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AI-based classification algorithms in SPECT myocardial 
perfusion imaging for cardiovascular diagnosis: a review
Nikolaos I. Papandrianosa, Ioannis D. Apostolopoulosb, Anna Felekia, 
Serafeim Moustakidisa,c, Konstantinos Kokkinosa and Elpiniki I. Papageorgioua

In the last few years, deep learning has made a 
breakthrough and established its position in machine 
learning classification problems in medical image 
analysis. Deep learning has recently displayed remarkable 
applicability in a range of different medical applications, 
as well as in nuclear cardiology. This paper implements a 
literature review protocol and reports the latest advances 
in artificial intelligence (AI)-based classification in SPECT 
myocardial perfusion imaging in heart disease diagnosis. 
The representative and most recent works are reported to 
demonstrate the use of AI and deep learning technologies 
in medical image analysis in nuclear cardiology for 
cardiovascular diagnosis. This review also analyses the 
primary outcomes of the presented research studies and 

suggests future directions focusing on the explainability 
of the deployed deep-learning systems in clinical practice. 
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Introduction
Heart disease is the highest-rated cause of death globally, 
and more specifically, coronary artery disease (CAD) is 
the most prevalent type that occurs [1]. CAD is devel-
oped when the blood supply leading to the heart muscle 
is impassable due to a blocked coronary artery. The early 
detection of any signs of heart disease of any kind is cru-
cial, thus providing an efficient treatment and easing a 
patient’s life [2].

Single-photon emission computer tomography (SPECT) 
myocardial perfusion imaging (MPI) is an extensively 
used technique in analyzing heart images. This approach 
is a noninvasive diagnostic imaging procedure [3] that 
provides three-dimensional heart representation infor-
mation in stress and rest mode. Furthermore, it is a 
cost-effective technique for CAD diagnosis that com-
putes the severity of CAD, reduces unnecessary angi-
ographies, and helps demonstrate the proper treatment. 
Expert clinical readers visually classify the labeling of 
each SPECT case; however, it is time-consuming and 
depends on the corresponding reader’s related expe-
rience. Therefore, an autonomous system is needed to 
assist clinical experts with diagnosing and classifying 
the images, further achieving high accuracy and reduc-
ing healthcare costs [4,5]. Computer-aided systems and, 
more specifically, deep learning (DL) methodologies 
have rapidly been utilized in clinical diagnostics as they 
can reduce doctors’ daily struggles [6–8]. Moreover, they 
have adopted magnificent approaches to avoid errors, 
which are being applied in diagnosing various diseases 
[9].

The recent development of innovative methods and 
techniques in image processing and analysis has been 
pushed by the exponential growth of data over the past 
few decades and the rapid expansion in the computing 
capability of modern computer systems. These appli-
cations range from simple and well-known artificial 
intelligence (AI) methods like artificial neural networks 
(ANNs) [10] and support vector machines (SVMs) [11] to 
more complicated and deep networks like convolutional 
neural networks (CNNs) [12] and generative adversarial 
networks (GANs) [13]. Particularly in the CAD domain, 
CNNs have been applied in numerous research studies 
regarding the prediction of abnormalities because they 
can learn patterns and perform perfectly with images [9].

The field of CAD classification is expected to be domi-
nated by DL, especially CNNs. The vast research volume 
on CNNs is evidence of their efficacy and widespread 
usage. Various research communities are simultaneously 
creating these applications, yet the results of their dis-
semination are dispersed throughout an extensive array 
of conference proceedings and publications. The main 
contribution of the present work is to report related AI 
studies for CAD classification utilizing SPECT MPI 
images with respect to extracted metrics like accuracy, 
sensitivity, specificity and area under the curve (AUC). 
DL methodologies are being examined and compared 
against standard quantitative methods. The review study 
classifies the research papers according to their DL 
methods, their validation procedures in terms of data size 
and evaluation method, and their quantitative results. 
In the Discussion section, the study presents the most 
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significant results and highlights major limitations that 
need future examination.

The present paper is organized into the following sec-
tions: Section 2 briefly describes the dominant machine 
learning (ML) and DL methods found in the literature. 
In Section 3, the review methodology, inclusion and 
exclusion criteria, as well as the literature sources are 
described. A detailed discussion is provided in section 4, 
highlighting the major findings and challenges, whereas 
the last section outlines the concluding remarks.

Machine and deep learning: main aspects
Machine learning
Machine learning (ML) is an AI system that aids algo-
rithms to become more accurate by learning the extracted 
knowledge from data and successfully predicting the out-
come without the need to program them fully. Learning 
is divided into unsupervised, supervised and semisuper-
vised. Regarding unsupervised, the autonomous model 
creates patterns and forms groups using unlabelled data. 
In contrast, supervised learning uses labels along data, so 
the algorithm produces features through iterations of the 
dataset. Semisupervised learning is a combination of the 
above methods, where some data are labeled and some 
are not [6]. A key factor when employing ML is the split 
of the dataset into training, testing and validation. For 
example, the training dataset may consist of 85% of the 
total dataset, whereas the remaining 15% is used for test-
ing. The validation dataset typically includes 20% of the 
training dataset. More specifically, the training dataset 
contains images and the corresponding output for pattern 
extraction while training the model. The validation data-
set helps the model fine-tune its hyper-parameters after 
each epoch, which optimizes error. In contrast, the testing 
dataset extracts the final accuracy and loss in classifying 
unseen data [14].

Deep learning
DL is a subset of ML based on the application of neural 
networks (NNs). NNs derive their functionality from the 
biological synaptic systems. NNs include input, hidden, 
and output layers in the simplest form. More specifically, 
a deep NN is a network with multiple hidden layers. DL 
is the application of deep NNs [15].

Regarding the input layer, it can accept large amounts of 
data and transfer them to the hidden layer(s) for process-
ing and extracting patterns, where each layer tries to pro-
duce more abstract features to achieve generability. The 
produced features of the hidden layers are transmitted to 
the output layer to extract the corresponding prediction 
[16]. A CNN is a type of deep NN that has demonstrated 
extreme efficiency in classifying images. It can encounter 
each pixel as a value and insert them into an array [15,16]. 
In general, CNN models design a hierarchical structure 
of extracting features. Their most significant advantage 

is that there is no need for predefined image features 
[16]. With respect to their extracted results, CNNs have 
become an integral tool in medical image analysis since 
they can retrieve hierarchical features by processing 
high-level from low-level features [17].

DL techniques enable people to (1) automatically learn 
from data, (2) detect underlying patterns and eventually 
(3) make efficient decisions. DL provides an advanced 
analytics tool for medical diagnosis with automatic fea-
ture learning and high-volume modeling capabilities. It 
uses a cascade of layers of nonlinear processing to learn 
the representations of data corresponding to different 
levels of abstraction. The hidden patterns underneath 
each other are then identified and predicted through end-
to-end optimization. Thus, DL offers great potential to 
boost data-driven medical decision-making applications.

The primary ML and DL algorithms, as presented in the 
publications included in this study, are summarized in 
further detail in Table 1, which can be found below.

Materials and methods
The present review follows the process defined in the 
reporting items for systematic reviews and meta-analy-
ses (PRISMA) guidelines [24]. Each step of the review 
process (literature search, databases, and study selection) 
was independently performed by two authors (N.P., A.F.). 
Discrepancies were resolved by a third author (E.P.).

Literature search
A structured literature search was conducted in the fol-
lowing databases: (a) MEDLINE (through PubMed) and 
(b) SCOPUS. Articles cited by the retrieved papers, as 
well as articles citing the retrieved papers (using Google 
Scholar), were also identified by conducting a supple-
mentary manual search. The potential eligibility of the 
articles was initially decided based on their titles and 
abstracts. The authors investigated full texts to verify 
whether the initial qualifiers fulfilled the inclusion crite-
ria. The structured search strategy per database is quoted 
below.

Databases
MEDLINE: ((Nuclear medicine) OR (SPECT)) AND 
(Coronary Artery Disease) AND ((deep learning) OR 
(convolutional neural networks) OR (artificial intel-
ligence) OR (generative adversarial networks) OR 
(explainable) OR (machine learning)).

SCOPUS: TITLE-ABS-KEY ((‘coronary artery disease’ 
AND ‘SPECT’ AND (‘deep learning’ OR ‘artificial 
intelligence’ OR ‘convolutional neural networks’ OR 
‘explainable’)).

Eligibility criteria
The inclusion criteria were as follows: (1) papers 
published between the 1st of January 2017 and the 



Copyright © 2022 Wolters Kluwer Health, Inc. Unauthorized reproduction of this article is prohibited.

PECT myocardial perfusion imaging Papandrianos et al.  3

15th of March 2022 (date of literature search)); (2) 
SPECT MPI images used for the CVD classification in 
nuclear medicine; (3) AI-based algorithms, including 
both traditional ML and DL techniques investigated 
for cardiovascular diagnosis; (4) explainable artificial 
intelligence of SPECT for diagnosis of coronary artery 
disease.

The exclusion criteria were as follows: (1) articles not 
related to AI/ML; (2) articles published before 2017; (3) 
Websites and online material; (4) nonoriginal research 
articles, such as protocols, reviews, meta-analyses, etc.; 
(5) articles not written in English; (6) student theses, 
book chapters, editorials, and commentaries; (7) papers 
describing frameworks, platforms, software, libraries, etc.; 
(8) papers investigated PET or PET/CT for cardiovascu-
lar diagnosis.

Literature collection
The literature search was performed by supplying the 
search strings for each database, as shown in section 3.2. 
As a response, these search queries returned many pub-
lications. The search results from each database were 
assessed according to the predefined inclusion/exclusion 
criteria. The outcomes of 342 research articles were con-
sidered based on the selection criteria. As per the exclu-
sion criteria, only qualified articles, book chapters and 
summary reports were chosen. Journal editorials, news-
letters, and papers not in English were excluded. Thesis 
reports and brief reports were excluded too. According 
to the inclusion criteria, we abided by the following con-
siderations: reference of the author, year of publication, 
whether it belongs to a journal or conference proceeding, 
the definition of the relevant CAD diagnosis focusing 
on the type of AI methods, such as DL, ML, CNNs and 
explainable AI.

Furthermore, we scrutinized the abstract and summary 
of the chosen articles to investigate whether the selected 
articles fully satisfy the inclusion criteria. All insignifi-
cant and unrelated articles were discarded at this stage. 
Similarly, all academic research papers that did not match 
the inclusion criteria of AI methods were discarded too. 
After reviewing the remaining 82 papers, the second stage 
of articles’ extraction followed, in which papers describ-
ing AI frameworks, platforms, software, nuclear medicine 
libraries and papers investigating PET or PET/CT for 
cardiovascular diagnosis were excluded.

Finally, 23 studies satisfied the eligibility criteria and 
were chosen for in-depth analysis and study. The com-
plete process is visualized in Fig. 1.

Results
The research study identified 23 related publications 
that qualify for reporting. Fig. 2 shows the distribution of 
publications during the investigated period.

There is an evident increase in publications, reflect-
ing the growing interest in AI-based CAD diagnosis in 
nuclear medicine utilizing SPECT MPI scans. As for 
the limited number of publications in 2022, this is since 
this review was conducted up to June 2022. However, 
an increasing tendency in the number of publications is 
anticipated. Out of the 23 reviewed publications, 22 are 
published in peer-reviewed journals. An analytical over-
view of the journals and conferences that participate in 
publishing is presented in Fig. 3.

We thoroughly reviewed all selected articles and finally 
retained those which applied AI methods such as ANN, 
SVM, Random Forest (RF), ML, DL, CNN, etc., for 
CAD diagnosis in nuclear medicine.

Related work in diagnosis/classification
Exploring the research conducted so far regarding com-
puter-aided systems addressing CAD diagnosis with 

Table 1  Brief presentation of the ML and DL models reported in 
the papers of our survey

Category Model Short description 

ML
Random 

Forest 
[18]

Random Forest is an ensemble learning approach for 
classification and regression that works by generat-
ing a large number of decision trees during training. 
For classification problems, the output of a random 
forest is the class that most of the trees choose.

Logit-
Boost 
[19]

LogitBoost is a classification-boosting technique that 
performs additive logistic regression. In contrast 
to well-known boosting algorithms (such as 
AdaBoost, which reduces the exponential loss), 
LogitBoost minimizes the logistic loss.

XGBoost 
[20]

XGBoost is a distributed gradient boosting toolkit 
tuned for efficiency, flexibility, and portability. It 
incorporates ML methods inside the context of 
Gradient boosting. XGBoost offers a parallel 
tree boosting (also known as GBDT, GBM) that 
efficiently and precisely solves several data science 
challenges.

ANN 
[21]

ANNs provide a rough approximation of how the 
human brain processes and evaluates information. 
They are composed of successive layers, referred 
to as the input, hidden, and output layers. The 
hidden layer is responsible for processing and 
transmitting the information from the input layer to 
the output layer.

DL CNN 
[12]

CNNs are utilized in computer vision and pattern 
recognition. CNNs are neural networks with the fol-
lowing layers: input, convolution, pooling, and fully 
connected layers. Convolution layers scan input 
dimensions using filters that execute convolution 
operations. Pooling is a down-sampling process 
used after a convolution layer. Fully connected lay-
ers, in which each input is connected to all neurons 
in the following layer, are commonly found towards 
the end of CNN designs to improve class scores.

3D-CNN 
[22]

3D CNNs are a generalization of 2D CNNs in 3D. 
They accept a 3D volume or a series of 2D frames 
as input. Then, kernels traverse three dimensions 
of data to generate three-dimensional activation 
maps. They learn effective representations of 
volumetric data overall.

Graph 
CNN 
[23]

Graph CNN is a convolutional neural network 
that can directly operate on graphs and use the 
structural information they contain. It addresses the 
issue of categorizing graph nodes when labels are 
supplied for just a limited portion of nodes (semisu-
pervised learning).
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SPECT MPI data, many published papers have applied 
CNNs and investigated their capabilities in classify-
ing images. More specifically, Otaki et al. [1]. aimed 
to construct an explainable DL model to detect any 
signs of obstructive CAD in SPECT MPI images. For 
this research, 3.578 patients with suspected CAD were 
included in only stress representation. A model from 
scratch was developed, including age, sex, and cardiac 
volumes of patients in the last fully connected layer, 
so the model further understands CAD’s characteris-
tics. Concerning the results, the DL model provided 
0.83% AUC after implementing 10-fold repeated test-
ing to validate the accuracy, outperforming the read-
er’s diagnosis, which produced 0.71% AUC. Moreover, 
attention maps were generated through the Grad-CAM 
(gradient-weighted class activation mapping) algorithm 
to highlight the parts that reveal the corresponding 
output.

Chen et al. [8]. focused on implementing a three-dimen-
sional CNN to classify MPI scans into abnormal and 
normal. A total of 979 patients were included in CZT 
(cadmium zinc telluride) SPECT format and greyscale 
mode. Also, Grad-CAM was applied to observe the 
parts contributing to the corresponding prediction. The 
3D model extracted 87.64% accuracy using a five-fold 
cross-validation technique and shows great potential in 
assisting the clinical diagnosis of SPECT images.

Spier et al. [25]. developed a Graph CNN to automatically 
classify myocardial polar maps into normal and abnormal. 
The dataset includes 946 labeled images in a sitting upright 
position and stress and rest representation. Additionally, a 
four-fold cross-validation technique was applied to vali-
date the extracted performance of the model. Moreover, 
heatmaps were produced, so the regions that indicate the 
abnormality and their frequency of appearance are demon-
strated. The model achieved 89.9% on rest polar maps and 
91.1% on stress polar maps, demonstrating that the model 
can support future clinical decisions.

Furthermore, Liu et al. [26]. applied a deep CNN, termed 
ResNet-34, to automatically diagnose myocardial per-
fusion abnormalities. A total of 37,243 patients were 
included in stress-only SPECT MPI representation and 
were labeled as normal or abnormal by a nuclear expert. 
In addition, six features were added as a second input, 
and these are gender, BMI, length, stress type, radiotracer 
and the option of including attenuation correction or not. 
The AUC value for DL (0.872) was higher than that of 
the standard quantitative perfusion defect size (DS) 
method (0.838). DL’s performance was evaluated with a 
five-fold cross-validation approach.

Berkaya et al. [5]. proposed two different classification 
models and a knowledge-based one for contributing to 
diagnosing perfusion abnormalities with SPECT MPI 
data. The first classification model uses transfer learning 

Fig. 1

Literature search and qualification process.
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with various pretrained deep NNs. In contrast, the sec-
ond is a robust classifier, SVM, which utilizes deep and 
shallow features extracted from the pretrained networks. 
Concerning the knowledge-based model, it aims at con-
verting the knowledge of nuclear experts to image pro-
cessing techniques. A total of 192 cases were used in 
stress and rest representation. The DL-based model 
extracted 94% accuracy, 88% sensitivity and 100% spec-
ificity, whereas the knowledge-based model achieved 
93%, 100% and 86%, respectively.

Nakajima et al. [27]. proposed an ANN to evaluate the 
prediction of diagnosing CAD, in contrast to the conven-
tional quantitation approach. The dataset consists of 1001 
stress/rest images, and the possible outputs are abnormal 
and normal. Additional data were included, such as age, 
sex, height, weight, risk factors and results of coronary 
angiography and history of PCI (percutaneous coronary 
intervention) or CABG (coronary artery bypass grafting). 
Concerning the validation dataset, 364 cases were added 

to achieve generability and stability. Overall, ANN out-
performed the conventional method, reaching 0.92% of 
the AUC value in contrast to the 0.82% that the conven-
tional method extracted.

Otaki et al. [28]. developed a DL model for diagnosing 
obstructive CAD in polar maps. A total of 1160 patients 
were included, without known CAD, in upright and 
supine positions and only in stress representation. Also, 
clinical data were added, such as sex and BMI. Grad-
CAM was utilized to visualize the regions responsible 
for disease prediction. The results showed greater sen-
sitivity in the DL approach, achieving values of 82% in 
men and 71% in women. In comparison, the correspond-
ing values for the standard SSS (Summed Stress Score) 
approach were 75% and 71%, for the upright (U-TPD) 
were 77% and 70% and for the supine (S-TPD) were 73% 
and 65% in men and women, respectively. Following the 
provided results, the study showed that the diagnostic 
performance of DL yielded notable differences from 
D-SPECT between men and women for the prediction 
of obstructive CAD. This might be derived from the fact 
that certain factors connected to sex, such as cardiac size, 
differ from men to women. In addition, leave-one-center-
out external validation was performed to avoid overfitting.

A deep CNN to evaluate the automatic prediction of 
CAD compared to total perfusion deficit (TPD) was 
developed by Betancur et al. [29]. It has to be mentioned 
that sex information was added between the fully con-
nected layers. A total of 1.638 patients without known 
CAD were included in the stress demonstration, where 
polar maps were acquired. DL achieved a higher AUC 
than TPD, which was 0.8% and 0.78% per patient case 
and 0.76% and 0.73% per vessel, respectively. Moreover, 
DL was evaluated using a stratified 10-fold cross-vali-
dation procedure to prevent overfitting. Next, Betancur 
et al. [30]. assessed the prediction of obstructive disease 
by applying CNN and comparing the produced results 
with those of the standard combined TPD method. A 
total of 1.160 polar maps were included in semiupright 
and supine stress representation. Moreover, sex informa-
tion was added, so there can be a differentiation between 
men’s and women’s pattern extraction. The AUC values 
were 0.81% and 0.78% per patient and 0.77% and 0.73% 
per vessel for CNN and TPD, respectively, concluding 
the superior performance of CNN. For further validation, 
the novel leave-one-center-out procedure was applied.

Apostolopoulos et al. [31]. implemented a hybrid CNN-
random forest model to diagnose CAD in polar map 
images, adding clinical data. Five hundred sixty-six 
patients were included in stress and rest demonstration, 
obtained from both attenuation-corrected (AC) and non-
attenuation-corrected (NAC) cases. The clinical data 
include gender, age, symptoms, predisposing factors and 
recurrent diseases. Moreover, a data augmentation tech-
nique was applied due to the small dataset. Concerning 

Fig. 2

Number of publications per year.

Fig. 3

Number of publications in scientific peer-reviewed journals and 
conferences.
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the classification task, InceptionV3 was developed, where 
the input image was classified as abnormal or normal. 
The output of this model was inserted into the FR and 
NN hybrid model, utilizing the clinical data to predict 
the final label. The proposed method achieved 79.15% 
accuracy, using a 10-fold cross-validation procedure to 
evaluate the model’s performance thoroughly.

Additionally, Apostolopoulos et al. [32]. investigated deep 
CNNs for the automatic classification of polar maps for 
myocardial perfusion diagnosis. The corresponding data-
set includes 216 stress and rest representation cases, 
including AC and NAC polar maps. To tackle the small 
size of the dataset, the authors applied two methodol-
ogies: transfer learning with VGG-16 and VGG-19 as 
pretrained networks, while they also utilized data aug-
mentation. The produced results were compared with a 
standard semiquantitative polar map analysis. Pre-trained 
network VGG-16 achieved an accuracy of 74.53%, a 
sensitivity of 75%, and a specificity of 73.43%, whereas 
semiquantitative analysis extracted 66.20% and 64.81% 
accuracy for AC and NAC, respectively.

Recently, Papandrianos et al. [33]. investigated the 
abilities of CNN to diagnose ischemia or infarction in 
SPECT MPI scans. Two approaches were followed; 
the first includes the implementation of an RGB-CNN 
from scratch, and the second involves the application 
of transfer learning. This robust method includes pre-
trained networks, like VGG16, DenseNet, MobileNet 
and InceptionV3, which were applied to the correspond-
ing dataset. The research comprises 224 patients who 
underwent a stress and rest procedure. Furthermore, the 
data augmentation technique was utilized to generate 
new images after applying range, enlargement, rotation, 
and flip techniques to increase the dataset’s number. 
The overall accuracy is 93.47% ±2.81 with a 0.936 AUC 
value. Papandrianos and his team [14] also explored the 
application of CNN to SPECT MPI data for successfully 
classifying normal and abnormal cases regarding CAD. A 
total of 513 patients were included in stress and rest rep-
resentation, with no additional clinical information. Also, 
the data augmentation technique was used to increase 
the small number of images in the training dataset, pro-
ducing images through zoom and rotation. The CNN 
model extracted magnificent results with 0.937 AUC and 
90.21% accuracy.

Zahiri et al. [34]. investigated CNNs and exploited their 
capabilities in classifying polar maps in SPECT MPI 
format for diagnosing CAD. The dataset includes 3.318 
images in stress and rest representation, labeled as nor-
mal and abnormal, following an expert doctor’s diagnosis. 
Furthermore, data augmentation was utilized to reduce 
overfitting and achieve generalization. The authors 
explored two approaches. The approach that refers to the 
stress and rest images acquired an AUC of 0.845, in con-
trast to the one that utilized only stress images, which 

achieved an AUC of 0.827. For the further evaluation of 
the produced model, a five-fold cross-validation proce-
dure was followed.

Filho et al. [35]. employed RF, an ML algorithm, to clas-
sify normal and abnormal cases of patients. This study 
included 1.007 SPECT MPI stress/rest images, each 
divided into five vertical and horizontal slices generating 
ten attributes. Data augmentation was utilized. According 
to the extracted results, RF achieved an AUC of 0.853, an 
accuracy of 0.93, a precision of 0.968 and a sensitivity of 
0.963. A 10-fold cross-validation technique was utilized to 
evaluate the results.

Trung et al. [36]. proposed VGG-16 as a CNN model for 
diagnosing CAD, using both SPECT and polar images. 
A total of 1413 heart SPECT images were included 
and were labeled by a nuclear expert as CAD or not. 
The VGG-16 performance was evaluated with five-
fold cross-validation. According to the results, SPECT 
images provided higher accuracy, with a precision of 
86.14 ± 2.14% and 82.57% ± 2.33% for SPECT and polar 
maps.

Arvidsson et al. [37]. developed a CNN model for the pre-
diction of CAD. A total of 588 patients were available for 
this study, along with angina symptoms, age, BMI, pretest 
probability, ESC, and AHA probability as clinical data for 
each case. Moreover, data augmentation was performed. 
CNN achieved an AUC value of 0.89 at a per-vessel level, 
and 0.95 per patient, and the results were evaluated by 
implementing a five-fold cross-validation approach.

A ML approach named LogitBoost, which constitutes an 
ensemble boosting algorithm to predict MACE by com-
bining clinical records and SPECT images was explored 
by Betancur et al. [38]. A total of 2619 patients were 
included in stress demonstration, along with clinical data 
like age, sex, and risk factors which were hypertension, 
diabetes mellitus, dyslipidemia, smoking and family his-
tory of CAD. The results were evaluated with a strati-
fied 10-fold cross-validation methodology and compared 
against traditional methods like ML with all available 
data (ML-combined), ML with only SPECT images 
as input, expert diagnosis, and automatic quantitative 
analysis by stress and ischemic TPD. Overall, MACE 
prediction with ML-combined outperformed AUC 0.81, 
where expert diagnosis extracted AUC 0.65 and ML with 
images acquired AUC 0.78.

In the study by Rahmani et al. [39]., the authors demon-
strated an ANN approach to predict CAD successfully. 
A total of 93 patients were included in stress and rest 
examination. The developed ANN made use of clinical 
and quantification data, which are reports of MPI, counts 
of 40 segments of stress/rest polar maps, age, gender 
and risk factors. The results indicated that ANN outper-
formed with 85.7% accuracy, adding age, gender, and car-
diac risk factors as input variables.
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Hu et al. [40]. inspected per-vessel and per-patient predic-
tions by developing LogitBoost. The number of patients 
involved in this study is 1980 and went under stress and 
rest examination; in total, 18 clinical, 9 stress tests and 
28 imaging variables were included. According to the 
results, LogitBoost outperformed nuclear cardiologists 
with per-vessel and per-patient AUC of 0.79 and 0.81, 
respectively, in contrast to stress TPD with an AUC of 
0.71 and ischaemic TPD with an AUC of 0.72. Moreover, 
the ML approach was evaluated with 10-fold cross-vali-
dation to estimate model performance accurately.

Miller et al. [41]. developed an explainable DL-based 
model to improve the accuracy of MPI. A total of 240 
patients in this study underwent an MPI examination. 
The DL approach for CAD diagnosis achieved an AUC 
of 0.779, compared to the expert’s analysis with an AUC 
of 0.747 and stress TPD of 0.718. Also, the proposed DL 
method for CAD diagnosis extracted the best sensitivity 
overall. The authors developed an explainable methodol-
ogy to provide meaningful interpretability.

Recently, Papandrianos and his team [42] developed 
an RGB-CNN and utilized SPECT images to classify 
patients between infarction, ischemia, and normal classes. 
A total of 647 patients were included in this study, and 
data augmentation was employed. A comparative study 
was conducted between the proposed model against pre-
trained networks VGG-16 and DenseNet-121. The pro-
posed RGB-CNN model outperformed with an accuracy 
of 93.33%, while VGG-16 and DenseNet-121 achieved 
88.54% and 86.11%, respectively. The proposed model 
was further evaluated by utilizing a 10-fold cross-valida-
tion approach.

Furthermore, Papandrianos et al. [43]. demonstrated 
developing an RGB-CNN model for automatically clas-
sifying polar maps. Three hundred fourteen polar maps 
were included in stress and rest representation and AC 
and NAC format. A comparative study was conducted 
between RGB-CNN and the robust pretrained model 
VGG-16. RGB reached 92.07%, and VGG-16 achieved 
95.83% accuracy, respectively.

Baskaran et al. [44]. explored the inclusion of SPECT 
MPI data and clinical data to detect and perform the 
revascularisation of CAD by developing a boosting algo-
rithm, XGBoost. A total of 716 patients were included in 
this study. The proposed boosting method achieved an 
AUC of 0.779, a sensitivity of 89.2%, and a specificity of 
92.9% when five-fold cross-validation was performed to 
estimate the results. According to the results, BMI, age 
and angina severity are the most valuable clinical infor-
mation to be included in the process of prediction and 
revascularisation of CAD. Table 2 gathers the reviewed 
research publications as reported in the literature.

Many AI-based approaches have already been successfully 
incorporated within the framework for CAD diagnosis in 

nuclear medical imaging. However, DL-based methodol-
ogies have taken tremendous steps toward performance 
in nuclear medical image analysis while they enhance 
state-of-the-art CAD diagnosis using SPECT myocardial 
perfusion imaging scans. Thus, they seem preferable and 
prescribe future trends for further development.

Discussion
Major findings
This review addresses the CAD problem by utilizing 
SPECT MPI data and applying several methodologies, 
primarily based on DL and CNNs. The results produced 
from the application of DL methods are superior in con-
trast to other conventional methods. Overall, CNNs 
outperformed quantitative methods as they acquired 
high values for metrics like AUC, accuracy, sensitiv-
ity and specificity (see Table  2). More specifically, the 
AUC, accuracy, sensitivity and specificity values were 
higher in DL methods than in other quantitative meth-
odologies, such as TPD. In all the reported studies, 
DL methods particularly improved diagnostic accuracy 
by approximately 10%. For example, in [25], the AUC 
score for disease prediction by DL was higher than 
for TPD (per patient: 0.80 vs. 0.78; per vessel: 0.76 vs. 
0.73). With the DL threshold set to the same specific-
ity as TPD, both per-patient sensitivity and per-vessel 
sensitivity improved in the same manner. However, the 
contribution of additional data needs to be examined to 
explain the functionality behind the prediction of NNs 
and increase accuracy. Age, sex and BMI are some clin-
ical data already being utilized since they provide more 
information about a patient’s status.

Furthermore, DL incorporates transfer learning, which 
is a robust method. So far, various pretrained networks 
like VGG-16, ResNet-32 and DenseNet-121 have been 
trained in image classification, so these models are con-
sidered capable of providing generalization and being 
applied to a variety of complex problems.

Through the current systematic review, valuable out-
comes have been extracted, as illustrated in the following 
graphs, and further analyzed, evaluated and discussed so 
that certain insights are elicited, highlighting the con-
tribution of AI methods for CAD diagnosis in nuclear 
medicine.

The literature analysis regarding the utilization of vari-
ous AI technologies dictates that the DL methods (CNN, 
VGG, ResNet, hand-crafted CNN) are the most popular 
choice (see Fig. 4), having almost 75% preference over 
the family of ML-based models. In particular, the DL 
methods and their combinations are the most used AI 
methods in classification tasks concerning CAD diagno-
sis (74%). This indicates that the two major categories, 
CNN and hand-crafted CNN, demonstrate dominance in 
almost all cases (65%) regarding AI-based nuclear cardiol-
ogy using SPECT MPI scans.
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The presented classification studies can be addressed 
based on their desired outcomes. A few studies aim to 
predict CAD; consequently, the networks are trained with 
reference to the ICA findings. Such studies may involve e 
SPECT, Polar Map classification or segment-to-segment 
classification to identify local and per-vessel defects. 
SPECT MPI imaging, subsequent diagnostic examina-
tions (such as the treadmill exercise test) and clinical 
information cannot guarantee a precise diagnosis regard-
less of the ML/DL model’s robustness. For example, in 
[31], the authors compared the result of the SPECT scan 
with the surgical findings, coming across that SPECT 
yielded an accuracy of 75% in CAD identification. This 
is an inherent limitation of the current imaging modality. 
Therefore, applying ML and DL methods to the images 
is anticipated to exhibit suboptimal results. Indeed, most 
studies report an accuracy of 82 ± 5%.

Most studies train their models using human interpreta-
tion as their ground truth. Though human visual inspec-
tion and reporting are subjective and may vary from 
study to study, measuring the agreement between the 
model and the expert is crucial. The reported studies 
exhibit excellent agreement ratings. For example, in [5], 
the authors reported a 92% agreement rating, while other 
studies report even better scores [43].

While summarising the key points and characteristics 
of the above-related literature, several limitations are 
extracted, such as the small number of datasets and 
the possibility of including bias that NNs may exhibit. 
Nevertheless, there has been adequate research regard-
ing the potential that derives from the application of 
CNNs to the medical industry, which has offered magnif-
icent results and close-to-expert analysis.

Most of the reported studies do not use methods to 
improve the explainability of their models. In general, 
NNs are labeled as ‘black boxes’ due to their unknown 
internal computational functionality; therefore, there is a 
hesitation to be fully adapted to nuclear imaging prob-
lems, and they are considered untrustworthy. This pow-
erful limitation prevents them from being widely applied 
to medical problems until it is made clear that they are 
not biased. In the current literature, a few research stud-
ies were reported to implement XAI (explainable artifi-
cial intelligence) methodologies to observe the regions 
responsible for the corresponding prediction. In par-
ticular, two studies [7,14] employ the Grad-CAM [45] 
algorithm to identify essential regions in the image. In 
addition, providing separate model decisions on seg-
ments of the Polar Map, as presented in [25,27], improves 
the explainability of the model, though the model’s rea-
soning is not entirely revealed.

Challenges
The domain of AI is considered unclear by humans regard-
ing its behavior, especially in decision-making. Following N
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the literature review, XAI has been recently applied in 
nuclear imaging in a few research papers, particularly in 
CAD, to eliminate the model’s bias. Therefore, there is a 
need for further research and experiment in this area. A 
recent challenge is to solve the interpretability and trans-
parency issues in clinical nuclear medicine by investigat-
ing explainable AI methods based on deep learning and/
or other ML techniques.

Integration of clinical factors can improve the diagnostic 
accuracy of the models and contribute to more explain-
able models. Even though some studies supply demo-
graphic characteristics to their models, such as the gender 
and sex of the subject, the importance of the demographic 
factors has not been examined further. In the study of 
Apostolopoulos et al. [31]., the authors used 23 clinical 
attributes and the DL model’s prediction on the image 
to build an RF classifier. There was a 14% improvement 
in accuracy when the clinical attributes were embedded 
into the model. However, the importance of each attrib-
ute was not further examined.

Deep and robust DL methods require large-scale data-
sets for training. Otherwise, they tend to underfit, learn 
irrelevant features and become incapable of generalizing. 
Further, they are not robust to imaging device variations. 
Most reported studies utilize a small number of patient 
cases, usually deriving from a specific SPECT scanner. 
Multicentre and multidevice studies are mandatory in 
the future to assess the DL’s efficiency in CAD diagnosis.

Furthermore, the medical domain requires secure trans-
actions. On the one hand, data security would prevent the 
leakage of sensitive or confidential information. On the 
other hand, data integrity is also necessary to prevent cor-
ruption and information loss. Such issues may deal with 
using current technologies like blockchain, but certainly, 
this is a topic that deserves research.

Future studies are directed toward developing more 
robust techniques like data augmentation to resolve the 
issue of small datasets. Furthermore, more exploration is 

needed around CNN architectures, with the utilization 
of both clinical data and images and the contribution 
of explainable techniques, so the diagnosis provided by 
the CNN models follows the medical experts’ diagnosis. 
Hence, they can provide a deeper understanding and 
more accurate results, overcoming the obstacle of black-
box functionality.

Concluding remarks
This study reviews the current state of the art and exist-
ing results from research articles regarding DL-based 
classification algorithms in SPECT myocardial perfusion 
imaging for cardiovascular diagnosis. A systematic liter-
ature review protocol was chosen properly to meet the 
criteria of this research study. The research identified 
23 studies. The most popular online and well-respected 
publishers and databases were considered to cover a 
range of disciplines, from the theoretical to the applied. 
A close look at the produced outcomes shows that CNN 
models have significantly contributed to heart disease 
diagnosis in nuclear medicine using SPECT MPI scans. 
Seeking further, explainable models are the current trend 
for automatic diagnosis and computer-aided systems to 
support nuclear medicine experts’ decisions using AI 
methods.
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