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Abstract–99mTc-Sestamibi SPECT/CT imaging of renal cell
carcinoma (RCC) has recently shown significant promise to
distinguish benign oncocytomas from malignant RCC, where the
former appears as high uptake in SPECT images and the latter as
cold uptake. We aim towards radiomics analysis of cold uptake in
SPECT images for another significant yet more daunting task of
discriminating between RCC subtypes. The first step we pursue in
the present work is feature selection by assessing the
reproducibility of radiomic features. 99mTc-Sestamibi SPECT/CT
images of 50 patients with renal mass, plus a contrast-enhanced
CT or MRI, were used by a trained radiologist to segment the
region of interest (ROI) on the SPECT image. The impact of
segmentation on reproducibility was studied by generating three
ROIs via removing one voxel-layer from, or appending 1 and 2
voxel-layers to the manual ROIs (ROI0, ROI-1, ROI+1, ROI+2).
Images were then uniformly quantized with eight grey-levels (GL)
(22-29). A total of 363 radiomic features, verified within the Image
Biomarker Standardization Initiative, were generated for all 50
patients/four ROIs/eight GLs. Voxel intensity in SPECT images is
the number of counts, which is a patient-dependent nonnormalized quantity. Thus, (i) fixed number of bin quantization
must be chosen over fixed bin-width, and (ii) non-normalized
statistical features should be excluded. The intra-class correlation
(ICC) type C-1 calculated for all features between (a) all four ROIs
and (b) between all except ROI-1 showed 204 features with (a)
ICC>0.7 and (b) ICC>0.85, respectively. However, a subset of 204
features with emphasis on high GLs across higher-order feature
classes should be further excluded due to the scarce presence of
voxels with high intensities that can appear due to missegmentation. Moreover, reproducibility analysis of quantization
using Spearman rank-correlation showed GLs below 32 should be
avoided due to high variation. The resulting features and settings
are recommended for further investigation of predictive value.

I. INTRODUCTION
Recent studies on 99mTc-sestamibi single-photon emission
computed tomography / computed tomography (SPECT/CT)
imaging of renal tumors have shown promising results for
distinguishing renal cell carcinoma (RCC) from benign
oncocytomas [1]. While normal renal tissue has positive
radiotracer uptake on 99mTc-Sestamibi SPECT, these studies
reported positive (hot) uptake for benign cases and negative
(cold) uptake for RCC. RCC has a number of histologic
subtypes including clear cell, papillary, and chromophobe
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variants. It is an open question as to whether cold 99mTcsestamibi uptake has the potential to discriminate between these
subtypes of RCC.
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Figure 1. a) postcontrast CT image of a patient with Oncocytoma, b) 99mTcsestamibi SPECT/CT scan of the patient shows high uptake, c) postcontrast CT
image of clear cell RCC (CCRCC), d) 99mTc-sestamibi SPECT/CT scan of the
same patient shows cold uptake.

Radiomics analysis, via its combination of effective metrics
that quantify shape and texture/heterogeneity, holds significant
promise towards identifying patients with higher risk and to
help realize personalized medicine. It is been widely studied in
oncologic MRI, CT, and PET [2-7], and recently also was
explored in brain SPECT imaging by our group [8]. This work
presents another novel exploration of radiomics in SPECT
analysis. Furthermore, it is, to our knowledge, the first
application of radiomics to cold uptake imaging. Overall, we
aim to preform radiomics analysis of 99mTc-sestamibi SPECT
for the potential to discriminate different RCC types. The
purpose of the present specific study is to perform feature
selection, by assessing the reproducibility and reliability of
radiomic features in ⁹⁹ᵐTc-Sestamibi SPECT images, and to
derive robust features for correlation with tumor histology.
Radiomics analysis usually involves evaluating hundreds of
radiomic features for correlating with clinical data. Thus, this
reproducibility analysis is an essential step towards excluding
radiomic features that are non-reproducible, non-repeatable,
and redundant to avoid data overfitting and to enable proper
classification with clinical endpoints [9-16].
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II. METHODS
50 patients presenting with a solid solitary clinical T1 renal
mass were imaged with 99mTc-sestamibi SPECT/CT as part of
a prospective study evaluating the diagnostic performance of
this imaging test. All patients also had a contrast-enhanced CT
or MRI scan. A trained radiologist used contrast-enhanced CT
or MRI scans along with co-registered SPECT/CT images to
manually segment a region of interest (ROI) around the renal
mass on the SPECT image. Segmenting the tumor with a cold
uptake on the SPECT image is rather challenging due to three
reasons. First, the need for accurately co-registering two image
sets: 1) CT of SPECT/CT and 2) a contrast-enhanced CT or
MRI to anatomically localize the mass. Then, both CT images
should be co-registered with the SPECT. Second, lowresolution SPECT images and their large voxel sizes require
more meticulous contouring to minimize exclusion of tumor
voxels. Third, the inclusion of normal renal tissue with high
activity right next to the tumor conspicuously disrupts the cold
uptake ROI and should be also minimized. At the same time,
the segmented cold-uptake ROI should be free from any voxels
from the cold-uptake background, too. These reasons evidently
show the importance of studying the reproducibility of
segmentation for 99mTc-sestamibi SPECT RCC images.
To study the impact of segmentation on reproducibility, we
generated three more ROIs from the manually segmented ROIs,
with removing one (shrinkage) and adding one and two voxellayers (enlargement) to the ROI in all three dimensions. These
ROIs were created by thresholding a Gaussian-blurred version
of the binary ROIs with different values. Images were then
uniformly quantized using the fixed bin-size quantization into
eight different gray-levels (GLs) (22, 23, …, 29). A set of 363
radiomic features, implemented and verified with the Image
Biomarker Standardization Initiative (IBSI) guideline, were
TABLE 1. LIST OF RADIOMIC FEATURES CLASSES

Group
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21

Radiomic Features Class
Statistics
Morphology
Intensity Histogram
Intensity Volume Histogram
Gray Level Co-Occurrence 2D - Averaged
Gray Level Co-Occurrence 2D - Combined
Gray Level Co-Occurrence 3D - Averaged
Gray Level Co-Occurrence 3D - Combined
Gray Level Run Length 2D - Averaged
Gray Level Run Length 2D - Combined
Gray Level Run Length 3D - Averaged
Gray Level Run Length 3D - Combined
Gray Level Distance Zone 2D
Gray Level Distance Zone 3D
Gray Level Size Zone 2D
Gray Level Size Zone 3D
Neighborhood Grey Tone Difference 2D
Neighborhood Grey Tone Difference 3D
Neighboring Gray Level Dependence 2D
Neighboring Gray Level Dependence 3D
Moment Invariant
Total number of features

No. of
features
18
29
18
8
27
27
27
27
16
16
16
16
17
17
16
16
5
5
16
16
10
363

then evaluated [17]. Table 1 contains the details about the
radiomic features classes.
For the four segmentations, Spearman’s rank-correlation was
calculated between each quantization pair to find relatively
consistent quantization levels. The intra-class correlation (ICC)
between remaining GLs across all patients was used to adopt
robust features for segmentation. Furthermore, features were
studied with regards to their characteristics to propose a more
practical and reproducible set of features.
III. OBSERVATIONS
Reconstructed RCC SPECT images are not expressed in the
form of quantitative metrics such as standard uptake value
(SUV) in PET imaging. Instead, voxel intensities denote the
number of counts, which might be further different from the
true counts due to specific scaling by some scanners. In the
current dataset, the range of the maximum voxel intensities was
600~8000. For such a non-normalized dataset, radiomic
features assuming normalized voxel intensities are
meaningless. Thus, only a subgroup of the non-normalized
statistical features will be practical. These features include
variance, skewness, kurtosis, the coefficient of variation and
quartile coefficient of dispersion. Moreover, a fixed number-ofbins quantization should be performed, as fixed bin-width
quantization is impractical due to the same reason of nonnormalized images.
We evaluated the intra-class correlation (ICC) of features vs.
segmentation to assess their reproducibility to segmentation.
We defined two sets of ROIs: all four ROIs, including the
manually segmented plus the three resized ROIs denoted by G1,
and all ROIs except the shrunk one denoted by G2. We
subsequently evaluated the ICC of features to segmentations in
G1 and G2 separately. We also evaluated the ICC for different
GLs, too. Figure 2 shows four plots depicting ICC of features
vs. segmentation (both G1 and G2) and for two GLs (32 and
512). The comparison of these ICC values had led us to several
interesting observations. The general trend shows higher ICC
for moderate GLs (e.g. 32) as can be seen in figures 2.c and 2.d.
A large group of features evaluated with higher GLs exhibit
lower ICC. This is due to the presence of outlier voxels from
the nearby high-uptake tissue that becomes more pronounced in
higher GLs causing more variability. Moreover, we observe
that ICC generally decreases as we include the shrunk ROI in
the segmentation set (i.e. G2 vs. G1) for most features without
altering the trend (figure 2). This indicates a high sensitivity of
most of the features to segmentation. More precisely, ICC>0.7
and ICC>0.85 for G1 and G2, respectively, leads to exactly 204
features, and these two feature sets have Spearman correlation
of one; i.e. adding one more ROI nearly decreases ICC values
but does not change their order.
A more detailed look at plots in figure 2 shows that the
features exhibiting the lowest ICC from higher order feature
classes (such as feature groups 9 to 18 from table 1) are those
that have higher emphasis on lower GLs, such as low GL run
emphasis, short run low GL emphasis, and long run low GL
emphasis from GLRLM, low GL emphasis, small zone low GL
emphasis, and large zone low GL emphasis from GLSZM, and
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Figure 2. ICC type C-1 between all 363 radiomic features and segmentation: a) three segmentations (all except shrunk ROI) with 512 GLs, b) all four ROIs
with 512 GLs, c) three segmentations (all except shrunk ROI) with 32 GLs, b) all four ROIs with 32 GLs. Feature classes introduced in Table 1.

Figure 3. Absolute Spearman rank correlation between feature classes
calculated with all eight GLs and GL=512. The figure shows consistent
corr>0.8 for GL≥32 and all radiomic feature classes except NGTDM 2D

Figure 4. Spearman correlation between tumor volume and top 20 most
reproducible features with highest Spearman correlation with volume,
GL=512, manual segmentation. Most features exhibit a decreasing trend as
the volume increases. Only for volumes>5cc other radiomic features may
provide complementary information, that is due to the partial volume effect.

so on. This is rather discouraging since it indicates lower
reproducibility of features that primarily focus on information
from voxels with lower intensities (RCC cold uptake). On the
other hand, some features with the highest ICC are those with
emphasis on high GLs. But despite their high ICC, they should
be preferably eliminated too because of their high sensitivity to
voxels with high GLs that are may occur due to misregistration/ segmentation. Therefore, a large group of features
from the higher order radiomic feature classes with these
specifications should be excluded.
Figure 3 depicts the Spearman correlation between GL=512
with other seven smaller GLs. It shows a relatively consistent
Spearman-correlation≥0.5 for gray-levels≥32, suggesting the
exclusion of lower GLs. Also, ordering of features was retained
for GL larger than 32, but not for 16 and under. At the same
time, very high GLs like 256 and 512 should also be avoided
due to their sensitivity to the inclusion of high counts and misregistration/segmentation as mentioned above. Therefore,
unlike radiomics analysis of the high-uptake images such as in
PET, higher GLs does not necessarily mean better
quantification.
Furthermore, we plotted the Spearman correlation between
the top 20 most reproducible features (from the previous steps)
and tumor volume in figure 4. We observe a decreasing trend
that indicates radiomic features may provide complementary
information to tumor volume, which is partially due to the
impact of partial volume effect in the reconstructed image.

IV. CONCLUSION
Quantization by 32 to 64 GLs is suggested for capturing
heterogeneity information of tumors with cold uptake of 99mTcsestamibi. Due to the high uptake present in the normal renal
tissue adjacent to tumors ROIs with a cold uptake, most metrics
were highly sensitive to segmentation. A subgroup of first-order
statistical features should be excluded because voxel intensities
in SPECT images are non-normalized. Most morphological,
intensity histogram, volume histogram and 2nd-order features
including GLCM were reproducible. From the higher-order
radiomic features classes, features emphasizing on either low or
high GLs should be also excluded. The former group has a very
low reproducibility across different segmentations, and the
latter group does not carry much information from a tumor with
a cold uptake and is sensitive to mis-registration/ segmentation.
Instead, features with a rather uniform waiting on all GLs
should be adopted. These features are recommended for further
investigation of the significant discrimination task amongst
RCC tumor subtypes.
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