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Objectives:

This study estimated the diagnostic performance of a deep learning system for

detection of Sjogren's syndrome (SjS) on CT, and compared it with the performance of radi-

ologists.
Methods:

CT images were assessed from 25 patients confirmed to have SjS based on the both

Japanese criteria and American-European Consensus Group criteria and 25 control subjects
with no parotid gland abnormalities who were examined for other diseases. 10 CT slices were
obtained for each patient. From among the total of 500 CT images, 400 images (200 from
20 SjS patients and 200 from 20 control subjects) were employed as the training data set and
100 images (50 from 5 SjS patients and 50 from 5 control subjects) were used as the test data
set. The performance of a deep learning system for diagnosing SjS from the CT images was
compared with the diagnoses made by six radiologists (three experienced and three inexperi-
enced radiologists).

Results: The accuracy, sensitivity, and specificity of the deep learning system were 96.0%,
100% and 92.0%, respectively. The corresponding values of experienced radiologists were
98.3%, 99.3% and 97.3% being equivalent to the deep learning, while those of inexperienced
radiologists were 83.5%, 77.9% and 89.2%. The area under the curve of inexperienced radiol-
ogists were significantly different from those of the deep learning system and the experienced
radiologists.

Conclusions: The deep learning system showed a high diagnostic performance for SjS,
suggesting that it could possibly be used for diagnostic support when interpreting CT images.
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Introduction

Sjogren’s syndrome (SjS) is an autoimmune disease
which features lymphocytic infiltration of exocrine
glands, such as the salivary and lacrimal glands,
resulting in specific damage of these glands. Several
sets of diagnostic criteria for SjS have been published,
including the Japanese criteria (JPN) (1999),! Amer-
ican-European Consensus Group criteria (2002),2
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Sjogren’s International Collaborative Clinical Alliance
(SICCA) (2012),> and American College of Rheuma-
tology (ACR) and the European League Against Rheu-
matism (EULAR) classification criteria (2016),* but
the clinical signs and symptoms of this disease vary
considerably. However, slowly progressive dry mouth
(xerostomia) and dry eyes (keratoconjunctivitis sicca)
are the most common symptoms. Dry mouth results
from reduced secretion of saliva due to deterioration of
salivary gland function, with fatty degeneration being
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one of the characteristic findings in the parenchyma of
affected glands. Although fat deposition is not included
in the diagnostic criteria mentioned above, this finding
enables us to differentiate SjS from other causes of xero-
stomia such as medication.>® Fatty degeneration can be
visualized by CT and MRI, and several authors have
reported on the usefulness of this finding for diagnosis
of SjS in patients with xerostomia.”” However, detec-
tion of this change is sometimes difficult for radiologists
without sufficient experience in the interpretation of SjS
on CT images resulting in overlooking the pathology
frequently when they interpret other diseases.

In recent years, there has been increasing interest in
medical uses of artificial intelligence (AI), and it has
also been applied to the field of diagnostic imaging.'*'*
A deep learning system is one of the AI machine
learning methods that allows a computer to learn tasks
like humans. It is based on a neural network, which
is a system imitating the neurons in the human brain.
After input of a large amount of data into a multi-
layered neural network, the system performs stepwise
learning and extracts the characteristic features of the
data set, leading to automatic creation of a learning
model through computer learning.'> Many investigators
have reported the high performance of deep learning
systems for CT diagnosis in various fields, including
liver,!® brain'® and lung!! disease. We have previously
verified that a deep learning system was useful for CT
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evaluation of cervical lymph node metastasis in oral
cancer patients.'®

Taken together, our goal was planned to create an
automated detection system for parotid abnormali-
ties on CT as a diagnostic support for inexperienced
radiologists. In the present study, therefore, as a part of
study advancing toward the goal, the aims were to set
to estimate the performance of a deep learning system
for differentiation of SjS from normal glands using CT
scans, and to perform comparison with experienced and
inexperienced radiologists.

Methods and materials

The institutional ethics review board of our univer-
sity (Aichi Gakuin University) approved this study
(approval number 496).

Subjects

CT images of 25 patients (1 male and 24 females with an
average age of 67.2 years) with a confirmed diagnosis of
SjS according to the both Japanese criteria' and Ameri-
can-European Consensus Group criteria® were assessed
in this study. All patients underwent CT to rule out
neoplastic lesions or sialoliths at the initial visit. In addi-
tion, CT scans were obtained from 25 control subjects (1
male and 24 females with an average age of 66.1 years)
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Segmentation of a parotid grand. A region of interest of size 30 X 30 mm was set, and the parotid glands were cropped out on both
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with no parotid gland abnormalities who were exam-
ined for other diseases, such as maxillary sinusitis and
temporomandibular joint disorder. The control subjects
were selected from the imaging database of our hospital
to match the age and gender distribution of the SjS
patients. The 50 patients were randomly divided into
training and test groups for the deep learning process.
The training group consisted of 20 SjS patients and 20
control subjects, while the test group was 5 SjS patients
and 5 control subjects.

CT protocol

CT scanning was performed by using an Asterion TSX
(Canon Medical Systems, Otawara, Japan) and the
following parameters: tube voltage of 120 kV, 100 mAs,
slice thickness of 0.5 mm, pitch of 0.3 mm, and field
of view of 20 cm. The scans were oriented parallel to
the occlusal plane. When it was difficult to visualize the
parotid gland due to metal artifacts, additional scans
were performed with gantry inclination.

Imaging data

Five consecutive axial CT slices at 2 mm intervals were
selected for each parotid gland (10 slices for both glands).
The center slice was set at the mid-portion of the gland
(i.e. the largest area) in the superior—inferior direction.
CT images were downloaded from the hospital imaging
database in JPEG format (.jpg) compressed to 150 kB. A
single radiologist segmented a 30 X 30 mm square from
the CT slice at the central region of the parotid gland,
and this was done 10 times for each patient (Figure 1).
Then a total of 400 images (200 from 20 SjS patients and
200 from 20 control subjects) were used as the training
data set, and 100 images (50 from 5 SjS patients and 50
from 5 control subjects) were employed as the test data
set.
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Diagnostic performance of the deep learning system

The deep learning system was installed in an Nvidia
GeForce GTX GPU workstation (Nvidea Corp., Santa
Clara, CA) with 11 GB of memory. Training, valida-
tion, and testing procedures were performed by using
AlexNet architecture with the DIGITS library on the
Caffe framework. Training and validation processes
were conducted for 300 epochs, until sufficiently
learning rates were obtained. The optimal parameters
for creation of the learning model were determined on
the basis of these training samples. Then test data were
input into the learning model, and whether SjS was
positive or negative was determined for each image with
its probability (Figures 2 and 3). After this process, the
accuracy, sensitivity, and specificity of the deep learning
system were estimated. In addition, receiver operating
characteristics (ROC) analysis was performed and the
area under the curve (AUC) was calculated. The resul-
tant evaluations were divided into four groups based on
the probability of positive evaluation of S;jS, including
0-25%, 26-50%, 51-75% and 76-100%. For each group,
the sensitivity and specificity were calculated and plotted
(Figure 3).

Diagnostic performance of radiologists

Six radiologists (three experienced and three inex-
perienced radiologists) independently evaluated the
test data set (50 SjS and 50 control images) after the
calibration using 20 images (10 SjS and 10 control
images) selected randomly from the training data
sets before actual evaluations. Radiologists, who had
sufficient experiences of over 30 years in the inter-
pretation of maxillofacial diseases including SjS
and other parotid pathologies on CT, were assigned
as experienced radiologists. Three radiologists with
experience less than 3 years, who received no training
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Figure 2 The deep learning system process. The optimal parameters for creation of the learning model were determined on the basis of these
training samples. Then test data were input into the learning model, and whether SjS was positive or negative was determined for each image.
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Figure3 Examples of results represented on the computer display. The resultant evaluations by the application of testing data sets to the created
learning model are shown for each image patch with its probability (white characters in elliptic area). “0” indicates the negative of SjS (normal)

and “1” indicates the positive of SjS. SjS, Sjogren's syndrome.

and had no experienced in the interpretation of SjS
appearances of parotid gland on CT images, were
assigned as inexperienced radiologists. Each image
was randomly viewed on Microsoft PowerPoint, and
classified the probability of SjS on a 4-point scale: 1,
definitely SjS; 2, probably SjS; 3, probably normal;
and 4, definitely normal. To calculate the sensitivity,
specificity, and accuracy of diagnosing SjS, scores of
1 or 2 were regarded as positive and scores of 3 or 4
were negative (normal). The diagnostic performances
were compared between the deep learning system and
radiologists using the AUC of ROC analysis.

Statistical analysis

The differences of AUC values were tested by y? analysis
using JMP statistical software package (v. 13.0.0; SAS
Institute, Cary, NC). The level of significance was set at
p <0.05.

Results

An example of learning results obtained by deep
learning after 300 epochs are shown in Figure 4.
The accuracy, sensitivity, and specificity of the deep
learning system were respectively 96.0%, 100% and
92.0% (Table 1). As for the experienced radiologists,
the corresponding values were 98.3%, 99.3% and
97.3%, while those of inexperienced radiologists were
83.5%, 77.9% and 89.2%. The AUC of the inexperi-
enced radiologists showed significant differences from
those of deep learning system (p < 0.0001) and experi-
enced radiologists (p < 0.0001) (Table 2 and Figure 5).
No difference but borderline p value (p = 0.058) was
found between the deep learning system and the expe-
rienced radiologists.
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Discussion

Various methods of diagnostic imaging, including scin-
tigraphy,'”!® have been employed for diagnosis of SjS,
among which CT,” MRI,>? and ultrasonography'®2 are
reported to show high diagnostic performance and have
tended to replace traditional sialography. As for CT, Sun
et al’ reported that the sensitivity and specificity were
higher than 80 and 90%, respectively, and they empha-
sized the finding of diffuse abnormal fat deposition in
the parotid parenchyma. Although fat deposition can
be evaluated quantitatively by MR spectroscopy,?* this
feature is also useful for diagnosis of SjS by conven-
tional MRI examination.>*® While fatty change on
CT is thought to be a key finding, it may be difficult
to detect for inexperienced observers who had no expe-
riences of interpretation of SjS appearance of parotid
gland on CT. They likely overlook the appearance of
SjS frequently when they interpret diseases in the maxil-
lofacial region other than parotid gland. Therefore, the
present study was conducted to investigate the possi-
bility of deep learning system as a diagnostic support
for inexperienced radiologists to avoid the oversight.
The deep learning system appeared to have a potential
of diagnostic support because it showed sufficiently
high performance equivalent or just inferior to the expe-
rienced radiologists or those reported previously.!%!1:14.16
SjS patients sometimes have malignant lymphoma? or
multiple sialoliths in the parotid gland,”** so CT may be
performed to exclude such diagnoses.

In recent years, automated diagnosis using deep
learning has attracted attention and usefulness of
deep learning for providing diagnostic support has
been reported in various CT fields. Choi et al'® develop
and validated a deep learning system that could assess
the stage of liver fibrosis on CT by using pathologic
staging as the gold standard, and reported a relatively
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Figure4 The results of learning using image patches of each ROI. The blue line shows the loss on the training data set. The green line shows the
loss on the validation data set. These losses represent the fit between a prediction and the ground-truth label, and decreases over time as training
improves. The orange line shows the accuracy during the training process. The accuracy increases over time, reaching a final accuracy of 98.4% at

the final epoch. ROI, region of interest.

high accuracy of 79.4%. When limited to severe disease
(significant and advanced fibrosis and cirrhosis), diag-
nostic performance improved further and the accuracy
increased from 92.1 to 95.0%. Walsh et al'' applied
a deep learning system for automated classification
of fibrotic lung disease on CT and reported that its

accuracy was 73.3%, equivalent to thoracic radiologists.
They concluded that CT evaluation by a deep learning
algorithm might provide low-cost, reproducible, and
near-instantaneous classification of fibrotic lung disease
with human-level accuracy, and they emphasized the
possible use of diagnostic support at centers with little

Table 1 Diagnostic performance of deep learning and radiologists.

Deep Learning Experienced radiologists* Inexperienced radiologists*
Accuracy (%) 96.0 98.3 +0.58 83.5+2.19
Sensitivity (%) 100 99.3+1.15 77.9 £8.32
Specificity (%) 92.0 97.3+2.30 89.2£7.47

“Presented as mean * standard deviation.

Table2 Comparision of diagnostic performance in AUCs with deep learning and radiologists.

Deep Learning

Experienced radiologists Inexperienced radiologists

0.960
(0.899 - 0.985)

AUC |

0.996 0.797

(0.991 - 0.999) (0.744 - 0.842)
| | |

p <0.0001*

p <0.0001*

AUC, area under the curve.
The 95% confidence interval are shown in parentheses.
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Figure 5  Receiver operating characteristic curves for the deep

learning system and radiologists. The AUCs were 0.960, 0.996 and
0.797 for the deep learning system, experienced radiologists and inex-
perienced radiologists, respectively. AUC, area under the curve.

thoracic imaging expertise as well as for stratification of
patients in clinical trials. We previously applied a deep
learning system for diagnosis of cervical lymph node
metastasis on contrast-enhanced CT scans of patients
with oral cancer, and reported that the accuracy, sensi-
tivity, and specificity were 78.2%, 75.4%, and 81.0%,
respectively. These values and the area under the ROC
curve were not different from those achieved by experi-
enced radiologists.!®

The present study had several limitations. First,
although a total of 500 images were used, the number
of patients was too small for final conclusions to be
reached about application of deep learning to the diag-
nosis of SjS on CT, because the 10 images obtained
from a single patient may have been similar. Further
analysis will be needed in a larger number of patients
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