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Abstract
Background  Myocardial perfusion imaging (MPI) using single-photon emission computed tomography (SPECT) is a well-
established modality for noninvasive diagnostic assessment of coronary artery disease (CAD). However, the time-consum-
ing and experience-dependent visual interpretation of SPECT images remains a limitation in the clinic.
Purpose  We aimed to develop advanced models to diagnose CAD using different supervised and semi-supervised deep 
learning (DL) algorithms and training strategies, including transfer learning and data augmentation, with SPECT-MPI and 
invasive coronary angiography (ICA) as standard of reference.
Materials and methods  A total of 940 patients who underwent SPECT-MPI were enrolled (281 patients included ICA). 
Quantitative perfusion SPECT (QPS) was used to extract polar maps of rest and stress states. We defined two different tasks, 
including (1) Automated CAD diagnosis with expert reader (ER) assessment of SPECT-MPI as reference, and (2) CAD diag-
nosis from SPECT-MPI based on reference ICA reports. In task 2, we used 6 strategies for training DL models. We imple-
mented 13 different DL models along with 4 input types with and without data augmentation (WAug and WoAug) to train, 
validate, and test the DL models (728 models). One hundred patients with ICA as standard of reference (the same patients 
in task 1) were used to evaluate models per vessel and per patient. Metrics, such as the area under the receiver operating 
characteristics curve (AUC), accuracy, sensitivity, specificity, precision, and balanced accuracy were reported. DeLong and 
pairwise Wilcoxon rank sum tests were respectively used to compare models and strategies after 1000 bootstraps on the test 
data for all models. We also compared the performance of our best DL model to ER’s diagnosis.
Results  In task 1, DenseNet201 Late Fusion (AUC = 0.89) and ResNet152V2 Late Fusion (AUC = 0.83) models outper-
formed other models in per-vessel and per-patient analyses, respectively. In task 2, the best models for CAD prediction 
based on ICA were Strategy 3 (a combination of ER- and ICA-based diagnosis in train data), WoAug InceptionResNetV2 
EarlyFusion (AUC = 0.71), and Strategy 5 (semi-supervised approach) WoAug ResNet152V2 EarlyFusion (AUC = 0.77) in 
per-vessel and per-patient analyses, respectively. Moreover, saliency maps showed that models could be helpful for focusing 
on relevant spots for decision making.
Conclusion  Our study confirmed the potential of DL-based analysis of SPECT-MPI polar maps in CAD diagnosis. In the 
automation of ER-based diagnosis, models’ performance was promising showing accuracy close to expert-level analysis. It 
demonstrated that using different strategies of data combination, such as including those with and without ICA, along with 
different training methods, like semi-supervised learning, can increase the performance of DL models. The proposed DL 
models could be coupled with computer-aided diagnosis systems and be used as an assistant to nuclear medicine physicians 
to improve their diagnosis and reporting, but only in the LAD territory.
Clinical trial number  Not applicable.
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Introduction

Cardiovascular disease (CVD) is the leading cause of 
death in the US, with a morbidity rate of 48.6% among 
adults above 20 from 2017 to 2020 [1]. CVD mortality has 
increased sharply since 2010, and 41.2% of all CVD deaths 
were due to coronary artery disease (CAD) in 2020 [1]. 
CAD refers to a condition when lesions form atheroscle-
rotic plaques in epicardial coronary arteries adversely affect 
the blood circulation in the heart [2, 3]. Invasive coronary 
angiography (ICA) is currently the gold standard for diag-
nosing CAD, and the diagnostic power of other methods 
is commonly evaluated against it [4]. Myocardial perfu-
sion imaging (MPI) with single-photon emission computed 
tomography (SPECT) is a well-established tool enabling 
physicians to assess perfusion in the left ventricle (LV) non-
invasively [5]. Variations in perfusion induced in the LV by 
CAD enables SPECT-MPI to diagnose and assess CAD. 
Meanwhile, visual interpretation of SPECT images is time-
consuming and depends highly on the extent of the physi-
cian’s experience [6].

Computer-aided detection (CADe) and diagnosis 
(CADx) systems reduce the subjectivity of physician’s deci-
sion and interpretation time [7]. Such systems operate based 
on threshold values acquired from retrospectively col-
lected groups of patients identified as normal or abnormal 
[7, 8]. Cedars Sinai’s quantitative perfusion SPECT (QPS) 
software is an example of such systems that employs the 
17-segment polar map model proposed by American heart 
association (AHA) to quantify CAD severity by measuring 
the defect size and total perfusion deficit [9–11]. For best 
functionality, a specific standardized control database must 
be generated for various SPECT devices, radioisotopes, 
imaging procedures, etc., which poses a great limitation [8].

Recent advancements in artificial intelligence (AI) have 
broadened the applications of machine learning (ML) in 
cardiology and CADx systems [12–15]. In contrast to con-
ventional ML techniques, deep learning (DL) methods do 
not require in-advance feature engineering and can learn 
directly from medical images once a sufficient training set 
is provided [7, 16]. The learning process occurs while an 
input, such as SPECT bull’s-eye polar map flows through 
various layers of a deep neural network, and numerous fea-
tures are automatically extracted to classify images [16, 17]. 
Several studies have been directed into evaluating the accu-
racy of deep neural networks in CAD diagnosis in recent 
years, and different DL algorithms, such as convolutional 
neural networks (CNNs), have proven to result in promising 
outcomes [18–25].

In a study by Apostolopoulos et al. [22], InceptionV3 
CNN was used along with random forest (RF) and other 
neural network classifiers to classify 566 CAD patients. 

They found that feeding InceptionV3 gives sub-optimal 
results compared to the expert reader’s (ER) accuracy, while 
the combination of InceptionV3 and RF can offer ER-equiv-
alent results. However, their dataset was relatively small. In 
a larger study including 37,243 patients, Liu et al. [23], used 
the ResNet-34 algorithm without a dense layer to extract 
features from SPECT 2D circumferential count profile maps 
and then diagnosed perfusion abnormality by combining 
them with clinical features. They also compared the results 
of the DL approach with that of an automatic quantitative 
analysis software (Wackers-Liu CQ) based on defect size 
(DS) calculation. They reported that DL outperformed the 
software with a smaller variance (p < 0.01). However, their 
research lacked ICA as the standard ground truth for train-
ing and assessing the DL model.

Several studies used ICA as the standard ground truth 
[18–21]. Betancur et al. [18, 19] used multicentric datas-
ets (1638 [18] and 1160 [19] patients) to predict CAD from 
SPECT-MPI. In both studies, they found that DL improved 
automatic CAD prediction. In another multicentric study, 
Otaki et al. [20] used explainable DL to detect obstructive 
CAD in a larger dataset (3578 patients) and to highlight 
diagnostically important spots for physicians. They reported 
that their DL model showed improved sensitivity with the 
same specificity as ERs’ visual and standard quantitative 
assessments. However, in [18] and [20] only stress SPECT-
MPI images were used while rest images also bear useful 
information and can help train better models [26].

Collecting a large and balanced training dataset that rep-
resents the real-case population is challenging. Most of the 
patients with SPECT-MPI and ICA used for training a DL 
model are abnormal and this leads to biased estimations 
[27]. To reduce the inaccuracy of estimates for lower-risk 
patients, Miller et al. [21] included low-likelihood cases 
without ICA as normal patients in their dataset besides 
patients with ICA to improve the performance of their 
model. A solution to this challenge would be to include 
patients without ICA reports to the dataset and training 
models with unprecedented techniques, such as transfer 
learning or semi-supervised strategies.

In this study, we conducted comprehensive analysis to 
arrive at optimized DL-driven automated models for CAD 
diagnosis using various training strategies, including semi-
supervised and transfer learning and inputting rest, stress, 
early, and late fusion polar maps into multiple DL algo-
rithms. The present study incorporates patients diagnosed 
with CAD based on ICA or ERs’ review of SPECT-MPI 
images into the training procedure.
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Materials and methods

Fig.  1 gives a general overview of the different steps 
involved in this study protocol

Data collection

We included patients who underwent SPECT-MPI within 6 
months before/after ICA from March 2019 to June 2021. 
SPECT-MPI was performed in one-day or two-day rest and 
stress protocol after weight-based administration of 555–
740 MBq of 99mTc-Sestamibi radiopharmaceutical. Perfu-
sion images were acquired in a 180° orbit with automatic 
body contouring from 135° (RAO) to -45° (LPO) using 
a dual-head SPECT/CT system (Symbia™ T2, Siemens 
Healthcare). The energy peak was centered at 140 keV with 
a 15% (20 keV energy window width) symmetrical window. 
Matrix size and zoom factor were set to 64 × 64 and 1.45, 
respectively. Table  1 shows the characteristics of patients 
enrolled in this study. This study was performed in accor-
dance with the principles of the Declaration of Helsinki. The 
Ethics Committee of Iran University of Medical Sciences 
granted approval (No. IR.IUMS.FMD.REC.1401.419).

Image reconstruction and preprocessing

SPECT-MPI data were reconstructed using Cedars Sinai’s 
software [11] with ordered-subset expectation maximiza-
tion (OSEM) algorithm. We used 4 iterations and 4 subsets 
for image reconstruction. The Butterworth filter with a 0.5 
cutoff and order of 5 was applied to images. After recon-
struction, QPS was used to extract polar maps of rest and 

stress states. Then, the extracted polar maps were converted 
to gray-scale images and normalized to the maximum value 
of each image. The retrieved polar maps had 290×290 
matrix size, and no image resizing was applied to them.

Ground truth definition

The enrolled dataset can be classified into two main cohorts 
based on the reference of CAD diagnosis, namely ICA and 
ERs’ diagnosis. For those with ICA reports, luminal diam-
eter narrowing ≥ 50% in the left main artery or ≥ 70% in 
the left anterior descending artery (LAD), left circumflex 
artery (LCX), or right coronary artery (RCA) was defined 
as obstructive CAD [18–21].

For patients without ICA reports, two nuclear medicine 
specialists consensually made the final decision based on 
visual assessment of both non-attenuation-corrected (NAC) 
and attenuation-corrected (AC) perfusion images as stan-
dard clinical routine procedure for diagnosis. Assessments 
were made using QPS, quantitative gated SPECT (QGS), 
and other clinical features summarized in Table 1 based on a 
manual scoring system we refer to as Summed Scores (SS). 
SS is an ER-based correction to the American Heart Asso-
ciation (AHA)17-segment model.

In AHA 17-segment model [28], the severity of perfusion 
defects in each segment of a polar map is scored on a scale 
of 0 to 4 with scores reflecting 0 = normal, 1 = mild, 2 = mod-
erate, 3 = severe, and 4 = absent perfusion. In this model, 
segments 1, 2, 7, 8, 13, 14, and 17 are related to LAD, seg-
ments 3, 4, 9, 10, 15 exhibit RCA function, and segments 
5, 6, 11, 12, and 16 show whether LCX is healthy. While 
these assignments are not absolute, they are widely used in 

Fig. 1  Descriptive illustration of the different steps taken in this study. SPP: spatial pyramid pooling 2D, RCA: right coronary artery, LCX: left 
circumflex artery, LAD: left anterior descending artery
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the score of some segments according to each patient’s 
demographics where necessary. This was done to better 
reflect the combined diagnostic perspective incorporating all 
available clinical information for each patient. For patients 
who did not undergo ICA, our ERs focused on detecting the 
presence or absence of myocardial perfusion abnormalities 
by calculating SS for each coronary artery territory.

clinical and research settings to approximate coronary ter-
ritories. The conventional Summed Stress Score (SSS) sums 
the scores of each segment in stress SPECT-MPI images. 
A region with SSS ≥ 4 is classified as abnormal, indicat-
ing significant perfusion defects and consequently vascular 
complications. Regions with scores below this threshold are 
classified as normal [28, 29].

In our SS model, nuclear medicine physicians followed 
the same approach as SSS, except that they manually edited 

Overall ICA Train ICA Test ER
Number of patients 940 (100%) 181 (19.25%) 100 (10.64%) 659 (70.11%)
Males 709 (75.42%) 150 (82.87%) 87 (87.00%) 472 (71.62%)
Age (mean ± SD) 59.93 ± 11.57 59.89 ± 10.74 61.02 ± 10.93 59.77 ± 11.88
Height (m) 1.69 ± 0.11 1.70 ± 0.11 1.70 ± 0.09 1.68 ± 0.10
Weight (kg) 82.32 ± 15.63 82.35 ± 14.88 83.24 ± 14.47 82.17 ± 16.02
BMI (kg/m2) 28.82 ± 6.08 28.49 ± 5.77 28.80 ± 5.45 29.11 ± 6.18
Chest pain
  No pain 483 (51.38%) 87 (48.10%) 53 (53.00%) 343 (52.05%)
  Typical 128 (13.62%) 31 (17.13%) 16 (16.00%) 81 (12.29%)
  Atypical 277 (29.47%) 49 (27.07%) 25 (25.00%) 203 (30.80%)
  Nonanginal 52 (5.53%) 14 (7.73%) 6 (6.00%) 32 (4.86%)
DOE 470 (50.00%) 97 (53.59%) 43 (43.00%) 330 (50.07%)
Palpitation 244 (25.96%) 46 (25.41%) 28 (28.00%) 170 (25.80%)
CCU admission 223 (23.72%) 35 (19.34%) 17 (17.00%) 171(25.95%)
Diabetes Mellitus 228 (24.25%) 49 (27.07%) 20 (20.00%) 159(24.13%)
Hypertension 553 (58.83%) 97 (53.59%) 56 (56.00%) 400(60.70%)
Hypercholesterolemia 460 (48.94%) 95 (52.49%) 43 (43.00%) 322(48.86%)
Family history 121 (12.87%) 28 (15.47%) 6 (6.00%) 87(13.20%)
Stress
  Exercise 559 (59.47%) 120 (66.30%) 63 (63.00%) 376 (57.10%)
  Pharmacological 381 (40.53%) 61 (33.70%) 37 (36.00%) 283 (42.94%)
  Dobutamine 7 (0.74%) 2 (1.10%) 0 (0.00%) 5 (0.76%)
  Dipyridamole 374 (39.79%) 59 (32.60%) 37 (37.00%) 278 (42.18%)
Disease type
  1-vessel disease 248 (26.38%) 41 (22.65%) 23 (23.00%) 184 (27.92%)
  LCX 77 (8.19%) 7 (3.87%) 4 (4.00%) 66 (10.01%)
  RCA 40 (4.25%) 7 (3.87%) 4 (4.00%) 29 (4.40%)
  LAD 131 (13.94%) 27 (14.91%) 15 (15.00%) 89 (13.51%)
  2-vessel disease 122 (12.98%) 28 (15.47%) 16 (16.00%) 78 (11.84%)
  LCX and RCA 32 (3.40%) 3 (1.66%) 2 (2.00%) 27 (4.10%)
  LCX and LAD 42 (4.47%) 15 (8.29%) 9 (9.00%) 18 (2.73%)
  RCA and LAD 48 (5.11%) 10 (5.52%) 5 (5.00%) 33 (5.01%)
  3-vessel disease 102 (10.85%) 51 (28.18%) 28 (28.00%) 23 (3.49%) ​​
Ground Truth
Per-vessel
  LCX (Normal, Abnormal) 687 (73.09%), 253 

(26.91%)
105 (58.01%), 
76 (41.99%)

57 (57.00%), 
43 (43.00%)

525 (79.67%), 
134 (20.33%)

  RCA (Normal, Abnormal) 718 (76.38%), 222 
(23.62%)

110 (60.77%), 
71 (39.23%)

61 (61.00%), 
39 (39.00%)

547 (83.00%), 
112 (17.00%)

  LAD (Normal, Abnormal) 617 (65.64%), 323 
(34.36%)

78 (43.09%), 
103 (56.91%)

43 (43.00%), 
57 (57.00%)

496 (75.26%), 
163 (24.73%)

Per-patient
  Normal, Abnormal 468 (49.79%), 472 

(50.21%)
61 (33.74%), 

120 (66.26%)
33 (33.00%), 

67 (67.00%)
374 (56.75%), 
285 (43.25%)

Table 1  Characteristics of 
patients in both datasets

BMI: body mass index, DOE: 
dyspnea on exertion, CCU: 
coronary care unit, LCX: left 
circumflex artery, RCA: right 
coronary artery, LAD: left 
anterior descending artery, ICA: 
invasive coronary angiography, 
ER: expert reader
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13 different CNN models including CNN1, CNN2, 
DenseNet121, DenseNet169, DenseNet201, Efficient-
NetB0, EfficientNetB3, InceptionResNetV2, InceptionV3, 
ResNet101V2, ResNet152V2, ResNet50V2, and VGG19. 
CNN1 and CNN2 were inspired from Otaki [20] and Miller 
[21] studies, respectively.

We also compared the performance of models when fed 
with different inputs, including only rest polar maps, only 
stress polar maps, early fusion, and late fusion of polar 
maps. In early fusion, we fed stress and rest images at the 
same time as two-channel images. However, stress and rest 
were fed to the algorithms separately in late fusion, and 2D 
spatial pyramid pooling (SPP) was used in the final layer as 
in our previous study [30]. Prior to applying SPP, we used 
the maximum layer to get the single maximum matrix of the 
last output layer of stress and rest images.

Having 2 tasks, 6 different strategies in task 2, 13 DL 
algorithms, and 4 input types with and without data aug-
mentation, we arrived at 728 different models. We used the 
same ending layer for all models inspired by Otaki’s study 
[20]. We used two consecutive 128 dense layers with an l2 
regularizer of 0.01, followed by using the ReLU activation 
function and Dropout of 0.3 for each layer. We also con-
catenated clinical features to the last layer. These clinical 
features include age, gender, weight and height. For the out-
put, we used a dense layer with 3 nodes and a sigmoid acti-
vation function. Adam optimizer and binary cross entropy 
were also implemented. The initial learning rate was set 
to 0.001, and ReduceLROnPlateau was used to reduce the 
learning rate by 0.1 if validation accuracy was not changed 
after 10 epochs. This process continued until the learning 
rate arrived at 1e − 7. The batch size and epoch number were 
set to 2 and 300, respectively.

Model evaluation

We used the previously mentioned test set containing 100 
randomly separated patients to evaluate our models. The 
patients in the test set were stratified by LAD, RCA, and 
LCX to ensure a similar rate of abnormal patients in the 
test set. All patients had both SPECT-MPI images for ER-
based diagnosis and ICA reports. In Task 1, we evaluated 
the trained models against the ERs’ diagnosis, while in Task 
2, models were assessed against the ICA ground truth. In 
both tasks, the performance of models was evaluated in 
per-vessel and per-patient approaches. Metrics, such as 
true negative (TN), true positive (TP), false negative (FN), 
false positive (FP), accuracy (ACC), area under the receiver 
operating characteristics curve (AUC), sensitivity (Sen), 
specificity (Spe), balanced accuracy (BAC), and precision 
(Pre) were then used to report models’ performance.

Task and training strategy definition

In this study, we defined two main tasks for the models. In 
Task 1, we aimed to train DL models that can automatically 
classify patients into normal and abnormal categories based 
on NAC SPECT-MPI. Each image was labeled based on a 
consensus review of two nuclear medicine physicians at the 
same time. In Task 2, we aimed to predict ICA-based diag-
nosis from NAC SPECT-MPI. To train DL algorithms in this 
task, we used six different strategies of combining patients 
who only had ER-based diagnoses on SPECT-MPI data 
with those who had both ER- and ICA-based diagnoses. In 
this task, we attempted to use supervised, semi-supervised, 
and transfer learning methods. The following paragraph 
explains the data combination strategies in generating train, 
validation, and test sets.

First, a general primary set was considered as an initial 
set for each of the train, validation, and test sets including 
141, 40, and 100 patients, respectively. These patients had 
both ICA reports and SPECT-MPI. In Strategies 1 and 4, 
we used the initial train set and trained DL models based on 
ICA reference. The difference between these two strategies 
is that the models in Strategy 4 are transfer learning from 
an ER-based diagnosis model (Task 1). In fact, the weights 
for each model in this strategy were obtained from those 
trained in Task 1. In Strategies 2, 5, and 6, we added 659 
patients having only ERs’ diagnoses to the initial training 
set. The difference between these strategies is that in Strat-
egy 2, training was performed based on both ICA and ERs, 
while in Strategies 5 and 6, we generated ICA labels for the 
added 659 patients and trained our models on all data based 
on ICA references. This is called pseudo-labeling. Also, the 
difference between Strategies 5 and 6 is that in Strategy 5, 
the DL models trained in Strategy 1 were used to infer labels 
in a semi-supervised manner, while in Strategy 6, the DL 
models trained in Strategy 4 were used for inference (trans-
fer-semi-supervised learning). The validation and test sets 
were the same in all these strategies.

The only strategy with a different validation set is Strat-
egy 3, in which we distributed the 659 patients without ICA 
to the initial train and validation sets, generating a train set 
of 655 patients and a validation set of 185 cases. Therefore, 
both ICA and ERs’ diagnoses were used for both training 
and validation. Fig. 2 shows an overview of the tasks and 
the corresponding strategies.

Deep learning models

Data augmentation was performed on polar map images 
with ± 10◦ rotations. Each model in task 1 and task 2 (6 
strategies) was used once with (WAug) and once without 
augmentation (WoAug). In this study, we implemented 
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was performed per patient in the left ventricle over a prob-
ability of ≤ 100 [18, 19]. In this approach, a patient was 
labeled abnormal if one of each vessel met the previously 
mentioned inclusion criteria. Otherwise, it was considered 
normal.

In the per-vessel approach, we concatenated probabili-
ties of abnormal LAD, RCA, and LCX (≤ 100 each) and 
performed evaluation based on overall probability (≤ 300 
total). However, in the per-patient approach, we considered 
the maximum probability of the 3 vessels, and estimation 

Fig. 2  Illustration of the different tasks (ER-based and ICA-based diagnosis), and strategies used in this study to train, validate, and test the DL 
models for the prediction of CAD diagnosis from SPECT-MPI. ICA: invasive coronary angiography, ERBD: expert reader-based diagnosis

 

1 3

3024



European Journal of Nuclear Medicine and Molecular Imaging (2025) 52:3019–3035

The DeLong test was used to assess the significance level 
of the performance of each model by comparing receiver 
characteristic curves (ROCs). In addition, Wilcoxon rank 
sum test on bootstrap AUC was implemented to identify 
which training strategy, input, augmentation, and DL algo-
rithm outperformed others. We applied these tests for both 
per-vessel and per-patient analyses. We used 0.05 as thresh-
old for statistically significant differences.

Saliency maps were also created for the best model to 
show the model’s attention spots and explain the model’s 
decision [31]. Saliency maps are primarily intended to illus-
trate the regions of SPECT-MPI polar maps where the DL 
model is focusing to make predictions. These maps are not 
standalone diagnostic tools, but rather assistive visualiza-
tions designed to provide clinicians with insights into the 
model’s decision-making process. Ultimately, the final deci-
sion is derived from the probability outputs of the model, 
which are calculated based on all regions of the polar maps. 
Therefore, we provided an experienced nuclear medicine 
physician with both NAC and AC SPECT images, along 
with saliency maps and the probability of CAD occurrence 
in each artery predicted by our best model in per-patient 
analysis to compare the ER’s diagnosis with and without 
DL assistance. Finally, we compared the performance of our 
best DL model with an ER’s SS-based diagnosis.

All DL model development was performed in Tensor-
Flow version 2.4 and evaluations and analyses were con-
ducted in Python 3.9 and R 4.2.

Results

Task 1: automation of ER-based diagnosis

The results of automated ER-based diagnosis (Task 1) are 
shown in Table 2 and Supplementary Figure S1. The results 
showed that WoAug DenseNet201 LateFusion (AUC = 0.89) 
and WoAug ResNet152V2 LateFusion (AUC = 0.83) out-
performed other models in per-vessel and per-patient 
approaches, respectively. A comparison between the ROCs 
of these models is provided in supplementary Figure S2. 
Further performance metrics for each artery are shown in 
supplementary Table S1.

Task 2: prediction of ICA-based diagnosis

The heat maps of AUCs of different models trained with 
different strategies in per-vessel and per-patient analysis 
are provided in supplementary Figure S3. Table  3 shows 
the two best-performing models for each training strategy 
in per-vessel and per-patient analyses. These models are 
selected not only based on high AUC but also on superior 
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assigned probabilities for all three territories remain near 
zero, reflecting the absence of significant abnormalities.

We also compared the performance of our best DL 
model in per-patient analysis in task 2 (Strategy 5 WoAug 
ResNet152V2 EarlyFusion) to SS-based ER’s diagnosis and 
to that of a new ER with and without DL assistance. Table 5; 
Fig. 5 show the superior performance of our DL model in 
the prediction of CAD in LAD (AUC = 0.80) compared to 
the SS-based diagnosis of the first (AUC = 0.58) and sec-
ond (AUC = 0.61) ER. DL also improved the performance 
of the new ER to AUC = 0.68. The sensitivity and specificity 
of SS-based, DL, new ER without DL, and with DL were 
(0.35, 0.77), (0.61, 0.84), (0.67, 0.56), and (0.82, 0.53), 
respectively. The highest sensitivity (Sen = 0.82) and the 
highest specificity (Spe = 0.84) were achieved by ER with 
DL assistance and DL, respectively. SS-based diagnosis of 
CAD in LAD showed the lowest sensitivity (Sen = 0.35).

In diagnosing CAD in RCA and LCX, the highest 
AUC was achieved by the new ER without DL assistance 
(AUCRCA = 0.65, AUCLCX = 0.74). Although DL did not 
perform well in RCA (AUC = 0.55), it enhanced the sensi-
tivity of the new ER (Sen = 0.74) in RCA at the expense of 
reducing specificity (Spe = 0.51). In RCA, the lowest sensi-
tivity (Sen = 0.33) and highest specificity (Spe = 0.92) were 
also achieved by SS-based diagnosis. The highest sensitiv-
ity (Sen = 0.84) in LCX was, however, achieved by the new 
ER with DL assistance.

In per-vessel analysis, the new ER achieved the highest 
performance (AUC = 0.68) without DL assistance. While SS-
based diagnosis achieved the lowest sensitivity (Sen = 0.33), 
the new ER assisted with DL showed increasing sensitiv-
ity at the expense of decreasing specificity (Sen = 0.81, 
Spe = 0.48). In per-patient analysis, however, our DL model 
achieved the highest AUC and specificity (AUC = 0.77, 
Spe = 0.84) while the new ER with DL assistance showed 
the highest sensitivity but the lowest specificity (Sen = 0.94, 
Spe = 0.27). The performance of DL was balanced in terms 
of sensitivity and specificity.

Discussion

In this study, we developed DL models to automatically 
diagnose CAD using NAC SPECT-MPI with ERs’ diagno-
sis as reference (Task 1). We also trained models that can 
use NAC SPECT-MPI data to predict ICA-based diagnosis 
(Task 2). The different variables used to construct models in 
this study included the train/validation/test strategy (Fig. 2), 
the input of the models (rest, stress, early-, and late-fusion 
rest/stress polar map images), the deep network utilized, 
and whether data were augmented or not. In Task 1, mod-
els were trained and evaluated using the ERs’ diagnosis. 

performance by all metrics. Further performance metrics for 
each artery are shown in supplementary Tables S2 and S3.

The best models for the prediction of ICA-based diag-
nosis were Strategy 3 WoAug InceptionResNetV2 Early-
Fusion (AUC = 0.71) and Strategy 5 WoAug ResNet152V2 
EarlyFusion (AUC = 0.77) in per-vessel and per-patient 
analyses, respectively. A comparison between ROCs of dif-
ferent final models is provided in supplementary Figure S4.

Table 4 shows the results of the DeLong test performed 
between the developed models for per-vessel and per-
patient approaches to statistically compare the performance 
of the models. The ten top models are sorted and reported 
according to the number of models each one outperformed. 
It is noteworthy that this test is among the models for task 
2 (ICA as ground truth). The best DL model in per-vessel 
analysis was Strategy 3 WoAug InceptionResNetV2 Ear-
lyFusion performing significantly better than 572 models. 
In per-patient analysis, Strategy 5 WoAug_ResNet152V2_
EarlyFusion was the best model tested based on ICA that 
outperformed the other 568 models.

Moreover, to generally compare the outcome of different 
strategies, inputs, networks, and augmentation status, we 
performed a pairwise Wilcoxon rank sum test. To this end, 
we first calculated 1000 bootstraps on the test data for all 
models. Next, for example for the comparison of the strate-
gies, we pooled the outcome of all models within each strat-
egy together and applied pairwise Wilcoxon rank sum test 
between them. The results of this statistical test shown in 
Fig. 3 confirmed that Strategy 1, commonly DenseNet121 
and CNN2, and LateFusion had the highest outcomes in per-
vessel analysis, while Strategy 5, InceptionV3, and Stress 
input outperformed others in per-patient analysis. Perform-
ing augmentation resulted in superior performance in per-
vessel analysis while not performing augmentation showed 
significantly higher performance in per-patient analysis.

Fig. 4 shows the saliency maps of 3 abnormal and 1 nor-
mal patient. As can be seen, saliency maps of three-vessel 
disease exhibit an overlap of features in rest and stress con-
ditions. This is because the DL model might capture unde-
tectable myocardial perfusion changes in both states when 
a patient is suffering from three-vessel CAD, even though 
the rest image does not show visible perfusion defects. 
Accordingly, the corresponding territories of each vessel 
can serve as suitable CAD indicators for the DL model. In 
the map provided for two-vessel CAD, the model is cor-
rectly not focused on all the territories, significantly con-
centrating on the LAD territory. This is while LCX is not 
highlighted although being predicted to be abnormal with a 
probability of 0.94. One should expect more focus also on 
LCX when it is highly predicted to be abnormal. In normal 
cases, some attention might still appear on LCX, but the 
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achieved an AUC of 0.84. In another study by Liu et al. [23], 
37,243 stress 2D circumferential count profiles were used to 
achieve an AUC of 0.87. Chen et al. [34] used a 3D CNN 
model to classify 979 short-axis images, and the accuracy 
of their model was 0.88. What makes our study stand out is 
that we also analyzed models’ performance in a per-vessel 
approach.

In the per-vessel analysis of models developed in Task 
1, our ResNet152V2_LateFusion model also showed 
acceptable performance with an AUC of 0.80. However, 
DenseNet201_LateFusion was the best-performing model 
achieving an AUC of 0.89. In a study using per-vessel anal-
ysis to evaluate the extent of agreement between their model 
and ER’s diagnosis, Spier et al. [38] used Graph CNN to 
classify normal and abnormal patients and localize CAD in 
MPI polar maps using 17- and 3-segment divisions. They 
achieved acceptable results for their model with an agree-
ment of 0.79, sensitivity of 0.83, and specificity of 0.71. It 
is obvious that our DenseNet201_LateFusion model per-
formed better. It is worth noting that this model showed a 
promising performance also in per-patient analysis.

In Task 2, we were inspired by a study by Miller et al. 
[21] in which they used normal patients with a low likeli-
hood of CAD, along with patients with ICA reports for data 
augmentation and enhanced CAD prediction. Thus, we used 
SPECT-MPI polar maps with ER-based diagnosis along 
with patients with ICA-based diagnosis and tested several 
strategies of data combination, transfer learning, and semi-
supervised learning to train DL models. In this task, we 
compared the DL models in two ways to determine the best-
performing models in the prediction of ICA-based diagnosis 
regarding global and mean performance in each per-vessel 
and per-patient analyses. The results indicate that Strategy 
3 WoAug InceptionResNetV2 EarlyFusion proved to be the 
best-performing model globally in per-vessel analysis. This 
model was trained and validated on a combined dataset of 
patients with ER- and ICA-based diagnoses as ground truth. 
However, Wilcoxon rank sum test results comparing vari-
ables in terms of mean AUC showed that using Strategy 1 of 
data combination, DenseNet121 or CNN2 as the network, 
and late fusion as input, provides the optimum combina-
tion of variables in average. Strategy 1 includes preparing 
a dataset of patients who have undergone both ICA (to be 
used as ground truth) and SPECT-MPI (to be used as input). 
However, collecting such datasets is challenging.

In per-patient analysis, Strategy 5 WoAug ResNet152V2 
EarlyFusion model outperformed other models. In this 
model, patients without ICA were first inferenced in a 
semi-supervised manner based on models trained in strat-
egy 1. Then, they were used to train and validate the mod-
els along with the patients with ICA. However, statistical 
analysis demonstrated that Strategy 5 of data combination, 

However, in Task 2, we implemented semi-supervised and 
transfer learning along with 6 different combinations of 
training data. In addition, models were evaluated against the 
ICA ground truth in this task. The models’ performance was 
evaluated in terms of per-vessel and per-patient analyses in 
both tasks.

Table 6 compares previous studies with our study in terms 
of ER-based and ICA-based diagnosis. The results of Task 1 
show that in automatic ER-based diagnosis, ResNet152V2_
LateFusion fed with not-augmented data outperformed 
other models in per-patient analysis (AUC = 0.83). Several 
studies used only ERs’ diagnoses as references and ana-
lyzed the results using the per-patient approach [23, 33, 34]. 
Zahiri et al. [33] used 3,318 stress and rest polar maps and 

Table 4  The results of the DeLong test performed on different models 
classifying patients based on per-vessel and per-patient approaches. 
The ten top models are sorted and reported according to the number of 
models each one outperformed
Analysis Strategy Augmenta-

tion
DL network Input Sum*

Per-vessel 3 Wo Inception-
ResNetV2

Early 
Fusion

572

2 Wo Inception-
ResNetV2

Early 
Fusion

557

5 Wo Inception-
ResNetV2

Early 
Fusion

325

5 Wo CNN1 Rest 307
1 Wo CNN2 Early 

Fusion
271

3 Wo Efficient-
NetB3

Stress 199

5 Wo VGG19 Late 
Fusion

193

1 Wo DenseNet121 Early 
Fusion

189

5 Wo Inception-
ResNetV2

Rest 184

3 Wo CNN2 Late 
Fusion

155

Per-patient 5 Wo ResNet152V2 Early 
Fusion

568

5 Wo CNN2 Early 
Fusion

368

6 Wo DenseNet201 Early 
Fusion

324

5 Wo ResNet152V2 Late 
Fusion

264

5 Wo InceptionV3 Stress 236
1 Wo ResNet101V2 Stress 202
4 Wo VGG19 Late 

Fusion
201

5 Wo CNN2 Late 
Fusion

195

4 Wo DenseNet121 Stress 176
3 W DenseNet201 Rest 169

Wo: without, W: with. *Sum of the number of models, each shown 
model outperforms the total 624 models
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Fig. 3  Wilcoxon rank sum test results comparing different training strategies (A and B), DL algorithms (C and D), and inputs (E and F) in per-
vessel (left) and per-patient (right) methods of CAD prediction with ICA references (Task 2)
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late fusion polar maps based on ERs’ diagnosis without 
ICA. The reason to do so was to avoid bias in patient selec-
tion and to be able to evaluate all trained models on a test 
dataset that includes ICA reports. This contrasts with Miller 
et al. [21] where only patients with a low likelihood of 
CAD were used beside ICA. Our results also showed that 
fusing stress and rest polar maps and feeding them to DL 
algorithms as early or late fusion inputs instead of simple 
rest and stress images, enhances the performance of mod-
els. Such results could be implemented in future studies to 
improve outcomes.

Several studies have performed per-vessel and per-
patient analyses using ICA reference. In two studies, Betan-
cur et al. [18, 19] showed the potential of polar maps in 
predicting CAD. They achieved AUCs of 0.80 and 0.81 
(per patient) and 0.76 and 0.77 (per vessel). In another 
study, Otaki et al. [20] used a large dataset (n = 3,587) to 
produce a generalizable DL model to predict CAD in per-
vessel (AUC = 0.79) and per-patient (AUC = 0.83) analysis. 
Miller et al. [37] tested the model developed by Otaki et al. 
[20] on an external dataset and achieved an AUC of 0.79 in 
per-patient analysis. In another study, Papandrianos et al. 
[25] used reconstructed RGB images to predict CAD in 224 
patients achieving an AUC of 0.93.

Our study achieved globally superior results in most 
models without-augmentation approaches, indicating that 
augmentation did not improve the performance. In con-
trast, the statistical tests showed that augmented inputs 
led to superior mean performance in per-vessel analysis. 
This is while in per-patient analysis, non-augmented data 
gave better mean results. This discrepancy may be due to 
the averaging among all models when comparing the mean 

InceptionV3 network, and stress polar maps inputs lead to 
the highest performance.

Although Strategy 1 of data combination led to best aver-
age performance in the per-vessel analysis, Strategy 5 over-
came other data combinations in the per-patient approach. 
This highlights the promising results of our study in devel-
oping models with equivalent or superior performance to 
a method in which we only rely on a dataset with ICA as 
reference. This finding is aligned with the study by Miller et 
al. [21]. One strength of our study is that we also included 
normal and abnormal SPECT-MPI rest, stress, early, and 

Table 5  Comparison between the performance of our best DL model 
and expert readers

Metric ER SS ER without DL DL ER with DL
LAD AUC 0.58 0.61 0.80 0.68

Sen 0.35 0.67 0.61 0.82
Spe 0.77 0.56 0.84 0.53

RCA AUC 0.63 0.65 0.55 0.63
Sen 0.33 0.49 0.54 0.74
Spe 0.92 0.82 0.57 0.51

LCX AUC 0.64 0.74 0.59 0.63
Sen 0.30 0.65 0.67 0.84
Spe 0.88 0.82 0.51 0.42

PP AUC 0.66 0.62 0.77 0.61
Sen 0.78 0.88 0.84 0.94
Spe 0.42 0.36 0.61 0.27

PV AUC 0.62 0.68 0.64 0.65
Sen 0.33 0.61 0.61 0.81
Spe 0.86 0.75 0.62 0.48

LAD: left anterior descending artery, RCA: right coronary artery, 
LCX: left circumflex artery, PP: per-patient, PV: per-vessel, ER: 
expert reader, SS: summed score, DL: deep learning (Strategy-
06-WoAug_ResNet152V2_EarlyFusion)

Fig. 4  Saliency maps of 2 patients with 3- and 2-vessel diseases compared to a normal patient. LAD: left anterior descending artery, LCX: left 
circumflex artery, RCA: right coronary artery
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Table 6  Comparison between previous studies and the present research with ICA and ER references
Ref. Study Patient Number and Input Target Model Acc Sen Spe AUC
ER-based diagnosis Papandrianos et al. [32] 625 SA, HLA, VLA, S + R RGB PP RGB-CNN 0.93 - - 0.94

Zahiri et al. [33] 3,318 S + R PM RGB PP 2D CNN 0.76 0.79 0.74 0.84
Chen et al. [34] 979 SA PP Tl 3D CNN 0.88 0.82 0.92 -
Berkaya et al. [35] 192 SA, HLA, VLA, S + R RGB PP 2D CNN 0.93 1.00 0.86 -
Liu et al. [23] 37,243 S Recon profile PP 2D CNN 0.83 0.74 0.85 0.87
Magboo et al. [24] 192 SA, HLA, VLA, S + R RGB PP 2D CNN 0.84 1.00 - -
This Study 940 S + R PM PP

PV
ResNet152V2
DenseNet201

0.74
0.78

0.76
0.78

0.72
0.78

0.83
0.89

ICA-based diagnosis Apostolopoulos et al. [36] 216 S + R AC/NAC PM PP VGG16 0.75 0.75 0.73 -
Apostolopoulos et al. [22] 556 S + R AC/NAC PM + Clinical PP InceptionV3 + RF 0.78 0.77 0.79 0.79
Betancur et al. [18] 1,638 Raw + TPD PM PP

PV
CNN -

-
0.82
0.70

-
-

0.80
0.76

Betancur et al. [19] 1,160
Sup + SU
TPD PM

PP
PV

CNN -
-

-
-

-
-

0.81
0.77

Otaki et al. [20] 3,578
S PM Perf Mot Thic

PP
PV

2D CNN
10 CV

-
-

0.61
-

0.84
-

0.83
0.79

Miller et al. [37] 240 (Test) Otaki - - - 0.79
Miller et al. [21] 828 + 511 S SU PM PP 2D CNN - 0.88 0.84 0.93
Papandrianos et al. [25] 224 SA, HLA, VLA, S + R RGB PP RGB-CNN 0.94 0.94 0.78 0.93
This Study 940 S + R PM PP

PV
ResNet152V2
InceptionResNetV2

0.76
0.64

0.84
0.61

0.61
0.66

0.77
0.71

ICA: invasive coronary angiography, ER: expert reader, PP: per-patient, PV: per-vessel, S: stress, R: rest, RGB: red green blue, AC: attenuation-
corrected, NAC: non-AC, PM: polar map, TPD: total perfusion deficit, Sup: supine, SU: semi-upright, Perf: perfusion, Mot: motion, Thic: 
thickening, SA: short axis, HLA: horizontal long axis, VLA: vertical long axis

Fig. 5  Comparison between the performance of our best DL model 
and ERs. LAD: left anterior descending artery, RCA: right coro-
nary artery, LCX: left circumflex artery, PP: per-patient, PV: per-

vessel, ER: expert reader, SS: summed score, DL: deep learning 
(Strategy-06-WoAug_ResNet152V2_EarlyFusion)
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utility of combining ER- and ICA-based references to over-
come the challenge of limited ICA data. While this approach 
may seem simplistic compared to a broader integration of 
heterogeneous data, it provides a foundation for future stud-
ies to build upon and explore more sophisticated models. 
In addition, we did not have an external validation set to 
validate our results. Another limitation is that we used ICA 
data acquired within ± 6 months of SPECT imaging. We 
also used a threshold of 70% narrowing for CAD diagnosis. 
Using SPECT data of nearer time ranges and fractional flow 
reserve (FFR) data for CAD diagnosis is recommended in 
future studies. Moreover, we did not use scatter- and attenu-
ation-corrected SPECT-MPI images in model development. 
The motivation behind this choice was to avoid artifacts 
that may occur in the RCA and LCX territories following 
AC [39]. Additionally, this approach makes our model more 
applicable for centers that use standalone SPECT cameras. 
However, we recommend evaluating the effect of scatter 
and attenuation correction on DL models’ performance. 
In this study, we only used stress and rest polar maps as 
inputs to DL models. We recommend using also motion and 
thickening, 3D images, and 3D CNN. Moreover, a larger 
number of nuclear medicine physicians should be included 
in future research to separately investigate the benefit and 
potential role of DL-gained probabilities and saliency maps 
in improving ERs’ diagnostic performance.

Conclusion

Our study confirmed the power of DL-based analysis of 
SPECT-MPI polar maps for diagnosing CAD. In the auto-
mation of ER diagnosis, models’ performance was promis-
ing showing accuracy close to expert-level analysis. It also 
showed that using different data combination strategies, such 
as integrating data with and without ICA references and uti-
lizing training methods like semi-supervised learning, can 
enhance the performance of DL models in predicting ICA-
based diagnosis. The proposed DL models could potentially 
be used as an assistant to nuclear medicine physicians as 
decision-support tools for identifying abnormalities in the 
LAD territory. However, developing a robust assistant for 
RCA and LCX requires further investigation.

Supplementary Information  The online version contains 
supplementary material available at ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​0​7​​/​s​0​​0​2​5​9​-​0​
2​5​-​0​7​1​4​5​-​x.

Acknowledgements  The authors would like to express their deepest 
gratitude to the staff of the nuclear medicine ward at Rajaei Cardiovas-
cular Medical and Research Center (RCMRC).

Author contributions  GH: Conceptualization, Methodology, Soft-
ware, Validation, Formal analysis, Investigation, Resources, Data cu-

and global performance. Performance may reduce in some 
combinations when averaging. Miller et al. [21] used the 
same augmentation method but applied on normal and no 
obstructive CAD patients. They reported that augmentation 
significantly improved performance. One of the reasons that 
our study showed opposing results is that we have 3 outputs, 
and each output belongs to a specific region. Rotated polar 
maps may confuse DL models. In addition, we applied the 
augmentation on all images and not only the normal ones.

Another novelty brought in this study is that we extended 
our investigation to compare the performance of our DL 
models in diagnosing CAD in the three main arteries of the 
LV based on SPECT-MPI. We also compared the perfor-
mance of our best DL model to that of an ER. The results 
show that DL has the highest performance in CAD diag-
nosis in LAD and per-patient analysis. There is a balance 
between sensitivity and specificity in RCA, LCX, and per-
patient analysis. However, ERs have high specificity but 
low sensitivity in SS-based CAD diagnosis in LAD, RCA, 
LCX, and per-vessel analysis. This is while the opposite 
is true for per-patient analysis. In other words, ERs have 
superior performance in finding normal segments in LAD, 
RCA, LCX, and per-vessel analysis, while they may miss a 
large group of abnormal ones. In per-patient analysis, how-
ever, the performance was relatively more balanced. More-
over, using DL-gained saliency maps and probabilities as 
assistive tools to help an ER showed that the model could 
improve sensitivity and decrease specificity. This result 
indicates that we can hypothesize that an ER can benefit 
from DL-gained probabilities and saliency maps in relat-
ing SPECT-MPI polar maps and ICA data, thus improving 
the sensitivity of the diagnosis compared to the SS-based 
approach. However, the relationships between saliency map 
abnormalities and specific angiographic parameters, such as 
stenosis severity, lesion location, and collateral circulation 
in ICA images, remains an open research question requiring 
further investigation.

This is where AI may play a crucial role in supporting 
physicians by suggesting potentially abnormal regions that 
might be overlooked. While such models may not always 
have perfect specificity, experts can review and correct for 
any false positives. As a result, combining the high sensitiv-
ity of AI with the specificity of experts may increase the 
overall diagnostic performance. However, this requires in-
depth investigations comparing DL-assisted diagnosis of 
a greater number of nuclear medicine physicians who are 
trained and are adequately familiar with the performance of 
the models and how much they can trust them.

This study has some limitations. Our sample size with 
ICA reference was relatively small. To overcome this limita-
tion, we used more SPECT-MPI polar maps with ER-based 
diagnosis. Our intention was to evaluate the diagnostic 
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