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Background. The aim of this work was to assess the robustness of cardiac SPECT radiomic
features against changes in imaging settings, including acquisition, and reconstruction
parameters.
Methods. Four commercial SPECT and SPECT/CT cameras were used to acquire images
of a static cardiac phantom mimicking typical myorcardial perfusion imaging using 185 MBq of
99m
Tc. The effects of different image acquisition and reconstruction parameters, including
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number of views, view matrix size, attenuation correction, as well as image reconstruction
related parameters (algorithm, number of iterations, number of subsets, type of post-reconstruction filter, and its associated parameters, including filter order and cut-off frequency) were
studied. In total, 5,063 transverse views were reconstructed by varying the aforementioned
factors. Eighty-seven radiomic features including first-, second-, and high-order textures were
extracted from these images. To assess reproducibility and repeatability, the coefficient of
variation (COV), as a widely adopted metric, was measured for each of the radiomic features
over the different imaging settings.
Results. The Inverse Difference Moment Normalized (IDMN) and Inverse Difference Normalized (IDN) features from the Gray Level Co-occurrence Matrix (GLCM), Run Percentage
(RP) from the Gray Level Co-occurrence Matrix (GLRLM), Zone Entropy (ZE) from the Gray
Level Size Zone Matrix (GLSZM), and Dependence Entropy (DE) from the Gray Level Dependence Matrix (GLDM) feature sets were the only features that exhibited high reproducibility
(COV £ 5%) against changes in all imaging settings. In addition, Large Area Low Gray Level
Emphasis (LALGLE), Small Area Low Gray Level Emphasis (SALGLE) and Low Gray Level
Zone Emphasis (LGLZE) from GLSZM, and Small Dependence Low Gray Level Emphasis
(SDLGLE) from GLDM feature sets turned out to be less reproducible (COV > 20%) against
changes in imaging settings. The GLRLM (31.88%) and GLDM feature set (54.2%) had the
highest (COV < 5%) and lowest (COV > 20%) number of the reproducible features, respectively.
Matrix size had the largest impact on feature variability as most of the features were not
repeatable when matrix size was modified with 82.8% of them having a COV > 20%.
Conclusion. The repeatability and reproducibility of SPECT/CT cardiac radiomic features
under different imaging settings is feature-dependent. Different image acquisition and reconstruction protocols have variable effects on radiomic features. The radiomic features exhibiting
low COV are potential candidates for future clinical studies. (J Nucl Cardiol 2020)
Key Words: SPECT/CT Æ radiomics Æ cardiovascular imaging Æ repeatability Æ
reproducibility
Abbreviations
SPECT
Single-photon emission computed
tomography
COV
Coefficient of variation
GLCM
Gray level co-occurrence matrix
GLRLM
Gray level co-occurrence matrix
GLSZM
Gray level size zone matrix
GLDM
Gray level dependence matrix
IDMN
Inverse difference moment normalized
LALGLE
Large area low gray level emphasis
SALGLE
Small area low gray level emphasis
SDLGLE
Small dependence low gray level
emphasis

INTRODUCTION
As one of the major causes of mortality worldwide,
cardiovascular disease is among the main concerns in
public health.1 Myocardial perfusion imaging (MPI) is a
valuable non-invasive clinical tool enabling the functional assessment of coronary artery disease (CAD) to
identify patients at risk with the aim to improve patient
management.2 In this regards, molecular imaging

modalities, including single-photon emission computed
tomography (SPECT) and positron emission tomography (PET), remain the most common procedures for the
evaluation and risk stratification of patients with known
or suspected CAD.3 Previous studies indicated that
SPECT and SPECT/CT provide high image quality, low
radiation exposure, and high diagnostic accuracy for the
management of CAD.4,5 Advances in nuclear cardiac
imaging instrumentation and clinically validated software, including novel resolution recovery reconstruction
algorithms incorporating correction for detector
response, have enhanced image quality and quantitative
accuracy in nuclear cardiovascular imaging.6,7
Recently, quantitative radiomic studies have opened
new horizons for better management of a number of
diseases, including cancer and CAD.8-12 The aim of
radiomics is to extract quantitative features from medical images using data-mining algorithms for survival,
prognosis, and therapeutic response prediction and
assessment.8,13 In this context, radiomics could provide
valuable information for personalized medicine. Previous studies have suggested that radiomic features could
act as biomarkers to characterize and predict disease to
provide support for patient management.8,14
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Radiomics have been widely used for the detection,
diagnosis and prognosis of a number of diseases,
including brain disorders,15,16 various cancer types,8,17
and more recently in cardiac diseases18-21 using MRI,
CT, and PET imaging modalities. With respect to the
use of SPECT radiomics, this imaging modality has not
been exploited to its full potential owing to its low
spatial resolution and sensitivity. However, a number of
recent studies demonstrated promising results using
SPECT radiomic analysis in brain15,16 and cardiac18,19,22,23 disease management.
Medical image analysis remains a human enterprise.
Owing to limitations of the human eyes and medical
monitor display systems, a substantial amount of
imperceptible but feature-rich information is unwittingly
discarded.24 To address this issue, radiomics quantifies
medical images through mathematical extraction of
different feature sets, thus enabling potential retrieval
of the hidden information.
Based on biomarker discovery guidelines and studies, repeatability and reproducibility assessment of
biomarkers are essential ingredients prior to clinical
decision-making.25 Regarding repeatability and reproducibility assessment, a reliable radiomic feature
remains stable between two measurements when certain
conditions change. Ideally, the features should also
remain the same while the experimental settings,
including equipment, software, processor, or operator
vary.26 When these conditions are fulfilled, the feature
may be considered as a good biomarker for clinical
setting. Hence, a considerable amount of literature has
been published on radiomic features repeatability and
reproducibility against changes in the radiomics generation process, such as image acquisition, reconstruction,
pre-processing, segmentation, and data analysis.27-29
Nuclear radiomic studies have tested the repeatability
and reproducibility of imaging features over various
imaging parameters including reconstruction algorithms,
matrix size, iteration number, number of subsets, and
post-filtering using both phantom and clinical studies.26,29,30 To overcome such vulnerability, it was
suggested to consider the reproducibility and repeatability of radiomic features as a feasible measure to
preselect features for further analysis8 These analyses
(repeatability and reproducibility) are main frontiers,
critical, and important tests in image biomarkers development to find robust features as imaging biomarkers
based on the recommendations of the Quantitative
Imaging Biomarker Alliance (QIBA) Technical Performance Working Group.31
To date, little evidence has been reported on cardiac
SPECT imaging repeatability and reproducibility over
different imaging settings. The present study aims to
assess the repeatability and reproducibility of radiomic
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features using a dedicated cardiac phantom against
variations in image acquisition and reconstruction
protocols.
MATERIALS AND METHODS
Figure 1 illustrates the framework followed in this study.
Additional details are given in the following section.

Data Acquisition
SPECT scans of a static cardiac phantom mimicking
myocardial perfusion studies with and without defect inserts
were performed on three commercial dual-headed SPECT/CT
systems, including the GE Infinia HAWKEYE (GE Healthcare), Symbia T2 and Symbia T6 (Siemens Healthcare), as
well as the BrightView dual-headed SPECT camera (Philips
Healthcare). Representative images SPECT images of the
cardiac phantom study showing typical image quality acquired
on the four cameras with and without the defect are shown in
Figure 2. A commercially available static phantom mimicking
the shape of a normal heart within the thorax was used in these
experiments (Data Spectrum Corporation, Inc.). The left
ventricular myocardial wall was filled with water solution
mixed with 185 MBq of 99mTc to avoid any saturation-related
loss of count-rate. This phantom was placed within the
cylindrical Jaszczak phantom and was surrounded by water.
To mimic a realistic position of the myocardium in the chest,
the Jaszczak phantom was placed in the center of the field-ofview and oriented in the 45 left-anterior and 45 caudal
directions. The time per projection was set to 25 seconds per
projection. Three defects were also added to simulate typical
clinical abnormalities. Data acquisitions were performed on
the four cameras equipped with a low energy high resolution
collimator (LEHR) using different acquisition parameters, such
as number of views, view matrix size, with or without
attenuation correction.

Image Reconstruction
To study the impact of reconstruction settings on image/
radiomic features, six different image reconstruction methods
were used, including filtered backprojection (FBP), maximum
likelihood-expectation maximization (MLEM), ordered subsetexpectation maximization (OSEM), WALLIS MLEM software
package (Siemens Healthcare), FLASH 3D depth-dependent
3D OSEM reconstruction (Siemens Healthcare), resolution
recovery ASTONISH reconstruction (Philips Healthcare). The
effects of different reconstruction settings, including the
number of iterations, number of subsets, post-reconstruction
filters (Butterworth, Hanning, Metz, Shepp Logan, Gaussian,
Parzan) and their associated parameters, such as full-width at
half-maximum (FWHM) (for the Gaussian filter), filter-order
and cut-off frequency (for the Butterworth filter) were considered for the four cameras, whereas CT-based attenuation
correction was considered only for the 3 SPECT/CT systems.
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Figure 1. Representative SPECT images of the cardiac phantom study showing typical image
quality produced on (from left to right): Philips BrightView SPECT camera, Siemens Symbia T2,
Siemens Symbia T6 and GE Infinia Hawkeye SPECT/CT cameras and (from top to bottom): Shortaxis, vertical and horizontal long axis without (first row) and with the defect (second row). The
reconstruction parameters are as follows: FBP reconstruction, 64 9 64 matrix size, 32 views, 5th
order Butterworth post-reconstruction filter with 0.5 cut-off frequency).

Table 1 presents the detailed list of settings/parameters used
for the reconstruction of the cardiac phantom.
To minimize the pixel size effect, we calculated the FOV
and zoom factor using the following equation to get the same
pixel size for all studies.

Pixel size ¼

FOV
Zoom factor  Matrix size

Overall, 5,063 tomographic image reconstructions were
performed considering virtually all possible combinations/variations of reconstruction settings/parameters. Supplemental
Figures 1 to 9 illustrate normal and perfusion defective
SPECT cardiac images of the phantom in different views
acquired on various cameras.

Image Segmentation
All image segmentations were performed manually using
the 3D-Slicer software on short axis slices. The latter is an
open-source software used for medical image analysis, including segmentation, registration, and visualization.32 For the
cardiac phantom without defects, the whole myocardium was
segmented, whereas for scans acquired with defects three
regions were delineated including the defect region, whole
myocardium, and whole myocardium minus the defect region.

To minimize the impact of image segmentation on the results,
a single VOI was defined and copied on all reconstructions.

Feature Extraction
Eighty-seven radiomic features, including first order
statistics (FOS, n=18), and first-, second- and high-order
texture features were extracted from the 5,063 reconstructed
phantom images. Image feature extraction was performed
using the PyRadiomics Python library,33 an open source
package developed according to consensus definitions of the
Image biomarker standardization initiative (IBSI).26 The feature set consisted of second-order texture features, including
Gray Level Co-occurrence Matrix (GLCM, n = 23), and highorder texture features, including Gray Level Run Length
Matrix (GLRLM, n = 16), Gray Level Dependence Matrix
(GLDM, n = 14), and Gray Level Size Zone Matrix (GLSZM,
n = 16). FOS features calculate only the intensity values
without considering the relationship between pixels, such as
the mean and maximum of intensity in a volume of interest. In
second-order texture features (such as the GLCM), in addition
to the intensity, the repetition of similar intensities occuring
next to each other would be considered (relationship between
two voxels). In high-order texture features, the relationship of
three or more voxels would be calculated. Table 2 summarizes
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Figure 2. Flowchart of the radiomics framework employed in the present work.

all radiomic features considered in this work, whereas Supplemental Tables 1 to 5 provide additional details about their
mathematical formulation.

Statistical Analysis
To assess the reproducibility and repeatability of the
extracted radiomic features, the coefficient of variation (COV)
was calculated for each feature across all reconstructed images
using Eq. (1).

COV ¼

SD
 100
Mean

ð1Þ

where SD and Mean stand for the standard deviation and
average of a feature quantity across all reconstructions.
Given the COV values for different features, four
reproducibility categories were defined based on which
the radiomic features were ranked30,34: very small (COV
B 5%), small (5% \ COV B 10%), intermediate (10%
\ COV B 20%) and large (COV [ 20%).
RESULTS
Figure 3 depicts the heat map of radiomic features
categorized based on COV (1: very small (COV B 5%),
2: small (5% \ COV B 10%), 3: intermediate (10% \
COV B 20%) and 4: large (COV [ 20%). For different

image reconstruction and acquisition settings, the DE
from GLDM, ZE and RLNUN and SRE and RP from
GLRLM, IDMN and IDN, IMC2 from GLCM features
were the most (COV B 5%) reproducible features. The
SDLGLE, LDLGLE and DV from GLDM, and SALGLE, LALGLE and LGLZE from GLSZM were less
reproducible (COV [ 20%), with respect to all reconstruction and acquisition settings. Figure 4 shows an
example of high and low reproducible features in
different imaging settings. It can be observed that the
feature map of reproducible features (DE from GLDM
and ZE from GLSZM) didn’t change under different
image settings. The variability of non-reproducible
features (ZV from GLSZM and SDHGLE from GLDM)
can be seen in different settings. Figure 5 depicts the
percentage of different COV categories for each feature
in all imaging settings (Supplemental Table 7).
Figure 6a presents the percentage of different COV
groups for feature sets (details presented in Supplemental Table 6). The GLRLM (31.88%) and GLCM
(30.43%) feature sets had the highest number of reproducible features, whereas the GLDM feature set (54.2%)
had the lowest number of reproducible feature sets.
Figure 6b depicts the percentage of different COV
groups for various imaging settings (details presented in
Table 3). The matrix size, number of views and the
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Table 1. List of variable and invariable image acquisition and reconstruction parameters

Parameter
studied
Reconstruction
algorithm
Iterations
Subsets
Filter type
Filter (FWHM mm)
(Gaussian)
Cut-off frequency
(Butterworth)
Filter order
(Butterworth)
Attenuation
correction
Matrix size
Number of views

Variable

Constant

FBP, OSEM, FLASH 3D, ASTONISH, Iterations = 2, Subsets = 8, Filter = BW, Cutoff = 0.5,
MLEM, WALLIS
Order = 10, Matrix = 64, Views = 64
2, 4, 6, 8, 10, 12, 14, 16
FWHM = 5 mm, Views = 32, Matrix = 64, Subset = 8
2, 6, 4, 8
Iterations = 2, FWHM = 5 mm
Matrix = 64, Views = 32
Butterwort, Hanning, Metz, Shepp
Matrix = 64, Views = 64
Logan, Gaussian, Parzan
cutoff = 0.5, Order = 10
2, 2.5, 3, 3.5, 4, 4.5, 5, 5.5, 6, 6.5, 7, Iteration = 2, Subset = 8
8
Matrix = 64, Views64
0.35, 0.4, 0.45, 0.5, .55
Matrix = 64, Views = 32
Filter = BW, Order = 10
1.5, 1.75, 2, 5, 9, 10,
Matrix = 64, Views = 32
Filter = BW, Cut off = 0.5
Device type
Matrix = 64, Views = 64, Filter = BW
Cutoff = 0.5, Order = 10
64, 128
Views = 64, Filter = BW
Cutoff = 0.5, Order = 5
32, 64, 128
Matrix = 64, Filter = BW
Cut off = 0.5, Order = 5

BW Butterworth filter

FWHM of the Gaussian filter led to 82.8%, 70.1% and
67.8%, respectively, of features having a COV [ 20%
(non-reproducible features). In addition, the filter order,
cut-off frequency, and number of iterations led to 69%,
37.9%, and 28.7%, respectively, of features having a
COV \ 5%, demonstrating a low variability. Supplemental Tables 8 to 17 summarize the results for each
imaging setting.
DISCUSSION
Radiomics has emerged as a promising approach for
effective disease management through non-invasive,
fast, straightforward, and cost-effective quantitative
image analysis.14 In this approach, features extracted
from medical images are used for clinical applications
and disease management. However, it is important to
note that radiomics-based analysis suffers from fluctuations in features quantification against changing
imaging settings, segmentation, and processing.25,35
Hence, previous studies have suggested that radiomic

features must be assessed in terms of repeatability,
reproducibility, and robustness before applying them in
clinical decision-making.
This work analyzed the reproducibility of cardiac
SPECT radiomics features against changes in imaging
settings, including reconstruction algorithm, number of
iterations and subsets, image matrix size, attenuation
correction, number of views and different post-reconstruction filters and their associated parameters, such as
FWHM of Gaussian filtering, cut-off frequency and filter
order. The results showed that a number of features are
reproducible while others are not. It was also found that
the effects of different imaging settings are dependent
on the type of setting and feature characteristics. As
shown in the heat map, IDMN and IDN features from
GLCM, RP from GLRLM, ZE from GLSZM, and DE
from the GLDM feature sets were the only features that
were highly reproducible (COV B 5%) against all
changes in imaging settings. In addition, LALGLE,
SALGLE, and LGLZE features from GLSZM and
SDLGLE feature from GLDM feature sets were the
only features that were less reproducible (COV [ 20 %)
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Table 2. List of adopted radiomic features

Gray level co-occurrence
matrix (GLCM)

First order statistics (FOS)
1.
2.
3.
4.

Energy
Total Energy
Entropy
Minimum

5. 10th percentile
6. 90th percentile
7. Maximum
8. Mean
9. Median
10. Interquartile Range (IQR)
11. Range
12. Mean Absolute Deviation
(MAD)
13. Robust Mean Absolute
Deviation (RMAD)
14. Root Mean Squared (RMS)
15. Skewness
16. Kurtosis
17. Variance
18. Uniformity

1.
2.
3.
4.

Autocorrelation (AC)
Joint Average (JA)
Cluster Prominence (CP)
Cluster Shade (CS)

Gray level run length matrix
(GLRLM)

Short Run Emphasis (SRE)
Long Run Emphasis (LRE)
Gray Level Non-Uniformity (GLN)
Gray Level Non-Uniformity
Normalized (GLNN)
5. Cluster Tendency (CT)
5. Run Length Non-Uniformity (RLN)
6. Contrast
6. Run Length Non-Uniformity
Normalized (RLNN)
7. Correlation
7. Run Percentage (RP)
8. Difference Average (DAve)
8. Gray Level Variance (GLV)
9. Difference Entropy (DEnt)
9. Run Variance (RV)
10. Difference Variance (DVariance)
10. Run Entropy (RE)
11. Joint Energy (JEne)
11. Low Gray Level Run Emphasis
(LGLRE)
12. Joint Entropy (JEnt)
12. High Gray Level Run Emphasis
(HGLRE)
13. Informal Measure of Correlation
13. Short Run Low Gray Level
(IMC) 1
Emphasis (SRLGLE)
14. Informal Measure of Correlation
14. Short Run High Gray Level
(IMC) 2
Emphasis (SRHGLE)
15. Inverse Difference Moment (IDM) 15. Long Run Low Gray Level
Emphasis (LRLGLE)
16. Inverse Difference Moment
16. Long Run High Gray Level
Normalized (IDMN)
Emphasis (LRHGLE)
17. Inverse Difference (ID)
18. Inverse Difference Normalized
(IDN)
19. Inverse Variance (IV)
20. Maximum Probability (MP)
21. Sum Average (SA)
22. Sum Entropy (SE)
23. Sum of Squares (SS)

Gray Level Size Zone Matrix (GLSZM)
1. Small Area Emphasis (SAE)
2. Large Area Emphasis (LAE)
3. Gray Level Non-Uniformity (GLN)
4. Gray Level Non-Uniformity Normalized (GLNN)
5. Size-Zone Non-Uniformity (SZN)
6. Size-Zone Non-Uniformity Normalized (SZNN)
7. Zone Percentage (ZP)
8. Gray Level Variance (GLV)
9. Zone Variance (ZV)
10. Zone Entropy (ZE)
11. Low Gray Level Zone Emphasis (LGLZE)
12. High Gray Level Zone Emphasis (HGLZE)

1.
2.
3.
4.

Gray Level Dependence Matrix (GLDM)
1. Small Dependence Emphasis (SDE)
2. Large Dependence Emphasis (LDE)
3. Gray Level Non-Uniformity (GLN)
4. Dependence Non-Uniformity (DN)
5. Dependence Non-Uniformity Normalized (DNN)
6. Gray Level Variance (GLV)
7. Dependence Variance (DV)
8. Dependence Entropy (DE)
9. Low Gray Level Emphasis (LGLE)
10. High Gray Level Emphasis (HGLE)
11. Small Dependence Low Gray Level
Emphasis (SDLGLE)
12. Small Dependence High Gray Level
Emphasis (SDHGLE)
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Table 2 continued

Gray Level Size Zone Matrix (GLSZM)

Gray Level Dependence Matrix (GLDM)

13. Small Area Low Gray Level Emphasis (SALGLE)

13. Large Dependence Low Gray Level
Emphasis (LDLGLE)
14. Large Dependence High Gray Level
Emphasis (LDHGLE)

14. Small Area High Gray Level Emphasis (SAHGLE)
15. Large Area Low Gray Level Emphasis (LALGLE)
16. Large Area High Gray Level Emphasis (LAHGLE)

against changes in imaging settings. The results can be
applied in clinical setting aiming to come-up with
relevant imaging biomarkers.
The results showed that the matrix size had the
greatest impact on feature variability, which is in
agreement with previous studies focusing on PET/CT
radiomic features.30 After matrix size, the number of
views had the largest impact on the fluctuation of
radiomics feature values. Cardiac radiomics analysis, as
a newly introduced approach, has recently attracted
attention in the literature.
Radiomic studies have mostly focused on oncology,
yet there is a small but steadily increasing number of
studies reporting on cardiac disease assessment using
features extracted from MRI and CT images18-21 and
more recently from SPECT images.18,19,22,23 A study by
Kolossváry et al.20 showed that radiomic features are
superior to conventional quantitative computed tomographic metrics in identifying coronary plaques with
napkin-ring signs. Neisius et al.21 examined the diagnostic capability of cardiovascular magnetic resonance
image radiomic features in differentiating between
hypertensive heart disease (HHD) and hypertrophic
cardiomyopathy (HCM). Their study showed that native
T1-weighted imaging discriminates between HHD and
HCM patients and provides incremental value over
global native T1-weighted mapping. Recently Kolossváry et al.36 developed a radiomics-based machine
learning method, which improves the identification of
advanced atherosclerotic lesions from CT angiography
images.
Ashrafinia et al.18,19,22,23 applied clinical MPI
SPECT features to predict coronary artery calcification
(CAC). CAC scoring determined from CT scans is a
highly specific marker for coronary atherosclerosis
disease management.37,38 Since routine MPI SPECT
has limited value in detecting calcification and stenosis

(do not result in abnormal MPI SPECT),39,40 the above
studies proposed a radiomics signature from MPI
SPECT images for CAC score prediction. They reported
significant correlation between perfusion heterogeneity
and CAC scores, thus providing valuable information to
potentially add diagnostic and prognostic value to MPI
SPECT.
A wide range of studies have been conducted to
look after the repeatability and reproducibility of radiomic features. Recently, Traverso et al.27 analyzed which
types of radiomic features have been shown to be
repeatable/reproducible in the peer-reviewed literature,
and the degree of repeatability and reproducibility that
might be achievable. However, this review didn’t cover
existing research on SPECT radiomic features repeatability and reproducibility. To the best of our knowledge,
the current study is the first work reporting on this topic
and, as such, its outcome could be beneficial for
researchers working in the field of cardiac SPECT
radiomics.18,19,22,23 As a main limitation of radiomics
analysis to become first line in clinical decision-making
is the variability of radiomic features over changes in
image acquisition, reconstruction, and processing techniques.25,30,41 To overcome this vulnerability, it is
suggested to consider the reproducibility and repeatability of radiomic features as a potential measure to
preselect features for further analysis 8 . The success of
radiomic features in clinical setting depends on their
robustness, which is the main aim of current study. As
such, our results would be valuable for future MPI
SPECT radiomics research aiming at discovering novel
diagnostic and prognostic cardiac SPECT imaging tools.
Although these results are significant, this study
bears some limitations. This study focused only on
experimental phantom studies. Large-scale clinical cardiac studies are needed to complete the present work by
properly exploring the impact of biological factors on
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Figure 3. Heat map of SPECT radiomics COV for different imaging settings.
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Figure 4. Example of high and low reproducible features in different imaging settings. GLDM,
Gray level dependence matrix; GLSZM, gray level size zone matrix; DE, dependence entropy, ZE,
zone entropy; ZV, zone variance; SDHGLE, small dependence high gray level emphasis.
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Figure 5. Bar plot of radiomic features for all image acquisition and reconstruction settings.

radiomic features. The phantom used in this work
underestimates the magnitude of attenuation in MPI
SPECT and its variation due to lungs, breasts, bones,
…etc. In addition, there was no background or significant nearby concentration of extra-cardiac activity.

CONCLUSION
This multi-scanner cardiac phantom study investigated the reproducibility of cardiac SPECT radiomic
features against changes in imaging settings, including
reconstruction algorithms, number of iterations and
subsets, matrix size, attenuation correction, number of
views, post-reconstruction filters and their associated
parameters. The repeatability and reproducibility of
SPECT/CT radiomic features under different imaging

Edalat-Javid et al
Cardiac SPECT radiomic features repeatability and reproducibility

Journal of Nuclear Cardiology

Figure 6. A Bar plot of COV groups for different feature sets in all image acquisition and
reconstruction settings. B Bar plot of COV groups for different image acquisition and
reconstruction settings. FO, First order; GLCM, gray level co-occurrence matrix; GLRLM, gray
level run length matrix; GLDM, gray level dependence matrix; GLSZM, gray level size zone matrix.

settings is feature-dependent. In addition, different
image acquisition and reconstruction protocols have
variable effects on radiomic features. The radiomic

features exhibiting low COV are potentially relevant
candidates for future clinical studies.
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Figure 6. continued.

Table 3. The Percent of occurrence of different COV categories for different image reconstruction
settings/parameters

Settings
Reconstruction
Iteration
Subset
Filter
Cut off
Order
Attenuation correction
View
Gaussian FWHM
Matrix

COV £ 5%

5% < COV £ 10%

10% < COV £ 20%

COV > 20%

16.1
28.7
17.2
25.3
37.9
69
16.1
9.2
11.5
6.9

9.2
29.9
13.8
23
24.1
16.1
10.3
11.5
8.05
4.6

32.2
25.3
27.6
13.8
23
8.05
28.7
9.2
12.6
5.75

42.5
16.1
41.4
37.9
14.9
6.9
44.8
70.1
67.8
82.8
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NEW KNOWLEDGE GAINED
In the present work, we evaluated the reproducibility of cardiac radiomic features when using different
image acquisition and reconstruction settings in a multiscanner study using an experimental phantom. The
results could be valuable for future SPECT-MPI radiomics-based research aiming at discovering novel
diagnostic and prognostic cardiac SPECT imaging tools.
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