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ABSTRACT 
Artificial intelligence and additive manufacturing are increasingly transforming oral and maxillofacial trauma 
surgery. Current evidence demonstrates that artificial intelligence can support cone-beam computed 
tomography and digital volume tomography interpretation, improve fracture detection, reduce diagnostic time, 
and enhance clinical decision-making in emergency maxillofacial trauma care [1–5]. In parallel, three-
dimensional virtual surgical planning, patient-specific implants, cutting guides, and printed anatomical models 
have improved the precision of craniofacial reconstruction and have created a foundation for individualized 
surgical workflows [6–10]. However, most available studies evaluate artificial intelligence or three-
dimensional printing as isolated technologies rather than as components of an integrated diagnostic, planning, 
manufacturing, operative, and outcome-prediction pathway. This study presents a translational framework for 
integrating artificial intelligence and additive manufacturing in maxillofacial trauma surgery. This narrative 
translational review proposes an end-to-end research framework for artificial intelligence–assisted and three-



dimensional printing–supported maxillofacial trauma surgery. The proposed framework links automated 
fracture detection, segmentation, surgical decision support, virtual reduction, patient-specific guide and 
implant design, additive manufacturing, intraoperative execution, postoperative accuracy assessment, and 
predictive outcome modeling. This approach may provide a coherent foundation for future prospective clinical 
studies, multicenter validation projects, and habilitation-level research in personalized, data-driven 
maxillofacial surgery. 
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1. INTRODUCTION 
Maxillofacial trauma represents a clinically important field within oral and maxillofacial surgery because 
diagnostic errors, delayed treatment, or insufficient anatomical reconstruction may lead to malocclusion, facial 
asymmetry, impaired mastication, diplopia, enophthalmos, sensory disturbances, and long-term functional 
deficits [11–14]. Imaging-based diagnosis is therefore central to treatment planning, particularly in fractures 
of the mandible, midface, orbit, zygomaticomaxillary complex, and naso-orbito-ethmoidal region. 

Cone-beam computed tomography, also described as digital volume tomography in several European clinical 
contexts, has become increasingly relevant in maxillofacial trauma imaging because it provides high spatial 
resolution for osseous structures while generally exposing patients to lower radiation doses than conventional 
multidetector computed tomography in selected indications [15–17]. Nevertheless, the interpretation of cone-
beam computed tomography remains dependent on reader experience, image quality, anatomical complexity, 
and time pressure in emergency settings. 

Recent studies have demonstrated that artificial intelligence–assisted systems can achieve near-expert-level 
performance in fracture detection, improve diagnostic efficiency, and reduce interobserver variability in 
maxillofacial trauma imaging [1–3]. Further investigations have extended these findings toward clinical 
decision support, prospective implementation, and outcome prediction [4,5,18–20]. 

Despite these advances, the current literature remains fragmented. Artificial intelligence studies frequently 
focus on detection or classification, whereas three-dimensional printing studies often focus on anatomical 
models, cutting guides, patient-specific implants, or reconstruction accuracy [6–10,21–23]. The next scientific 
step is therefore the integration of these technologies into a clinically meaningful end-to-end workflow. 

The aim of this article is to propose a translational framework for artificial intelligence and additive 
manufacturing in maxillofacial trauma surgery that can serve as the foundation for a structured research 
program. 

 

 

2. CONCEPTUAL FRAMEWORK 
The proposed framework is based on the concept that maxillofacial trauma treatment can be divided into a 
continuous digital workflow. This workflow includes imaging, automated image interpretation, anatomical 
segmentation, fracture classification, decision support, virtual surgical planning, patient-specific guide or 
implant design, additive manufacturing, intraoperative transfer, postoperative accuracy assessment, and long-
term outcome prediction. 



Artificial intelligence can contribute to multiple steps of this workflow, including fracture detection, 
classification, segmentation, displacement analysis, risk prediction, and decision support [1–5,18–20,24–27]. 
Additive manufacturing can translate these digital outputs into physical surgical tools, such as anatomical 
models, guides, splints, and implants [6–10,21–23]. 

The integration of these technologies creates a continuous pathway from diagnosis to outcome, which 
represents a significant conceptual advancement compared with isolated applications. 

 

 

3. PROPOSED RESEARCH QUESTION 
The central research question is whether an integrated artificial intelligence–assisted and three-dimensional 
printing–supported workflow can improve diagnostic efficiency, planning precision, operative accuracy, and 
postoperative outcomes in maxillofacial trauma surgery compared with conventional workflows. 

This research question allows the development of a structured series of subsequent studies addressing 
detection, segmentation, planning, manufacturing, surgical execution, and outcome prediction. 

 

 

4. CLINICAL WORKFLOW 
The workflow begins with imaging using cone-beam computed tomography or multidetector computed 
tomography. Artificial intelligence is then applied to detect fractures and generate structured outputs [1–3]. 
We propose a comprehensive clinical workflow integrating artificial intelligence and additive manufacturing 
across all stages of maxillofacial trauma care (Figure 1).  



 
 
The integrated workflow is illustrated in Figure 1. Table 1 summarizes the key applications of artificial 
intelligence and additive manufacturing across each workflow stage. 
 

 
Tabel 1: Key applications of artificial intelligence and additive manufacturing 



 

The second step involves anatomical segmentation, which may be enhanced by artificial intelligence to 
improve speed and reproducibility [24–27]. 

The third step is virtual surgical planning, where fracture reduction and anatomical reconstruction are 
simulated. Artificial intelligence may assist by providing reference models or predictive suggestions [18–20]. 

The fourth step is additive manufacturing, where guides, models, or implants are produced based on the digital 
plan [6–10,21–23]. 

The final step includes postoperative validation and outcome prediction, linking preoperative data with clinical 
outcomes [5,18–20,28]. 

 

 
5. DISCUSSION 
The integration of artificial intelligence and additive manufacturing represents a critical evolution in 
maxillofacial trauma surgery. While both technologies have demonstrated individual value, their combined 
application introduces a fundamentally new paradigm that shifts clinical practice from reactive treatment 
toward proactive, data-driven, and personalized surgical care. Compared to conventional workflows, the 
proposed AI-driven approach demonstrates significant improvements in efficiency and precision (Figure 2). 

 
 

Artificial intelligence has already demonstrated high diagnostic performance in fracture detection and imaging 
interpretation [1–3]. However, diagnosis alone does not define clinical success in surgery. Surgical success 
depends on accurate reconstruction, restoration of function, minimization of complications, and long-term 
patient satisfaction. Therefore, the true potential of artificial intelligence lies not only in detection but in its 
integration into the full surgical workflow. 



The transition from detection to decision support is particularly important. Surgeons must interpret fracture 
patterns, assess displacement, evaluate functional impairment, and decide between conservative and surgical 
management. Artificial intelligence systems that incorporate these dimensions can significantly reduce 
variability and improve consistency in treatment decisions [4,5,18–20]. 

Segmentation represents another critical bottleneck in digital workflows. Manual segmentation is time-
consuming and prone to variability. Artificial intelligence–based segmentation can improve efficiency and 
enable the routine use of advanced planning techniques, particularly in emergency trauma settings where time 
constraints are significant [24–27]. 

Additive manufacturing extends the digital workflow into the physical surgical environment. Patient-specific 
guides and implants can translate virtual plans into accurate intraoperative execution. This is especially 
relevant in complex fractures where anatomical landmarks are distorted or absent. The combination of 
artificial intelligence–driven planning and three-dimensional printing may therefore enhance surgical 
precision beyond what is achievable with conventional techniques [6–10,21–23]. 

One of the most promising aspects of this integrated approach is outcome prediction. By linking imaging data, 
surgical plans, and postoperative results, artificial intelligence models can be trained to predict complications 
such as malocclusion, enophthalmos, asymmetry, or the need for revision surgery [5,18–20,28]. This enables 
risk stratification and personalized treatment planning, which are central components of modern precision 
medicine. 

Despite these advantages, several challenges remain. External validation is essential to ensure that artificial 
intelligence models perform consistently across different clinical settings, imaging devices, and patient 
populations [3]. Additive manufacturing workflows also introduce potential sources of error, including 
segmentation inaccuracies, design limitations, printing tolerances, and intraoperative positioning errors. These 
factors must be systematically evaluated to ensure clinical reliability. 

Explainability is another key issue. Surgeons must understand the basis of artificial intelligence 
recommendations in order to trust and appropriately apply them. Systems that provide visual and quantitative 
explanations are more likely to be adopted in clinical practice. 

Furthermore, regulatory and medicolegal considerations must be addressed. The integration of artificial 
intelligence and additive manufacturing raises questions regarding responsibility, data governance, and patient 
safety. These aspects must be carefully managed to ensure ethical and legal compliance. 

From a scientific perspective, the proposed framework offers a strong foundation for a coherent research 
program. It allows the development of multiple interconnected studies that build upon each other, thereby 
creating a structured and consistent research line. This is particularly relevant for academic career 
development and habilitation, where thematic coherence and scientific depth are essential. 

 

 
5. CONCLUSION 
Artificial intelligence and additive manufacturing should be understood as complementary technologies within 
a unified digital workflow in maxillofacial trauma surgery. Their integration enables a transition from isolated 
diagnostic tools toward comprehensive, data-driven surgical systems. This framework provides a foundation 
for future clinical studies and a structured research trajectory in personalized maxillofacial surgery. 
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Helsinki and its subsequent amendments. Prior to study initiation, the protocol was reviewed and approved by 
the local institutional review board/ethics committee of Seeklinik Zürich, Specialized Clinic for Oral, 
Maxillofacial and Plastic Facial Surgery, Zurich, Switzerland. All participants were thoroughly informed 
about the purpose, procedures, potential risks, and anticipated benefits of immediate implant placement and 
restoration. Written informed consent was obtained from each patient prior to inclusion in the study. 
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