[image: http://www.fortunejournals.com/img/logo-default.png][image: C:\Users\fortu\OneDrive\Desktop\about-open-access.png]Review Article 

AI-Assisted Musculoskeletal Radiography: Impacts on Workflow Efficiency, Diagnostic Accuracy, and Sustainability in High-Volume Practice
Diego A. L. Garcia*, Troy F. Storey

University of Florida, Department of Radiology, Gainesville, FL, USA 

*Corresponding Author: Diego A. L. Garcia, University of Florida, Department of Radiology, Gainesville, FL, USA 

Received: 07 February 2026; Accepted: 12 February 2026; Published: XX February 2026

J Radio Clin Ima 2026		DOI: 10.26502/jrci.2809114
Citation: Diego A L Garcia, Troy F Storey. AI-Assisted Musculoskeletal Radiography: Impacts on Workflow Efficiency, Diagnostic Accuracy, and Sustainability in High-Volume Practice. Journal of Radiology and Clinical Imaging 9 (2026): XX-XX.

J Radio Clin Ima 2026	




Abstract
Purpose: Musculoskeletal (MSK) radiography is among the highest-volume imaging services in radiology practice and is often interpreted by trainees or general radiologists with attending overreads. While this workflow supports education and patient safety, it introduces duplicated cognitive effort and operational inefficiencies. This narrative review examines the role of artificial intelligence (AI) as a practical adjunct to MSK radiograph interpretation, emphasizing workflow integration, diagnostic accuracy, and sustainability in high-volume practice settings.
Methods: A narrative review of the literature was conducted focusing on AI applications in MSK radiography, including fracture detection performance, triage systems, and interpretive support tools. Operational use cases, trainee support, and real-world implementation considerations were highlighted.
Results: Deep learning algorithms demonstrate high sensitivity—often exceeding 90%—for fracture detection in MSK radiographs. AI support is particularly beneficial for nonspecialist readers and trainees, improving diagnostic consistency and narrowing performance gaps. Workflow applications such as AI-enabled triage and pre-reading or concurrent interpretation support have been associated with improved turnaround times and reduced cognitive load during high-volume interpretation. Overall, current evidence suggests AI can reliably support radiologists without compromising diagnostic accuracy. Key limitations include false-positive findings, automation bias, and variability in algorithm performance across clinical settings.
Conclusion: When deployed as an adjunct to radiologist interpretation, AI offers a pragmatic strategy to enhance efficiency, diagnostic accuracy, and sustainability in high-volume MSK radiography. Successful implementation depends on thoughtful workflow integration, radiologist oversight, and local validation.
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1. Introduction
Musculoskeletal (MSK) radiography is one of the most frequently performed imaging examinations in emergency departments and outpatient settings worldwide and remains a cornerstone of frontline diagnostic care [1]. Despite its routine appearance, accurate interpretation of MSK radiographs is cognitively demanding, requiring sustained attention to subtle cortical disruptions, overlapping anatomy, and variable image quality [2]. Diagnostic error rates ranging from 3% to 12% have been reported, particularly during high-volume shifts, overnight coverage, and in environments without consistent subspecialty MSK support [3,4]. In both academic and community practices, MSK radiography interpretation often relies on preliminary readings by trainees or general radiologists followed by attending overreads. While this layered model supports education and quality assurance, it introduces duplicated cognitive effort and workflow inefficiencies that are largely invisible to traditional productivity metrics [5,6]. Over time, the cumulative burden of repetitive, high-volume interpretation contributes to fatigue and variability in diagnostic performance. Artificial intelligence (AI) has emerged as a practical adjunct to radiologist interpretation, offering opportunities to enhance diagnostic consistency and workflow efficiency rather than replace human expertise [7]. In MSK radiography, AI applications such as automated triage and concurrent interpretive support align closely with the operational needs of high-volume practice environments. This narrative review examines AI-assisted interpretation in MSK radiography with a practical focus on diagnostic performance, workflow integration, and implications for sustainable radiology practice.

2. Diagnostic Performance of AI in MSK Radiography
Deep learning–based algorithms have demonstrated high sensitivity—frequently exceeding 90%—for fracture detection across multiple anatomic regions [8]. Performance improvements are most pronounced among trainees and nonspecialist readers, where AI assistance helps narrow the diagnostic performance gap relative to subspecialty-trained MSK radiologists [9,10]. Although AI systems do not consistently outperform expert readers, their diagnostic stability across large volumes and periods of reader fatigue positions them as a safety-enhancing adjunct rather than a replacement for expert judgment.



3. AI-Enabled Workflow Support in Clinical Practice
3.1 AI-Based Triage: In triage applications, AI analyzes radiographs immediately after image acquisition to identify examinations with a high likelihood of acute findings. These studies can be dynamically prioritized on the worklist, improving turnaround times and responsiveness in emergency and urgent care settings [11,12] (Table 1).

Table 1: Summary of AI Applications in MSK Radiography.

	Application
	Purpose
	Reported Sensitivity
	Notes / Limitations
	References

	Fracture detection
	Diagnostic support
	90–95%
	Helpful for trainees, nonspecialists; false positives possible
	8–10

	AI-based triage
	Prioritize urgent studies
	N/A
	Workflow efficiency improved
	11,12

	Pre-reading / concurrent support
	Cognitive load reduction
	N/A
	Reduces fatigue; requires radiologist oversight
	13,14



3.2 Pre-Reading and Concurrent Interpretation Support: During interpretation, AI systems can highlight suspicious regions, functioning as a consistent second set of eyes. For radiologists interpreting large volumes of MSK radiographs—particularly during overnight coverage or extended reading sessions, this support may reduce marginal cognitive load and help sustain diagnostic performance over time [13,14].

4. Cognitive Load, Efficiency, and Practice Sustainability
High-volume MSK radiography exemplifies a broader challenge in radiology practice: the tension between volume-driven workflows and the cognitive demands of accurate interpretation [6]. Although MSK radiographs constitute a substantial proportion of emergency imaging, their repetitive nature and relatively low reimbursement may obscure the diagnostic vigilance required to maintain accuracy. For trainees, sustained exposure to high-volume MSK interpretation may be perceived as labor-intensive with limited recognition of cognitive complexity. From a systems perspective, missed or delayed fracture diagnoses may lead to downstream consequences, including repeat imaging, prolonged emergency department stays, delayed treatment, and increased medicolegal exposure [16,17]. By improving diagnostic consistency and supporting efficient triage, AI-assisted interpretation may help mitigate these hidden costs. When thoughtfully integrated, AI has the potential to support radiologists working under sustained workload pressures while preserving diagnostic quality and professional satisfaction [18].

5. Challenges and Limitations
Despite encouraging performance metrics, AI systems present important limitations. High-sensitivity algorithms may generate false-positive findings—such as nutrient vessels or accessory ossicles—necessitating careful radiologist verification and potentially contributing to alert fatigue [20]. Overreliance on AI outputs may introduce automation bias if algorithmic suggestions are accepted without independent assessment [21]. In addition, algorithm performance may vary across patient populations, imaging equipment, and acquisition protocols, underscoring the importance of local validation and continuous monitoring [22,23].

6. Conclusion
AI-assisted interpretation represents a practical evolution in the delivery of high-volume MSK radiography. When implemented as both a triage mechanism and an interpretive support tool, AI can enhance diagnostic consistency, improve workflow efficiency, and help manage the cumulative cognitive burden associated with repetitive radiographic interpretation. Importantly, these benefits depend on maintaining radiologist oversight, local validation, and thoughtful workflow integration. As imaging volumes continue to increase, AI may serve as a valuable adjunct in supporting sustainable, high-quality MSK radiography within contemporary radiology practice.

Take-Home Points
· AI demonstrates high sensitivity for fracture detection and serves as a diagnostic safety net, particularly for trainees and nonspecialist readers.
· AI-enabled triage can improve turnaround times in emergencies and urgent care settings.
· Pre-reading and concurrent AI support may reduce cognitive load during high-volume interpretation.
· Radiologist oversight and local validation are essential for safe and effective implementation.
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