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Abstract

Quantifying tumour heterogeneity from [18F]FDG-PET images promises benefits for treatment selection of cancer patients.

Here, the calculation of texture parameters mandates an initial discretization step (binning) to reduce the number of intensity
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levels. Typically, three types of discrimination methods are used: lesion relative resampling (LRR) with fixed bin number,
lesion absolute resampling (LAR) and absolute resampling (AR) with fixed bin widths. We investigated the effects of varying
bin widths or bin number using 27 commonly cited local and regional texture indices (TIs) applied on lung tumour volumes.
The data set were extracted from 58 lung cancer patients, with three different and robust tumour segmentation methods. In our
cohort, the variations of the mean value as the function of the bin widths were similar for Tls calculated with LAR and AR
quantification. The TI histograms calculated by LRR method showed distinct behaviour and its numerical values substantially
effected by the selected bin number. The correlations of the AR and LAR based Tls demonstrated no principal differences
between these methods. However, no correlation was found for the interrelationship between the Tls calculated by LRR and
LAR (or AR) discretization method. Visual classification of the texture was also performed for each lesion. This classification
analysis revealed that the parameters show statistically significant correlation with the visual score, if LAR or AR discretization
method is considered, in contrast to LRR. Moreover, all the resulted tendencies were similar regardless the segmentation

methods and the type of textural features involved in this work.

Keywords: texture analysis, radiomics, quantization, 18F-FDG-PET

1. Introduction quantification has focused on [18F]FDG-PET imaging and the

In-vivo tumour characterisation through non-invasive use of textural indices (TI) derived from the voxel-level

imaging and image-derived quantitative parameters promises Standardised uptake value (SUV) in tumour volumes-of-

a more accurate, personalized treatment planning in oncology ~ INterest (VOI) (Orlhac and Nioche 2017, Tixier et al. 2012,

(Gillies et al. 2016, Lambin et al. 2012, Aerts et al. 2014), Hattetal. 2017, Pykaetal. 2016, Bailly et al. 2016, Gillies et

Although quantifiable tumour properties such as size, shape |- 2016, Lasnon et al. 2016, Forgacs et al. 2016, Cook et al.

and location have demonstrated clinical importance 2015, Leijenaar et al. 2015, Orlhac et al. 2016, Buvat et al.

(Tschirhart et al. 2004, Mayr et al. 2006), there is a growing 2015, Yan et al. 2015, Tixier et al. 2011, Orlhac et al. 2018).

interest to also collect and analyse radiomics features ©On€ important family of Tls is the higher order texture

(intensity, shape, or texture) from a range of imaging methods. features (including, but not limited to co-occurrence, size zone

Positron emission tomography (PET) imaging, in particular, is and run length matrix based methods), which numerically

being used for tumour detection and delineation and for multi- Merge both the intensity values and spatial relation of the

parametric assessment of tumour characteristics (van voxels. For this purpose, the original image intensities are first

Baardwijk et al. 2008, El Naga et al. 2009, Chicklore et al. discretized to a reduced number of bins, and then grey-level

2013). Recent research into PET tumour heterogeneity Matrices are generated, for example the grey level co-
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occurrence matrix (GLCM), the grey level size zone matrix
(GLSZM), or the grey level run length matrix (GLRLM).
These matrixes serve as a basis for the calculations of higher
order statistics such as entropy, homogeneity, or short run
emphasis (Haralick et al. 1973, Galloway 1975).

Regardless of the specific Tl being used, discretization
converts the voxel values and is a mandatory pre-processing
step, with the aim of normalizing texture matrices sizes to a
manageable value. It also usually reduces noise. In general,
resampling converts a continuous variable (SUV values) into
a discrete variable, which takes values from a finite set (Anil
1989). Typically, in medical imaging if given a digital image
I where the intensity of a pixel | (i) € {0 ... N}, quantisation
is accomplished by assigning each pixel I (i) € {0 ... D},
where D < N. As a result, the quantisation process prior to
textural index calculation represents an irreversible scale
reduction in the medical images, thus inducing distortion.

Three distinct resampling method were recently
implemented and investigated, thereby presenting a challenge
in defining the diagnostic value of each feature. Tixier et al.
introduced a method to discretize the voxel-values into a fixed
number of discrete bins (Tixier et al. 2011). A second method,
introduced by Leijenaar et al., uses a constant SUV bin width
(e.g., 0.3), whereas Orlhac et al. has proposed to use a fixed
bin with, however discretizing the whole SUV scale, instead
of individually for each lesion, resulting in a standard

discretization level across the population (Orlhac et al. 2015).

XXXX-XXXX/ XX/ XXXXXX
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Figure 1 show the differences between the
quantisation processes by considering two different lesions
(labelled with two dashed intervals), lesion 1 and lesion 2,

with heterogeneous SUVmin and SUVmax values.
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Figure 1. Comparison of quantisation algorithms:
The lesion relative resampling method (LRR) normalises the
range of SUV values for each VOI to a fixed number of bins,
resulting in variable bin sizes across VOIs as well as a loss of
consistent SUV scaling. Lesion absolute resampling (LAR)
uses a fixed bin size for all VOIs, but assigns the first bin to
the SUVmin of the lesion, leading to a variable number of bins
as well as the loss of relative SUV values between lesions.
Absolute resampling (AR) uses a fixed SUV scale, bin size
and number of bins, meaning relative SUV values are

preserved across VOIs after quantisation.

In Figure 1, the LRR method assigns the SUVmin
and SUVmax of both lesions to the same range while
disregarding the SUV range of the original lesions. As a result,
the SUV range for each lesion is scaled differently, meaning
that the same bin number in lesion 1 and 2 will not correspond
to the same original SUV values. The LAR method does not
scale the SUV scales differently for the two lesions, but the
absolute values of the SUV scale are still not preserved since
the SUV value of the first bin is determined individually for

all lesions. In contrast, the AR method preserves the original
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SUV scale and range by applying a simple quantisation of
SUV values that maps the original values monotonically into
a fixed scale from SUV 0 to 20. It has been demonstrated
recently that different discretizations can have large impact on
the calculated textural features and their related repeatability,
and even on the correlative relationships between other
variables such as SUVmax, SUVpeak and volume (Desseroit
etal. 2017, van Velden et al. 2016, Shen et al. 2017). However,
the results were contradictory, and the publication of Shen et
al. does not even state clearly which quantization methods

were applied.

XXXX-XXXX/ XX/ XXXXXX
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In this work, we aimed to comprehensively express the
effect of different discretization methods on texture evaluation
using the same patient data set, focusing on several local
(GLCM) and regional (GLSZM, GLRLM) based parameters.
We present the variation in numerical values of textural
indices introduced by different quantization and tissue
segmentation processes, the cross-correlation of TIs
calculated by these three methods, and the level of agreement

between the numerical values and visual ranking.
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2. Materials and Methods

2.1 Ethical Statement

The Regional and Institutional Ethics Committee, Clinical
Center at the University Of Debrecen, Hungary approved this
clinical study, which was then carried out in accordance with
the relevant guidelines and regulations. As our study involves
retrospective analysis of that data, informed consent was not

required.

2.2 Patients and image acquisition

PET data of 58 patients (35 males, 23 females) with confirmed
lung lesions were analysed retrospectively. Patients fasted for
at least 6 hours before administration of [18F]FDG 325+73
MBg. Blood glucose levels were under 12 mmol/l. PET/CT
images from all patients were acquired on the Philips Gemini
TF 64 PET/CT system with emission scans beginning 60
minutes after radiotracer injection. Acquisition duration was
60-150 seconds per bed position, depending on the patient’s
weight. Image reconstructions were performed using the
default Blob-OS-TF 3D ordered subset iterative TOF

technique in 144 x 144 matrices with voxel size 4 x 4 x 4 mm3.

2.3 Quantisation Methods

Lesion relative resampling (LRR) as introduced by Tixier at

al. (2012) were calculated according to:

AUTHOR SUBMITTED MANUSCRIPT - PMB-108144.R2

Igg (D) =
1 SUV(i) = SUVmin
[ U0V i |
SUVmax—-SUvVmin otherwise

1)

where I rr(i) is the resampled i-th voxel of a lesion, D
represents the predetermined number of bins (typical integer
power of 2), I rr (i) is a positive integer between 1 and D (Irr
() e{1...D}), and SUVmin and SUVmax are the minimum
and maximum SUV values of the lesion. The square brackets
designate the ceiling mathematical operation. We refer to this
resampling method as lesion relative resampling, or LRR,
since the SUV values for a given tumour are binned relative to
the SUV values of each individual tumour. Five discrete bin
numbers (16, 32, 64, 128 and 256) were selected for the LRR

method.

Lesion absolute resampling (LAR) method, described by

Leijenaar et al. is described as

ILAR(L') _ [SU;(i)] _ [SUVBmin] +1 (2)

where B represents the fixed bin width.

The absolute resampling (AR) method is defined in (Orlhac et

al. 2015) as

Iygr(iy = round [2% xSUV(i)] 3)
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where C represents a fixed bin number, typically 64 or 128.
Because AR quantisation does not rely on lesion-specific
SUVmin or SUVmax, the quantized SUV values retain their
relationship to the original SUV scale and their proportionality

for inter-subject comparisons, unlike the LRR method.

2.4 Tumour delineation

Lung lesion dataset was generated consisting of 63 lesions,
which were segmented with three different methods. In a
recent comprehensive review (Hatt, Lee et al, 2017) a large
number of automatic methods were evaluated for PET studies.
Based on this work we selected three inherently different, yet
simple delineation approaches. In a first case, the tumours
were manually delineated by an expert nuclear medicine
physician defining free hand VOIs, without considering the
anatomical information from the CT images. The necrotic
areas within the tumour were not excluded in this study. The
two additional methods were threshold based selecting the
voxels in a larger predefined volume with the following
criteria: i.) > 2.5 SUV value; ii.) > 40% of the maximal SUV
value. We will refer these two threshold based methods as
SUV_2.5and 40%_SUVmax. Lesions below 10-25 mL were
usually not considered, since heterogeneity measures of such
small lesions have been shown to be unreliable (Brooks and
Grigsby 2014, Hatt at al. 2015, Forgacs et al. 2016). However,
the state-of-the-art recommendation is to include all lesions
(Hatt, Tixier et al. 2017), therefore in this study we did not

exclude lesions based on volume sizes.

2.5 Texture feature extraction

All feature calculations were performed in Matlab utilizing
custom implementation of GLCM (Matlab script 1.), GLSZM
(Matlab script 2.) and GLRLM (Matlab script 3.) algorithms.
The heterogeneity parameters were computed by aggregating
the different underlying directional matrices in the following
way: 5 GLCM features were computed from a single matrix
after merging all 3D directional matrices; 11 GLSZM features
were computed from a 3D matrix; 11 GLRLM features were
computed from each 2D directional matrix and averaged over
2D directions and slices. All the 27 features were defined
according to the image biomarkers standardization initiative
(IBSI) documentation (Zwanenburg et al. 2019). The full list

can be found in the supplemental material (Table 1).

2.6 Influence of discretization parameters

Five textural indices of segmented lesions were calculated and
plotted with three discretization methods, as a function of the
parameters set (bin width, or bin number according to the
method). While for the LRR method the number of bins
(parameter D in Eq.1.) were varied as 16, 32, 64, 128, 256, in
case the LAR the width of the bins was increased (parameter
BinEg.2.)asthe B € {0.05... 1} in steps of 0.05. In case of
the AR method, the number of bins denoted as C in Eq. 3 were
varied (in the range from 20 to 400) in order to use the same

bin widths as investigated with LAR method.

Page 6 of 20
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2.7 Correlation plots

Pairwise scatter plots of the numerical value of each lesion
according to different discretization methods are presented

(LRR 64 bin, LAR bin width 0.3, AR bin width 0.3

2.8 Visual assessment and parameter values

Visual classification of the texture was performed for each
lesion by three experienced nuclear medicine physicians.
There were no any exclusion criteria defined for the lesions
(for instance excluding necrotic centre). An in-house Matlab
software displayed the lesions one at a time in random order.
The lesions were ranked from 1 to 5, reflecting the level of
heterogeneity between absolute homogeneous (number 1) and
highly heterogeneous (number 5). Prior to the scoring, a
separate set of lesions was displayed to train the observers.
The observers assigned visual scores for each lesion
independently. Inter-rater reliability was assessed using two-
way mixed, agreement, average measures intra-class
correlation (ICC) to evaluate the degree that coders provided
consistency in their ratings of heterogeneity across lesions
(Hallgren et al. 2012). Finally, all the lesions received a visual
score as the average of the three independent scores. Using
IBM SPSS Statistics 22, Spearman correlation was calculated
between visual scores and heterogeneity parameters derived

from LRR (64 bin), LAR (bin width 0.3), AR (bin width 0.3)

methods.

3. Results

Figure 2 shows how the discretization method and its
parameter set affect the numerical value of investigated
textural indices at cohort level after manually delineating all
lesions and in case of the GLCM based five features. Each of
the individual boxes represent the value of a given textural
parameter extracted from the lesion dataset. The subplots are
organized in three columns denoting the three investigated
discretization methods, and the box-and-whisker subplot

describes the distribution of the parameter values.
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Figure 2. The distribution of GLCM based five features of the manually delineated lesions. The box-plots in the left and center

column are related to the LAR and AR quantification methods (bin width from 0.05 to 1 SUV). The right column denoted for

LRR method, applying 16,
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The values of investigated textural parameters show two

distinct trends: LAR and AR show similarly a monotonic
trend with the applied bin width, but in case of the LRR
method, the histogram of textural indices shows a shift on
the x-axis according to the bin width. All the five GLCM
texture parameters change dramatically in value (>100%) as
the SUV bin width increased from 0.05 to 1 (LAR and AR
method), or as the number of bins decreases (LRR method),
except the Correlation which show high stability. Analysing
the same manually delineated data set, the very same
tendencies were found for the 11 GLSZM and the 11
GLRLM based features (supplemental material Fig. 3a and
Fig. 4a), that is all the 22 texture features variate in high
degree when the SUV bin width changes from 0.05 to 1
(LAR and AR), or as the number of bins alters (LRR
method).

For a given lesion the bin width and the number of bins can
be converted. Simplistically we can state that the
application of LRR method on a group of data will result a
lesion-dependent bin width. Since each of the lesions has
different SUVmin and SUVmax voxel values, the usage of
a fixed number of bins will result in a variation in bin width
from lesion to lesion relative to the range of SUV values.
Figure 3. displays how the bin width is distributed on the
whole population of manually delineated lesions when

applying a fixed number of bins.

Forgdcs et al.

Number of cases

102 107! 10° 10'

Bin width
Figure 3. Bin width (B value) histograms in the case of the
LRR quantization, for the dataset of manually delineated

lesions.

Based on the data of Figure 2, pair-wise correlation scatter
plots between the parameters calculated by three different

quantization method are displayed in Figure 4.
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LAR Contrast

LAR Homogeneity LAR Energy LAR Correlation

LAR Entropy

Figure 4. Pairwise scatter plots of the five calculated GLCM based texture parameters among the three different quantization
methods including all manually segmented lesion VVOIs. During these calculations the B was set to 0.1 for the AR and LAR

method, and for the LRR quantization the bin number was 128.
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Figure 4. clarifies that the LAR and AR methods result in
highly correlated values, while the LRR method provide
independent values. Considering the additional 22 regional
GLSZM and GLRLM features, all related correlation plots
show very similar tendency, the LAR and AR values
correlate well, while the interrelationships between LRR-
AR or LRR-LAR data are generally week in all plots
(supplemental material Fig. 5 and Fig. 6). Interestingly, the
Correlation parameter shows high similarity in the values
calculated with the help of three different discretization

methods.

We also investigated how the lesion segmentation method
affects the results presented above. The resulted delineated
volume distributions are presented in a box plot form in

Figure 5.

350 -;-
300
250 _
200

150

Segmented volume [ ml]

100 [

L
Segmentation: manual Segmentation: SUV > 40% SUVmax  Segmentation: SUV > 2.5

Figure 5. Box plot of the segmented volumes in different

cases of delineation methods.

Considering all the segmented lesions the smallest and the

largest volume was 0.77 mL and 347.0 mL, respectively.

11

Forgdcs et al.

While several small lesions (< 20 mL) were generated
during the segmentation process, in this study we did not
exclude lesions based on volume sizes. To present the effect
of the different delineation methods (manual, SUV_2.5 and
40% SUVmax) we recalculated the heterogeneity
distribution plots presented in Figure 2, supplementary
Fig.3a and supplementary Fig.4a. The computed
heterogeneity distribution plots for the SUV_2.5 and
40%_SUVmax segmentation methods are displayed in the
supplemental material Fig 2b, Fig3b, Fig 4b and Fig 2c,
Fig3c, Fig. 4c. All plots in Fig.2, Fig.3 and Fig.4 are related
to the GLCM, GLRLM and GLSZM based features,
respectively. In general, it can be observed that all feature
distributions are very similar regardless of the delineation

method.

Table 1 summarizes the results of a correlation analysis
between visual score of heterogeneity and the GLCM based
calculated values according to the discretization methods.
The Correlation parameter does not show any correlation
with the visual scores, regardless of the resampling method.
The Contrast, Energy, Entropy and Homogeneity values
show significant correlation with visual score if the LAR or
AR method is applied. There was no correlation at all when
the LRR method was applied. Similar results are achieved

by analysing the same correlations in the case of the
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GLSZM and GLRLM based features (see the Table 2 in the
supplementary material). The calculated ICC shows good

satisfactory level, 1CC=0.871 (95% confidence interval,

Forgacs et al.

e120f20

0.804-0.918) indicating that readers had a high level of

agreement and suggesting that heterogeneity was rated

similarly across coders ( Koo TK et al. 2016).

Correlation Contrast Energy Entropy Homogeneity
LRR |LAR |AR LRR |LAR |AR LRR LAR AR LRR [LAR |AR LRR LAR AR
Correlation
116 146 |.154  |.004 [.251" |.259" |.055 -3617 |-361™ |.096 |.366™ |.3717 |.062 -316" |-.305"
Coefficient
L
§, Sig. (2-tailed) |.366 255 |.227  |.0974 |.047 .040 .667 .004 .004 452 |.003 |.003 [.627 .012 .015
N 63 63 63 63 63 63 63 63 63 63 63 63 63 63 63

*Correlation is significant at the 0.05 level (2 tailed)

**Correlation is significant at the 0.01 level (2 tailed)

Table 1. Statistical results of Spearman correlation analysis between the visual score and texture indices

12



o
()
Q
[0}
—_
w
o

oNOYTULT D WN =

Journal XX (XXXX) XXXXXX

3. Discussion

In this study we focused on the role of three different
discretization methods on the numerical value of GLCM,
GLSZM and GLRLM based radiomics features in [18F]
FDG images on the very same data set. We showed that a
given texture feature can vary over a very wide range (a
feature can change more than 100%) when changing the
actual SUV bin width or number of bin values during the
discretization step. Moreover, all the resulted tendencies
were similar regardless the segmentation methods and the
type of textural features involved in this work. The
investigated discretization methods were: lesion relative
resampling (LRR) introduced in 2011 by Tixier et al., lesion
absolute resampling (LAR) introduced by Leijenaar et al. in
2015, and the absolute resampling method (AR) introduced
in 2015 by Orlhac et al. These discretization methods
transform the original voxel values according to a given
number of bins (LRR), or according to a given bin width
(LAR and AR). The comparative evaluation was performed
on the same cohort, consisting of 63 delineated lung lesions
in 58 clinical patients. For completeness, three different
tumour segmentation approaches were involves, manual
and 2 different threshold basis methods (SUV=2.5 and 40%
of the SUVmax). Figure 2, supplementary Fig.3a and Fig.4a
demonstrates the response of textural indices of manual
segmented lesions as a function of bin width or number of
bins for 27 frequently used GLCM, GLSZM and GLRLM
based heterogeneity parameters. Each of the investigated

parameters shows monotonic trend in the numerical value.
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Considering the range of each parameter, the actual
numerical values (Y axis on each subplots) reflect more
homogeneous or more heterogeneous patterns depending on
the bin number or bin with (X axis). Interestingly, ata given
bin width or given number of bins, the values of the lesions
are distributed in a relatively narrow range. It is a striking
fact, since in the lesion cohort (n=63) we can expect that
some of the lesions represent highly homogeneous and
some of show highly heterogeneous distributions. In
contrast with this expectation, we found no parameter value
(bin with or bin number), which resulted in these two
extremes appearing in the box-plots. In addition, all the 27
texture parameters change dramatically in value (>100%) as
the SUV bin width increased from 0.05 to 1 (LAR and AR
method), or as the number of bins decreases (LRR method).
It seems that the calculated values for given texture feature
can be obtained in a wide range, selecting an appropriate
SUV bin width or number of bin value. We found that this
tendency did not alter, if the lesion delineation method is
conceptually different. In principle, the delineation method
essentially influences the volume and the texture of a lesion.
Thus, to examine the relevance of the results in the aspect
of delineation method, we extended the analysis with fixed-
thresholding (2.5 SUV), and 40% of the SUVmax
delineation methods (supplementary Fig.2, Fig.3 and

Fig.4).

In case of the LRR method being applied, the actual bin
width varies with the lesions according to the minima and

maxima of each lesion. Figure 3 presents the distribution of
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the bin widths seen in our cohort when using LRR for
different numbers of bins. The pair-wise cross correlation
scatter plots demonstrate differences between AR and LAR
methods that are small but significant in the case of LRR
quantification (Figure 4, supplementary Fig. 5 and Fig .6).
This suggests that the results and previously published
findings are more interchangeable between the AR and
LAR methods. However, results based on LRR calculations
are not transferable to studies, which use the LAR or AR
method. The correlation study between visual score and the
numerical values of the parameters confirm the previous
results (Table 1. and Supplementary Table 2.). There are
significant correlations if the AR or LAR method is applied,
but no significant correlation is found if the discretization
were done according to the LRR method. This outcome
however does not indicate the goodness of one quantization
method against the others, rather present the fact of the
distinct behaviour. Beyond the visual judgement, the
quantitative analysis of the texture has the potential to hold
visually latent substance (Hatt, Tixier et al. 2017). Even so,
in the aspects of the human thinking, the parameters
showing correlation with visual expectations maybe more
desired. The calculated 0.871 value of ICC indicate that a
low amount of measurement error was introduced by the
independent readers, and thus the statistical power is not

substantially reduced.

The correlation parameter has a distinct nature in
comparison with the other examined parameters. It is not

sensitive to the bin number (Figure 2, supplemental material
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Fig. 3a and Fig. 4a) and it has no tendency as a function of
bin width. It shows similar values independently from the
discretization method (Figure 4, supplemental material Fig.
5 and Fig. 6), and moreover, it does not show any
correlation with the visual score (Table 1., supplemental
material Table 2.). The robustness of Correlation as a
GLCM-based heterogeneity parameter was previously
suggested by (Leijenaar et al. 2015). However, while it

seems to be robust, it may on the other hand obscure an

elementary error.

It has been demonstrated that LRR and LAR discretizations
can have a large impact on the calculated textural features
and their related repeatability (Desseroit et al. 2017, van
Velden et al. 2016). Desseroit et al. found the LRR method
superior in terms of the reliability at [18F]FDG PET studies,
but the results of van Velden et al. showed better reliability
in case of the LAR quantization. Recently, a study
investigating the differences between the LRR and LAR
methods based on ROC analysis and including 33 TIs,
showed that more Tls will have better performance if the
discretization method uses a fixed bin number (LRR) than
a fixed bin size (Shen et al. 2017). Interestingly, the areas
of the ROC curves were generally greater if they selected
the least number of bins, 4, from the range of {4, 8, 16, 32,
48, 64, 80, 96, 112, or 128}. This is a strange result because
dividing the original SUV scale to four bins only, the image
information  content  will  dramatically  degrade.

Unfortunately, this publication does not state clearly

whether the LAR or AR method was applied. In addition,
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Luciaetal. (2017) also showed that the predictive capability
of a feature could depend greatly on the applied

discretization method.

Image intensity quantisation is applied far beyond image
texture analysis. From an information theory point of view,
substantial quantisation can cause the loss of the
information content. Conversely, finer quantisation is
expected to improve the accuracy and separability of pixel
values. In [18F]FDG-PET image processing, quantisation
methods have also been implemented as morphological
operators (Lucht et al. 1996) and non-uniform quantisation
(root-squared) has also been studied (EI Naga et al. 2009).
However, uniform quantisation is the de facto standard. The
effects of the number of grey levels (Gémez et al. 2012), the
impact of image reconstruction (Yan et al. 2015), the error
of reproducibility (Tixier et al. 2012) and the effects of
tumour volume (Brooks et al. 2014) have all been
examined, but the search for an optimised quantisation
method itself has yet to be fully addressed. Some examples
of different types quantisation algorithms are equal
probability (Haralick et al. 1973) or Gaussian weighted
(Jobanputra and Clausi 2004), but an optimised quantisation
method should be developed, which is specific to the scale
of [18F]FDG SUV values. The SUV scale is an absolute
scale in the PET field, and it is desirable to conserve this
metabolic information for heterogeneity analysis. In
principle, the smaller SUV bin widths should result in a

lower quantisation error. However, the information content

of the SUV value of a given voxel is affected not only by
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noise, but also by biological variations. SUV values might
be reported to 5 or 6 decimal places, creating a false
impression of high precision (Adams et al. 2010, Nahmias

and Wahl 2008).

There are two main limitations of the current study. First,
we investigated only the three most frequently applied
discretization methods used for PET evaluations, therefore
other approaches such as histogram equalization or Lloyd-
max method could be involved, since these approaches have
recently appeared in the literature (\Valliéres et al. 2015 and
2017, Lucia et al. 2018 and 2019). Secondly, to highlight
the impact of discretization method on the numerical value
of textural features we focused only on the group of GLCM,
GLSZM and GLRLM based Tls without considering other
features that have already been published. Finally, all
images were delineated either by a single expert or using
fixed thresholds methods segmentation before features
calculation. The use of a semi-automatic application could

reduce the inaccuracy of volumes segmentation.

3. Conclusion

In summary, we have highlighted the differences between
three common quantisation methods on the stability of
GLCM, GLSZM and GLRLM based tumour heterogeneity
parameters in FDG-PET, in case of three different tumour
delineation methods. We also showed that the calculated
values of a given texture feature can vary over a wide range,
selecting an appropriate SUV bin width or number of bin

value in the discretization step. In order to preserve the
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benefit of SUV for intra- and intersubject comparisons of
tumour heterogeneity using [18F]FDG-PET, and to ensure
the reliability of radiomics studies, future work should focus
not only on the standardisation of all parameters involved
in the eventual calculation (Image biomarker
standardisation initiative, IBSI ), but also on the
harmonization of the discretization process as a latent step

in the calculation of textural indices.
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