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Abstract

Background: Coronary artery disease (CAD) is a global health concern. Conventional single photon emission computed tom-
ography myocardial perfusion imaging (SPECT MPI) is a noninvasive method for assessing the severity of CAD. However, it relies
on manual classification by clinicians, which can lead to visual fatigue and potential errors. Deep learning techniques have
displayed promising results in CAD diagnosis and prediction, providing efficient and accurate analysis of medical images.

Methods: In this study, we explore the application of deep learning methods for assessing the severity of CAD and identifying
cases of multivessel disease (MVD). We utilized the EfficientNet-V2 model in combination with DeepSMOTE to evaluate CAD
severity using SPECT MPI images.

Results: Utilizing a dataset consisting of 254 patients (176 with MVD and 78 with single-vessel disease [SVD]), our model
achieved an accuracy rate of 84.31% and area under the receiver operating characteristic curve (AUC) value of 0.8714 in
predicting cases of MVD. These results underline the promising potential of our approach in MVD prediction, offering valu-
able diagnostic insights and the prospect of reducing medical costs.

Conclusion: This study emphasizes the feasibility of employing deep learning techniques for predicting MVD based on SPECT
MPI images. The integration of Efficient-Net-V2 and DeepSMOTE methods effectively evaluates CAD severity and distinguishes
MVD from SVD. Our research presents a practical approach to the early prediction and diagnosis of MVD, ultimately leading
to enhanced patient outcomes and reduced healthcare costs.
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Introduction

Coronary artery disease (CAD) stands as a prominent and
pervasive global health concern that poses a threat to the
well-being of individuals worldwide. The primary culprit
behind CAD is atherosclerosis, a condition characterized
by the accumulation of plaque in the arteries, which
results in the narrowing or obstruction of blood flow to
the heart muscle. Early detection and precise prediction of
its progression are of paramount importance in reducing
mortality rates and enhancing treatment outcomes. The
diagnostic methods for CAD include electrocardiogram
(ECG), echocardiography, coronary computed tomography
angiography (CCTA), computed tomography (CT), and
myocardial perfusion imaging (MPI). Among these, MPI
is the method used by nuclear medicine departments to
diagnose CAD. It is a noninvasive examination, unlike
the widely recognized and highly effective coronary angi-
ography, which requires catheter insertion. MPI assesses
myocardial blood flow to identify the severity of arterial
stenosis and determines whether a patient has multivessel
disease (MVD) or single-vessel disease (SVD). As the treat-
ment for MVD and SVD differs, accurately identifying
whether one or multiple vessels are blocked is crucial.
During the test, patients are exposed to radiation within a
safe range, and the cost is higher compared to ECG and
echocardiography. The patient’s current physiological
state may also influence the results, potentially leading to
false positives or negatives. Additionally, the interpretation
of images requires experienced physicians. Therefore,
using artificial intelligence (AI) to assist in diagnosis can
improve accuracy, reduce diagnosis time and costs, and
can also reduce the eye fatigue of doctors when interpreting
images for a long time. Conventional single photon emis-
sion computed tomography myocardial perfusion imaging
(SPECT MPI) furnishes three-dimensional data pertaining
to a patient’s stress and rest conditions. This noninvasive
and cost-effective method plays a pivotal role in assessing
the severity of CAD, ultimately reducing unnecessary
medical investigations and aiding clinicians in delivering
precise medical care.

When interpreting SPECT MPI images, clinicians must
manually annotate and categorize each case, and the accur-
acy of the diagnosis largely hinges on the clinician’s relevant
experience. This process can be laborious and may readily
lead to visual fatigue. Consequently, there arises a need for
a system capable of assisting clinicians in the classification
process, saving them valuable time, and curbing medical
expenses. Furthermore, such a system can provide supple-
mental diagnostic information for less-experienced health-
care professionals.

Significant research endeavors have been devoted to
exploring the application of deep learning in advancing
computer-aided diagnostic systems. Deep learning, a
potent machine learning technique, has garnered substantial

attention in the prediction and diagnosis of CAD in recent
years. Deep learning models have showcased remarkable
performance in a variety of medical image analysis tasks,
including the identification of abnormalities in ECGs and
SPECT MPI. Convolutional neural network (CNN)
models, in particular, have demonstrated their capacity to
yield rapid diagnostic results and alleviate clinician
fatigue in the realm of visual diagnostics, as perceived by
healthcare professionals.1,2

Most of the past research related to detecting MVD has
been based on calculating the systolic and diastolic volumes
of blood vessels, without paying attention to imaging
feature extraction.3 There are also methods to detect cardio-
vascular damage based on ECG, that can be combined with
deep learning self-supervised transformer models.4 In add-
ition, cadmium-zinc-telluride single photon emission com-
puted tomography (CZT SPECT) images are combined
with deep learning CNN models as an auxiliary diagnosis
for myocardial ischemia.5 None of them use deep learning
technology to automatically diagnose MVD through CZT
SPECT images.

Garavand et al. conducted two studies on the application
of machine learning algorithms in the diagnosis of CAD.6,7
The first study involved comparing seven commonly used
machine learning classification algorithms, while the
second explored the use of various machine learning and
deep learning techniques in CAD diagnosis. In the compari-
son of the seven machine learning algorithms, performance
metrics and area under the receiver operating characteristic
curve (AUC-ROC) were used to evaluate each model’s effi-
ciency. The study found that random forest (RF) and
support vector machine (SVM) algorithms had the highest
efficiency. These algorithms, when combined with clinical
data and cardiac imaging data, can play a significant role in
predicting CAD. The broader study on machine learning
techniques highlighted the application of CNNs in deep
learning. CNN-based models can automatically perform
feature selection and can be implemented on mobile
devices or servers, allowing for real-time testing with
simple equipment, and providing wide accessibility to clin-
ical experts. The literature indicates that deep learning
offers substantial assistance in the diagnosis of CAD.

This study’s primary objective is to investigate the applica-
tion of deep learning techniques for evaluating the severity of
CAD in patients and identifying the presence of MVD.
Specifically, our focus lies in assessing CAD severity based
on SPECT MPI images. To accomplish this, we employed
the EfficientNet-V2 model and DeepSMOTE methodology
for classifying CAD impairment into MVD and SVD.

During the model training process, we encountered the
challenge of sparse medical imaging data. To address this
issue and enable the model to learn more lesion features,
we employed DeepSMOTE, a synthetic oversampling tech-
nique that generates new samples by interpolating between
existing ones. What sets DeepSMOTE apart from synthetic
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minority oversampling technique (SMOTE) is its incorpor-
ation of the variational autoencoder technique from deep
learning, resulting in generated images that closely resem-
ble authentic clinical images. To validate the effectiveness
of our approach, we conducted experiments using a
dataset comprising 254 patients, with 176 diagnosed with
MVD and 78 with SVD. Our model achieved an accuracy
rate of 84.31% and an AUC value of 0.8714, underscoring
its potential value in MVD prediction.

In summary, this study aimed to explore the feasibility of
leveraging deep learning methods for MVD prediction and
validated the approach of EfficientNet-V2 + DeepSMOTE
through experiments on a dataset consisting of 254 patients.
Of these, 176 were diagnosed with MVD and 78 with SVD.
Our research introduces a novel and practical approach for
the early prediction and diagnosis of MVD, with the potential
to improve patient outcomes and reduce healthcare costs.

Data introduction

The participants of this study were patients with CAD, and
data were collected from September 2019 to October 2021.
The image source is retrospective data, all of which was pro-
vided by the Department of Nuclear Medicine at Kaohsiung
Chang Gung Memorial Hospital. A total of 254 patients par-
ticipated in this study, with 176 of them diagnosed with
MVD, while the remaining 78 had SVD. The average age
of the patients was approximately 68.28 years. The patients
must be clinically diagnosed with CAD before MVD
testing can be performed, so the images are from CAD
patients. For the experiment, we selected 254 patients who
met the following criteria: (1) They had undergone invasive
coronary angiography (ICA) revealing significant coronary
stenosis. (2) They exhibited a high pretest risk of CAD
(>90%). Resting ECG displayed abnormalities. This group
of patients served as the reference database for individuals
with CAD.8-10 The treatment approach for CAD varies
based on whether a patient has a single vessel blockage or
multivessel blockage. Single-vessel blockages can often be
managed with medication. In case the blockage exceeds
70% and involves two or more vessels, interventions such
as percutaneous coronary intervention (PCI) with stent place-
ment or coronary artery bypass surgery are typically
required. It is important to note that for significant lesions
in the left main coronary artery, PCI is not considered suit-
able.11 Key characteristics of the patients, including age,
weight, risk factors for CAD, and the number of diseased
vessels, are provided in Table 1. The label of MVD was con-
firmed through invasive surgical procedures, specifically
cardiac catheterization.

All patients used the stress-only data during the SPECT
MPI, which is performed in two stages: the morning stress
stage and the afternoon rest stage. This approach is
adopted because when the stress stage SPECT MPI clearly
indicates the absence of CAD, the patient is spared from

Table 1. Patient descriptive statistics.

Age 69.6 +10.7 70.5+11.3 0.571
Gender (M:F) 150:26 64:14 0.521
Weight 72.2+51.2 67.7+13.1 0.184
Body mass index 25.8+3.6 25.2 +3.4 0.248
Hypertension 140 (79.5%) 57 (73.0%) 0.254
Diabetes 107 (60.8%) 45 (59.2%) 0.642
Dyslipidemia 119 (67.6%) 52 (68.4%) 0.882

1-vessel disease = 78 (100%)

2-vessel disease 64 (39.8%) =

Left main and/or 112 (60.2%) =

3-vessel disease

undergoing the rest stage, thus reducing the burden on the
patient.12—14 This approach is also recommended by the
International Atomic Energy Agency Nuclear Cardiology
Protocols Study (INCAPS).15 The image datas were ana-
lyzed using medical software—QPS and QGS software to
generate unmasked SPECT MPI polar map images and
masked SPECT MPI polar map images, respectively. QPS
and QGS software offer clinicians a comprehensive solution
for the analysis of SPECT MPI images. This combination of
myocardial perfusion and left ventricular function assess-
ment enhances the standardization and reproducibility of
SPECT MPI interpretation. These software tools offer quan-
titative measurements and standardized reporting, which in
turn improve interobserver agreement and facilitate longitu-
dinal patient follow-up.14

Computing platform

Our study utilized the RTX 3060 GPU with 12GB VRAM and
an Intel 17-13700 processor. We opted for Ubuntu 18.04.6 LTS
as the stable operating system. For model construction and
training, we employed Python 3.9.15 and PyTorch 1.13.0.
GPU acceleration was enabled through CUDA 11.4, signifi-
cantly enhancing training efficiency. With this hardware and
software setup, we conducted experiments to assess the per-
formance and effectiveness of the proposed method.

Methods

Statistical analysis

The imaging data of patients from the Department of
Nuclear Medicine at Kaohsiung Chang Gung Memorial
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Hospital, collected between January 2020 and December
2021, were used to assess whether there are significant dif-
ferences in characteristics of patients with MVD and SVD.
Statistical analyses were conducted using the #-test and chi-
square test. For continuous variables, such as age, weight,
and body mass index (BMI), the r-test was employed to
compare the differences in means between the two
groups. For categorical variables, such as gender, presence
of hypertension, diabetes, and hyperlipidemia, the chi-
square test was used for analysis and comparison. Both
methods were applied under the assumption of independent
samples. By calculating the p-value, we could determine if
significant differences existed, which would allow us to
further explore the impact of differences between patients
with MVD and SVD on the study results. In this study,
all p-values were greater than 0.05, indicating no significant
differences. This suggests that the variables do not influence
whether a patient falls into a particular type of CAD.

Image preprocessing

As the raw data used in the study contained a considerable
amount of irrelevant information, we needed to crop the
image. This cropping process involved the following steps:

1. Rough cut: In this initial step, we performed a rough cut
to remove the excess or irrelevant parts of the image.

2. Find the circle: Subsequently, we located and identified
the relevant circular area within the image.

3. Precision cut: With the circular region identified, we
proceeded with a precision cut to refine the selection
and isolate the specific area of interest.

4. Cut the masked image: Finally, we applied the neces-
sary cropping to the masked image, ensuring that only
the pertinent information was retained.

In this section, we will provide a detailed explanation for
each of these steps in the method.

Rough cut. In the original image, only the SPECT MPI
polar map image taken in the stress state is utilized. To
extract this specific image, we initially perform a rough
cut to define the target area. The cutting process adheres
to the principle that the selected area must encompass the
entire SPECT MPI polar map image captured during the
stress state while excluding any irrelevant sections. The ori-
ginal image measures (1640 x 1080) pixels, and we perform
the cut within the range of x=[88,568] and y=[417,892].
This results in a final image size of (480 x475) pixels.
For a detailed depiction of the cutting range and content,
please refer to Figure 1.

Find the circle. We employ the Hough method to accurately
detect the boundaries of the polar map images, which take
on a circular shape. The Hough method15 is an image pro-
cessing technique renowned for its ability to identify

Figure 1. QPS system analysis screen-shot and the rough-cut
image range.

circular shapes, making it valuable in numerous image pro-
cessing applications. This method excels at tasks such as
detecting round objects like coins or pupils, thanks to its
high accuracy and robustness. In our case, we leverage
the Hough method to detect circular shapes in the cardiac
region, aiding us in the precise analysis of cardiac images.

In the Hough method, a circle is represented as a curve in
a parameter space, where each point on the curve signifies a
specific combination of a circle’s center and radius. These
combinations are determined by applying a suitable trans-
formation formula to each edge pixel within the image.16
The circle detection process involves searching for peaks
in the parameter space to identify the circles. Following
circle detection, multiple candidate circles may emerge.
However, in the context of our rough-cut result, there is typ-
ically only one circle representing our cardiac image range.
To identify this circle, we select the largest one as our
region of interest.

Precision cut. Following the extraction of the circular
region, we proceed to mask the colors outside the circle,
as the information beyond the circle is not directly relevant.
To isolate the myocardial region in the rough-cut image, we
use the smallest outer square of the circle as the boundary.
The final outcome is visually depicted in Figure 2.

Cut the mask image. Due to the preprocessing conducted by
the QPS system, the SPECT MPI polar map image taken in
the stress state does not display the complete circular shape,
rendering it challenging to accurately identify the correct
circle area.

The error detection outcome is showcased in Figure 3(a).
However, as the corresponding positions on the original
masked image and the unmasked polar map image remain
consistent, we can utilize the circular area from the
unmasked polar map image to define the cropping boundar-
ies for the masked image. The corrected range of the
masked image is illustrated in Figure 3(b).
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(a) Rough-cut Result

(b) Circle Detect Result

(c) Final Cut Result

Figure 2. The result of image cut on each step. (a) Rough-cut result. (b) Circle detect result. (c) Final cut result.

(a) Error Circle Detect

(b) Find the Correct Region

Figure 3. Cut the mask image. (a) Error circle detect. (b) Find the correct region.

Synthetic minority oversampling technique

Collecting data for deep learning is a formidable challenge,
primarily because deep learning demands a significant
volume of training samples that must meet rigorous stan-
dards in terms of quality and diversity, encompassing all
possible scenarios and variations. In practice, assembling
such datasets is often an arduous and costly endeavor. It
consumes substantial time and human resources to annotate
and organize the data effectively. Moreover, the challenge
of data collection is exacerbated when dealing with class
imbalance. In certain medical-related tasks, certain types
of samples may be rare or challenging to discern. Patients
typically undergo examination when they suspect they
have a disease, and data concerning that disease are gath-
ered. Consequently, there tends to be a scarcity of healthy
data in the database, creating an imbalance in medical-
related datasets. The issue of class imbalance can signifi-
cantly impact the model’s performance. It tends to prioritize
the more frequently occurring class, which can lead to dif-
ficulties in accurately predicting the less frequent class.
Several studies have already proposed the use of syn-
thetic data to address the issue of insufficient training data-
sets. In one study,17 liver tumor images generated with
generative adversarial networks (GAN) were shown to
effectively enhance the sensitivity of liver lesion

classification from 78.6% to 85.7% and improve specificity
from 88.4% to 92.3%. The substantial increase in specificity
from 88.4% to 92.3% underscores the effectiveness of the
synthetic data method in enhancing the model’s accuracy.
In another study,17 GAN was employed to generate MPI
polar map images, and a visual Turing test (VIT) was con-
ducted to assess whether human observers could distinguish
the synthetic images from actual ones. The initial prediction
accuracy was 61.1%, with a standard deviation of 21.5%,
which was not significantly higher than random guessing.
Drawing from the insights of the above mentioned
papers,18,19 numerous methods have been devised to
tackle the data imbalance issue through the use of synthetic
data. However, both of these studies hinged on GAN as
the generative model—a method that proves challenging
when the training dataset is limited.20 In our approach, we
leverage SMOTE as a solution to data generation and imbal-
ance.21 SMOTE is a widely adopted oversampling method
that excels at increasing the number of minority samples in
a dataset by synthesizing new samples. This technique effect-
ively balances the dataset, enabling the model to focus on
learning the distinctive features of each class, rather than
being biased by the number of instances in each class.

The fundamental concept behind SMOTE is the gener-
ation of new samples within the minority class. The
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process involves selecting a minority sample and creating new
instances by identifying the K-nearest neighbors of that
sample. In Naive SMOTE, the process randomly selects the
K-nearest neighbors for each chosen sample and conducts
linear interpolation between the selected sample and each
neighbor to produce a new sample. The quantity of new
samples generated is determined by the desired level of over-
sampling. SMOTE has proven to be highly effective in balan-
cing class distributions and enhancing model performance
across a range of applications, including credit fraud detec-
tion, medical diagnosis, and natural language processing. In
the SMOTE algorithm, the quality of the different types of
samples acquired significantly impacts the quality of the gen-
erated data. Therefore, various sampling methods like
Borderline SMOTE, DeepSMOTE, and others have been
developed to enhance the data generation process.

Borderline SMOTE proves particularly valuable when
dealing with scenarios where the minority class is situated
on the periphery of the majority class. In our dataset, it is
challenging to visually confirm the proximity between the
minority class (SVD) and the majority class (MVD).
Hence, we employ Borderline SMOTE to generate these
exceptions, thereby enhancing the model’s classification
capability. However, both Naive SMOTE and Borderline
SMOTE are primarily suited for structured data. When pro-
cessing unstructured data, such as video or audio, the
quality of synthesis tends to be lower. This is because
audio or video data require consideration of spatial informa-
tion. When feeding data into Naive SMOTE and Borderline
SMOTE, each feature, for instance, the three channels of
image pixels, is treated as an independent point. This
approach can lead to color artifacts during interpolation.
To bridge this gap and create synthetic images that
closely resemble actual ones while avoiding color anomal-
ies, we introduce DeepSMOTE for data composition.

DeepSMOTE. DeepSMOTE is the extension of SMOTE,
specifically tailored for deep learning models. In contrast
to Naive SMOTE, which primarily relies on feature space

interpolation ~ for  synthetic  sample  generation,
DeepSMOTE capitalizes on the feature representations
learned by deep neural networks, resulting in the creation
of more realistic synthetic samples. The DeepSMOTE
process begins with the training of a deep neural network
on the original imbalanced dataset, utilizing standard archi-
tectures like CNNs or recurrent neural networks.
Subsequently, it employs feature space augmentation tech-
niques to generate synthetic samples within the learned
feature space. DeepSMOTE generates new samples by per-
turbing existing samples in the feature space, moving them
along the direction of the gradient. This approach creates
new samples that are more representative of the minority
class. The input shape of each DeepSMOTE model layer
is outlined in Figure 4 and consists of two main parts: an
encoder and a decoder, both integral components of the
DeepSMOTE architecture. The encoder is responsible for
generating image features, which are then subjected to geo-
metric SMOTE to produce new image features. After gen-
erating the new image feature, the decoder utilizes it to
produce the synthetic image. Research studies22,23 have
demonstrated the effectiveness of DeepSMOTE in signifi-
cantly improving the performance of deep learning
models when handling imbalanced datasets. Its applications
span a wide array of domains, including medical image ana-
lysis, speech recognition, and natural language processing.
One notable advantage of DeepSMOTE is its reliance on
feature space interpolation, as opposed to feature interpol-
ation. This difference results in more diverse and realistic
synthetic samples, which, in turn, can mitigate the risk of
overfitting. Nevertheless, it is essential to acknowledge
certain limitations of DeepSMOTE.

In particular, it necessitates a pretrained deep learning
model, which incurs training time and additional computa-
tional costs. Additionally, there is the potential for overfit-
ting issues in the DeepSMOTE model, which may lead to
inconsistencies in the quality of the generated images, par-
ticularly concerning the retention of disease features. In our
experimental results, DeepSMOTE has exhibited superior

3 X 256 X 256 3 X 256 X 256
Image Feature /)
64 X 128 X 128 600 64 X 128 X 128
128 X 64 X 64 E 128 X 64 X 64
256 X 32 X 32 1 256 X 32 X 32
512X 16 X 16 | [512 X 16 X 16

| |- |

Encoder Decoder

Figure k. The input shape of each DeepSMOTE model layer.
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predictive performance compared to other SMOTE
methods and has effectively addressed the imbalance chal-
lenge encountered during the training of the deep learning
model in this study.

Convolutional neural network models

The CNN models have recently achieved remarkable
success in large-scale image and video recognition,
thanks in part to the availability of extensive public image
repositories like ImageNet.24 The realm of 2D CNN
boasts a plethora of pretrained models, some of which
have gained considerable recognition, such as VGG-16,
ResNet-18, Inceptionv3, and EfficientNet. When it comes
to image recognition, the adoption of a pr-trained model
offers several advantages. First, it obviates the need to
invest substantial time in constructing a model’s architec-
ture. Second, the use of a pretrained model typically
results in significantly higher accuracy compared to a
custom-built CNN model. In this study, we opted to
employ the architecture of EfficientNet-V2 as our model
framework. The original EfficientNet-V2 was designed
for classifying 1000 classes, but our task involves only
two classes. Consequently, we retain the convolution
layers and eliminate one of the fully connected layers,
which originally had 1280 neurons. Furthermore, we
employ the sigmoid function as the output activation func-
tion instead of the SoftMax function.

Performance metrics

Determining the quality of a model is not always straight-
forward, necessitating the use of specific indicators to
assess its performance and serve as the basis for model
selection. In the context of classification problems, the con-
fusion matrix (as illustrated in Table 2) is a widely
employed tool for evaluating performance, offering
various metrics such as true negative, false negative, true
positive, and false positive. These metrics, when combined
and interpreted appropriately, help us select a primary per-
formance indicator.

During the training phase, we identify the epoch with the
highest validation metric as the final model. In binary clas-
sification problems, several common indicators are used to

Table 2. Confusion matrix.

True Negative (N)  True Negative (TN)  False Positive (FP)

Positive (P)  False Negative (FN)  True Positive (TP)

gauge performance, including: (1) Accuracy: reflects the
overall correctness of the model’s predictions; (2)
Sensitivity: also known as the true positive rate or recall,
measures the ability to correctly identify positive instances;
(3) Specificity: measures the ability to correctly identify
negative instances; (4) Precision: reflects the model’s
ability to make accurate positive predictions; and (5)
Balance accuracy: provides a balanced assessment of
model performance across both positive and negative classes.

TP TN
Accuracy = -+ N (D)
P +N
TP
Sensitivity = ——— (2)
TP 4+ FN
TN
Specificity = — (3
pecificity TN + Fp 3)
FP
Precision = ———— (4
recision TP + EP “)

Sensitivity + Specificity

Balance accuracy = 5

(&)

Depending solely on metrics like accuracy, sensitivity,
and specificity may offer a limited assessment of model per-
formance, particularly when dealing with imbalanced data.
The AUC addresses this limitation by considering sensitivity
and specificity across various classification thresholds,
resulting in a more comprehensive evaluation of the
model’s classification capability. AUC also provides a
dependable means to compare the performance of different
models, representing the probability of correct classification.
Higher AUC values indicate superior classification ability.

In contrast, accuracy, sensitivity, and specificity offer
insights at specific thresholds, making them less suitable for
comprehensive model comparisons. Furthermore, AUC is valu-
able for assessing model stability. Unlike accuracy, sensitivity,
and specificity, AUC exhibits minimal variation when con-
fronted with minor dataset or prediction changes. In
summary, incorporating AUC alongside other metrics enhances
the assessment of a classification model’s performance.

Results

Experiment data

In this study, we assess the performance of our model in
addressing the MVD classification problem. Our dataset
comprises a total of 254 records, with 176 falling under
the category of MVD, while the remaining 78 are classified
as SVD. Each data point includes information regarding the
damage to the left anterior descending (LAD), left circum-
flex artery (LCX), and right coronary artery (RCA) blood
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vessels, with the number of affected blood vessels outlined
in Table 3.

Synthetic data

We performed a series of experiments employing four dif-
ferent methods: no SMOTE, Naive SMOTE, Borderline
SMOTE, and DeepSMOTE. The primary objective of
these experiments was to assess the efficacy of these
methods in enhancing the classification performance of
our model. To address the imbalance in the dataset, we har-
nessed the power of Naive SMOTE, Borderline SMOTE,
and DeepSMOTE to generate synthetic image data specific-
ally for the minority class. The outcomes of these genera-
tions for both the unmasked and masked datasets are
visually represented in Figures 5 and 6, respectively.
Upon visual inspection, it becomes apparent that the

Table 3. Number of individual vessels damaged in SVD and MVD.

SVD 59 9 10
MVD 166 130 140
Total 225 139 150

images generated through Naive SMOTE and Borderline
SMOTE display peculiar blue or green hues. This
anomaly can be attributed to the fact that both Naive
SMOTE and Borderline SMOTE utilize interpolation tech-
niques based on the original images. When the selected
images encompass pixel regions of orange and purple
colors, the interpolation process may inadvertently
produce blue or green colorations. Furthermore, variations
in the balance of orange and purple colors can give rise to
the emergence of other distinctive color tones.

Model setting

In our research, we leveraged the pretrained
EfficientNet-V2 model available in PyTorch to extract
essential features from the input images. The PyTorch pre-
trained model, having been trained on the ImageNet dataset,
typically includes a final classification layer that outputs
predictions across 1000 different classes. In order to tailor
this model to our specific binary classification problem,
we made a modification by replacing the final classification
layer with a single output neuron. Following the classifica-
tion layer, the model produces a prediction score. It is
important to note that this score is not a direct probability
of having MVD. To transform the prediction score into a
probability, we applied the sigmoid function. To determine
the threshold for identifying MVD, we employed a

a

No SMOTE

b) Naive SMOTE

Borderline SMOTE

(d) DeepSMOTE

Figure 5. Unmasked image with four synthesis methods. (No SMOTE). (b) Naive SMOTE. (c) Borderline SMOTE. (d) DeepSMOTE.
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e) No SMOTE

(f) Naive SMOTE

g) Borderline SMOTE

(h) DeepSMOTE

Figure 6. Masked Image with four synthesis methods. (a) No SMOTE. (b) Naive SMOTE. (c) Borderline SMOTE. (d) DeepSMOTE.

technique known as the Youden index. This index helps us
select a threshold that maximizes the ability to distinguish
between MVD and non MVD cases. Samples with prob-
abilities exceeding this threshold are categorized as
having MVD. During the training process, we employed
the binary cross entropy (BCE) loss function, coupled
with the Adam optimizer. To fine-tune the model’s hyper-
parameters, specifically the learning rate and batch size,
we conducted a grid search within the following ranges:
learning rates from [5SX107(—4), 5X107°=5), 5X
10A(—6)] and batch sizes from (8,16,32). To address the
challenge of data imbalance, we applied the weight balan-
cing method within the BCE loss function, ensuring that
the data remained balanced in scenarios where no
SMOTE augmentation was used. We established a training
epoch of 150 for each model, guaranteeing convergence,
and saved the model with the highest validation AUC
across all epochs.

Experiment results

This study comprised two experiments designed to assess
the impact of different oversampling methods and the util-
ization of masked images on the performance of deep learn-
ing models in image analysis. The experiment results are
summarized in Table 4 and Figure 7, and are elaborated
upon below, highlighting the key observations. We begin
by examining the results for unmasked images. As depicted

in Figure 5, four oversampling methods were compared: No
SMOTE, Naive SMOTE, Border-line SMOTE, and
DeepSMOTE. The result of DeepSMOTE demonstrated
the highest accuracy, achieving 74.51%, signifying its
effectiveness in improving accuracy. Following closely is
the No SMOTE method, registering an accuracy of
70.59%. In contrast, the Naive SMOTE and Borderline
SMOTE methods yielded lower accuracy rates of 62.75%
and 50.98%, respectively, indicating that their performance
in this aspect was comparatively inferior. The result of
DeepSMOTE excelled with a significantly higher sensitiv-
ity of 94.29%. This indicates that the method is exception-
ally sensitive to identifying positive samples, particularly
images featuring MVD characteristics. In contrast,
Borderline SMOTE exhibited the lowest sensitivity at
31.42%. Notably, substantial discrepancies were also
observed across the oversampling methods concerning spe-
cificity and Balance accuracy.

We now shift our attention to the results obtained when
employing masked images, which offer more precise
feature areas. As outlined in Table 5, the accuracy of all
oversampling methods showed improvements when
masked images were utilized. In particular, DeepSMOTE
once again outperformed others, achieving an accuracy of
84.31%. This underscores the substantial positive impact
of employing masked images on enhancing the model’s
accuracy. Moreover, the specificity of all oversampling
methods exhibited improvement when masked images
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Table &. Unmasked result.

No SMOTE 0.7196 70.59 71.43 68.75 70.09 76.92
Naive SMOTE 0.6875 62.75 62.85 62.50 62.67 69.84
Borderline SMOTE 0.6304 50.98 31.42 93.75 62.58 46.81
DeepSMOTE 0.7125 74.51 94.29 31.25 62.77 83.54
Accuracy=0.7059 Accuracy=0.6275 Accuracy=0.5098 Accuracy=0.7451
5 3 3 1 & s 11
g ikl 5 % 10 6 g s
@ V] Q (]
> - > E
= = = =
5 10 25 . 22 & 1 5 2 EE
= s 2 3
MVDI(-) MVD(+) MVD(-) MVD(+) MVD(-) MVD(+) MVD(-) MVD(+)
Predicted Predicted Predicted Predicted
No SMOTE Naive SMOTE Borderline SMOTE Deep SMOTE

Figure 7. Confusion matrix of unmasked result.

Table 5. Masked result.

No SMOTE 0.8732 72.55 65.71
Naive SMOTE 0.7964 74.51 74.28
Borderline SMOTE 0.8107 72.55 71.42
DeepSMOTE 0.8714 84.31 85.71

were incorporated, leading to enhanced balance accuracy.
However, it is noteworthy that the sensitivity of all over-
sampling methods slightly decreased with masked images
but remained relatively high. In summary, it can be con-
cluded that the integration of masked images yields
improvements in accuracy and specificity while potentially
affecting sensitivity to a certain extent. Furthermore,
DeepSMOTE closely approached the best-performing No
SMOTE in terms of AUC and consistently delivered com-
mendable accuracy. With the use of masked images, the
balance accuracy of DeepSMOTE demonstrated significant
superiority across all scenarios. This indicates that employ-
ing masked images alongside DeepSMOTE in MVD pre-
diction tasks can effectively mitigate the impacts of data
imbalance and enhance prediction performance (Figure 8).

87.50 76.61 76.67

75.00 7464 78.69

75.00 73.21 78.13

81.25 83.48 88.24
Discussion

Over the past decade, statistics from the Ministry of Health
and Welfare has consistently identified cardiovascular dis-
eases as the second leading cause of death in the
Taiwanese population. In the year 2022, Kaohsiung
Chang Gung Hospital provided outpatient care for a total
of 3497 patients with cardiovascular diseases.

Among these patients, a subset of 254 individuals under-
went nuclear medicine examinations and received a diagno-
sis of CAD. The criterion for further assessment revolved
around the presence or absence of MVD. To delve deeper
into the factors contributing to CAD, statistical analysis
was conducted, considering variables such as diabetes,
lipid abnormalities, hypertension, smoking, and heart
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Figure 8. Confusion matrix of masked result.

failure. Although previous research has recognized various
risk factors associated with CAD, the inconclusive signifi-
cance observed in this study could potentially be attributed
to limitations stemming from the sample size. Based on our
experimental findings, we have identified distinct impacts
associated with different oversampling methods on the
models’ performance in terms of classification ability.
Notably, the Naive SMOTE and Borderline SMOTE
methods were observed to be less effective in enhancing
the models’ predictive capabilities. In contrast, the
DeepSMOTE method emerged as a standout performer, sig-
nificantly boosting the model’s accuracy in predicting MVD.

Moreover, when masked images were introduced,
DeepSMOTE managed to further alleviate bias within the
model’s predictions and attain the highest balance accuracy.
This observation bears substantial significance for our
study. It underscores the fact that oversampling methods
yield varying effects on model performance, and not all
methods are equally proficient at enhancing classification
ability. In this particular context, the DeepSMOTE
method demonstrates distinct advantages in handling the
MVD prediction task. It not only enhances accuracy but
also excels in achieving superior balance accuracy by miti-
gating the adverse effects of data imbalance. In a related
study, researchers achieved an AUC of 0.825 for MVD pre-
diction using clinical information and logistic regression
methods.25 In comparison, our approach, which combines
DeepSMOTE and masked image techniques, resulted in a
relatively high performance with an AUC of 0.871. It is
important to note that the DeepSMOTE method, due to
its deep learning nature, demands more computational
resources and time than other methods.

In summary, our research findings demonstrate the
effectiveness of utilizing synthetically generated data
through the SMOTE method in improving the classification
performance of deep learning models on imbalanced data-
sets. By leveraging DeepSMOTE in conjunction with
masked images, we have constructed a model that performs
on par with the current best model in predicting MVD.

Although DeepSMOTE exhibits the most favorable per-
formance among various SMOTE methods, it comes at
the expense of increased computational resources and
time requirements.

In the medical clinical use scenario, the DeepSMOTE
model from this study first interprets stress images, provid-
ing doctors with red/yellow/green warning indicators in
sequence: red for CAD, yellow for uninterpretable
images, and green for no CAD. Doctors only need to
focus on interpreting images with a red warning, which
indicates myocardial defects, and compare these with rest
images to write reports. This approach will significantly
reduce the time doctors spend on image interpretation,
thereby improving the quality of patient care.

In the future, we aim to prioritize cooperation with other
Chang Gung Memorial Hall campuses to expand the
sample size of the training set and enhance its predictive
capabilities. The resulting model will be made available
to other hospitals for external validation, thus promoting
broader applicability and robustness.

Conclusion

Based on the existing research findings, it appears that
despite the presence of numerous risk factors associated
with CAD, these factors alone cannot reliably distinguish
between patients with MVD and SVD. This lack of differ-
entiation may be attributed to variations in sample sizes,
potentially resulting in less pronounced significant relation-
ships. Furthermore, it is plausible that the impact of these
risk factors on disease progression may not yet be substan-
tial enough. Therefore, the implementation of an interpret-
ive service system proves highly valuable in the diagnosis
of this condition. This system can offer valuable insights
into disease diagnosis, even in situations where risk
factors alone do not suffice to determine whether a patient
has MVD or SVD.

In conclusion, the results of our study highlight the effect-
iveness of synthetic data generated through SMOTE-based
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methods in enhancing the classification capabilities of deep
learning models for unbalanced datasets. By employing the
DeepSMOTE method in conjunction with masked images,
we have developed a model that performs comparably to
the current best model in predicting MVD. Among the
various SMOTE methods, DeepSMOTE demonstrates the
most favorable performance; however, it comes with
higher computational resource and time requirements.
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