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KEYWORDS Abstract Background/purpose: Artificial intelligence (Al) can assist in medical diagnosis
Artificial intelligence; owing to its high accuracy and efficiency. This study aimed to develop a diagnostic system
Deep learning; for automatically determining the degree of tooth wear (TW) using intraoral photographs with
Diagnosis; deep learning.

Tooth wear Materials and methods: The study included 388 intraoral photographs. A tooth segmentation

model was first established using the Mask R-CNN architecture, which incorporated U-Net
and SGE attention mechanisms. Subsequently, 2774 individual tooth images output from the
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segmentation model were included into the classification task, labeled and randomized into
training, validation, and test sets with 6.0:2.0:2.0 ratio. A vision transformer model optimized
using a mask mechanism was constructed for TW degree classification. The models were eval-
uated using the accuracy, precision, recall, and F1-score metrics. The time required for Al

analysis was calculated.

Results: The accuracy of the tooth segmentation model was 0.95. The average accuracy, pre-
cision, recall, and F1-score in the classification task were 0.93, 0.91, 0.88, and 0.89, respec-
tively. The F1-score differed in different grades (0.97 for grade 0, 0.90 for grade 1, 0.88 for
grade 2, and 0.82 for grade 3). No significant difference was observed in the accuracy between
different surfaces. The Al system reduced the time required to grade an individual tooth sur-
face to 0.07 s, compared to the 2.67 s required by clinicians.

Conclusion: The developed system provides superior accuracy and efficiency in determining
TW degree using intraoral photographs. It might assist clinicians in the decision-making for
TW treatment and help patients perform self-assessments and disease follow-ups.

© 2025 Association for Dental Sciences of the Republic of China. Publishing services by Elsevier
B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.
org/licenses/by-nc-nd/4.0/).

Introduction

As a common clinical non-caries dental hard tissue disease,
tooth wear (TW) refers to the progressive loss of hard tis-
sues of the teeth owing to mechanical friction or chemical
acid erosion.” Severe TW can cause damage to the teeth,
musculature of the oral and maxillofacial system, and
temporomandibular joint, manifested as various complica-
tions such as dentin sensitivity, pulpitis, tooth fracture,
occlusal disorders, masticatory dysfunction, and temporo-
mandibular joint disorders.? The treatment of severely
worn dentition involves multiple disciplines and requires
the comprehensive application of sophisticated theories
(e.g., occlusion and aesthetics) and restoration techniques,
making it one of the biggest challenges in restorative
dentistry. With increased population aging and changes in
dietary habits, TW has been increasing, showing a trend
toward affecting younger individuals.® Schlueter et al.
suggested that the prevalence of erosive wear in deciduous
and permanent teeth was 30%—50% and 20%—45%, respec-
tively.” Therefore, research on TW has become increasingly
significant in today’s era, when increasing awareness and
importance are attached to oral diseases.

The accurate diagnosis of TW severity is crucial for the
development of treatment plans. Currently, the clinical
assessment of TW severity is mainly conducted using
semiquantitative index grading methods. Commonly used
TW indices include the Tooth Wear Index (TWI),” Basic
Erosive Wear Examination (BEWE),® and Tooth Wear Evalu-
ation System (TWES).”"® These indices describe the extent
and manifestation of hard tissue loss in teeth, including the
loss of enamel morphological features, level of dentin
exposure, loss of clinical crown height, and whether the
pulp is exposed. Among them, TWI and its modified versions
are the most widely used and representative index grading
methods for measuring and monitoring multifactorial TW.
The index is simple to use clinically with clear evaluation
criteria and high reliability; additionally, it is suitable for
both epidemiological surveys and the evaluation of indi-
vidual patients’ TW.’ However, without computer
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assistance, using the index fully as a research tool is not
feasible owing to the time required and the amount of data
generated when applied to the entire dentition.

Traditionally, clinicians make a comprehensive judg-
ment of TW severity through direct visual inspection based
on intraoral inspection or observation from models/photo-
graphs.’® This has the advantages of convenience and
speed, making it particularly suitable for observing masses
of patients in the clinic. However, it has the following de-
fects: (1) The accuracy of the diagnosis relies on the cli-
nician’s experience, resulting in large subjective bias, and
there are considerable differences in diagnostic efficiency
and repeatability among different clinicians.!" (2) For cases
in the early stages of the disease where wear is difficult to
distinguish with the naked eye, the likelihood of misdiag-
nosis and missed diagnosis is high. (3) Owing to operational
and visual field limitations of the direct intraoral visual
inspection, it is difficult to finely evaluate the wear details
of tooth surface; additionally, it is difficult to comprehen-
sively evaluate every tooth surface. (4) It is very time-
consuming to comprehensively evaluate the entire denti-
tion by counting each tooth surface of all the teeth.

With the advent of the big data era, artificial intelli-
gence (Al), specifically deep learning (DL) technology, has
achieved rapid development in the field of medical diag-
nosis.'> Applying DL technology to medical diagnosis ben-
efits from its advantages in image recognition. By
constructing artificial neural networks, automatic analysis
of large quantities of labeled medical image data is per-
formed, and the constructed model is used to predict the
target data and thus assist in disease diagnosis.'* Currently,
DL technology has made significant progress in assisting the
diagnosis of various clinical diseases, such as cardiovascular
diseases, tumors, retinal lesions, and Alzheimer’s dis-
ease.'® Compared with human intelligence, Al systems are
good at extracting features from images that are imper-
ceptible or unquantifiable to the human eye, thereby
accurately and efficiently providing objective diagnostic
opinions for clinicians. Moreover, Al systems can conduct a
large amount of repetitive work with low replication costs,
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thus serving as repeatable medical resources. Therefore, Al
has significant prospects for clinical applications in the
medical field.

With the vigorous development of Al technology in the
field of clinical medicine, DL is gradually being used in
various areas of dentistry; however, it is still in its in-
fancy.” Its current applications in the diagnosis of oral
diseases are as follows: in the field of operative dentistry
and endodontics, Al can help to diagnose caries,'® peri-
apical lesions,"” root fracture,'® and identify C-type root
canals' based on the data from apical radiographs, pano-
ramic images, cone beam computed tomography (CBCT),
near-infrared transillumination images, and digital photo-
graphs. In the field of periodontics, Al can identify dental
plaque based on intraoral photos,?’ determine the degree
of alveolar bone loss based on radiological examinations,?’
and diagnose periodontal diseases based on clinical infor-
mation, X-rays, immune responses, and microbial compo-
sition.?? In the field of oral and maxillofacial surgery, Al can
help to detect cysts and tumors based on two-dimensional
or three-dimensional radiology findings and cytopatho-
logical images.?>?* In the field of orthodontics, Al can
conduct automated cephalometric analysis on lateral
cephalometric radiographs®® and CBCT images,”® evaluate
cervical vertebral maturation,?” and perform craniofacial
skeletal classification?® based on lateral cephalometry, thus
assisting in the decision-making of treatment plans. How-
ever, the use of DL techniques to assist in the diagnosis of
TW has not been reported.

This study aimed to construct a DL-based TW diagnostic
model based on intraoral photographs that could intelli-
gently grade the severity of TW. To achieve this goal, we

collected intraoral photographs of patients, annotated the
TW gradings, constructed a diagnostic model based on
convolutional neural network (CNN) and vision transformer
(ViT) algorithms, and evaluated its efficacy. The diagnostic
model consists of two subtasks: tooth segmentation and TW
severity classification. This system could help clinicians
accurately and efficiently determine the extent of TW,
design treatment plans, and assist patients with self-
assessment and disease follow-ups.

Materials and methods

This study was approved by the Biomedical Ethics Com-
mittee of the Peking University School of Stomatology
(Approval number: PKUSSIRB-202279122). All photographs
were acquired and used with patient consent.

Data acquisition

Using plastic retractors and reflectors, intraoral photo-
graphs of the upper and lower permanent dental arches
were taken by dental professionals using digital cameras
(Nikon D810 or D610, Nikon Inc., Tokyo, Japan) with a
sensitivity of 1ISO 100, an aperture value of F20-32, and a
shutter speed of 1/200-1/100. Nine photographs were ob-
tained for each patient (Fig. 1). The inclusion criteria for
the photographs were as follows: (1) appropriate exposure
without blurring, (2) photos taken at proper angles, and (3)
absence of foreign objects obscuring or contaminating the
tooth surface. Finally, 388 intraoral photographs from 61
patients who visited the Peking University School of

Figure 1

Clinical collection of nine recommended intraoral photographs. (A), (B), and (C) are the three frontal views with the

teeth in maximum intercuspation, protrusive movements, and mouth opening; the anterior teeth of which were included in the
classification model. (D), (E), (F), and (G) are the four lateral views with the teeth in maximum intercuspation and laterotrusive
movements; the posterior teeth of which were included in the classification model. (H) and (I) are the maxillary and mandibular

occlusal views.
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Stomatology from January 2020 to February 2024 were
included. The patients’ ages ranged from 21 to 69 years.
Regarding the TW degree classification, only segmented
images of tooth surfaces without any carious, direct or in-
direct restorations were included to avoid potential eval-
uation bias.

Data annotation

In the tooth segmentation task, LabelMe software was used
for data annotation. LabelMe is an image annotation soft-
ware implemented in Python that uses Qt as its graphical
interface, supporting the labeling and annotation of images
and videos. In the TW degree classification task, each tooth
surface was annotated with one of the four labels (modi-
fied-TWI®): (1) TWI 0, no wear into dentin; (2) TWI 1, dentin
exposure less than 1/3 of the surface; (3) TWI 2, dentin
exposure greater than 1/3 of the surface; (4) TWI 3, pulp or
secondary dentin exposure. The labeled images were
divided into training, validation, and test datasets at a ratio
of 6.0:2.0:2.0 using the random number table method (all
datasets contained the same proportion of images with
different degrees of TW).

To ensure accuracy, each case was annotated by two
attending prosthodontic clinicians, followed by a consis-
tency check. After annotation labeling was completed, a
random spot check was conducted by a chief clinician with
25 years of clinical experience to ensure the accuracy of
the annotations for quality control.

Model and training

The TW severity grading system (TWGS) comprises two
components: tooth segmentation and TW degree
classification.

The tooth segmentation model was based on the mask
region-based convolutional neural network (Mask R-CNN),?’
with the ResNet-50 in the backbone structure and the fully
convolutional network (FCN) layers being improved and
replaced (Fig. 2). An attention mechanism (spatial group-

{ResNet-50+SGE |

Yy B

Feature

wise enhance, SGE) was introduced into ResNet, and the
FCN structure was replaced with U-Net to improve the ac-
curacy of the model in identifying fine structures and
edges. The U-Net structure contains three downsampling
layers and three upsampling layers, with a learning rate of
107>, The SGE self-attention mechanism was incorporated
into the skip connection of the U-Net network to reinforce
the effective features and improve the accuracy of the
mask output. The number of splits in the SGE module was
set to eight. The loss function of this model consists mainly
of classification, regression box, and mask losses.

L = Las + Lbox + Linask

In the TW degree classification task, the TW severity of
the individual surface of the target tooth was determined
by classifying the output images from the tooth segmen-
tation task. Considering the significant differences in fea-
tures between different tooth surfaces, the classification
task categorized the input single-tooth data into occlusal/
incisal surface and non-occlusal/non-incisal surface groups.
The TW degree of the individual tooth surface was then
classified using the ViT*° model that incorporates a mask
mechanism (Fig. 3).

The two models constitute the intelligent TWGS, and its
specific workflow is as follows. First, the images are input
into the segmentation model, and the model outputs the
segmented individual tooth images and the corresponding
bounding box information. Thereafter, the individual tooth
images are input into the classification model to obtain the
TW degree classification results for individual tooth sur-
faces. Finally, by combining these classification results with
the bounding box information, the prediction results for
each tooth surface are aggregated back into the original
input image to obtain the TW grading results for each tooth
surface.

Model evaluation

The accuracy and efficiency of the TWGS were evaluated.
In the tooth segmentation task, mean pixel accuracy (mAP)
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Overall architecture of the tooth segmentation model, which is based on the Mask R-CNN network and improved by the

combination of an attention mechanism and the U-Net algorithm. Abbreviations: SGE, Spatial group-wise enhance; RPN, Region
proposal network; FC layers, Fully connected layers; Mask R-CNN, Mask region-based convolutional neural network.
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Figure 3

Overall architecture of the tooth wear degree classification model, which is based on the vision transformer model and

improved with a mask mechanism. Abbreviation: MLP, Multilayer perceptron.

was selected to evaluate the accuracy of the model. In the
TW degree classification task, precision, recall, F1-score,
accuracy, macro-average, and weighted-average were used
as the evaluation indicators for the accuracy of the con-
structed model. These indicators were calculated as fol-
lows precision i, recall ey, F1-score
W (also known as the dice), and accuracy
TprTnLFporN- Here, TP, TN, FP, and FN represent the number
of true positives, true negatives, false positives, and false
negatives, respectively. The accuracy and Cohen’s Kappa
coefficient of the binary Al model (defined by the presence
or absence of dentin exposure) were calculated. The time
required for the Al system to complete the segmentation
and classification tasks was recorded and compared with
the performance of clinicians. Statistical analysis was
conducted using IBM SPSS Statistics version 26.0 (IBM Corp.,
Armonk, NY, USA).

Results

The tooth segmentation task involved 388 intraoral photo-
graphs satisfying the inclusion criteria. The segmentation
output results of the different algorithms for the same
image in the test set are illustrated in Fig. 4, and a com-
parison of the accuracies of the different algorithms is
presented in Table 1. After replacing the FCN structure of
the Mask R-CNN architecture with U-Net (improved by the
incorporation of the SGE self-attention mechanism), the
model performed better in the recognition of tooth edges
and became more sensitive to the recognition of mask
areas, achieving a better recognition of noise in the images
because of lighting. After incorporating the attention
mechanism module (SGE) into the ResNet of the backbone
structure, the model achieved better recognition of fine
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tooth structures, leading to higher accuracy. The intro-
duction of these two structures enhanced the segmentation
accuracy (mPA) of the model to 0.95.

The classification task was performed based on the
output from the tooth segmentation task, and the
segmented individual tooth images were used as the
training dataset. A total of 2774 individual tooth images
were annotated and categorized into the occlusal/incisal
(778, 28.05%) and non-occlusal/non-incisal (1996, 71.95%)
groups before training. The distribution of TWI grades of
the annotated images in the occlusal/incisal group was as
follows: 108 annotated images with TWI grade 0 (13.88%),
216 images with TWI grade 1 (27.76%), 349 images with TWI
grade 2 (44.86%), and 105 images with TWI grade 3
(13.50%). In the non-occlusal/non-incisal group, there were
1312 annotated teeth with TWI grade 0 (65.73%), 454 teeth
with TWI grade 1 (22.75%), 197 teeth with TWI grade 2
(9.87%), and 33 teeth with TWI grade 3 (1.65%).

The classification output results are presented in Fig. 5.
The performance indicators of the classification model on
the test set (553 cases, 19.94% of all labeled data) for each
TW grade on the different tooth surfaces are listed in Table
2. The trained diagnostic system achieved an accuracy of
0.93, a macro-averaged F1-score of 0.89, a recall of 0.88,
and a precision of 0.91. The F1-score decreased from TWI
grade 0 to 3, with values of 0.97 for grade 0, 0.90 for grade
1, 0.88 for grade 2, and 0.82 for grade 3. The accuracy of
the model in classifying the occlusal/incisal and non-
occlusal/non-incisal surfaces was 0.92 and 0.93, respec-
tively, and there was no significant difference between the
two groups.

The confusion matrix of the classification model on the
test set is shown in Fig. 6. Experts diagnosed 281 test im-
ages (50.81%) as TWI grade 0, 127 images (22.97%) as TWI
grade 1, 115 images (20.80%) as TWI grade 2, and 30 images
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Figure 4

Example of input clinical image and the corresponding test results by different segmentation algorithms. (A) The

clinical image input for the tooth segmentation task. (B) The expected output results of the tooth segmentation model. (C) The
tooth segmentation results of the Mask R-CNN model. (D) The tooth segmentation results after replacing the FCN structure with the
U-Net module. (E) The tooth segmentation results after incorporating the self-attention mechanism into the ResNet of the
backbone structure. (F) The tooth segmentation results after incorporating U-Net and self-attention mechanism into the Mask R-
CNN. (G) The tooth segmentation results after incorporating SGE U-Net and self-attention mechanism into the Mask R-CNN. Ab-
breviations: Mask R-CNN, Mask region-based convolutional neural network; FCN, Fully convolutional network; SGE, Spatial group-

wise enhance.

(5.42%) as TWI grade 3. The Al-assisted diagnosis results
showed 289 cases (52.26%) of TWI grade 0, 127 cases
(22.97%) of TWI grade 1, 111 cases (20.07%) of TWI grade 2,
and 26 cases (4.70%) of TWI grade 3. Among the 281 cases
diagnosed by experts as TWI grade 0, 5 cases (1.78%) were
diagnosed by the Al system as grade 1; among the 127 cases
diagnosed by experts as TWI grade 1, 9 (7.09%) and 4
(3.15%) cases were diagnosed by the Al system as grades
0 and 2, respectively; among the 115 cases diagnosed by
experts as TWI grade 2, 4 (3.48%), 8 (6.96%), and 3 (2.61%)
cases were diagnosed by the Al system as grades 0, 1, and 3,
respectively; among the 30 cases diagnosed by experts as
TWI grade 3, 7 cases (23.33%) were diagnosed by the Al
system as grade 2.

The accuracy of the binary Al model in the preliminary
TW screening was 0.97. The Cohen’s Kappa test result
indicated that the Al model had a high level of consistency
with experts in determining the existence of TW (k = 0.93,
P < 0.01).

Table 1 Comparison of accuracy of different tooth seg-
mentation algorithms.

Model mPA
Mask R-CNN 0.78
Mask R-CNN + U-Net 0.80
Mask R-CNN + self-attention 0.83
Mask R-CNN + self-attention + U-Net 0.93
Mask R-CNN + self-attention + SGE U-Net 0.95

Abbreviations: mPA, Mean pixel accuracy; Mask R-CNN, Mask
region-based convolutional neural network; SGE, Spatial group-
wise enhance.
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A comparison of diagnosis time between the Al model
and human diagnosis is presented in Table 3. For manual
reading, junior, midlevel, and senior clinicians take 3.32 s,
2.60s, and 2.08 s, respectively, to determine the degree of
TW on each surface, whereas the Al model takes only 0.07 s
(0.02 s on average for tooth segmentation and 0.05 s on
average for TW degree classification).

Discussion

TW is highly prevalent and exhibits a trend toward younger
ages.” Severe TW can seriously affect both the aesthetics
and functionality of a patient’s teeth. The decision-making
process for treating TW is affected by various factors and
depends mainly on the severity and effects of the wear and

Figure 5 Results of deep learning-based tooth wear degree
classification on intraoral photographs.
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Table 2 Performance of the TW degree classification model.
Total data Occlusal/Incisal surface Non-occlusal/Non-incisal surface
Precision Recall F1-score Precision Recall F1-score Precision Recall F1-score
TWI 0 0.96 0.98 0.97 1.00 0.94 0.97 0.95 0.98 0.97
TWI 1 0.90 0.90 0.90 0.95 0.95 0.95 0.87 0.87 0.87
TWI 2 0.90 0.87 0.88 0.91 0.95 0.93 0.88 0.73 0.79
TWI 3 0.88 0.77 0.82 0.86 0.78 0.82 1.00 0.71 0.83
Accuracy 0.93 0.93 0.93 0.92 0.92 0.92 0.93 0.93 0.93
Macro-averaged 0.91 0.88 0.89 0.93 0.91 0.92 0.93 0.82 0.87
Weighted-averaged 0.93 0.93 0.93 0.92 0.92 0.92 0.93 0.93 0.93

Abbreviations: TW, Tooth wear; TWI, Tooth wear index.
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Figure 6 Confusion matrix of the classification model.

Abbreviation: ViT, Vision transformer.

the wishes of the patient.” The severity of TW is a crucial
clinical indicator. Traditionally, the assessment of TW
severity was mainly conducted manually. However, the
examiners’ subjectivity and experience often lead to
inconsistency, affecting the accuracy and repeatability of
the evaluation. Moreover, conducting a detailed index
evaluation of every tooth surface of the dentition is time-
consuming. This study developed a DL-based system for
determining the degree of TW from intraoral photographs,
providing accurate and efficient diagnostic opinions for
clinicians; the system is also applicable to the routine
monitoring of TW.

The intelligent TWGS developed in this study consists of
two sections: tooth segmentation and TW degree classifi-
cation. Large quantities of studies have applied DL models
to tooth segmentation, and typical models include U-Net,
Mask R-CNN, and Segmentation Transformer.>' U-Net is a
typical encoder and decoder structure proposed in 2015.%?
The network can successfully realize the multilevel
feature representation and fusion of medical images, and
can incomplete high-accuracy segmentation tasks on small
samples. Although U-Net performs well in semantic seg-
mentation, it cannot perform instance segmentation. Mask
R-CNN was proposed in 2017; it is an object detection al-
gorithm based on Faster R-CNN.%’ It can separate objects in
images at the pixel level based on object localization,
achieving high precision and efficiency in object detection
and instance segmentation. Considering the difficulty in
recognizing occluded tooth structures, the variables in
image quality, and the relatively small number of cases, the
tooth segmentation task of this study combined Mask R-CNN
with U-Net and introduced the SGE attention mechanism to
identify fine structures and the rough boundaries between
teeth and the background, as well as prevent overfitting
caused by the small datasets. The results indicated that the
accuracy of the segmentation model was 0.95. Segmenta-
tion errors mainly occur in regions with fine tooth struc-
tures in the dark part of the image and segmentation edges.
However, these errors have less impact on the results of the
subsequent classification task.

In the classification task, the TW severity was discrimi-
nated by classifying the TW degree of the individual tooth
surfaces output by the segmentation task. A ViT model
incorporating a mask mechanism was constructed for clas-
sification. The emergence of the ViT algorithm in 2020*°
was a breakthrough in image processing. It slices images

Table 3 Comparison of diagnostic time (mean [SD]) for each tooth surface between clinicians and the Al model (n = 100).

TWI 0 TWI 1 TWI 2 TWI 3 Average
Junior clinician (min) 2.79 (0.67) 3.96 (1.41) 3.41 (1.07) 3.11 (1.07) 3.32 (0.99)
Midlevel clinician (min) 2.36 (0.45) 2.67 (0.61) 2.60 (0.68) 2.78 (0.85) 2.60 (0.61)
Senior clinician (min) 2.04 (0.49) 2.28 (0.48) 2.11 (0.41) 1.88 (0.35) 2.08 (0.42)
Average 2.39 (0.65) 2.97 (1.21) 2.71 (0.97) 2.59 (0.99) 2.67 (0.91)
Al model (s) 0.07 = 0.02 (segmentatin model) + 0.05 (classification model)

Abbreviations: SD, Standard deviation; Al, Artificial intelligence; TWI, Tooth wear index.
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into patches and adopts the multi-head attention mecha-
nism to extract global features and find relationships among
different image regions, showing a performance improve-
ment over many previous DL models based on CNN. 33 In this
study, considering the diversity of input image categories
and the limitation of the sample size, the model introduced
a mask mechanism into ViT. During the model training, the
pixels of the input images were replaced at a certain
probability with a mask generated based on the average of
the surrounding pixels, thereby alleviating the overfitting
problem. In addition, the dataset was expanded through
data augmentation to improve the generalizability of the
model and avoid overfitting. The results suggested that the
accuracy of this classification model was 0.93, and no sig-
nificant difference was detected between functional and
nonfunctional surfaces.

The accuracy of the TWGS varied when discriminating
between different degrees of TW. When TW is relatively
mild, it is difficult to determine with the naked eye
whether the dentin surface is covered with a thin layer of
enamel, making accurate judgment challenging. Conse-
quently, there were 14 cases of misjudgment between TWI
grades 0 and 1 in the test set, accounting for 35% of all
misjudgments. Moreover, the results demonstrated that the
higher the TW degree, the lower the accuracy of the sys-
tem’s recognition, specifically for TWI 3, with an F1-score
of only 0.82, indicating that the TWGS has a low recogni-
tion ability for secondary dentin and pulp exposure. This
could be owing to the following reasons: first, the relatively
complex morphology of secondary dentin makes it more
difficult for the network to learn the features. Second, the
study included only 138 annotated images for TWI 3, which
is slightly insufficient. Future improvements to the TWGS
will focus on collecting and analyzing photographs of teeth
with severe wear to enhance the efficiency of data
collection and effectiveness of the training process,
thereby improving the accuracy of the system’s judgments
on severe TW. Additionally, the F1-score of the TWGS for
the recognition of TWI grades 1 and 2 was 0.90 and 0.88,
respectively. There were 12 cases of misclassification be-
tween TWI grades 1 and 2, accounting for 30% of all mis-
classifications. This could be owing to the following
reasons: the input images of the classification model were
annotated as semi-quantitative TWI grading, the grades 1
and 2 of which were differentiated based on a threshold of
one-third of the tooth surface in terms of dentin exposure
proportion. Evaluation is relatively subjective and it is
difficult to determine situations that approach a critical
point. Our future work will further optimize the research
method by segmenting the dentin-exposed area using DL
algorithms and then calculating its proportion on the cor-
responding surface by computer, thereby improving the
precision and objectivity of judgments.

Another advantage of TWGS lies in the time required for
diagnosis. The manual image reading for assessing TW de-
gree takes an average of 2.67 s per tooth surface, whereas
the TWGS only requires an average running time of 0.07 s
(0.02 s for segmentation and 0.05 s for classification). To
evaluate the time consumption of TW diagnosis accurately,
this study recorded the time required for junior, midlevel,
and senior clinicians to manually determine different
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degrees of TW and compared with that of TWGS. The re-
sults indicated that the manual diagnostic time was related
to the clinician’s experience, with a minimum time con-
sumption of 2.08 s for senior clinicians, which is still far
higher than that of TWGS. In addition, different TW levels
required different manual reading times, with a range of
2.39 s (TWI 0) to 2.97 s (TWI 1), whereas the Al diagnosis
can be completed within 0.1 s irrespective of TW degree.
Therefore, the TWGS not only ensures high accuracy but
also significantly improves image-reading efficiency.

For the evaluation of TW in individual patients, because
the TWGS diagnoses the degree of wear based on individual
tooth surfaces, it can determine the amount of TW
(grading) for each tooth. Additionally, it can determine the
tooth surfaces that are affected and the number of teeth
involved (localized or extensive) from the perspective of
the entire dentition by combining intraoral photographs
from different angles. With the TWGS, precise assessment
and longitudinal monitoring of TW can be achieved by
comparing diagnostic data at different time points, thereby
assisting doctors in making decisions on treatment plans
and timing. However, the nine photographs included did not
cover the lingual/palatal side of the posterior and lower
anterior teeth, which is not conducive for making a
comprehensive judgment of an individual patient’s denti-
tion. Additionally, the photographs acquired by different
devices and photographers differ in color, resolution, and
angle, which can affect the judgment accuracy of the
TWGS. Recently, the rapid development of digital tech-
nology has provided new research approaches for TW
diagnosis. Three-dimensional tooth images obtained
through digital scanning technology can clearly and
completely record the TW characteristics of the entire
dentition, thereby helping doctors observe the TW and
determine the severity more accurately and comprehen-
sively.>* In the future, three-dimensional images obtained
from intraoral scans could be used as an alternative to
intraoral photograph data for the TWGS. Based on the
three-dimensional data obtained using built-in light sources
and variable camera angles of intraoral scanners, the image
quality can be standardized and the angles can be flexibly
adjusted to recognize every tooth surface, enabling a
comprehensive judgment of the TW degree of all tooth
surfaces in the entire dentition.

From a preventive medicine perspective, early detec-
tion and intervention are crucial for TW treatment. The
binary model can be applied for the preliminary evaluation
of TW (defined as the presence or absence of dentin
exposure). The accuracy of the binary model was 0.97, and
an excellent agreement was achieved between TWGS and
experts with a Cohen’s Kappa score of 0.93. Therefore, the
model might also be used as an effective initial screening
method for TW as well as for daily self-monitoring of oral
health. Currently, with the development of 5G technology,
mobile application softwares based on smartphones and Al
technology (such as iHome and OralCam) provide the pos-
sibility of maintaining users’ oral health. By uploading tooth
images with the help of specific intelligent dental devices
or via smartphones, the system can conduct a preliminary
screening of oral diseases, such as caries, periodontal dis-
ease, and tooth cracks.>> However, the current software



Journal of Dental Sciences 20 (2025) 477—486

does not yet have the functionality to recognize TW. The
TWGS developed in this study can be further integrated
with personal mobile devices to become an affordable and
daily use TW recognition system for the public, providing a
convenient, low-cost means of early warning, monitoring,
and personalized prevention guidance for TW.

The limitations and future research directions of this
study are as follows: (1) The output results of the current Al
system were obtained based on learning from the intraoral
photographs. However, the sample size of the training and
validation sets for Al learning is relatively small with an
underbalanced sample size between groups. These de-
ficiencies will be rectified and optimized in the future
research with the increase of sample size, especially for the
teeth with severe wear. (2) In the training process of the
classification network, teeth with caries, fillings, and res-
torations that affect the judgment of TW degree were
excluded from the dataset. As a result, the model cannot
adequately separate the aforementioned conditions from
wear in actual applications. The TWGS could be optimized
further by automatically identifying worn teeth for inclu-
sion before TW degree determination. (3) This study only
used the modified-TWI as the evaluation standard for TW
degree. As the most widely used index grading method, it
can grade and quantify the severity of different types of
TW; however, this index still has defects such as low scoring
of the degree of lesion’ and failure to integrate TW grading
with clinical treatment. In future work, we will include
more comprehensive TW evaluation systems (such as BEWE
and TWES) to better assist clinicians in making treatment
decisions. The corresponding guidelines will also be estab-
lished and confirmed further. (4) Currently, there are
various algorithms for Al to perform image recognition, and
the identification results differ under different algorithm
frameworks. Future research also needs to continuously
refine and optimize the algorithm of the TWGS to improve
the accuracy of the system further.

In conclusion, our study demonstrated that the intelli-
gent TWGS based on the CNN and ViT algorithms, using
intraoral photographs, can perform TW degree grading
accurately and efficiently. The system has the potential to
help clinicians identify the severity of TW, thereby
providing a basis for designing treatment plans and formu-
lating preventive strategies against TW. Meanwhile, it
might benefit patients in self-assessment and disease
follow-ups. This study lays a solid foundation for the future
development of more precise and convenient intelligent
diagnostic systems for TW.
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