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ABSTRACT

This article evaluates the effectiveness of using a deep learning network model to generate
reliable attenuation corrected the single-photon emission computed tomography (SPECT)
myocardial perfusion imaging (MPI). The authors collected myocardial perfusion imaging data
of 88 patients from a SPECT/CT machine, with an average age of 62.47 years. Then, two
datasets are created from the original data: set A includes the deep learning-based attenuation
corrected images (Generated Attenuation Correction - GenAC), and the non-attenuation
corrected images; set B contains only non-attenuation corrected images. These datasets were
diagnosed by two doctors (in which, one has 7 years of experience and the other has 10 years of
experience in reading SPECT MPI). The doctors diagnose based on the image data without
knowing which dataset it belongs to. The sensitivity, specificity, diagnostic accuracy, and lesion
rate were evaluated between the two data sets. Results: The average specificity, sensitivity, and
accuracy of the set with the deep learning-based attenuation corrected images were 0.87, 0.86,
0.86, while the results with the non-attenuation corrected images are 0.69, 0.83, and 0.78.

Keywords: Single photon emission computed tomography (SPECT); Attenuation Correction (AC); Non-Attenuation
Correction (NC); Deep Learning (DL); Computer-aided diagnosis (CAD); Myocardial Perfusion Imaging (MPI).

I. INTRODUCTION

Coronary artery disease (CAD) is one of the diseases of concern today because the
number of individuals with coronary artery disease is increasing. Arterial diseases can
result in many serious complications, including heart attack, stroke, aneurysm, and even
death. Furthermore, the costs of treating coronary artery disease are relatively high,
particularly for people with advanced illness or a complicated medical history. As a
result, early diagnosis and detection of coronary artery disease help treat patients more
effectively, increase survival overall and reduce treatment costs. Myocardial perfusion
imaging (MPI) with a SPECT camera is used to diagnose coronary artery disease. The
accuracy of diagnosis depends on many factors, including the quality of the images, the
doctor's expertise, and experiences. One way to improve accuracy in diagnosing
coronary artery disease is to use machine learning to enhance the imaging quality.

Many studies have proved the value of SPECT myocardial perfusion imaging in
detecting coronary artery disease [1-3]. However, the leading cause of lower diagnostic
accuracy is attenuated noise caused by soft tissue density variations. Attenuating noise
causes areas of attenuation on cardiac SPECT pictures, making it harder to discern
between coronary artery disease and attenuated noise and lowering the method's
specificity. As a result, there are false positives in the diagnostic. [4]
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Recently, the most efficient approach to reduce attenuation noise on cardiac SPECT
images is using a CT tomography scanner to create a degradation map. This method has
many limitations, such as cost rising for equipment and additional radiation dose for
patients. Furthermore, the number of SPECT/CT machines is limited, accounting for
only around 20% of all SPECT machines globally [5, 6]. Therefore, a machine learning
model for attenuation noise reduction has been suggested and demonstrated to be
equivalent to the CT slicer approach. However, this approach has yet to be verified by
doctors using SPECT technology in the field of myocardial perfusion imaging.

In this study, we compare the diagnostic results of two physicians with attenuation-
corrected cardiac SPECT images generated by a deep learning model, CT-based
attenuation corrected cardiac SPECT images, and uncorrected cardiac SPECT images.

2. METHOD

2.1. Cardiac SPECT images and attenuation correction

Cardiac SPECT images were obtained after performing myocardial perfusion
imaging with SPECT machine according to the Bruce procedure under the guidelines of
the American Society of Nuclear Cardiology ASNC. 60 minutes before the image scan,
the patient was injected with the radionuclides Tc99m MIBI at a dose of 0.31mCi/kg for
both resting and stress phases. Dipyridamole is used at a dose of 0.56 mg/kg/ 4 min
after the heart rate reaches the theoretical 85% in patients with contraindications to
vigorous exercise.

GE Healthcare’s SPECT machines include the Optima 640, Infinia, and Ventri.
According to GE guidelines, the procedure and image settings were configured by
default. Doctors inspect image quality using specialized software such as QGS/QPS on
Xeleris servers. Figure 1 is the cross-sectional images taken during a myocardial
perfusion scan session.
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Figure 1. The cross-sectional images taken during a myocardial perfusion scan session.

Images quality is critical in myocardial perfusion imaging using SPECT equipment.
The attenuating caused by the density variation of the tissues is responsible for the non-
coronary radial defects on cardiac SPECT imaging, resulting in reduced image quality
and accuracy diagnosis [1-3].
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Currently, the most effective method to correct attenuation noise is to combine the
CT system with the conventional SPECT machine to create a SPECT/CT machine. This
method works on the principle of using X-rays to scan the patient's body and create a
map of tissue degeneration. Then, using complicated reconstruction methods, the
attenuation map is integrated with the SPECT imaging without NC degradation
correction to create images with AC degradation correction (figure 2). This method has
been demonstrated to be better than prone methods combined with an ECG [5-7].

However, combining CT with SPECT to create a SPECT/CT system increase the cost
of the machine. Also, radiation safety or radiation dose for patients is more challenging
with a SPECT/CT system. Furthermore, conventional SPECT machine systems, which
do not include the CT attenuation correction capability, account for 80% of the world's
SPECT machine systems. Only big Nuclear Medicine centers in Vietnam have
SPECT/CT equipment.
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Figure 2. The SPECT images without NC attenuation correction
and AC attenuation correction.

A recently developed deep learning model is used to correct attenuation in conventional
SPECT images. The quality of the attenuation corrected image obtained by this method is
comparable to that of the CT machine [19]. However, this method of attenuation
correction by this model requires the evaluation of doctors in Nuclear Medicine.

2.2. Attenuated correction using a deep learning model

In previous researches [19], the authors developed a deep learning network model
based on GAN and U-Net network architecture to perform attenuation correction. The
model uses 3D CNN layers to capture the connection between adjacent slice images. We
create a three-dimensional GAN model with U-Net network architecture as the
generating network employing 3D CNN layers as the major component. All of the 3D
CNN layers in the model have the same kernel size (3x3x3), stride 2, and use the ReLU
activation function. The model's network architecture is depicted in figure 3.

Generator Network: 28 sequential slice images with each image size (90x90x3) are
combined to generate a data sample with size (28x90x90x3) used as input to the
generator network. If there aren't enough slices to create a sample, zero-value slices are
added to make sure they're all the same size.

Network Compare: Discriminator is designed to discriminate between the attenuation
corrected images created from the generating network, and the attenuation corrected
images by CT of NC images. Therefore, each NC image is merged with the
corresponding AC image to form a new slice image with the size of (90x90x6). We build
a comparator - discriminator with 6 3D-CNN layers with the kernel size of (2x2x2),
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stride 2 (except the last 2 layers with stride 1). Each 3D CNN layer is followed by a
Batch Normalization Layer and a Leaky ReLU activation function.
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Figure 3. The model's network architecture.

The authors used the trained model from the study [19] to create attenuation corrected
images (GenAC). The attenuation corrected images will be evaluated by the doctor's
diagnostic process. The evaluation's results estimate the ability of GenAC images to
improve diagnostic accuracy over NC images.

2.3. Evaluation methods

First, the authors create attenuation corrected image data for 3 axes: short axis,
vertical axis, and horizontal axis. To support doctors in the diagnostic process on these
attenuation corrected images, the authors developed special software (figure 4) familiarly
showing the images with doctors. The software shows the doctor cross-sectional images
of three axes: the short axis, the vertical axis, and the horizontal axis. These axes include
AC images of the stress phase, NC images of the rest, and tress phase. The doctors label
the cases as lesions or no lesions. If a patient is diagnosed with a lesion, the doctors
determine the location of lesions: the left anterior descending (LAD), the circumflex
artery (LCX), or the right coronary artery (RCA).

We created two data sets of the same patients with the structure of each set as in table
1: Set A contains both GenAC and NC images, while set B contains only NC images. We
created two data sets of the same patients with the structure of each set as in table 1. Each
data sample includes slice images from a specific patient. During the evaluation phase,
the doctors diagnose the patients based on the images from the two data sets in table 1.

Table 1. Two data sets in the experiment.

Image sets Image type
SetA NC + GenAC
SetB NC
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Figure 4. Software to support reading results in experiments.
3. EXPERIMENT AND RESULTS

Horizontal Axis Stress NC

Rest NC

3.1. Experiment data

The data of 88 patients from 2017 to 2019 were collected at the 108 Military Central
Hospital's Department of Nuclear Medicine. These patients must satisfy two criteria:
they must be from the test data set in the authors' prior studies [18, 19] and have rest and
stress imaging data. Tables 2 and 3 provide more information on the dataset. These 88
patient data were used to help doctors diagnose and treat coronary artery disease.

The personal data of each patient, such as name, address, date of photography, and the
information part, have been removed to ensure objectivity in the assessment of the image
files and to avoid the phenomena of the doctor remembering the patient. The previous
diagnosis results were also removed. The data include SPECT cardiac images and patient
information in the process of pre-perfusion imaging with a SPECT machine.

Table 2. Statistics of patient information.

Quantity | Ratio (%)
The average age 62.47
Male 66 75
Female 22 25
Hypertension 49 55.68
Heart failure 6 6.8
Left chest pain 79 89.77
Diabetes 13 14.7
Myocardial infarction 1 1.1
Use stent 7 7.9
Total number of patients 88
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Table 1. Statistics of coronary artery disease types in the data set.

Quantity
Negative 59
Positive 29
LAD 23
LCX 9
RCA 13
Total number of patients 88

Each patient's NC images are input into the deep learning model in the study [19] to
create GenAC images. Figure 3 shows the model's architecture, which includes 3D CNN
layers to assist in detecting the relation between adjacent slice images. A generator with
a U-Net design creates corrected slice images from an uncorrected input image. Data for
sets A (NC images and images corrected by the deep learning model) and B (NC images)
are created from the 88 patients.

3.2. Experiment settings

The authors cooperated with two doctors from the 108 Military Central Hospital's
Department of Nuclear Medicine. The first doctor (Doctor 1) has ten years of experience,
while the second (Doctor 2) has seven years of experience diagnosing SPECT-based
myocardial perfusion imaging.

Two doctors will label the data from sets A and B whether the imaging data belongs
to the positive or negative group.

3.3. Result

Table 4 displays the analysis results. When comparing the diagnostic results on the set
of experiments, it showed that the diagnostic accuracy of the two doctors with Set A
increased significantly, up to 8%, in identifying cardiac disease. It means GenAC images
could help doctors diagnose more accurately than NC images only.

Figures 5 and 6 compare the two doctors' diagnosis results in two data sets. In terms
of sensitivity and specificity on each patient, these figures also show that Set A of NC
images and GenAC images gives better results than using NC images only.

When compared to Set B, the sensitivity and specificity of Set A are improved. This
demonstrates that diagnosing using additional GenAC images generated by the attenuation
corrected image prediction model is more effective than NC images only. The specificity
when using GenAC images of Doctor 1 and Doctor 2 increased by 11% and 25%,
respectively. The difference in specificity improvement between the 2 doctors could be
explained by the fact that Doctor 1 had more years of experience than Doctor 2. Sensitivity
rose by 3% for both doctors due to the efficient information from GenAC images.

Table 2. Diagnostic results of two doctors.

Set A-Gen AC SetB - NC
Accuracy | Specificity | Sensitivity | Accuracy | Specificity Sensitivity
Doctor 1 0.85 0.83 0.86 0.79 0.72 0.83
Doctor 2 0.875 0.91 0.86 0.77 0.66 0.83
Average 0.8625 0.87 0.86 0.78 0.69 0.83
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Figures 1. Comparison of the results of Doctor 1.
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Figures 2. Comparison of the results of Doctor 2.

The detection rate of patients without lesions increased significantly for Doctor 1 by
5.09% and up to 13.11% for Doctor 2 when using more GenAC images than only NC
images. So GenAC images support cardiac SPECT imaging for less experienced doctors,
significantly increasing the detection rate of patients without lesions.
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4. CONCLUSION

This research evaluates a method for generating images with GenAC attenuation
correction for SPECT machines that do not have a CT attenuation correction feature
using the 3D UNet GAN deep learning model. With an increased accuracy of 8%,
sensitivity of 3%, and specificity of 18%, this method assists doctors in improving the
diagnosis of coronary artery disease.

As a result, early detection and diagnosis of coronary artery disease could be more
accurate and effective, allowing doctors to detect the disease earlier and choose the best
treatment to retain good health while saving the patient's money. This approach helps
medical facilities to save costs without requiring CT machines or other operating
expenditures; patients also don't get high radiation doses and complicated problems
while undergoing SPECT/CT procedures.
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TOM TAT

DANH GIA HIEU QUA MO HINH HIEU CHINH NHIEU SUY GIAM
TRONG CHUP XA HINH TUGI MAU CO TIM BANG MAY SPECT

Bai bao thyc hién thie nghiém danh gia hiéu quad viéc sie dung moé hinh mang hoc sdu
dé loc nhiéu suy giam cho cdc anh ldt cdt trong xa hinh twdi mdu co tim bang méay SPECT
theo do nhay, dé dac hiéu va do chinh Xac. Nhém tdac gia thu thdp dir liéu dnh tir 88 bénh
nhén dwoc chi dinh chup xa hinh twdi mau co tim (MPI) bang mday SPECT/CT véi dg tudi
trung binh la 62.47 tuoi. Sau dé, hai tdp dir liéu dwoc tgo ra tw div liéu géc ban dau: tap A
bao gom nhitng dnh dwoc hiéu chinh bang mé hinh hoc sdu (Generated Attenuation
Correction — GenAC) va cdc anh chwea dwge hiéu chinh nhiéu suy giam NC; tap B chi gom
nhitng anh NC. Céc bé dir liéu nay dwoc chan dodn béi hai bdc st ¢é it nhdt 7 nam kinh
nghiém trong doc anh xa hinh twéi mdu co tim bang méay SPECT. Hai bdc si sé chan dodn
dwa trén dir lieu anh ma khong biét anh d6 dwoc gan nhan gi ciing nhw anh do thuoc bo dir
liéu nao. Panh gia truc quan vé do nhay, do dac hiéu, do chinh xac chén dodn va ty lé
khéng ton thwong gitka hai tdp dit liéu c6 va khéng c6 dnh hiéu chinh dwoc so sanh. Két
qua: Do dac hiéu, do nhay va do chinh xac chén dodn trung binh cua tap co anh hiéu
chinh béi mé hinh hoc sdu (GenAC) la 0.87, 0.86, 0.86; tdp gom cdc anh chuwa dwoc hiéu
chinh NC la 0.69, 0.83, 0.78.

Tir khoa: Chup cét 16p bang birc xa don photon (SPECT); Hiéu chinh nhiu suy giam (AC); Chua hiéu chinh nhiéu
suy giam (NC); Hoc sdu (DL); Bénh dong mach vanh (CAD); Xa hinh tui mau co tim (MPI).
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