biomarkers related to ACL
graft maturation or explainable models for vertebral compression fractures. Although
these approaches are still in the early stage, they show that Al could contribute not only
to diagnosis, but also to functional outcome prediction and treatment planning [90,91].
Compared with reconstruction and detection tasks, prognostic and decision-support appli-
cations remain less mature because they require longitudinal, multimodal, and clinically
annotated datasets, as well as evidence that model outputs change patient management.

Prognosis and decision support are the domains in which Al is most closely linked
to precision medicine. At the same time, these are among the least mature applications,
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because they require multimodal data integration, strong validation, and proof that the
predictions truly improve clinical decisions. Al also has the potential to support reporting
by helping radiologists create more structured reports and suggest appropriate follow-up
recommendations [92]. This application is useful in daily practice, especially in high-
volume settings. Its main value would not be to replace the radiologist’s judgment,
but to improve standardization, reduce omission of relevant details, and support more
consistent communication.

3. Challenges and Considerations

Despite its promise, the clinical use of Al in musculoskeletal imaging still faces impor-
tant limitations. Pros and cons of Al applications in MSK imaging strongly depend on the
specific technique, clinical task, input data, and level of integration into the radiological
workflow, as summarized in Table 1. Therefore, Al should not be considered as a single
homogeneous tool, but rather as a spectrum of methods with different strengths, computa-
tional requirements, and limitations. DL-based reconstruction and generative approaches
are among the most clinically mature Al applications. Their main advantage is that they act
in the early stage of the imaging chain, improving image quality, reducing acquisition time,
supporting low-dose CT protocols, and increasing scanner efficiency. In MSK imaging, this
may be particularly relevant because examinations are often time-consuming, patients may
have pain-related motion, and repeated follow-up imaging is common. These tools can
improve workflow without directly affecting the interpretative role of the radiologist. How-
ever, their integration into image generation also creates specific risks. DL reconstruction
may alter image texture, suppress diagnostically relevant details, or produce images that
appear visually convincing but do not perfectly reflect the underlying anatomy. Similarly,
synthetic imaging and generative models may support radiation-free CT-like images gener-
ation, but they may also introduce hallucinated findings or reconstruction-related artifacts.
For this reason, their apparent technical efficiency should be balanced against the need for
careful validation and radiological oversight.

Table 1. Overview of Al applications in musculoskeletal imaging.

Application Domain

Typical Tasks

Main Advantages

Key Limitations

Acquisition and
reconstruction

MRI acceleration, denoising,
artifact reduction, low-dose
CT reconstruction

Reduced scan time, improved
image quality, reduced
radiation dose

Limited transparency of
reconstruction processes

Detection and triage

Fracture detection, soft tissue
injuries identification, bone
lesion detection

Faster reading, improved
sensitivity (especially for
subtle findings), prioritization
of urgent cases

Variable performance across
datasets, limited
interpretability (“black box”)

Characterization and
quantification

Body composition analysis
(muscle and fat segmentation),
cartilage analysis, bone
density estimation, radiomics
feature analysis

Objective and reproducible
measurements, automated
analysis, potential for
quantitative biomarkers

Reproducibility issues, lack of
standardization, uncertain
clinical integration

Prognosis and decision
support

Outcome prediction, risk
stratification, surgical
planning, implant assessment

Integration of imaging and
clinical data, potential support
for personalized medicine

Limited prospective
validation, unclear impact on
patient management

Detection and triage algorithms, particularly CNN-based models and object-detection

architectures, offer different advantages. They are especially useful for high-volume and
time-sensitive tasks, such as fracture detection, urgent abnormality flagging, and prior-
itization of examinations. Once trained and deployed, these models can provide rapid
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inference and may support less experienced readers, emergency physicians, or centers with
limited access to subspecialized MSK radiologists. Their main clinical value is not only
improved sensitivity, but also faster case prioritization and reduction in missed findings.
However, their performance may decrease in subtle, atypical, postoperative cases and, on
the other hand, false positives may increase radiologist workload. Therefore, detection
algorithms are most useful when they function as second readers or triage tools, rather
than autonomous diagnostic systems.

Radiomics-based models are particularly relevant for quantitative MSK imaging. They
can automate the segmentation of muscle, fat, cartilage, bone and soft tissue tumors, allow-
ing extraction of reproducible biomarkers that would be too time-consuming to measure
manually in routine practice. Their advantage is the ability to generate pixel-level or
voxel-level outputs, which can support objective quantification, longitudinal follow-up,
and treatment monitoring. However, segmentation models usually require high-quality
annotated datasets, and manual annotation remains time consuming, expert-dependent,
and difficult to scale. In addition, their performance may be affected by acquisition pro-
tocols, image quality, anatomical variability, metal artifacts, and disease heterogeneity.
Radiomics-based models are particularly useful in MSK oncology and rare diseases, but
their translation into clinical practice is still limited by acquisition heterogeneity, feature
redundancy, limited biological interpretability, and insufficient external validation.

Multimodal and ensemble approaches may offer additional value because they com-
bine complementary sources of information. Ensemble models may improve prediction
of multiple MSK conditions, including osteoarthritis progression, implant-related com-
plications, or postoperative outcomes. Nevertheless, these systems are more complex to
develop, validate, and deploy. They require larger and better-curated datasets and careful
handling of missing data.

Interpretability remains one of the main limitations across nearly all Al techniques.
Many DL systems still operate as “black boxes”, offering an output without providing the
basis of the prediction. This is significant in MSK imaging, where findings may be subtle,
multifactorial, and highly dependent on clinical context, prior surgery, or trauma. A false-
negative Al output in fracture detection, for example, may lead to delayed diagnosis, while
an unexplained false-positive output may increase unnecessary imaging, consultations, or
patient anxiety. Explainable Al techniques, including Vision Transformers (ViT), saliency
maps, heat maps, attention-based methods, and Shapley-based approaches, may partially
improve transparency by showing which image regions or variables contributed to the
model output. However, these methods should be interpreted cautiously, because they do
not always provide a true causal explanation of the model. For this reason, explainability
should be regarded as a support for radiological interpretation, not as a substitute for
expert judgment [73].

Bias and poor generalizability represent another key limitation. As the performance
of Al-based models is closely related to the quality and diversity of the training data,
models developed on narrow populations or on technically homogeneous datasets may not
perform as well when applied to different scanners, vendors, imaging protocols, or patient
groups in everyday practice. In osteoarthritis research, for example, demographic reporting
is often incomplete, and commonly used datasets may underrepresent some groups [93]. A
major limit of the existing literature on Al in MSK imaging is the predominance of retro-
spective studies. A model that performs well in a curated dataset but requires excessive
computational resources and lacks external validation may have limited practical value. Al
medical devices have been mostly assessed retrospectively, with only a few prospective or
randomized studies evaluating their real clinical impact. The lack of prospective, multicen-
ter validation remains a critical gap, as Al algorithms may underperform significantly when
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tested on different cohorts and imaging scanners. Future studies should therefore report
not only performance metrics, but also training and inference time, model size, hardware
requirements, software environment, failure modes, and real-world clinical impact. This
is essential to move Al from promising research tools to reliable support systems in daily
MSK radiology practice.

The implementation of Al in MSK imaging also raises important ethical and medico-
legal challenges. Al tools should not be evaluated only in terms of diagnostic accuracy,
but also according to transparency, safety, fairness, reproducibility, clinical integration,
and accountability.

In current clinical practice, Al systems should be considered decision-support tools
rather than autonomous decision-makers. The radiologist remains responsible for the final
interpretation and should be able to independently review the basis and plausibility of
Al-generated recommendations. Blind reliance on an Al output may increase malpractice
exposure, particularly if a human reader could reasonably have detected the abnormality
missed by the algorithm. Conversely, radiologists may still need to justify why they
accepted, rejected, or overrode an Al suggestion, especially if Al becomes progressively
incorporated into departmental standards of care. This makes clear protocols for Al use
essential, including procedures for managing human—Al discrepancy, documentation of Al
outputs, user training, and periodic performance monitoring.

Liability may also extend beyond the individual radiologist. Hospitals, radiology
departments, and private practices may be exposed through organizational or vicarious
liability if an Al system is routinely used without adequate validation, governance, training,
or workflow integration. In addition, AI developers and vendors may face product liability
issues if software defects, insufficient validation, or unsafe deployment contribute to patient
harm. This is complex because Al systems differ from traditional medical devices: they may
require large external datasets, may be updated over time, and may not always provide
interpretable outputs. These characteristics challenge conventional regulatory and liability
frameworks and make post-market surveillance particularly important.

From a regulatory perspective, most Al tools have entered clinical use through ap-
proval pathways such as FDA clearance or CE marking, which often focus on safety and
technical equivalence rather than direct evidence of improved patient outcomes. This
creates a gap between regulatory approval and proven clinical value. Reporting standards
also remain inconsistent, with limited transparency on safety, efficacy, software updates,
failure modes, and post-market performance.

Ethical concerns also include privacy, data governance, equity, and fair access. Al de-
velopment requires large imaging datasets. This increases the importance of anonymization,
secure data storage, data-sharing agreements, and compliance with privacy regulations
such as GDPR. At the same time, excessive restrictions on data sharing may limit external
validation, creating a tension between privacy protection and model generalizability. Ethi-
cal Al development should therefore ensure that data are collected and used transparently,
securely, and with attention to representativeness, avoiding models that reproduce existing
inequalities or perform poorly in minority or underrepresented populations [94].

Another practical and ethical challenge is the annotation burden. High-quality labeled
imaging data require expert MSK radiologist input, making dataset curation expensive,
time-consuming, and difficult to scale. Furthermore, the environmental cost of training
large Al models, including high computational energy consumption, is increasingly recog-
nized but rarely reported.

These concerns can be framed within the Collingridge’s dilemma: in the early stages
of a technology, its consequences are difficult to predict, whereas once the technology is
widely adopted, it becomes much harder to regulate or modify. A proactive approach
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is therefore needed. Health Technology Assessment frameworks, including Al-adapted
models such as MAS-AI may help evaluate not only diagnostic performance, but also
safety, clinical value, cost-effectiveness, ethical acceptability, organizational impact, and
legal implications. Similarly, reporting tools such as CLAIM can improve transparency in
Al studies by encouraging authors to describe data sources, model development, validation
procedures, and potential sources of bias [95].

Overall, safe implementation of Al in MSK imaging requires more than regulatory
approval or high retrospective accuracy. It requires continuous governance, prospective val-
idation, explainability, bias monitoring, clear medico-legal responsibility, and evidence that
Alimproves real clinical outcomes. The radiologist should remain the final clinical decision-
maker, with Al acting as an assistive tool that may improve efficiency, standardization, and
detection performance, but only within a transparent and accountable framework.

Finally, the real clinical impact of Al is still not well demonstrated. Evidence for
increased diagnostic accuracy in clinical practice is limited, workflow gains have not been
assessed adequately, and strong cost-effectiveness analyses are still lacking.

These drawbacks underline the existing gap between models’” development and clin-
ical translation, highlighting the need for rigorous, transparent, and outcome-driven re-
search. The main challenge is not only to build accurate models, but also to make sure that
they are reliable, fair, explainable, and clinically useful in the real world.

4. Conclusions

Alis changing MSK imaging at multiple levels, from image acquisition and reconstruc-
tion to detection, quantification, and decision support. Its main contribution is not only
greater efficiency, but also a shift toward more standardized, quantitative, and clinically
useful imaging assessment.

At present, the most mature applications appear to be those related to MRI reconstruc-
tion, fracture detection, and workflow support, because they fit more easily into routine
clinical practice. Other areas, such as quantitative phenotyping, prognostic modeling,
and multimodal decision support, are highly promising but still need broader external
validation before they can be considered ready for wide clinical use.

For this reason, Al in MSK imaging should be seen as a tool that supports the ra-
diologist, not as a substitute for radiological expertise. Its future value will depend not
only on technical progress, but also on careful validation, transparent governance, and
close collaboration between radiologists, clinicians, and Al researchers. If developed and
used responsibly, Al may help make MSK imaging faster, more reproducible, and more
informative for patient care.
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References

1.

10.

11.

12.

13.

14.

15.

16.

17.

Rahman, A.; Debnath, T.; Kundu, D.; Khan, S.I; Aishi, A.A.; Sazzad, S.; Sayduzzaman, M.; Band, S.S. Machine learning and deep
learning-based approach in smart healthcare: Recent advances, applications, challenges and opportunities. AIMS Public Health
2024, 11, 58-109. [CrossRef]

Shariatnia, M.M.; Bagherieh, S.; Semnani, F.; Rafiei, N.; Avval, A.H.; Ollivier, M.; Musahl, V.; Pareek, A. Artificial Intelligence
Applications in Musculoskeletal Imaging. Curr. Rev. Musculoskelet. Med. 2025, 19, 4. [CrossRef]

Oettl, F.C.; Zsidai, B.; Oeding, J.F.; Hirschmann, M.T.; Feldt, R.; Fendrich, D.; Kraeutler, M.J.; Winkler, PW.; Szaro, P.; Samuelsson,
K. Artificial intelligence-assisted analysis of musculoskeletal imaging—A narrative review of the current state of machine learning
models. Knee Surg. Sports Traumatol. Arthrosc. 2025, 33, 3032-3038. [CrossRef]

Foti, G.; Spoto, F,; Spezia, A.; Romano, L.; Caia, S.; Camerani, F.; Benedetti, D.; Mignolli, T. Deep learning-driven abbreviated
knee MRI protocols: Diagnostic accuracy in clinical practice. Radiol. Med. 2025, 130, 1460-1471. [CrossRef] [PubMed]

Kiryu, S.; Akai, H.; Yasaka, K; Tajima, T.; Kunimatsu, A.; Yoshioka, N.; Akahane, M.; Abe, O.; Ohtomo, K. Clinical Impact of
Deep Learning Reconstruction in MRI. RadioGraphics 2023, 43, 6. [CrossRef] [PubMed]

Foti, G.; Spoto, E; Mignolli, T.; Spezia, A.; Romano, L.; Manenti, G.; Cardobi, N.; Avanzi, P. Deep Learning-Driven Abbreviated
Shoulder MRI Protocols: Diagnostic Accuracy in Clinical Practice. Tomography 2025, 11, 48. [CrossRef]

Guermazi, A.; Omoumi, P.; Tordjman, M.; Fritz, J.; Kijowski, R.; Regnard, N.-E.; Carrino, J.; Kahn, C.E.; Knoll, F.; Rueckert, D.;
et al. How Al May Transform Musculoskeletal Imaging. Radiology 2024, 310, e230764. [CrossRef] [PubMed]

Khodarahmi, I.; Keerthivasan, M.B.; Brinkmann, I.M.; Grodzki, D.; Fritz, ]. Modern Low-Field MRI of the Musculoskeletal System.
Investig. Radiol. 2023, 58, 76-87. [CrossRef]

Khodarahmi, I.; Brinkmann, I.M.; Lin, D.J.; Bruno, M.; Johnson, PM.; Knoll, F.; Keerthivasan, M.B.; Chandarana, H.; Fritz, J.
New-Generation Low-Field Magnetic Resonance Imaging of Hip Arthroplasty Implants Using Slice Encoding for Metal Artifact
Correction. Investig. Radiol. 2022, 57, 517-526. [CrossRef]

Lombardi, A.F; Ma, Y.-].; Jang, H.; Jerban, S.; Du, J.; Chang, E.Y.; Chung, C.B. Synthetic CT in Musculoskeletal Disorders. Investig.
Radiol. 2023, 58, 43-59. [CrossRef]

Abedeen, A.; Smith, R.; Hirschmann, M.T.; Pareek, A. Synthetic computed tomography from magnetic resonance imaging:
An editorial on deep learning approaches for hip and knee image translation. Knee Surg. Sports Traumatol. Arthrosc. 2025,
34,1572-1576. [CrossRef] [PubMed]

Pinto-Coelho, L. How Artificial Intelligence Is Shaping Medical Imaging Technology: A Survey of Innovations and Applications.
Bioengineering 2023, 10, 1435. [CrossRef]

Mello-Thoms, C.; Mello, C.A.B. Clinical applications of artificial intelligence in radiology. Br. |. Radiol. 2023, 96, 20221031.
[CrossRef]

Lin, D.J.; Johnson, PM.; Knoll, F,; Lui, Y.W. Artificial Intelligence for MR Image Reconstruction: An Overview for Clinicians.
J. Magn. Reson. Imaging 2021, 53, 1015-1028. [CrossRef]

Heckel, R.; Jacob, M.; Chaudhari, A.; Perlman, O.; Shimron, E. Deep learning for accelerated and robust MRI reconstruction.
Magn. Reson. Mater. Phys. Biol. Med. 2024, 37, 335-368. [CrossRef] [PubMed]

Rastogi, A.; Brugnara, G.; Foltyn-Dumitru, M.; Mahmutoglu, M.A; Preetha, C.J.; Pfltiger, I.; Schell, M.; Deike-Hofmann, K;
Kessler, T.; van den Bent, M.].; et al. Deep-learning-based reconstruction of undersampled MRI to reduce scan times: A multicentre,
retrospective, cohort study. Lancet Oncol. 2024, 25, 400-410. [CrossRef] [PubMed]

Cheng, K.Y,; Moazamian, D.; Ma, Y,; Jang, H.; Jerban, S.; Du, J.; Chung, C.B. Clinical application of ultrashort echo time (UTE)
and zero echo time (ZTE) magnetic resonance (MR) imaging in the evaluation of osteoarthritis. Skelet. Radiol. 2023, 52, 2149-2157.
[CrossRef]

https://doi.org/10.3390/jcm15114077


https://doi.org/10.3934/publichealth.2024004
https://doi.org/10.1007/s12178-025-09997-0
https://doi.org/10.1002/ksa.12702
https://doi.org/10.1007/s11547-025-02038-3
https://www.ncbi.nlm.nih.gov/pubmed/40613973
https://doi.org/10.1148/rg.220133
https://www.ncbi.nlm.nih.gov/pubmed/37200221
https://doi.org/10.3390/tomography11040048
https://doi.org/10.1148/radiol.230764
https://www.ncbi.nlm.nih.gov/pubmed/38165245
https://doi.org/10.1097/RLI.0000000000000912
https://doi.org/10.1097/RLI.0000000000000866
https://doi.org/10.1097/RLI.0000000000000916
https://doi.org/10.1002/ksa.70229
https://www.ncbi.nlm.nih.gov/pubmed/41368970
https://doi.org/10.3390/bioengineering10121435
https://doi.org/10.1259/bjr.20221031
https://doi.org/10.1002/jmri.27078
https://doi.org/10.1007/s10334-024-01173-8
https://www.ncbi.nlm.nih.gov/pubmed/39042206
https://doi.org/10.1016/S1470-2045(23)00641-1
https://www.ncbi.nlm.nih.gov/pubmed/38423052
https://doi.org/10.1007/s00256-022-04269-1
https://doi.org/10.3390/jcm15114077

J. Clin. Med. 2026, 15, 4077 16 of 19

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Fujisaki, A.; Tsukamoto, J.; Narimatsu, H.; Hayashida, Y.; Todoroki, Y.; Hirano, N.; Takeda, K.; Shin, S.; Ota, S.; Anai, K,; et al.
Zero Echo Time Magnetic Resonance Imaging; Techniques and Clinical Utility in Musculoskeletal System. ]. Magn. Reson. Imaging
2024, 59, 32-42. [CrossRef] [PubMed]

Johnson, B.; Alizai, H.; Dempsey, M. Fast field echo resembling a CT using restricted echo-spacing (FRACTURE): A novel MRI
technique with superior bone contrast. Skelet. Radiol. 2021, 50, 1705-1713. [CrossRef]

Feuerriegel, G.C.; Weiss, K.; Van, A.T; Leonhardt, Y.; Neumann, J.; Gassert, ET.; Haas, Y.; Schwarz, M.; Makowski, M.R.; Woertler,
K.; et al. Deep-learning-based image quality enhancement of CT-like MR imaging in patients with suspected traumatic shoulder
injury. Eur. ]. Radiol. 2024, 170, 111246. [CrossRef]

Lei, Y;; Harms, J.; Wang, T.; Liu, Y.; Shu, H,; Jani, A.B.; Curran, W.J.; Mao, H.; Liu, T.; Yang, X. MRI-only based synthetic CT
generation using dense cycle consistent generative adversarial networks. Med. Phys. 2019, 46, 3565-3581. [CrossRef]

Lin, D.J.; Walter, S.S.; Fritz, J. Artificial Intelligence-Driven Ultra-Fast Superresolution MRI. Investig. Radiol. 2023, 58, 28-42.
[CrossRef]

Khodarahmi, I; Fritz, J. The Value of 3 Tesla Field Strength for Musculoskeletal Magnetic Resonance Imaging. Investig. Radiol.
2021, 56, 749-763. [CrossRef] [PubMed]

Fritz, J.; Kijowski, R.; Recht, M.P. Artificial intelligence in musculoskeletal imaging: A perspective on value propositions, clinical
use, and obstacles. Skelet. Radiol. 2022, 51, 239-243. [CrossRef] [PubMed]

Kobayashi, N.; Nakaura, T.; Yoshida, N.; Nagayama, Y.; Kidoh, M.; Uetani, H.; Sakabe, D.; Kawamata, Y.; Funama, Y.; Tsutsumi,
T.; et al. Impact of deep learning reconstruction on radiation dose reduction and cancer risk in CT examinations: A real-world
clinical analysis. Eur. Radiol. 2024, 35, 3499-3507. [CrossRef] [PubMed]

Brady, S.L. Implementation of Al image reconstruction in CT—How is it validated and what dose reductions can be achieved. Br.
J. Radiol. 2023, 96, 20220915. [CrossRef]

Ito, A.; Noda, Y.; Kawai, N.; Kaga, T.; Iwata, T.; Miyoshi, T.; Omata, S.; Takai, Y.; Asano, M.; Elhelaly, A.E; et al. Impact of the use
of deep-learning 3D camera on workflow and patient positioning in CT examinations. Eur. J. Radiol. 2025, 191, 112324. [CrossRef]
Laur, O.; Wang, B. Musculoskeletal trauma and artificial intelligence: Current trends and projections. Skelet. Radiol. 2022,
51, 257-269. [CrossRef]

Topff, L.; Steltenpool, S.; Ranschaert, E.R.; Ramanauskas, N.; Menezes, R.; Visser, ].].; Beets-Tan, R.G.H.; Hartkamp, N.S. Artificial
intelligence-assisted double reading of chest radiographs to detect clinically relevant missed findings: A two-centre evaluation.
Eur. Radiol. 2024, 34, 5876-5885. [CrossRef]

Rajpurkar, P; Irvin, J.; Bagul, A. MURA: Large dataset for abnormality detection in musculoskeletal radiographs. arXiv 2017,
arXiv:1712.06957.

Elbahi, M.K.; Muhammed, A.; Mohamednour, M.F.A.; Mukhtar, FS. Artificial Intelligence in Fracture Diagnosis on Radiographs:
Evidence, Pitfalls, and Pathways for Clinical Integration (2020-2025). Cureus 2025, 17, €93124. [CrossRef]

Nowroozi, A.; Salehi, M.A.; Shobeiri, P.; Agahi, S.; Momtazmanesh, S.; Kaviani, P.; Kalra, M.K. Artificial intelligence diagnostic
accuracy in fracture detection from plain radiographs and comparing it with clinicians: A systematic review and meta-analysis.
Clin. Radiol. 2024, 79, 579-588. [CrossRef] [PubMed]

Abdellatif, N.A.M.; El-Rawy, A.S.; Abdellattif, A.R.; Al-Shatouri, M.A. Assessment of artificial intelligence-aided x-ray in
diagnosis of bone fractures in emergency setting. Eqypt. |. Radiol. Nucl. Med. 2025, 56, 153. [CrossRef]

Kuo, R.Y.L.; Harrison, C.; Curran, T.-A.; Jones, B.; Freethy, A.; Cussons, D.; Stewart, M.; Collins, G.S.; Furniss, D. Artificial
Intelligence in Fracture Detection: A Systematic Review and Meta-Analysis. Radiology 2022, 304, 50-62. [CrossRef] [PubMed]
Bousson, V.; Attané, G.; Benoist, N.; Perronne, L.; Diallo, A.; Hadid-Beurrier, L.; Martin, E.; Hamzi, L.; Depil Duval, A.; Revue,
E.; et al. Artificial Intelligence for Detecting Acute Fractures in Patients Admitted to an Emergency Department: Real-Life
Performance of Three Commercial Algorithms. Acad. Radiol. 2023, 30, 2118-2139. [CrossRef]

Yoon, A.P; Lee, Y.-L.; Kane, R.L.; Kuo, C.-F; Lin, C.; Chung, K.C. Development and Validation of a Deep Learning Model Using
Convolutional Neural Networks to Identify Scaphoid Fractures in Radiographs. JAMA Netw. Open 2021, 4, €216096. [CrossRef]
Li, W.-G,; Zeng, R.; Lu, Y,; Li, W.-X,; Wang, T.-T.; Lin, H.; Peng, Y.; Gong, L.-G. The value of radiomics-based CT combined with
machine learning in the diagnosis of occult vertebral fractures. BMC Musculoskelet. Disord. 2023, 24, 819. [CrossRef]

Myatt, D.; Stringer, H.; Chapman, J.; Fischer, B.; Mason, L. Prediction of distal tibial articular extension in tibial shaft fractures:
Both posterior malleolar fracture and non posterior malleolar fracture intra-articular extension. Eur. J. Trauma Emerg. Surg. 2023,
49, 903-910. [CrossRef]

Herndiz Ferrer, A.lL; Bortolotto, C.; Carone, L.; Preda, E.M.; Fichera, C.; Lionetti, A.; Gambini, G.; Fresi, E.; Grassi, F.A.; Preda, L.
Application of artificial intelligence in the diagnosis of scaphoid fractures: Impact of automated detection of scaphoid fractures in
a real-life study. Radiol. Med. 2025, 130, 1633-1641. [CrossRef]

Tahir, A.; Saadia, A.; Khan, K.; Gul, A.; Qahmash, A.; Akram, R.N. Enhancing diagnosis: Ensemble deep-learning model for
fracture detection using X-ray images. Clin. Radiol. 2024, 79, e1394—-€1402. [CrossRef]

https://doi.org/10.3390/jcm15114077


https://doi.org/10.1002/jmri.28843
https://www.ncbi.nlm.nih.gov/pubmed/37288953
https://doi.org/10.1007/s00256-020-03659-7
https://doi.org/10.1016/j.ejrad.2023.111246
https://doi.org/10.1002/mp.13617
https://doi.org/10.1097/RLI.0000000000000928
https://doi.org/10.1097/RLI.0000000000000801
https://www.ncbi.nlm.nih.gov/pubmed/34190717
https://doi.org/10.1007/s00256-021-03802-y
https://www.ncbi.nlm.nih.gov/pubmed/33983500
https://doi.org/10.1007/s00330-024-11212-6
https://www.ncbi.nlm.nih.gov/pubmed/39613960
https://doi.org/10.1259/bjr.20220915
https://doi.org/10.1016/j.ejrad.2025.112324
https://doi.org/10.1007/s00256-021-03824-6
https://doi.org/10.1007/s00330-024-10676-w
https://doi.org/10.7759/cureus.93124
https://doi.org/10.1016/j.crad.2024.04.009
https://www.ncbi.nlm.nih.gov/pubmed/38772766
https://doi.org/10.1186/s43055-025-01575-1
https://doi.org/10.1148/radiol.211785
https://www.ncbi.nlm.nih.gov/pubmed/35348381
https://doi.org/10.1016/j.acra.2023.06.016
https://doi.org/10.1001/jamanetworkopen.2021.6096
https://doi.org/10.1186/s12891-023-06939-0
https://doi.org/10.1007/s00068-022-02156-x
https://doi.org/10.1007/s11547-025-02028-5
https://doi.org/10.1016/j.crad.2024.08.006
https://doi.org/10.3390/jcm15114077

J. Clin. Med. 2026, 15, 4077 17 of 19

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

Liu, F; Guan, B.; Zhou, Z.; Samsonov, A.; Rosas, H.; Lian, K.; Sharma, R.; Kanarek, A.; Kim, J.; Guermazi, A.; et al. Fully
Automated Diagnosis of Anterior Cruciate Ligament Tears on Knee MR Images by Using Deep Learning. Radiol. Artif. Intell.
2019, 1, 180091. [CrossRef]

Yuan, J.; Li, Z.; Zeng, Q.; Li, J.; Wang, A.; Zhang, Y.; Xu, F. From injury to comeback: A systematic review of machine learning
models predicting return to sport in athletes. Digit. Health 2026, 12, 20552076251408523. [CrossRef] [PubMed]

Hwang, U.; Kim, J.; Kim, K.; Chung, K. Machine learning models for predicting return to sports after anterior cruciate ligament
reconstruction: Physical performance in early rehabilitation. Digit. Health 2024, 10, 20552076241299065. [CrossRef]

Kim, S.; Lee, H.-S.; Hwang, S.; Yoon, Y. Al for Lesion Detection in Musculoskeletal Radiology. J. Korean Soc. Radiol. 2025, 86, 608.
[CrossRef]

Liang, P; Li, Y; Feng, P.; Wei, S. Advancing bone tumor detection in older adults: The impact of Al-enhanced medical imaging.
Front. Med. 2025, 12, 1697975. [CrossRef] [PubMed]

Wennmann, M.; Kéchele, J.; von Salomon, A.; Nonnenmacher, T.; Bujotzek, M.; Xiao, S.; Martinez Mora, A.; Hielscher, T.;
Hajiyianni, M.; Menis, E.; et al. Automated Detection of Focal Bone Marrow Lesions From MRI: A Multi-center Feasibility Study
in Patients with Monoclonal Plasma Cell Disorders. Acad. Radiol. 2025, 32, 6012—6026. [CrossRef]

Gitto, S.; Cuocolo, R.; Huisman, M.; Messina, C.; Albano, D.; Omoumi, P.; Kotter, E.; Maas, M.; Van Ooijen, P,; Sconfienza, L. M. CT
and MRI radiomics of bone and soft-tissue sarcomas: An updated systematic review of reproducibility and validation strategies.
Insights Imaging 2024, 15, 54. [CrossRef] [PubMed]

Kitamura, G. Deep learning evaluation of pelvic radiographs for position, hardware presence, and fracture detection. Eur. J.
Radiol. 2020, 130, 109139. [CrossRef]

Filice, R W.; Frantz, S.K. Effectiveness of Deep Learning Algorithms to Determine Laterality in Radiographs. J. Digit. Imaging
2019, 32, 656—664. [CrossRef]

Albano, D.; Zanardo, M.; Basile, M.; De Micheli, N.A.; Berenghi, A.; Serpi, F,; Gitto, S.; Messina, C.; Sconfienza, L.M. The impact
of sarcopenia on sarcoma patients: A systematic review and meta-analysis. Radiol. Med. 2025, 130, 1373-1385. [CrossRef]
Yousaf, M.W.; Nadeem, A.H.; Nadeem, M.F,; Qaisar, R. The role of artificial intelligence in sarcopenia: Advances, applications,
and future directions. Comput. Biol. Chem. 2026, 122, 108930. [CrossRef]

Bedrikovetski, S.; Seow, W.; Kroon, H.M.; Traeger, L.; Moore, ].W.; Sammour, T. Artificial intelligence for body composition
and sarcopenia evaluation on computed tomography: A systematic review and meta-analysis. Eur. J. Radiol. 2022, 149, 110218.
[CrossRef]

Pistoia, F.; Maccio, M.; Picasso, R.; Zaottini, F.; Marcenaro, G.; Rinaldi, S.; Bianco, D.; Rossi, G.; Tovt, L.; Pansecchi, M.; et al.
Development of a deep learning model for predicting skeletal muscle density from ultrasound data: A proof-of-concept study.
Radiol. Med. 2025, 130, 1386-1395. [CrossRef]

Tiulpin, A.; Thevenot, J.; Rahtu, E.; Lehenkari, P; Saarakkala, S. Automatic Knee Osteoarthritis Diagnosis from Plain Radiographs:
A Deep Learning-Based Approach. Sci. Rep. 2018, 8, 1727. [CrossRef]

Joseph, G.B.; McCulloch, C.E.; Sohn, ]J.H.; Pedoia, V.; Majumdar, S.; Link, TM. AI MSK clinical applications: Cartilage and
osteoarthritis. Skelet. Radiol. 2022, 51, 331-343. [CrossRef]

Jo, S.; Sebro, R. Artificial Intelligence and Machine Learning for Osteoarthritis and Cartilage Assessment. Radiol. Clin. N. Am.
2026, 64, 285-294. [CrossRef] [PubMed]

Compte, R.; Granville Smith, I; Isaac, A.; Danckert, N.; McSweeney, T.; Liantis, P.; Williams, EM.K. Are current machine learning
applications comparable to radiologist classification of degenerate and herniated discs and Modic change? A systematic review
and meta-analysis. Eur. Spine J. 2023, 32, 3764-3787. [CrossRef]

Constant, C.; Aubin, C.-E.; Kremers, H.M.; Garcia, D.V.V.; Wyles, C.C.; Rouzrokh, P; Larson, A.N. The use of deep learning in
medical imaging to improve spine care: A scoping review of current literature and clinical applications. N. Am. Spine Soc. J. 2023,
15,100236. [CrossRef] [PubMed]

Liu, Y;; Rashid, J.; Boulaaras, S.M.; Saleem, M.S.; Faheem, M. Automated Lumbar Spine Degenerative Classification Using Deep
Learning: A Comprehensive Evaluation Based on RSNA 2024. Int. . Comput. Intell. Syst. 2025, 18, 328. [CrossRef]

Westerhoff, M.; Gyftopoulos, S.; Dane, B.; Vega, E.; Murdock, D.; Lindow, N.; Herter, F.; Bousabarah, K.; Recht, M.P,; Bredella,
M.A. Deep Learning-based Opportunistic CT Osteoporosis Screening and the Establishment of Normative Values. Radiology 2025,
317,e250917. [CrossRef] [PubMed]

Hiyama, A.; Sakai, D.; Katoh, H.; Sato, M.; Watanabe, M. Osteoporosis prediction using lumbar CT Hounsfield units: Comparative
performance and clinical implications of seven machine learning models. Eur. Spine J. 2026, 35, 1149-1161. [CrossRef] [PubMed]
Hoppe, B.E; Rueckel, J.; Rudolph, J.; Fink, N.; Weidert, S.; Hohlbein, W.; Cavalcanti-Kumaul, A.; Trappmann, L.; Munawwar, B.;
Ricke, J.; et al. Automated spinopelvic measurements on radiographs with artificial intelligence: A multi-reader study. Radiol.
Med. 2025, 130, 359-367. [CrossRef]

Luo, Z,; 1i, ].; Liao, Y.; Huang, W.; Li, Y.; Shen, X. Prediction of response to preoperative neoadjuvant chemotherapy in extremity
high-grade osteosarcoma using X-ray and multiparametric MRI radiomics. J. X-Ray Sci. Technol. 2023, 31, 611-626. [CrossRef]

https://doi.org/10.3390/jcm15114077


https://doi.org/10.1148/ryai.2019180091
https://doi.org/10.1177/20552076251408523
https://www.ncbi.nlm.nih.gov/pubmed/41509871
https://doi.org/10.1177/20552076241299065
https://doi.org/10.3348/jksr.2025.0081
https://doi.org/10.3389/fmed.2025.1697975
https://www.ncbi.nlm.nih.gov/pubmed/41347002
https://doi.org/10.1016/j.acra.2025.06.034
https://doi.org/10.1186/s13244-024-01614-x
https://www.ncbi.nlm.nih.gov/pubmed/38411750
https://doi.org/10.1016/j.ejrad.2020.109139
https://doi.org/10.1007/s10278-019-00226-y
https://doi.org/10.1007/s11547-025-02016-9
https://doi.org/10.1016/j.compbiolchem.2026.108930
https://doi.org/10.1016/j.ejrad.2022.110218
https://doi.org/10.1007/s11547-025-02047-2
https://doi.org/10.1038/s41598-018-20132-7
https://doi.org/10.1007/s00256-021-03909-2
https://doi.org/10.1016/j.rcl.2025.09.001
https://www.ncbi.nlm.nih.gov/pubmed/41656050
https://doi.org/10.1007/s00586-023-07718-0
https://doi.org/10.1016/j.xnsj.2023.100236
https://www.ncbi.nlm.nih.gov/pubmed/37599816
https://doi.org/10.1007/s44196-025-01098-7
https://doi.org/10.1148/radiol.250917
https://www.ncbi.nlm.nih.gov/pubmed/41217284
https://doi.org/10.1007/s00586-026-09753-z
https://www.ncbi.nlm.nih.gov/pubmed/41615443
https://doi.org/10.1007/s11547-025-01957-5
https://doi.org/10.3233/XST-221352
https://doi.org/10.3390/jcm15114077

J. Clin. Med. 2026, 15, 4077 18 of 19

64.

65.

66.

67.

68.

69.

70.

71.
72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

von Schacky, C.E.; Wilhelm, N.J.; Schifer, V.S.; Leonhardt, Y.; Gassert, F.G.; Foreman, S.C.; Gassert, ET.; Jung, M.; Jungmann,
PM.; Russe, M.E; et al. Multitask Deep Learning for Segmentation and Classification of Primary Bone Tumors on Radiographs.
Radiology 2021, 301, 398-406. [CrossRef]

Zhang, R.; Huang, L.; Xia, W.; Zhang, B.; Qiu, B.; Gao, X. Multiple supervised residual network for osteosarcoma segmentation in
CT images. Comput. Med. Imaging Graph. 2018, 63, 1-8. [CrossRef]

Gitto, S.; Interlenghi, M.; Cuocolo, R.; Salvatore, C.; Giannetta, V.; Badalyan, ].; Gallazzi, E.; Spinelli, M.S.; Gallazzi, M.; Serpi,
F.; et al. MRI radiomics-based machine learning for classification of deep-seated lipoma and atypical lipomatous tumor of the
extremities. Radiol. Med. 2023, 128, 989-998. [CrossRef]

Gitto, S.; Cuocolo, R.; Albano, D.; Morelli, F.; Pescatori, L.C.; Messina, C.; Imbriaco, M.; Sconfienza, L. M. CT and MRI radiomics
of bone and soft-tissue sarcomas: A systematic review of reproducibility and validation strategies. Insights Imaging 2021, 12, 68.
[CrossRef] [PubMed]

Gitto, S.; Cuocolo, R.; Emili, I.; Tofanelli, L.; Chianca, V.; Albano, D.; Messina, C.; Imbriaco, M.; Sconfienza, L.M. Effects of
Interobserver Variability on 2D and 3D CT- and MRI-Based Texture Feature Reproducibility of Cartilaginous Bone Tumors.
J. Digit. Imaging 2021, 34, 820-832. [CrossRef]

Gitto, S.; Bologna, M.; Corino, V.D.A.; Emili, I.; Albano, D.; Messina, C.; Armiraglio, E.; Parafioriti, A.; Luzzati, A.; Mainardji,
L.; et al. Diffusion-weighted MRI radiomics of spine bone tumors: Feature stability and machine learning-based classification
performance. Radiol. Med. 2022, 127, 518-525. [CrossRef] [PubMed]

Greulich, WW.; Pyle, S.I. Radiographic Atlas of Skeletal Development of the Hand and Wrist; Stanford University Press: Stanford, CA,
USA; Oxford University Press: London, UK, 1959.

Tanner, ].M. Assessment of Skeletal Maturity and Prediction of Adult Height (TW3 Method), 3rd ed.; W.B. Saunders: London, UK, 2001.
Lee, B.-D.; Lee, M.S. Automated Bone Age Assessment Using Artificial Intelligence: The Future of Bone Age Assessment. Korean
J. Radiol. 2021, 22, 792. [CrossRef]

Handelman, G.S.; Kok, H.K.; Chandra, R.V.; Razavi, A.H.; Huang, S.; Brooks, M.; Lee, M.].; Asadi, H. Peering Into the Black Box
of Artificial Intelligence: Evaluation Metrics of Machine Learning Methods. AJR Am. ]. Roentgenol. 2019, 212, 38-43. [CrossRef]
Kim, J.R.; Shim, W.H.; Yoon, H.M.; Hong, S.H.; Lee, ].S.; Cho, Y.A.; Kim, S. Computerized Bone Age Estimation Using Deep
Learning Based Program: Evaluation of the Accuracy and Efficiency. AJR Am. ]. Roentgenol. 2017, 209, 1374-1380. [CrossRef]
Borjalizadeh, M.; Babapour Mofrad, F.; Yousefzamani, M. A Comprehensive Review of Artificial Intelligence Methods in Bone
Age Assessment. Healthc. Technol. Lett. 2026, 13, €70056. [CrossRef]

Pape, J.; Rosolowski, M.; Pfiffle, R.; Beeskow, A.B.; Gréfe, D. A critical comparative study of the performance of three Al-assisted
programs for bone age determination. Eur. Radiol. 2024, 35, 1190-1196. [CrossRef]

Zhang, L.; Chen, J.; Hou, L,; Xu, Y;; Liu, Z.; Huang, S.; Ou, H.; Meng, Z.; Liang, L. Clinical application of artificial intelligence in
longitudinal image analysis of bone age among GHD patients. Front. Pediatr. 2022, 10, 986500. [CrossRef] [PubMed]

Yi, PH.; Kim, TK.; Wei, ].; Li, X.; Hager, G.D.; Sair, H.I; Fritz, ]. Automated detection and classification of shoulder arthroplasty
models using deep learning. Skelet. Radiol. 2020, 49, 1623-1632. [CrossRef]

Yi, PH.; Wei, J.; Kim, TK,; Sair, H.I; Hui, FK.; Hager, G.D.; Fritz, J.; Oni, ] K. Automated detection & classification of knee
arthroplasty using deep learning. Knee 2020, 27, 535-542. [CrossRef] [PubMed]

Rouzrokh, P.; Wyles, C.C.; Philbrick, K.A.; Ramazanian, T.; Weston, A.D.; Cai, ].C.; Taunton, M.].; Lewallen, D.G.; Berry, D.J.;
Erickson, B.J.; et al. A Deep Learning Tool for Automated Radiographic Measurement of Acetabular Component Inclination and
Version After Total Hip Arthroplasty. J. Arthroplast. 2021, 36, 2510-2517.e6. [CrossRef] [PubMed]

Kitamura, G. Hanging protocol optimization of lumbar spine radiographs with machine learning. Skelet. Radiol. 2021,
50, 1809-1819. [CrossRef]

Shah, R.E; Bini, S.A.; Martinez, A.M.; Pedoia, V.; Vail, T.P. Incremental inputs improve the automated detection of implant
loosening using machine-learning algorithms. Bone Jt. ]. 2020, 102-B, 101-106. [CrossRef]

He, Y,; Guo, J.; Ding, X.; van Ooijen, PM.A.; Zhang, Y.; Chen, A.; Oudkerk, M.; Xie, X. Convolutional neural network to predict
the local recurrence of giant cell tumor of bone after curettage based on pre-surgery magnetic resonance images. Eur. Radiol. 2019,
29, 5441-5451. [CrossRef]

Zheng, T.; Bai, Y.; Ren, D.; Sui, Q.; Qian, Z.; Xu, C.; Wang, L.; Zhao, K.; Fang, Y.; Li, T. MRI-based intratumoral and peritumoral
radiomics predicting neoadjuvant chemotherapy response in osteosarcoma. Front. Oncol. 2026, 16, 1770105. [CrossRef]

Zhang, L.; Yang, Y.; Wang, T.; Chen, X; Tang, M.; Deng, J.; Cai, Z.; Cui, W. Intratumoral and peritumoral MRI-based radiomics
prediction of histopathological grade in soft tissue sarcomas: A two-center study. Cancer Imaging 2023, 23, 103. [CrossRef]
Tiulpin, A.; Klein, S.; Bierma-Zeinstra, S.M.A.; Thevenot, J.; Rahtu, E.; van Meurs, J.; Oei, E.H.G.; Saarakkala, S. Multimodal
Machine Learning-based Knee Osteoarthritis Progression Prediction from Plain Radiographs and Clinical Data. Sci. Rep. 2019,
9,20038. [CrossRef]

https://doi.org/10.3390/jcm15114077


https://doi.org/10.1148/radiol.2021204531
https://doi.org/10.1016/j.compmedimag.2018.01.006
https://doi.org/10.1007/s11547-023-01657-y
https://doi.org/10.1186/s13244-021-01008-3
https://www.ncbi.nlm.nih.gov/pubmed/34076740
https://doi.org/10.1007/s10278-021-00498-3
https://doi.org/10.1007/s11547-022-01468-7
https://www.ncbi.nlm.nih.gov/pubmed/35320464
https://doi.org/10.3348/kjr.2020.0941
https://doi.org/10.2214/AJR.18.20224
https://doi.org/10.2214/AJR.17.18224
https://doi.org/10.1049/htl2.70056
https://doi.org/10.1007/s00330-024-11169-6
https://doi.org/10.3389/fped.2022.986500
https://www.ncbi.nlm.nih.gov/pubmed/36440334
https://doi.org/10.1007/s00256-020-03463-3
https://doi.org/10.1016/j.knee.2019.11.020
https://www.ncbi.nlm.nih.gov/pubmed/31883760
https://doi.org/10.1016/j.arth.2021.02.026
https://www.ncbi.nlm.nih.gov/pubmed/33678445
https://doi.org/10.1007/s00256-021-03733-8
https://doi.org/10.1302/0301-620X.102B6.BJJ-2019-1577.R1
https://doi.org/10.1007/s00330-019-06082-2
https://doi.org/10.3389/fonc.2026.1770105
https://doi.org/10.1186/s40644-023-00622-2
https://doi.org/10.1038/s41598-019-56527-3
https://doi.org/10.3390/jcm15114077

J. Clin. Med. 2026, 15, 4077 19 of 19

87.

88.

89.

90.

91.

92.

93.

94.

95.

Cho, B.H.; Kaji, D.; Cheung, Z.B.; Ye, L.B.; Tang, R.; Ahn, A_; Carrillo, O.; Schwartz, ].T.; Valliani, A.A.; Oermann, EK; et al.
Automated Measurement of Lumbar Lordosis on Radiographs Using Machine Learning and Computer Vision. Glob. Spine J. 2020,
10, 611-618. [CrossRef]

Zheng, Q.; Shellikeri, S.; Huang, H.; Hwang, M.; Sze, R W. Deep Learning Measurement of Leg Length Discrepancy in Children
Based on Radiographs. Radiology 2020, 296, 152-158. [CrossRef]

Albano, D.; Gitto, S.; Messina, C.; Serpi, F,; Salvatore, C.; Castiglioni, I.; Zagra, L.; De Vecchi, E.; Sconfienza, L.M. MRI-based
artificial intelligence to predict infection following total hip arthroplasty failure. Radiol. Med. 2023, 128, 340-346. [CrossRef]
D’Ambrosi, R.; Sconfienza, L.M.; Albano, D.; Meena, A.; Abermann, E.; Fink, C. Can MRI predict return to sport after anterior
cruciate ligament reconstruction? A systematic review of the literature. Radiol. Med. 2025, 130, 638-649. [CrossRef]

Xia, L.; Zhang, J.; Liang, Z.; Tang, J.; Xia, J.; Liu, Y. Shapley-based saliency maps improve interpretability of vertebral compression
fractures classification: Multicenter study. Radiol. Med. 2025, 130, 412-421. [CrossRef]

Huang, J.; Wittbrodt, M.T.; Teague, C.N.; Karl, E.; Galal, G.; Thompson, M.; Chapa, A.; Chiu, M.-L.; Herynk, B.; Linchangco, R.;
et al. Efficiency and Quality of Generative Al-Assisted Radiograph Reporting. JAMA Netw. Open 2025, 8, €2513921. [CrossRef]
Recht, M.P,; Dewey, M.; Dreyer, K.; Langlotz, C.; Niessen, W.; Prainsack, B.; Smith, ].J. Integrating artificial intelligence into the
clinical practice of radiology: Challenges and recommendations. Eur. Radiol. 2020, 30, 3576-3584. [CrossRef]

Harvey, H.B.; Gowda, V. Clinical applications of Al in MSK imaging: A liability perspective. Skelet. Radiol. 2022, 51, 235-238.
[CrossRef]

Cecchi, R.; Haja, T.M.; Calabro, F,; Fasterholdt, I.; Rasmussen, B.S.B. Artificial intelligence in healthcare: Why not apply the
medico-legal method starting with the Collingridge dilemma? Int. |. Leg. Med. 2024, 138, 1173-1178. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/jcm15114077


https://doi.org/10.1177/2192568219868190
https://doi.org/10.1148/radiol.2020192003
https://doi.org/10.1007/s11547-023-01608-7
https://doi.org/10.1007/s11547-025-01973-5
https://doi.org/10.1007/s11547-025-01968-2
https://doi.org/10.1001/jamanetworkopen.2025.13921
https://doi.org/10.1007/s00330-020-06672-5
https://doi.org/10.1007/s00256-021-03782-z
https://doi.org/10.1007/s00414-023-03152-5
https://doi.org/10.3390/jcm15114077

	Introduction 
	AI Along the Imaging Chain 
	Acquisition and Reconstruction 
	Detection and Triage 
	Characterization and Quantification 
	Prognosis and Decision Support 

	Challenges and Considerations 
	Conclusions 
	References

