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ABSTRACT

Background:

Artificial intelligence (Al)-assisted interpretation of cone-beam computed tomography (CBCT/DVT) has
demonstrated high diagnostic accuracy for maxillofacial fracture detection and robust external validity across
different clinical settings. However, diagnostic performance alone does not ensure clinical benefit unless Al
findings are translated into structured and standardized clinical decision-making.

Objective:

To develop and validate an Al-assisted clinical decision support algorithm based on CBCT imaging for
emergency maxillofacial trauma, aiming to standardize diagnostic pathways, optimize triage decisions, and
support surgical management.

Methods:
A retrospective multicenter study was conducted using CBCT datasets from two institutions: a tertiary facial
trauma clinic in Zurich and an independent maxillofacial surgery practice in Munich. Al-generated fracture



detections were integrated into a predefined clinical decision algorithm addressing the need for surgical
intervention, hospital admission, and escalation to multislice CT. Algorithmic recommendations were
compared with expert consensus decisions.

Results:

The Al-assisted decision algorithm demonstrated an overall concordance of 94.8% with expert consensus
decisions. Use of the algorithm reduced interobserver variability, improved decision consistency among junior
clinicians, and significantly shortened decision-making time without compromising clinical safety.

Conclusion:

Al-assisted CBCT-based decision support enables standardized, efficient, and reliable clinical decision-
making in emergency maxillofacial trauma care and represents a critical step toward structured Al integration
into clinical workflows.
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1. INTRODUCTION

Emergency management of maxillofacial trauma requires rapid and accurate clinical decision-making, often
under conditions of time pressure, limited clinical information, and heterogeneous injury patterns. Beyond the
detection of fractures, clinicians must determine the need for surgical intervention, hospital admission, and
additional imaging, frequently relying on individual experience and subjective judgment.

Cone-beam computed tomography (CBCT), also known as digital volume tomography (DVT), has become
an important imaging modality in maxillofacial trauma due to its high spatial resolution and reduced radiation
exposure. Nevertheless, the interpretation of CBCT images and subsequent clinical decisions remain highly
operator-dependent, particularly among less experienced clinicians.

Recent studies have demonstrated that Al-assisted CBCT interpretation can significantly improve diagnostic
accuracy and reduce time-to-diagnosis in maxillofacial trauma [1,2]. Furthermore, external validation has
confirmed the robustness and generalizability of such Al systems across different institutions and healthcare
settings. However, the translation of Al-derived diagnostic information into structured clinical decision-
making pathways has not yet been systematically addressed.

The present study aims to bridge this gap by developing and validating an Al-assisted clinical decision support
algorithm for emergency maxillofacial trauma based on CBCT findings. The focus lies on standardizing key
clinical decisions rather than solely improving diagnostic accuracy.

2. MATERIALS AND METHODS

Study Design and Centers

This retrospective multicenter study was conducted at two independent institutions:

o Center A: Seeklinik Zurich, Switzerland — tertiary referral clinic for oral and maxillofacial surgery
o Center B: Kieferchirurgie Munich, Germany — independent outpatient specialty practice

The study protocol was approved by the respective institutional ethics committees.



Patient Population

CBCT datasets from adult patients (>18 years) presenting with acute maxillofacial trauma were retrospectively
included. The study cohort comprised 282 patients (Center A: 150; Center B: 132), corresponding to the
datasets used in the external validation study.

Al-Based Fracture Detection

An Al system based on a three-dimensional convolutional neural network was used to detect and localize
maxillofacial fractures on CBCT images. The system had previously demonstrated high diagnostic accuracy
and external validity [1,2].

Development of the Clinical Decision Algorithm

A structured clinical decision algorithm was developed by a panel of three senior maxillofacial surgeons. The
algorithm incorporated Al-derived fracture information and addressed the following decision points:

1. Need for surgical intervention (yes/no)
2. Need for hospital admission (outpatient vs. inpatient management)
3. Need for escalation to multislice CT (yes/no)

Decision rules were predefined based on fracture location, displacement, involvement of functional units (e.g.,
orbital floor, occlusal support), and fracture multiplicity.

Reference Standard

For each patient, a consensus clinical decision was established by two senior maxillofacial surgeons based on
full clinical information, imaging data, and follow-up outcomes. This consensus served as the reference
standard.

Outcome Measures

Primary outcome:

e Concordance between Al-assisted algorithm recommendations and expert consensus decisions

Secondary outcomes:

e Decision-making time
e Interobserver variability among junior clinicians
o Rate of potentially unsafe recommendations




Three-dimensional CBCT reconstruction of a human skull demonstrating a complex tripod fracture involving the left orbit,
zygomatic bone, and maxilla. Fracture lines are highlighted in red and orange to indicate disrupted bone structures. The
visualization simulates a clinical CBCT screenshot, including subtle imaging grids and interface overlays, illustrating how Al-
assisted fracture detection could be applied in emergency maxillofacial trauma assessment — Seeklinik Zurich, Specialized Clinic
Jfor Oral, Maxillofacial and Plastic Facial Surgery, Zurich, Switzerland.

3. RESULTS
Study Cohort and Algorithm Applicability

A total of 282 CBCT examinations from patients presenting with acute maxillofacial trauma were included in
the analysis, comprising 150 cases from Center A (Seeklinik Zurich) and 132 cases from Center B
(Kieferchirurgie Munich). All datasets were of sufficient diagnostic quality to allow full application of the Al-
based fracture detection system and subsequent decision algorithm.

The clinical decision algorithm could be applied in 100% of cases, indicating robust technical feasibility across
different institutional settings, CBCT devices, and acquisition protocols. No datasets had to be excluded due
to technical incompatibility or insufficient image quality.

Overall Concordance With Expert Consensus

Across the entire cohort, the Al-assisted clinical decision algorithm demonstrated a high overall concordance
of 94.8% with expert consensus decisions. Agreement was consistently high across both centers, with 95.1%
concordance at Center A and 94.4% at Center B, showing no statistically significant difference between
institutions (p > 0.05).

This high level of concordance indicates that the algorithm reliably translated Al-derived fracture detection
into clinically meaningful management recommendations, independent of institutional environment.

Decision Category-Specific Performance

Surgical Intervention

For decisions regarding the need for surgical intervention, the algorithm achieved a concordance of 96.2%
with expert consensus. Discrepant cases were predominantly related to borderline indications, such as
minimally displaced zygomaticomaxillary complex fractures without functional impairment, where expert
opinions also showed partial disagreement.

Importantly, the algorithm demonstrated high sensitivity for surgically relevant fractures, ensuring that
clinically significant injuries were not underestimated.

Hospital Admission

Concordance for decisions regarding hospital admission versus outpatient management was 94.1%. Most
discrepancies occurred in elderly patients with low-energy trauma and isolated fractures, where social factors
and comorbidities influenced expert decisions beyond purely radiological criteria.

Escalation to Multislice CT

For recommendations concerning escalation from CBCT to multislice CT, concordance was 93.4%. Divergent
cases primarily involved suspected complex midfacial fracture patterns or potential intracranial involvement,
reflecting the inherent limitations of CBCT in assessing soft tissue and intracranial structures [3—5].

Impact on Junior Clinician Performance

Junior clinicians without Al-assisted decision support achieved an overall agreement of 82.6% with expert
consensus. With Al-assisted algorithmic support, agreement increased significantly to 93.7% (p < 0.001).



The most pronounced improvement was observed in decisions related to surgical intervention and CT
escalation. Interobserver variability among junior clinicians was markedly reduced, as reflected by an increase
in interobserver agreement from moderate to substantial levels.

Decision-Making Time
The integration of Al-assisted decision support resulted in a significant reduction in decision-making time.

Mean time per case decreased from 3.1 + 0.8 minutes without Al support to 1.2 + 0.4 minutes with Al
assistance (p <0.001).

This reduction was consistent across both centers and independent of clinician experience level, indicating
workflow-related benefits beyond diagnostic accuracy alone.

Safety Analysis

No cases were identified in which the Al-assisted algorithm recommended outpatient management, omission
of CT escalation, or conservative treatment in situations that subsequently required urgent surgical
intervention or resulted in adverse outcomes. This finding supports the clinical safety of the algorithm within
the investigated cohort.

Summary of Results

Overall, the Al-assisted CBCT-based decision algorithm demonstrated high concordance with expert
decision-making, significantly improved junior clinician performance, reduced interobserver variability, and
substantially shortened decision-making time, while maintaining clinical safety.

4. DISCUSSION

The present study demonstrates that artificial intelligence—assisted CBCT interpretation can be effectively
extended beyond fracture detection to structured clinical decision support in emergency maxillofacial trauma.
By integrating Al-derived imaging findings into a predefined clinical decision algorithm, diagnostic
information was translated into consistent, reproducible, and clinically actionable recommendations.

From Detection to Decision Support

While previous studies have focused primarily on diagnostic performance metrics such as sensitivity and
specificity [1,2,6-8], the current work addresses a critical and underexplored question: whether Al-derived
information can meaningfully support clinical decision-making. Diagnostic accuracy alone does not guarantee
improved patient care unless it informs subsequent management steps [9—11].

The high concordance observed between the Al-assisted algorithm and expert consensus decisions suggests
that Al can function as a reliable intermediary between image interpretation and clinical action, particularly
in standardized emergency workflows.

Reduction of Variability and Support for Junior Clinicians

Clinical decision-making in maxillofacial trauma is known to be highly experience-dependent, with significant
variability among clinicians, especially in non-tertiary settings [12—14]. The marked improvement in junior
clinician agreement observed in this study highlights the potential of Al-assisted decision support to reduce
variability and enhance decision consistency.

This finding aligns with evidence from other medical specialties, where Al-based decision support has been
shown to improve performance of less experienced clinicians while maintaining expert-level safety [15-17].



Workflow Efficiency and Emergency Care

Time pressure is a defining characteristic of emergency trauma care. The significant reduction in decision-
making time observed with Al-assisted support is therefore clinically relevant. Importantly, the observed time
savings did not compromise decision quality or safety.

These results support the concept that Al integration may improve not only diagnostic performance but also
overall workflow efficiency, a key requirement for successful clinical implementation [18-20].

CBCT-Based Decision Support and Radiation Considerations

The algorithm explicitly incorporated decision rules for escalation to multislice CT, reflecting current
concerns regarding radiation exposure and imaging appropriateness [21-23]. The high concordance for CT
escalation decisions suggests that Al-assisted CBCT interpretation may support radiation-sparing diagnostic
strategies without compromising patient safety.

This aspect is particularly relevant in maxillofacial trauma, where CBCT offers high spatial resolution at lower
radiation doses compared to conventional CT [24-26].

Generalizability and Multicenter Robustness

The inclusion of both a tertiary referral center and an independent outpatient practice strengthens the external
validity of the findings. The stable performance across different institutional settings suggests that the
algorithm is robust to variations in patient populations, workflow structures, and imaging protocols.

Such generalizability is a prerequisite for broader clinical adoption and future guideline integration [27-29].

Limitations and Future Directions

Several limitations must be acknowledged. The retrospective design precludes assessment of real-time user
interaction and behavioral adaptation to Al-assisted decision support. Furthermore, the algorithm focused
primarily on osseous injuries and did not incorporate soft tissue or neurological findings.

Future studies should prospectively evaluate real-world implementation, user acceptance, and long-term
clinical outcomes. Integration with electronic health records and trauma registries may further enhance
algorithmic performance and adaptability [30-32].

Clinical and Academic Implications

From a clinical perspective, the results support the use of Al-assisted decision support as a tool for
standardizing emergency maxillofacial trauma management. From an academic standpoint, the study
represents a conceptual shift from Al as a diagnostic aid toward Al as a component of structured clinical
decision-making and guideline development.

5. CONCLUSION

Al-assisted CBCT-based clinical decision support enables standardized, efficient, and safe decision-making
in emergency maxillofacial trauma. By reducing variability, supporting junior clinicians, and improving
workflow efficiency, such systems represent a critical step toward meaningful and sustainable integration of
artificial intelligence into clinical practice.
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