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Objectives: We evaluated the diagnostic performance of a deep learning system for the detec-
tion of Sjogren’s syndrome (SjS) in ultrasonography (US) images, and compared it with the
performance of inexperienced radiologists.

Methods: 100 patients with a confirmed diagnosis of SjS according to both the Japanese
criteria and American-European Consensus Group criteria and 100 non-SjS patients that had
a dry mouth and suspected SjS but were definitively diagnosed as non-SjS were enrolled in this
study. All the patients underwent US scans of both the parotid glands (PG) and submandib-
ular glands (SMG). The training group consisted of 80 SjS patients and 80 non-SjS patients,
whereas the test group consisted of 20 SjS patients and 20 non-SjS patients for deep learning
analysis. The performance of the deep learning system for diagnosing SjS from the US images
was compared with the diagnoses made by three inexperienced radiologists.

Results: The accuracy, sensitivity and specificity of the deep learning system for the PG were
89.5, 90.0 and 89.0%, respectively, and those for the inexperienced radiologists were 76.7, 67.0
and 86.3%, respectively. The deep learning system results for the SMG were 84.0, 81.0 and
87.0%, respectively, and those for the inexperienced radiologists were 72.0, 78.0 and 66.0%,
respectively. The AUC for the inexperienced radiologists was significantly different from that
of the deep learning system.

Conclusions: The deep learning system had a high diagnostic ability for SjS. This suggests
that deep learning could be used for diagnostic support when interpreting US images.
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Introduction

Sjogren’s syndrome (SjS) is an autoimmune disease
that has dry eyes and a dry mouth as the main signs.
Regarding the dry mouth, the amount of salivary secre-
tion is reduced as result of the occurrence of steatosis
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in the salivary gland parenchyma.!? This condition can
be detected using CT or MRI, which is effective for
detecting SjS.> In our past study,® we compared the fat
fraction of the salivary glands of normal subjects and
SjS patients with the six-point DIXON MRI method,
and found that there was a significant difference between
normal subjects and SjS patients, and that this could aid
diagnostic imaging. However, CT or MRI cannot be
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Figure 1 Examples of ultrasonography images. A and B: PG (A)
and SMG (B) of a patient with non-SjS. C and D: PG (C) and SMG
(D) of a patient with SjS. Inhomogeneous parenchyma character-
ized by multiple diffuse anechoic regions are observed. SjS, Sjogren’s
syndrome.

used routinely because of the high cost and limited avail-
ability of facilities. Additionally, CT exposes patients to
radiation, and MRI is contraindicated for patients with
claustrophobia, pacemakers and metal prostheses, and
examination takes a long time.

By contrast, compared with CT or MRI, ultrasonog-
raphy (US) is inexpensive, does not require a large space
in clinics, has no radiation exposure, and is not contra-
indicated for any patients. In recent years, many studies
of SjS using US have been conducted.”?* However, the
diagnosis of US images is very difficult, and diagnostic
accuracy depends on years of experience. Additionally,
many past studies include evaluations by only experi-
enced observers and not inexperienced observers.

In recent years, many studies of image diagnosis that
apply a deep learning system have been conducted.?> % A
deep learning system is an artificial intelligence machine
learning method that allows a computer to learn tasks
like humans. It is based on a neural network, which is
a system that imitates the neurons in the human brain.
Many investigators have reported the high performance
of deep learning systems for image diagnosis in various
fields, including liver,® brain®® and lung disease.?**” We
have previously verified that a deep learning system is
useful for the CT evaluation of cervical lymph node
metastasis in oral cancer patients.’*** Furthermore,
we analysed CT images of the parotid glands (PG)
of patients with SjS and normal subjects using a deep
learning system, and found that it was equivalent to the
diagnostic accuracy of experienced radiologists, whereas
it was higher than that of inexperienced radiologists.?
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Few studies have been conducted on the diagnosis of
US images using deep learning, and none have consid-
ered SjS to the best of our knowledge.

Many past studies used a normal control group for
CT MRI, or US. However, in clinics especially in dry
mouth clinics, it is essential to differentiate patients with
true SjS from non-SjS patients with a dry mouth. There-
fore, the purpose of this study is to evaluate the diag-
nostic performance of a deep learning system for the
differentiation of SjS from non-SjS with a dry mouth
using US images, and to compare the results with those
of inexperienced radiologists.

Methods and materials

The study design was approved by the Ethics Committee
of Kyushu University, Japan, and written informed
consent was obtained from all the patients (IRB serial
number: 29-006).

Subjects

A total of 200 patients who complained of a dry mouth
and were referred to the Department of Oral and Maxil-
lofacial Radiology, Faculty of Dental Science, Kyushu
University, Fukuoka, Japan, to receive US examinations
between 2011 and 2018 were enrolled in this study. US
images of 100 patients (13 males and 87 females with an
average age of 56.6 years) with a confirmed diagnosis
of SjS according to the both Japanese criteria®® and
American-European  Consensus Group (AECG)
criteria’” were assessed in this study. Additionally, US
scans were obtained from 100 non-SjS patients (21
males and 79 females with an average age of 61.1 years)
who had a dry mouth but were definitively diagnosed
as non-SjS according to above two criteria. All patients
underwent US scans of both the PG and submandib-
ular glands (SMGQG) (Figure 1). The 200 patients were
randomly divided into training and test groups for the
deep learning process. The training group consisted of
80 SjS patients and 80 non-SjS patients, whereas the
test group consisted of 20 SjS patients and 20 non-SjS
patients.

US protocol

US images were taken using a diagnostic unit (Logiq 7:
GE Healthcare, Tokyo, Japan) with a centre frequency
of 12 megahertz. We extracted B-mode images of both
the PG and SMG.

PG and SMG scans were performed according to
our previous reports.”?> PG was scanned with a coronal
plane parallel to the posterior border of the ramus of
the mandible. SMG was scanned with a sagittal plane
parallel to the inferior border of the mandible.

Imaging data
The images used for deep learning were selected by an
experienced radiologist (M.S) who have more than 20
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years experiences of US examination. Selected images
were downloaded from the hospital imaging database
in DICOM format. Then a single radiologist (Y.K)
converted them from DICOM format to PNG format.
A five-fold cross-validation procedure was used to train
the deep learning model for image classification.’® The
data were randomly split into five groups. One group
was used as a validation and testing set, and the residual
data were used as training samples. We ensured that the
training and testing data did not contain samples from
the same image or the same patients while maintaining
a balanced number of positive and negative samples in
each group.

Data augmentation

Data augmentation was then performed on the training
data images. Data augmentation is a frequently used
technique for deep learning implementations that
have a small number of clinical cases, and involves the
number of data being synthetically increased by altering
the brightness, contrast, rotation and sharpness of the
images. The final total of 4000 augmented SjS images
and 4000 augmented non-SjS images were included in
the analysis.

Diagnostic performance of the deep learning system

The deep learning system was installed on an NVIDIA
GeForce GTX GPU workstation (Nvidia Corp., Santa
Clara, CA, USA) with 11 GB of memory. The training,
validation and testing procedures were performed using
VGG16 (https://arxiv.org/abs/1409.1556) architecture
that was pretrained using the ImageNet dataset for
transfer learning. The VGG16 architecture contained 16
layers, which consisted of 13 convolutional layers and
three fully connected layers. The training and validation
processes were conducted for 30 epochs until sufficient
learning rates were obtained. The optimal parameters
for creating the learning model were determined based
on these training samples. Then test data were input into
the learning model, and whether each image represented
SjS or non-SjS was determined with its probability. The
probability was automatically calculated by the deep
learning machine for each image. After this process,
the accuracy, sensitivity and specificity of the deep
learning system were estimated. Furthermore, ROC
analysis was performed to determine the AUC. Based
on the probability of a positive evaluation, the evalua-
tion results were divided into four groups: 0-25, 26-50,

Table 1 Diagnostic performance of deep learning and radiologists
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51-75 and 76-100%. For each group, the sensitivity and
1-specificity were calculated and plotted.?

Diagnostic performance of radiologists

Three radiologists independently evaluated all images used
in the deep learning analysis process (100 SjS and 100 non-
SjS images). They were calibrated using 20 images (10 SjS
and 10 non-SjS images) that were not used to create the
learning models before they made an assessment. Radiol-
ogists who had less than 3-year* experience, who received
no training, and had no experience in the interpretation
of the appearance of SjS in PG and SMG in US images
were defined as inexperienced radiologists. Each image
was randomly evaluated using Microsoft PowerPoint, and
the probability of SjS was classified on a four-point scale:
1, definitely SjS; 2, probably SjS; 3, probably non-SjS; and
4, definitely non-SjS. The evaluation was performed twice
with two-month interval. To calculate the sensitivity, spec-
ificity, accuracy and observer agreements of diagnosing
SjS, scores of 1 or 2 were regarded as SjS and scores of
3 or 4 were regarded as non-SjS. The diagnostic perfor-
mance of the deep learning system and radiologists was
compared using the AUC of ROC analysis. Intraobserver
and interobserver agreements were assessed with «k values.

Statistical analysis

The differences between the AUC values were tested
using chi-square analysis using the JMP statistical soft-
ware package (version 13.0.0; SAS Institute, Cary, NC).
The significance level was set to p < 0.05. The x values of
<0.20 corresponded to poor agreement, 0.21-0.40 to fair
agreement, 0.41-0.60 to moderate agreement, 0.61-0.80
to good agreement and 0.81-1.00 to excellent agreement.

Results

The accuracy, sensitivity and specificity of the deep
learning system for PG were 89.5, 90.0 and 89.0%, respec-
tively (Table 1), which are the averages of results from
five-fold cross-validation. Those for the inexperienced
radiologists were 76.7, 67.0 and 86.3%, respectively, which
are the averages of three inexperienced radiologists. The
accuracy, sensitivity and specificity of the deep learning
system for SMG were 84.0, 81.0 and 87.0%, respectively,
and those for the inexperienced radiologists were 72.0,
78.0 and 66.0%, respectively. The AUC of the inexperi-
enced radiologists was significantly different from that of

PG

SMG

Deep Learning

Inexperienced radiologists

Deep Learning Inexperienced radiologists

Accuracy (%0) 89.5+45 76.7 £ 1.89 84.0%+7.2 72.0 £4.92
Sensitivity (%) 90.0 £ 10.6 67.0 £3.61 81.0£10.8 78.0 + 7.00
Specificity (%) 89.0 + 10.8 86.3 +7.02 87.0+£4.5 66.0 £ 8.00

Presented as mean * standard deviation. PG, parotid gland; SMG, submandibular gland.
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Table 2 Comparison of the AUC for the diagnostic performance of deep learning and radiologists

PG

SMG

Deep learning

Inexperienced radiologists

Deep learning Inexperienced radiologists

AUC 0.948 (0.906-0.972)

p <0.0001*

0.810 (0.774-0.841)

0.894 (0.840-0.931)
p <0.0005*

0.786 (0.750-0.819)

AUC, area under the curve; PG, parotid gland; SMG, submandibular gland.

The 95% CI is shown in parentheses.

the deep learning system for PG and SMG (p < 0.0001,
p = 0.0005) (Table 2 and Figure 2). There was no signifi-
cant difference between PG and SMG for both the deep
learning system and inexperienced radiologists (p = 0.054,
p = 0.340). Intraobserver agreement rates were good for
both PG and SMG (x = 0.80, 0.64). Interobserver agree-
ment rates were good for PG (x = 0.65) and moderate for
SMG (x = 0.51).

Discussion

US examination plays an important role in the diagnosis
of head and neck diseases, and is particularly effective
for the diagnosis of soft tissue lesions. SjS causes the
destruction of the lacrimal gland and salivary gland,
and the area where the destruction occurs is replaced
with fat tissue. Previous studies have reported that this
change can be detected by CT or MRI1.>* However, CT
and MRI are expensive and facilities are limited. Addi-
tionally, there are the disadvantages that CT exposes
patients to radiation, and MRI takes time and cannot

1.00

Sensitivity

deep learning system (PG)

L deep learning system (SMG)
—— -
- ‘_ .-

inexperienced radiologists (PG)
inexperienced radiologists (SMG)

1.00
1 - Specificity

Figure 2 Receiver operating characteristic curves for the deep
learning system and radiologists. The AUCs were 0.948, 0.894, 0.810
and 0.786 for the deep learning system (PG), deep learning system
(SMG), inexperienced radiologists (PG) and inexperienced radiolo-
gists (SMG), respectively.
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be used if the patient has an internal medical device that
contains metal. Therefore, in recent years, there have
been many studies that have diagnosed SjS using US.
Le et al'® evaluated how salivary gland US might
improve the classification of patients. The study, which
included US in the American College of Rheuma-
tology (ACR)/European League Against Rheumatism
(EULAR) classification criteria, increased sensitivity
from 87.4t091.1%. However, most studies involve radiol-
ogists diagnosing US images. Diagnosing US images
requires experience and is difficult for non-specialists.
In recent years, diagnosis using deep learning has been
frequently studied in the field of diagnostic imaging, and
its accuracy is being established. Stoffel et al*? evaluated
the accuracy of deep learning software in the discrim-
ination between phyllodes tumours (PT) and fibroade-
nomas (FA) in breast US images, and found that deep
learning software differentiated between PT and FA
with good diagnostic accuracy (AUC = 0.73) and a high
negative predictive value (NPV = 100%). Radiologists
demonstrated comparable accuracy (AUC 0.60-0.77) at
a lower NPV (64-80%). When performing the readout
together with the deep learning system recommenda-
tion, the radiologists’ accuracy demonstrated a non-
significant tendency to improve (AUC 0.75-0.87, p =
0.07). Additionally, Choi et al*® investigated whether a
computer-aided diagnosis (CAD) system based on a
deep learning framework (deep learning-based CAD)
improved the diagnostic performance of radiologists in
differentiating between malignant and benign masses
in breast US images, and concluded that deep learning-
based CAD improved radiologists’ diagnostic perfor-
mance by increasing their specificity, accuracy and
positive predictive value. We previously applied a deep
learning system for the diagnosis of cervical lymph node
metastasis on CE-CT scans of patients with oral cancer,
and reported that the accuracy, sensitivity and specificity
were 78.2, 75.4 and 81.0%, respectively. These values
and the area under the ROC curve were the same as
those achieved by experienced radiologists.?* Addition-
ally, we compared the diagnostic ability of CT images
for SjS patients using the learning system with that of
experienced radiologists and inexperienced radiologists,
and found that the accuracy, sensitivity and specificity
of the deep learning system were 96.0, 100 and 92.0%,
respectively; for experienced radiologists, the corre-
sponding values were 98.3, 99.3 and 97.3%, respectively;
and those for inexperienced radiologists were 83.5, 77.9
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and 89.2%, respectively. The AUC of inexperienced
radiologists was significantly different from those of the
deep learning system and experienced radiologists. No
difference was found between the deep learning system
and experienced radiologists but there was a border-
line p value (p = 0.058).%° The results of this study also
demonstrated that the deep learning system had a high
diagnostic ability. These results suggest that the deep
learning system contributes to the support of the diag-
nosis and may improve the accuracy to the same level as
a specialist, even if the radiologist is inexperienced.

Regarding the comparison between PG and SMG in
the diagnosis of SjS in the US examination, Turnaoglu
et al'” found that the sensitivity for PG was 92.0% and
the specificity was 92.0%, and the sensitivity for SMG
was 84.0% and the specificity was 92.0%. By contrast,
Hofauer et al'® found that the sensitivity for PG was
70.2% and the specificity was 83.4%, and the sensitivity
for SMG was 78.7% and the specificity was 79.1%. We
found that the results for PG tended to be higher than
those for SMG. This was presumably because the PG
US image did not contain other structures than glan-
dular parenchyma, such as muscle, lymph node and
blood vessels, within the image, while the SMG US
often contained such structures.

The observer’s assessment was only performed by
the inexperienced radiologists and not the experienced
radiologists. Differences may exist depending on experi-
ence, but we did not investigate this because the purpose
of this study was to determine whether the diagnostic
accuracy of non-specialist observers improves if they
receive deep learning support. Although the education
for the inexperienced radiologists should be planned to
improve their performance even without a deep learning
system, it would take more time in front of the US
scanner.

The present study had several limitations. First,
the number of patients was too small to finally deter-
mine the use of deep learning for US diagnosis of SjS.
With increasing the number of patients, the perfor-
mance would be improved. Second, the images of SjS
were compared solely with those of non-SjS patients
with dry mouth. Since salivary glands appearances
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