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Abstract
Purpose: To explore the feasibility and e�cacy of radiomics with left ventricular tomograms obtained
from D-SPECT myocardial perfusion imaging (MPI) for auxiliary diagnosis of myocardial ischemia in
coronary artery disease (CAD).

Methods: The images of 103 patients with CAD myocardial ischemia between September 2020 and April
2021 were retrospectively selected. After information desensitization processing, format conversion,
annotation using the Labelme tool on an open-source platform, lesion classi�cation, and establishment
of a database, the images were cropped for analysis. The ResNet18 model was used to automate two
steps (classi�cation and segmentation) with �ve randomization, training and validation steps. Sensitivity,
speci�city, positive likelihood ratio, negative likelihood ratio, positive predictive value, negative predictive
value, Youden’s index, agreement rate, and kappa value were calculated as evaluation indexes of the
classi�cation results for each training-validation step; then, receiver operating characteristics (ROC)
curves were drawn, and the areas under the curve (AUCs) were calculated. The Dice coe�cient,
intersection over union, and Hausdorff distance were calculated as evaluation indexes of the
segmentation results for each training-validation step; then, the predicted images were exported.

Results: Under the existing conditions, the radiomics model can distinguish myocardial ischemia quite
accurately, with AUCs all exceeding 0.95, and predict the areas of myocardial ischemia quite accurately;
all evaluated indexes were close to those of the gold standard.

Conclusion: Radiomics can be feasibly applied to left ventricular tomograms obtained from D-SPECT MPI
for auxiliary diagnosis, with quite good results. Patients may bene�t from this approach as technology
evolves and associated software is developed.

Introduction
According to the American Heart Association, ischemic heart disease (including coronary artery disease
(CAD)) has become the leading cause of death in the USA [1]. In China, there were approximately
11 million patients with CAD at the end of 2019, and both the prevalence and mortality rates are
continuously increasing [2, 3]. There is an increasingly urgent need for accurate and rapid diagnosis of
such diseases. Nuclear medicine has the unique ability to diagnose myocardial ischemia in CAD. Using
radiopharmaceutical tracing, myocardial blood perfusion and metabolism can be directly visualized to
distinguish viable myocardium, dormant myocardium and infarcted myocardium and then guide clinical
interventions. D-SPECT is a cardiac-speci�c single-photon emission computed tomography (SPECT)
machine equipped with the latest cadmium zinc telluride detectors and is faster and more sensitive than
conventional SPECT, with better image quality and a consistent diagnostic accuracy [4–8]. Radiomics
was introduced in 2012 by Lambin et al. [9] and provides a new direction for the further development of
medical imaging diagnostics [10]. The application of radiomics in medical imaging diagnosis allows for
improved diagnostic consistency and provides more evidence for the rapid diagnosis of diseases with the
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aid of computers [11]. It is conceivable that the combination of radiomics and nuclear medicine through
D-SPECT has both the potential for improved diagnostic accuracy and more e�cient auxiliary diagnosis
of myocardial ischemia in CAD, leading to patient bene�ts, as shown by previous studies in the literature
[11].

In clinical work, the use of only left ventricular (LV) tomograms or quantitative parameters in the
diagnosis of myocardial ischemia in CAD by nuclear medicine physicians cannot meet the current
diagnostic needs, and comprehensive LV tomograms and various quantitative parameters can provide a
more precise diagnosis. After the introduction of radiomics into the diagnosis of cardiovascular disease
using nuclear medicine, such as for the identi�cation of patients with CAD and the assessment of the risk
of cardiovascular events [12], related studies have achieved considerable results, but the data adopted in
the studies were mostly based on quantitative or semiquantitative parameters acquired after
examinations (such as polar maps) [13–15]. Studies applying radiomics methods for auxiliary diagnosis
based on LV tomograms are still rarely reported. However, LV tomograms currently remain indispensable
in daily practice and should not be excluded from the scope of applying radiomics for auxiliary diagnosis.
Predictably, when radiomics is used in nuclear medicine for the diagnosis of myocardial ischemia in CAD,
the simultaneous use of LV tomograms and related quantitative indexes along with the advantages of
radiomics itself can further improve the diagnostic accuracy as well as diagnostic e�ciency, which would
also bene�t patients. Therefore, it is important to �ll the gap in the application of radiomics for LV
tomograms. Because related studies are rare, the feasibility and e�cacy of this approach remain unclear.

This study aims to explore the feasibility and e�cacy of radiomics methods when applied to LV
tomograms from D-SPECT myocardial perfusion imaging (MPI) for auxiliary diagnosis.

Materials And Methods

Study subjects
A total of 103 patients (a total of 5008 images) diagnosed with myocardial ischemia from September
2020 to April 2021 at the Department of Nuclear Medicine, Tenth People’s Hospital a�liated with Tongji
University were retrospectively selected.

The inclusion criteria were as follows: admission to the hospital for CAD-associated symptoms and
diagnosis of myocardial ischemia made by two experienced nuclear medicine radiologists after a D-
SPECT examination; and image quality that met the diagnosis requirements.

The exclusion criteria were as follows: high uptake of 99mTc-sesatamibi (99mTc-MIBI) in tissues and
organs other than myocardium due to various reasons, thereby affecting the diagnosis; and an ischemic
area too large to predict myocardial morphology, which resulted in the inability to delineate the ischemic
area.

Image acquisition
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Images were acquired using the D-SPECT® Cardiac System Model 003 (Spectrum Dynamics Medical Ltd.,
Israel, Caesarea, Serial Number: 5217) at the Department of Nuclear Medicine, Tenth People’s Hospital
a�liated with Tongji University and were acquired with a one-day rest-stress MPI. The radiotracer was
99mTc-MIBI (Shanghai Xinke Pharmaceutical Co., Ltd, Shanghai, China). For the drug stress test, an
adenosine injection (Penglai Nuokang Pharmaceutical Co., Ltd, Penglai, Shandong Province, China) was
administered. The scanning protocol was as follows: the patients were required to fast beforehand;
99mTc-MIBI 10 mCi (370 MBq) was injected intravenously, and the patients consumed a high-fat meal 30
minutes after the completion of the injection and underwent upright (sitting) and supine rest-phase MPI
scans at 90 minutes. Then, a drug stress test was performed with intravenous adenosine (0.84 mg/kg,
injected in 6 minutes), and 99mTc-MIBI 25 mCi (925 MBq) was injected intravenously when 2/3 of the
total adenosine dose was injected. After all injections were completed, the patients consumed a high-fat
meal and underwent upright (sitting) and supine stress-phase MPI scans similar to the rest-phase MPI
scans. All acquisitions were acquired under electrocardiography (ECG)-gated conditions and stopped
when the radioactivity counts reached a total of 106. After the scans were completed, short-axis,
horizontal long-axis, and vertical long-axis images of the left ventricle (i.e., LV tomograms) were
reconstructed in the Spectrum Dynamics Medical Processing Station (v3.2.1, Spectrum Dynamics Medical
Ltd., Israel, Caesarea) by two experienced senior nuclear medicine radiologists.

Image format conversion, information desensitization,
image annotation, and database building
LV tomograms of all enrolled patients were exported slice by slice by converting the DICOM images into
PNG format via the QPS_QGS module in the Spectrum Dynamics Medical Processing Station (images
were enlarged to 16× the original to facilitate delineation); at the same time, all con�dential patient
information was hidden. All images were reviewed, and areas of myocardial ischemia were delineated by
one nuclear medicine radiologist with some working experience using the open-source software Labelme
(v4.5.6, https://github.com/wkentaro/labelme/) and then veri�ed by two senior nuclear medicine
radiologists. In cases of disagreement, the images were delineated after a consensus was reached
among the three nuclear medicine radiologists. JSON coordinate �les were formed after the delineation
was completed, and a CSV form was established for every patient, in which labels of every image were
recorded inside in accordance with “0: no myocardial ischemia; 1: exist myocardial ischemia”. The patient
images, JSON coordinate �les, and the aforementioned CSV �les were used to compose the database for
this study.

Image preprocessing
The source images were cropped to 512 pixels×512 pixels, and the left ventricle was centered using the
open-source component Pillow (v6.2.2, https://github.com/python-pillow/Pillow/) on the Anaconda
platform (v4.8.2, https://www.anaconda.com/), which is based on the open-source programming
language Python (v3.7.6, https://www.python.org/).

Radiomics processing
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Deep learning (DL) was performed using a single GTX980m graphics card (NVIDIA Inc., Santa Clara, CA,
USA). This study utilized the ResNet18 [16] convolutional neural network model, using the platform
described above, to load preprocessed images for DL. The images were split into training and validation
groups in an 8:2 ratio and underwent �ve randomizations. DL was divided into two steps:  classi�cation:
using the whole image, the classi�cation of images with and without myocardial ischemia was
performed using the DL model to evaluate the ability of the model to recognize images with and without
myocardial ischemia; and  segmentation: using all myocardial ischemia images, predictions and
annotations of the ischemic areas were performed with the DL model to analyze the ability of the model
to identify the area of myocardial ischemia.

Statistical methods
Manual classi�cations and labels were used as the “gold standard”. In the classi�cation step, the
following evaluation indexes were calculated for each training-validation step: sensitivity (SE), speci�city
(SP), positive likelihood ratio (+ LR), negative likelihood ratio (-LR), positive predictive value (PPV),
negative predictive value (NPV), Youden’s index (YI), agreement rate (AR), and kappa value (kappa value 
≤ 0.4: poor concordance; 0.4 < kappa value ≤ 0.6: moderate agreement; 0.6 < kappa value ≤ 0.8: high
concordance; kappa value > 0.8: very high concordance [17]); the receiver operating characteristic curve
(ROC curve) of every validation step was plotted and the area under the ROC curve (AUC) was calculated
with open-source component Matplotlib (v3.3.2, https://github.com/matplotlib/matplotlib/). In the
segmentation step, three metrics, namely, the Dice coe�cient, intersection over union (IOU), and
Hausdorff distance, were calculated for every training-validation step, and the output was the prediction
images of the validation step. The Dice coe�cient was used to evaluate the similarity between the
annotated area on the validation images and the manually annotated area on the corresponding images.
IOU compares the overlap rate between the annotated area on the validation images and the manually
annotated area of the two sets. The Dice coe�cient and IOU value ranged from [0, 1], where 0 indicates
that the segmentation result was completely different from the manual annotation, and 1 indicates that
the segmentation result was completely consistent with the manual annotation. The Hausdorff distance
was used to describe how similar the annotated images of the validation step were to every point
manually annotated on the corresponding image, ranging in value from [0, ∞). A value closer to 0
indicates that the segmentation result is closer to the manual annotation.

Results
1. A total of 5008 images from 103 patients were obtained according to the inclusion and exclusion
criteria. The general information of the patients and images is presented in Table 1. LV myocardial
segments were segmented according to the American Heart Association 17-segment model,
semiquantitative assessment results of myocardial perfusion were obtained from the QPS_QGS module
in the Spectrum Dynamics Medical Processing Station, and all diagnostic images were corrected and
veri�ed by two experienced senior nuclear medicine radiologists.
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Table 1
General information of the enrolled patients and status of the included images

Item Number (Percentage)

Sex  

Male 87 (84.47)

Female 16 (15.53)

Total 103* (100)

Presence of myocardial ischemia  

Basal anterior 14 (3.41)

Basal anteroseptal 21 (5.12)

Basal inferoseptal 13 (3.17)

Basal lateral 17 (4.15)

Basal inferolateral 15 (3.66)

Basal anterolateral 9 (2.20)

Mid anterior 29 (7.07)

Mid anteroseptal 17 (4.15)

Mid inferoseptal 14 (3.41)

Mid lateral 31 (7.56)

Mid inferolateral 15 (3.66)

Mid anterolateral 14 (3.41)

Apical anterior 44 (10.73)

Apical septal 28 (6.83)

Apical inferior 50 (12.20)

Apical lateral 26 (6.34)

Apex 53 (12.93)

Total 410 (100.00)

Semiquantitative results of myocardial perfusion  

0 1343 (76.70)

*: The patient age range was 47–86 years, M (P25, P75) = 66 (58, 71) (years)



Page 7/15

Item Number (Percentage)

1 106 (6.05)

2 185 (10.57)

3 79 (4.51)

4 38 (2.17)

Total 1751 (100.00)

Manual classi�cation results of the LV tomograms  

No myocardial ischemia 2914 (58.19)

Presence of myocardial ischemia 2094 (41.81)

Total 5008 (100.00)

*: The patient age range was 47–86 years, M (P25, P75) = 66 (58, 71) (years)

 

2. The training-validation results of the classi�cation step are shown in Tables 2, 3 and Fig. 1. The results
show that in the process of identifying whether the LV myocardium had ischemia, every index for the DL
method reached a high value. The agreement between the classi�cation and manual diagnosis was
good.

Table 2
Classi�cation results in each training-validation step

DL classi�cation Manual classi�cation

1st time* 2nd time* 3rd time* 4th time* 5th time**

1 0 1 0 1 0 1 0 1 0

1 354 51 385 30 385 39 367 28 388 28

0 35 561 41 545 41 536 41 565 63 522

Notes: 0: no myocardial ischemia; 1: presence of myocardial ischemia; *: P < 0.05; **: P > 0.05
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Table 3
Evaluation indexes of classi�cation results in each training-validation step

Times SE
(%)

SP
(%)

+LR -LR PPV
(%)

NPV
(%)

YI AR
(%)

Kappa

1st 91.00 91.67 10.92 0.09 87.41 94.31 0.83 91.41 0.82

2nd 90.38 94.78 17.32 0.10 92.77 93.00 0.85 92.91 0.85

3rd 90.38 93.22 13.32 0.10 90.80 92.89 0.84 92.01 0.84

4th 89.95 95.28 19.05 0.11 92.91 93.23 0.85 93.11 0.86

5th 86.03 94.91 16.90 0.15 93.27 89.23 0.81 90.91 0.82

Notes: *: P<0.05   **: P>0.05

 

3. The training-validation results of the segmentation step are shown in Table 4 and Fig. 2. The results
show that the DL model could identify the boundary and areas of myocardial ischemia, and most of the
results showed different degrees of similarity to the gold standard. The distribution ranges of the
evaluation indexes were mostly close to those of the gold standard. Figure 3 shows the comparison of
the manually segmented results with the DL model prediction results for several cases in the validation
groups.

Table 4
Evaluation indexes of segmentation in each training-validation step

Times IOU DICE coe�cient Hausdorff distance

1st 0.00/0.58/0.69/0.76/0.90 0.00/0.73/0.82/0.86/0.95 2.24/5.00/7.45/12.65/107.79

2nd 0.00/0.56/0.68/0.75/0.88 0.00/0.72/0.81/0.86/0.94 2.00/5.00/7.21/13.53/89.69

3rd 0.00/0.54/0.66/0.74/0.88 0.00/0.70/0.80/0.85/0.94 2.00/5.39/8.06/18.14/128.08

4th 0.00/0.58/0.69/0.76/0.90 0.00/0.73/0.81/0.87/0.95 1.41/5.00/7.28/14.14/90.45

5th 0.00/0.57/0.68/0.75/0.89 0.00/0.73/0.81/0.86/0.94 2.00/5.10/7.62/14.32/99.72

Number order: minimum/P25/median/P75/maximum

Discussion
This study explored the feasibility and e�cacy of radiomics methods when applied to LV tomograms
from D-SPECT MPI for auxiliary diagnosis. At this stage, the experimental results show that the proposed
method has a good ability to discriminate whether there is an ischemic area on LV tomograms with these
speci�ed conditions of image quality, training intensity, and sample number. The sensitivity and
speci�city exceeded 85%, the AUCs were all over 0.97, the agreement rates were above 90% and the NPVs
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and PPVs were above 87%, indicating that this method had above-average performance. When
identifying the area of myocardial ischemia, three indexes, the Dice coe�cient, IOU and Hausdorff
distance, were also similar to those of the gold standard in this study, indicating that this method also
achieves a desirable performance for identifying the morphology of ischemic areas. These results also
illustrate that the radiomics method is feasible in assisting with the diagnosis of myocardial ischemia
using LV tomograms obtained from D-SPECT MPI, and even though this method currently fails to achieve
complete accuracy due to the limitations of the study and existing technology, this idea still has a
promising future.

When diagnosing myocardial ischemia using nuclear medicine, LV tomograms are always an important
diagnostic tool. Although QPS_QGS software can quantitatively analyze myocardial images, LV
tomograms remain an important reference for nuclear medicine imaging radiologists diagnosing
diseases. Previous radiomics studies using quantitative indexes and semiquantitative data of MPI (e.g.,
polar maps) have achieved some promising results. For example, a study conducted by Takayuki
Shibutani et al. aimed to detect the accuracy of arti�cial neural networks in detecting areas with
myocardial perfusion abnormalities on SPECT, but the method was mainly applied to polar maps [18].
Three studies by Julian Betancur et al. used polar maps and quantitative data provided by QPS_QGS
software: one study compared the ability of total perfusion de�cit (TPD) and a DL model combining raw
and quantitative perfusion polar maps to predict obstructive CAD [19]; one study used machine learning
(ML) algorithms combining all relevant clinical variables and evaluated the bene�t of predicting major
adverse cardiac events (MACE) and the e�ciency and accuracy of the algorithms for making diagnoses
[20]; and the other study combined DL and TPD and assessed the ability of combined semiupright and
supine stress MPI analysis to predict obstructive disease [21]. Arsanjani et al. [22] used ML to integrate
clinical data with quantitative features obtained from SPECT MPI images, but LV tomograms were only
used for visual assessment. In this study, the possibility of applying radiomics for the diagnosis of CVD
using nuclear medicine was studied from a new perspective, which has certain novelty.

The ResNet18 model chosen in this study falls under the category of DL, which is a branch of ML and is a
part of the realization means of radiomics [23, 24]. This model, which has been recently developed, has
resulted in more accurate and more stringent criteria than earlier congeneric models. This model also had
a higher degree of automated processing. The methodology of radiomics is generally summarized as
follows: image acquisition; segmentation of a region of interest (ROI); feature extraction from the ROI;
and training and validation of the arti�cial intelligence (AI) model [25]. Following the process described
above, the process of “feature extraction - training and validation” was validated using this model, which
greatly simpli�es utilization of the model, thus not only increasing the radiologists’ acceptance of the
model but also reducing the di�culty of system deployment.

The purpose of this study was to explore the possibility of using a radiomics method with LV tomograms
obtained from D-SPECT MPI to assist in the diagnosis of myocardial ischemia in CAD and to provide new
ideas and relevant experience in applying radiomics to diagnose CVD using nuclear medicine as well as
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developing related auxiliary diagnosis software so that clinicians can diagnose patients more quickly and
accurately, thereby bene�ting patients.

Research limitations
There are also some limitations in this study. First, lesion delineation necessitates a high reliance on
manual processing because of the lack of available commercialized or open-source
automated/semiautomated tools. Second, to de�ne the edge of the ischemic area, only the most obvious
boundary can be selected under the existing conditions; this will not only cause some cases in which
ischemia is present but is not apparent in the images to be missed but may also cause both
overestimation and underestimation of the ischemic extent. Third, limited by the performance of the
chosen tool, polygonal shapes were used to simulate the margins of the ischemic area, but this method
does not fully or accurately re�ect the true morphology of ischemic areas. To reduce error, consultations
with multiple nuclear medicine radiologists and quality control measures were adopted in this study, but
the associated errors still cannot be avoided.

Conclusion
In this study, the application of radiomics for the auxiliary diagnosis of myocardial ischemia using LV
tomograms obtained from D-SPECT MPI was preliminarily shown to have good application e�cacy and
high application potential. With the deepening of research and the maturation of related tools, patients
will bene�t from this approach to varying degrees.
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Figure 1

ROC curves of the classi�cation steps
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Figure 2

Histogram of the evaluation indexes of segmentation in each training-validation. The horizontal axis
represents the value range of each index, and the vertical axis represents the frequency

Figure 3

Graphical output of segmentation, from left to right: original image, manually labeled result, and DL
model predicted result


