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Abstract

:

Within the next decade, artificial intelligence (AI) will fundamentally transform the workflow of modern dental practice. This paper reviews the innovations and new roles of dental assistants in CBCT data management with the support of AI. Its use in 3D data management brings new roles for dental assistants. Cone beam computed tomography (CBCT) technology is, together with intraoral 3D scans and 3D facial scans, commonly used 3D diagnostic in a modern digital dental practice. This paper provides an overview of the potential benefits of AI implementation for semiautomated segmentations in standard medical diagnostic workflows in dental practice. It discusses whether AI tools can enable healthcare professionals to increase their reliability, effectiveness, and usefulness, and addresses the potential limitations and errors that may occur. The paper concludes that current AI solutions can improve current digital workflows including CBCT data management. Automated CBCT segmentation is one of the current trends and innovations. It can assist professionals in obtaining an accurate 3D image in a reduced period of time, thus enhancing the efficiency of the whole process. The segmentation of CBCT serves as a helpful tool for treatment planning as well as communicating the problem to the patient in an understandable way. This paper highlights a high bias risk due to the inadequate sample size and incomplete reporting in many studies. It proposes enhancing dental workflow efficiency and accuracy through AI-supported cbct data management
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1. Introduction


Cone beam computed tomography (CBCT) is a 3D imaging technology used in dentistry for various purposes, such as implant placement, orthodontic treatment planning and root canal treatment. Currently, a lot of scientific work is being put into AI applications that focus on the automatic identification of landmarks in cone beam computed tomography [1].



Dental assistants play a crucial role in CBCT data management by preparing patients for imaging, operating the device, and assisting the dentist with image processing and interpretation. With the support of artificial intelligence (AI), dental assistants can take on new tasks in CBCT data management. The new tasks of dental assistants in CBCT data management with the support of AI can include AI-assisted image analysis, data integration and management, patient communication and education, and quality assurance. These tasks can help improve the accuracy and efficiency of CBCT imaging, leading to better treatment outcomes and more efficient dental practice. The increasing use of deep learning algorithms for segmentations [2] in medical imaging is changing the workflows in digital dental clinics [3]. For example, recent advancements in deep learning applied in CBCT in clinical applications have allowed the identification of problems including root fractures or dental implant failure predictions [4,5]. Deep learning is a subset of artificial intelligence (AI) that involves training neural networks with large amounts of data to enable them to recognize complex patterns and make predictions or decisions based on that data. In other words, deep learning is a method of teaching machines to learn and improve from experience, rather than being explicitly programmed. Medical imaging is fundamental for diagnosing, treating, and monitoring diseases and conditions, and deep learning can greatly enhance the accuracy, efficiency, and reliability of image analysis [6,7,8,9,10].



Deep learning is a form of artificial intelligence in which neural networks are trained to recognize patterns and make predictions. Artificial intelligence is a broader field that involves the development of intelligent machines using a variety of techniques. Advanced AI algorithms have revolutionized forensic medicine, anthropology, and clinical anatomy. The use of three-dimensional convolutional neural networks has opened up new possibilities for processing 3D medical images, including CBCT, which is represented as a sequence of 2D grayscale images [11].



There are three main groups of applications of CNN in dentistry:




	
Detecting structures (identifying the presence of normal and abnormal structures);



	
Segmenting structures (determining the exact shape of particular structures);



	
Classifying structures (distinguishing the sites and establishing the grade of a possible anomaly).








The typical process of CBCT segmentation and processing into its final form is shown on the scheme in Figure 1. Segmentation from computed tomography is not a novel process. Recently, fully convolutional networks (FCNs), most notably the UNet architecture, have greatly improved the accuracy and speed of semantic segmentation tasks, and hence medical segmentation and analysis tasks. The UNet architecture makes heavy use of contextual information [12,13]. The accurate segmentation of anatomical structures plays an important role in many clinical applications including dentistry.



CBCT is a modern dental imaging system that provides fast volumetric imaging of patients with low radiation exposure. NewTom is a CBCT device designed for dental and orthodontic imaging, including surgical planning and prosthetic implants. Lascala et al. (2014) assessed the accuracy of linear measurements with NewTom. CBCT is an advancement from 2D manual and digital analyses achieved by adding a third dimension to the diagnostic process [14,15].



CBCT is used in oral and maxillofacial surgery, endodontics, implantology, orthodontics, temporomandibular joint dysfunction, periodontology, and restorative and forensic dentistry [16,17]



Artificial intelligence algorithms aid healthcare providers in analyzing CBCT images, making diagnoses and assisting in clinical decisions [18]. Convolutional neural networks of the types of AI that are primarily utilized for the tasks of object detection and segmentation [19].



The use of DIAGNOCAT artificial intelligence can help dentists to achieve faster and more objective quality control in diagnostics and treatment. The DIAGNOCAT program acts as a medical assistant in CBCT analysis and ensures a final product of high quality. CBCT has recently become a routine imaging process, but there are significant difficulties regarding the simplification of the visualization programs. However, DIAGNOCAT’s reports are clear and understandable for both physicians and patients [20].



Dentists, previously limited to two-dimensional (2D) images, can now visualize the hard tissues of the head and neck in all desired planes in 3D reconstruction. In addition, CBCT scans can reveal occult pathology and various clinically significant incidental findings located in structures outside the dentist’s usual area of expertise [21].



Today’s modern artificial intelligence (AI) can support the new tasks of managing CBCT data in orthodontics in several ways. Here are the examples:




	
Image segmentation: CBCT data in orthodontics usually consists of a large number of 3D images. AI algorithms can be used to segment these images, i.e., to identify and separate different anatomical structures (e.g., teeth, bone, and soft tissue) within the images. This can help orthodontists make more accurate diagnoses and treatment plans.



	
Diagnosis and treatment planning: AI can help orthodontists make more informed diagnoses and treatment plans by analyzing CBCT data and making suggestions based on patterns and trends in the data. For example, AI can identify common characteristics of patients with similar dental problems and suggest treatment options that have been proven to work in these cases.



	
Predictive analytics: AI can be used to predict the likelihood of certain outcomes based on CBCT data. For example, an AI algorithm can be trained to predict the likelihood of a successful treatment outcome for a particular patient based on their CBCT data and other clinical factors.



	
Workflow automation: AI can be used to automate certain tasks in the CBCT data management process, such as image analysis and report generation. This can help streamline the workflow and save time for orthodontic professionals.



	
Communication with the patient: AI can be used to communicate treatment options and outcomes to patients in a more visual and interactive way. For example, AI can create 3D models of patients’ teeth and show them how their teeth will look like after the treatment.








The skills required for CBCT evaluation are specific to postgraduate orthodontic specialization. AI-assisted evaluations such as semiautomated 3D cephalometric analysis suggest an uncertain future as the exclusive domain of orthodontists or even humans. AI-assisted segmentation of CBCT data is already implemented in the majority of popular aligner systems showing roots from CBCT data merged with intraoral scanning such as Spark or Invisalign.



The aim of this review is to present the current impact of AI support on specialized CBCT data processing in dental offices and to inform readers of how this can transform the roles of dental assistants and nurses in the future. We specifically focus on two types of software, namely Invivo 7.0 Anatomage and Diagnocat as representants of semiautomatic and automatic programs in CBCT processing in dental practice. We assess the potential and ease of dental assistants to work with them. In addition to an evaluation of the AI-powered CBCT management impact on the near future workflows of dental assistants and nurses, the paper discusses the limitations and risks of current AI-driven solutions applied in CBCT semiautomated processing. The novelty of this paper lies in the evaluation of current AI innovations in CBCT data processing in regard to clinical dentistry workflows and in the critical view of their current limitations.



Compared to other studies looking at AI-driven CBCT imaging, which includes the diagnosis of anatomical landmarks, pathologies and clinical effectiveness when used by dentists and their staff, several studies have evaluated older AI systems in a rapidly changing environment. The changes brought about by generative AI such as ChatGPT and others will have an impact on communication processes in dental practices. The impact of advanced AI in processing 3D data such as CBCT will open up unprecedented opportunities for dental staff, leading to new tasks and responsibilities [19,22,23,24].




2. Materials and Methods


2.1. Inclusion Criteria for This Scoping Review


To ensure that the review is comprehensive and relevant to the research question, inclusion criteria are based on the research question and population of interest.



	
The research question for this scoping review is: “What are the benefits, limitations and innovations of AI-assisted CBCT data management in modern dental practice?”



	
Population of interest: dental professionals and dental assistants involved in CBCT data management in modern dental practice.



	
Type of interventions: the use of artificial intelligence (AI) in CBCT data management, including semiautomated segmentation and standard medical diagnostic workflows.



	
Outcomes of interest: the benefits and limitations of AI implementation for enhancing efficiency and accuracy in CBCT data management, as well as the potential impact on the roles of dental assistants in modern dental practice. Other outcomes of interest include the reliability, effectiveness, and usefulness of AI tools in dental workflows, potential errors and limitations that may occur, and the overall impact of AI-assisted CBCT data management on the quality of patient care.






Relevant databases to search for studies were the following:




	
PubMed;



	
Cochrane Library;



	
Scopus;



	
Web of Science.








Search terms were defined as the following:



“Artificial Intelligence” OR “AI”;



“Cone Beam Computed Tomography” OR “CBCT”;



“Dental Practice” OR “Dental Workflow”;



“Data Management”;



“Semiautomated Segmentation”;



“Diagnostic Workflow”;



“Dental Assistants”;



“Efficiency”;



“Accuracy”;



“Reliability”;



“Effectiveness”;



“Usefulness”;



“Limitations”;



“Errors”;



“Patient Care”.



The search terms were combined using Boolean operators (AND, and OR) to refine the search and retrieve relevant studies.



The following inclusion criteria were used for this scoping review:



Study design: any study design;



Population: dental professionals or assistants or nurses;



Interventions: AI-assisted CBCT data management;



Outcomes of interest: benefits, limitations, and innovations.



Studies had to be published in English and available in full text. There were no restrictions on the date of publication. Studies that report on the use of AI in dental practice outside of CBCT data management or studies that do not address the outcomes of interest were excluded. Studies with inadequate sample sizes or incomplete reporting were also excluded.




2.2. Software Used


The following software was used for the clinical presentation of the workflow



	
Diagnocat (USA—Diagnocat LTD, Miami, FL, USA) for AI segmentation;



	
Invivo 7.0 (Anatomage, Santa Clara, CA, USA) for segmented model analysis;







2.3. Processing CBCT


Once the CBCT data is received, the radiology technician begins to work on the preprocessing of the image for analysis. CBCT typically comes in series of grayscale DICOM images which are opened by a software; for example, Invivo 7.0 Anatomage. The task of a healthcare specialist is to prepare data for analysis or segmentation for 3D printing outputs or other workflows depending on the clinical objective. Various steps performed in CBCT are now semiautomatized and supported by the software. Manual segmentations, manual cephalometric analyses, the identification of nerve pathways or exporting panoramic views and many other tasks are now possible to be performed by a trained technician/assistant. This allows specialists such as orthodontists to focus on more complex problems. In the final form, the orthodontic specialist uses the prepared data either for cephalometric analysis, other forms of complex analysis or to construct a 3D model for the personalized modeling of appliances or accessories. The doctor reviews and then presents the data to the patient. In Figure 2, we can see the raw CBCT scan, which needs to be analyzed [25].



From an orthodontic point of view, we are interested in the parameters and deviations of the position of the teeth, and hard and soft tissues. Anatomage InVivo 7.0 is a semiautomatic software which, in collaboration with AI, the radiology technician can perform an analysis in which the exact parameters are calculated [26].



In our office, we process full-head X-rays as we practice face-driven orthodontics. We align teeth in such a way that is consistent with the soft tissue envelope of the patient. When necessary, we prescribe orthognathic surgery and move the hard and soft tissues into a desired position. The entire treatment outcome is based on the initial X-ray analysis combined with a 3D facial scan or photography.



From one low-dose CBCT scan, we can obtain all soft and hard tissue data of the patient.



Through the Anatomage InVivo 7.0 software, we obtain the following:




	
Analysis of dental parameters;



	
Hard tissue analysis;



	
Soft tissue analysis;



	
An analysis of hard and soft tissue asymmetries;



	
Passage of airways (Figure 3a);



	
A cephalometric image;



	
A panoramic X-ray image;



	
The transition of the inferior alveolar nerve;



	
The temporomandibular joint structure (Figure 3b).








Tissue analyses tell us to what extent orthodontic treatment is necessary. They reveal the difficulty of the treatment and predict whether orthognathic surgery is necessary. The first step in the process of the analysis is to position the 3D skull accurately and to set the anatomical landmarks on the X-ray. They need to be entered manually. These points can be preset according to the different types of analyses. Usually, the landmarks include nasion, pogonion, point A, point B, Sella turcica, gonion, contours of the mandible and maxilla, outlines of incisors and molars, position of canines, etc. From all this data, a graph is created on which the differences are clearly visible. The out-of-range values are colored differently, going from green through orange to red, which is the most critical grade [27,28].



The asymmetries of the hard and soft tissues help us understand the difference between the right and left sides and to see potential underlying issues [29].



The airway passage allows us to see the extent to which it is narrowed, and we can find the exact location of the constriction. The airway is colored according to the size of the isthmus so we can determine the volume easily. It goes from green, which is a broad airway, to red, which is a constricted one. AI will calculate the exact dimensions too. Patients with narrowed airways may suffer from obesity, diabetes, increased blood pressure, and fatigue [24,30,31].



Assessing the airway volume is critical before orthognathic surgery as we can significantly improve and enlarge the passage. The study of Orhan et al. (2022) detected higher values of airway volume automatically evaluated by a different software, Diagnocat, which was caused by the software calculating the epiglottis and the posterior nasal aperture volumes too because of the low contrast of soft tissues [32].



The panoramic Image of teeth and surrounding structures can be displayed by AI after manually setting the area we want to see [33,34]. It was proven that Diagnocat identifies the periapical periodontitis more easily through CBCT compared to 2D radiographs [35].



The passage of the inferior alveolar nerve is visible on images, but with AI we can view the nerve passing through the bone in detail [36].



A TMJ image can reveal the ankylosis or destruction of the condyle. Again, AI creates a 3D model of the joint that we can look at from all angles and assess the amount of damage if it is present [37].



One of the advantages of InVivo 7.0 is that we can add a 3D scan of the face and an intraoral scan of the teeth to the image of the skull. We import the separate scans and precisely position them to the place them where they superimpose. By establishing certain points where the image and the scan should overlap, AI can then localize the scan into the final position (Figure 4a) [38].



All the data collected is of high value so many questions can be answered with a single image. After all the analyses are completed with the help of the radiology technician and AI, the doctor can present the results to the patient or others and determine the right treatment plan—Figure 4b [39].



The difference between standard imaging software programs such as inViVo 7.02 and Diagnocat is that Diagnocat provides fully automatic segmentation. It is a creator of 3D STL models from 3D CBCT and DICOM files. It can simultaneously segment individual structures such as individual teeth, soft tissues, inferior alveolar nerve, mandible, maxilla, and airways. Segmentation allows the doctor to visualize anatomic features, and to localize the unerupted teeth in the bone, which can be used to calculate the force system needed to guide them to erupt in an effective way. Currently, precise calculation is not possible, because one has to consider the principles of the biologic modeling and remodeling of bones. Although the process is demanding, this advanced software platform enables practitioners to incorporate advanced techniques into personalized treatment plans [40].



The utilization of visual aids enhances the patient’s understanding of the problem and ensures a higher level of comprehension [41]. Segmentation is a useful tool of preprocessing for 3D printing and treatment planning [10,31].



Segmentation can be prepared in various softwares. InVivo 7.0 can be used to segment a 3D CBCT scan into 3D STL models too. This process takes several minutes and not everything can be segmented in detail. For example, we can segment a certain part of the mandible, but we cannot separate the individual teeth from each other. After segmenting a CBCT scan in InVivo 7.0, we have to open the 3D STL model in another program, e.g., Meshmixer, for further processing [42,43].



On the other hand, the Diagnocat program allows us to conduct CBCT segmentation quickly, in a matter of seconds. It is an automated process that AI is fully responsible for [11,44,45]. With the touch of a button, we can segment various head structures. Images of the teeth do not perfectly match their natural appearance, but they are very similar. Models that AI creates are free of visible artifacts. To compare, segmentation in Invivo 7.0 makes artifacts visible and often destroys the image; thus, further postprocessing in different software is needed. Figure 5a shows Diagnocat segmentation, in which various structures are automatically identified, and their opacity and color can be set (Figure 5b).



In addition, Diagnocat can prepare dental and orthodontic reports and simplified analyses (Figure 6). It can also detect dental problems such as cavities, overhanging fillings, and bone loss as well as show the bone cross-section for detailed implant planning. Three-dimensional visualization enhanced with segmentation allows the patient to better understand complex medical concepts [46].





3. Discussion


Software programs have brought many advantages that make the work of doctors, radiology technicians and healthcare professionals easier. CBCT analyses programs such as Diagnocat or Anatomage InVivo 7.0 assist in understanding pathological processes and detecting the slightest differences and abnormalities. These programs are used in the medical field for preoperative planning and simulation. They are software platforms that provide 3D representations of a patient’s anatomy, which allow medical professionals to visualize the patient’s specific features and plan biomechanical approaches as well as surgical procedures in a virtual environment. They increase accuracy of treatment outcome and ultimately improve patient’s experience.



In the study conducted by Khabadze et al., the superior role of AI was confirmed. The authors found out that AI technologies in Diagnocat detected the proximal caries more accurately than the clinician did, although occlusal caries was diagnosed better by visual examination. On the other hand, periodontal issues were diagnosed more precisely by AI. The reports were generated significantly faster by AI than by the evaluating clinician [47].



Compared to the past, when there were only 2D images as panoramic or lateral X-rays available, we moved to a “higher level”. With the use of CBCT and AI, we can accurately view airway and nerve passages, TMJ, teeth, and hard and soft tissues. Often, analysis helps us to detect even the smallest abnormalities [10,48,49]. Both software options, InVivo 7.0 and Diagnocat, obtain a similar final data set that leads physicians to the same diagnosis and treatment plan. Further study comparing the precision of manual processing with that of AI is recommended.



Based on the review, we are of an opinion that by segmenting through the Diagnocat software we can save the time and effort of healthcare professionals. Diagnocat can fully and automatically segment the CBCT file into individual anatomical structures for us. To obtain the same results with a different software would take a significantly longer time and more effort. Compared to Anatomage InVivo 7.0, in which processing takes tens of minutes depending on the dexterity of the technician, Diagnocat is ultrafast in delivering results. Segmentation in Invivo 7.0 leaves artifacts that could misrepresent the image. When planning complex movements, artifacts are undesirable. With time and technology shifting, we can segment CBCT without a single artifact through the software [20,50]. The advantage is also the ability to segment individual teeth as this is rarely the option elsewhere.



AI segmentation of CBCT scans can be used to identify and classify different types of tissues, organs, and structures in the body. It can also detect anomalies in the body such as tumors, cysts, etc. With AI segmentation, we can compare changes in the body over time [10,51,52]. AI automated segmentation can dramatically improve forensic aspects of age assessment and other forensic analyses from X-ray diagnostics [44,53]. AI assistance is changing patient–doctor communication [54] as well as smart app patient tools [55]. AI-automated CBCT segmentation provides facial surface data that can be approximated to soft tissue facial scans [31], and automated AI segmentation paves the way for semiautomated personalized device design, which currently requires a lot of human effort [31,56].



This technology can help doctors to monitor the progress of a patient’s condition and adjust their treatment plan accordingly. It is important to keep in mind that the ease of performing segmentation can also depend on the specific needs and requirements of the user, such as the type of medical imaging being used, the intended use of the segmented image, and the level of accuracy needed. It may be necessary to try multiple software platforms or to seek assistance from experienced users before finding the one that is easiest to use for a specific task [57,58,59].



AI is regularly used in the processing and analysis of CBCT in dentistry [60]. AI algorithms such as Diagnocat have been developed to perform coarse to fine volumetric segmentation of teeth in CBCT images, which are efficient in processing large data sets [19]. Diagnocat’s artificial intelligence analyzes the acquired CBCT images in a DICOM format and enables smooth data transfer [32,61]. The AI-driven dental imaging software can help process the data quickly and efficiently [60,62].



The benefits of AI in medical diagnostics aimed at assessing CBCT scans include the improved accuracy, speed and efficiency of diagnosis [62]. However, there are limitations to the AI processing of CBCT scans, such as the low reliability in some parameters that include AI algorithms affected by metallic artifacts [24,63], variations in canal calcifications, errors due to examiner experience [64] and minimal cross-sectional areas [63,65]. The effectiveness, utility and limitations of the AI processing of CBCT depend on various factors such as the quality of the data used, the design of the algorithm and the training data [65]. In the recent assessments of the accuracy of AI-driven automated detection of small edentulous regions in CBCT, the AI algorithms were fast and highly accurate at detecting teeth and small edentulous regions, tooth labeling was up to six times faster and segmentation was conducted up to 900 times faster than it was by an experienced dental surgeon [23,65].



There are several limitations of AI processing of CBCT data [22] that can be divided into two main groups.



Firstly, the quality assessment of the literature suggests that there is a high risk of bias in many of the relevant studies. Inadequate sample sizes and incomplete reporting are the main contributors to the high risk of bias.



Secondly, there have been a variety of applications that are very heterogeneous in terms of AI techniques, dataset acquisition and analysis, and performance metrics, making comparisons difficult.



The assessment of the quality of the literature indicates a high risk of bias due to the inadequate sample size and incomplete reporting in many studies. High-quality annotated datasets and external validation are needed to improve AI-based dental imaging. Applications are diverse, making comparisons difficult. AI can improve dental care, but further research and validation are needed before its clinical use, especially in view of the limited availability of data [22,23,63,65].




4. Conclusions


The conclusions of this review suggest that dental assistants play a key role in dental CBCT data management in the office, not only by preparing patients for imaging and operating the device, but also by assisting the dentist with image interpretation and data preparation. With the support of artificial intelligence (AI), dental assistants can take on new tasks in CBCT data management,:




	
AI-assisted image processing and analysis; AI algorithms can be trained to analyze CBCT images for specific dental conditions, such as by identifying the location and alignment of impacted teeth or assessing bone quality for implant placement.



	
Data integration and management; CBCT data can be integrated with other patient data, such as intraoral scans and electronic dental records, to provide a comprehensive overview of the patient’s dental health.



	
Patient communication and education; AI tools can help dental assistants communicate CBCT findings clearly to patients, helping them better understand their dental health and treatment options.



	
Quality assurance; AI algorithms can be used to ensure the quality of CBCT images, such as by detecting artifacts or image distortions that could affect image interpretation.



	
The assessment of the quality of the literature indicates a high risk of bias due to the inadequate sample size and incomplete reporting in many studies. High-quality annotated datasets and external validation are needed to improve AI-based dental imaging. AI can improve dental care, but further research and validation are needed before its clinical use, especially in view of the limited availability of data.
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Figure 1. Scheme of processing and segmenting CBCT into the final form and its presentation to the patient. 






Figure 1. Scheme of processing and segmenting CBCT into the final form and its presentation to the patient.



[image: Electronics 12 01710 g001]







[image: Electronics 12 01710 g002 550] 





Figure 2. Example of basic processing of CBCT data in 3D visualization: (a) Automated processes allow trained dental assistant or nurse to prepare CBCT data for specialists; for example, orthodontists. Prepared data can allow some parts such as the airway or pathway of alveolar nerve to be recognized. Colors used in 3D visualization are taken from a template that aligns colors according to shade of gray from the Hounsfield scale and thus provide more didactic visualization. Region of interest shown in red circle; (b) region of interest shown in red circle is enlarged on this view. Segmentation of data images can be performed freely in opensource programs such as 3D Slicer or licensed programs such as Anatomage Medical Design Studio. 
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Figure 3. Various structures are now easily visualized by semiautomated software such as Invivo 7 Anatomage. (a) Passage of the airways; (b) temporomandibular joints. 
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Figure 4. (a) Skull model with overlapping intraoral teeth scan, passage of the airways and transition of the inferior alveolar nerve that also allowed accurately positioned placement of STL or PLY models of intraoral scanning, all managed within the workflow of trained dental nurse; (b) explaining the analysis to another doctor, to dental assistants or patient. 
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Figure 5. Segmentation of CBCT scan in Diagnocat software: (a) situation after fully automated CBCT segmentation, in which various structures are automatically identified, and their opacity and color can be set; (b) final result of AI-automated segmentation with various segmented structures can be exported to STLs or visualized in different colors and opacities. 
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Figure 6. AI automated process of CBCT analysis: (a) lateral view of result of AI-automated segmentation with various segmented structures that can be exported to STLs or visualized in different colors and opacities; (b) results of AI-automated dental analysis focused on caries and other tooth or bone parameters. 
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