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Abstract

Objective The present study aimed to assess the consistencies and performances of deep learning (DL) models in the diag-
nosis of condylar osteoarthritis (OA) among patients with dentofacial deformities using panoramic temporomandibular joint
(TMJ) projection images.

Methods A total of 68 TMJs with or without condylar OA in dentofacial deformity patients were tested to verify the con-
sistencies and performances of DL models created using 252 TMJs with or without OA in TMJ disorder and dentofacial
deformity patients; these models were used to diagnose OA on conventional panoramic (Con-Pa) images and open (Open-
TM]J) and closed (Closed-TMJ) mouth TMJ projection images.

The GoogLeNet and VGG-16 networks were used to create the DL models. For comparison, two dental residents with < 1 year
of experience interpreting radiographs evaluated the same condyle data that had been used to test the DL models.

Results On Open-TMJ images, the DL models showed moderate to very good consistency, whereas the residents’ demon-
strated fair consistency on all images. The areas under the curve (AUCs) of both DL models on Con-Pa (0.84 for GoogLeNet
and 0.75 for VGG-16) and Open-TMJ images (0.89 for both models) were significantly higher than the residents’ AUCs
(»<0.01). The AUCs of the DL models on Open-TMJ images (0.89 for both models) were higher than the AUCs on Closed-
TMIJ images (0.72 for both models).

Conclusions The DL models created in this study could help residents to interpret Con-Pa and Open-TMJ images in the
diagnosis of condylar OA.

Keywords Learning, machine - Learning, deep - Disorder, temporomandibular joint - Panoramic radiography

Introduction

Dentofacial deformity patients with malocclusion who plan
to undergo orthodontic treatments or orthognathic surgery
have a substantially higher incidence of temporomandibu-
lar disorders (TMDs) compared with subjects who lack

Yukiko Iwase and Tomoya Sugiki contributed equally to this work.

P4 Yoshitaka Kise
kise@dpc.agu.ac.jp

Department of Oral and Maxillofacial Radiology, Aichi
Gakuin University School of Dentistry, 2-11 Suemori-Dori,
Chikusa-Ku, Nagoya 464-8651, Japan

Department of Oral Radiology, School of Dentistry, Osaka
Dental University, Osaka, Japan

@ Springer

deformities [1]. Osteoarthritis (OA), classified as a degener-
ative disease with osseous changes according to the diagnos-
tic criteria for TMD (DC/TMD) [2], is frequently observed
in skeletal Class II and III malocclusion patients [3].
Although computed tomography (CT) or magnetic reso-
nance (MR) examinations are recommended to confirm osse-
ous changes in the temporomandibular joint (TMJ) [2], pan-
oramic radiography maintains a role in long-term follow-up
examinations because of its convenience and low radiation
exposure for patients. As an alternative to conventional pan-
oramic (Con-Pa) radiography, panoramic TMJ projections
are preferentially used for patients with suspected TMDs,
especially in Japan [4—7]. In panoramic machines equipped
with this function, the main X-ray beam is designed to be
introduced parallel to the mean long axis of the condylar
head (as determined on axial sectional images showing the
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maximum condylar area) [4-6]. Moreover, images can be
obtained in open-mouth (Open-TMJ) and closed-mouth
(Closed-TMJ) positions. Open-TMIJ projections can avoid
overlap with surrounding structures. Therefore, the images
are more distinct than the results of Con-Pa radiography, in
which the beam is projected with inclination relative to the
condylar long axis and typically is performed in the closed-
mouth position.

Recent advances in deep learning (DL) techniques have
attracted considerable attention regarding diagnostic imag-
ing of the TMJ [8—14]. A DL system using Con-Pa radiog-
raphy showed relatively good diagnostic performances for
condylar OA compared with the diagnostic performances
of inexperienced observers [8], but its performances were
worse than those of a CT image-based DL system [9]. Only
one study has addressed the performance of panoramic
images in the open-mouth position [14]; to our knowledge,
no studies of DL models using panoramic TMJ projection
images in the open- and closed-mouth positions have been
conducted in patients with dentofacial deformities.

The aim of the present study was to evaluate the per-
formances of DL models in the diagnosis of condylar OA
among patients with dentofacial deformities using pano-
ramic TMJ projection images.

Materials and methods

This study protocol was approved by the ethics committee
of our university (Approval No. 496), and the study was
performed in accordance with the tenets of the Declaration
of Helsinki. Due to the retrospective and noninvasive nature
of the study, which used anonymized images stored in our
hospital’s clinical database, the ethics committee waived the
requirement for informed consent. Patients were given the
opportunity to refuse participation in the study through an
opt-out method.

Patients

This study included 194 TMJs in 106 patients (74 women
and 32 men, mean age: 25.8 years) with dentofacial
deformities who were scheduled for orthognathic surgery;
all underwent CT, Con-Pa, and panoramic TMJ projection

examinations between April 2021 and March 2022 (Table 1).
Among these TMJs, condylar OA was observed in 34 based
on the DC/TMD [2], whereas 160 did not exhibit OA. Thus,
all 34 TMJs with condylar OA and 34 randomly selected
TMIJs without OA were regarded as test data. The remaining
126 TMJs were used as training and validation data, along
with 126 TMJs in 83 TMD patients (68 women and 15 men,
mean age: 54.2 years) who had OA. These TMD patients
had undergone CT, Con-Pa, and panoramic TMJ projection
examinations between May 2007 and September 2019. For
most patients, the Con-Pa and panoramic TMJ projection
images were obtained on the same day; CT images were
obtained within 2 months of radiograph acquisition. The
presence or absence of osseous changes were determined by
two experienced radiologists using CT images, and disagree-
ments were resolved by discussion.

CT images were obtained using an Aquilion PRIME or
Asterion TSX scanner (Canon Medical Systems, Otawara,
Japan) with a tube voltage of 120 kV, tube current exposure
time product value of 100 mAs, slice thickness of 0.5 mm,
pitch of 0.3 mm, and field of view of 20 cm. Con-Pa radi-
ography was performed using a Veraviewepocs (J. Morita
Mfg. Corp., Kyoto, Japan) with a tube voltage of 75 kV, tube
current of 8 mA, and irradiation time of 16.2 s. Panoramic
TMIJ projection images were obtained with an AZ 3000
panoramic machine (Asahi Roentgen Ind. Co. Ltd, Kyoto,
Japan) with a tube voltage of 75 kV, tube current of 6 mA,
and irradiation time of 10 s. CT images were observed on a
high-resolution monitor (RadiForce RX240 monitor, EIZO
Co., Hakusan, Japan) using an image processing software
(AquariusNET; TeraRecon Inc., Foster City, CA, USA).

Image patch preparation

Con-Pa and panoramic TMJ projection images (900 x 900
pixels) were downloaded from our hospital’s imaging data-
base in tagged image file (TIF) format (Fig. 1). Square image
patches of 100 % 100 pixels were manually cropped to align
the centers of patches approximately with the center of the
condylar head using Pictcutter ver. 2.0.0 (https://hp.vector.
co.jp/authors/VA020302/). These patches were labeled, clas-
sified into two categories (with or without OA), and used as
supervised data for the training process and ground truth
data for the testing process (Fig. 2).

Table 1 Data assignment

Dataset Characteristics Number
Training & validation ~ TMIJs with condyler OA in TMD patients 126
data TMIJs without condyler OA in dentofacial deformity patients 126
Test data TMIJs with condyler OA in dentofacial deformity patients 34
TMJs without condyler OA in dentofacial deformity patients 34

OA osteoarthritis, TMJ temporomandibular joint, TMD temporomandibular disorder
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Fig.1 Downloaded images (900900 pixels). Image patches were
cropped into squares of 100x 100 pixels for the right and left sides
in the open- and closed-mouth positions. The center of each patch

Deep learning architectures

Using two networks, GoogLeNet and VGG-16, classifica-
tion models were created from DIGITS library version 5.0
(NVIDIA; https://developer.nvidia.com/digits) on Ubuntu
OS version 16.04.2 with an 11 GB graphic processor unit
(NVIDIA GeForce GTX 1080 Ti; NVIDIA, Santa Clara,
CA, USA) and 128 GB memory. GoogLeNet was imple-
mented by 22 layers including 1 X 1, 3x 3 and 5 x5 con-
volutional layers for reducing the number of CNN model
parameters [15]. VGG-16 consisted of 13 convolutional
layers and 3 free connected layers. This CNN available on
DIGITS library was a fine-tuned network [16].

For each network, the training process were performed
twice for three types of images; Con-Pa images, Open-
TMIJ projection images, and Closed-TMJ projection
images. The hyperparameters were set for the both net-
works with initial learning rate of 0.001, solver type of
stochastic gradient descent (SGD), and 100 epochs learn-
ing. A total of 252 image patches for the learning process
were divided into 189 (75%) training and 63 (25%) valida-
tion datasets. The training data were augmented 20 times
by horizontal flipping, and changes of brightness and
contrast using an image processing software (Irfan View
version 4.44; https://www.Irfanview.com). Consequently,
six models were created for each network. These models
were tested on test data consisting of 68 condyles with
and without OA, which had been obtained from dentofa-
cial deformity patients.

@ Springer

was set to the center of the condylar head. A conventional panoramic
image, B panoramic TMJ projection image

Assessments of inter-evaluator consistency

Inter-evaluator consistencies were assessed using Cohen’s
kappa statistic. For DL models, kappa values between two
estimation results were determined. The results for test
patches were expressed as the probability of a positive
(condylar OA) or negative (non-OA condyle) evaluation.
An estimated probability of > 0.5 for estimation of condy-
lar OA was considered positive.

For comparison, two dental residents with < 1 year of
experience interpreting radiographs evaluated the same 68
image patches that had been used to test the DL models.
Before the evaluations, calibration was performed with
respective ten images of condyles with or without OA
which were not used for creating and testing the mod-
els and specially prepared for the calibration purpose.
In actual evaluation, they were asked to determine the
probability of a positive evaluation (condylar OA) using
a visual analog scale with scores ranging from 0 to 100.
Kappa values between the two residents were calculated,
and probability of > 50 was considered positive.

The degree of consistency was defined as follows [17]:
kappa value < 0.2, poor consistency; 0.2 < kappa value <
0.4, fair consistency; 0.4 < kappa value < 0.6, moderate
consistency; 0.6 < kappa value < 0.8, good consistency;
and 0.8 < kappa value < 1.0, very good consistency.
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Fig.2 Example image patches y —— — L

of condyles with (A and B) | S A =
Closed

or without (C) OA. A Erosion
-

is evident on an Open-TMJ
image without superimposition
of surrounding structures. B
Osteophytes are observed on
both Open- and Closed-TMJ
images despite limited condylar
movement on an Open-TMJ
image. C Condyle without OA.
The condyle is clearly observed

on an Open-TMJ image
i ‘ lkﬁ i~
-
-4
losed

Assessments of performance positive. The two residents’ results were combined in the

same manner; sensitivity, specificity, and accuracy were
Two sets of test results from the DL models were com-  calculated, with a probability of > 50 considered positive.
bined for each type of image; these sets were used to cal-  These probabilities were used to perform receiver operat-
culate sensitivity, specificity, and accuracy, with an esti- ing characteristic (ROC) analysis and determine the area

mated probability of > 0.5 for condylar OA regarded as
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Table 2 Consistency (kappa value)

Image Evaluator

GoogLeNet VGG-16 Resident
Con-Pa* 0.56 0.56 0.21
Open-TMJ® 0.69 0.91 0.21
Closed-TMJ¢ 0.59 0.64 0.31

#Conventional panoramic radiography

®Panoramic temporomandibular joint projection at open mouth posi-
tion

“panoramic temporomandibular joint projection at closed mouth posi-
tion

Table 3 Performance

Evaluator ~ Image Sensitivity Specificity Accuracy AUC

GoogLeNet Con-Pa* 0.75 0.77 0.76 0.84
Open-TMI®  0.72 0.93 0.83 0.89
Closed- 0.56 0.81 0.68 0.72
T™J¢

VGG-16 Con-Pa? 0.65 0.75 0.70 0.75
Open-TMI®  0.80 091 0.86 0.89
Closed- 0.63 0.72 0.68 0.72
T™IJ¢

Resident Con-Pa? 0.56 0.59 0.57 0.61
Open-TMJ® 0.71 0.56 0.63 0.68
Closed- 0.62 0.62 0.63 0.68
T™IJ¢

AUC area under the receiver operating characteristic curve
#Conventional panoramic radiography

Panoramic temporomandibular joint projection at open mouth posi-
tion

“Panoramic temporomandibular joint projection at closed mouth posi-
tion

under the ROC curve (AUC). Diagnostic performances
were evaluated according to the AUC.

Statistical method

Differences in AUCs were tested by the chi-square test with
a significance threshold of p <0.05.

Results

Inter-evaluator consistencies are presented in Table 2. In
both models, Open-TMJ images exhibited the highest kappa
values: 0.69 (good consistency) and 0.91 (very good consist-
ency) for GoogLeNet and VGG-16, respectively. The values
for residents were lower, and all indicated fair consistency.

@ Springer

The performances and comparisons of AUCs are shown
in Table 3 and Figs. 3 and 4. When performances were
compared among evaluators (Fig. 3), the AUCs of both DL
models were significantly higher than those of residents
for Con-Pa and Open-TMJ images (p <0.01) (Fig. 3A and
B); there were no differences in Closed-TMJ image perfor-
mances between evaluators (Fig. 3C). Regarding Con-Pa
images, the AUC of GoogLeNet differed from the AUC of
VGG-16 (p <0.05) (Fig. 3A). Comparison of AUCs among
the three types of images (Con-Pa, Open-TMJ, and Closed-
TM]J) (Fig. 4) revealed that Open-TMJ images had the high-
est AUC in both DL models (Table 3). In the GoogLeNet
model, the AUC of Open-TMJ images was higher than the
AUC of Closed-TMIJ images (p <0.05) (Fig. 4A). In the
VGG-16 model, AUCs did not differ between the Con-Pa
and Closed-TMJ images (Fig. 4B). No differences in image
AUCs were identified between the residents (Fig. 4C).

Discussion

According to Krisjane et al. [3], the prevalences of condy-
lar OA are reportedly 43 and 20% in patient’s joints with
Classes II and III malocclusion, respectively. In the present
study, 34 of 194 (17.5%) condyles in dentofacial deformity
patients were diagnosed with OA. This lower prevalence
compared with the previous study may be related to the dif-
ferent distribution of malocclusion classes.

When data features differ between learning (i.e., train-
ing and validation) and test data, DL model performances
may be affected [11, 18]. In the present study, the learning
data regarded as positive evaluations, namely condylar OA,
were collected from TMD patients who lacked dentofacial
deformities and had a substantially higher mean age com-
pared with the test data; these differences arose from specific
characteristics among patients visiting our hospital. Despite
these differences, the DL models demonstrated sufficiently
high performances, especially for Open-TMJ images. These
results suggest that differences in data characteristics can be
ignored in the present study. However, in a previous study,
the use of data from different hospitals affected model per-
formances even when the same imaging procedure was used
[11]. Thus, careful usage is required when applying models
created in the present study to data from other institutions.

The differences were found in two estimation results even
by DL models, representing as not perfect consistency. This
might be related to differences in training and validation data
between the two learning processes because these training
and validation data were randomly allocated by the system.
The inter-resident consistencies of Con-Pa and Open-TMJ
images were low (both 0.21), consistent with the results of
a previous study concerning Con-Pa image consistency [8].
In the same report, high consistency (kappa value: 0.84)
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Fig.3 Receiver operat-

ing characteristic curves for
inter-evaluator comparisons. A
conventional panoramic image,
B panoramic TMJ projection
at open-mouth position, C
panoramic TMJ projection at
closed-mouth position. Con-Pa
conventional panoramic image,
Open-TMI: panoramic TMJ
projection image in the open-
mouth position, Closed-TMJ
panoramic TMJ projection y
image in the closed-mouth posi- o
tion, * Significant difference

between AUCs (p <0.05), **

Significant difference between

AUCs (p<0.01)

Con-Pa

08

0.6

TPF

04
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among Con-Pa images was achieved using AlexNet. In the
present study, relatively high consistencies were achieved
by VGG-16, especially for Open-TMJ images (kappa value:
0.91). This high consistency may facilitate effective use of
DL models in clinical practice.

Comparison of performances among the evaluators
(Fig. 3) showed that the GoogLeNet AUCs for Con-Pa
images were significantly different from those AUCs
achieved by VGG-16 (p <0.05) and the residents (p <0.01).
The AUCs for Open-TMJ images did not differ between DL
models, but they were significantly higher than the AUCs
achieved by residents. These results indicated that the DL
models could help inexperienced observers to interpret Con-
PA and Open-TMJ images in the diagnosis of condylar OA.

Comparisons of performance among the three images
(Fig. 4) revealed that, excluding the residents’ results,
Open-TMJ images had the highest AUCs, as expected. There
were no differences in AUCs achieved by VGG-16 and the
residents between Con-Pa and Closed-TMJ images, likely
because of the similar condylar position on these images.

The diagnostic performances of Con-Pa radiography for
condylar OA are reportedly insufficient, with accuracies
slightly better than 0.7 achieved even by experts, such as
TMD treatment specialists and experienced oral and maxil-
lofacial radiologists [8]. Several researchers have applied
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%
—+— VGG-16 :| *x
%

Open-TMJ

0.8

0.6 -

TPF

—*— GoogleNet
—* VGG-16 ] }**
5

—#— Resident

04

—#— Resident

08

0.2

T T
0.2 0.4 0.6

FPF

0.8 1

—&— GoogleNet

—* VGG-16
7 Resident
0.8 1

DL systems to Con-Pa images for the diagnosis of condylar
OA. Nozawa et al. reported an AUC of 0.76 using AlexNet
with CT images as the gold standard; they concluded that
this AUC was superior to the AUC achieved by residents
and equivalent to the AUC achieved by experts [8]. Choi
et al. reported similar results. They evaluated the perfor-
mance of ResNet on Con-Pa images, using CT images as
the gold standard, and reported an accuracy of 0.80; this was
equivalent to the accuracy achieved by experts (0.81) [12].
Although their gold standard was not definitively described,
Kim et al. reported an AUC of 0.82 when a refined VGG-16
was applied to Con-Pa images [10]. In the present study,
application of GoogLeNet to Con-Pa images had the highest
AUC (0.84) compared with previous studies.

Regarding the performances of panoramic TMJ projec-
tion for condylar OA, Araki et al. reported that an accuracy
of 0.82 was achieved by experienced radiologists [5]. Using
cone-beam CT images as the gold standard, they evalu-
ated the presence of OA by combining Open- and Closed-
TM1J images. Their accuracy was superior to the accuracies
achieved by residents (0.63 for both Open- and Closed-TMJ
images) in the present study. In another study, by Jung et al.
[14] applied DL models created by ResNet-152 and Effi-
cientNet-B7 to panoramic images in the open-mouth posi-
tion, which corresponded to Open-TMJ images in the present
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Fig.4 Receiver operating char-
acteristic curves for compari-
sons among panoramic images.
A GoogLeNet, B VGG-16, C
residents. Con-Pa: conventional
panoramic image, Open-TMJ:
panoramic TMJ projection
image in the open-mouth posi-
tion, Closed-TMJ: panoramic
TMIJ projection image in the
closed-mouth position, *
Significant difference between
AUCs (p<0.05), ** Signifi-
cant difference between AUCs
(p<0.01)

GoogleNet

0.8

0.6

0.2

0.2 04 0.6
FPF

TPF

study. They used a panoramic machine equipped with the
function of panoramic TMIJ projection, revealing AUCs of
0.94 and 0.95 for ResNet and EfficientNet, respectively.
These AUCs were higher than the AUCs achieved in the
present study (AUCs of 0.89 for both GoogleNet and VGG-
16). This difference may be related to the characteristics of
the test data. The condylar shape and position in dentofacial
deformity patients differ among malocclusion classes [19,
20], resulting in changes regarding the angle of X-ray projec-
tion relative to the condylar long axis. Moreover, superim-
position of surrounding structures may have reduced perfor-
mance, even on Open-TMJ images, because the present test
data included condyles with limited movement.

There were some limitations in this study. First, the num-
ber of images required to develop a model can vary depend-
ing on factors such as the complexity of the task, quality of
the images, variability in the dataset. Therefore, although
good performances were observed, the learning data were
insufficient to confirm these performance outcomes. Fur-
ther data collection is needed to verify the findings. Second,
these data were collected in a single hospital, and external
validity was not evaluated. The model performances should
be verified in prospective study in our hospital, and the
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models should subsequently be applied to data from other
institutions. Third, the types of dentofacial deformities were
not classified; the classes of deformities may have affected
model performances. Fourth, the use of diagnostic assis-
tant was verified only for inexperienced observers. It should
be tested also for experienced observers to establish actual
clinical use.

Conclusion

Compared with residents, the DL models created in the
present study achieved significantly better performances
(AUCs) in Con-Pa and Open-TMJ images. Among the three
types of images evaluated, Open-TMJ images had the high-
est AUCs in both DL models. These results indicated that
the DL models could help residents to interpret Con-Pa and
Open-TMJ images in the diagnosis of condylar OA.
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