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Abstract: Greece is among the European Union members topping the list of deaths related to coro-
nary artery disease. Myocardial Perfusion Imaging (MPI) with Single-Photon Emission Computed
Tomography (SPECT) is a non-invasive test used to detect abnormalities in CAD screening. The
study proposes an explainable deep learning (DL) method for characterising MPI SPECT Polar Map
images in patients with suspected CAD. Patient data were recorded at the Department of Nuclear
Medicine of the University Hospital of Patras from 16 February 2018 to 28 February 2022. The final
study population included 486 patients. An attention-based feature-fusion network (AFF-VGG19)
was proposed to perform the diagnosis, and the Grad-CAM++ algorithm was employed to reveal
potentially significant regions. AFF-VGG19’s agreement with the medical experts was found to be
89.92%. When training and assessing using the ICA findings as a reference, AFF-VGG19 achieved
good diagnostic strength (accuracy of 0.789) similar to that of the human expert (0.784) and with
more balanced sensitivity and specificity rates (0.873 and 0.722, respectively) compared to the human
expert (0.958 and 0.648, respectively). The visual inspection of the Grad-CAM++ regions showed
that the model produced 77 meaningful explanations over the 100 selected samples, resulting in a
slight accuracy decrease (0.77). In conclusion, this research introduced a novel and interpretable DL
approach for characterising MPI SPECT Polar Map images in patients with suspected CAD. The high
agreement with medical experts, robust diagnostic performance, and meaningful interpretability
of the model support the notion that attention-based networks hold significant promise in CAD
screening and may revolutionise medical decision-making in the near future.

Keywords: explainable artificial intelligence; coronary artery disease; Myocardial Perfusion Imaging;
Polar Maps; deep learning

1. Introduction

Coronary artery disease (CAD) is a leading cause of death worldwide. Greece is
among the European Union members topping the deaths related to CAD [1]. It is a
common cardiovascular disorder that results from the accumulation of plaques in the
coronary arteries, which supply blood and oxygen to the heart muscle [2]. These plaques
are composed of cholesterol, fat, and other substances and can cause narrowing or blockage
of the coronary arteries, leading to reduced blood flow to the heart [2]. This reduced blood
flow can cause chest pain, shortness of breath, or even a heart attack. CAD is a multifactorial
disease, with risk factors including high blood pressure, high cholesterol, smoking, diabetes,
and a family history of heart disease [3]. Preventative measures such as early detection,
healthy lifestyle choices, and proper management of risk factors are essential for reducing
the incidence and severity of CAD and promoting cardiovascular health [4].
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The ultimate diagnosis and remedy of CAD involve invasive coronary angiography
(ICA) and, subsequently [5], percutaneous coronary angioplasty (PCI) [6] or coronary artery
bypass grafting (CABG) [7] in selected cases. Conservative treatment with appropriate
medication opts for patients not eligible for PCI or CABG. Early diagnostic tests and clinical
factors are employed to assess the CAD risk with low moderate predicting strength due to
ambiguous results and the subjectivity of human experts. Myocardial Perfusion Imaging
(MPI) with Single-Photon Emission Computed Tomography (SPECT) is a test used to
evaluate the blood flow [8] to the heart muscle and to detect any abnormalities in CAD
screening. The test is performed by injecting a small amount of radioactive material into
the bloodstream and using a special camera to take pictures of the heart as it beats. This
helps to determine if the heart muscle is receiving enough blood and oxygen.

Deep learning (DL) [9] is a type of artificial intelligence that has rapidly become a
powerful tool in medical imaging analysis. In recent years, it has shown remarkable results
in detecting, classifying, and segmenting images in various medical applications, including
radiology, pathology, and ophthalmology [10–12]. DL algorithms are particularly suited to
medical imaging, because they can automatically learn from large datasets and recognise
complex patterns that might not be easily detectable by human experts [13]. DL algorithms
have been used in various applications in medical imaging, including image classification,
object detection, segmentation, and registration. In image classification, DL algorithms can
recognise different types of images, such as X-rays or MRI scans, and classify them into
specific categories [14].

One of the main benefits of DL in medical imaging is its ability to analyse large
amounts of data quickly and accurately. Medical imaging produces large amounts of
data, and DL algorithms can analyse these data more efficiently than human experts. For
example, a DL algorithm can analyse thousands of mammography images in minutes,
detecting subtle changes indicative of breast cancer.

Another benefit of DL in medical imaging is its ability to detect subtle changes that
human experts might overlook. In some cases, radiologists may miss early signs of disease
or fail to identify specific patterns in medical images, especially when analysing large
volumes of data. On the other hand, DL algorithms can learn from large datasets and
recognise complex patterns that humans may not detect easily. This ability to detect subtle
changes early can lead to an earlier diagnosis and more effective treatment, improving
patient outcomes.

DL in medical imaging also has the potential to improve the workflow and reduce
costs. With the ability to analyse large volumes of data quickly and accurately, DL algo-
rithms can automate many routine tasks currently performed manually by human experts.
This can free up radiologists and other medical professionals to focus on more complex
tasks and cases, reducing the workload and improving the efficiency. DL algorithms can
also help reduce costs by reducing the need for expensive and invasive diagnostic tests
and procedures.

In this study, a DL method is proposed for CAD diagnosis. The input of the pro-
posed system is the four associated Polar Maps that aggregate the information of the MPI
SPECT scan. Though MPI SPECT is not a definite diagnostic test, it is a reliable non-
invasive method. The study’s methodology lies in an innovative attention-based network
that performs hierarchical and non-hierarchical feature extraction and classification. The
contributions of the present study can be clarified as follows:

• A novel attention-based modification of the VGG19 network is proposed that improves
the identification of essential areas of the Polar Map and performs feature-fusion
via concatenation.

• The network is evaluated with reference to the invasive coronary angiography (ICA)
test results and shows high classification accuracy, sensitivity, and specificity.

• The network agrees with the medical experts, who visually inspected the Polar Maps
and delivered their diagnostic yields.
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• The post hoc explainability algorithm reveals the crucial areas of the Polar Map, which
the medical experts assessed to verify the correctness of the model.

The rest of the paper is organized as follows. The literature review is presented in
Section 1.1. The materials and methods of the study are introduced in Section 2. More
specifically, Section 2.1 describes the DL method of the study, i.e., the Attention-based
Feature-Fusion VGG19 network, Section 2.2 discusses about the explainability-enhancing
method, Section 2.3 presents the dataset of the study, Section 2.4 the image preprocessing
methodology, and Section 2.5 presents an overview of the experiments. The results are
presented in Section 3, where the model is assessed based on its agreement with the human
expert (Section 3.1) and its diagnostic efficiency (Section 3.2). Various comparisons are held
in Sections 3.3–3.5. A discussion is held in Section 4, with the major remarks in Section 5.

1.1. Related Work

Papandrianos et al. [15] developed an RGB-CNN model to classify SPECT images as
normal or ischemic, addressing a data scarcity issue with data augmentation. The model
achieved impressive results, with 90.2% accuracy and a 93.77% AUC value, outperforming
human reader interpretation as the ground truth. Despite the limited dataset, the model
demonstrated remarkable predictive capabilities.

The same research team [13] aimed to diagnose ischemia and/or infarction using
CNNs with a dataset comprising 224 patients who underwent stress and rest SPECT tests,
followed by invasive coronary angiography (ICA) 40 days later. They explored two deep
learning techniques: implementing an RGB-CNN from scratch and employing transfer
learning with pretrained models like VGG16, DenseNet, MobileNet, and InceptionV3
to classify images as normal or abnormal. Comparing the results to visual assessments
by medical experts, the proposed CNN demonstrated significant abilities, achieving an
overall accuracy of 93.48% ± 2.81%. Once again, the CNN model showcased its potential
in accurately diagnosing ischemia and infarction, even with a relatively limited dataset.
This accuracy is significantly improved compared to the 90.2% initially obtained in [15].

Narges Zahiri et al. [16] investigated the capabilities of deep CNNs in distinguishing
between normal and abnormal Polar Maps, using physician diagnoses as the reference. The
dataset consisted of 3318 stress and rest Polar Maps, and data augmentation techniques
were applied to expand the training dataset. The proposed deep learning model underwent
thorough validation through a five-fold cross-validation procedure, achieving an AUC
(Area Under the Curve) of 0.845. Notably, including rest perfusion, the maps led to a
significant improvement in the DL model’s AUC (0.845) compared to using only stress
polar maps (0.827).

Papandrianos et al. [17] aimed to explore the feasibility of automatically classifying
polar maps as normal or abnormal using a custom RGB-CNN. The dataset comprised
314 polar maps in stress and rest representations, with AC (attenuation correction) and
NAC (non-attenuation correction) formats. The RGB-CNN was trained using physician
interpretations as the ground truth and was compared to the performance of the pre-
trained VGG-16 network. The results showed that the RGB-CNN achieved an accuracy
of 92.07%, while VGG-16 achieved 95.83%. Although the RGB-CNN’s performance was
slightly lower, it still competed effectively against robust state-of-the-art methods for polar
map classification.

In some research, deep learning-based results are compared against quantifiable met-
rics recommended by medical guidelines. These metrics provide objective and standardised
measures to evaluate the performances of deep learning models in various medical tasks.
By comparing the DL-based results with these established metrics, researchers can assess
the effectiveness and reliability of the proposed models in clinical settings, ensuring they
align with the best practices and recommendations provided by medical experts.

For example, Yuka Otaki et al. [12] developed a DL model to identify CAD and
evaluated its performance by comparing it with the total perfusion deficit (TPD) method.
The dataset comprised 1160 patients and included raw upright and supine stress Myocardial
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Perfusion Imaging (MPI) polar maps. Both MPI and invasive coronary angiography (ICA)
were conducted within a 6-month interval. The researchers employed a leave-one-centre-
out approach with four different models for external validation. This validation method
allowed them to assess the DL model’s generalisation and performance across various
medical centres, enhancing the reliability of the results.

Julian Betancur et al. [18] developed a CNN to identify CAD. The study included
1160 participants, and the data comprised semi-upright and supine stress Polar Map
representations. Obstructive disease classification was evaluated using the leave-one-
centre-out cross-validation technique with four centres. All validated predictions were
combined to avoid single-centre bias. Notably, the CNN model diagnosed without relying
on predefined coronary territories. The CNN’s performance was compared against the
combined perfusion quantification using TPD, achieving a sensitivity of 84.8%, surpassing
the 82.6% sensitivity obtained with clinical reading.

In a subsequent study, Julian Betancur et al. [19] compared the automatic diagnosis of
CAD using SPECT image inputs with a deep CNN against the TPD method. They exam-
ined 1638 patients without known CAD who underwent invasive coronary angiography
within six months of MPI. The dataset included raw and quantitative polar maps in stress
representations only. To evaluate their proposed deep learning model, they employed a
stratified 10-fold cross-validation procedure. The AUC score for disease prediction using
the DL model was superior to TPD (per patient: 0.80 vs. 0.78; per vessel: 0.76 vs. 0.73).
When the DL threshold was set to the same specificity as TPD, the per-patient sensitivity
improved from 79.8% (TPD) to 82.3%, and the per-vessel sensitivity improved from 64.4%
(TPD) to 69.8%.

In addition to differentiating between normal and abnormal subjects, certain studies
focused on region-based classification. Instead of considering the overall classification of
the entire image, region-based classification involves identifying and classifying specific
regions or regions of interest within the image. This approach allows researchers to gain
more detailed insights into the particular areas or regions that may be affected by certain
conditions or diseases.

Arvidsson et al. [20] developed a CNN to predict obstructive coronary artery disease
in the left anterior artery, left circumflex artery, and right coronary artery using SPECT Polar
Maps. The research involved 588 patients, and clinical data, including angina symptoms
and age, were incorporated into the analysis. The proposed CNN framework demonstrated
promising results, achieving an average AUC of 0.89 per vessel and an impressive 0.95 per
patient, with the invasive coronary angiography (ICA) findings used as the reference
standard. To provide visual insights into the basis of the predictions, the researchers
employed gradient-weighted class activation mapping (Grad-CAM) to highlight the regions
influencing the model’s output. Notably, the authors identified sex differences in the
diagnostic performance of the deep learning model for predicting obstructive CAD from
D-SPECT, with the CNN outperforming the visual and TPD methods in men but not in
women. This finding underscores the importance of considering potential sex-specific
variations when employing DL models for a CAD diagnosis.

There is a growing trend in research towards proposing explainable deep learning
(DL)-based methods that perform image classification and provide insights into the sug-
gested areas of interest, where the model bases its predictions. These methods aim to
enhance the interpretability and transparency of DL models, addressing the “black box”
nature of traditional deep learning algorithms. By incorporating explainable techniques,
researchers seek to inform users about the specific regions or features in the input images
that contribute to the model’s decision-making process. This builds trust in the model’s
predictions and allows domain experts, such as doctors in medical imaging applications, to
better understand and validate the results. Explainable DL methods are becoming increas-
ingly important in various fields, including healthcare, where accurate and interpretable
predictions are critical for decision-making and patient care.
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Miller et al. [21] developed a DL model to enhance the diagnostic accuracy of CAD
and aid in physical interpretation. The dataset consisted of 240 patients who underwent
MPI examinations, with invasive coronary angiography used as the reference standard.
The results showed that, when human readers used the DL’s predictions, they achieved an
AUC of 0.779, whereas their interpretation without DL assistance reached an AUC of 0.747.
It is worth noting that the DL model, when used independently, achieved an AUC of 0.793,
showcasing its potential in improving the diagnostic performance for CAD. Incorporating
the explainable DL model provided higher accuracy and facilitated the interpretation of
the results, making it a valuable tool for assisting medical professionals in CAD diagnosis
and decision-making.

Yuka Otaki et al. [22,23] introduced an explainable DL model to detect obstructive
CAD. Their study included a large dataset of 3578 patients with suspected CAD from
nine different centres. The authors proposed a hand-crafted CNN to process SPECT Polar
Maps acquired under stress conditions. In the fully connected layer of the CNN, they
incorporated additional features such as the patient’s sex and age to augment the model’s
input. When evaluated against the invasive coronary angiography findings, this method
achieved an impressive AUC score of 0.83 through a 10-fold cross-validation procedure,
outperforming the quantitative analysis results by expert readers (AUC = 0.8). Moreover,
attention maps were generated to highlight the regions and segments that contributed the
most to the per-vessel predictions, providing insights into the model’s decision-making
process and making it more interpretable for clinical application.

Singh et al. [24] developed an explainable deep learning model for predicting nonfatal
myocardial infarction (MI) or death, highlighting image regions relevant to obstructive
CAD. The study included 20,401 patients who underwent SPECT MPI procedures for
training and internal testing, and an additional 9019 patients were included in the external
testing group from two different sites to assess the generalisability. The dataset comprised
stress and rest polar maps, age, sex, and cardiac volumes, which were added at the first fully
connected layer. To enhance the explainability, the researchers developed Grad-CAM. For
comparison, a logistic regression model was also developed using age, sex, stress TPD, rest
TPD, stress left ventricular ejection fraction, and stress left ventricular end-systolic volume
as the input features. The developed deep learning model achieved an impressive AUC
of 0.76, outperforming stress TPD with an AUC of 0.63 and ischemic TPD with an AUC
of 0.6. Moreover, it also improved upon the logistic regression model, which achieved an
AUC of 0.72. The explainable deep learning model provided enhanced accuracy compared
to traditional quantitative approaches and exhibited good calibration and robust results.
These findings indicated the potential of the developed model for improved risk prediction
and decision-making in the context of myocardial infarction and CAD.

Jui-Jen Chen et al. [25] examined 979 SPECT subjects from a local hospital for diag-
nosis; however, it was not specified whether the images were labelled based on experts’
visual inspections or ICA findings. A three-dimensional CNN was employed to classify the
SPECT slices, and Grad-CAM heat maps were generated to identify myocardial defects in
the images. The proposed model achieved impressive accuracy, sensitivity, and specificity
metrics of 87.64%, 81.58%, and 92.16% in distinguishing between normal and abnormal
images using a test set of 89 samples. These results demonstrated the model’s promis-
ing capabilities for the accurate and reliable classification of SPECT images to diagnose
cardiovascular conditions.

Nathalia Spier et al. [26] explored using Graph Convolutional Neural Networks
(Graph CNNs) for diagnosing CAD. They included 946 polar map images representing
the stress and rest conditions of the heart and labelled them based on human observer
interpretations. Heatmaps were generated to highlight the pathological segments of the
heart. The results demonstrated the model’s strong performance in classifying unseen data
during a four-fold cross-validation procedure, outperforming the clinical visual analysis,
with 92.8% specificity for the rest data and 95.9% for the stress data. The proposed model
agreed 89.3% with the human observer for rest test polar maps and 91.1% for the stress
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test polar maps. For localisation performed on a fine 17-segment division of the polar
map, the agreement was 83.1% with the human observer. These findings indicate the
model’s potential in aiding CAD diagnosis and its ability to accurately identify pathological
segments in cardiac images.

Selcan Kaplan Berkaya et al. [27] developed a classification model for SPECT images to
identify perfusion abnormalities, such as ischemia and infarction. The researchers investi-
gated two different models. The first model was a deep learning (DL)-based approach that
utilised state-of-the-art CNNs and fully connected support vector machine (SVM) layers to
classify the deep-extracted image features. The second model involved image processing
techniques, including segmentation, feature extraction, and colour thresholding, applied
to the segmented parts of each SPECT slice. This method extracted five predefined image
features that were classified using a rule-based algorithm. In terms of performance, the
integrated CNN-SVM model achieved 92% accuracy, 84% sensitivity, and 100% specificity,
based on the visual assessments conducted by experts.

On the other hand, the knowledge-based classification attained 93% accuracy, 100% sen-
sitivity, and 86% specificity. These metrics were reported on a test dataset that included
17% of the total samples. The results demonstrated the potential of both DL-based and
knowledge-based approaches in accurately classifying SPECT images and detecting perfu-
sion abnormalities, with each model showing strengths in different performance aspects.

Hui Liu et al. [28] demonstrated a DL approach for automatically diagnosing myocar-
dial perfusion abnormalities using stress MPI profile maps as the input, considering both
abnormal and normal cases. The study included a substantial dataset of 37,243 patients who
underwent stress-only and stress/rest SPECT MPI examinations using three SPECT/CT
cameras. The DL model utilised the ResNet-34 architecture for feature extraction. In
addition to the MPI data, six extra features, including gender, BMI, length, stress type,
radiotracer, and the option of including or not including the attenuation correction, were
incorporated into the model. The results were compared against the conventional quantita-
tive perfusion defect size (DS) method. The DL model achieved an impressive AUC of 0.87,
outperforming the DS method. Furthermore, the proposed network demonstrated robust-
ness to variations in image acquisition devices, achieving 82% and 84% accuracy across all
scanners. Notably, the model exhibited even greater performance in female participants,
reaching an accuracy of 87%. These findings highlight the effectiveness and generalisability
of the DL-based approach for diagnosing myocardial perfusion abnormalities, presenting a
promising tool for improving cardiovascular diagnosis and patient care.

Apostolopoulos et al. [29] acquired Polar Maps under stress, and rest conditions were
used to diagnose CAD by employing the pretrained VGG16 model. The research involved
216 participants, and both attenuation correction (AC) and non-attenuation correction
(NAC) Polar Map images were merged into a single image per patient. With reference to
the findings from invasive coronary angiography, the VGG16 model achieved an accuracy
of 74.53%, a sensitivity of 75.00%, and a specificity of 73.43%. In comparison, experienced
nuclear medicine physicians’ interpretations of the MPI yielded an accuracy of 75.00%,
a sensitivity of 76.97%, and a specificity of 70.31%. The accuracy of a semi-quantitative
polar map analysis using AC and NAC techniques was comparatively lower at 66.20%
and 64.81%, respectively. Additionally, the VGG16 model demonstrated a robustness to
variations in image acquisition devices. These results suggest the potential of the DL-based
approach for CAD diagnosis, showing comparable performances to experienced physicians’
interpretations and outperforming the traditional semi-quantitative methods.

The same author team extended their study [30] by presenting a hybrid CNN–Random
Forest approach proposed for classifying Polar Map images and clinical attributes into
normal and abnormal classes, with ICA findings as the reference for CAD disease. The
research involved 566 patient cases. The InceptionV3 pretrained model was used to predict
the class of the input Polar Maps. The model’s output was combined with 22 clinical factors,
including gender and age, and fed into the Random Forest classifier for outcome prediction.
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With reference to the ICA results, the model achieved an accuracy of 78.44%, sensitivity of
77.36%, and specificity of 79.25%.

Interestingly, the overall accuracy of the human cognitive process reached 79.15%,
approximately 1% higher than the automatic model’s accuracy (78.43%). Furthermore, the
overall agreement rating between the human experts and the model was 86% (Cohen’s
Kappa = 72.24), indicating a strong level of agreement. The model was also tested on unseen
data from a different SPECT scanner and achieved consistent results with an accuracy of
76.53%. These findings demonstrated the effectiveness of the hybrid approach for CAD
diagnosis and its potential for practical clinical use.

Trung et al. [31] utilised polar maps and SPECT slices as the input data. The dataset
consisted of 1413 heart SPECT images, which a nuclear expert labelled as either CAD or non-
CAD. The performance of the CNN network, specifically using the VGG-16 architecture,
was evaluated using a five-fold cross-validation procedure. The results revealed that SPECT
images provided a better diagnosis than polar maps. The precision achieved using SPECT
images was 86.14 ± 2.14%, while polar maps achieved a precision of 82.57 ± 2.33%. These
findings demonstrated the potential superiority of SPECT images over polar maps in CAD
diagnosis using the proposed CNN model.

2. Materials and Methods
2.1. Attention-Based Feature-Fusion VGG19

This section presents the major components of the Attention-based Feature-Fusion
VGG19 (AFF-VGG19), which can be summarised as follows:

1. Baseline VGG19 [32] network.
2. Feature-fusion blocks [33,34].
3. Attention modules [35–37].

2.1.1. Baseline VGG Network

VGG19 is a deep neural network architecture that researchers developed from the
Visual Geometry Group (VGG) at the University of Oxford in 2014 [32].

The VGG19 architecture is a deep convolutional neural network with 19 layers, hence
the name VGG19. The VGG19 architecture has 19 layers, including 16 convolutional layers
and 3 fully connected layers. The first 13 layers are convolutional, and the remaining 6
are fully connected. The convolutional layers have a fixed kernel size of 3 × 3, and they
use a stride of 1 and 0 padding to keep the spatial resolution of the feature maps the same.
The max-pooling layers have a fixed kernel size of 2x2 and a stride of 2, which reduces the
spatial resolution by half.

The VGG19 architecture has been used for many image recognition and classification
tasks, including object recognition, scene classification, and image segmentation. It has
achieved state-of-the-art performances on several benchmark datasets, including the Ima-
geNet Large Scale Visual Recognition Challenge (ILSVRC) [38] and the CIFAR-10 [39] and
CIFAR-100 [40] datasets.

When fine-tuning with the VGG19 architecture, the first few convolutional layers are
typically frozen, while the later ones are fine-tuned. The intuition behind this approach is
that the earlier layers learn lower-level features that are more general. In contrast, the later
layers learn higher-level features that are more specific to the task.

The present study employs VGG19 and allows for domain adaption via retraining
some of the model’s layers. In this way, the model retains sound feature-extracting knowl-
edge from the ImageNet database domain and can extract powerful low-level features
common in every image domain. Higher medical-specific features are expected to be mined
by the deep convolutional layers of the network, which are trainable. With this conception,
the total trainable parameters of the network are approximately 5 million.
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2.1.2. Feature-Fusion Modification

Feature-fusion [34] is a technique used in CNNs to combine features learned from
different layers or branches of the network. The goal is to improve the network’s perfor-
mance by taking advantage of complementary information learned at different stages of
the network.

Technically, feature-fusion is implemented by concatenating or adding the feature
maps from different layers or branches of the network. The resulting feature maps are then
passed through a nonlinear activation function and used as the input to the next network
layer. The choice of fusion operation (concatenation or addition) and the specific layers to
be fused can be designed based on the problem being solved.

Figure 1 illustrates the feature-fusion blocks connected to the final three max-pooling
layers of the baseline VGG19. A feature-fusion block tracks the output of the max-pooling
layer, performs a batch normalisation and a random 50% dropout, and connects the product
directly to the concatenation layer.
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The concatenation layer consists of two components: (i) the global average pooling
layer and (ii) the densely connected layer, which flattens the extracted features.

In this way, the low-level features are retained and not refiltered due to the hierarchical
nature of the VGG19 network.

2.1.3. Attention Module

The attention module [37] is a critical component of CNNs that has gained widespread
popularity recently, particularly in natural language processing (NLP). The attention mech-
anism is designed to help the network focus on the most relevant parts of the input data
when making predictions. The attention mechanism is a method for selectively focusing
on different parts of the input data when making predictions. In CNNs, this is typically
accomplished by assigning weights to different regions of the input data. These weights
are then used to compute a weighted sum of the input features, which is used to make the
final prediction.

There are several ways to implement the attention mechanism in CNNs. One common
approach is to use a soft attention mechanism, which involves computing a set of attention
weights for each input feature. These attention weights are typically computed using a
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neural network, which takes the input feature and outputs a scalar value between 0 and 1
representing the attention weight.

Once the attention weights have been computed, they compute a weighted sum of
the input features. The weights are applied to the input features using element-wise
multiplication, and the resulting products are summed to produce the final output.

The attention module of the proposed network is presented in Figure 1. It consists
of 4 convolutional blocks. We propose using five-layered attention modules located after
the second, third, and fourth convolutional groups and connected to the output of the
following max pooling layers. The first layer is a batch normalisation layer. The second,
third, fourth, and fifth layers are convolutional operations utilising 64, 16, 1, and x filters of
1 × 1 kernel size. The x number depends on the convolution group to which the attention
module belongs. The attention module in the second group has an x of 128. Accordingly,
the third and fourth groups have an x of 256 and 512, respectively. The extracted features are
multiplied with the output of the convolutional group and connected to the network’s top.

2.1.4. Training Parameters

The following parameters are selected for the specific task. Their selection require
fine-tuning, performed before network training and evaluation.

1. The dense layer at the top connects each of the neurons from the previous layers and
allows the network to extract features from the input data. AF-VGG19 consists of one
dense layer of 512 nodes.

2. Loss function: The categorical cross-entropy loss function is commonly used in su-
pervised learning tasks with multiple classes. It is used to measure the dissimilarity
between the predicted probabilities of a model and the true class labels.

3. Optimiser: An optimiser plays a crucial role in training a CNN [9]. It updates the
model weights based on the gradients calculated during the forward and backward
passes. The present version of our network uses the Adam optimiser.

4. Early Stopping: We implemented two early stopping rules. Suppose the validation
accuracy reaches 0.91 and does not improve for ten epochs, while the training accuracy
remains above 0.91. In that case, the training stops, and the weights of the best epoch
are restored.

5. Data Augmentation: Data augmentation is an essential training technique, even when
a large amount of data are available. Data augmentation aids in overfitting reduction
when the model’s performance on the training data is substantially better than on
unseen data. Data augmentation creates new data points by transforming existing
data points to preserve the original data information. The latter helps improve the
model’s generalisation ability and performance on unseen data. As advised by similar
studies [27–29], slight data augmentations are applied for particular classification
tasks. These include slight height and width shifts (by 10 pixels), random rotations
(by a maximum of 10 degrees), and Gaussian noise injections.

2.2. Explainability-Enhancing Algorithm

Grad-CAM++ [41] is a visualisation technique for understanding the decision-making
process of CNNs. It provides a heatmap highlighting the important regions in an image
that the network used to make a prediction. As a result, the way the network is processing
the input image and diagnosing any potential issues with the model is better understood.

Grad-CAM++ operates by computing the gradient of the target class with respect to
the feature maps in the final convolutional layer of the network. These gradients represent
each feature map’s importance in the network’s final decision.

The final step of Grad-CAM++ is to compute a weighted sum of the feature maps
using the computed gradients. The result is a heatmap highlighting the important regions
in the input image for the network’s prediction. The heatmap can be computed for any
target class, providing insight into which regions of the input image the network uses to
make its predictions.



Appl. Sci. 2023, 13, 8839 10 of 21

2.3. Dataset

Patient data were recorded at the Department of Nuclear Medicine of the Univer-
sity Hospital of Patras from 16 February 2018 to 28 February 2022. Over this period,
2036 consecutive patients underwent gated-SPECT MPI with 99mTc-tetrofosmin. Two-
hybrid SPECT/CT gamma camera systems (Varicam, Hawkeye and Infinia, Hawkey-4, GE
Healthcare, Chicago, IL, USA) were employed for MPI imaging. Computed tomography-
based attenuation correction (AC) was applied to stress and rest images in all subjects.
Five hundred and six participants were subsequently subjected to ICA within sixty days
from MPI for further investigation. Twenty patients were excluded from the dataset due
to inconclusive MPI results or missing ICA reports. The final study population included
486 patients (CAD-positive cases refer to 43.82% of the total). Data collection was ap-
proved by the ethical committee of the University General Hospital of Patras (Ethical &
Research Committee of University Hospital of Patras—protocol number 108/10-3-2022).
The study’s retrospective nature waived the requirement to obtain informed consent from
the participants. All data-related processes were performed anonymously. All procedures
in this study followed the Declaration of Helsinki. Three experienced nuclear medicine
physicians provided the diagnostic results of MPI SPECT by inspecting the study retrospec-
tively and, independently, the Polar Maps. Between-reader inconsistencies were resolved
by consensus.

Tomographic reconstruction of raw image data on a dedicated workstation (Xeleris 3,
GE Healthcare) by the OSEM (ordered subset expectation maximisation) algorithm using
two iterations and ten subsets. After reconstruction, a low-pass filter (Butterworth, with
power of ten and a cut-off value of 0.40 for stress and 0.45 for rest images) was applied.
Apart from 3-plane tomographic slices (in short, vertically long and horizontally long axes),
the software automatically created polar maps. A polar map is an image that summarises
the results of 3D tomographic slices into a single 2D circular presentation. Polar maps
were extracted from the workstation in DICOM (Digital Imaging and Communications in
Medicine) format for further processing.

2.4. Image Preprocessing

Image preprocessing is an essential step in medical image analysis. To process the
extracted DICOM images, reading them into memory and applying some initial trans-
formations were necessary. One such transformation was the application of colour maps
(Figure 2). Colour maps are used to convert a grayscale image into a colour image. This
can help visualise the different structures in the image, such as bones and soft tissue, with
different colours. This can be particularly useful in medical imaging, where it is vital to
identify and differentiate different structures. We used a library such as Matplotlib to apply
a colour map, which provided several colour maps.

For each patient, we extracted four Polar Maps as follows:

1. Polar map (with attenuation correction) in rest conditions.
2. Polar map (with attenuation correction) in stress conditions.
3. Polar map (without attenuation correction) in rest conditions.
4. Polar map (without attenuation correction) in stress conditions.

The four Polar Maps were merged into a single image (Figure 2) in JPEG format for
feeding AFF-VGG19.

Once the image was transformed with a colour map, it could be converted into a
numerical array. This allowed us to perform numerical operations on the image, such
as filtering, segmentation, and registration. Normalisation is a common preprocessing
step that helps ensure that image data are in a consistent range. This can be particularly
important for DL models, which are sensitive to the scale of the input data. Normalisation
can be performed by dividing the image values by the maximum value or by subtracting
the mean and dividing by the standard deviation.
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2.5. Experiment Design

Figure 2 illustrates the experiment pipeline.
The experiments were performed using a workstation of the following properties: 11th

Gen Intel® Core™ i9-11900KF @3.50GHz processor, equipped with an NVIDIA GeForce
RTX 3080 Ti GPU and a 64-GB RAM for a 64-bit operating system. The Python 3.9 libraries
TensorFlow 2.9.0 and Sklearn 1.0.2 were used.

The assessment of the models was done under a 10-fold cross-validation scheme.
During each fold, the accuracy, sensitivity (or recall), specificity, positive predictive value
(PPV) or precision, negative predictive value (NPV), false-positive rate (FPR), and F-1 score
of the run were derived from the recorded true positives (TP), false positives (FP), true
negatives (TN), and false negatives (FN) of each class. We used the following formulas to
compute the metrics:

Sensitivity =
TP

(TP + FN)

Speci f icity =
TN

(TN + FP)

PPV =
TP

(TP + FP)

NPV =
TN

(TN + FN)

FPR =
FP

(FP + TN)
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F − 1 =
2 × PPV × Sensitivity

PPV + Sensitivity

3. Results
3.1. Assessing the Agreement between the Model and the Human Expert

The model was trained using the nuclear medicine expert diagnostic yield as a ref-
erence. Therefore, the model was trained to mimic how the human reader reads and
interprets the image. As a result, this experiment measured the agreement between the
expert and the model and was irrelevant to the presence of CAD. The model strongly
agreed with the expert (0.8992 accuracy, Table 1). The model exhibited 198 true-positive
cases, 239 true-negative cases, 34 false positives, and 15 false negatives. The high F-1 score
indicated no subjective class-related biases in the model.

Table 1. AFF-VGG19 and human expert diagnostic efficiency.

Metric
With Reference to ICA Findings With Reference to Human Reader

AFF-VGG19 (Model) Nuclear Medicine Expert AFF-VGG19 (Model)

True Positives 186 204 198
True Negatives 197 177 239
False Positives 76 96 34

False Negatives 27 9 15
Accuracy 0.78881 0.7840 0.8992
Sensitivity 0.8732 0.9577 0.9296
Specificity 0.7216 0.6484 0.8755

PPV 0.7099 0.68 0.8534
NPV 0.8795 0.9516 0.9409
FPR 0.2784 0.3516 0.1245

F-1 score 0.7832 0.7953 0.8899

3.2. Assessing the Model’s Robustness in CAD Diagnosis Based on ICA Findings

AFF-VGG19 was retrained using the ICA findings as the reference. Therefore, the
model aimed to identify the presence of significant ischemic vessels related to CAD. The
reader should note that the MPI test was an inherently weak predictor for CAD and often
exhibited false-positive and false-negative findings [28–30,42].

The model attained a slightly better accuracy (0.7888) than the human expert (0.7840).
The human expert was more biased towards the CAD class, exhibiting 96 false-positive
cases, much higher than the model (76). As a result, the human expert had higher sensitivity
(0.9577 versus 0.8732) and lower specificity (0.6484 versus 0.7216) rates. It is worth noticing
that the human reader yielded a slightly higher F-1 score (0.7953 versus 0.7832) (Figure 3).

In conclusion, the results demonstrated an acceptable agreement rate between the
model and the expert and similar diagnostic strength when evaluated based on the ICA
findings. The model was less subjective, i.e., less biased towards the CAD class. This was
an expected behaviour, because the human reader may overestimate ambiguous cases
and suggest a patient undergo an invasive test (ICA) that serves as both a diagnostic
examination and a remedy.

3.3. Comparison with Other VGG Approaches

The efficiency of AFF-VGG19 has also been assessed against other VGG approaches.
More specifically, we employed the baseline VGG16 and VGG19 models, the Feature-Fusion
VGG19 model [10], and an attention-based VGG19 model containing only the described
attention module. AFF-VGG19 was superior to the other approaches. It improved the
diagnostic accuracy of the baseline VGG19 by 9% (Table 2) and was better than the baseline
FF-VGG19 (0.7881 accuracy versus 0.7119). These results highlighted that the feature-fusion
and attention modules work well in cooperation and improve the performance.
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Table 2. Performance metrics of VGG approaches with reference to ICA findings.

Network Accuracy Sensitivity Specificity F-1 Score

Baseline VGG16 0.6770 0.7606 0.6117 0.6736
Baseline VGG19 0.6955 0.7700 0.6374 0.6891
FF-VGG19 [10] 0.7119 0.7840 0.6557 0.7046

Attention VGG19 0.7469 0.8498 0.6667 0.7464
Attention FF-VGG19 0.7881 0.8732 0.7216 0.7832

3.4. Comparison with Pretrained State-of-the-Art

The selection of the VGG19 network as the baseline for integrating the feature-fusion
block and the attention module was based on the recent literature [17,29] and the experi-
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ments provided in Table 3. Several baseline state-of-the-art pretrained models were trained
using the ICA findings to determine the best-performing one.

Table 3. Performance metrics of CNN approaches with reference to ICA findings.

Network Accuracy Sensitivity Specificity F-1 Score

VGG16 0.6770 0.7606 0.6117 0.6736
VGG19 0.6955 0.7700 0.6374 0.6891

ResNet152 0.6605 0.7465 0.5934 0.6584
ResNet152V2 0.6605 0.7512 0.5897 0.6598
InceptionV3 0.6543 0.7793 0.5568 0.6640

InceptionResNetV2 0.6646 0.7793 0.5751 0.6707
MobileNet 0.6564 0.7653 0.5714 0.6613

MobileNetV2 0.6584 0.7606 0.5788 0.6612
DenseNet169 0.6091 0.7277 0.5165 0.6200
DenseNet201 0.6296 0.7418 0.5421 0.6371

NASNetMobile 0.6379 0.7465 0.5531 0.6437
EfficientNetB6 0.6667 0.7559 0.5971 0.6653
EfficientNetB7 0.6564 0.7465 0.5861 0.6557

EfficientNetV2B3 0.6111 0.6714 0.5641 0.6021
ConvNeXtLarge 0.6276 0.6526 0.6081 0.6057

ConvNeXtXLarge 0.6214 0.6479 0.6007 0.6000
Xception 0.6605 0.7465 0.5934 0.6584

VGG16, VGG19, Xception, and EfficientNetB6 provided the top four accuracies. The
minor differences in the accuracy of the four best models were not investigated for statistical
significance. Instead, the most uniform network was chosen (VGG).

3.5. Comparison with the Literature

Table 4 presents the related literature employing Polar Map images and DL methods
for diagnosing CAD or measuring the agreement with human readers.

The results of the study were consistent with the literature. There were studies
reporting a similar or higher diagnostic efficiency. This discrepancy was caused by training
data variations related to scale and class distribution.

Table 4. Performance metrics of the literature approaches.

Study Input Reference Explainability Results

[26] Polar Maps Human reader X
Agreement: 0.83
Sensitivity: 0.47
Specificity: 0.70

[43] Polar maps + cardiac risk factors ICA Accuracy: 0.857

[22] Polar Maps ICA X

Sensitivity: DL (0.82), SSS (0.75),
U-TPD (0.77), and S-TPD (0.73) in men
DL (0.71), SSS (0.71), U-TPD (0.7), and

S-TPD (0.65) in women

[29] Polar Maps ICA -

DL
Accuracy: 0.74

Sensitivity: 0.75.
Specificity: 0.73.

Similar results with the experts
Semi-Quantitative Analysis

Accuracy: 0.66.
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Table 4. Cont.

Study Input Reference Explainability Results

[30] Polar Maps + Clinical ICA -

Expert
Accuracy: 0.7

Sensitivity: 0.89
Specificity: 0.71

Model
Accuracy: 0.78

Sensitivity: 0.77
Specificity: 0.79

[20] Polar maps + angina symptoms
and age I.C.A.

Per vessel
AUC: 0.89
Per patient
AUC: 0.95

[16] Polar maps Human reader

Accuracy: 0.7562
Sensitivity: 0.7856
Specificity: 0.7434

F1 score: 0.6646
AUC: 0.8450

[43] Polar maps Human reader Accuracy: 0.92

[24] Stress rest polar maps combined
with age, sex, and cardiac volumes ICA X

AUC: 0.76
AUC: 0.73

(external dataset)

This study Stress and rest Polar Maps
(AC and NAC.) Human reader X

Accuracy: 0.8992
Sensitivity: 0.8992
Specificity: 0.8755

This study Stress and rest Polar Maps
(AC and NAC.) I.C.A. X

Accuracy: 0.78881
Sensitivity: 0.8732
Specificity: 0.7216

3.6. Visual Assessment

Grad-CAM++ was implemented to visualise important areas on the Polar Maps, as
suggested by the AFF-VGG19 network. The nuclear medicine specialists of the authors
group performed a visual assessment regarding the highlighted areas on the Polar Maps.

Based on the visual inspection, the model was reassessed. Figure 4 illustrates a
sample of true-positive findings. Figure 5 illustrates true-negative, false-positive, and false-
negative samples.

The model revealed and highlighted important segments of the Polar Maps correctly.
The suggested regions were relevant to the evidence of artery stenosis but of a greater spatial
extent than the extent of the positive findings. Also, some maps were quite vague about the
exact locations they dictated in the images and were considered incorrect. The inspection
of 100 Polar Maps and the suggested regions of interest (the produced Grad-CAM++ heat
maps) indicated a slight performance decrease, as Table 5 suggests.

The 100 samples included 45 TP cases, 35 TN cases, 12 FP cases, and 8 FN cases.
These metrics corresponded to a 0.8 accuracy in CAD identification. Of the 45 TP cases,
43 had meaningful suggested regions, 1 had an ambiguous region (too large), and 1 had an
irrelevant suggested region.

Of the 35 TN cases, 34 generated a meaningful heat map, and 1 an ambiguous (too
large area). For the 12 FP cases, 4 heat maps located the suspected artery correctly, but
the classification was wrong. In addition, eight of the twelve irrelevant suggestions were
in the right locations, but the suggested class was not expected. The eight FN cases did
not contain any highlighted areas. Therefore, these cases were considered to be irrelevant.
Considering the number of meaningful explanations, the model’s accuracy reached 77%,
3% less than the obtained accuracy without inspecting the suggested areas.
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Table 5. Results of the examination of the produced Grad-CAM++ heatmaps. An asterisk (*) indicates
that, though the image classification yielded a false positive, the produced heatmap correctly pointed
to the location of interest.

Polar Maps Number of
Examined

Number of
Adequate

Explanations

Number of
Ambiguous

Explanations

Number of
Irrelevant

Explanations

TP cases 45 43 1 1
TN cases 35 34 1 0
FP cases 12 0 (4 *) 0 12 (8 *)
FN cases 8 0 0 8

Total 100 77 2 21

4. Discussion

DL can substantially contribute to medical image processing and medical image
analysis for diagnostic purposes. In the case of CAD, the significance of DL in the analysis
of MPI SPECT scans and MPI SPECT Polar Maps is already highlighted [13,17,22,26,29,30].

In this study, we proposed an advanced deep learning (DL) methodology that incor-
porated feature-fusion and attention modules to enhance the localisation abilities of the
baseline VGG19 network. Additionally, we implemented the Grad-CAM++ algorithm to
enable a visual assessment of the regions where VGG19 focused on its most critical features.

We initiated our discussion by examining the agreement between AFF-VGG19 and
the medical experts. We trained the model using the human reader’s diagnostic yield
as a reference to achieve this. The results demonstrated a high level of agreement, with
an impressive 89.92% alignment between the model’s predictions and the classifications
assigned by the human reader to the images. This finding underscored the model’s capacity
to capture relevant features and make clinically meaningful predictions, providing valuable
insights for medical practitioners.

Furthermore, we performed training and assessment using the ICA findings as a
reference, simulating real-world diagnostic scenarios. AFF-VGG19 displayed a robust
diagnostic strength, boasting an accuracy of 0.78881, closely mirroring the performance
of the human expert (0.7840). Notably, the model exhibited more balanced sensitivity
(0.8732) and specificity (0.7216) rates, outperforming the human expert in this regard
(0.9577 and 0.6484, respectively). Human readers, particularly nuclear medicine physicians,
may exhibit bias towards the positive class of CAD due to several reasons. First, they
may encounter cases with ambiguous diagnostic test results, where the findings are not
definitive, leading them to err on the side of caution and lean towards diagnosing CAD
to avoid missing potential cases, even if the evidence is inconclusive. Second, there may
be a preference for false-positive results, because they allow for follow-up with invasive
procedures like invasive coronary angiography (ICA) to confirm the presence of CAD.
Missing CAD cases (false negatives) can be risky for patients, and this preference for false
positives may contribute to the bias towards the CAD class.

Additionally, the bias can be related to the dataset used, as nuclear medicine physicians
typically select symptomatic patients for SPECT/MPI testing in clinical practice. As a
result, the dataset used for training and validation may have a higher proportion of patients
with CAD, reflecting the real-world scenario where doctors encounter more patients with
cardiac symptoms. To mitigate the impact of bias, training the machine learning model
on a balanced dataset during the training and validation phases is essential. A balanced
dataset allows the model to handle both positive and negative cases effectively without
becoming skewed towards the majority class. Nevertheless, despite using a balanced
dataset, the model may still face challenges in real-world scenarios due to inherent biases
in data collection and human decision-making. Therefore, evaluating the model on diverse
and unbiased datasets is crucial to ensure its generalisability and reliability. Moreover,
raising awareness among human experts about potential biases and encouraging them to
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be mindful of their decision-making process can contribute to the improved performance
and fairness of AI models in real-world applications.

These results indicate that AFF-VGG19 has the potential to be a valuable tool in
assisting medical experts in making more reliable and accurate diagnoses.

However, it is essential to consider the interpretability of the model’s predictions. We
visually inspected the Grad-CAM++ regions to gain insights into the decision-making pro-
cess of AFF-VGG19. Among the 100 selected samples, the model produced 77 meaningful
explanations, offering valuable information on the regions it focused on for classification.
While this interpretability was advantageous, it came with a slight trade-off in accuracy,
resulting in a marginal decrease of 0.77. We attributed this reduction to the presence of
irrelevant region suggestions even when the model correctly classified the image. There-
fore, future research may further refine the model’s interpretability while maintaining its
diagnostic performance.

Our study contributes to the growing body of research on DL applications in CAD
screening. The combination of feature-fusion and attention mechanisms in AFF-VGG19
demonstrates the potential for improving localisation abilities, making it a promising
candidate for CAD diagnosis. Moreover, the high level of agreement with medical experts
and competitive diagnostic strength compared to human experts indicate that the model
could be a valuable asset in clinical practice. The study results are consistent with the
literature compared to studies employing similar datasets for the same purpose (Table 4).

However, we acknowledge some limitations in our study. The dataset was collected
from a single institution, and future investigations should include multi-centre data to
enhance the generalisability. Additionally, addressing the issue of irrelevant region sugges-
tions in the Grad-CAM++ analysis could further enhance the model’s interpretability with-
out compromising the accuracy. Substantial performance improvements may be achieved
by experimenting with more sophisticated attention and feature-fusion modules or by
substituting the baseline CNN model with more problem-specific approaches, such as the
RBG-CNN network [17]. More state-of-the-art pretrained networks can be benchmarked for
fine-tuning. However, such experiments would be reasonable, providing that a larger-scale
dataset was collected. The study needs to perform external validation to inspect the robust-
ness of the models to acquisition device variations and variations regarding the acquisition
parameters. More precise localisation outcomes may also be obtained using alternative post
hoc explainability-enhancing methods besides Grad-CAM++. The 17-segment Polar Map
can constrain the region of interest for the model and force it to seek important features
in reasonable areas. Former studies have suggested this methodology [26]. Finally, the
integration of clinical factors is expected to have a significant contribution [30]. Feature
selection algorithms can highlight the most vital clinical factors to be combined with the
CNN output and provide a more precise diagnosis.

5. Conclusions

In this study, we proposed an innovative and explainable DL method aimed at charac-
terising MPI SPECT Polar Map images in patients with suspected CAD. The cornerstone
of our method was an attention-based feature-fusion network (AFF-VGG19) designed
to perform accurate diagnoses. To unveil potentially significant regions, we employed
the Grad-CAM++ algorithm, contributing to the interpretability of our model. We were
pleased to find that AFF-VGG19 demonstrated substantial agreement (89.92%) with medi-
cal experts, showcasing its competence in CAD diagnosis. Upon evaluating the model’s
performance using the ICA findings as a reference, we observed that AFF-VGG19 achieved
strong diagnostic capabilities. Our findings validated the utility of DL methodologies,
particularly attention-based networks, in the context of CAD screening. The results aligned
with the existing literature and offered promising evidence that such models are likely to
play a pivotal role in future CAD diagnosis and screening practices.
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