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Abstract
Objectives: This study is aimed at examining the synergistic impact of motion
and acquisition/reconstruction parameters on 18 F-FDG PET image radiomic
features in non-small cell lung cancer (NSCLC) patients, and investigating the
robustness of features performance in differentiating NSCLC histopathology
subtypes.
Methods: An in-house developed thoracic phantom incorporating lesions with
different sizes was used with different reconstruction settings, including various reconstruction algorithms, number of subsets and iterations, full-width at
half -maximum of post-reconstruction smoothing filter and acquisition parameters, including injected activity and test–retest with and without motion simulation. To simulate motion, a special motor was manufactured to simulate respiratory motion based on a normal patient in two directions. The lesions were
delineated semi-automatically to extract 174 radiomic features. All radiomic features were categorized according to the coefficient of variation (COV) to select
robust features. A cohort consisting of 40 NSCLC patients with adenocarcinoma
(n = 20) and squamous cell carcinoma (n = 20) was retrospectively analyzed.
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Statistical analysis was performed to discriminate robust features in differentiating histopathology subtypes of NSCLC lesions.
Results: Overall, 29% of radiomic features showed a COV ≤5% against motion.
Forty-five percent and 76% of the features showed a COV ≤ 5% against the
test–retest with and without motion in large lesions,respectively.Thirty-three percent and 45% of the features showed a COV ≤ 5% against different reconstruction parameters with and without motion, respectively. For NSCLC histopathological subtype differentiation, statistical analysis showed that 31 features were
significant (p-value < 0.05). Two out of the 31 significant features, namely, the
joint entropy of GLCM (AUC = 0.71, COV = 0.019) and median absolute deviation of intensity histogram (AUC = 0.7, COV = 0.046), were robust against the
motion (same reconstruction setting).
Conclusions: Motion, acquisition, and reconstruction parameters significantly
impact radiomic features, just as their synergies. Radiomic features with high
predictive performance (statistically significant) in differentiating histopathological subtype of NSCLC may be eliminated due to non-reproducibility.
KEYWORDS
non-small cell lung cancer, PET/CT, quantitative analysis, radiomics, robustness
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INTRODUCTION

Lung cancer is one of the main causes of cancer
deaths in men and women in the world.1 There are
two main types of lung cancer, including small cell
lung cancer and non-small cell lung (NSCLC). NSCLC
is the most prevalent lung cancer type,2 which can
be divided into three main subtypes: squamous cell
carcinoma, adenocarcinoma, and large cell carcinoma.
Other subtypes of NSCLC, such as sarcomatoid carcinoma and adenosquamous carcinoma, are much less
common.3 The gold standard for differentiating NSCLC
is pathology—an invasive procedure presenting risks to
the patient.
Positron emission tomography/computed tomography (PET/CT) plays a crucial role in clinical oncology
for a variety of indications.4 Previous studies established the potential of [18 F]-fluorodeoxyglucose (18 FFDG) PET/CT in the assessment of treatment response
in lung cancer.5,6 PET images may not provide accurate information about the position and size of lesions
located in the thoraco-abdominal region.
The potential of PET quantification using the standardized uptake value (SUV) as a semi-quantitative
metric in predicting response to therapy has been
reported in previous studies.7,8 In a recent study, Kumar
et al.9 showed that SUV changes in test–retest analysis depend on the acquisition/reconstruction parameters. In their study, the intraclass correlation coefficient (ICC) calculated regarding SUVmean and SUVmax
was 0.92 and 0.93, respectively. They reported that the
clinical applications of 18 F-FDG PET/CT SUV variation for a single-center was more significant than anticipated. Another multicenter study reported that the SUV
varied from 10% to 25% discarding the impact of

reconstruction or other parameters.10 Because of the
large variability of SUV when using different acquisition and reconstruction parameters and the simplified
approximations associated with the region of interestbased quantification that ignores the heterogeneity of
tracer uptake, there is a need for more sophisticated and
reproducible features that are more powerful than the
SUV.
Radiomics, an emerging field enabling to extract
features from images to support clinical decision
making,11,12 proved promising in quantitative medical
imaging. Radiomics is expected to be commonly integrated in imaging-based oncological studies, to provide
a link to personalized medicine through the extraction of
quantitative and in-depth features from medical images
to help the decision making process in clinical setting.13
PET/CT radiomic features have been widely used
to determine the malignancy of tumors,14,15 predict responses to therapy, patient prognosis,16,17 and
identification of tumor phenotypes.18–20 The number
of extracted radiomic features is pretty large,21 and
hence ensuring their reproducibility is desirable to provide robust imaging biomarkers. Recent studies evaluated PET radiomic feature reproducibility in different scenarios, including respiratory motion,22,23 image
acquisition,24 test–retest,25 pre-processing,26 image
reconstruction,27,28 and segmentation29 techniques.
More recently, the impact of reconstruction and delineation, post-reconstruction smoothing FWHM filter size,
matrix size, time per bed positions, test–retest, and
segmentations were studied.27,29–31 Lung movement is
undeniable in PET imaging. It may impact radiomic features to a large extent.However,the impact of respiratory
motion did not receive much attention in most of these
studies.29,32 These studies reported that the majority of
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F I G U R E 1 Framework adopted in the current study, beginning with inducing motion, and followed by image processing and reconstruction
steps and culminating with data analysis

features has 10% to 200% variability.31 Oliver et al.22
examined the variability of radiomic features over lung
motion between static and 4D gated images and demonstrated that most features had more than 5% variability.
In a recent study,33 the effect of respiratory motion
on radiomic features was investigated. To date, experimental studies evaluating the synergistic impact of
motion and acquisition or reconstruction parameters on
moving targets from PET images are lacking. This is
an important area that has been overlooked in recent
studies,34 which requires additional research and development efforts since it is relevant in many thoracoabdominal PET studies. The scanning time might cover
several respiratory periods. As a consequence, motion
impacts the images both qualitatively and quantitatively. Furthermore, the thoraco-abdominal motion might
impact, along with other influential factors, PET images.
This includes multicenter clinical trials, where protocols
change among the involved sites, which may impact
other parameters.
This study investigated the synergistic impact of
motion and acquisition/reconstruction parameters on
PET image radiomic features. We evaluated the impact
of motion, a wide range of reconstruction algorithms, the
number of iterations and subsets, different filter sizes,
various lesions sizes, and performed test–retest analysis on PET radiomic features. We selected robust features against those parameters individually and simultaneously. We also assessed the predictive power of

robust features for NSCLC histopathological subtype differentiation.

2
2.1

MATERIALS AND METHODS
Phantom data acquisition

In the current study, we selected robust features against
multiple acquisition protocols individually and simultaneously. Moreover, we examined the power of robust
features in discriminating NSCLC histopathological subtypes. Figure 1 summarizes the workflow adopted in the
current study.
Clinical and phantom studies were performed on a
GE Discovery 690 PET/CT scanner (General Electric
Healthcare,USA).An in-house developed thoracic phantom was used in this study. This phantom has the following features: 180 mm interior length, 9.6 L capacity, six
spherical inserts with inner diameters of 8, 10, 13, 17,
and 22 (left and right) mm. We classified 8 and 10 mm
spheres as small lesion sizes, 13 and 17 mm as medium
lesion sizes, and 22 mm as large lesion sizes. To perform a realistic phantom study, all lesions were wall-less
to avoid partial volume effect (PVE).
To stimulate respiratory motion, we manufactured a
motor placed under the phantom. This motor induces
lung movement (two directions: posterior-anterior and
lateral) at the typical respiratory rate of a healthy adult

4
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TA B L E 1 Patients’ clinical and pathological characteristics of the
current study
Characteristics
Gender
Male

22

Female

18

Height (Cm) (mean ± SD)

167 ± 14

Weight (Kg) (mean ± SD)

66 ± 12

Cancer stage

F I G U R E 2 Illustration of the thoracic phantom and respiratory
motion platform

at rest, that is, 12 breaths per minute.35 The magnitude of thoraco-abdominal lesion’s movement due to
respiratory motion is between 6 and 23 mm in each
direction.36 We induced 23 mm in the posterior-anterior
direction and 12 mm in the other direction (Figure 2),
12 times in 1 min. The phantom and lesions were filled
with a mixture of 18 F-FDG and water with an activity concentration of 5.3 KBq/ml and 2.65 KBq/ml, corresponding to 370 MBq and 185 MBq injected to a
75 kg patient. Lesions to background ratio (LBR) of 4:1
and 2:1 were induced. To examine the effect of postinjection scanning time (one half -life of 18 F) on image
features, phantom studies were acquired three times.
The first scan started 60 min post-injection, which was
the baseline of timing. Hence, the three acquisitions
refer to 0 min (first time), 30 min, and 110 min from the
baseline.

2.2

Clinical data acquisition

A cohort consisting of 40 NSCLC patients with adenocarcinoma (n = 20) and squamous cell carcinoma
(n = 20) (mean age = 60 ± 12 years old, 16 men and
14 women) were retrospectively analyzed. This study
was approved by the institutional review board (IRB)
of Tehran University of Medical Sciences, and written informed consent of patients was waived. Clinical
studies were acquired using the following parameters:
fasting for at least 8 h before the scan and injection
of a mean activity of 309.26 MBq (range 138.90–
572.25 MBq) of 18 F-FDG with a mean uptake time of
66.58 min (range 23.08–128.90 min). The acquisition
time per bed position was 3 min for both phantom and
clinical studies. Moreover, low-dose CT images were
acquired for anatomical localization and attenuation correction (Table 1). PET data were reconstructed using
ordered subset expectation maximization (OSEM) iterative algorithm with two iterations and 18 subsets, with an
image matrix of 256 × 256 (pixel size = 3.906 mm2 ). A

I

6

II

8

III

12

IV

14

Histology
Adenocarcinoma

20

Squamous cell

20

TA B L E 2

Image reconstruction settings for the phantom study

Parameter

Variation

Reconstruction algorithm

OSEM (HD)
OSEM + PSF (HDS)
OSEM + PSF + TOF (TS)

Subsets

18, 21

Iterations

2, 3

Post-reconstruction filter

0, 4.5, 5.5, 6.4, 7.5 (mm)

Lesion sizes

8, 10, 13, 17, 22 (mm)

TOF + OSEM (TOF is commercially referred to as VUE.FX), OSEM (commercially referred to as VUE.HD), and PSF + OSEM + TOF (PSF + TOF, referred
to as Sharp-IR by the manufacturer) algorithms.
Abbreviations: TOF, time-of -flight; PSF, Point Spread Function; OSEM, Ordered
Subset Expectation Maximization.

4.5-mm FWHM post-reconstruction Gaussian filter was
also applied to the images.

2.3

Reconstruction parameters

To examine the effect of reconstruction settings on
image features, phantom images were reconstructed
using three different reconstruction algorithms, including
OSEM with time-of -flight (TOF)37 and resolution recovery or point spread function (PSF) reconstruction.38
Besides,different numbers of iterations and subsets and
Gaussian filter sizes were used. All phantom images
were acquired with zero Gaussian filter size and 4
FWHM Gaussian filter sizes. The different reconstruction algorithms are listed in Table 2.
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F I G U R E 3 Illustration of 3D region-growing-based segmentation of phantom spheres (left) and patient (middle and right) malignant lesions
using the Slicer 4.8.0 software

2.4

Test–retest repeatability

In the test–retest analysis, the time interval for phantom scanning post-injection could be anywhere between
a few minutes to hours. Test–retest included measurements taken by the instrument on the same subject
under the same conditions. Hence, the same acquisition and reconstruction protocol was used. To minimize
the impact of test–retest, size effect, and PVE on the
results, we scanned two lesions with 22 mm diameter
located in the left and right lung. Test–retest analysis
was performed with and without simulating lung motion.
Following lesion segmentation, radiomic features were
extracted to determine the impact of test–retest on
radiomics features with and without motion simulation.

2.5

Image segmentation

All segmentations were performed using the Slicer 4.8.0
software39 (Figure 3). Malignant lesions were delineated
to define volumes of interest (VOIs) using 3D region
growing-based segmentation.40 One lesion was segmented from each patient’s images by a trained nuclear
medicine physician with 10 years of experience. The primary tumor was identified and included in the analysis. To minimize the impact of image segmentation on
the results, we used a region-growing algorithm for one
image and applied it for the different reconstruction settings.
18
2.6
F-FDG PET/CT image radiomic
features

One hundred and seventy-four 3D radiomic features
compliant with IBSI guidelines were extracted using
SERA package written in MATLAB.41 Radiomic features,
including morphology (n = 29), local intensity (n = 2),
intensity-based statistics (n = 18), intensity histogram
(n = 23), intensity–volume histogram (n = 7), gray level
co-occurrence matrix (GLCM) (n = 25), gray level run

length matrix (GLRLM) (n = 16), gray level size zone
matrix(GLSZM) (n = 16), gray level distance zone matrix
(GLDZM) (n = 16), neighborhood gray tone difference
matrix (NGTDM) (n = 5), neighboring gray level dependence matrix (NGLDM) (n = 17) were extracted in the
following details: 64 fixed bin width,42 combined (for
higher-level radiomic features), cubic resampling, using
isotropic voxel size 1 × 1 × 1 mm3 without any filter and
image discretization. The list of 174 features is provided
in Table S1.

2.7
2.7.1

Data analysis
Phantom study

The six lesions with 8, 10, 13, 17, and 22 mm diameter (right and left lung) were evaluated for the phantom
study. Lesions less than 8 cm3 were not assessed owing
to PVE.32 The impact of PVE was not examined in this
work.The inter-setting coefficient of variation (COV) was
computed for all 174 radiomic features extracted from
the phantom images using the following equation:
COV =

SD
× 100
Mean

(1)

where SD is the standard deviation of image features,
and the mean is the average over the different parameters. To classify the differences, 4 categories including
extremely low (COV ≤ 5%), low (5% < COV ≤ 10%),
mediocre (10% < COV ≤ 20%), and high (COV > 20%)
were determined.32 The COV was calculated for each
radiomic feature and each specific condition separately.
As such, the COV was calculated once for each radiomic
feature, based on the number of effective factors examined in this study, including motion, reconstruction, subset and iteration, filter size, and lesion size. All data were
analyzed using the R 3.6.3 software. Radiomic features
with less than 5% variability over different effective factors in the phantom study were selected as robust features in this study.

6
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F I G U R E 4 (a) The visual impact of different
reconstruction algorithms and various subset and
iteration numbers, different FWHM filter sizes, and
activity after a half -life of 18 F-FDG, post-injection
(PI) on the phantom images. (b) Display of 2D and
3D representations of how motion affects lesion
delineation before (red contour) and after (blue
contour) inducing motion for different lesion sizes

2.7.2

Clinical studies

Statistical analyses were performed using the R
software, including the Wilcoxon rank test for pvalues,43 false discovery rate correction with Benjamini–
Hochberg method (q-value),44 and the area under the
curve (AUC) univariate analysis.45 Our clinical studies
were acquired in one center and under a specific condition. Therefore, the only effective factor on radiomic features is breathing motion. As consequence, robust features selected from the phantom study over motion and
all 174 IBSI radiomic features were used for statistical
analysis to evaluate the impact of using robust features
on the accuracy of differentiation. Based on the effective
factor in each study, robust features against that factor
must be used to increase the repeatability and reproducibility of radiomic features.

3

RESULTS

Figure 4 shows the qualitative impact of motion, reconstruction, activity, and different FWHM filter sizes on the

resulting PET images. It can be observed that motion,
different reconstruction algorithms, and different FWHM
filter sizes have a noticeable impact on image quality.

3.1
3.1.1

Acquisition parameters
Impact of motion

Four PET acquisitions were performed, in which three
were performed with the induced motion to decrease the
amount of error in test–retest analysis. We compared
the average of three motions for a given scenario. About
53% of the 174 features (92 features) were affected
by motion as reflected by a COV >10%. Only 36% of
the features (64 features) were robust against motion in
large lesions. Our results showed that the robustness of
features is highly affected by motion, especially for small
lesion size, where 78% of the features have more than
5% variability (Table 4 and Figures 6 and 7). Besides,
all features robust against motion are listed based on
lesion size in Table S2. All texture features were affected
by motion showing a variation of more than 5%. About

SYNERGISTIC IMPACT OF ACQUISITION PROTOCOLS ON PET RADIOMIC FEATURES

7

motion, but this decreases to 60% when motion is
considered.

3.1.3
time

Impact of post-injection scanning

We investigated the effect of post-injection scanning
time through scanning the phantom with one half -life
time difference (∼110 min) to assess the effect of activity in the field-of -view on radiomic features. It was shown
that 55% of the features (97 features) are robust against
post-injection scanning time for large tumor sizes. The
downward trend number of robust features from 22
to 8 mm sizes is significant since 47% and 28% of
the features are robust for medium and small tumor
sizes.

3.2
F I G U R E 5 Impact of test–retest with motion for the large sphere
size from 174 IBSI radiomic features. The X-axis refers to the number
of features whereas the Y-axis refers to the number of categories
(1 to 4) since the differences were classified into four categories,
including 1 = extremely low (COV ≤ 5%), 2 = low (5% < COV ≤
10%), 3 = mediocre (10% < COV ≤ 20%), and 4 = high (COV > 20%)

56%, 50%, 75%, and 62% of GLCM, GLRLM, GLDZM,
and NGLDM features have shown COV >5% against
motion in large lesion size, respectively.

3.1.2
Impact of test–retest
with and without motion
We analyzed two spheres with 22 mm diameter (mimicking a large tumor size) with and without motion. To
minimize the effect of test–retest in PET/CT imaging, we
exploited the availability of two 22 mm spheres in the
right and left lung instead of the multiple image acquisitions. The results showed that 81% (142 features) and
89% (156 features) of the 174 features showed a COV <
10% against test–retest with and without motion,respectively. The test–retest study showed that PET/CT imaging in static imaging had 24% variability in quantitative
analysis. In the test–retest study of static PET/CT imaging, 24% of radiomic features showed high COV (COV
> 5%). This percentage raised to 40% when motion was
enabled (Figure 5). Furthermore, robust features against
test–retest of the 22 mm lesion are listed in Table S3.
Figure 5 confirms that motion affects the test–
retest analysis. Sixteen percent of the 174 features
(28 features) are affected by test–retest in the presence of motion. In addition, 76% of the features
are robust (COV < 5%) against test–retest without

Reconstruction parameters

3.2.1
Impact of different reconstruction
settings with and without motion
The impact of reconstruction settings, number of subsets, and iterations are listed in Table 4 and Figures 6
and 7. Moreover, Tables S4 and S6 show robust features
against reconstruction parameters based on lesion size
with and without the simulation of lung motion. The
effect of reconstruction is highly dependent on lesion
size, where 66% of the features (116 features) are
robust against reconstruction in large lesion size. For the
8 mm sphere, only 18% of the features (33 features)
have shown less than 5% variability. Our results showed
that synergistic motion and reconstruction highly affect
the features, where 53% of the features have more than
5% variation for large lesion size, and about 15% of the
features are robust (COV < 5%) for small lesion size.

3.2.2
Impact of FWHM filter size
with and without motion
Our results demonstrated that 30% of the 174 extracted
features (54 features) are robust against different filter
sizes. The impact of different post-smoothing FWHM filter size on PET/CT image features is relatively small in
the presence of motion, where 80 features were robust
against different FWHM filter size, and 73 features were
robust when combined with movement for large spheres.
The same effect was observed in medium and small
lesions size. For instance, in the 8 mm sphere, only 15%
of 174 features (27 features) were robust against different filter sizes. The variability of features according to
lesion size is shown in Figures 6 and 7. In addition, the
robust features against different FWHM filter size are
listed based on lesion size in Tables S5 and S7.
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F I G U R E 6 Heat map of the variation of 174 radiomic
features in the different scenarios

3.3
Robust and non-robust PET/CT
radiomic features in lung lesions
Nineteen features have shown less than 10% variation against all parameters, including motion, different
reconstruction algorithms, various numbers of subsets
and iterations, activity, and different filter sizes (Table 3).
The statistical analysis performed in the current study

showed that the differences between these features
are not statistically significant in terms of differentiating the histopathological subtype of tumors. Short
runs emphasis from GLRLM was highly robust against
motion (COV = 0.04%) but is not significant for differentiating the histopathological subtypes of tumors (pvalue = 0.13). Some features showed more than 10%
variability against most situations. We consider them as
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FIGURE 7

TA B L E 3

9

Variation of the number of features based on the COV over the different scenarios

Robust features against various conditions and features with the lowest reproducibility

#

Family

Biomarker

Robust features against
various conditions

Morph

Compactness 1, Spherical disproportion, Sphericity, Volume density (AEE), Volume density
(MVEE), Volume density (convex hull), Area density (convex hull)

Features with lowest
reproducibility of PET
images

IH

Minimum, Maximum, Range

IVH

Volume fraction at 10% intensity, Volume fraction diff between 10% and 90% intensity

GLCM

Inverse difference normalized, Inverse difference moment normalized,

GLRLM

Short runs emphasis, Run length non-uniformity normalized, Run percentage, Long runs
emphasis

NGLDM

Dependence count percentage, Dependence count entropy

Morph

Centre of mass shift

Stat

Variance, (Excess) kurtosis

IH

Kurtosis, 10th percentile, Mode, Maximum gradient gray level, Minimum histogram gradient

IVH

Volume fraction at 90% intensity

GLCM

Cluster tendency, Cluster shade, Cluster prominence

GLSZM

Large zone low gray level emphasis, Zone size variance

GLDSZM

Large distance low gray level emphasis

NGLDM

High dependence low gray level emphasis, Dependence count variance

features with the lowest reproducibility in PET/CT imaging according to the reproducibility criterion. A feature
showing high variability may be significant for differentiation. One such example is the variance from the statistical family that showed high variability over the different scenarios, including motion (COV of motion = 67%,
AUC = 0.69, p-value < 0.05).

3.4

Clinical studies

The summary of statistical analysis provided in Table 5
showed that 31 features are significant (p-value < 0.05),

107 features are acceptable for differentiation (AUC
> 0.6). Two of the 31 significant features including
joint entropy of GLCM (AUC = 0.71, p-value = 0.021,
COV = 0.019) and median absolute deviation of intensity histogram (AUC = 0.7, p-value = 0.024, COV =
0.046) have a COV <5% whereas 10 of the 31 features showed 5% < COV ≤ 10% against motion. In
addition, 12 of the 31 significant features showed a
high COV against motion (COV > 20%). The results
of the statistical analysis regarding the differentiation
between adenocarcinoma and squamous cells are listed
in Table S9. According to Table 5, the results of false discovery rate correction (q-value) indicated that none of

10
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TA B L E 4

Summary of parameters affecting the number of robust and non-robust radiomic features (from a total of 174 radiomics features)
5% < COV ≤ 10%

10% < COV ≤ 20%

COV > 20%

40

25

32

77

10

43

24

47

60

13

48

25

35

66

17

53

33

30

58

R22

60

37

29

48

Parameter

Size (mm)

Motion

8

Reconstruction

L22

64

40

34

36

8

33

19

47

75

10

36

30

48

60

13

77

50

34

13

17

FWHM filter size

Reconstruction + Motion

FWHM filter size + Motion

COV ≤ 5%

97

44

27

5

R22

112

37

18

7

L22

116

34

19

4

8

31

15

41

87

10

39

33

37

65

13

45

37

52

40

17

55

56

35

28

R22

73

50

35

16

L22

80

56

35

28

8

26

42

40

66

10

31

37

40

66

13

57

38

52

27

17

62

47

48

17

R22

75

40

35

24

L22

83

42

34

15

8

27

43

27

77

10

31

29

54

60

13

33

33

55

53

17

48

25

68

33

R22

69

39

45

21

L22

73

55

34

12

the radiomic features was significant for differentiating
NSCLC histopathology subtypes.

4

DISCUSSION

In this study, we aimed to investigate the synergistic impact of motion and parameters affecting PET/CT
image features and understand the effectiveness of
their use as robust features for differentiating the
histopathological subtypes of tumors. The reproducibility and robustness of image features are the main
aspects determining the success of radiomic analysis
in clinical studies.46 We performed a realistic phantom
study using wall-less spheres mimicking lesions to avoid
the partial volume effect. It must be noticed that the wall
in a sphere represents a cold area within a warm area47

to provide necrotic regions for a more realistic simulation
of tumors. According to Vallières et al.48 standardization of radiomic methods is highly recommended. As a
consequence, IBSI was set to concatenate the radiomic
workflow. Each step from feature extraction, to image
processing and image segmentation are covered in the
IBSI guidelines. Our study is compliant with IBSI guidelines and the “quality factors in radiomics studies” from
radiomic feature extraction to reporting the results.
Previous research examined the reproducibility of texture features, but the impact of motion on PET radiomic
features was rarely considered.27,29–31 In this study, we
did not evaluate the impact of partial volume on the
features as Hatt et al.49 examined the impact of reconstruction considering the partial volume and the delineation of lesions concluding that the impact of partial
volume correction on the features is relatively small.
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TA B L E 5 PET/CT images radiomic features categorized based
on p-values (p-value <0.05)
Features

AUC

p-value

q-value

COV of
motion

ih_var

0.792

0.001

0.189

10.37

ih_mad

0.765

0.003

0.189

5.54

ngl_ldlge_3D

0.755

0.005

0.189

37.31

ngt_complexity_3D

0.75

0.006

0.189

21.56

szm_szlge_3D

0.732

0.011

0.189

34.54

ivh_v10

0.73

0.012

0.189

5.44

ih_p10

0.726

0.014

0.189

14.28

dzm_sdlge_3D

0.725

0.014

0.189

33.85

ih_cov

0.722

0.015

0.189

7.13

cm_joint_var_3D_comb

0.72

0.016

0.189

19.71

cm_joint_entr_3D_comb

0.712

0.021

0.189

1.94

szm_hgze_3D

0.71

0.022

0.189

5.49

dzm_hgze_3D

0.71

0.022

0.189

5.49

ih_medad

0.707

0.024

0.189

4.62

ivh_diff_v10_v90

0.705

0.026

0.189

6.32

ih_rmad

0.695

0.035

0.189

6.43

szm_lgze_3D

0.695

0.035

0.189

27.76

dzm_lgze_3D

0.695

0.035

0.189

27.76

stat_p90

0.695

0.035

0.189

32.76

szm_sze_3D

0.692

0.037

0.189

8.29

stat_medad

0.692

0.037

0.189

38.74

stat_mad

0.692

0.037

0.189

39.55

stat_var

0.692

0.037

0.189

67.93

szm_zsnu_norm_3D

0.687

0.042

0.189

14.46

rlm_gl_var_3D_comb

0.687

0.042

0.189

18.56

ngl_gl_var_3D

0.687

0.042

0.189

18.79

ih_qcod

0.686

0.045

0.189

9.25

stat_cov

0.685

0.045

0.189

17.86

stat_rmad

0.685

0.045

0.189

39.89

rlm_lrhge_3D_comb

0.682

0.049

0.189

8.20

ivh_diff_i10_i90

0.682

0.049

0.189

39.30

morph_area_dens_mvee

0.68

0.052

0.189

10.17

The radiomic features are sorted by p-value and the first 31 radiomic features
showing p-values less than 5% are listed. In addition to p-values, the results of
false discovery rate correction are shown in q-values column. In the first column,
radiomic features with a COV less than 5% are highlighted in green. For a better
display of the features showing a COV between 5% and 10% are highlighted in
blue. In the last column, a COV less than 5%, 5% < COV < 10%, 10% < COV
< 20%, and a COV > 20% are highlighted in dark blue, pale blue, pale red, and
dark red, respectively.

Van Velden et al.29 examined the impact of reconstruction and delineation on PET/CT images radiomic features of NSCLC. They showed that 60% of the features have 0.9 ≤ intraclass correlation coefficient (ICC).
Galavis et al.31 studied the reproducibility of radiomic
features over different reconstructions and various protocols and demonstrated that 90% of texture features
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showed a high variability ranging between 10% and
200%. Our results showed that 47% and 66% of the features are robust (COV < 5%) against reconstruction with
and without motion, respectively. In another study, Yan
et al.30 reported that 5% to 56% of radiomic features
are highly affected by different reconstruction settings,
including skewness and zone percentage. Compared to
our study, these features showed a high variation over
different reconstruction and other parameters, including
kurtosis of intensity histogram and most of the statistics family, especially when considering motion, such as
variance, energy, and mean absolute deviation radiomic
features.
Issues linked with harmonizing the results for reproducing radiomic features in the previous study22,32 are
considerable owing to differences in data acquisition
protocols. Shiri et al.32 studied the impact of different
reconstruction algorithms on PET radiomic features and
demonstrated that the variability of radiomic features
depends on the features. Our results also showed that
lesion size and motion have a high impact on the features since a number of features are robust for large
lesion size but are not for small lesion size. This observation should be considered in studies when different
lesion sizes are involved. The above-referenced study
showed that 44 of 100 features are robust (COV <
5%) against different reconstruction settings, including GLCM (Entropy, Correlation), GLRLM (Long and
short run emphasis), GLSZM (Zone percentage, small
zone emphasis), NGLCM (Homogeneity, Entropy, Dissimilarity), SUV (Entropy, SUVmean , SUVpeak ). Thirtysix of the 44 robust features selected in this study
were also robust in our work over different reconstruction settings without motion. Furthermore, 116 from 174
features were robust in large lesion size. It appears
that these 36 features were basically robust against
different reconstruction algorithms for different lesion
sizes.
Oliver et al.22 investigated the variability of radiomic
features between a 3D static acquisition and 4D gated
images and reported a significant difference among
radiomic features of a static and respiratory-gated
image. They found that 26% of the features were robust
between static and gated PET images, hence concluding that the variability of the features between two
images is primarily due to respiratory motion. From 56
features examined in their study, they reported 14 robust
features, of which 12 of 14 were robust in our study.
In addition, our results showed that 64 of the 174 features were robust against motion for large lesion size. In
this study, we aimed to examine the impact of respiratory motion on PET/CT images using a 3D static protocol with and without inducing movement. Motion and
other changes in acquisition/reconstruction parameters
were introduced individually and combined to evaluate
the synergistic impact. The synergistic impact of motion
and other parameters,such as image reconstruction and
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lesion size, is severe and should be further considered
in future studies, especially in multicenter clinical trials
involving studies acquired on scanners from different
vendors. Our results demonstrated that the robustness
of features varies and that the overall change is not the
average of the impact of two or more parameters taking
place simultaneously.
The robustness of the features is lesion sizedependent. An increase in lesion size results in an
increase in the number of robust features. Motion
and lesion size have a major impact on the features.
Motion had the highest impact on the features when
other parameters were not changed. The combination of motion and other parameters decreased the
effect of motion on the features or increased the number of robust features. For example, in the 22 mm
sphere, 64, 105, 83, and 73 features were robust
against motion and the combination of motion with test–
retest, reconstruction, and FWHM filter size, respectively.
This illustrates that the synergistic impact of acquisition/reconstruction parameters with motion mitigates the
impact of lung movement. Motion had the most negligible impact against other parameters for small lesion
size. Motion had the least impact when combined with
different filter sizes. Changing the filter size decreases
the impact of other parameters because of the averaging effect of the FWHM filter on images.
Sixty-four and 116 features showed less than 5% variability against motion and different reconstruction algorithms (individually) in large lesion size. This result will
change if different reconstruction algorithms and motion
are combined. It was observed that 83 features were
robust against both factors. The same effect occurs in
medium and small lesion sizes, where it was demonstrated that 35% and 17% of the features (62 and
31 features) were robust for medium and small tumor
sizes. For multicenter studies, where different reconstruction algorithms and magnitude of lesions motion
are commonly encountered, a combination of motion
and reconstruction should be considered. Ninety-seven,
83, and 50 features were robust against post-injection
scanning time in large, medium, and small lesions.
These features belonged mostly to second-order texture features inferring from gray-tone spatial dependency matrices created from image intensity values.
These features provide a metric linked to the spatial
alignment of voxel intensities, and hence intra-lesion
dissimilarity.46 Overall, features showing a high COV
against motion are not robust against the synergistic impact of combined factors. For instance, most of
the robust features against the synergistic impact of
motion and various reconstruction parameters were initially robust against motion individually, with the addition of some robust features against reconstruction
individually.
Reproducibility is an aspect of radiomic analysis
that requires careful assessment. Robust features

are not persistent, and changes in image acquisition/processing protocols might induce changes in their
behavior. Features that are deemed robust and significant for differentiation include joint entropy of GLCM
(AUC = 0.71, p-value < 0.05, COV = 0.019) and median
absolute deviation of intensity histogram (AUC = 0.7,
p-value < 0.05, COV = 0.046), which appear to be the
best candidates for radiomic analysis. The results of
the phantom study may be reliable owing to repeated
imaging. The main limitation of this study was the low
number of clinical studies. The effect of pre-processing
on radiomic features was not investigated in this work
and will be evaluated in future studies.

5

CONCLUSION

We assessed the synergistic impact of motion and various reconstruction and acquisitions settings on the
robustness of PET image radiomic features. The robustness of PET radiomic features appears to depend on
the category they belong to and the lesion size. Low
COV features are not guaranteed to be good candidates
for differentiating between the histopathological subtypes of tumors in patients with NSCLC. It was observed
that some features might have a low COV while lacking
the significance of differentiation of the histopathological subtypes NSCLC. In addition, a number of features
showed a high variability over different situations, including motion, while being significant with a high differentiation power. The suggested candidates for NSCLC differentiation using radiomic features are those presenting
with a low COV while bringing significant differentiation
power. The joint entropy of GLCM and median absolute deviation of intensity histogram respond to these
criteria.
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