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Introduction

Tooth loss and its consequences

Tooth loss is common among the population and as consequence, patient’s health and quality-of-life
are deteriorated. Tooth loss is common among the local community particularly the elderly (1, 2). The
prevalence of tooth loss is expected to be increased with the ageing population. In the Hong Kong
Population Projection, 25% of the population will be over the age of 60 (3). Tooth loss is anticipated
to be a significant problem in the near future. Tooth loss is associated with impaired mastication and
nutrition intake (4). Moreover, the loss of function (mastication and speech) and compromised
aesthetics are associated with impaired quality of life (5-7).

Dental prostheses and its requirement

Dental prostheses aim to restore patients’ appearance and functions by replacement of missing teeth.
Loss of single tooth is the most common pattern of tooth loss nowadays (14). Resin-bonded fixed dental
prostheses and single-tooth implants are commonly used to replace single missing teeth (8-14), to
restore the function as well as the quality of life (15).

The morphology and 3D position of the healthy natural teeth should be adopted by the dental prostheses
as so called biomimetric (16, 17). As result of evolution, healthy natural teeth have attained the best
mechanical and biological properties. Their (occlusal) morphology and 3D position reach the functional
equilibrium, i.e. any inharmony will be presented in tooth fracture, increased mobility and/or tooth
drifting movement. Functionally, the occlusal (biting) surface of teeth should fit to the opposing
(antagonist) teeth in both static and dynamic occlusion (18). The basic concept of occlusion is that the
occlusal design of dental prosthesis should correspond to the natural tooth shape in harmonic
relationship with the adjacent and antagonistic elements to allow smooth jaw movements (19). The
occlusal surfaces are functionally critical: tooth with over-contoured occlusal surfaces will hinder jaw
movement, receive all or most of the functional loading and will fail easily, while the under-contoured
occlusal surfaces may result in loss of function and overloading of adjacent teeth. Moreover, the
aesthetic of the dental prostheses should be in harmony to the adjacent teeth and the overall appearance
of a patient (20).

Reconstructing the occlusal morphology of dental prostheses is a challenge in dentistry (21). Dentists
and dental technicians spend significant amount of time to capture patients’ information to simulate the
jaw movement in the form of facebow and jaw record. This information will transfer to an articulator
which is a mechanical device that simulate patients’ jaw movement, for fabrication of the occlusal
surfaces of dental prostheses. Moreover, the restoration of missing teeth with correct morphology and
position requires special attention to the details of the dental (teeth and gum) and facial aesthetics.

Traditionally, dental prostheses are fabricated by dental technicians on stone teeth models that mounted
in the articulator. However, the setting of dental stone, waxing up the pattern of dental prostheses and
subsequent casting into metal prostheses using lost-wax techniques are all time consuming and the wax
patterns are prone to distortion. Moreover, the hand carving of occlusal morphology is technique-
sensitive and may be limited by technician’s experience.

Current state-of-the-art: Computer-assisted design CAD and virtual patient model VPM



Digital dentistry is the use of computer technology to assist and improve the practice of dentistry by
providing more patient information and/or reduce clinical and operation time. In the first phase of digital
dentistry, imaging equipment such as intraoral scanners (22, 23), photogrammetry (24) and cone beam
computed tomography have been used to digitize patients. By combining these imaging (25-27) and the
generation of virtual patient models (VPMs), patients’ jaw movement and teeth-facial relationship can
then be simulated virtually. VPMs provides more information to dentists and dental technicians for
precise design of dental prostheses that with better function and aesthetics replacement. Computer have
been used to assist the design (computer-assisted design CAD) and manufacturing (computer-assisted
manufacturing CAM) of dental prostheses.

Computer-assisted design software facilitate the design of dental prostheses by simulation of patient’s
jaw movements with increase accuracy (28, 29) and reduction of operative time (30). Virtual articulator,
a software program, allow more individualized customization for jaw movements than a mechanical
articulator to account for individual factors such as the inter-condylar distance and Bennett movement
etc. Virtual patient model (VPM) is one of the recent developments in the digital dentistry. This VPM
provide more sophisticated and accurate simulation of patient’s jaw movements with the incorporation
of patients’ 3D face for aesthetics (31-34). The virtual simulation provides more freedom for
customization to individual patients than the mechanical articulators.

Current computer-assisted design of dental prostheses and its limitation

Standard libraries have been used in the design of the occlusal morphology of the dental prostheses
by the current CAD software. Several tooth morphology styles such as the biogeneric tooth model are
currently available. However, these built-in styles do not consider the tooth morphology of remaining
teeth and usually do not fit to an individual patient. Therefore, considerable input from the dentists and
dental technicians are still required (35, 36). A good knowledge of CAD software is a perquisite (37,
38) and considerable clinical time are spent to capture patient’s data to program the virtual articulator
so as to simulate jaw movement as well as to optimize aesthetics. Lengthy chairside adjustments, which
may result in considerable alterations in the tooth morphology, and may compromise the strength and
aesthetic of dental prostheses due to altered material thickness (39, 40).

The duplication function of the CAD software enables dentists to transfer the occlusal morphology of
a tooth pre-operatively to its replacement dental prostheses (41-43). However, this function may have
limited application: 1) since there is difficulties in reproducing the tooth morphology in case when the
tooth loss is due to severe caries and/or fractures and in many cases, the tooth may be lost when patients
visiting restorative dentists. 2) This duplication function enables dentists to transfer the occlusal
morphology from the contralateral tooth. However, the long axis and 3D position of duplicated tooth
do not follow the natural tooth. The occlusal morphology of the duplicated tooth still requires extensive
modification by the dental technicians and by the virtual articulator to fit into patient’s mouth.

Future trend and the possible solution

The second phase of the digital dentistry is the automated dentistry which includes the use of artificial
intelligence (44) to provide automatic disease diagnosis and clinical decisions as well as the
development of dental robotics (45-47) for surgery and tooth preparation. Dentistry will move from
human-dominant, with and without computer-assisting, to computer- and robotic-dominant. This will
reduce the clinical time and therefore reduce the labor cost for the dental treatments. Moreover, the
reproducibility and quality of theses automated treatments will be improved by elimination of human
variations, fatigue and errors.

Artificial intelligence (Al) perform tasks normally requiring human intelligence and has already been
commonly used in dentistry for diagnose of diseases in the imaging such as 2D radiography and 3D



computed tomography (48, 49). We can train the Al system to learn how to make clinical decision by
deep learning. Different to the traditional computer programming, we do not need to instruct the
computer how to make clinical decisions. We only need to instruct the computer to learn the data by
defining layers of neural network, the computer will learn the features by its own and then able to make
decision. Our group has trained an Al system to detect the presence of gum inflammation
(gingivitis) in the 2D photography (50).

Our uniqueness and novelty
Al has been used to determine the occlusal morphology and 3D position of teeth that are generated by
dental technicians (51, 52). However, the morphology and 3D position of human-determined teeth are
prone to error. Our clinical experience suggests the crown produced by dental technicians require
considerable intraoral adjustment. The best articulator is the patients’ jaw and any current jaw
simulation is susceptible to error.

We propose to input the healthy natural teeth for computer to learn the occlusal morphology and 3D
position of missing teeth. Teeth of an individual patient are genetically controlled and exposed to almost
identical environmental factors in the mouth, therefore the occlusal morphology and 3D position of
teeth in a dental arch are inter-related. The cuspal angle of the occlusal surfaces, the tooth morphology
(taper, ovoid and square in shape as well as the size of teeth) and the arch size are controlled by gene
(53). During the dynamic excursive jaw movements, the contact of teeth between the upper and lower
jaw should be arrange to allow smooth and unhindered jaw movements. Any tooth contact that prevents
the smooth jaw movement is known as interference. Teeth in one side are arranged in canine guidance
(i.e. canine only) or group function (i.e. multiple teeth) during excursions and therefore share similar
features of occlusal morphology. Similarly, the tooth position is controlled by the force between the
tongue and the cheek (neutral zone), the size of teeth and jaw bone, as well as the any premature loss
of tooth and subsequent tooth movement. Healthy natural teeth are therefore the best representation of
occlusal morphology and 3D position of dental prostheses.

Hypothesis

It is hypothesized that artificial intelligence (Al) can automated designing the single-tooth
dental prostheses from the features of remaining dentition. The occlusal morphology and 3D
position of the Al-generated tooth is comparable to that of human-designed dental prostheses,
when

Aim and Objectives

The overarching aim of this project is to determine whether Artificial Intelligence (Al) is better
at predicting the occlusal morphology and 3D position of missing tooth/teeth based on the
features of remaining dentition than conventional non-Al approaches.

Objectives:

1. To compare four deep learning methods/algorithms in interpreting and learning the
features of 3D models

2. To compare the Al system with maxillary tooth model alone to maxillary and
mandibular (antagonist) models

3. a) To compare the occlusal morphology and 3D position of the single-tooth dental
prostheses designed by trained Al and by dental professionals
b) To compare the time required for designing dental prostheses for replacement of
single missing tooth by Al and by dental professionals

Research plan and methodology




Part I (Objective 1)

Our Al system will learn the relationship between individual teeth and rest of the dentition using
the 3D Generative Adversarial Network (GAN).

The 3D models can be freely rotated in the virtual environment and the first step of learning the features
of these 3D models is to align and orientate these teeth models to the occlusal plane. Segmentation of
the 3D teeth model into individual teeth is not necessary in the GAN. There is several common methods
to align and to interpret these 3D models for GAN (54) and the objective of this part of study is to
investigate the best deep-learning algorithm for 3D teeth model.

Group 1: Voxel-based method

This method first partition the 3D model into regular cubes and then input into the neural network.
Example of this algorithm includes VoxNet.

Group 2: View-based method (Multi-view)

This method uses multiple 2D image views of a 3D model for its alignment and orientation. Our group
has expertise in performing image-to-geometry of the dental models. Our results showing that the use
of anatomical landmarks at the occlusal surface e.g. cusp tips for aligning the 2D image to 3D model
enable accurate image-to-geometry registration (33, 34). We will aggregates 2D image views from a
loop around the 3D models and applies 2D deep learning framework to them. Example of this algorithm
include Group-view convolutional neural networks (GVCNN).

Group 3: Point-based method (Point-cloud)

This method uses point-cloud to represent the 3D models and PointNet++ is an example. A point cloud
is a set of data points in space. Each point has its set of X-, Y- and Z- coordinates. Point clouds are
generally produced by 3D scanners and measure many points on the external surfaces of objects around
them.

Group 4: Fusion method

This method learns on multiple types of data (multi-view, point-cloud and voxel) and fusion their
features. Example of this algorithm include FusionNet uses the volumetric grid and multi-view for
classification.
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We will collect 200 maxillary dentate teeth models as training models, and input them into our Al
system. We will collect these models in the University teaching Hospital (Prince Philip Dental Hospital)



and the University dental clinics (University Health Services). Dentist will clinically examine the
eligibility of the subject and the condition of individual teeth.

Selection criteria of subjects
Inclusion criteria:

e Subjects who have 12 or more occluding pair of natural teeth, from molar to molar
e Subjects who have stable intercuspal position (ICP) occlusion
e Subjects who have healthy periodontium

Exclusion criteria:

e Subjects who have received/are receiving orthodontic treatment
e Subjects who have periodontitis or history of periodontitis
Exclusion criteria of teeth:

e Teeth that have loss of nature morphology such as extensive decay, restoration or erosive tooth
wear (cupping)
e Teeth that have pathological tooth movements such as fremitus, drifting, and overeruption

These excluded teeth will be removed from the model. After the initial training, the occlusal
morphology and 3D position of the dental prostheses designed by Al system trained by these four
groups will be compared with reference to the original natural teeth.
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Part II (Objective 2)

After deciding the training algorithm in Part I, this part will investigate if the presence of antagonist
(mandibular) teeth models should provide additional information to the Al system in predicting the
occlusal morphology and 3D position of the dental prostheses. The antagonist teeth model will provide
limitation to the occlusal surface and 3D position to the dental prostheses. There will be two groups
Group i) maxillary model only and Group ii) maxillary and mandibular (antagonist) model.

The occlusal morphology and 3D position of the dental prostheses designed by Al system trained by
these two groups will be compared with reference to the original natural teeth.



Maxillary arch only With antagonist model
Part IIT (Objective 3)

After deciding the training algorithm in Part I and the training data in Part II, this part will investigate
if the Artificial Intelligence (Al) is better at predicting the occlusal morphology and 3D position of
missing tooth/teeth based on the features of remaining dentition than conventional non-Al approaches.
We will collect 800 more maxillary (+/- mandibular) dentate teeth models as training models, There
will be three groups Group a) our trained Al system; Group b) dental technicians on the physical
models; and Group c) dental technicians assisted with CAD software. We will investigate the time
required for tooth design in these groups as secondary outcome.

Al-generated Dental technician on stone Dental technician using
model CAD software

Measurements

The occlusal morphology and 3D position of dental prostheses (experimental groups) will be compared
to that of the healthy nature tooth (control).

Geometric morphometric of occlusal morphology

The dental prostheses will be superimposed to the original healthy teeth using best-fit algorithm. The
cusp tip and the center of the fossa/marginal ridge (occlusal morphology) of the dental prostheses
will be located and the difference in position to comparison to the control groups (distance in mm and
direction) will be measured.

The experimental and control group will be superimposed to the adjacent teeth using best-fit algorithm.
The difference in the occlusal surface between the dental prostheses and the natural teeth will be
measured in mm® (Positive volume: over-contoured; Negative volume: under-contoured) and
compared/analyzed as occlusal surface or as individual cusp.

Matching of tooth 16 to its arch
Al generated tooth 16 are used to match the trimmed tooth 16 to its corresponding arch.
3D position

The experimental and control group will be superimposed with reference to the adjacent teeth. The
center of dental prostheses will be located and the difference to the center of natural teeth will be
measured (distance in mm and direction) and compared.



Figure. Superimposition of teeth for comparison (Left). Measurement of the geometric morphology
and 3D position by locating the anatomical landmarks of a tooth such as cusp tips and fossae as well
as the center of a tooth (arrowed) respectively (Right)

Time

The time (in minutes) spend in designing the dental prostheses by Al system and by dental technicians,
with and without CAD software will be measured and analyzed.



Statistical and data analysis

One-way ANOVA (Part I and III) and t-test (Part II) will be used for comparison of experimental groups
in this study. The result of different measurements within one part of study will be plotted into Receiver
Operating Characteristic (ROC) curves.

Sample size calculation

The recommended sample size for deep-learning in the medical imaging 3D computed tomography
has been found to be 1000 (55). For the determination of the best deep learning algorithm (objective 1)
and if antagonist model is needed (objective 2), training with 200 models should be sufficient. From
the below graphs, the accuracy of Al system starts to reach plateau when the sample size reaches
200 and become saturated when reach 1000. For Part I and II of this study, measurement will be
made after input of 10, 20, 50, 100 and 200 teeth models. For Part III of this study, measurement will
be made after input of 300, 500, 750 and 1000 (pair) teeth models.
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Adopted from “How much data is needed to train a medical image deep learning system to achieve necessary
high accuracy?” (55).

Timeline

This is a 2-year clinical trial. The timeline and related manpower planning is attached.

Impact and significance

The strength of this study: 1) the use of healthy nature teeth for training of the Al system (instead of
teeth build up by dental technicians); 2) there will be sufficient number of healthy nature teeth that are
confirmed clinically for training; 3) this is one of the pioneering study in applying Al to deep-learn and
predict 3D teeth model in dentistry.

Research

The scientific value of this project: 1) determine the deep learning algorithm for 3D teeth models; 2)
determine the need of antagonist models for training; 3) prove the use of Al use in Prosthodontics.

This study will generate more research in the deep learning of the features of 3D models such as Al
prediction of mandibular tooth, multiple missing teeth as well as clinical trials.

Education

This study will revolutionize the curriculum for training of dentists, dental technicians and associated
professionals from human-driven to Al-driven and computer-driven approach.
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