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Objective: The aim of this study was to explore the role of the Al system which was
designed and developed based on the characteristics of COVID-19 CT images in the screen-
ing and evaluation of COVID-19.

Methods: The research team adopted an improved U-shaped neural network to segment
lungs and pneumonia lesions in CT images through multilayer convolution iterations. Then
the appropriate 159 cases were selected to establish and train the model, and Dice loss
function and Adam optimizer were used for network training with the initial learning rate of
0.001. Finally, 39 cases (29 positive and 10 negative) were selected for the comparative test.
Experimental group: an attending physician a and an associate chief physician a read the CT
images to diagnose COVID-19 with the help of the Al system. Control group: an attending
physician b and an associate chief physician b did the diagnosis only by their experience,
without the help of the Al system. The time spent by each doctor in the diagnosis and their
diagnostic results were recorded. Paired #-test, univariate ANOVA, chi-squared test, receiver
operating characteristic curves, and logistic regression analysis were used for the statistical
analysis.

Results: There was statistical significance in the time spent in the diagnosis of different
groups (P<0.05). For the group with the optimal diagnostic results, univariate and multi-
variate analyses both suggested no significant correlation for all variables, and thus it might
be the assistance of the Al system, the epidemiological history and other factors that played
an important role.

Conclusion: The Al system developed by us, which was created due to COVID-19, had
certain clinical practicability and was worth popularizing.

Keywords: CT, COVID-19, intelligent analysis, Al, helping role

Introduction
In December 2019, coronavirus disease (COVID-19) broke out in Wuhan.! It was
reported that this virus was first transmitted from animals to humans, and then
spread rapidly in the humans.>* According to the data reported by the WHO, as of
12:43 am GMT+8 on 9 January 2021, 86,749,940 people were infected worldwide
and 1,890,342 people died.*

Nucleic acid testing is the “gold standard” of diagnosing this disease. However,
it was reported that nucleic acid testing has a low sensitivity of about 60% to 71%
for detection of COVID-19, the reason for which might be the lower viral load in
the test specimen or laboratory error. Therefore, experts suggested use of CT
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imaging as a complement to the nucleic acid test. On
February 5, 2020, the National Health Commission
(NHC) of China issued the Tentative 5th Edition of the
Diagnosis and Treatment Protocol for COVID-19 Patients,
which firstly proposed imaging characteristics of the sus-
pected cases as the diagnostic criteria.® This suggested the
important role of chest CT in the diagnosis of COVID-19.
Clinically, the chest CT of every patient has nearly 300
slices after being split and reconstructed. After reading the
images slice by slice, radiologists could make
a comprehensive judgment on the clinical diagnosis,
which brought a particularly heavy workload to them,
and made them physically and mentally exhausted when
there were a large number of patients, especially during
the outbreak of the epidemic. Thus, it became difficult for
radiologists to maintain a high degree of attention, so that
it was easy to make mistakes, such as missed diagnosis or
misdiagnosis. However, some studies reported that artifi-
cial intelligence (AI) could play an important role in
assisting doctors in making rapid and accurate diagnosis,
and contribute to alleviating the epidemic.” ® In particular,
Abbasian Ardakani et al, further demonstrated the feasi-
bility of Al in the auxiliary diagnosis of COVID-19
based on the CT images."’

Therefore, in order to relieve the work pressure of
front-line radiologists, we developed an Al system based
on a deep learning neural network, which can intelligently
analyze the CT images to help radiologists to do the
diagnosis, and our research team has created a global

open platform ((https://www.paddlepaddle.org.cn/hub/

scene/pneumonia) based on this project for those who
need it.

The system can distinguish pneumonia and other
lesions. At present, it has reached a satisfactory level in
identifying ground glass opacity (GGO), and can provide
important indicators about lesions, such as CT value,
volume, proportion of the lung, dynamic changes of the
lesions, and so on. All details were reported as follows.

Materials and Methods

This study was conducted in accordance with the
Declaration of Helsinki. This study was conducted with
approval from the Ethics Committee of Affiliated Hospital
(Clinical College) of Xiangnan University. Written
informed consent for patients was not applicable, because
this paper did not disclose any personal information of the
patients.

Data Collection

The data of patients who went to the Affiliated Hospital of
Xiangnan University or Chenzhou City No. 2 People's
Hospital from December 2019 to February 2020 due to
fever, cough, travelling to areas affected by COVID-19, or
contacting with confirmed or suspected COVID-19
patients were retrospectively analyzed.

Inclusion Criteria

Patients with inflammatory lesions in the lungs, identified
by chest CT examination, and patients experiencing
nucleic acid test for COVID-19

Exclusion Criteria

Patients with poor quality of CT images of the lung, and
patients with lung tumors, pneumoconiosis, pulmonary
fibrosis, or chest trauma.

Finally, a total of 159 patients were included in this
study, of which 39 were true positives and 120 were false
positives. Among them, the CT images of 139 cases were
used as the training sets and 20 were used as the validation
sets. Two associate chief physicians from the Affiliated
Hospital of Xiangnan University manually were assigned
to mark the lesion and the whole lung from the different
patients, until all patients were marked.

The CT scanning equipment of the Affiliated Hospital
of Xiangnan University is a 64-row 128-slice spiral CT
Philips Ingenuity with scanning parameters: tube voltage
120 kV, using iDose3 technology, average tube current
150-175 C, scanning slice thickness 2.5 mm, slice interval
2.5 mm, pitch 0.9. The CT scanning equipment of the
Chenzhou City No. 2 People's Hospital is a 16-row 32-
slice spiral CT Hitachi ECLOS with scanning parameters:
tube voltage 120.0 kV, tube current 100.0 C, scanning slice
thickness 10.0 mm, slice interval 5.0 mm, and pitch 2.5.

Selected Neural Network

In order to ensure the speed and quality of segmentation,
the research team adopted an improved U-shaped neural
network to segment lungs and pneumonia lesions in CT
images through multiple-layer convolution iterations.''
The segmentation network was refined from the encoder-
decoder architecture of 2D U-net. We first constructed
a 3D
a encoder path (composed of four down-sampling dilated

encoder-decoder network which comprised
convolution stacks) and a decoder path (composed by four

up-sampling dilated convolution stacks).

submit your manuscript

1166

Dove

Journal of Inflammation Research 2021:14


https://www.paddlepaddle.org.cn/hub/scene/pneumonia
https://www.paddlepaddle.org.cn/hub/scene/pneumonia
http://www.dovepress.com
http://www.dovepress.com

Dove

Xie et al

In the 3D encoder path, with a 1x2x2 max pooling
size, the transverse resolution reduced to 1/8 of original
size after three max-pooling operations while the axial
resolution remained unchanged. Then, the decoder path
used 3D deconvolution module to recover the image reso-
lution to the original size correspondingly. Finally, all
convolutions were followed by an activation layer with
scaled exponential linear unit (SELU) function. Dice loss
function and Adam optimizer were used for network train-
ing with the initial learning rate being 0.001. Dice loss
function is defined as:

Lpice = 1 — Dice )
where Dice is defined in Equation 2 as below:
2|VA NVs |
Dice = ————— 2
[Val + [Vs| @

where V, is the volume of manual segmentation; Vg is the
volume of auto-segmentation of the same region; V4 N Vg
is the volume that manual segmentation and auto-
segmentation have in common. The Dice coefficient was
used to evaluate the quality of automatic segmentation of
lungs and lesions by the Al system.
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Figure | The architecture diagram of deep learning network.
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During the training phase, the early-stop mechanism
was used to monitor the network iteration process, and it
stopped the network training when the network perfor-
mance on the validation data set was not continuing to
improve. The model parameters giving the best network
performance, with 0.92 of segmentation accuracy and
0.97 of recall rate, on the validation data set were
saved and tested on the testing data set (Figures 1
and 2).

In order to achieve the purpose of putting the Al
system into clinical practices, a comparative test to
verify the effectiveness of the Al system was designed.
Thirty-nine cases, of which 29 were true positive, and
10 were false positive, were picked up from the 159
cases as the subjects. Experimental group: an attending
physician a and an associate chief physician a read the
CT images to diagnose COVID-19 with the help of the
Al system. Control group: an attending physician b and
an associate chief physician b did the diagnosis only by
their experience, without the help of the AI system.
The four doctors were trained to do the diagnosis
the the
experiment,'> and none of them had read the CT

according  to same standard before

images of the subjects before the comparative test.

17+16=33 16 16 2

49+32=81

113 113+64=177 64 A 6
o > ﬂ. ’
113 128 A 128

Y  down-sampling A up-sampling

I separable conv layer

Journal of Inflammation Research 2021:14

submit your manuscript

1167

Dove


http://www.dovepress.com
http://www.dovepress.com

Xie et al

Dove

Figure 2 Plots during training the network.

The time spent by each doctor in the diagnosis and
their diagnostic results were recorded.

Statistical Analysis

IBM SPSS 21.0 software was used to do the statistical
analysis. Paired ¢-test was used to analyze Dice and diag-
nostic time, which was expressed as x = SE. For the accu-
racy of the diagnosis, univariate ANOVA was used to do
the comparison between groups. For the optimal diagnos-
tic result, chi-squared test was used for univariate analysis,
and logistic regression analysis was used for multivariate

analysis.

Results

Only the lungs and lesions were closely related with the
diagnosis of COVID-19, so they were segmented by the
Al system. A specific segmentation illustration was
shown in Figure 3. Statistical analysis of Dice showed
P-values were all greater than 0.05 without significant
difference, as shown in Table 1.

The time spent by the doctors in the diagnosis in the
experimental group was significantly less than that in the
control group, P<0.05. Besides, the time spent by
the attending physician a in the experiment was also

Train_loss

100,000 200,000 300,000 400,000 100,000 200,000

Iterations

Figure 3 The illustration of machine-marked image and manual-marked image.

Train_dice
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significantly less than the time spent by the associate
chief physician b in the control group, P<0.05 (Table 1).

For the accuracy of the diagnostic results, in the experi-
mental group, the attending physician a was 64.1%, and the
assistant chief physician a was 76.9%, and in the control
group, the attending physician b was 56.4%, and the assistant
chief physician b was 71.8%. The area under curves (AUCs)
of the attending physician a, the assistant chief physician a,
the attending physician b and the assistant chief physician
b were 0.562 (95%CI: 0.35-0.78), 0.681 (95%CI: 0.47—
0.89), 0.543 (95%CI: 0.33-0.75) and 0.647 (95%CI: 0.44—
0.86), respectively (Figure 4). The results of ANOVA
between groups for the four physicians were shown in
Table 2. Only the results of the associate chief physician
a showed a significant difference (P=0.019), and 76.9% of
his accuracy rate was the highest. The results of chi-square
d test and logistic regression analysis for the associate chief
physician a were shown in Tables 3 and 4.

Discussion

In this study, the Al system developed by us could quickly
and effectively mark the pneumonia lesions area (Figure 1
and Table 1). Under the current epidemic prevention and
control, the Al system was expected to improve the effi-
ciency of front-line imaging diagnosis, accurately and

Val_dice
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Iterations
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Table |1 The Paired Analysis of Model Segmentation Dice and Time Spent by Each Doctor on the Diagnosis

Items The The The Attending The Associate Chief The Attending Physician
Whole Lesions Physician a vs the Physician a vs the Associate | a vs the Associate Chief
Lung Attending Physician b Chief Physician b Physician b

Manual-marked 0.96+0.01 | 0.89+0.04 | Time spent | 230.88+60.38 189.13+67.59 179.51+63.81

VS machine- (*£SE) unit:

marked (xSE) seconds

P 0.169 0.386 <0.001 <0.001 <0.0001

timely screen out suspected patients, accelerate the
patient’s examination, and reduce the risk of cross-
infection in the hospital.

GGO is an important indicator in the diagnosis of
COVID-19."* Research by academic organizations such
as the Radiology Committee on Infectious and
Inflammatory Disease showed that the imaging manifesta-
tions of COVID-19 are: in the early stage of the disease,
the CT images of the chest are atypical, and the lesions are
thin patches of GGO, of which most are scattered in the
middle and low lung fields, especially under the pleura. In
the progressive stage, there are many lesions which are
characterized by GGO exudation, fusion or consolidation,
they commonly appeared in the outer zone of the lung
field, and may be accompanied by a small amount of
pleural effusion. In the severe stage (critically ill), it is
the late stage of the disease, and the density of both lungs
diffusely and extensively increased further.'*'> Therefore,
in clinical practice, if GGO in the lungs can be marked
quickly and accurately, it can help the radiologist to
quickly find the lesion area and make judgments on the

lesion, and save the time and extra physical energy spent

1.0
—Attending physician a
—— Associate chief physician a
- Attending physician b
0.8 ——Associate chief physician b
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> 067
=
=
=
[2]
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Figure 4 The receiver operating characteristic (ROC) curves of the diagnostic
results of the four doctors.

on other irrelevant slices. Table 1 showed that the time
spent on the diagnosis in the experimental group was
significantly less than that in the control group, which
resulted from the model’s good segmentation of pneumo-
nia lesions. The statistical analysis in Table 1 confirmed
the accurate segmentation of “suspected pneumonia
lesions” by the mathematical model of the Al system,
and its Dice score was 0.89+0.04. In the field of image
processing, Dice >0.7 was considered a better segmenta-
tion. Therefore, the correct diagnosis could be guaranteed,
only if the high accuracy of automatically finding and
marking the lesions by the AI system was achieved,
which could be evidenced from the statistical analysis of
the diagnostic accuracy rate in the experimental group and
the control group: attending physician a with 64.1%,
associate chief physician a with 76.9%, attending physi-
cian b with 56.4%; associate chief physician b with 71.8%.
The area under curves (AUCs) of the attending physician
a, the assistant chief physician a, the attending physician
b and the assistant chief physician b were 0.562 (95%CI:
0.35-0.78), 0.681 (95%CI: 0.47-0.89), 0.543 (95%CI: 0.-
33-0.75) and 0.647 (95%CI: 0.44-0.86), which might be
caused by the small sample size and, radiologists’ ability,
segmentation accuracy of the network, and so on. In future
study, a large sample size and more radiologists with high
professional competence are necessary to train the network
and improve the segmentation accuracy of the network.

Uzelaltinbulat et al'®

used the method of subtracting the
threshold image to automatically segment various tumors
in the lung, with a Dice score of 0.97, which is higher than
that in this study. The reason might be that lung GGO has
unclear edges and burrs, so that it was much more difficult
to segment the edges than the tumors. Even so, the
research of Uzelaltinbulat et al told us that our model
still has room for improvement to increase the segmenta-
tion accuracy.

So far, there have been ten well-known convolutional
neural networks used to screen and evaluate COVID-19

Journal of Inflammation Research 2021:14
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Table 2 The Results of ANOVA Between Groups for the Four Physicians

Sum of df Mean F Significance
Squares Square
The diagnostic results of the attending Intergroup | (Combination) 0.781 | 0.781 | 3.528 0.068
hysician a
physicia Linear | Unweighted 0781 | | 0.781 | 3.528 0.068
term
Weighted 0.781 | 0.781 | 3.528 0.068
Intragroup 8.193 | 37 0.221
Total 8974 | 38
The diagnostic results of the associate chief | Intergroup | (Combination) 0.975 | 0.975 | 6.064 0.019
hysici
prysician a Linear | Unweighted 0975 | | 0975 | 6.064 0.019
term
Weighted 0.975 | 0.975 | 6.064 0.019
Intragroup 5.948 | 37 0.161
Total 6.923 | 38
The diagnostic results of the attending Intergroup | (Combination) 0.055 | 0.055 | 0.214 0.646
hysician b
physician Linear | Unweighted 0055 | I 0.055 | 0.214 0.646
term
Weighted 0.055 | 0.055 | 0.214 0.646
Intragroup 9.534 | 37 0.258
Total 9.590 | 38
The diagnostic results of the associate chief | Intergroup | (Combination) 0.639 | 0.639 | 3.256 0.079
hysician b
ks Linear | Unweighted 0639 | 1 0.639 | 3.256 0.079
term
Weighted 0.639 | 0.639 | 3.256 0.079
Intragroup 7.259 | 37 0.196
Total 7.897 | 38

based on the CT images: AlexNet, VGG-16, VGG-19,
SqueezeNet, GoogleNet, MobileNet-V2, ResNet-18,
ResNet-50, ResNet-101, and Xception, and especially the
ResNet-101 and Xception had very high sensitivity and
specificity, with an AUC of 0.994 and AUC of 0.994,
respectively (Supplemental Table 1)."” Compared with

the above networks, our network in the comparative test
of this paper did not perform very well, which meant a lot
of effort will be necessary in the future study to improve
the network.

For the radiologist, the patients’ own condition and
other external environments did not have much influence
on the diagnostic results. Tables 3 and 4 showed that the
two variables had no significant effects on the diagnostic
result. The research team performed a strong interaction
analysis of the two variables, which showed that the strong
interaction of the two variables did not have a significant

effect on the diagnostic results. Therefore, what affected
the accuracy of the diagnosis was the constants that the
researchers did not include: help of the Al system, epide-
miological history and personal qualifications. With the
help of the Al system, the radiologist can improve the
accuracy of their diagnosis. When diagnosing a disease,
it was also necessary to comprehensively observe the
growth area of the lesion. Many studies showed that
GGO in COVID-19 commonly occurred in the subpleural
region of the lung.'® Therefore, the occurrence area of
GGO was also one of the important characteristics to
diagnose COVID-19. The study by Shi et al showed that
the typical GGO appeared in the CT of COVID-19 patients
and the thickened and bright outlines of the trachea and
blood vessels could be observed in GGO, which meant
that the contours of the trachea and blood vessels were
much clearer in GGO imaging.'”*® A study stated that the
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Table 3 The Results of Chi-squared Test for Every Factor was
Performed on the Associate Chief Physician a

n Accuracy P
Age (years) <35 20 (51.3%) | 16 (80%) 0.640
>35 19 (48.7%) | 14 (73.7%)
Types of sample Positive 29 (74.4%) | 25 (86.2%) | 0.032
Negative 10 (25.6%) | 5 (50%)
Time period of 8:00-12:00 22 (56.4%) | 20 (90.9%) | 0.018
reading CT images 15:00-18:00 17 (43.6%) | 10 (8.8%)
The symptoms of | Progressive or 28 (71.8%) | 24 (85.7%) | 0.002
cases serious symptoms
Initial symptoms Il (28.2%) | 6 (54.5%)

Table 4 Multivariate Analysis of the Diagnostic Results for the
Associate Chief Physician a

OR | 95%ClI P
Time period of reading CT images 1.8 | 0.252-12.848 | 0.558
Types of sample 0.4 | 0.051-3.125 0.382

Types of sample+time period of Not in the list of equations

reading CT images (meaningless)

trachea with air bronchogram could be observed in the
lungs of the dead caused by COVID-19.?' Therefore, care-
ful observation of whether trachea with air bronchogram
and the blood vessels with vascular enlargement in GGO
existed or not*® was another favorable evidence for the
diagnosis of COVID-19. The HU value directly reflects
the physical density of the tissue in the body, and a study
by Chen et al*® showed that compared with the GGO of
other pneumonia, the GGO of COVID-19 was more
blurred and had uneven density. Therefore, in the diagno-
sis of COVID-19, whether the HU value of the GGO was
uniform or not was also a reference feature. Except for the
imaging characteristic of the air bronchogram, the above
information could be directly reflected in the Al system, so
the results in Tables 3 and 4 could be obtained, which
proved that the Al system did have certain clinical value.

A key point in the clinical diagnosis of COVID-19 was
the evaluation of the progress of GGO. Whether the volu-
metric progress of GGO exceeded 50% or not within 24
h was one of the indicators that the radiologist needed to
consider. In the study of academic organizations such as the
Radiology Committee on Infectious and Inflammatory
Disease, it was also stated that the “white lung” of COVID-
19 could increase by more than 50% during 2448 h in the

severe stage. At this stage, it was difficult to treat, and the
patient’s mortality rate was high.'* Therefore, dynamic ana-
lysis of the volume of GGO is important for clarifying the
stage of the disease.”* The Al system developed by us could
clearly show the radiologist a useful GGO volume value
through automatic segmentation. According to incomplete
statistics, it takes about two hours for an experienced radi-
ologist from finding GGO to delineating its volume, which is
much higher than the time spent with the help of the Al
system. Therefore, the precise GGO volume given by the
Al system quickly can help the radiologist to diagnose the
disease and know about the changes of the disease.
However, the sample size of this study was not very large,
so the model and algorithm were not perfect enough to
directly give the diagnosis of COVID-19. The research was
carried out only in two institutions, and lacked multicenter
data. Therefore, our research has some limitations, which
require further improvement and more effort in the future.

Conclusion
Early detection and diagnosis of COVID-19 is the key, and
the Al system we developed can quickly provide the radi-
ologist with the position of lesions, dynamic volume
changes, GGO internal organ morphology, the HU value
of the lesion and so on. These quantitative indicators can
help the radiologist to do the diagnosis combined with the
epidemiological history and their own knowledge and
experience, which could make it easier for the radiologist
to recognize COVID-19 from other diseases, and give
a red warning to suspected patients.

Therefore, this Al system will play a very important
role in accelerating clinical diagnosis, assisting young
doctors in improving their diagnosis, and improving the

accuracy of clinical diagnosis.
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