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ABSTRACT 
Background: 
Artificial intelligence (AI) has demonstrated high diagnostic accuracy in detecting maxillofacial fractures on 
cone beam computed tomography (CBCT). However, evidence regarding its prospective implementation and 
real-world clinical impact in emergency maxillofacial trauma care remains limited. 

Objective: 
This study aimed to prospectively evaluate the clinical implementation of an AI-assisted CBCT-based decision 
support system in emergency maxillofacial trauma care, focusing on workflow efficiency, decision-making 
consistency, and clinical safety. 

Methods: 
A prospective pre–post implementation study was conducted at a tertiary maxillofacial trauma center. Adult 
patients presenting with acute maxillofacial trauma requiring CBCT imaging were consecutively included. 
During the pre-implementation phase, CBCT interpretation and clinical decision-making were performed 



without AI support. In the post-implementation phase, clinicians received AI-assisted fracture detection and 
structured decision support recommendations. Primary outcome was time-to-decision. Secondary outcomes 
included interobserver variability, rate of guideline-concordant decisions, need for additional CT imaging, and 
user acceptance. 

Results: 
A total of 286 patients were included (pre-phase: n = 142; post-phase: n = 144). AI-assisted implementation 
resulted in a significant reduction in median time-to-decision (18.6 ± 6.4 min vs. 11.2 ± 4.9 min, p < 0.001). 
Interobserver agreement improved substantially (Cohen’s κ = 0.71 vs. 0.86). Guideline-concordant treatment 
decisions increased from 88.0% to 95.1%. The rate of additional CT imaging decreased significantly without 
missed clinically relevant fractures. Clinician acceptance was high, with 92% rating the system as helpful or 
very helpful. 

Conclusion: 
Prospective implementation of AI-assisted CBCT-based decision support significantly improves workflow 
efficiency, diagnostic consistency, and decision-making quality in emergency maxillofacial trauma care, 
supporting its safe integration into routine clinical practice. 
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1. INTRODUCTION 
Maxillofacial trauma represents a frequent and diagnostically challenging presentation in emergency 
departments worldwide [3–5]. Rapid and accurate assessment of fracture patterns is essential to guide 
appropriate treatment decisions, particularly in the context of orbital, zygomatic, and midfacial injuries [6,7]. 
Cone beam computed tomography (CBCT) has become an established imaging modality in maxillofacial 
trauma due to its high spatial resolution and reduced radiation exposure compared to conventional 
multidetector CT [8–10]. 

Recent advances in artificial intelligence, particularly deep learning–based image analysis, have demonstrated 
high diagnostic accuracy for automated detection of maxillofacial fractures on CBCT and digital volume 
tomography datasets [1,2,11–14]. While these studies confirm the technical feasibility and diagnostic 
performance of AI systems, most available evidence remains retrospective and focuses primarily on diagnostic 
accuracy rather than real-world clinical implementation [15–17]. 

Clinical decision-making in emergency maxillofacial trauma is influenced not only by fracture detection but 
also by time pressure, clinician experience, interobserver variability, and workflow constraints [18–20]. AI-
assisted clinical decision support systems have the potential to address these challenges by providing rapid, 
standardized, and reproducible diagnostic assistance [21–23]. However, prospective data evaluating their 
impact on workflow efficiency, decision consistency, and clinical safety in routine practice are scarce. 

Following prior work demonstrating high diagnostic accuracy of AI-assisted CBCT fracture detection [1] and 
its impact on diagnostic accuracy and decision-making speed [2], the present study represents the next 
translational step by prospectively evaluating real-world implementation of AI-assisted clinical decision 
support in emergency maxillofacial trauma care. 

	

 



2. MATERIAL AND METHODS 
Study Design 
This prospective, controlled pre–post implementation study was conducted at the Seeklinik Zürich, a 
specialized tertiary referral center for oral and maxillofacial surgery. The study was approved by the local 
ethics committee of the Hochschule Zurich and conducted in accordance with the Declaration of Helsinki. 

Study Population 
All adult patients (≥18 years) presenting with acute maxillofacial trauma between January and December were 
screened for eligibility. Inclusion criteria were clinical indication for CBCT imaging and suspected 
maxillofacial fracture. Exclusion criteria included insufficient image quality, prior surgical hardware 
interfering with assessment, or refusal of informed consent. 

Implementation Phases 
Pre-implementation phase: 
CBCT datasets were interpreted according to standard clinical practice by attending maxillofacial surgeons 
or senior residents without AI assistance. 

Post-implementation phase: 
The same clinicians received AI-assisted fracture detection output integrated into the CBCT viewer. The 
system provided highlighted fracture regions and a structured decision support recommendation based on a 
previously validated algorithm [2]. 

Final clinical decisions remained entirely at the discretion of the treating physician. 

Outcome Measures 
Primary outcome: 

• Time-to-decision (minutes from CBCT availability to documented treatment decision) 

Secondary outcomes: 

• Interobserver agreement (Cohen’s κ) 
• Rate of guideline-concordant treatment decisions 
• Frequency of additional CT imaging 
• Clinician acceptance assessed using a standardized questionnaire 
• Safety outcomes (missed fractures or inappropriate management) 

Statistical Analysis 
Continuous variables were analyzed using Student’s t-test or Mann–Whitney U test as appropriate. Categorical 
variables were compared using χ² tests. Interobserver agreement was assessed using Cohen’s kappa statistics. 
A p-value < 0.05 was considered statistically significant. 

 



 
Screenshot of a clinical CBCT software interface illustrating AI-assisted decision support in emergency maxillofacial trauma care. 
The image demonstrates pre- and post-implementation CBCT interpretation, including three-dimensional reconstruction of a 
zygomaticomaxillary fracture and structured AI-based treatment recommendations integrated into routine clinical workflow – 
Seeklinik Zurich, Specialized Clinic for Oral, Maxillofacial and Plastic Facial Surgery, Zurich, Switzerland. 

	

 
3. RESULTS 
Patient Characteristics 
A total of 286 patients were included, with 142 patients in the pre-implementation phase and 144 in the post-
implementation phase. Demographic characteristics, trauma mechanisms, and fracture distributions were 
comparable between groups. 

Time-to-Decision 
Implementation of AI-assisted decision support led to a significant reduction in time-to-decision. Mean time 
decreased from 18.6 ± 6.4 minutes in the pre-phase to 11.2 ± 4.9 minutes post-implementation (p < 0.001). 
This reduction was observed consistently across fracture subtypes, including zygomatic, orbital, and midfacial 
injuries. 

Interobserver Agreement 
Interobserver agreement improved substantially following AI implementation. Cohen’s κ increased from 0.71 
(substantial agreement) in the pre-phase to 0.86 (near-perfect agreement) in the post-phase, indicating 
improved diagnostic consistency among clinicians. 



Guideline-Concordant Decisions 
The proportion of treatment decisions aligned with established clinical guidelines increased significantly from 
88.0% in the pre-phase to 95.1% post-implementation (p = 0.02). Improvements were most pronounced in 
borderline cases requiring operative versus conservative management. 

Additional CT Imaging 
The need for additional multidetector CT imaging decreased from 21.1% to 12.5% following AI 
implementation (p = 0.03), without any documented missed clinically relevant fractures. 

Clinician Acceptance and Safety 
Clinician acceptance was high, with 92% rating the AI system as helpful or very helpful. No adverse events, 
missed fractures, or inappropriate treatment decisions attributable to AI assistance were observed. 

	

 
4. DISCUSSION 
This prospective study demonstrates that AI-assisted CBCT-based clinical decision support can be safely and 
effectively integrated into emergency maxillofacial trauma care. Unlike prior retrospective diagnostic 
accuracy studies [1,11–14], the present work provides real-world evidence that AI implementation improves 
workflow efficiency, decision consistency, and guideline adherence without compromising patient safety. 

The significant reduction in time-to-decision observed in this study is clinically relevant, particularly in high-
throughput emergency settings where rapid triage and treatment planning are essential [18,19]. By providing 
immediate, standardized fracture detection and decision support, AI reduces cognitive load and minimizes 
diagnostic uncertainty, especially in complex fracture patterns [21,24]. 

Improved interobserver agreement highlights another key benefit of AI assistance. Variability in fracture 
interpretation and treatment decisions has been widely reported in maxillofacial trauma care [20,25]. The 
observed increase in Cohen’s κ underscores the potential of AI to standardize assessments across clinicians 
with varying levels of experience. 

Importantly, AI implementation was associated with a reduction in additional CT imaging, supporting its role 
in optimizing imaging strategies and minimizing unnecessary radiation exposure [8–10]. This finding aligns 
with broader efforts to improve radiation stewardship in trauma imaging [26,27]. 

High clinician acceptance further supports feasibility of real-world implementation. Resistance to AI adoption 
has been cited as a potential barrier in clinical practice [28,29]; however, the present findings suggest that AI 
systems designed as supportive tools rather than autonomous decision-makers are readily accepted. 

Limitations include the single-center design and non-randomized implementation approach. Nevertheless, the 
prospective nature, real-world setting, and comprehensive outcome assessment strengthen the validity of the 
findings. Future multicenter studies may further evaluate long-term outcomes and generalizability. 

	

 
5. CONCLUSION 
Prospective implementation of AI-assisted CBCT-based clinical decision support significantly enhances 
workflow efficiency, diagnostic consistency, and guideline-concordant decision-making in emergency 
maxillofacial trauma care. These findings support the safe integration of AI systems into routine clinical 
practice and represent a critical translational step toward AI-enabled emergency maxillofacial surgery. 
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