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Objectives:

This study aimed to develop models that can automatically detect anterior disc

displacement (ADD) of the temporomandibular joint (TMJ) on MRIs before orthodontic
treatment to reduce the risk of developing serious complications after treatment.

Methods:

We used 9009 sagittal MRI of the TMJ as input and constructed three sets of deep

learning models to detect ADD automatically. Deep learning models were developed using a
convolutional neural network (CNN) based on the ResNet architecture and the “Imagenet”
database. Five-fold cross-validation, oversampling, and data augmentation techniques were
applied to reduce the risk of overfitting the model. The accuracy and area under the curve

(AUC) of the three models were compared.
Results:

The performance of the maximum open mouth position model was excellent with

accuracy and AUC of 0.970 (£0.007) and 0.990 (£0.005), respectively. For closed mouth posi-
tion models, the accuracy and AUC of diagnostic Criteria 1 were 0.863 (+0.008) and 0.922
(£0.009), respectively significantly higher than that of diagnostic Criteria 2 with 0.839 (£0.013)
(» =0.009) and AUC of 0.885 (£0.018) (p = 0.003). The classification activation heat map also
improved our understanding of the models and visually displayed the areas that play a key role

in the model recognition process.
Conclusion:

Our CNN model resulted in high accuracy and AUC in detecting ADD and can

therefore potentially be used by clinicians to assess ADD before orthodontic treatment, and

hence improve treatment outcomes.
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Introduction

Temporomandibular joint disorder (TMD) is consid-
ered as a collective term for different symptoms,
including pain in the temporomandibular joint (TMJ),
impaired mouth opening, headache, clicking, teeth
clenching, grinding, crepitus in the TMJ, and tender-
ness of masticatory muscles.!? Its prevalence rate in the
population reached 5-12%, which is the main cause of
non-odontogenic oral and facial pain.*® The common
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causes of the disease are occlusal dysfunction, trauma,
mental tension and anxiety, sleep disorders, malnutri-
tion, dysplasia, systemic and local diseases.® However,
malocclusion is one of the most common risk factors.’
For TMD patients, occlusal splint and other conserva-
tive treatment combined with orthodontics can be used
to improve the symptoms.® However, for patients with
TMD, inappropriate intermaxillary traction will lead
to further displacement of articular disc, which will
increase the burden of condyle and lead to condylar
absorption and other adverse consequences.” Therefore,
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it is very important to make a clear diagnosis of the
joint condition of TMD patients before orthodontic
treatment.

MRI is a non-invasive imaging technique widely used
to assess TMJ.1® ADD is easily diagnosed by comparing
the relative position between the TMJ disc and the
condylar head (CH) using an oblique sagittal MRIs
acquired with the patient in the closed mouth posi-
tion and the maximum open mouth position. Patients
diagnosed with anterior disc displacement without
reduction (ADDWOoR) are more likely to suffer from
absorption of the condyle after orthodontic treatment.
These patients would require additional treatment such
as occlusal splints, physiotherapy, intra-articular injec-
tion prior to standard orthodontic treatment in order to
obtain the best cosmetic result.!"'> However, clinicians
experienced in evaluating ADD are not widely available,
making it difficult to access this service before ortho-
dontic treatment.

Deep learning using convolution neural networks
(CNNps) is the most advanced artificial intelligence tech-
nology, and it is increasingly being used to detect patho-
logical features on medical images automatically. This
technique involves training the CNN algorithm using
large amounts of annotated imaging data to develop
prediction models that can, later on, be used to detect
specific pathological images automatically.!* Deep
learning has many applications in dentistry. Yu et al* in
2020 made use of a CNN framework to classify facial
bones automatically. Lee et al'® constructed models for
the automatic detection of osteoarthrosis in the TMJ
in CT in 2020, achieving an accuracy of 86%. However,
to our knowledge, there is currently no model available
that can be used to detect ADD automatically. There-
fore, this study aims to develop a model to assist clini-
cians in evaluating ADD before orthodontics treatment.

Methods and materials

Data description and preprocessing

All patients diagnosed with ADD on either or both
joints, aged over 16 years, with no history of blood or
nervous system disease, oral inflammation or connec-
tive tissue disease, TMJ trauma, oral cancer, or cranio-
maxillofacial surgery and who had a bilateral MRI scan
acquired between July 2019 and January 2021 at the
Affiliated Stomatological Hospital of China Medical
University were included in the study. MRIs with motion
and/or other imaging artifacts were excluded from the
study. For patients who had multiple MRIs acquired for
this condition, only the first scan was included.

Image acquisition

All MRIs were acquired on a 1.5 Tesla scanner with a
TMI surface coil. The images were acquired with the
patients in the supine position. The mid-sagittal plane
of the face was positioned perpendicular to the couch,
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and the orbital ear plane was positioned parallel to the
couch. Images were first acquired with the mouth closed
and then at the maximum mouth open position. Two
imaging sequences were acquired for each mouth posi-
tion, including the fast spin-echo sequence 7', weighted
imaging (7,WI, repetition time = 550.0, echo time =
12.0) and T, weighted imaging (7,WI, repetition time
= 2120.0, echo time = 23.0), with a layer thickness of
2mm and a layer spacing of 0.2mm and a resolution
of 320*320 pixels. A minimum of five slices for each
joint were obtained in the sagittal and axially corrected
coronal views.

Since the sagittal view provided a better view of the
disc, the coronal views were excluded. We manually
selected the images in which condyle was visible and
located within 1/3 of the center of the image. A total
of 14-20 images were obtained from each patient. The
outer edge of the image contained a lot of useless infor-
mation such as shooting parameters. In order to prevent
it from impacting the model recognition, we reduced the
size of the image to improve the efficiency of training.
We took (160,160) pixel coordinate as the central point,
intercept the 200*200 pixels image, and saved them in
JPEG format.

Diagnostic criteria

TMJ disc displacement can be divided into anterior
displacement, medial displacement and lateral displace-
ment. The clinical significance of simple medial and
lateral displacement is not as good as that of anterior
displacement. This study only deals with the sagittal
MRI images, so it can only directly show the anterior
displacement of disc.

The classification and label of the images were
performed by two physicians with three to six years of
experience on both 7,- and T, weighted MRI images.
Any disagreements were resolved through consulta-
tion with a third expert with 30 years of clinical expe-
rience. Since there was no difference in the classification
between the two imaging sequences, the data were
merged to increase the sample size and hence improve
the generalizability of the model.

Inboth 7 and T, weighted MRI images, the cortical
outline of the condylar bone, disc, and articular
eminence have a low signal intensity.'*!” The inten-
sity of nearby tissue is relatively higher. There are two
diagnostic criteria commonly used to evaluate MRI of
anterior disc displacement of TMJ. They are the same
in the maximum open position, but different in the
closed position.'®?° The details were shown in Table 1
and Figure 1. The ADD is classified as ADDWoR if
the TMJ disc is displaced anteriorly in both the closed
and maximum open mouth position, and anterior disc
displacement with reduction(ADDWR) if the disc is
only displaced anteriorly in the maximum open mouth
position.?!

According to the diagnostic criteria, the diagnosis
of images can be divided into many groups such as
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Closed-mouth ADD
position

Diagnostic
criteria 1
(RDC/TMD)

In the sagittal plane, relative to the superior aspect of the condyle, the low signal of the
disc and the high signal of the retrodiscal tissue is located anterior to the 11:30 clock
position; and the intermediate zone of the disc is located anterior to the line connecting

the condyle head and the center of the articular eminence.

Indeterminate

In the sagittal plane, relative to the superior aspect of the condyle, the low signal of the

disc and the high signal of the retrodiscal tissue is located anterior to the 11:30 position,
but the condyle contacts the intermediate zone located between the anterior-superior
aspect of the condyle and the posterior-inferior aspect of the articular eminence; or
relative to the superior aspect of the condyle, the low signal of the disc and the high
signal of the retrodiscal tissue is located between the 11:30 and 12:30 clock positions, but
the intermediate zone of the disc is located anterior to the condyle.

Normal Disc Position

In the sagittal plane, relative to the superior aspect of the condyle, the border between

the low signal of the disc and the high signal of the retrodiscal tissue is located between
the 11:30 and 12:30 clock positions; and the intermediate zone is located between the
anterior-superior aspect of the condyle and the posterior-inferior aspect of the articular

eminence.
Disc Not Visible

Open-mouth ~ ADD

position
Normal Disc Position

Neither signal intensity nor outlines make it possible to define a structure as the disc.

The intermediate zone of the disc is located anterior to the line connecting the condyle
head and the center of the articular eminence.

The intermediate zone is located between the anterior-superior aspect of the condyle and

the posterior-inferior aspect of the articular eminence.

Disc Not Visible
Closed-mouth ADD

position

Diagnostic
criteria 2
Normal Disc Position

Neither signal intensity nor outlines make it possible to define a structure as the disc.

The intermediate zone of the disc is located anterior to the line connecting the condyle
head and the center of the articular eminence.

The intermediate zone is located between the anterior-superior aspect of the condyle and

the posterior-inferior aspect of the articular eminence.

Disc Not Visible

Neither signal intensity nor outlines make it possible to define a structure as the disc.

ADD, anterior disc displacement.

ADD, indeterminate, normal disc position and disc
not visible. ADD of TMJ is our most important diag-
nostic target, and the number of other diagnostic
images is relatively small. We merge the images other
than that of ADD group, which is called non-ADD
(N-ADD) group.

In order to further compare the predictive accuracy
of the two diagnostic criteria for the closed mouth posi-
tion, the physicians classified these images twice using
both diagnostic criteria. Two separate training models
for each diagnostic criteria were then constructed for the
closed mouth position, and one model was constructed
for the open mouth position.

Five-fold cross-validation

Five-fold cross-validation was used to test the model’s
ability to predict new data and to minimize the risk of
overfitting the model due to the small sample size.”> The
training, validation, and testing subset were split into
80%, 10% and 10% within each fold, respectively.

Since there was a large gap in the number between
the classes, and we regarded our data set as imbalanced.
This means that If the model was trained according to
the existing proportions of data, the model might learn
to do the easy task, ie to learn to classify all exam-
ples as the more frequent class and ignore the minority
class.”® Therefore, we oversampled the original data in

Figure 1 Diagnostic criteria of ADD. Red arrows indicate the disc. White circles show the approximate outline of the articular eminence and the
condyle head. Image a, image b and image c illustrate the ADD in diagnostic Criteria 1 close mouth, diagnostic Criteria | maximum open mouth
and diagnostic Criteria 2 close mouth, respectively. ADD, anterior disc displacement.
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proportion to balance the number of data in each class.
In order to make oversampling more efficient, the over-
sampled data were slightly augmented. Conventional
image augmentation techniques could not be used, as
these may generate increased variations over unnec-
essary parts of the data or result in biased learning
by simulated variations. In this study, the ADD clas-
sification was mainly based on the relative positional
relationship between the articular disc, condyle, and
articular eminence. Therefore, the data augmentation
methods only include horizontal flipping, a maximum
of 10% zooming, and up to 10% left and right shifting
for each image.?

Model building

The ResNet34 architecture was used to construct the
basic model. This architecture uses the concept of
residual connections between convolutional layers,
allowing the model to be trained to deeper layers while
maintaining low complexity.? The “Imagenet” database
was used for the pre-training of the model to increase
its convergence speed. Initially, the neural network for

trained using 20 rounds with a learning rate of 0.01. The
learning rate was subsequently adjusted to 0.001 for 20
rounds of training. Finally, the Fast-AI’s learning rate
search tool was used to identify the most suitable learning
rate of the model, which was found to be 50 rounds of
training. In this process, we set the accuracy of the vali-
dation group as the model performance indicator. All
models were developed using a 64-bit Ubuntu 16.04.5
LTS operating system, with 31.4GB of memory and
NVIDIA GeForce GTX TITAN X graphics processing
unit. The Fast-Al (v. 1.4) library and PyTorch backend
engine were used to construct both the training and vali-
dation deep learning models. Overview of the study is
shown in Figure 2

The CNN model was visually evaluated to under-
stand the operating principle of the model. The class
activation map was used to highlight the most relevant
anatomical areas used by the model when classifying
images into ADD and N-ADD. The class activation
map is a heat gradient map, whereby hotter colors repre-
sent the most important areas for classification.?

[ MRI data from 1014 joints ]

Date

4,315 images

pre-processing
of close mouth position

Diagnosis Criteria 1

Diagnosis Criteria 2

4,694 images

J

[of maximum open mouth position

Diagnosis Criteria for

2,881 ADD images and
1,434 N-ADD images

3,069 ADD images and

1,246 N-ADD images

'Maximum open mouth
1,758 ADD images and
2,936 N-ADD images

Imaging dataset *3

Five-fold

cross validation,

data over-

sampling and

data augmentation

Training set

Validation and test sets

Training

outcome

[

[ Average performance over five-folds of three models J

Figure 2 Overview of the study. ADD, anterior disc displacement.

Dentomaxillofac Radiol, 51, 20210341

birpublications.org/dmfr


http://birpublications.org/dmfr

Statistical analysis

The predictive performance of the models based on the
mouth position and diagnostic criteria was measured
using a confusion matrix. The sensitivity, specificity, and
accuracy of the models were calculated. A receiver oper-
ator characteristic (ROC) curve was also plotted, AUC
was also calculated for each model. We also calculated
the mean and standard deviation of each five-fold eval-
uation indices. The paired z-test was used to identify any
statistically significant difference between diagnostic
Criteria 1 and diagnostic Criteria 2 for the closed mouth
position. All statistical calculations were performed
using the MedCalc19.0.4 software, and a p-value below
0.05 was considered statistically significant for all tests.

Ethical considerations

This study was conducted in accordance with the decla-
ration of Helsinki and was approved by the Ethics
Committee of Stomatological Hospital affiliated to
China Medical University (20210001). There was no
need to obtain written informed consent as the study
adopted a non-intrusive retrospective research design,
and all data used in this study were anonymized.

Results

Patient characteristics

A total of 507 patients (426 female patients and 81
male patients) with bilateral TMJ MRI were included
in the study. The patient characteristics are summarized
in Table 2. Out of the 1014 TMJ joints evaluated, 31%
(n = 318) were classified as normal, 31% (n = 311) as
ADDWR, and 38% (n = 385) as ADDWoR.

Image classification

After evaluating each T1 and T2 sagittal view from each
patient, a total of 9009 sagittal images were selected. The
images were then subsequently divided into four groups:
close mouth position T1 (n = 2051), close mouth posi-
tion T2 (n = 2264), open mouth position T1 (n = 2177),
and open mouth position T2 (n = 2517). Based on the
diagnostic criteria one for the closed mouth position,
67% (n = 2881) of the images were classified as ADD,
and 33% (n = 1434) were classified as N-ADD, while for
the maximum open mouth position, 37% (n = 1758) of
the images were classified as ADD, and 63% (n = 2936)
of the images were classified as N-ADD. According to
diagnosis criteria two for the closed mouth position,
71% (n = 3069) of the images were classified as ADD,

Table 2 Basic characteristics of participating cases
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Normal ADDWR ADDWoR Total
Male 67 72 23 162
Female 251 239 362 852
Total 318 311 385 1014

ADD, anterior disc displacement.

Table 3 Details of each data sets

Diagnose
Criteria 1 Close 1 Maximum open

Diagnose Criteria Diagnose Criteria
2 Close mouth

mouth position — mouth position position
Train (80%) 3452 3756 3452
Valid (10%) 431 469 431
Test (10%) 432 469 432
Total 4315 4694 4315

and 29% (n = 1246) of the images were classified as
N-ADD. Details of training, verification and test data-
sets in each model are shown in Table 3.

Accuracy, sensitivity, and specificity

Table 4 summarizes the five-fold performance of the
three models over the test subset. The overall perfor-
mance of the maximum open mouth position model
was exceptionally high, with accuracy, sensitivity, and
specificity of 0.970 (£0.007), 0.975 (£0.007), and 0.961
(£0.025). The performance of diagnostic criteria one
in the close mouth position model was generally better
than that of diagnostic criteria two with an accuracy,
sensivity, specificity of 0.863 (+0.008), 0.735 (£0.061),
0.926 (£0.029), respectively.

ROC and AUC

The ROCs and the AUCs with standard deviations for
each five-folds of three models are provided in Figure 3.
The AUCs exceeded 90% was all three models. The model
based on the maximum open mouth position performed
the best with an AUC of 0.990 (+£0.005), followed by the
model based on diagnostic criterion one in the closed
mouth position with an AUC of 0.922 (£0.009) and ulti-
mately the closed mouth position model for diagnostic
criterion two with an AUC of 0.885 (+£0.018).

Comparison of diagnostic criteria one and two in close
mouth position model

Table 5 compares the five-fold average performance of
the classifier model when applied on Diagnostic 1 and 2
separately. Although there is no difference in sensitivity
and specificity(p > 0.05), the accuracy and AUC of diag-
nostic Criterion 1 were significantly higher than those of
based on diagnostic criterion two in the closed mouth
position(p < 0.05).

Classification activation heat map

Figure 4 illustrates the class activation maps for a correct
ADD and N-ADD classification for the three models.
The yellow color on the heat gradient map shows the
most influential area, and the purple color indicates the
least influential area in the decision-making process.
The heat map for all three models in the ADD group
was concentrated in the joint disc, the CH, and the
posterior disc tissue, while the heat map in the N-ADD

birpublications.org/dmfr
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Table 4 Performance measures of three models over five-fold test subsets

Diagnose Criteria 1
Maximum open mouth position

Diagnose Criteria 2
Close mouth position

Diagnose Criteria 1
Close mouth position

Accuracy  Sensitivity  Specificity  Accuracy  Sensitivity  Specificity  Accuracy  Sensitivity  Specificity
Fold (%) (%) (%) (%) (%) (%) (%) (%) (%)
1 0.861 0.639 0.972 0.983 0.976 0.994 0.850 0.608 0.948
2 0.852 0.764 0.896 0.962 0.986 0.920 0.821 0.677 0.879
3 0.859 0.722 0.927 0.966 0.976 0.949 0.858 0.661 0.938
4 0.870 0.727 0.941 0.966 0.966 0.966 0.838 0.573 0.945
5 0.873 0.825 0.896 0.972 0.969 0.977 0.829 0.808 0.837
Mean 0.863 0.735 0.926 0.970 0.975 0.961 0.839 0.665 0.909
Standard deviation 0.008 0.061 0.029 0.007 0.007 0.025 0.013 0.081 0.044

group in the open mouth position was concentrated on
the condyle area.

Discussion

Orthodontic treatment in cases whereby there is
ADD will increase the burden on the joints, causing
microdamage. This damage causes the release of free
radicals, cytokines, metabolites, and matrix-degrading
enzymes, leading to absorption of the condyles while
compromising the success of orthodontic treatment.
MRI can effectively detect ADD disc, but the uneven
distribution of experienced clinicians makes it difficult
to evaluate MRI before orthodontic treatment. There-
fore, we developed deep learning models using CNN
to automatically diagnose ADD using MRI before
orthodontic treatment and hence facilitate the decision-
making process for clinicians.

Based on the MRI images of 507 patients, we
constructed 3 models to automatically detect ADD. Two
models were designed based on two different diagnostic
criteria in the closed mouth position, while the third
model was based on the open mouth position. All three
models had an excellent performance with an average
AUC above 90% and an average accuracy above 85%.

Studies have shown that the risk of osteoarthrosis
with ADDWR and ADDWoR increases by 2.73 times
and up to 8.25 times, respectively.!! According to the

diagnostic criteria of ADDWoR, the disc needs to be
located in front of the line connecting the CH and the
center of the articular eminence in both the closed
and open mouth positions.”” Therefore, the MRI clas-
sification of the open mouth position is particularly
important. In this study, the performance of the open
mouth position model was excellent, with accuracy,
sensitivity, specifity, and AUC of 0.970 (+£0.007), 0.975
(£0.007), 0.961 (£0.025), and 0.990 (£0.005), respec-
tively. It also had good stability in identifying both
ADD and N-ADD.

In the closed mouth position, the performance of
the model constructed according to the first diagnostic
criterion was better than that of the model based on the
second criterion in accuracy and AUC. The improved
performance was attributed to narrowing the definition
of ADD, which simplified the classification process,
increased the number of weak categories, and further
balanced the quantitative differences between groups
within the training data set. Furthermore, it also opti-
mized the generalization ability of the model under the
same amount of data, thereby improving the overall
performance of the model.

Class activation maps showed that our model relied on
the characteristics of several specific anatomical regions
when classifying images. The most consistent area in the
images of closed mouth position and ADD group for
the maximum open mouth position was the disc area,
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Figure 3 Receiver operating characteristic curves of three models. Image a, b and c for diagnostic criteria one close mouth, diagnostic criteria
one maximum open mouth and diagnostic criteria two close mouth, respectively.
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Table 5 Comparison of the five-fold average performance of two
diagnostic criteria models in the close mouth position

Index Diagnose Criteria 1 Diagnose Criteria2  p-value
Accuracy 0.863 (0.008) 0.839 (0.013) 0.009
Sensitivity 0.735 (0.061) 0.665 (0.081) 0.159
Specificity 0.926 (0.029) 0.909 (0.044) 0.490
AUC 0.922 (0.009) 0.885(0.018) 0.003

AUC, area under the curve.

suggesting that the model was classifying images by evalu-
ating the shape of the articular disc relative to the position
of the surrounding structures such as the CH and the artic-
ular eminence. This region coincides with the diagnostic
criteria used by the physicians to classify the images in the
study, indicating that the model has achieved the expected
results. Studies have shown that the surface morphology,
horizontal, and sagittal inclination of the condyle, are all
related to the position of the TMJ disc.”” The model recog-
nized this during the training process. The posterior disc
area was also used for classification by the model. ADD
causes a long-term forward traction force that deforms the
posterior disc area, eventually leading to fibrotic degenera-
tion leading to the formation of a pseudoarticular disc-like
structure.?®

On the other hand, the CH was consistently iden-
tified in the N-ADD group in the open mouth model.
The use of this structure was not in line with the manual
classification diagnostic criteria used in our study for
the N-ADD classification. It indicates that the model

ADD N-ADD

Close
one

Open
one

Close
two

Figure 4 Class activation maps. Rows: model of close mouth posi-
tion diagnostic Criteria 1, model of maximum open mouth position
diagnostic Criteria 1 and model of close mouth position diagnostic
Criteria 2. Columns: classification (ADD, N-ADD). ADD, anterior
disc displacement.
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ignores the state of the articular disc and uses the image
characteristics of the condyle as the classification basis
for identifying the ADD. Studies have shown that the
deep learning process may summarize features that
have not been recognized in previous studies.” Due to
the relatively small amount of data in our research,
we cannot rule out whether this is caused by errors in
the training process, highlighting the need for further
studies with larger sample size.

Limitation

Despite the high level of accuracy obtained by the devel-
oped models, our study still has some limitations that have
to be acknowledged. First of all, this system can only be
used to identify ADD and cannot be used to identify the
relatively more rare clinical posterior and mediolateral
displacement. Moreover, this system can only evaluate a
single sagittal image plane at a time. However, an accu-
rate diagnosis requires a comprehensive interpretation of
all sagittal and coronal multilayer image planes. Finally,
the image data used to train the images were small and
were obtained from a single center, potentially limiting
the generalizability of the model. Therefore, further larger
multicenter studies are recommended to improve and vali-
date the performance of the model.

Conclusion

Our research illustrates the potential of deep learning
models to detect ADD on MRIs for both the closed
mouth and maximum open mouth positions. These
models could be used to assist clinicians in assessing
the state of the TMJ disc before orthodontic treatment,
and hence reduce the occurrence of serious treatment
complications.
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