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A B S T R A C T

Purpose: The evaluation of features robustness with respect to acquisition and post-processing parameter
changes is fundamental for the reliability of radiomics studies. The aim of this study was to investigate the
sensitivity of PET radiomic features to acquisition statistics reduction and standardized-uptake-volume (SUV)
discretization in PET/MRI pediatric examinations.
Methods: Twenty-seven lesions were detected from the analysis of twenty-one 18F-FDG-PET/MRI pediatric
examinations. By decreasing the count-statistics of the original list-mode data (3MBq/kg), injected activity
reduction was simulated. Two SUV discretization approaches were applied: 1) resampling lesion SUV range into
fixed bins numbers (FBN); 2) rounding lesion SUV into fixed bin size (FBS). One hundred and six radiomic
features were extracted. Intraclass Correlation Coefficient (ICC), Spearman correlation coefficient and coeffi-
cient-of-variation (COV) were calculated to assess feature reproducibility between low tracer activities and full
tracer activity feature values.
Results: More than 70% of Shape and first order features, and around 70% and 40% of textural features, when
using FBS and FBN methods respectively, resulted robust till 1.2MBk/kg. Differences in median features re-
producibility (ICC) between FBS and FBN datasets were statistically significant for every activity level in-
dependently from bin number/size, with higher values for FBS. Differences in median Spearman coefficient (i.e.
patient ranking according to feature values) were not statistically significant, varying the intensity resolution
(i.e. bin number/size) for either FBS and FBN methods.
Conclusions: For each simulated count-statistic level, robust PET radiomic features were determined for pediatric
PET/MRI examinations. A larger number of robust features were detected when using FBS methods.

1. Introduction

Imaging has a prominent role in the diagnosis and management of
cancer patients. Computed tomography (CT), magnetic resonance
imaging (MRI) and positron emission tomography (PET) provide com-
plementary information about tumor anatomy and physiology. In par-
ticular, 18F-FDG-PET imaging has become essential in staging and
treatment response assessment due to its sensitivity to track glucose-
avid lesions [1]. In recent years, the hybrid modality PET/MRI has been
introduced in clinical practice [2]. Its main advantages compared to
widespread PET/CT are essentially the superior contrast of soft tissue
images, the possibility of acquiring physiologic information with MR
and the lack of x-ray exposition from the CT component. This last
property is particularly interesting for pediatric imaging because of

their higher radiosensitivity [3,4].
Nowadays, the field of Radiomics, i.e. the extraction of a large

number of quantitative features from tumor images for prognostic
profiling of cancer lesions [5], is capturing more and more interest in
the cancer research community. Radiomic biomarkers are determined
by searching for correlations of radiomic features with patient out-
comes. In particular, radiomics enables a more comprehensive non-in-
vasive description of whole tumor heterogeneity than the analysis of a
limited number of biopsy samples. Moreover, radiomics uses clinically
acquired images without the need for different or additional imaging
examinations.

PET radiomics, first investigated by the pioneering study of El Naqa
et al. [6] for cervix and head and neck tumors, has been employed to
derive bio-markers for many other cancers [7–10]. The repeatability
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and sensitivity of radiomics features to different acquisition protocols
and post-processing (i.e. reproducibility or robustness) have been
carefully investigated [11]. For example, the impact of reconstruction
and delineation on repeatability of radiomic features was investigated
by van Velden et al., Yan et al. [12,13] while Leijeneaar et al. focused
on the impact of Standardized Uptake Volume (SUV) discretization to
textural features [14,15]. These efforts are of outmost importance for
the interchangeable use of PET-derived features when images are ac-
quired from different scanners or for multicenter studies and for a safe
and effective translation of radiomics from research into clinical prac-
tice. Indeed, a standardization of imaging parameters is necessary to
improve radiomics reliability and prognostic power [14,16,17]. In this
context, published studies focusing on PET/MRI radiomics are still
limited [18,19].

The feasibility of activity reduction in 18F-FDG-PET/MRI ex-
aminations has been investigated with particular focus to lesion de-
tectability, SUV reliable measurements [20] and quantitative tumor
burden information [21]. Tsujikawa et al. [22] recently presented a
study focused on absolute variations and correlations of a limited
number of PET features between PET/CT and PET/MR acquisitions in
oropharyngeal and gynecological cancer, considering two different PET
reconstructions from PET/MRI examinations based on different acqui-
sition durations and finding high correlations between feature values
extracted from the three images. To the best of our knowledge, nobody
has analyzed the robustness of a large set of PET radiomics features and
the impact of different methods of SUV discretization on patient data
when decreasing the acquisition count statistics.

The aim of this study was indeed twofold: first, to investigate the
sensitivity of a large set of PET radiomic features to acquisition statistics
reduction in pediatric PET/MRI examinations and, second, to evaluate
the effect of different discretization approaches on textural feature ro-
bustness while decreasing the injected activity.

2. Materials and methods

2.1. PET/MRI acquisition, activity reduction simulation and VOI
delineation

Twenty-one whole-body 18F-FDG-PET/MRI pediatric examinations
performed on a 3T clinical PET/MR scanner (Biograph mMR, Siemens
Healthcare, Erlangen, Germany) were considered. Patients consisted of
17 children (9 girls and 8 boys, four patients imaged twice) with an
average age of 12.7 ± 3.1 (6.9–16.9) years and a body mass index of
19.6 ± 4.4 (13.3–31.2) kg/m2 who were diagnosed with solid cancers
(11 Hodgkin’s lymphoma, 2 non-Hodgkin’s lymphoma, 4 rhabdomyo-
sarcomas). 18F-FDG activity equal to 3MBq/kg body weight (mean
administered activity: 139.4 ± 48.2, range: 86–263MBq) was ad-
ministered according to the European Guidelines [23]. PET/MR ac-
quisitions started 124.9 ± 40.4min (range: 66–214) after injection. All
patients fasted at least 6 h before the examination. Attenuation cor-
rection was performed with Siemens MLAA approach based on standard
MR Dixon sequence. Corrections for random coincidences, daily nor-
malization, dead-time losses and scatter were applied. The reconstruc-
tion algorithm employed was 3D Ordinary Poisson Ordered Subset
Expectation Maximization (OSEM) with 3 iterations, 21 subset,
172×172 matrix, a voxel size of 4.17× 4.17× 2.03mm and 4mm
Gaussian filter, as recommended by the manufacturer.

To simulate acquisition count statistics reduction, for each ex-
amination the full tracer activity (FTA) list-mode data (3MBq/kg,
5min/bed position) were truncated at 4, 3, 2.5, 2 and 1min for bed
position corresponding to proportional decreasing injected activities
(2.4, 1.8, 1.5, 1.2 and 0.6MBq/kg) [20,24]. In the following, we refer
to the images at simulated lower activity as LTA. Six simulated images
were thus reconstructed for each patient using the research software
package Siemens e7-tools (Fig. 1).

Images were imported in RayStation software (ver. 5.0.2, RaySearch

Laboratories, Stockholm, Sweden) for lesion delineation. Segmenting
the VOIs in each image is more realistic compared to the use of a fixed
VOI representing the actual situation in which only the acquisition with
reduced statistical counts is available. For each examination, VOIs were
thus defined applying a threshold at 40% of SUVmax in each re-
constructed image using the same segmentation’s bounding box.
Eventually, VOIs were checked by an expert nuclear physician.

Fifty-six lesions were detected in the FTA image with average vo-
lume equal to 14.2 ml. Lesions with volume<5ml were discarded
from the analyses to minimize partial volume effects [13,25,26]:
twenty-seven lesions in total were thus considered in the analysis
(average volume 26.7 ± 29.2ml, range 5.2–135.1ml).

2.2. SUV discretization and features extraction

Images and VOIs were imported into the open-source IBEX software
platform (v.1.0β, M.D. Anderson, Houston, Texas, USA) [27] where
images were normalized to the body weight SUV. Only voxels with
more than 50% of their volume inside VOI contour were analyzed for
all feature categories. SUV discretization was performed for textural
features calculation to decrease noise and have a finite number of in-
tensity values for meaningful texture analysis [14]. Two SUV dis-
cretization approaches were applied to VOI voxels for textural features
computation:

– for each voxel inside the lesion, SUVs were resampled at 16 and 64
levels [14,26], i.e. a fixed number of bins (FBN) were considered, by
using the Ibex preprocess modules BitDepthRescaleRange and
RoundtoNearest. In particular, the resampling was performed using:

= +R x round I x SUV
SUV SUV

N( ) ( ) ( 1) 1min

max min
bin

where I(x) is the SUV of the voxel x, SUVmin and SUVmax are the
minimum and maximum SUV in the VOI and Nbin is equal to 16 or
64 [14,28]. These values for bin numbers were chosen to obtain
similar average bin width to the second approach described next in
order to get similar average level of detail in the description of
tumor heterogeneity. Furthermore, 64 bins have been employed in
many studies [14,26,29] and was proven to be optimal for FBN
methods [30]. In this way, lesion-dependent bin sizes were obtained
(these methods will be called “FBN16” and “FBN64” in the text).

– SUV were discretized using a fixed bin size (FBS), i.e. a fixed in-
tensity resolution, independent from lesion SUV, as proposed by
Orlhac et al. [31], using:

= +R x round I x
L

D round I x
B

( ) ( ) ( 1) 1 ( )

where B is equal to 0.25 or 0.10 (these methods will be called
“FBS025” and “FBS010”). This resampling was performed in Ibex
fixing the textural features parameters GrayLimits equal to 0 and 20
(L= 20) to include all the tumor SUVs of our dataset and
NumLevels (D) equal to 80 or 200. This operation is equivalent to
rounding SUVs to the nearest multiple of 0.25 or 0.10. A bin size of
0.25, also used by other authors [12,14], was chosen to obtain SUV
bins (20 on average, since the mean SUVmax in our dataset was
8.5 g/ml and a 40% threshold was applied for delineation) and to
have relatively large bin widths. To investigate if using smaller bin
sizes has some impact on feature robustness, a bin size equal to 0.10
was also considered [32]. In this case, the resulting average bin
number was about 50.

One-hundred-six features were extracted (Table 1): 15 Shape, 6
Intensity Histogram, 27 Intensity Direct, 22 Gray Level Co-occurrence
Matrix 2D (GLCM), 22 Gray Level Co-occurrence Matrix (GLCM) 3D
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and 11 from Gray Level Run Length Matrix 2D (GLRLM). GLCM and
GLRLM were calculated for a one-voxel neighborhood distance and
averaged over all possible directions (4 directions for 2D and 13 for
3D). For Intensity Histogram feature extraction, 80 bins in the SUV
range 0–20 were considered. A complete list of references describing
the extracted features is reported in [27].

2.3. Data analysis

Features were calculated for each lesion and lower activity level
(LTA), and then compared to feature values calculated in the Full
Tracer Activity (FTA) image, which was considered as ground truth. For
each feature, differences in feature values from those calculated in FTA
images were assessed by calculating three quantitative metrics:

a) Intraclass Correlation Coefficient (ICC) using a one-way random
single-measure model defined as:

=
+

ICC f LTA
MSB f f MSW f f
MSB f f MSW f f

( , )
( ) ( )
( ) ( )

LTA FTA LTA FTA

LTA FTA LTA FTA

, ,

, ,

where fLTA and fFTA are the values of the feature f evaluated at the
simulated injected activity level LTA and FTA, MSB and MSW are
the mean squares between-subjects and within subjects obtained by
one-way ANOVA;

b) Spearman’s rank correlation coefficient (ρ);
c) Coefficient of Variation (COV) defined as:

=COV f LTA
SD f f

mean f f
( , )

( / )
( / )
LTA FTA

LTA FTA

Fig. 1. Coronal view of the same examination reconstructed at 3MBq/kg, 1.5MBq/kg and 0.6MBq/kg (from right to left) each with the same lesion segmented at
40% of SUVmax.

Table 1
Groups and names of extracted features.

Group No. of features Features

Shapea 15 Compactness 1, Compactness 2, Convex, Convex Hull Volume, Convex Hull Volume 3D, Max 3D Diameter, Mean Breadth, Number Of
Voxel, Orientation, Roundness, Spherical Disproportion, Sphericity, Surface Area, Surface Area Density, Volume

Intensity Histograma 6 Inter Quartile Range, Kurtosis, Mean Absolute Deviation, Median Absolute Deviation, Skewness, Range
Intensity Directa 30 Energy, Global Entropy, Global Max, Global Mean, Global Median, Global Std, Global Uniformity, Inter Quartile Range, Kurtosis, Local

Entropy Max, Local Entropy Mean, Local Entropy Median, Local Entropy Min, Local Entropy Std, Local Range Max, Local Range Mean,
Local Range Median, Local Range Min, Local Range Std, Local Std Max, Local Std Mean, Local Std Median, Local Std Min, Local Std Std,
Mean Absolute Deviation, Median Absolute Deviation, Range, Root Mean Square, Skewness, Variance

GLCM 2D/3Db 22+22 Autocorrelation, Cluster Prominence, Cluster Shade, Cluster Tendency, Contrast, Correlation, Difference Entropy, Dissimilarity, Energy,
Entropy, Homogeneity, Homogeneity 2, Information Measure of Correlation 1, Information Measure of Correlation 2, Inverse Difference
Moment Normalized, Inverse Difference Normalized, Inverse Variance, Maximum Probability, Sum Average, Sum Entropy, Sum
Variance, Variance

GLRLMb 11 Gray Level Nonuniformity, High Gray Level Run Emphasis, Long Run Emphasis, Long Run High Gray Level Emphasis, Long Run Low Gray
Level Emphasis, Low Gray Level Run Emphasis, Run Length Nonuniformity, Run Percentage, Short Run Emphasis, Short Run High Gray
Level Emphasis, Short Run Low Gray Level Emphasis

a Not dependent from SUV discretization.
b Computed for all SUV discretization methods.

M. Branchini, et al. Physica Medica 59 (2019) 117–126

119



where, as before, fLTA and fFTA are the values of the feature f eval-
uated at the simulated injected activity level LTA and FTA. Mean
and SD were evaluated on different subjects (i.e. lesions) for every
LTA level.

ICC and ρ values larger than 0.90 were considered indicators of
excellent reliability [12] and correlation of patients rankings according
to features values [14], respectively. Furthermore, a COV [13,33] equal
to 0.20 was arbitrary employed to identify features with a large
variability of the ratio between LTA and FTA feature values indicating
feature instability. If a feature respected all three of the criteria
(ICC > 0.90, Spearman coefficient > 0.90 and absolute value of
COV < 0.20) for each activity level down to activity level A, it was
considered robust until this simulated injected activity.

At each decreased activity level, paired Wilcoxon signed-rank tests
were computed for ICC, ρ and COV to assess statistically significant
differences of feature robustness to activity reduction when using one of
the four discretization methods compared to the others. P values less
than 0.01 were considered significant. To quantify the sensitivity of
each textural feature to the applied discretization method when de-
creasing activity, a difference of ICC values > 0.03 was considered
relevant similarly to the study of van Velden et al. [12]. Between these
sensitive features, those with ICC > 0.90 when using FBS methods but
ICC < 0.90 when using FBN methods and vice versa were selected.

Furthermore, to facilitate the evaluation of radiomic feature re-
producibility compared to that of standard SUV measurements, the
average relative difference (RD) in comparison to FTA values was cal-
culated for each feature f as:

=RD f LTA
N

f LTA f FTA
f FTA

( , ) 1 ( ) ( )
( )L L

L L

L

where L stands for the lesions and NL is the number of lesions.
Moreover, to investigate whether feature robustness is dependent on

tumor type, Hodgkin lymphoma (20 lesions) was compared to other
tumors (7 lesions). In addition, a specific analysis was performed on
features that have been proven to hold prognostic or predicting value
for Hodgkin lymphoma [34–37].

3. Results

3.1. Sensitivity of features to decreasing activity and impact of SUV
discretization method

Shape and Intensity Direct features showed good performance when
decreasing activity with more than 70% of robust features up to
1.2MBq/kg even if robust Shape features dropped to about 20% at the
lowest activity level (Fig. 2). Between the six considered Intensity
Histogram features, four resulted robust down to 0.6MBq/kg.
(Supplemental Materials).

A consistent fraction of textural features was robust to activity re-
duction until 1.2MBq/kg considering FBS, while a lower number of

robust features were achieved using FBN for all activity levels (Fig. 3).
In particular, considering FBS025 and FBS010, around 70% of features
resulted robust to activity reduction on the basis of the employed cri-
teria until 1.2 MBq/kg. However, considering all textural features,
about 40% of features were robust at 1.2MBq/kg for FBN16 and FBN64
(Fig. 3). The difference between FBS and FBN was particularly evident
for GLRLM features, especially at 1.2 and 0.6MBq/kg, where less than
20% of the considered GLCM features was found robust for both FBN
methods (Fig. 3).

3.2. Statistical analysis of ICC, Spearman correlation coefficient and COV
for textural features

When using FBS discretization, higher median values and, gen-
erally, a lower IQR (1st–3rd interquartiles range) were displayed for
ICC and Spearman ρ in comparison to FBN datasets (Fig. 4 and
Supplemental material). Considering all textural features, the difference
in median ICC and Spearman ρ coefficient between FBS and FBN da-
tasets were statistically significant for every activity level (paired Wil-
coxon signed-rank tests) independently from bin size or bin number
(p≤ 0.003 in 40/40 tests). Differences in median COV between FBS
and FBN datasets (Supplemental materials) were not statistically sig-
nificant for all activity levels except for 2.4MBq/kg where each FBS
dataset was statistically different to both FBN and for 1.2MBq/kg,
where FBS010 was statistically different to FBN16. However, the COVs
of robust features to activity reduction were generally lower for FBS
discretization method than FBN method as shown in Supplemental
Fig. 3 for 1.5MBq/kg.

When comparing FBS025 with FBS010, ICC values resulted statis-
tically significantly larger for FBS025 only for A= 1.5MBq/kg, even if
the absolute variation between median values was very small (0.988 vs
0.987) while Spearman ρ coefficient and COV did not display any sta-
tistically significant difference except for COV at 1.2MBq/kg (0.090
and 0.088 for FBS025 and FBS010, respectively). Comparing FBN16
and FBN64, differences in ICC values were statistically significant only
at A= 1.5 and 1.2MBq/kg (0.914 vs 0.929 and 0.899 vs 0.896, re-
spectively) while Spearman ρ and COV did not show any statistically
significant difference.

The comparison of single textural feature ICC, ρ and COV values
between FBS010 and FBN64 (representative of FBS and FBN dis-
cretization methods) showed generally higher values of ICC and
Spearman ρ for FBS010 in comparison to FBN64 (Fig. 5 and
Supplemental material). At 1.5MBq/Kg, 35 out of 55 features resulted
sensitive to the discretization methods applied showing differences of
ICC values larger than 0.03 if using FBS010 vs FBN64. In particular,
between these features, twelve showed ICC > 0.90 using FBS010 and
ICC < 0.90 using FBN64 (eight were robust as defined by the three
criteria) and three vice versa (one was robust) (Table 2).

Fig. 2. Percentage of robust features for Shape, Intensity Direct and Intensity Histogram groups at LTA levels.
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Fig. 3. Percentage of robust textural features at LTA levels.

Fig. 4. Boxplots of ICC for textural features using FBS010, FBS025, FBN64, FBN16 (dashed line in correspondence of ICC value of 0.90).
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3.3. Analysis of feature RD and features robust for all discretization
methods

SUVmean and SUVmax were robust up to the lowest activity level
(0.6 MBq/kg) respecting the employed criteria and showed RD equal to
+1% and +3%, respectively, at 1.5MBq/kg. Focusing on 1.5MBq/kg,
21 (70%) over 30 Intensity Direct features and 32 (58%), 27 (49%) and
25 (45%) of the 55 textural features, respectively for FBS010/FBS025,
FBN64 and FBN16 datasets, were robust and showed absolute
RD < 5%, thus comparable to SUV measurements variations.

Twenty-four textural features were found robust for every activity
level up to 1.5MBq/kg independently from the discretization method
(Table 3). These features are particularly interesting because it was
shown that an activity reduction of 50% is feasible while preserving
lesion detectability, SUV measurements and quantitative tumor burden
information [20,21] and thus they can be reliably computed from
images with clinical usefulness. Among these features, eleven showed
absolute RD < 5% for all discretization methods (Table 3).

Fig. 5. ICC, Spearman coefficient and COV of textural features at 1.5MBq/kg for FBS010 (black circles) and FBN64 (red triangles).
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3.4. Analysis of features robustness for Hodgkin lymphoma

A larger proportion of robust shape feature was found for Hodgkin
lymphoma than for the other kinds of tumors (non-Hodgkin lymphoma
and rhabdomyosarcomas): at 1.5MBq/kg about 80% and 25% of Shape
features were reproducible, respectively (Fig. 6). Also for Intensity Di-
rect and textural features, Hodgkin-lymphomas showed a larger
number of robust features even if the relative difference was lower than
for the Shape group. Minimum levels of activity for feature robustness
of features that have been proven to hold prognostic or predicting value
for Hodgkin lymphomas are reported in Table 4.

4. Discussion

In the present study, the robustness of radiomic features to acqui-
sition count statistics reduction and the impact of SUV discretization
were investigated quantitatively comparing simulated images with
lower count statistics to original full count statistics images. To our
knowledge, this is the first study that investigated with patient data the
effect of SUV dicretization on PET radiomic features when decreasing
the acquisition counts statistics. The awareness of the acquisition
counts statistics with respect to which radiomics features are robust is
necessary to characterize whether they could be reliably employed in
low-dose examinations and, consequently, to select low-activity

Table 2
Features with difference of ICC values > 0.03 between FBS010 and FBN64 at 1.5MBq/kg with ICC > 0.90 for one of the two discretization methods. Features
robust as defined by the three criteria described in the Methods are marked with *.

Group Features with ICC > 0.90 using FBS010 and ICC < 0.90 using FBN64 Features with ICC > 0.90 using FBN64 and ICC < 0.90 using FBS010

GLCM 2D Cluster Prominence Energy*
Max ProbabilityCluster Shade

Sum Average*

GLCM 3D Cluster Prominence Energy
Cluster Shade
Sum Average*

GLRLM High Gray Level Run Emphasis*
Low Gray Level Run Emphasis*
Long Run High Gray Level Emphasis*
Long Run Low Gray Level Emphasis*
Short Run High Gray Level Emphasis*
Short Run Low Gray Level Emphasis*

Table 3
Groups and names of robust textural features to activity reduction up to 1.5MB/kg independently from the discretization employed. Features with absolute
RD < 5% are marked with *.

Group No. of features Features

GLCM 2D 11 Cluster Tendendcy, Contrast, Difference Entropy*, Dissimilarity, Homogeneity, Homogeneity 2, Inverse Difference Moment Normalized*, Inverse
Difference Normalized*, Inverse Variance, Sum Entropy*, Variance

GLCM 3D 11 Cluster Tendendcy, Contrast, Difference Entropy*, Dissimilarity, Entropy*, Homogeneity*, Inverse Difference Moment Normalized*, Inverse
Difference Normalized*, Inverse Variance, Sum Entropy*, Variance

GLRLM 2 Gray Level Nonuniformity, Run Length Nonuniformity*

Fig. 6. Percentage of robust features of Shape, Intensity Direct and texture at LTA levels for Hodgkin lymphoma (HL) vs other tumors (OT).
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protocols for radiomics studies. Furthermore, it would be of remarkable
value to assess whether a sensible comparison between results of dif-
ferent studies using different injected activity or acquisition duration
[24] protocols is possible. Activity reduction is particularly important
for pediatric patients because they are more sensitive to radiation and,
due to longer life expectancy, have a greater probability of developing
radio-induced cancers. Recent studies [20,21] have proven that an in-
jected activity reduction up to 50% (from 3MBq/kg to 1.5MBq/kg) is
feasible in pediatric PET/MR while preserving lesion detectability and
SUV measurements.

Feature robustness was analyzed focusing on measurement relia-
bility (ICC), patient ranking correlations (Spearman’s rank correlation
coefficient) and dispersion of feature values at LTA in comparison to
FTA (COV). Each of these metrics is important for robustness and re-
liability assessment, each highlighting different aspects. The ICC metric
describes reliability between measurements, taking in consideration
both intra-subjects (i.e. lesions) and inter-subject variability. Employing
ICC with a one-way random single-measure model, the analysis of the
difference between feature values at LTA and FTA is comparable to the
feature repeatability investigation performed in other studies [12,14].
At simulated injected activity of 1.5MBq/kg, 16 Intensity Direct fea-
tures (out of 30) and 23 and 2 textural features (out of 55), using FBS
and FBN methods respectively, showed ICC values larger than the ICC
value reported for the repeatability of SUVmean and SUVpeak (both
equal to 0.989) by van Velden et al. [12]. Considering FBS, thus, a
significant fraction of textural features showed reproducibility to ac-
tivity reduction comparable to SUVpeak “test-retest” repeatability. The
analysis of Spearman rank correlation coefficient is particularly useful
for the interpretation of radiomic features as suggested by Leijenaar
et al. [14]. Indeed, if patients ranking according to feature values is
only marginally affected when decreasing injected activity, similar
patient stratifications should be achieved indifferently at LTA and FTA
when correlating features values to patient outcome or tumors pheno-
types. Intra-patient feature COVs were calculated for the ratios between
values at LTA and FTA. In this way, the standardized variability of
feature relative changes from FTA values was assessed. The larger the
intra-patient COV of a feature (i.e. variability of the ratios), the lower
the reproducibility of the feature to activity reduction.

Having assessed all three of these reliability metrics, it was proven
that around 70% of shape and intensity direct features and more than

55% or 70% of textural features (using FBN or FBS discretization
methods) have excellent reproducibility when reducing activity up to
1.5MBq/kg in PET/MR pediatric examinations with their corre-
sponding values computed on FTA images.

The impact of SUV resampling on sensitivity to activity reduction
was investigated in depth in this study. Four different discretization
methods were analyzed: FBS025, FBS010, FBN16 and FBN64. The se-
lected bin sizes and bin numbers are representative of highly detailed
(FBS010 and FBN64) and coarse-grained (FBS025 and FBN16) de-
scriptions of tumor SUV distributions for the analyzed patients. It was
shown that resampling SUV using a fixed-bin size method resulted in
better overall robustness of textural features than using a fixed bin
number method i.e. lesions dependent bin sizes. Indeed, differences in
textural features ICC and Spearman correlation coefficient between FBS
and FBN datasets were statistically significant at every activity level.
Furthermore, the number of robust textural features was larger when
using FBS in comparison to FBN approaches and the difference became
more evident at the lowest activity levels (around 70% vs 40% of tex-
tural features were reproducible at 1.2MBq/kg for FBS and FBN ap-
proaches, respectively). Moreover, considering ICC differences larger
than 0.03 to select sensitive features to the discretization methods,
when halving the injected activity, eight of these sensitive features re-
sulted robust only for FBS010 while one was robust for FBN64 only. It
should be noted, nonetheless, that an in-depth analysis of the clinical
relevance of the robustness difference of each feature would require
careful Bland-Altman analyses that were recently started by our group
and will be the focus of further investigation.

This result about the discretization methods is in agreement with
the test-retest study of van Velden et al. [12], where a higher repeat-
ability of textural feature values was achieved using a fixed bin-size
method of SUV resampling. However, it is in contrast to the recent
published study of Presotto et al. [29] in which authors analyzed PET
feature sensitivity to acquisition statistics through experimental
phantom image analyses. In that study, the authors computed textural
features inside spheres of 39mm diameter for all six sectors of Jazack
phantom varying the acquisition duration. They found that feature
values had stronger dependence on acquisition duration if using the FBS
discretization method in comparison to FBN. Differences with our re-
sults could be partly due to the different metrics employed in the
analyses and in the experimental setting employed, i.e. uniform activity
outside cold road of different diameters. Even if using such a phantom
has the advantage of ensuring a high level of repeatability and stan-
dardization, it does not fully describe the complexity of tracer dis-
tribution inside tumour lesions. A direct comparison of specific feature
stability when varying the count statistics between the present study
and the recent study by Tsujikawa et al. [22] is not straightforward
because of the differences in the scanners, reconstruction corrections
(TOF and PSF), patient ages and cancer types, injected activity proto-
cols (fixed 185MBq vs 3MBq/kg) and metrics employed in the ana-
lyses. Nonetheless, SUVmean, kurtosis, entropy (GLCM), homogeneity
(GLCM), short run emphasis (GLRLM), and long run emphasis (GLRLM)
shared consistent results with the GLCM features showing the higher
correlations between different counts statistics while discordant results
were found for the stability of first order feature skewness.

The effects of different bin size and bin number were also examined
in the present work. For GLCM 3D and GLRLM feature groups, using a
thin fixed bin size (FBS010) resulted in a slightly higher number of
robust features than FBS025 and FBN64 also showed higher perfor-
mance than FBN16 for GLCM 2D/3D till 1.5MBq/kg. These results
suggest that textural features are able to robustly characterize high
intensity resolution SUV distributions (i.e. using small average bin
sizes) inside tumor lesions even at lower injected activity levels. They
are also in agreement with the study of Orlhac et al. [25] in which
authors consistently showed for three different tumor sets corre-
sponding to different acquisition/reconstruction protocols that at least
32 Gy levels levels should be used for texture indices calculation using a

Table 4
Minimum activity level to which prognostic features for Hodgkin lymphoma
were found robust (considering HL lesions only).

Group Feature Minimum activity level for feature
robustness [MBq/kg]

Shape Volume 0.6

Intensity Direct Global Max (SUVmax) 0.6
Kurtosis 1.8
Global Entropy 1.8
Skewness 3.0

GLCM 2D Entropy 0.6 (FBS010) – 1.8 (FBN64)
Maximum Probability 3.0
Contrast 1.2
Dissimilarity 0.6 (FBS010) – 1.2 (FBN64)

GLCM 3D Entropy 0.6 (FBS010) – 2.4 (FBN64)
Maximum Probability 3.0
Contrast 1.2
Dissimilarity 1.2

GLRLM Short Run Emphasis 3.0
Low Gray Level Run
Emphasis

1.2 (FBS010) – 3.0 (FBN64)

Short Run High Gray-
level Emphasis

0.6 (FBS010) – 2.4 (FBN64)
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FBN approach to provide robust metrics with respect to different values
of bin number. Furthermore, using 32–64 levels was shown to max-
imize the repeatability of some features calculated on intensity size-
zone matrices (e.g. size-zone variability and large-area emphasis) that
were found to be significant predictors of patient response [30].

An interesting methodological consideration about SUV discretiza-
tion and its effects on inter-patient texture comparison and inter-
pretation was referred by Leijenaar et al. [14]: resampling SUV with an
FBS discretization methods is similar to what is routinely done when
comparing SUVs between different patients. Indeed, FBS resampling
reduces the possible SUVs without changing the intensity resolutions
between patients. Furthermore, the FBS approaches that we employed
were equivalent to simple rounding operations and, because the lower
bound for resampling was set to zero for every lesion [31], the
minimum value of the lesion SUV was not subtracted as instead was
performed for FBN methods and proposed for the FBS method by Lei-
jenaar et al. [14]. In this way, a completely lesion-independent SUV
discretization was performed. Conversely, when using FBN, the scale of
measurement (i.e. the intensity resolution) was lesion-dependent re-
sulting in textural measurements that even if numerically identical
could describe very different levels of heterogeneity. For example, using
FBN, the feature Autocorrelation from GLCM is invariant by multi-
plication of image grey-level values by a constant. Thus, two SUV dis-
tributions that differ only for a large multiplicative constant, would
result in identical values of the feature Autocorrelation even if one of
the two have all values very close to 1 and the other one has a large
value range. Indeed, as observed by Orhlac et al. [31], the absolute
range of SUV in a lesion already provides information about its het-
erogeneity.

We should underline that the results of the present study, even if
attractive, came from the analysis of images coming from the same
scanner model and same image reconstruction parameters. Different
hardware and software can indeed originate differences in image values
and, consequently, in feature values. In recent papers, differences
coming from the use of different scanners [38,39], reconstruction
parameters and algorithm [13,29,39,40], VOI delineations
[12,25,32,41] and inter-observer variability in segmentation
[11,33,41] have been carefully investigated.

In particular, Yan et al. [13] presented an analysis of feature ro-
bustness to reconstruction parameters variation, i.e. voxel size, full
width at half maximum of the Gaussian postprocessing filter, and
showed that seven heterogeneity descriptors were as robust as SUVpeak
and SUVmean. A further reduction in the number of clinical useful
features using a fixed bin number discretization method (64 bins) has
been proposed in [16] taking into consideration correlation existing
among radiomics features and robustness in respect to segmentation
methods. Between these features, six were considered in the present
study and proved generally low sensitivity to activity reduction too
with the exception of GLRLM features if using FBN64: Global Entropy
(ID) was robust till 1.2MBq/kg, Difference Entropy, Inverse difference
normalized and Inverse difference moment normalized (GLCM) resulted
robust to the lowest activity level if using FBS and to the second to last
if using FBN methods; high grey level run emphasis and low grey level
run emphasis (GLRLM) were robust for FBS at every activity level while
for FBN only High grey level run emphasis was highly robust only at
2.4MBq/kg (Supplemental material).

Orlhac et al. showed that the segmentation method has a substantial
impact on a large number of features [25]. Using a fixed threshold of
SUVmax is frequently used in the clinics and has been recently shown to
be non-inferior to SUVpeak based segmentation for primary lung tumor
volume quantification [42]. Even if it was demonstrated that the re-
peatability of the metabolically active volume is higher using a fixed
threshold of highest peak SUV (SUVhp) corrected for local background
[43], there is still no consensus as to which segmentation method
maximizes PET radiomics feature repeatability and reproducibility
when varying different parameters. The delineation method could have

an impact also on feature robustness when decreasing count statistics
and this point should be investigated in a future study.

Furthermore, many studies showed that a standardization of ac-
quisition protocols, reconstruction parameters and post-processing is
essential for a reliable quantification of tumor heterogeneity bio-
markers [14,16,17,28,44]. In particular, regarding SUV quantization
method, Leijenaar et al. [14] showed that textural feature value de-
pends on SUV intensity resolution and the patient rankings according to
feature value obtained using FBS or FBN discretization methods are
generally different. Thus, the choice of the discretization method is
determinant in the selection of the best possible patient stratification. A
fine-tuned selection of the pre-processing to be made for every feature
was recently proposed by Fave et al. [45] for CT features in the pre-
diction of lung cancer patient outcomes. In this way, different pre-
processings are tested to maximize the prognostic power of each dif-
ferent feature. In principle, this idea could also be investigated for the
analyses of PET features but with the disadvantage of increasing the
time for the pre-processing.

This study presents some limitations. The reduction of tracer ac-
tivity was simulated truncating the original list mode data at fractions
of bed time, possibly introducing limited bias due to temporal and
spatial changes of radionuclide distribution. The range of considered
patient ages was rather wide and different types of tumors were con-
sidered. In the analysis of features robustness differences between
Hodgkin lymphomas and other tumors, a small sample of other tumors
was examined. The assessment of radiomics feature robustness in spe-
cific type of cancers and patient ages together with an increment of the
number of patients analyzed will be the focus of a future work.

5. Conclusions

In this study, highly robust PET radiomic features for activity re-
duction in PET/MRI pediatric examinations were determined for each
of the considered simulated injected activity level. These features could
be reliably employed for tumor metabolic characterization in low-dose
pediatric PET/MR examinations. A consistent fraction of features
showed reproducibility similar or better than simply SUV measure-
ments. About half of textural features resulted highly robust till half
count statistics reduction independently from the SUV discretization
method applied. A larger number of PET textural features were found to
be reproducible using FBS discretization approaches compared with
FBN especially at the lowest simulated activity levels in particular for
GLRLM group, while a less relevant impact on reproducibility was ob-
served varying bin size (FBS) and bin number (FBN).
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