Radiotherapy and Oncology 160 (2021) 132-139

Contents lists available at ScienceDirect

Radiotherapy and Oncology

journal homepage: www.thegreenjournal.com

Original Article

Deciphering the glioblastoma phenotype by computed tomography R

Check for

radiomics

Inge Compter **, Maikel Verduin ®, Zhenwei Shi? Henry C. Woodruff“‘, Robert J. Smeenk ¢, Tom Rozema',
Ralph T.H. Leijenaar %, René Monshouwer ¢, Daniélle B.P. Eekers?, Ann Hoeben ", Alida A. Postma ¢,
Andre Dekker?, Dirk De Ruysscher?, Philippe Lambin “‘, Leonard Wee *

2 Department of Radiation Oncology (Maastro), GROW School for Oncology, Maastricht University Medical Centre+; ® Department of Medical Oncology, GROW-School for Oncology,
Maastricht University Medical Center;  The D-Lab, Dept of Precision Medicine, GROW - School for Oncology, Maastricht University; ¢ Dept. of Radiology and Nuclear Medicine, GROW-
School for Oncology, Maastricht University Medical Center, Maastricht; € Dept. of Radiation Oncology, Radboud University Nijmegen Medical Centre, Nijmegen; fVerbeeten Institute,
Dept. of Radiotherapy, Tilburg, The Netherlands; & Oncoradiomics SA, Liége, Belgium

ARTICLE INFO ABSTRACT

Article history:

Received 22 November 2020

Received in revised form 19 April 2021
Accepted 3 May 2021

Available online 10 May 2021

Introduction: Glioblastoma (GBM) is the most common malignant primary brain tumour which has,
despite extensive treatment, a median overall survival of 15 months. Radiomics is the high-throughput
extraction of large amounts of image features from radiographic images, which allows capturing the
tumour phenotype in 3D and in a non-invasive way. In this study we assess the prognostic value of CT
radiomics for overall survival in patients with a GBM.

Materials and methods: Clinical data and pre-treatment CT images were obtained from 218 patients diag-

Ke.y words: nosed with a GBM via biopsy who underwent radiotherapy +/— temozolomide between 2004 and 2015
Glioblastoma R L. . . .
Radiomics treated at three independent institutes (n = 93, 62 and 63). A clinical prognostic score (CPS), a simple

radiomics model consisting of volume based score (VPS), a complex radiomics prognostic score (RPS)
and a combined clinical and radiomics (C + R)PS model were developed. The population was divided into
three risk groups for each prognostic score and respective Kaplan-Meier curves were generated.
Results: Patient characteristics were broadly comparable. Clinically significant differences were observed
with regards to radiation dose, tumour volume and performance status between datasets. Image acqui-
sition parameters differed between institutes. The cross-validated c-indices were moderately discrimina-
tive and for the CPS ranged from 0.63 to 0.65; the VPS c-indices ranged between 0.52 and 0.61; the RPS c-
indices ranged from 0.57 to 0.64 and the combined clinical and radiomics model resulted in c-indices of
0.59-0.71.

Conclusion: In this study clinical and CT radiomics features were used to predict OS in GBM.
Discrimination between low-, middle- and high-risk patients based on the combined clinical and radio-
mics model was comparable to previous MRI-based models.

© 2021 The Author(s). Published by Elsevier B.V. Radiotherapy and Oncology 160 (2021) 132-139 This is
an open access article under the CCBY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Computed tomography
Radiotherapy

Model development
Model validation

Despite extensive treatment with surgery, radiotherapy, and
concurrent and adjuvant chemotherapy, patients with glioblas-
toma (GBM) have a very poor prognosis with a median overall sur-
vival (mOS) of 15 months after diagnosis [1]. A small subgroup of
patients (~5%) who survive for more than 3 years has been
reported [2]. The wide range in OS underlines the need to estimate
likely prognosis on the individual level in order to support person-
alized treatment.

Several clinical recursive partitioning analysis models (RPA)
have previously been developed to compare glioma survival cat-
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egories and obtain homogenous groups of patients to evaluate
in clinical trials [3-6]. These models only include clinical
parameters such as performance status (PS) and age. In order
to refine these models, the glioma phenotype has received con-
siderable attention, thus identification of different phenotypes
may hold important prognostic and predictive information in
addition to RPA.

Radiomics has emerged as a novel component of clinical deci-
sion support systems [7]. It refers to the automated extraction of
large amounts of imaging features from radiographic images. The
radiomics hypothesis is that image-derived features capture infor-
mation that is otherwise not visible [8,9]. Previous radiomics stud-
ies have demonstrated that quantitative assessment of non-
invasive biomarkers holds prognostic information in numerous
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cancer types in addition to molecular and clinical characteristics
[8,10,11].

Radiomics may improve clinical decision making in glioma in
addition to the known RPA models as there is evidence that it
can differentiate between tumour grade, identify druggable
mutations, and assess tumour response [12-16]. Moreover,
radiomics offers the opportunity to retrieve imaging biomarkers
for clinical trials and can be obtained retrospectively. Currently,
radiomics research in GBM has primarily focused on MRI. How-
ever, GBM patients regularly receive CT scans either at first pre-
sentation or as part of their work-up for radiotherapy treatment
planning.

Translating radiomics-based treatment outcome models into
routine clinical use requires objective assessment of its prognostic
performance in independent datasets. However, the majority of
radiomics studies to date are lacking either detailed external vali-
dation or direct access to the individual patient data [17,18]. The
primary objective of this study was to examine the prognostic
potential of clinical, tumour volume and CT-derived radiomics fea-
tures for OS in adult patients with biopsy confirmed GBM, treated
by radiotherapy with or without temozolomide.

Materials and methods

Study population

The study population was derived from routine care cases from
the three participating institutions: MAASTRO Clinic, Radboud
University Medical Centre (RadboudUMC) and the Verbeeten insti-
tute, all located in The Netherlands. Patient and treatment charac-
teristics are summarized in Table 1. The inclusion criteria were:
age at biopsy > 18 years, pathologically confirmed GBM at diagno-
sis, CT imaging and RT structure set available for analysis and trea-
ted with radiotherapy between January 2004 and December 2014.
Only patients without a tumour resection (i.e. biopsy only) were
included to create a clinically homogenous group and allow for
evaluation of the tumour still present on the CT images. Clinical
parameters and survival intervals from start of radiotherapy were
extracted from electronic patient records. Follow-up consisted of
clinical review and imaging every three months until death.
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Study design

This work has been approved by internal review boards of three
participating institutions as a retrospective chart review-based
observational study (IRB/P0122). The study is a Transparent Report-
ing of a multivariable prediction model for Individual Prognosis Or
Diagnosis (TRIPOD) Type 2b investigation [19].

We used internal-external cross-validation on multi-
institutional data to investigate potential CT radiomics signature
for OS in adult histopathologically biopsy confirmed GBM patients
treated by radiotherapy. The “internal-external cross-validation”
method of Steyerberg and Harrell offers a more rigorous validation
than a purely randomized split into training and testing cohorts
[20]. Due to the vast number of candidate features relative to the
number of deaths, a step-by-step feature selection approach was
used to reduce the number of features. We compared this “data-
driven” radiomics model with (1) a knowledge-based clinical
model consisting of well-known prognostic factors from an RPA
model [6] and (2) a simple radiomics model consisting of only
one feature - the primary tumour volume [21].

Image acquisition

Treatment planning simulation CTs acquired prior to radiother-
apy were used for the analysis. All CT scanners were used entirely
without modifications to standard clinical procedure. Image acqui-
sition parameters are presented in supplementary Table 2.

Gross tumour volume identification

Each gross tumour volume (GTV) was manually delineated by
experienced radiation oncologists (n = 9, all with at least 5- years
of experience) using a radiotherapy planning MRI co-registered
to the planning CT as reference image. The delineations were
checked by a second experienced radiation oncologist. The plan-
ning MRI consisted of contrast-enhanced 1-3 mm slice T1-
weighted images. The GTV was defined as the enhancing tumour
in accordance with ESTRO-ACROP guidelines [22]. The delineation
was performed using the participating institutes treatment plan-
ning systems (TPS) (XiO (version 4.0, updated to 4.51 in use in

Table 1
Patient characteristics.
Centre 1 Centre 2 Centre 3
(n=93) (n=62) (n=63)
Biological sex
Female 37 (39.8%) 21 (33.9%) *(p = 0.56) 26 (41.3%) *(p = 0.98)
Age at biopsy
Median (range) 63.9 (21-86) 60.8 (18-77) *(p = 0.37) 63.6 (40-80) *(p = 0.98)
Over 70 years of age 29 (31.2%) 12 (19.4%) *(p = 0.15) 13 (20.6%) *(p = 0.20)
WHO Performance
0 29 (31.2%) 0 (0%) 0 (0%)
1 45 (48.4%) 19 (30.6%) 41 (65.1%)
2 16 (17.2%) 20 (32.2%) 21(33.3%)
3or4 3(3.2%) 3 (4.8%) 1(1.6%)
(missing) - 20 -
*(p < 0.01) *(p < 0.01)
Interval biopsy to RT
Median (range) days 28 (0-86) 33 (16-65) *(p = 0.017) 32 (5-402) *(p = 0.027)

Concurrent temozolomide

Tumor physical dose

Median (range) in Gy

Gross tumor volume

Median (range) in cm?

Kaplan-Meier median (range) overall survival in days
Kaplan-Meier overall survival at 1 year

(95% confidence interval)

59 (63.4%)
60 (2-60)

51.9 (0.5-194)
224 (3-4221)
23.7%
(16.4-34.1)%

38 (61.3%) *(p = 0.92)
60 (0-60) *(p = 0.92)

482 (1-222) *(p = 0.52)
162 (4-4055) *(p = 0.02)
17.9% *(p = 0.50)
(10.2-31.4) %

31 (47.6%) *(p = 0.073)
45 (4-59.4) *(p < 0.01)

31.9 (4-165) *(p = 0.01)
181 (32-1246) *(p = 0.25)
17.5% *(p = 0.47)
(10.2-29.9)%
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Table 2

Prognostic discrimination according to concordance index (c-index) with the 95% confidence interval provided between parentheses. Cross-validation is by the internal-external

method quoted in the text and leaving one participating centre out in turn.

Apparent

c-index

Validation Optimism-corrected c-index

c-index

CPS model

Train in 1 & 2, test in 3
Train in 1 & 3, test in 2
Train in 2 & 3, test in 1
Train in pooled data
VPS model

Train in 1 & 2, test in 3
Train in 1 & 3, test in 2
Train in 2 & 3, test in 1
Train in pooled data
RPS model

Train in 1 & 2, test in 3
Train in 1 & 3, test in 2
Train in 2 & 3, test in 1
Train in pooled data

(C + R)PS model

Train in 1 & 2, test in 3
Train in 1 & 3, test in 2
Train in 2 & 3, test in 1

0.652 (0.60-0.70)
0.651 (0.60-0.70)
0.659 (0.60-0.72)
0.657 (0.61-0.70)

0.541 (0.49-0.60)
0.567 (0.51-0.62)
0.569 (0.50-0.63)
0.554 (0.49-0.62)

0.659 (0.61-0.71)
0.668 (0.62-0.71)
0.641 (0.58-0.70)
0.655 (0.61-0.70)

0.693 (0.65-0.74
0.703 (0.66-0.74
0.665 (0.61-0.72

Train in pooled data 0.691 (0.65-0.73

0.648 (0.57-0.73)
0.654 (0.56-0.74)
0.633 (0.57-0.70)

0.609 (0.53-0.69)
0.515 (0.41-0.62)
0.553 (0.49-0.62)

0.598 (0.52-0.68)
0.568 (0.48-0.66)
0.639 (0.59-0.69)

0.684 (0.62-0.75)
0.589 (0.48-0.70)
0.707 (0.66-0.76)

0.651 (0.60-0.69)

0.547 (0.48-0.61)

0.643 (0.60-0.69)

- 0.689 (0.65-0.73)

2014), Elekta, Stockholm, Sweden; Eclipse (version 10), Varian
Medical Systems, California, USA; Pinnacle 3, Philips Medical Sys-
tems, Fitchburg, USA). The CT images and delineated structures
were exported from each TPS in Digital Imaging and Communica-
tions in Medicine (DICOM) format.

Radiomics feature extraction

Radiomics features were extracted using an open-source
Python library pyRadiomics (v2.1.2) [23]. Images were resampled
to 1 mm isotropic voxels. A total of 1093 features were extracted.
These consisted of 13 morphology (shape) features, 17 intensity-
histogram (first-order) features and 73 textural which includes
e.g., Haralick features (gray-level co-occurrence matrix (GLCM),
grey level size zone matrix (GLSZM), grey level run length matrix
(GLRLM), and neighborhood grey tone difference matrix (NGTDM).
The intensity and textural features were re-computed after Lapla-
cian of Gaussian (LoG) filter with three kernel dimensions - 1 mm
(90 features), 2 mm (90 features) and 3 mm (90 features). The fea-
tures were re-computed following wavelet (coif1) decomposition
at 8 levels, for every possible combination of either a high or low
pass filter in each of three cardinal axes (720 features). Morphology
features in pyRadiomics are independent of pre-processing filters.
Binary masks for the GTV were generated from DICOM structure
sets using the O-RAW extension library to pyRadiomics to process
DICOM inputs [24]. The mathematical definition of each feature
can be found in the pyRadiomics documentation and the pyRadio-
mics extraction settings file is included in the Supplementary
Materials (supplementary file 1). Divergences between PyRadio-
mics and the Image Biomarker Standardization Initiative (IBSI)
have been documented by the developers [25].

Model development

A knowledge-based clinical prognostic score (CPS) was derived
from a multivariable Cox regression of OS, using age in years and
WHO PS as predictors. Cognitive function scores were not available
in the present datasets [6]. Surgery type and tumour grade were
not used because these were already applied as eligibility filters
for the study. Categorical WHO-PS scores were re-coded in binary
fashion as PS > 1, PS > 2, etc. Binary variables containing less than
10 occurrences were excluded.
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Next, a GTV prognostic score (VPS) was evaluated using a single
radiomics feature, tumour volume. This follows the recommenda-
tion of Welch et al [21]. to test accepted clinical factors that could
yield similar prognostic performance as more complex signatures.

A radiomics prognostic score (RPS) was developed with a “data-
driven” approach by sequentially reducing the number of candi-
date radiomics features within the training set. Each extracted
radiomics feature was normalized by a Yeo-Johnson transforma-
tion [26] followed by centering (mean = 0) and scaling (sample
standard deviation = 1) according to the training set. The same
steps were applied in the validation set without any re-
computation.

Finally, the CPS model and RPS model were combined in a
clinical- and radiomics prognostic score ((C + R)PS) model.

Feature selection

Since the variables for the CPS were knowledge-based, and the
VPS has one feature, no feature selection was applied to these mod-
els. A univariate association with OS was performed in order to
confirm no important clinical features were missed.

As radiomics features are known to change significantly due to
differences in scanner model, image acquisition or reconstruction
settings, we used the post-reconstruction ComBat harmonisation
method to harmonise features extracted from images acquired
across the different institutes [27]. No test-retest to eliminate
intensity-based and textural features with poor repeatability was
performed as there was no GBM CT test-retest study available at
time of writing.

The feature selection approach for the RPS is shown schemati-
cally in Fig. 1. One thousand unique bootstrap samples were drawn
up from the entire cohort. In each bootstrap sample, the findCorre-
lation function in the R caret library [28] was used to minimize the
number of pairwise feature correlations greater than 0.90 or less
than —0.90; this removes the highly correlated features without
looking at the survival outcome. Next, least absolute shrinkage
(LASSO) [29] embedded with Cox regression was used to count
how many times individual features were retained; this was done
with 5-fold internal cross-validation with the default model tuning
grid from R glmnet [30]. The top 10 features were arbitrarily
retained, since the frequency of selected features decayed rapidly
(Fig. 1a). With the top ten features, a stepwise backward Cox



I. Compter, M. Verduin, Z. Shi et al.

Radiotherapy and Oncology 160 (2021) 132-139

Each bootstrap

1000
bootstrap
samples

1(a)

Feature frequencies

I

o}
@

regression was applied on the same 1000 bootstrap samples, and
counted the frequency of unique radiomics signatures (combina-
tions of one or more features) that were retained by the aforemen-
tioned stepwise regression. The top most frequent signature was
arbitrarily selected as the RPS model, however there is no universal
agreement on which signature to choose (Fig. 1b).

Model validation and risk grouping

The general procedure recommended in TRIPOD for model
development and validation was applied [19]. Using data from
the three centres the prognostic performance using the internal-
external method, with each centre being left out in turn, was
estimated. For prognostic signatures, the global coefficients using
all three datasets combined were determined and an over-
optimism correction by the bootstrapping method was applied
[20]. The same 1000 bootstrap samples for feature selection were
also used for optimism estimation. The Harrell concordance index
(c-index) [31] was used as measure of discrimination.

For clinical relevance, prognostic scores were used to divide the
population into three risk groups - the best prognosis 25%, the
worst prognosis 25% and the remainder [32]. Survival curves for
the risk group are presented as Kaplan-Meier (KM) plots.

Statistical analysis

All analyses were performed in R statistical software (V3.6.1,
https://www.R-project.org/). For differences in patient characteris-
tics, the appropriate two-sided hypothesis test was applied; stan-
dard Z-test for proportions of continuous variables, unpaired
Wilcoxon test for median and range, and exact Fisher test for cat-
egorical variables. Univariate association with OS was used to con-
firm that important clinical features had not been overlooked. OS
was analysed from commencement of radiotherapy until death
or loss to follow-up (right censored) using the coxph function in
the package survival [33] and c-indices were obtained from the
survcomp package [34]. Survival outcomes were compared between
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. 1. (a-b). Feature selection approach for the RPS model.

risk groups using the Kaplan-Meier survival analysis (log-rank test
with one-sided p value). In addition to the c-index and KM curves,
we examined the distribution of prognostic scores generated by
the model (namely, median and interquartile range) as well as
regression of the prognostic scores themselves against OS as indi-
cation of the calibration slope, in accordance with Royston and Alt-
man [32] to check for discrimination, calibration and model fit.

Results

Patient and treatment characteristics are summarized in Table 1.
There were no statistically significant differences between the
cohorts for gender, age at biopsy, or treatment. Significant and
clinically relevant differences were observed for radiation dose,
primary tumour volume and WHO-PS scores. The proportion of
1-year OS after the start of radiotherapy was not significantly
different between cohorts. In univariate analysis, age, WHO-
PS > 1 and WHO-PS > 2 were strongly associated with OS
(p < 0.005 after Bonferroni correction). The treating clinic was mar-
ginally associated with OS (HR 1.2; 95% CI 0.99-1.3, p = 0.0067).
Tumour location (e.g. frontal, parietal, occipital or temporal) was
not strongly associated with OS (data not shown). There were no
pairwise Spearman correlations stronger than +0.33 between any
of the features present in the RPS and CPS models.

Prognostic performance was quantified as c-indices for each
of the four models, through internal-external cross-validation
with each centre alternately left out, and with all subjects
pooled together (Table 2). The CPS returned c-indices ranging
from 0.63 to 0.65 in cross-validation, which was also consistent
with a model trained on pooled subjects (apparent c-index 0.66,
optimism-corrected c-index 0.65). The estimated 95% confidence
interval (CI) was always above 0.50. The tumour volume model
(VPS) was uniformly inferior to CPS with a c-index which fluc-
tuated from 0.52 to 0.61 in cross-validation. The estimated 95%
CI generally included 0.50. The radiomics model (RPS) resulted
in an apparent c-index of 0.57 to 0.64 and an optimism-
corrected c-index of 0.64. The (C + R)PS model returned c-
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The distribution of prognostic scores and calibration slopes of
each model are shown in Supplementary Table 3. Similar discrim-
ination performance and appropriateness of model fit of the CPS
and RPS models was confirmed by the calibration slope and

indices ranging from 0.59 to 0.71 in cross-validation. For both
the RPS and (C + R)PS model the estimated 95% CI only
included 0.50 when the model was trained in centres 1&3
and validated in centre 2.

Table 3

Model coefficients.
Model and variables Cox regression coefficients ~ Hazard ratio (HR) estimate ~ 95% confidence interval of HR ~ p-value
CPS (pooled)
Age at biopsy 0.035 1.04 (1.02-1.05) <0.001
WHO-PS > 1 0.302 1.35 (0.88-2.08) 0.167
WHO-PS > 2 0.510 1.66 (1.20-2.30) 0.002
VPS (pooled)
Tumor volume 0.099 1.10 (0.96-1.27) 0.2
RPS (pooled)
Wavelet-LHH: Intensity Skewness 0.263 1.30 (0.09-2.96) 0.003
Wavelet-LLH: GLDM DependenceNonUniformityNormalized = 0.304 1.35 (0.11-2.85) 0.004
Wavelet-LLL: GLCM IMC2 0.291 1.34 (0.08-3.87) <0.001
Wavelet-HHL: Intensity Skewness 0.396 1.49 (0.15-2.64) 0.008
Wavelet-LLH: GLSZM GrayLevelNonUniformity 0.261 1.30 (0.10-2.71) 0.006
Shape: Elongation 0.128 1.14 (0.08-1.57) 0.116
Wavelet-HLL: Intensity Median -0.140 0.87 (0.07-1.98) 0.048

Abbreviations: WHO-World Health Organization; PS - Performance status; GLDM - Grey-level Difference Matrix; GLCM - Grey-level co-occurrence matrix; IMC - Infor-

mation Measure of Content; GLSZM - Gray-level size zone matrix.
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Fig. 2. (a-d). Kaplan-Meier analysis of overall survival of the complete study cohort. The population was divided into three risk groups for each prognostic score a) clinical

Time in months

(d)

prognostic score (CPS), b) volume based score (VPS), c) radiomics prognostic score (RPS), d) clinical and radiomics prognostic score (C + R)PS.
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distribution of their prognostic indices. The median and interquar-
tile range of prognostic scores are broadly overlapping in each of
the three datasets, suggestive of adequate discrimination and cali-
bration in each. For the CPS models the scores at centres 2 and 3
have less heterogeneity, as evidenced by smaller interquartile
range, due to the lack of any WHO-PS 0 patients in those datasets.
Poor performance of the VPS model was confirmed by large
changes in the calibration between centres and error in the calibra-
tion slope, such that we cannot rule out the actual slope is zero and
therefore overall lack of model fit. Inspection of Schoenfeld residu-
als of the calibration line shows no evidence of the proportional
hazards assumption being violated in any combination of model
and dataset.

Model coefficients, estimated hazard ratio (HR) with 95% confi-
dence interval, and p-value for globally pooled models are shown
in Table 3. Kaplan-Meier curves for the four different models
(CPS, VPS, RPS, (C + R)PS) trained on pooled data are shown in
Fig. 2.

Discussion

Identification of patients with a poor prognosis is of vital clini-
cal importance as it may be questioned if it would be beneficial to
offer these patient chemo-radiation, which may significantly
decrease quality of life, or discuss best supportive care. This deci-
sion is currently primarily based on performance status, but this
study demonstrates more factors, such as the GBM phenotype,
should be considered. In the future these considerations should
be implemented into decision support systems for GBM [35]. A
steadily growing number of studies have been able to predict sur-
vival based on CT analysis in numerous types of cancer [8,36-39].
Skogen et al. have previously demonstrated that with a 2D CT tex-
ture analysis tumour heterogeneity correlated better with grade
than size and attenuation did in glioma patients [40]. However,
the present study is the first to investigate OS in patients with a
GBM with CT-based radiomics. The CPS model based on age and
WHO performance status and RPS model both demonstrated a
moderate discriminative signature with an apparent c-index 0.66,
and a combined c-index of 0.69, whereas the VPS only returned a
c-index of 0.55. Fig. 2 demonstrates the discriminative power of
the four models to separate the cohort into risk classes for survival.
The assignment to the high-risk group according to the Cox models
is associated with an increased Relative risk (RR) of mortality in the
first 3 months compared to all the others (CPS: RR = 2.03; RPS:
RR = 2.46; combined CPS + RPS: RR = 2.75). The first three months
is an arbitrarily chosen timepoint, however it is clinically meaning-
ful for decision-making as most physicians will be very hesitant to
start treatment if the life-expectancy of the patient is three months
or shorter.

Since discrimination is preserved in every validation for the CPS
model, it may be possible to update the model with new clinical
parameters such that the calibration is augmented. The lack of dis-
criminative power for the VPS model is noteworthy as it is gener-
ally accepted that a larger tumour volume is correlated with a
worse prognosis [41]. This indicates that other factors should be
accounted for. The distribution of the PIs for the RPS model (sup-
plementary Table 3) does not suggest there is a major problem
with the radiomics features being defined differently or having
an incompatible set of units. Potential reasons for the lack of fit
are the considerable heterogeneity in clinical- and imaging param-
eters between the three investigated cohorts or the need to recal-
ibrate the models specifically for the brain. The residuals of the
regression of the PIs to the outcome of interest, i.e. a Schoenfeld
test, did not indicate that the proportional hazards assumption
had become untenable in any of the aforementioned datasets.
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The historically available recursive partitioning analyses have
shown their prognostic significance in the characterization of
glioma subgroups with respect to survival [3-6]. These classifica-
tions were limited to tumour grade, age, PS, extent of surgery
and mental status. Table 1 shows there is clinical heterogeneity
present between the three datasets. Despite our best efforts, infor-
mation on the WHO-PS was missing in a significant portion of cen-
tre 2 (32%). When comparing patient characteristics and OS
between datasets we believe that there may be a selection bias
present based on local neurosurgical clinical practice.

All of the CT scans used were acquired for simulation in routine
image-guided radiotherapy planning (supplementary Table 2).
However, the CT scanners and the imaging protocols used in this
study differed in regards to the acquisition parameters and con-
trast enhancement. It has previously been demonstrated that both
image quality and repeatability is highly dependent on imaging
protocol and CT vendor, potentially influencing our results [42-
44]. In order to minimize protocol differences additional CT scan-
ner quality assurance by means of phantom studies may prove to
be necessary for reproducibility [45]. The volumes-of-Interest
required were manually delineated by the treating physicians
based on the ESTRO guideline [22]. However, inter-observer vari-
ability cannot be excluded [46]. Automated segmentation based
on HU for CT or artificial neural-network based methods for MR,
could aid in reducing inter- and intra-observer variability and
may also significantly influence feature reproducibility, but
remains to be investigated. There are, to date, neither test-retest,
multiple scanner series of the same subject nor inter-observer
delineation CT datasets specifically for GBM that might otherwise
have been used during feature selection.

Although MRI is the preferred imaging modality for characteriz-
ing GBM in clinical practice, this study has focussed on re-using CT
scans acquired for radiotherapy treatment planning. A major
advantage of CT is that the grey-level values are expressed in HU
which can be correlated with tissue density. For the delineation
of GBM a fusion of CT images with MRl is preferred due to high res-
olution images and enhanced contrast within soft tissues [47].
However, unlike CT, MR gray-level values in regularly acquired
sequences do not always directly correlate to the physical proper-
ties of tissue, but require a pre-processing normalization step [48].
This renders standard MRI sequences such as T1, T2 and Fluid-
attenuated inversion recovery (FLAIR) unsuitable for radiomics
analysis without pre-processing, resulting in a potential loss of
information. Methods to reduce these issues include intensity nor-
malization (e.g. gaussian and Z-score normalisation) and voxel re-
slicing [49-51]. So far, several studies have investigated normal-
ized MRI images by means of radiomics and demonstrated c-
indices between 0.62 and 0.85 for multivariate models with either
MR features alone or combined with clinical features such as age
and performance status or molecular markers such as MGMT
[52-60]. The combined (C + R)PS model presented in this study
returned an apparent c-index of 0.69, which is comparable to the
studies evaluating radiomics on MRI. More advanced MRI tech-
niques such as Diffusion Weighted Imaging with Apparent Diffu-
sion Coefficient maps, Diffusion Tensor Imaging, do directly allow
for the assessment of the physiological properties of tissue and cor-
relation with survival has been demonstrated [61-63].

This present study has several limitations. All three cohorts
included retrospectively collected data, in which the risk of afore-
mentioned selection bias cannot be excluded. Moreover, not all
clinical factors could be retrieved in all three datasets. As images
were collected over a longer time period differences in image qual-
ity may exist, in order to retain sample size all available images
were included. A larger prospectively collected dataset, including
standardized homogenized imaging protocols, may be required in
order to improve the performance of radiomics models. Decentral-
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ized methods for model development and model validation, where
individual patient-level does not need to leave the institution, will
be a boon to future radiomics modelling studies [64,65]. Known
prognostic/predictive molecular markers such as MGMT (O-6-
methylguanine-DNA methyltransferase) promotor methylation
and IDH1 (isocitrate dehydrogenase 1) mutation were not available
in all patients. A cohort membership model has been used to dis-
tinguish external validation that tests for replication or transfer-
ability in models for dichotomous outcomes, but there is
presently no analogous test procedure for survival time analysis
[66,67]. Our study excluded patients with a tumour debulking in
order to create a homogeneous patient cohort and investigate the
entire tumour volume at time of the planning CT. Confounding
effects due to blood remnants after the biopsy or an open vs stereo-
tactic biopsy may have influenced the results.

A major advantage of radiomics is that it is capable of evaluat-
ing the entire tumour volume, whereas biopsies could result in
sampling errors as genetic profiles from one section of the tumour
may not accurately reflect its whole genetic profile. Presently the
molecular status does not influence treatment choice in GBM.
However, awaiting the results of studies investigating the efficacy
of targeted anticancer drugs, radiomics may support personalized
treatment for GBM. In order for radiomics-based models to be uni-
versally applicable new models should be validated on large and
qualitatively high-level datasets. Making datasets publicly avail-
able through websites such as Cancerdata (https://www.cancer-
data.org/), the radiomics Imaging  Archive (www.
radiomicsimagingarchive.info) or the Cancer imaging archive
(https://www.cancerimagingarchive.net/) should be highly
encouraged.

Conclusion

This study was a TRIPOD type 2b model development study in
three independent datasets. Clinical and CT radiomics features
were used to predict OS. Discrimination between low-, middle-
and high-risk patients based on the combined clinical and radio-
mics model was comparable to previous MRI-based models. Future
research should evaluate CT images of patients with a GBM longi-
tudinally, compare CT features with MRI features, investigate a cor-
relation between molecular markers and radiomics features,
prospective collection of data and data sharing. Ultimately the
objective of the radiomics field is to enhance clinical outcome by
improved outcome prediction. This will most likely be achieved
by combining all available information into one single model.
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