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Abstract

Texture-based radiomic models constructed from medical images have the
potential to support cancer treatment management via personalized assessment
of tumour aggressiveness. While the identification of stable texture features
under varying imaging settings is crucial for the translation of radiomics
analysis into routine clinical practice, we hypothesize in this work that a
complementary optimization of image acquisition parameters prior to texture
feature extraction could enhance the predictive performance of texture-based
radiomic models. As a proof of concept, we evaluated the possibility of
enhancing a model constructed for the early prediction of lung metastases in
soft-tissue sarcomas by optimizing PET and MR image acquisition protocols
via computerized simulations of image acquisitions with varying parameters.
Simulated PET images from 30 STS patients were acquired by varying the
extent of axial data combined per slice (‘span’). Simulated T1-weighted and
T2-weighted MR images were acquired by varying the repetition time and
echo time in a spin-echo pulse sequence, respectively. We analyzed the impact
of the variations of PET and MR image acquisition parameters on individual
textures, and we investigated how these variations could enhance the global
4
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response and the predictive properties of a texture-based model. Our results
suggest that it is feasible to identify an optimal set of image acquisition
parameters to improve prediction performance. The model constructed with
textures extracted from simulated images acquired with a standard clinical set
of acquisition parameters reached an average AUC of 0.84 ± 0.01 in bootstrap
testing experiments. In comparison, the model performance significantly
increased using an optimal set of image acquisition parameters ( p = 0.04 ),
with an average AUC of 0.89 ± 0.01. Ultimately, specific acquisition protocols
optimized to generate superior radiomics measurements for a given clinical
problem could be developed and standardized via dedicated computer
simulations and thereafter validated using clinical scanners.
Keywords: tumour outcome prediction, radiomics, textures, PET
simulations, MRI simulations
S Supplementary material for this article is available online
(Some figures may appear in colour only in the online journal)
1. Introduction
Medical imaging is foreseen to play a central role in the near future to better assess tumour
aggressiveness in the context of cancer treatment management, as radiological images are routinely acquired for almost every patient with cancer (El Naqa et al 2015). Medical image acquisitions such as 2-deoxy-2-[18F]fluoro-D-glucose (FDG) positron emission tomography (PET),
computed tomography (CT) or magnetic resonance imaging (MRI) are minimally invasive and
they would carry an immense source of data that could serve as useful complementary tools
to histopathological information for decoding tumour phenotypes (Gillies et al 2016). The
demonstration that gene-expression signatures could be inferred from tumour imaging features
(Segal et al 2007, Diehn et al 2008) has led to an exponential growth of the new emerging field
of ‘radiomics’ in the past few years (El Naqa et al 2009, Gillies et al 2010, Kumar et al 2012,
Lambin et al 2012). The fundamental hypothesis of radiomics is that the microscopic genomic
heterogeneity of aggressive tumours would translate into macroscopic heterogeneous tumour
metabolism and anatomy. In essence, radiomics thus refers to the extraction of high-dimensional mineable data (morphological and histogram-based features, textures, etc) from all types
of medical images, whose subsequent analysis aims at supporting clinical decision-making. In
particular, textural metrics such as gray-level co-occurrence matrix (GLCM) features (Haralick
et al 1973), gray-level run-length matrix (GLRLM) features (Galloway 1975, Chu et al 1990,
Dasarathy and Holder 1991), gray-level size zone (GLSZM) features (Thibault et al 2009) and
neighborhood gray-tone difference matrix (NGTDM) features (Amadasun and King 1989),
could extensively characterize the complexity of imaging intensities within tumours. Tumours
exhibiting heterogeneous characteristics are thought to be associated with higher risks of resist
ance to treatment, progression, metastasis or recurrence (Fidler 1990, Yokota 2000, Campbell
et al 2010), and these textural metrics are thus considered to have great potential for the assessment of tumour aggressiveness via the quantification of intratumoural heterogeneity. In the
era of personalized medicine, the translation of radiomics analysis into standard cancer care
involves the development of multivariable prediction models that can assess the risk of specific tumour outcomes (Lambin et al 2013). Once useful imaging biomarkers are identified
to be relevant prognostic factors of a given tumour outcome, models combining these factors
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may be constructed to improve outcome prediction performance, as multivariable models are
expected to more comprehensively characterize intratumoural heterogeneity than single features. Overall, radiomics or texture-based models could soon complement other prognostic
models currently used in routine clinical practice only if they are trusted to be highly robust,
reproducible, generalizable and yet also highly predictive.
The workflow of radiomics analysis leading to the extraction of clinically relevant information involves many steps such as medical imaging acquisition, image processing, tumour
segmentation, feature extraction, statistical analysis, and development and validation of multivariable models for tumour outcome prediction via statistical or machine learning techniques.
The complexity of such workflow opens the door to many interesting development possibilities
in the field, but it can also considerably affect the reproducibility potential of different radiomics studies and the possible use of radiomics in routine clinical settings (Yip and Aerts 2016,
Hatt et al 2017). Many studies have investigated how procedural variations in single of multiple steps of this workflow may impact textural measurements for different imaging modalities
(PET, CT, MRI). For example, Bogowicz et al (2016) and Molina et al (2016) studied the
impact of variations in voxel size and image quantization on texture features extracted from
patient images. Hatt et al (2013), Leijenaar et al (2013), Parmar et al (2014) and van Velden
et al (2016) studied the impact of contouring variations on texture features extracted from
patient images, and Hatt et al (2013) also studied the impact of partial volume effect (PVE)
corrections in PET. Orlhac et al (2014) performed a comprehensive analysis of the relationships of texture measurements with commonly extracted metrics in PET and of the robustness
of textures with different quantization schemes and contouring variations using patient images
of three different cancer types. Tixier et al (2012), Leijenaar et al (2013), Zhao et al (2016)
and van Velden et al (2016) performed test-retest scans (i.e., two scans of the same patient
repeated after a short period of time) on patient images to study the reproducibility of textural
measurements. Galavis et al (2010), Nyflot et al (2015), Yan et al (2015), Zhao et al (2016)
and Van Velden et al (2016) studied the impact of variations in different image reconstruction parameters on texture features extracted from patient images. Mayerhoefer et al (2009),
Waugh et al (2011), Zhao et al (2014) and Mackin et al (2015) performed phantom studies
to explore the variability of textures under different scanning conditions. The greater flexibility in image acquisition settings by using phantoms instead of real patient scans allowed
(Mackin et al 2015) to further evaluate variations in textures from images acquired on different CT scanners (inter-scanner dependence), whereas Mayerhoefer et al (2009) and Waugh
et al (2011) were able to investigate the influence of different MR image acquisition protocols
(e.g., echo time, repetition time, etc) on textures. Galavis et al (2010) were also able to investigate the influence of different PET image acquisition protocols (2D versus 3D acquisitions)
using a group of patients with solid tumours. Last but not least, Nyflot et al (2015) performed
an interesting Monte-Carlo simulation analysis using the NEMA image quality phantom to
study (among other parameters) the impact of stochastic effects on textural features in PET.
While all the studies enumerated above are informative in terms of how textural measurements vary in different settings, the inherent disadvantage of test-retest scans, for instance, is
that the reproducibility effect could be confounded with setup errors and/or organ deformations. Phantom studies allow for much greater flexibility in understanding scanning conditions
and for negligible positioning differences, but the drawback is that tumour phantoms may not
realistically reflect the intratumoural heterogeneity observed in patients. On the other hand,
computerized simulations of medical image acquisitions using realistic tumour models would
offer a fully controlled environment to study the effects of different acquisition parameters on
textural measurements of intratumoural heterogeneity, but the resulting simulated images are
only an estimated representation of images acquired using clinical scanners.
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Overall, most reproducibility studies in the literature report the high impact of voxel size on
textural measurements. However, the common denominator of all those studies is their main
working objective: they aim at identifying the texture features that could be stable and that are
presumably able to conserve predictive properties under varying imaging conditions. While
the identification of stable features is valuable to build robust and reproducible texture-based
predictive models, it is also important to identify the settings that would yield optimal use of
texture features for a given clinical problem, an exercise which is currently under-reported in
the literature. In our previous study, we hypothesized and thereafter verified that the optim
ization of voxel size and image quantization parameters could enhance the predictive properties of the resulting texture-based models (Vallières et al 2015). In this work, we hypothesize
that the optimization of image acquisition parameters prior to texture feature extraction could
not only assess robustness of texture features, but it could also enhance the performance of
multivariable prediction models. As a proof of concept, we evaluate the possibility of enhancing a combined PET and MRI texture-based model constructed for the early prediction of
lung metastases in soft-tissue sarcomas (STSs) by optimizing PET and MR image acquisition
protocols via computerized simulations of clinical image acquisitions with varying param
eters. Realistic digital tumour models are first constructed from clinical images for both PET
and MRI simulations with the intent of conserving intratumoural heterogeneity in simulated
images. Simulated PET images are then acquired by varying the extent of axial data combined
per slice when central detectors are allowed to be in coincidence with detectors in neighboring rings (figure 1(a)), an effect denoted as ‘span’ and that has for consequence to increase
slice sensitivity at the expense of a loss of resolution. Simulated T1-weighted and T2-weighted
MR images are acquired using a spin-echo sequence with standard clinical parameters as
typically used at our institution. The repetition time (TR) and the echo time (TE) are then
varied in the acquisition of T1-weighted and T2-weighted images (figure 1(b)), respectively, a
procedure that would change the contrast in the resulting images. We then analyze the impact
of the variations of these PET and MR image acquisition parameters on single textures, and
we also investigate how these variations could enhance the global response and the predictive
properties of the texture-based model. Our results suggest that different sets of PET and MR
image acquisition parameters can substantially affect the resulting extracted textures, and that
it could be possible to identify an optimal set of acquisition parameters yielding best prediction performance for a texture-based model. To our knowledge, this is the first study that
explores the potential of varying image acquisition parameters to optimize the performance
of texture features and enhance texture-based prediction models. Overall, the simulation of
medical imaging acquisitions using realistic digital tumour models would provide a useful
and effective framework to study how texture measurements may vary in different acquisition
settings and how they could be optimized for a particular application.
2. Materials and methods
2.1. Imaging dataset

An imaging dataset with histologically proven STSs of the extremities was downloaded
from The Cancer Imaging Archive (TCIA) (Clark et al 2013): http://doi.org/10.7937/K9/
TCIA.2015.7GO2GSKS. This 51 patients dataset has been described in details in our previous work (Vallières et al 2015). Briefly, all patients received: (I) pre-treatment FDG-PET/CT
scans; and (II) pre-treatment MRI scans consisting of T1-weighted clinical sequences (hereby
denoted as ‘T1’), and either T2-weighted fat-saturated clinical sequences (hereby denoted as
8539
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Figure 1. Imaging acquisition parameters varied in this study. (a) Simulated PET images

are acquired by varying the extent of axial data combined per slice when detectors are
allowed to be in ‘direct’ or ‘cross’ coincidence with detectors in neighboring rings, an
effect denoted as ‘span’. For example, a span of 3 has the effect to combine 1 plane
of direct coincidences and 2 planes of cross coincidences, whereas a span of 7 has the
effect to combine 3 planes of direct coincidences and 4 planes of cross coincidences.
Spans of 3, 5, 7, 9, 11, 13, 15 and 17 are tested in this study. This image is adapted from
Fahey (2002). (b) Simulated T1-weighted and T2-weighted MR images are acquired
using a spin-echo sequence with standard clinical parameters (schematic view of the 90°
excitation pulse, the 180° refocusing pulse and the signal echo used for data acquisition
shown here), by varying the repetition time (TR) of the T1-weighted sequence and the
echo time (TE) of the T2-weighted sequence. Repetition and echo times of 13, 12, 1, 2 and
3 times the values used in the original clinical sequences of each corresponding patient
are tested in this study.

‘T2FS’) or short tau inversion recovery (STIR) sequences. In this study, only the subset of 30
patients for whom both the T1 and T2FS MRI sequences were acquired were retained.
From the 30 STS patients used in this study, 11 patients developed lung metastases (hereby
denoted as ‘Lung Mets’ patients) during the follow-up period (median: 25 months, range:
4–70 months). Patients that did not develop lung metastases (hereby denoted as ‘No Lung
Mets’ patients) and that had a follow-up period smaller than 12 months were excluded from
the study, as well as patients with metastatic and/or recurrent STS at presentation. Lung
metastases were either proven by biopsy or diagnosed by an expert physician from the appearance of typical pulmonary lesions on CT and/or FDG-PET images. Table 1 provides summary
characteristics of the patient cohort.
All FDG-PET/CT scans were performed on a PET/CT scanner (Discovery ST, GE
Healthcare, Waukesha, WI) at the McGill University Health Centre (MUHC). For the PET
portion of the scans, a median of 420 MBq (range: 210–620 MBq) of FDG was injected
intravenously. Approximately 60 min following the injection, whole-body imaging acquisition
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Table 1. Characteristics of STS patient cohort.

Characteristic

Type

No. of patients
(%), n = 30

Sex

Male
Female
Range
Mean  ±  STD
Liposarcoma
Malignant fibrous histiocytoma
Leiomyosarcoma
Synovial sarcoma
Fibrosarcoma
Extraskeletal bone sarcoma
Other
Lower
Upper
High
Intermediate
Low
Ungraded
Distant—Lungs
Distant—Other than Lungs
Locoregional
None
Radiotherapy  +  Surgery
Surgery  +  Chemotherapy
Radiotherapy  +  Surgery  +  Chemotherapy

13 (43)
17 (57)
24–83
58  ±  15
8 (27)
8 (27)
7 (23)
2 (7)
1 (3)
3 (10)
1 (3)
28 (93)
2 (7)
17 (57)
8 (27)
3 (10)
2 (7)
11 (37)
4 (13)
3 (10)
13 (43)
18 (60)
4 (13)
8 (27)

Age (y)
Histology

Extremity site
Grade

Recurrence/Spread

Treatment

was performed using multiple bed positions, with a median of 180 s (range: 160–300 s) per
bed position. PET attenuation corrected images were reconstructed (axial plane) using an
ordered subset expectation maximization (OSEM) iterative algorithm. The FDG-PET slice
thickness resolution was 3.27 mm for all patients and the median in-plane resolution was
5.47  ×  5.47 mm2 (range: 3.91–5.47 mm).
The MRI scans resulted from clinical acquisitions with non-uniform protocols across
patients. Twelve patients had their images acquired at the MUHC, and 18 in outside institutions. All images were acquired on a scanner with a 1.5 Tesla (T) magnet. Overall, the median
in-plane resolution was 0.74  ×  0.74 mm2 and 0.63  ×  0.63 mm2 (range: 0.23–1.64 mm and
0.23–1.64 mm pixel width), and the median slice thickness was 5.5 mm and 5.0 mm (range:
3.0–10.0 mm and 3.0–8.0 mm) for T1 and T2FS scans, respectively. T1 sequences were
acquired in the axial plane for all patients. T2FS sequences were acquired in the axial plane
for 25 patients, and in the sagittal plane for 5 patients.
Contours defining the 3D tumour region for each patient were manually drawn slice-by-slice
on T2FS scans by an expert radiation oncologist. Contours were propagated to FDG-PET and
T1 scans using rigid registration with the software MIM® (MIM software Inc., Cleveland, OH).
2.2. Construction of a radiomic prediction model

The process of constructing a radiomic model for the prediction of lung metastases in STSs
from the set of PET and MR images of the 30 patients of this cohort closely follows the work
of Vallières et al (2015) and is depicted in figure 2(a). First, radiomic features were extracted
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from the tumour region of PET, T1 and T2FS images. These features can be divided into
three different groups: (I) 10 first-order statistics features (intensity); (II) 5 morphological
features (shape); and (III) 40 texture features each computed using 40 different combinations
of extraction parameters. The 40 texture features were extracted for each scan using all 40
possible combinations of 5 isotropic voxel sizes (‘scale’), 2 quantization algorithms (‘algo’)
and 4 number of gray-levels (‘Ng’). Then, feature set reduction was performed from the total
set of radiomic features in order to create a reduced feature set balanced between predictive
power and non-redundancy. From the reduced feature set, stepwise forward feature selection
was carried out to automatically select combinations of 1 to 10 features (i.e., model orders of
1 to 10). The process of combining p radiomic features was achieved using the logistic regression utilities of the software DREES (El Naqa et al 2006), without feature normalization. This
software implements a non-regularized and iterative weighted least-square algorithm to solve
for regression coefficients. The multivariable model investigated in this work then takes the
following form:
p

g(xi ) = β0 +
βj xij , for i = 1, 2, . . . , N.
(1)
j=1

In equation (1), xi = {xij ∈ R : j = 1, 2, . . . , p} is the the vector of input variables j (imaging
data) of the ith patient, and β = {βj ∈ R : j = 0, 1, . . . , p} is the set of regression coefficients
of the model to be determined such that the conditional probability of the set of outcome states
{0,1} given the input data xi is maximized for i = 1, 2, . . . , N . The model response g(xi ) can
be transformed into the posterior probability π(xi ) of observing outcome yi = 1 (i.e., developing lung metastases) given the input xi by using the following logit transform:
exp [g(xi )]
π(x
.
(2)
i ) = P (yi = 1|xi ) =
1 + exp [g(xi )]

Then, prediction performance was estimated for the 10 combinations of features using the
0.632  +  bootstrap AUC metric (Efron and Tibshirani 1997, Sahiner et al 2008) with 1000
bootstrap samples (figure 2(b)). By inspecting the AUC0.632+ prediction estimates, the simplest model with best predictive properties was chosen (i.e., the model order before prediction performance starts decreasing or reaches a plateau; model order 4 identified with
the circle and arrow in figure 2(b)), yielding the following four features: (I) SUVpeak
extracted from PET (SUVpeak ); (II) High Gray-Level Zone Emphasis (HGZE) extracted
from PET (PET—HGZEGLSZM ); (III) Zone Size Variance (ZSV) extracted from T1
(T1—ZSVGLSZM ); and (IV) Long Run Low Gray-level Emphasis (LRLGE) extracted from
T2FS (T2FS — LRLGEGLRLM ). The final logistic regression coefficients of this radiomic
prediction model were found by averaging all coefficients computed from another set of 1000
bootstrap samples. Throughout the whole model building process, bootstrap resampling was
performed using imbalance adjustments in order to construct a model with equivalent sensitivity and specificity properties. Detailed descriptions and methods used for radiomic feature
extraction, feature set reduction and feature selection are provided in sections 1, 2.1 and 2.2 of
supplementary material, respectively (stacks.iop.org/PMB/62/8536/mmedia).
The complete model g(xi ) obtained in this work from clinical scans for the prediction
of lung metastases in STSs is detailed in equation (3) with regression coefficients of non-
normalized variables and texture extraction parameters. The model responses for each of
the 30 patients of the cohort along with associated bootstrap confidence intervals (95%) are
shown in figure 2(c). In this figure, the blue dots represent patients who eventually developed
lung metastases, and the red crosses those who did not develop lung metastases. It can be
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Figure 2. Construction of a radiomic model from pre-treatment clinical images for the
prediction of lung metastases in soft-tissue sarcomas. (a) Radiomic features (intensity,
shape, textures) are first extracted from PET, T1-weighted (T1) and T2-weighted fatsaturated (T2FS) clinical images. Feature set reduction is then performed to obtain a
reduced feature set balanced between predictive power and non-redundancy. Feature
selection and prediction performance processes are then carried out using imbalanceadjusted bootstrap resampling in order to estimate the generalizability properties of
tested models constructed with equivalent sensitivity and specificity properties. The
single combination of variables with best parsimonious properties is then chosen based
on prediction performance estimations evaluated with the AUC632+ metric, yielding the
following final radiomic model investigated in this work: (I) SUVpeak extracted from
PET; (II) High Gray-Level Zone Emphasis (HGZE) extracted from PET; (III) Zone
Size Variance (ZSV) extracted from T1; and (IV) Long Run Low Gray-level Emphasis
(LRLGE) extracted from T2FS. Variables are combined using logistic regression.
(b) Demonstration of the prediction performance estimation process for model orders
of 1 to 10, and of the choice of model order with best parsimonious properties based on
the AUC632+ metric (identified with the circle and arrow). (c) Probability of developing
lung metastases as a function of the response of the final radiomic model constructed
using PET, T1 and T2FS clinical images, for all patients of the cohort. The blue dots
represent patients who eventually developed lung metastases, and the red crosses
those who did not develop lung metastases. Confidence intervals (95%) on the model
response for each patient were calculated using bootstrapping.
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seen that the multivariable model of equation (3) can appreciably separate the patients of the
two risk groups, as the average AUC obtained in 1000 bootstrap testing samples after training the model in the corresponding bootstrap training samples (‘bootstrap AUC’ or ordinary
AUC) is 0.85. The significance of each variable in the model was also assessed using the
Wald’s test implemented in DREES (El Naqa et al 2006), and a p-value of 0.048, 0.088,
0.16 and 0.28 was obtained for the SUVpeak , PET—HGZEGLSZM , T1—ZSVGLSZM and
T2FS — LRLGEGLRLM features, respectively.
g(xi ) =
+ 1.312 × SUVpeak
+ 0.0193 × PET(scale=5mm,algo=Equal,Ng=64)—HGZEGLSZM
− 357 600 × T1(scale=4mm,algo=Uniform,Ng=64)—ZSVGLSZM

+ 117.3 × T2FS(scale=2mm,algo=Equal,Ng=64)—LRLGEGLRLM

− 40.34
(3)
2.3. Simulations of PET imaging acquisitions
2.3.1. PET tumour models. Papadimitroulas et al (2013) recently showed that partial volume effect (PVE) corrections of intratumoural activity of FDG-PET clinical scans as input to
GATE simulations is necessary to conserve intratumoural heterogeneity in simulated images
as quantified via imaging profiles and textural features. Overall, PVE corrections reduce the
effect of 3D blurring in PET images caused by the convolution of the source and the pointspread function (PSF) of the imaging system. In this work, the method used for the creation
of realistic FDG-PET tumour models is based on the work of Boussion et al (2009), where
wavelet-based denoising is incorporated into an iterative deconvolution algorithm for PVE
correction of the activity data of FDG-PET clinical images. Figure 3(a) shows and example
of the creation of a FDG-PET tumour model from a clinical image via PVE correction and
wavelet-based denoising.
The general approach involves an iterative deconvolution process aided by a wavelet-based
threshold procedure in order to reduce noise and obtain a better representation of the underlying activity distribution of a given PET clinical image. First, the deconvolution framework is
based on the following equation:

I(r) = O(r)
PSF(r) + N(r),
(4)

where I is here defined as the observed ‘out of the scanner’ activity distribution calculated
from whole-body PET clinical images, O is the ‘real’ or corrected activity distribution (that
we attempt to retrieve using PVE corrections), PSF is the degrading PSF of the scanner and
N is an additive noise term. In this work, the Lucy–Richardson algorithm (Richardson 1972,
Lucy 1974) was used to iteratively retrieve the object O from the observed data I using a multiplicative regularization step instead of additive (Boussion et al 2009):
 n

I (r) + Resn (r) 
n+1
n
O (r) = O (r)
PSF(−r) ,
(5)
I n (r)


where I n (r) = PSF(r) On (r) and Resn (r) = I(r) − PSF(r) On (r) is the residual term
that converges towards noise. A number of four iterations and an isotropic 5 mm PSF were
used in this work. In order to further reduce noise propagation, the residual term is modified
before each iteration of the Lucy–Richardson algorithm. For this process, a soft threshold was
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Figure 3. Example of the creation of PET and MRI digital tumour models used for
image acquisition simulations. (a) Partial-volume effect (PVE) corrections combined
with wavelet denoising are applied to the activity maps of PET clinical images to obtain
tumor models for PET simulations. (b) The imaging intensities of the T1-weighted (T1)
and T2-weighted fat-saturated (T2FS) clinical images are first separately discretized
into 5 distinct regions per scan using Lloyd-Max quantization. This creates a combined
set of 5 × 5 = 25 regions used as a map index for MRI simulations. Typical T1 and T2
relaxation times for soft-tissue sarcomas at 1.5 T are then distributed throughout the
different regions, thereby creating T1 and T2 maps used for MRI simulations.

applied in each subband of the wavelet domain using the biorthogonal 3.5 basis function and a
3-level decomposition of the residual, and the inverse wavelet transform was applied to obtain
the denoised residual. To ensure translation-invariance, a 2D undecimated wavelet transform
was applied on the three planes of the space (axial, coronal, sagittal) and the final thresholded
residual image was obtained by averaging the three sets of data on a voxel-by-voxel basis. The
threshold used was the data-driven, subband (b) dependent ‘BayesShrink’ threshold defined
as Tb = σ 2 /σX (Chang et al 2000). Here, σ 2 denotes the noise variance estimated using the
1,l |)
median operator in the first subband of a given decomposition level, such that σ = Median(|w
0.6745
with wavelet coefficients w1,l in the first subband
of decomposition level l. Then, σX is sub
n2
band dependent and is defined as σX = max(σw2 − σ 2 , 0) , where σw2 = n12 i=1 w2i,l with
wavelet coefficients wi,l in the ith subband of decomposition level l and n × n is the size of the
subband under consideration. This whole procedure ultimately results in PVE-corrected and
wavelet-denoised heterogeneous activity distributions to be used in subsequent simulations of
PET image acquisitions.

8545

M Vallières et al

Phys. Med. Biol. 62 (2017) 8536

2.3.2. Monte-Carlo simulations. In this study, the general framework for the simulations of

PET image acquisitions involved the Geant4 applications for tomography emission (GATE)
Monte Carlo toolkit (Jan et al 2004, 2011). This software can be used to simulate the transport
of radiation from an emitting source (e.g., FDG intratumoural activity) inside human tissues
and PET scanner models using Monte Carlo methods. It is optimized for nuclear medicine
applications and offers large flexibility in using voxelized phantoms, voxelized sources, and
different scanner geometries. We used GATE v7.1 along with Geant4.10.01 code, and all
the physical processes appropriate for realistic simulations were modeled using the ‘standard
model’.
The simulations were carried out using an approximation of the GE Discovery ST scanner (Bettinardi et al 2004) that we designed for GATE simulations in order to match as
closely as possible the clinical acquisitions. This scanner consists of 280 detector blocks
arranged in 35 modules of 2 × 4 blocks. Each block contains 6 × 6 detector BGO crystals of
6.3 × 6.3 × 30 mm3 . The scanner contains 24 detector rings with a total of 420 crystals per
ring. The scanner has an axial field of view of 15.7 cm and a radial FOV of 70 cm (detector
ring diameter of 88.6 cm). In this work, the distance between crystal edges was filled with
teflon material and was defined as the average distance left to fill the axial field of view after
subtracting the distance filled by all detector rings: (157/24 − 6.3) mm = 0.2417 mm . The
digitizer was modeled using an energy window between 375 and 650 keV, with an energy
blurring set to 15% of 511 keV and a coincidence time window width of 11.7 ns. The different
materials in the scanner were simulated with the materials provided by the GATE Materials
Database (GateMaterials.db).
We used the PVE-corrected/wavelet-denoised heterogeneous activity distributions constructed from the PET clinical images as input voxelized sources in the GATE software. The
axial extent of the input activity source of each patient was set to the axial extent of the scanner
(15.7 cm), and the radial extent of the activity source was defined as a circle of 25 cm diameter, all centered on the geometrical center of mass of the tumour. A cylinder of input activity
source centered on the tumour of each patient was thus inserted in the geometry of the scanner
in GATE. The dimensions of the voxels of that cylinder were set to the dimensions of the voxels of the original PET clinical images of each patient. The axial center of the activity cylinder
was positioned at the axial center of the geometry of the scanner in GATE, but a radial offset
was applied to the center of the cylinder accordingly to the original position of the tumours in
the clinical scans (i.e., the position in the body of the patient being scanned).
The anatomy of the patients in the simulations was modeled using a voxelized phantom
geometry corresponding to the Hounsfield Units (HU) of the CT volumes of the FDG-PET/
CT clinical scans. A 3D Gaussian filter was first applied to the whole-body CT volumes with
a FWHM of 2.5 mm. The voxel dimensions of the CT volumes were then downsampled to
the voxel dimensions of the activity sources of each patient (i.e., of the PET clinical scans)
using cubic interpolation. The HU of the CT scans were translated to GATE materials indexes
using translator files provided by the GATE Materials Database (patient-HUmaterials.db and
patient-HU2mat.txt). Finally, a CT phantom geometry covering the full axial and radial FOV
of the scanner was inserted in the GATE simulations according to original positions in the
clinical scans, with the axial center of the CT phantom centered on the axial center of the
tumour for each patient (i.e., positioned at the axial center of the geometry of the scanner in
GATE).
Finally, 3D PET acquisitions were simulated in GATE using one bed position per study
case. Acquisition times were set according to the procedure of each clinical scan of each
patient (median of 180 s, range of 160–300 s).
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2.3.3. PET imaging reconstruction. The simulated images were reconstructed using the Soft-

ware for Tomographic Image Reconstruction (STIR) release 2 (Thielemans et al 2012). The
OSMAPOSL 3D iterative algorithm was used with four iterations and 13 subsets, a maximum
ring difference of 23, and varying numbers of span (3,5,7,9,11,13,15,17). Similarly to the
original GE Discovery ST scanner, 47 image planes were reconstructed per acquisition with
an axial sampling interval of 3.27 mm, and an in-plane resolution set to the one observed
in each clinical scan of each patient (median of 5.47  ×  5.47 mm2, range of 3.91–5.47 mm).
Random and scatter coincidences as well as attenuation corrections were applied as in-loop
corrections in the reconstruction algorithm. For attenuation correction purposes, the HU maps
of the CT scans were converted to linear attenuation coefficient maps using bilinear-scaling:
(I) −1000 < HU  0 were linearly converted from 0 to 0.096 cm−1; and (II) HU > 0 were linearly converted from 0.096 to 0.15 cm−1. Finally, reconstructed images were post-processed
using an isotropic Gaussian filter with a FWHM of 5 mm.
2.4. Simulations of MR imaging acquisitions
2.4.1. MRI tumour models. In this work, we designed an empirical method for the creation

of MRI tumour models as inputs to MRI simulation experiments, with the overall goal of preserving intratumoural heterogeneity. Figure 3(b) shows and example of the creation of a MRI
tumour model constructed from T1 and T2FS clinical images. Three main inputs are required
to proceed with MRI simulations: maps of the physical T1 and T2 relaxation times (‘T1 map’,
‘T2 map’) of the simulated tissues and a map of the proton density.
From the T1 and T2FS clinical scans of each patient, voxels within the tumour region with
intensities outside the range µ ± 3σ were excluded, as suggested by Collewet et al (2004) for
making MRI texture measurements more reliable. Then, the imaging intensities of the T1 and
T2FS clinical images were separately discretized into 5 distinct regions per scan using ‘LloydMax quantization’ (Max 1960, Lloyd 1982). The quantization process maps the voxel values
of a volume to a finite set r = {rk ∈ R : k = 1, 2, . . . , Ng } of Ng reconstruction levels by defining a set t = {tk ∈ R : k = 1, 2, . . . , Ng + 1} of decision levels, and Lloyd-Max quantization
specifically attempts to choose the decision levels in order to minimize the mean-squared
quantization error of the output via a clustering method. The separate discretization of the T1
and T2FS clinical scans into 5 regions in turn created a combined set of 25 distinct regions
used as a map index for MRI simulations (index 1: T1 region 1 and T2FS regions 1, index 2:
T1 region 1 and T2FS region 2, ..., index 25: T1 region 5 and T2FS region 5).
We used typical T1 and T2 relaxation times as reported in the literature for soft-tissue
tumours at 1.5 T in order to obtain a distribution of relaxation times throughout all regions of
the map index: central values of 1054 and 62 ms were used for the T1 and T2 relaxation times
of STSs, respectively (Aisen et al 1986). Then, the coefficient of variations of the imaging
intensities in the tumour regions of the T1 (2σ) and T2FS (1σ) clinical images were found,
and these factors were used to defined the range of T1 and T2 relaxation times to be assigned
to the different map indexes: [1054 − 2σ/µ, 1054 + 2σ/µ] with increments of 4σ/5µ for the
five regions with different T1 values, and [62 − σ/µ, 62 + σ/µ] with increments of 2σ/5µ for
the five regions with different T2 values. Lower imaging intensities in T1 scans were assigned
to higher T1 relaxation times, and higher imaging intensities in T2FS scans were assigned to
higher T2 relaxation times (Kroeker et al 1985). Finally, a constant proton density percentage
value of 0.82 relative to water (Ling and Tucker 1980) was assumed throughout the tumor
region of all patients.

8547

M Vallières et al

Phys. Med. Biol. 62 (2017) 8536

2.4.2. Numerical simulations. In this study, the general framework for the simulations of
MR image acquisitions involved the use of the Jülich Extensible MRI Simulator (JEMRIS)
(Stöcker et al 2010), version 2.8.1. This open-source software numerically solves the Bloch
equations to a series of spin models arranged in 2D or 3D grids. Parallelization of the execution is done using the MPI library and the output consists of the complete MRI signal acquired
over the course of a given MRI sequence. This software is written in the C++ language and
offers a series of graphical user interface in MATLAB to help in defining the various param
eters of the simulations.
MRI simulations were carried out using the T1 and T2 maps constructed from the T1 and
T2FS clinical images, and by assuming a constant proton density percentage value of 0.82
relative to water. Chemical shifts and T2∗ effects were not modeled in this work. A standard fast
spin-echo (FSE) 2D sequence was constructed to simulate the acquisition of T1-weighted and
T2-weighted images by using the tse.xml sequence template of JEMRIS. With this sequence,
all 2D images of the 3D tumour regions were acquired and reconstructed separately. The number of averages was set to 1 for all imaging acquisition simulations. A fat saturation spoiling
gradient used to dephase the lipid signal as in typical T2-weighted fat-saturated sequences was
not modeled in this work.
In order to match as closely as possible the clinical MR image acquisitions, several param
eters from the original clinical sequences were used to define our simulated FSE sequence in
JEMRIS. These parameters were retrieved from the DICOM headers of both the T1 and T2FS
clinical images and are defined as follows:

• nPoints(dicom): Number of rows and columns in the final image. Retrieved from the ‘Rows’
or ‘Columns’ DICOM fields.
• matrixSize(dicom): Dimensions of the acquired k-space frequency/phase data before reconstruction. Retrieved from the ‘AcquisitionMatrix’ DICOM field.
• FOV(dicom): Diameter in mm of the region from within which data were used in creating
the reconstruction of the image. Retrieved from the ‘ReconstructionDiameter’ DICOM
field.
• phaseFOV(dicom): Ratio of field of view dimension in the phase encoding direction to
field of view dimension in the frequency encoding direction. Retrieved from the
‘PercentPhaseFieldOfView’ DICOM field.
• pSampling(dicom): Fraction of acquisition matrix lines acquired. Retrieved from the
‘PercentSampling’ DICOM field.
• echoTrain(dicom): Number of lines in k-space acquired per excitation per image. Retrieved
from the ‘EchoTrainLength’ DICOM field.
• flipAngle(dicom): Steady state angle in degrees to which the magnetic vector is flipped from
the magnetic vector of the primary field. Retrieved from the ‘FlipAngle’ DICOM field.
• pixelBW(dicom): Reciprocal of the total sampling period, in hertz per pixel. Retrieved from
the ‘PixelBandwidth’ DICOM field.
• TEc: Time in ms between the middle of the excitation pulse and the peak of the echo produced (kx = 0 ) in the clinical acquisition (‘c’). Retrieved from the ‘EchoTime’ DICOM
field.
• TRc: The period of time in ms between the beginning of a pulse sequence and the beginning of the succeeding (essentially identical) pulse sequence in the clinical acquisition
(‘c’). Retrieved from the ‘RepetitionTime’ DICOM field.
The parameters above were used to set the following parameters in the tse.xml JEMRIS
sequence module:
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• FOVx(jemris): Field of view in the frequency encoding direction. Set to FOV(dicom).
• FOVy(jemris):  
Field of view in the phase encoding direction. Set to FOV(dicom)  ×  
phaseFOV(dicom).
• Nx(jemris): Number of points acquired in the k-space in the frequency encoding direction.
Set to matrixSize(dicom).
• Ny(jemris): Number of points acquired in the k-space in the phase encoding direction. Set to
matrixSize(dicom)  ×  phaseFOV(dicom)  ×  pSampling(dicom).
• Repetitions(jemris): Number of lines acquired in the k-space per excitation per image. Set
to echoTrain(dicom).
• FlipAngle(jemris): Flip angle used for the ‘90°’ pulse. Set to flipAngle(dicom).
• FlatTopTim(jemris): Reciprocal of the readout bandwidth. Set to 1/ pixelBW(dicom)  ×  1000.
• TE(jemris): Echo time in the FSE sequence. Set to TEc for the simulation of T1-weighted
images. Values of { 13 , 12 , 1, 2, 3} × TEc were tested for the simulation of T2-weighted
images.
• TR(jemris): Repetition time in the FSE sequence. Set to TRc for the simulation of T2weighted images. Values of { 13 , 12 , 1, 2, 3} × TRc were tested for the simulation of
T1-weighted images.
In this study, the average repetition time used in clinical acquisitions (TRc) was (492 ± 81) ms
across the 30 patients of the cohort. The average echo time used in clinical acquisitions (TEc)
was (77 ± 12) ms.
2.4.3. MR imaging reconstruction. From the acquired MRI signal in simulations, k-space

data was generated using the JEMRIS utilities in MATLAB. Prior to image reconstruction,
zero padding of the k-space data was performed to obtain the right number of points in the
final image (if necessary, as it depends on the nPoints(dicom), matrixSize(dicom), FOV(dicom) and
phaseFOV(dicom) values for each patient), followed by the application of a fermi filter to prevent
sharp transitions in the k-space. The total number of zeros to add in the frequency (nPadFR)
and phase (nPadPE ) encoding directions in the k-space is governed by equations (6) and (7),
respectively. Finally, the final simulated images were separately reconstructed by taking the
inverse 2D Fourier transform of the k-space data.
nPadFR = 2 ×



π×nPoints(dicom)
FOV(dicom)

−

π×Nx( jemris)
FOV(dicom)

2π/FOV(dicom)

= nPoints(dicom) − Nx( jemris)

nPadPE = 2 ×

π×nPoints(dicom)
FOV(dicom)

−

(6)

π×Ny( jemris)
FOV(dicom) ×phaseFOV(dicom)

2π/(FOV(dicom) × phaseFOV(dicom) )

= nPoints(dicom) × phaseFOV(dicom) − Ny( jemris)
(7)
2.5. STAMP: a software tool for texture optimization

To support optimization of image acquisition parameters for texture analyses, a software solution was developed in MATLAB with three main objectives:
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1. Integrate programming tools for Monte-Carlo simulations of PET image acquisitions
with different acquisition and reconstruction parameters.
2. Integrate programming tools for numerical simulations of MR image acquisitions with
different acquisition and reconstruction parameters.
3. Integrate programming tools for textural analysis of clinical and simulated PET and MR
images.
The integrated software has been called STAMP, which stands for ‘Simulator for Texture
Analysis in MRI and PET’. As described below, this platform could facilitate the investigation
of the effect of PET and MR image acquisition protocol variations on textural measurements
of simulated images. Example pictures of the three main graphical user interfaces (GUIs) of
STAMP with real sample cases are shown in section 3 of supplementary material (stacks.iop.
org/PMB/62/8536/mmedia).
The simulations of PET image acquisitions in STAMP are achieved using an integrated
version of the GATE simulator. The STAMP platform provides a PET simulation GUI that
allows the user to specify the geometry of a cylindrical PET scanner from a small set of structural requirements, as well as digitizer parameters and the physical processes used in the simulations. An arbitrary voxelized activity source (e.g., FDG-PET tumour model) can then be
imported and visualized into the simulation platform. The GUI also allows the user to choose
between adding a water cylinder of a selected radius on top of the voxelized source or adding an arbitrary voxelized phantom with specific chemical composition for each voxels in the
overall simulation geometry. The GUI then generates a sample file and a macro file that can be
sent to a computer cluster (using the GUI) or simulated locally. Several GATE processes are
then started in parallel. True, scatter and random coicidences occurring within the scanner’s
detectors are stored into separate michelograms that can be subsequently used to reconstruct
an image of the voxelized source via the GUI.
The simulations of MR image acquisitions in STAMP are achieved using an integrated
version of the JEMRIS simulator. MRI sequences are programmed using a GUI already provided by the JEMRIS software developers and integrated to STAMP, and the specifications
of the sequences are saved in a XML file. The STAMP platform provides a MRI simulation
GUI that allows the user to select a given MRI simulation model (M0, T1, T2, T2∗ and chemical
shift maps), a sequence with specific MRI parameters, as well as imaging coils specifications
used in the simulations. The GUI then generates a set of simulation files that can be sent to a
computer cluster or simulated locally. Parallelization of the execution is done using the MPI
library. The MRI signal is read by the GUI to generate a k-space and reconstruct an image of
the MRI simulation model.
A third GUI has also been implemented in STAMP in order to visualize PET and MRI
simulation results, specify reconstruction algorithms and compute texture features. In order to
facilitate data storage for each study case, a dedicated data structure format has been designed
to keep track of the original PET and MRI scans in DICOM format, the simulation models
developed from these scans, as well as the data obtained from all simulations. From clinical and
simulated PET and MR images, GLCM, GLRLM, GLSZM and NGTDM 3D texture features
can be computed using STAMP. Additional software tools also exist to perform optimal texture
extraction via the optimization of intensity quantization, spatial resolution and wavelet filtering.
2.6. Optimization of a texture-based model

Figure 4 presents an overview of the study workflow. In this work, PET simulated images
(hereby denoted as ‘PETsim’) were acquired for all patients using the following numbers of
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Figure 4. Workflow of this study. Digital tumour models were created from the PET, T1weighted (T1) and T2-weighted fat-saturated (T2FS) clinical images of a retrospective
cohort of 30 soft-tissue sarcoma patients. These tumour models were used as inputs
for the simulations of PET, T1-weighted and T2-weighted image acquisitions using the
GATE and JEMRIS software. The simulated PET images (PETsim) were acquired with
different numbers of span, the simulated T1-weighted images (T1sim) with different
multiples of the repetition times (TR) used in clinical acquisitions for each patient,
and the simulated T2-weighted images (T2sim) with different multiples of the echo
times used in clinical acquisitions for each patient. Asterisks (*) in the figure represents
parameters used in clinical acquisitions (span3, TRc, TEc). Texture features previously
selected in a multivariable model constructed from clinical scans for the prediction of
lung metastases in soft-tissue sarcomas were extracted for the whole set of simulated
images. The possibility of enhancing the predictive properties of the texture-based
model by optimizing PET and MR acquisition protocols was then estimated using
bootstrapping experiments with textures extracted from simulated images.

span: 3, 5, 7, 9, 11, 13 and 15. A span of 3 was considered as the parameter used for clinical acquisitions. For MRI, T1-weighted simulated images (hereby denoted as ‘T1sim’) were
acquired using repetition times equal to { 13 , 12 , 1, 2, 3}  ×  the different repetition times set in
the corresponding FSE sequence of the clinical acquisitions of T1 scans of each patient (TRc),
and T2-weighted simulated images (hereby denoted as ‘T2sim’) were acquired using echo
times equal to { 13 , 12 , 1, 2, 3}  ×  the different echo times set in the corresponding FSE sequence
of the clinical acquisitions of T2FS scans of each patient (TEc). All other possible user-defined
simulation parameters were set to parameters used in clinical imaging acquisitions.
From the whole set of PETsim, T1sim and T2sim images, the HGZEGLSZM
(PETsim—HGZEGLSZM ), ZSVGLSZM (T1sim—ZSVGLSZM )) and LRLGEGLRLM (T2sim—
LRLGEGLRLM ) texture features, respectively, were computed from the tumour region using
the same extraction parameters (scale, algo, Ng) as detailed in equation (3). As the quantization process of these three texture features involves a fixed number of bins per ROI, their
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computation is not dependent on the absolute imaging intensity values of the simulated images.
These features were thus calculated from the raw intensity output of simulated images.
Using the texture data from the simulated images acquired using various parameters, the
possibility of enhancing the predictive properties of the model of equation (3) was estimated
using bootstrapping experiments. The SUVpeak feature was considered as acquired from a
‘clinical’ PET acquisition protocol and was thus obtained from PET clinical images for all
experiments in the subsequent optimization analysis. For every combination of different PET,
T1-weighted and T2-weighted acquisition parameters enumerated above, new logistic regression model responses (i.e., coefficients) were trained in 1000 bootstrap training samples for
the following set of four features {SUVpeak , PETsim—HGZEGLSZM , T1sim—ZSVGLSZM ,
T2sim — LRLGEGLRLM }, and these model responses were thereafter directly tested in the
corresponding bootstrap testing samples. Re-training of logistic regression coefficients for
every different situation mimics how a predictive model would be trained in reality using
clinical images acquired with a single set of parameters. The predictive performance of the
models trained for every combination of acquisition parameters was then assessed by taking
the mean AUC computed in the 1000 bootstrap testing samples (‘bootstrap AUC’, or ordinary
bootstrap). Standard error of the mean was also calculated using a 95% confidence interval.
3. Results
3.1. Texture variations with acquisition parameters
3.1.1. Qualitative image analysis. Figure 5 first presents example PET and MR simulated
images (PETsim, T1sim, T2sim) acquired using different parameters: (I) span 3, 9 and 17 for
PETsim; (II) TR of { 13 , 1, 3} × TRc for T1sim; and (III) TE of { 13 , 1, 3} × TEc for T2sim.
For PET image acquisitions, it can be observed that an increasing span has the effect to
increase image smoothing. Increasing the extent of axial data combined per slice with multiple neighboring detector coincidences has the benefit to augment slice sensitivity, however
at the expense of a loss of resolution. In terms of image characteristics, high-intensity and
low-intensity regions appear to be better defined, an effect which could be beneficial in terms
of textural analysis for a better assessment of zone characteristics within the tumour (e.g.,
HGZEGLSZM).
For T1-weighted simulated image acquisitions, changes in TR in the range tested in this
work do not appear to considerably affect the images. Small contrast increase and better definition of small tumour sub-regions can be observed with increasing TR, but the effect is not
conclusive.
For T2-weighted simulated image acquisitions, it can be observed that increasing TE has
the effect to considerably increase the contrast between the different tumour sub-regions in
the image. High-intensity and low-intensity regions are better defined and may thus improve
intratumoural heterogeneity characterization (e.g., LRLGEGLRLM).
3.1.2. Textural measurements. We investigated the overall changes in the PETsim—

HGZEGLSZM , T1sim—ZSVGLSZM and T2sim — LRLGEGLRLM texture features when
extracted from simulated images acquired with different acquisition parameters. The different features extracted for each patient from simulated images acquired using the whole set of
acquisition parameters were compared against the features extracted from simulated images
acquired using the following clinical parameters: a span of 3 for PETsim, a repetition time
equal to the one used in clinical acquisitions (TRc) for T1sim, and an echo time equal to
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Figure 5. Example PET and MR simulated images acquired using different parameters.
Top row: PET simulated images (PETsim) acquired with a span of 3 (left), 9 (middle)
and 17 (right). Middle row: T1-weighted simulated images (T1sim) acquired with a
repetition time (TR) of 13 (left), 1 (middle) and 3 (right) times the repetition time used in
clinical acquisitions for each patient (TRc). Bottom row: T2-weighted simulated images
(T2sim) acquired with an echo time (TE) of 13 (left), 1 (middle) and 3 (right) times
the echo time used in clinical acquisitions for each patient (TEc). Simulated images
acquired using clinical parameters are identified by ‘Clinical param.’ (span 3, 1 × TRc ,
1 × TEc)

the one used in clinical acquisitions (TEc) for T2sim. Percentage differences of each feature
relative to textures extracted from simulated images acquired using clinical parameters were
computed for all patients. As the overall goal of this study is to find a set of acquisition param
eters from which extracted textures best discriminate between aggressive and non-aggressive tumours, we performed our analysis for two separate groups of patients: (I) patients that
developed lung metastases (‘Lung Mets’ patients); and (II) patients that did not develop lung
metastases (‘No Lung Mets’ patients). Results are summarized in figure 6(a) using box plots.
For PET acquisitions, the general trend observed is that an increasing number of span
increases the value of the PETsim—HGZEGLSZM feature. This is consistent with the assessment made in section 3.1.1, where we observed that a higher span increases image smoothing
and results in better defined tumour sub-regions. Also, it can be seen that the overall variations with different numbers of span seem to be higher for No Lung Mets patients (higher
interquartile range), but that Lung Mets patients experience a strict higher increase in the
PETsim—HGZEGLSZM feature with increasing span (higher increase of median). Overall,
the mean percentage change over all numbers of span as compared to span 3 is 0.3[−7, 10]%
and the absolute mean percentage change is 1% for Lung Mets patients, whereas the mean
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Figure 6. Variations of texture features with different acquisition parameters and
resulting impacts on associations with lung metastases in soft-tissue sarcomas. (a) Left:
The HGZEGLSZM feature extracted from PET simulated images (PETsim) acquired with
different numbers of span (sp) was compared against the HGZEGLSZM feature extracted
from PET simulated images acquired with the span used in clinical acquisitions (sp3);
Middle: The ZSVGLSZM feature extracted from T1-weighted simulated images (T1sim)
acquired with different repetition times (TR) was compared against the ZSVGLSZM
feature extracted from T1-weighted simulated images acquired with the repetition
time used in clinical acquisitions for each patient (TRc); and Right: The LRLGEGLRLM
feature extracted from T2-weighted simulated images (T2sim) acquired with different
echo times (TE) was compared against the LRLGEGLRLM feature extracted from T2weighted simulated images acquired with the echo time used in clinical acquisitions
for each patient (TEc). Percentage differences relative to textures extracted from
simulated images acquired with clinical parameters were computed for all patients,
and results are summarized using box plots. The group of patients that developed lung
metastases is denoted as ‘Lung Mets’ and the group of patients that did not develop lung
metastases is denoted as ‘No Lung Mets’. (b) Associations of texture features extracted
from simulated images with lung metastases in soft-tissue sarcomas. A higher absolute
Spearman’s rank correlation is indicative of a stronger association.
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percentage change is −0.2[−11, 13]% and the absolute mean percentage change is 3% for No
Lung Mets patients.
For T1-weighted MRI acquisitions, the general trend observed is that an increasing TR
leads to an increase in the value of the T1sim—ZSVGLSZM feature. This trend seems more
pronounced for Lung Mets patients than for No Lung Mets patients. Overall, the mean percent
age change over all different repetition times as compared to TRc is 2[−47, 78]% and the
absolute mean percentage change is 16% for Lung Mets patients, whereas the mean percent
age change is 2[−99, 190]% and the absolute mean percentage change is 24% for No Lung
Mets patients. The ZSVGLSZM feature thus experiences high variations when T1-weighted
images are acquired with different repetition times, an effect which could be beneficial for
MRI sequence optimization.
For T2-weighted MRI acquisitions, the general trend observed is that an increasing TE
leads to an increase in the value of the T2sim — LRLGEGLRLM feature. This trend seems
again more pronounced for Lung Mets patients than for No Lung Mets patients. Overall, the
mean percentage change over all different echo times as compared to TEc is −0.5[−25, 25]%
and the absolute mean percentage change is 9% for Lung Mets patients, whereas the mean
percentage change is 21[−38, 1343]% and the absolute mean percentage change is 27% for
No Lung Mets patients. The LRLGEGLRLM feature thus experiences high variations when T2weighted images are acquired with different echo times, another effect which could be beneficial for MRI sequence optimization.
3.1.3. Associations with clinical endpoint. In this section, we investigated the associations of the texture features with the clinical endpoint of interest in this study: the development of lung metastases. Spearman’s rank correlation coefficients (rs) were calculated
between imaging feature ( j ) vectors xj = {xij ∈ R : i = 1, 2, . . . , N} extracted from simulated images acquired using the whole set of different parameters, and the outcome vector
y = {yi ∈ {0 : No Lung Mets, 1 : Lung Mets} : i = 1, 2, . . . , N}. Results are summarized in
figure 6(b). In part due to the small number of patients used in this study (n = 30 ), only one
significant association was found and was obtained for T1-weighted MRI acquisitions using a
TR equal to 12 × TRc. Nonetheless, the results obtained here are informative about the possible
optimization extent of each feature.
For PET acquisitions, the general trend observed is that an increasing span as compared to a number of span used in clinical acquisitions (span 3) has for effect to increase
the predictive power of the HGZEGLSZM texture. The highest absolute correlation between
PETsim—HGZEGLSZM and lung metastases was found at span 13, with rs = 0.28, p = 0.13.
In comparison, the correlation found using PET simulated images acquired with span 3 was
rs = 0.21, p = 0.26.
For T1-weighted MRI acquisitions, the general trend observed is that a TR lower than
TRc increases the predictive power of the ZSVGLSZM texture, and a TR higher than TRc
decreases the predictive power of the ZSVGLSZM texture. The highest absolute correlation
between T1sim—ZSVGLSZM and lung metastases was found for a TR equal to 12 × TRc,
with rs = −0.36, p = 0.05. In comparison, the correlation found using T1-weighted simulated
images acquired with TRc was rs = −0.28 , p = 0.14.
For T2-weighted MRI acquisitions, no general trend is observed. The highest absolute correlation between T2sim — LRLGEGLRLM and lung metastases was found for a TE equal to
TEc, with rs = 0.32, p = 0.08. The only comparable correlation was obtained for a TE equal
to 3 × TEc, with rs = 0.30, p = 0.11.
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3.2. Evaluation on a texture-based model
3.2.1. Bootstrapping optimization. The results for the optimization of the texture-based pre-

diction model as described in section 2.6 are presented in figure 7. In both figures 7(a) and (b),
the average AUC values obtained in bootstrap testing samples for each of the 200 experiments
performed in this work are shown. The total of 200 bootstrapping experiments is a result of all
possible combinations of different PET, T1-weighted and T2-weighted acquisition parameters
tested in this work: 8 numbers of span  ×  5 repetition times  ×  5 echo times. In figure 7(a),
results are presented for varying numbers of span and echo times with fixed repetition times,
whereas in figure 7(b) results are presented for fixed echo times.
Similarly to the assessment made in section 3.1.3, it can be seen that an increasing span
generally improves the prediction performance of the texture-based model as compared to
span 3 used in clinical acquisitions. In terms of T2-weighted MRI acquisitions, the prediction
performance seems to be considerably higher when the texture-based model is constructed
using 12 × TEc as seen by the green line in figure 7(a). In terms of T1-weighted MRI acquisitions, the prediction performance seems to be slightly higher for 13 × TRc and 3 × TRc as
seen by the blue and black lines in figure 7(b), respectively. Other types of trends are difficult
to infer, as the overall response of the model seems to be significantly influenced by small
perturbations with varying acquisition parameters.
Overall, the highest estimation of the prediction performance of the texture-based model
under varying PET and MR image acquisition parameters was reached with: (I) PETsim—
HGZEGLSZM feature obtained with a span of 15; (II) T1sim—ZSVGLSZM feature obtained with
a TR equal to 13 × TRc; and (III) T2sim — LRLGEGLRLM feature obtained with a TE equal to
1
SUVpeak with textures extracted
2 × TEc . This particular model constructed by combining
from simulated images acquired with optimal acquisition parameters reached an average AUC
of 0.89 ± 0.01 in bootstrap testing experiments. In comparison, the model constructed with
textures extracted from simulated images acquired with clinical acquisition parameters (span3,
TRc, TEc) reached an average AUC of 0.84 ± 0.01 in bootstrap testing experiments.
3.2.2. Model response improvement. From the whole set of bootstrapping optimization

experiments performed in section 3.2.1 for varying PET and MR image acquisition param
eters, a single multivariable model combining the {SUVpeak , PETsim—HGZEGLSZM ,
T1sim—ZSVGLSZM , T2sim — LRLGEGLRLM } features was estimated to possess the highest
predictive properties for lung metastases in STSs (span 15, 13 × TRc, 12 × TEc ). From this
model, final logistic regression coefficients and bootstrap confidence intervals (95%) were
computed in the same manner as described in section 2.2 (1000 bootstrap samples), and the
final model response for each patient of this cohort was subsequently calculated. The same
process was also repeated for the multivariable model combining SUVpeak and the texture
features extracted from simulated images acquired using the set of clinical acquisition param
eters (span 3, TRc, TEc). In this section, we evaluate how the response of these two models vary, and how the response of the model constructed using optimal PET/MR acquisition
parameters improves in comparison to the response of the model constructed using standard
clinical acquisition parameters. The responses of these two models for each of the 30 patients
of the cohort along with associated bootstrap confidence intervals are presented in figure 8.
Overall, results presented in figure 8 demonstrate the possibility of enhancing a texturebased predictive model by optimizing PET and MR image acquisition parameters. It was verified that the increase in AUC of the model responses obtained from simulated images acquired
with clinical parameters to simulated images acquired with optimal parameters is significant
under the Delong test (DeLong et al 1988), with p = 0.04. In figure 8, two false negatives
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Figure 7. Optimization of a texture-based prediction model with respect to PET and

MR simulated image acquisition parameters using bootstrapping experiments. In
this work, the HGZEGLSZM texture feature was extracted from PET simulated images
(PETsim) acquired with different numbers of span (sp). The ZSVGLSZM texture feature
was extracted from T1-weighted simulated images (T1sim) acquired with different
multiples of the repetition time (TR) used in clinical acquisitions for each patient
(TRc). The LRLGEGLRLM texture feature was extracted from T2-weighted simulated
images (T2sim) acquired with different multiples of the echo time (TE) used in
clinical acquisitions for each patient (TEc). The multivariable model combines the
SUVpeak feature extracted from clinical images (sp3) with the three texture features
extracted from simulated images using logistic regression. Different models were
trained in 1000 bootstrap training samples for all possible combinations of the tested
acquisition parameters of simulated images, and the trained models were tested in the
corresponding 1000 bootstrap testing samples. The average AUC computed over all
bootstrap testing samples was then calculated (‘bootstrap AUC’). ‘SIM OPTIMAL’
and ‘SIM CLINICAL’ point to the results of the models constructed using the optimal
(span 15, 13 × TRc, 12 × TEc ) and clinical (span3, TRc, TEc) sets of PET and MR image
acquisition parameters, respectively. (a) Plots of bootstrap AUC as a function of varying
numbers of span and TE, with TR fixed. (b) Plots of bootstrap AUC as a function of
varying numbers of span and TR, with TE fixed.
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Figure 8. Texture-based prediction model response enhancement using an optimal set
of PET and MR image acquisition parameters. Final model responses for the prediction
of lung metastases in soft-tissue sarcomas and associated confidence intervals (95%)
are constructed using bootstrapping. Left: Probability of developing lung metastases as
a function of the response of the final model constructed by combining SUVpeak with
textures (PETsim—HGZEGLSZM , T1sim—ZSVGLSZM , T2sim — LRLGEGLRLM )
extracted from simulated images acquired with clinical acquisition parameters (span
3, TRc, TEc). Right: Probability of developing lung metastases as a function of the
response of the final model constructed by combining SUVpeak with textures
(PETsim—HGZEGLSZM , T1sim—ZSVGLSZM , T2sim — LRLGEGLRLM ) extracted
from simulated images acquired with optimal acquisition parameters (span 15, 13 × TRc,
1
2 × TEc ). The increase in AUC of the model responses is significant, with p = 0.04 .

(Lung Mets patients with a probability  <  50%) using clinical parameters become true positives (Lung Mets patients with a probability  >  50%) using optimal parameters, as verified by
inspecting model response values of each patient. On the other hand, some true negatives (No
Lung Mets patients with a probability  <  50%) also become false positives (No Lung Mets
patients with a probability  >  50%). Nonetheless, the significant AUC increase implies that
the overall separation between Lung Mets and No Lung Mets patients under optimal image
acquisition parameters is better than under clinical parameters, and thus that the predictive
properties of the final model response are enhanced.
4. Discussion
Radiomics analysis is envisioned to make a significant impact in current routine clinical practice supporting more personalized cancer treatment management. In particular, the analysis
of PET, CT and MR images with textural metrics have the potential to comprehensively characterize intratumoural heterogeneity and to provide crucial information about tumour aggressiveness. Tumour outcome prediction models combining textural metrics would be in turn
constructed to improve prognostic assessment. However, it is recognized that routine clinical
use would demand such radiomics models to be highly robust and predictive. Therefore, in the
past few years, many studies have investigated the stability of textural features under varying
imaging conditions in attempt to identify the most robust features, but not arguably the most
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optimal ones. In this work, we pursued an alternative but complementary approach that aims
to identify the conditions and acquisition settings for these features to provide optimal predictive value. A proof of concept was carried out using computerized simulations of PET and
MR image acquisitions, a type of framework which would provide an effective and controlled
environment to study the effects of different acquisition parameters on many different types
of textural measurements of intratumoural heterogeneity. We demonstrated the feasibility of
enhancing a texture-based predictive model by optimizing targeted image acquisition param
eters. Such identified parameters could thereafter be standardized and possibly become part
of new protocols in future prospective studies designed to use radiomic models for tumour
response assessment.
First, a multivariable model for the prediction of lung metastases in soft-tissue sarcomas (STSs) was constructed from PET and MR clinical images. This model is composed
of four features: (I) the SUVpeak value extracted from PET; (II) the HGZEGLSZM texture
extracted from PET; (III) the ZSVGLSZM texture extracted from T1-weighted images; and (IV)
the LRLGEGLRLM texture extracted from T2-weighted fat-saturated images. In our work, we
attempted to optimize the computation of these three texture features that are part of the model
by varying different image acquisition parameters, but the SUVpeak feature was not optimized
and was only extracted from clinical images. While the actual value of the SUVpeak feature
would also change with varying PET acquisition parameters, the potential extent of optim
ization for that feature is likely less than for textures. Also, for practicality reasons in real life
situations, it is possible that only a single additional set of images meeting the optimization
requirements of textures would be acquired, whereas other more conventional prognostic factors would be extracted from images acquired using standard clinical acquisition protocols
meeting the demands and requirements of radiologists.
In this work, simulated PET images were acquired by varying the number of span, or the
number of neighboring ring detectors that are allowed to be in coincidence in the image acquisition, a procedure that increases slice sensitivity at the expense of resolution loss. Overall,
we observed that an increasing number of span generally resulted in an increase of the
HGZEGLSZM texture, a metric that quantifies the dominance or the emphasis of high-intensity
sub-regions within the analyzed ROI. We also noted that this effect seemed to be more pronounced for Lung Mets patients than for No Lung Mets patients. In principle, increasing the
number of span increases the image smoothing in the whole image and would thus result in
a better definition of both the high- and low-intensity tumour sub-regions. However, as highintensity tumour sub-regions in PET are likely more dominant for aggressive tumours with
high metabolism, a higher increase of the HGZEGLSZM texture is more likely for metastatic
STSs. To our knowledge, no other work has investigated the effect of the number of span on
textures. Galavis et al (2010) studied the effect of different acquisition modes and reconstruction parameters on GLRLM textures (1D run length counterpart of the 2D or 3D GLSZM zone
size computations), and concluded that those textures display intermediate variability. In this
study, the variability of the HGZEGLSZM texture feature with varying numbers of span allowed
for intermediate variations in the association of this metric with lung metastases in STSs.
In terms of MRI acquisitions, T1-weighted simulated images were acquired with a standard
spin-echo sequence using different repetition times (TR), and T2-weighted simulated images
were acquired using different echo times (TE). Overall, we observed that an increasing TR
generally resulted in an increase of the ZSVGLSZM texture feature, a metric quantifying the variance in the size of the different sub-regions within the tumour. An increasing TE also resulted
in an increase of the LRLGEGLRLM texture feature, a metric quantifying the dominance or
emphasis of continuous long runs of low-intensities. These effects could be explained by the
increased contrast resulting between low- and high-intensity tumour sub-regions in simulated
8559

M Vallières et al

Phys. Med. Biol. 62 (2017) 8536

images with increasing TR and TE, although the effect is less conclusive for T1-weighted
images. However, we also observed that small perturbations in T1-weighted and T2-weighted
simulated images with different TR and TE could provok considerably high variations in the
ZSVGLSZM and the LRLGEGLRLM metrics, respectively. Mayerhoefer et al (2009) and Waugh
et al (2011) suggested that spatial resolution (i.e., voxel size) would nonetheless have higher
impact than varying imaging sequence parameters on the outcome of texture analysis, but
here our results obtained on realistic and heterogeneous tumour models advise about the
need to find an effective trade-off between optimization and robustness of features in such
experiments.
We demonstrated in this work that the enhancement of a multivariable texture-based predictive model via the optimization of PET and MR image acquisition protocols is feasible, as
the increase in prediction perfromance estimation by extracting texture features from images
acquired using an optimal set of acquisition parameters was significant. Specifically, the
optimization process led to a direct increase in the prediction of true positives (i.e., higher
sensitivity) as seen in figure 8. As the most important variable in the model (SUVpeak) was
not optimized, we believe that degrees of enhancement higher than those observed in this
work may be achievable if a given multivariable prediction model is texture-based only.
Nevertheless, we also observed considerable oscillations of the bootstrap AUC results in the
optimization process of figure 7, which limits our ability to decipher optimization patterns.
These oscillations may reflect statistical fluctuations in multivariable modeling due to the low
number of patients of our cohort. Features also weigh differently in different multivariable
experiments and as a consequence, it may be difficult to predict the global response pattern
of a model under different acquisition parameters. In terms of the optimization of a specific
texture for the enhancement of a prediction model using different sets of image acquisition
parameters as compared to clinical ones, an ideal situation would entail that the texture metric
varies in one direction (e.g., increase) with new sets of acquisition parameters for all patients
of a given group (e.g., Lung Mets) at the same time as the texture metric varies in the opposite
direction (e.g., decrease) for the other group (e.g., No Lung Mets). In reality, it is more likely
that the texture would vary in one direction for the majority of patients, regardless of the
patient group. In that case, it could be possible to enhance a prediction model if the separation
of the texture metric is higher between the two groups of patients for a given set of acquisition
parameters as compared to clinical ones. However, the distribution of this separation with new
sets of acquisition parameters may not follow the distribution of the metric itself for the whole
cohort of patients, and this complicates the optimization process. Furthermore, it is important
to recognize that the optimal set of PET and MR image acquisition parameters identified in
multivariable analysis (span 15, 13 × TRc and 12 × TEc in figure 7) is not exactly the same as
the one identified in univariate analysis (span 13, 12 × TRc and 1 × TEc in figure 6(b)). This
also attests to the complexity of multivariable modeling where variables that are considered
‘less informative’ by themselves can generate valuable predictions when combined together
(Guyon and Elisseeff 2003).
Despite the promising demonstration of our investigation, there are three main limitations in this proof-of-concept study that we want to point out. Firstly, in order to draw valid
interpretations about texture variations in clinical settings from simulations, it is necessary to
establish similarities between texture features extracted from clinical and simulated images.
Investigations on this issue were also performed and are presented in section 4 of supplementary material (stacks.iop.org/PMB/62/8536/mmedia). Our results show that the HGZEGLSZM
texture feature values are similar between clinical and simulated image acquisitions, but that
the ZSVGLSZM and LRLGEGLRLM texture features can considerably differ for some patients.
For MRI, this effect may be explained by the high sensitivity of those texture features to
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varying TR and TE as observed in figure 6(a). Although the differences between the individual texture features of the clinical images and of the simulated images acquired using
clinical parameters are not significantly different under the two-sided Wilcoxon signed rank
sum test (PET: p = 0.12, T1-weighted: p = 0.17, T2-weighted: p = 0.08), our MRI simulation framework could be further refined in future work to achieve better results. The validity of
tumour models prior to simulations is fundamental, and wrong assumptions in the creation of
those models could have affected our results, especially in the case of MR image acquisitions.
Secondly, full construction of prediction models including feature selection should ideally be
performed for every set of simulated images acquired with different parameters. For example, as increasing the number of span affects the intrinsic resolution of PET images, optimal
textures for the prediction of lung metastases in STSs may be found for different resolutions
and quantization parameters than the ones identified from clinical images. Similarly, changing the contrast in T1-weighted and T2-weighted MR images via variations in TR and TE
could change the extraction parameters for which MRI textures are optimal. To investigate this
effect, we resampled to different resolutions (1-2-3-4-5 mm) the simulated images acquired
using the optimal set of parameters identified in this work: we found that the highest absolute
correlations with lung metastases for the PETsim—HGZEGLSZM , T1sim—ZSVGLSZM and
T2sim — LRLGEGLRLM textures were obtained at resolutions of 2, 3 and 1 mm, respectively.
These resolutions differ from the ones identified using clinical images as detailed in equation (3) (5, 4 and 2 mm, respectively). During model construction, it is also possible that
different types of texture features would be selected from simulated images acquired with
different acquisition parameters. In future work, the behaviour of the whole feature selection process should be carefully examined for all types of acquisition parameters to better
understand how it affects prediction results. Thirdly, bootstrapping experiments only provide
an estimation of the predictive properties of our texture-based model. Independent validation
of the results obtained in this study on larger external datasets is needed. For this purpose, we
plan in future work to increase our STS patient database and to also test the methods developed in this study on other cancer types.
Overall, our work is only a first step towards the enhancement of texture-based prediction
models via the optimization of image acquisition parameters. The type of simulation framework developed in this study could also be useful to evaluate the stability of a broad list of
texture features with respect to different image acquisition settings encountered in existing
clinical databases. For example, given a retrospective imaging database with non-uniform
acquisition protocols across different patients, simulated images could be obtained for all
patients for a range of acquisition parameters corresponding to the one observed in the clinical
database. Many texture features would be computed for all sets of simulated images, and the
stability of each feature with respect to different acquisition settings could then be estimated
on a per-patient basis. The most stable features could then undergo image acquisition optim
ization for a given clinical endpoint using a wider range of potentially different image acquisition parameters. This simulation framework could also be further exploited to assess how
specific textures or complete texture-based prediction models may require different optim
ization schemes when images are acquired on different types of clinical scanners. Ultimately,
specific ‘radiomics acquisition protocols’ optimized and validated to generate superior textural
measurements—for a given scanner and clinical problem—could be proposed to improve the
design of prospective radiomics studies. In general, this optimization framework could be
adopted for various clinical problems other than the prediction of different tumour outcomes
for different cancer types. For example, other potential applications would include tissue identification, tumour staging, treatment response monitoring, radiogenomics and habitat imaging
(Sala et al 2017). Finally, we envision that the optimization of image acquisition protocols
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via computerized simulations could play a significant role in the emergence of deep learning
(LeCun et al 2015) techniques into the radiomics framework (Oakden-Rayner et al 2017, Li
et al 2017). As deep learning automatically identifies visual features that are suitable for a
specific task, we believe that the discovery of novel and improved imaging biomarkers could
be augmented within this machine learning framework by using simulated images obtained
with large sets of different acquisition parameters.
5. Conclusion
In the past few years, many studies have examined the impact of different imaging settings
on textural measurements, with the aim of identifying the most stable features under varying
conditions. In this work, we pursued an alternative but complementary approach by evaluating
the feasibility of optimizing texture features extracted from images acquired using different
acquisition protocols for better prediction of a given clinical endpoint. As a proof of concept,
we developed a workflow based on computerized simulations of PET and MR image acquisitions to test if the performance of a texture-based model constructed for the prediction of lung
metastases in soft-tissue sarcomas could be enhanced by optimizing targeted image acquisition parameters. Results obtained in bootstrapping experiments suggest that it is possible to
improve the predictive properties of texture-based models by extracting features from images
acquired using an optimal set of acquisition parameters. However, further validation on independent and larger datasets is required, and optimal trade-offs should be attained between
stability and optimization of texture features when different image acquisition parameters are
varied. In this context, the simulation of image acquisitions using realistic digital tumour models would constitute an effective framework to improve the design of prospective radiomics
studies, as it would allow to evaluate beforehand the extent of texture variations under different acquisition settings and the resulting impact on tumour outcome prediction models.
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