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Abstract

Objectives To construct a radiomics nomogram for the individualized estimation of the survival stratification in glioblastoma

(GBM) patients using the multiregional information extracted from multiparametric MRI, which could facilitate the clinical

decision-making for GBM patients.

Materials and methods A total of 105 eligible GBM patients (57 in the long-term and 48 in the short-term survival groups,

separated by an overall survival of 12 months) were selected from the Cancer Genome Atlas. These patients were divided into a

training set (n = 70) and a validation set (n = 35). Radiomics features (n = 4000) were extracted from multiple regions of the GBM

using multiparametric MRI. Then, a radiomics signature was constructed using least absolute shrinkage and selection operator

regression for each patient in the training set. Combined with clinical risk factors, a radiomics nomogram was constructed based

on a multivariate logistic regression model. The performance of this radiomics nomogram was assessed by calibration, discrim-

ination, and clinical usefulness.

Results The radiomics signature consisted of 25 selected features and performed better than clinical risk factors (i.e., age,

Karnofsky performance status, and treatment strategy) in survival stratification. When the radiomics signature and clinical risk

factors were combined, the radiomics nomogram exhibited promising discrimination in the training (C-index, 0.971) and

validation (C-index, 0.974) sets. The favorable calibration and decision curve analysis indicated the clinical usefulness of the

radiomics nomogram.

Conclusions The presented radiomics nomogram, as a non-invasive prediction tool, could exhibit a favorable predictive accuracy

and provide individualized probabilities of survival stratification for GBM patients.

Key Points

* Non-invasive survival stratification of GBM patients can be obtained with a radiomics nomogram.

* The proposed nomogram constructed by radiomics signature selected from 4000 radiomics features, combined with independent
clinical risk factors such as age, Karnofsky performance status, and treatment strategy.

* The proposed radiomics nomogram exhibited good calibration and discrimination for survival stratification of GBM patients in
both training (C-index, 0.971) and validation (C-index, 0.974) sets.
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Abbreviations

2D Two-dimensional
3D Three-dimensional
AUC Area under the curve

DCA Decision curve analysis

FLAIR  Fluid-attenuated inversion recovery

GBM Glioblastoma

IDH Isocitrate dehydrogenase

KPS Karnofsky performance status

LASSO  Least absolute shrinkage and selection operator

MGMT  Methylated O°-methylguanine-DNA
methyltransferase

oS Overall survival

rCET The region of contrast-enhanced tumor

rE/nCET  The region of edema/non-contrast-enhanced
tumor

rEA The region of entire abnormality

rNec The region of necrosis

TCGA The Cancer Genome Atlas

TCIA The Cancer Imaging Archive

TE Echo time

TR Repetition time

Introduction

Glioblastoma (GBM) is the most common malignant primary
brain tumor [1]. Despite advances in surgery plus chemora-
diotherapy, the median survival of GBM patients remains 10—
14 months [2]. A minority of GBM patients can survive longer
than 36 months [3, 4]. The stratification of prognosis groups is
greatly needed toward a more reasonable and personalized
approach [5] and will directly influence GBM evaluations,
targeted treatments, and follow-up management [6].

In current clinical practice, several prognostic factors are
commonly used to predict the prognoses of GBM patients,
including age, gender, Karnofsky performance status (KPS)
[7], the presence of a unilateral or bilateral tumor [8], and
molecular profiling [9]. However, the spatial and temporal
pathological heterogeneity of GBM limits the ability of these
indices to fully capture GBM characteristics [10]. As a non-
invasive and preoperative routine examination for GBM [11],
the magnetic resonance imaging (MRI) can provide a compre-
hensive and macroscopic image of the entire tumor [12].
Currently, MRI techniques have demonstrated great potential
in the prediction of the survival of GBM patients [13—15];
however, the ability to discriminate between long- and short-
term survival groups must be improved.

In common MRI acquisitions, four image sequences, i.c.,
T1-weighted gadolinium contrast-enhanced (T1C), T1-
weighted (T1), T2-weighted (T2), and T2-weighted fluid-at-
tenuated inversion recovery (FLAIR) sequences, are recom-
mended for the diagnosis of a brain tumor [11]. It is widely

believed that multiparametric MRI can improve the diagnostic
efficiency and performance of survival stratification [16].
Moreover, as seen on MRI, GBM varies across geographical
regions, including enhanced, necrotic, and non-enhanced re-
gions, which all contribute to prognosis prediction [14, 15,
17]. More recently, radiomics has been introduced to map
MRI images to quantitative data and extend the clinical and
genomic information to generate radiomics signatures to im-
prove clinical decision-making, e.g., diagnostic, prognostic,
and therapeutic evaluations [18, 19]. A multiparametric
MRI- and multiregion-based radiomics approach may im-
prove the performance of the survival stratification in GBM
patients.

As a graphical depiction of a predictive statistical model, a
nomogram can incorporate several factors and provide an in-
dividualized estimation of patient outcomes [20-25]. Thus, a
radiomics nomogram, which combines radiomics signature
and clinical information, may be an easy-to-use and more
accurate tool for physicians to stratify GBM patients.

The purpose of this study was to develop and validate a
multiparametric MRI- and multiregion-based radiomics no-
mogram for the individualized estimation of the survival strat-
ification in GBM patients.

Materials and methods
Patient population and study design

According to the inclusion criteria presented (Fig. 1), a total of
262 patients (i) with clinical information (such as overall sur-
vival of patients) from the Cancer Genome Atlas (TCGA) [26]
GBM Project and (ii) the corresponding MRI data from the
Cancer Imaging Archive (TCIA) [27] were retrospectively
included. Then, 157 patients were excluded for the reasons
listed below: (i) lack of at least one of the following MRI
sequences from TCIA: T1-weighted gadolinium contrast-en-
hanced, T1-weighted, T2-weighted, and T2-weighted FLAIR
sequences (T1C, T1, T2, FLAIR) (n=107); (ii) the MRI se-
quences were acquired after surgery or biopsy (n =33); (iii)
the MRI sequences were acquired with severe motion or arti-
facts that may have induced bias in subsequent analyses (n =
17). After that, a total of 105 GBM patients were retrospec-
tively included in our study. All the patients were separated
into two groups according to overall survival (OS); i.e., 57
patients were included in the long-term survival group (OS
> 12 months) and 48 patients were included in the short-term
survival group (OS < 12 months). Next, the patients were
randomly separated into a training cohort (n = 70) and a vali-
dation cohort (n=35) at a ratio of 2:1. In this retrospective
study, the requirement for informed consent was waived be-
cause all the patient data in TCGA was deidentified.
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Fig. 1 The generation of four heterogeneous regions in the images of
glioblastoma patient and the wavelet transform process for each MRI
sequence. Using the T1C image data, for example, the original T1C

In addition to the multiparametric MRI data, the clinical
data for all patients, including age, gender, KPS, isocitrate
dehydrogenase (IDH) status, and intervention method, were
also obtained from support documents of the TCGA GBM
Project. Moreover, via review of the multiparametric MRI
data, the tumor location information of each patient was ac-
quired for further analysis.

Imaging data acquisition and preprocessing

All 105 patients underwent four MRI modalities, i.e., T1C,
T1, T2, and FLAIR sequence. The T1C sequence was ac-
quired with the following range of parameters: repetition time
(TR)/echo time (TE), 4.9-3285 msec/2.1-20 msec; slice
thickness, 1-5 mm; spacing slice, 0.6-7.5 mm. The T1 se-
quence was acquired with the following range of parameters:
TR/TE, 352-3379 msec/2.75-19 msec; slice thickness, 1—
5 mm; spacing slice, 2-7.5 mm. The T2 sequence was ac-
quired with the following range of parameters: TR/TE, 700—
6370 msec/15-120 msec; slice thickness, 1.5-5 mm; spacing
slice, 1.5-7.5 mm. The FLAIR sequence was acquired with
the following range of parameters: TR/TE, 6000—
11,000 msec/34.6—155 msec; slice thickness, 2.5—5 mm; spac-
ing slice, 2—7.5 mm. The matrix size of all the MRI sequences
was either 256 X 256 or 512 x 512.

Diverse parameters of different MRI sequences were used
during image acquisition, which may have a great influence
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image was decomposed into four new images in four decomposed
directions (LL, LH, HL, and HH) by wavelet transform. L and H
represent low-pass and high-pass functions, respectively

on three-dimensional (3D) analyses; thus, two-dimensional
(2D) preprocessing was performed in this study. First, image
registration was performed to register the T1, T2, and FLAIR
sequence images to the T1C sequence images for each patient.
Next, the planar resolution of each modality was uniformly
resampled to 256 x 256. Finally, the image contrast of each
modality was normalized using the Collewet normalization
algorithm (mean =+ 3 sigma) to correct for the effects of differ-
ent acquisition protocols and magnetic field strengths [28].
However, bias field correction methods were not applied to
correct for intensity non-uniformities caused by the inhomo-
geneity of the scanner’s magnetic field during image acquisi-
tion. The reason is that, in preliminary experiment, we ob-
served that application of such algorithm would obliterate
the T2-FLAIR signal. All the processing was performed using
a custom-developed package using MATLAB 2015b
(MathWorks).

Multiregional delineation

As illustrated in Fig. 1, the following four heterogeneous re-
gions were manually drawn: (1) entire abnormality (rfEA) on
FLAIR image, (2) contrast-enhanced tumor (rCET) and (3)
necrosis (rNec) on T1C image, in addition, (4) the region of
edema/non-contrast-enhanced tumor (rE/nCET) as defined by
rEA-rCET-rNec. Then, these four regional contours were
respectively mapped to each MRI sequence for each patient
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based on spatial transformations from the registration. In this
study, all the manual contours were created by two neuroradi-
ologists with 12 and 8 years of MRI interpretation experience.
They blinded to the clinical information about patients and
worked together on outlined contours of each patient for con-
sensus reading, especially on those with discrepancy.
Furthermore, we performed the multiregional segmentation
on the slice which (1) include all the four types of regions,
and (2) contain the largest tumor area for each patient. Based
on this selection criterion, the information of each heteroge-
nous region could be extracted and analyzed.

OS status-related radiomics feature extraction
and radiomics signature construction

To extract high-throughput features, both the original image in
each MRI sequence and four corresponding wavelet-filtered
images were obtained (Fig. 1). A total of 4000 radiomics
features were finally extracted for each subject. A detailed
description of the feature extraction is provided in Appendix
El, section S2 (online).

To reduce the radiomics feature dimensions and identify
the features that were highly effective for describing the
prognosis of GBM patients, the least absolute shrinkage
and selection operator (LASSO) regression algorithm
[29] was adopted to select the OS status-related features
among the 4000 radiomics features in the training cohort.
Regulated by A, the LASSO method can shrink all the
coefficients toward zero and sets the coefficients to zero
for irrelevant features. Then, 10-fold cross-validation with
a maximum area under the curve (AUC) criterion was
employed to find an optimal A, in which the final value
of A yielded the maximum AUC. The features with non-
zero coefficients were used to construct the regression
model, and the corresponding non-zero coefficients were
defined as the Rad-score. The fitting formula was generat-
ed using a linear combination of the values of the selected
features that were weighted by their Rad-score. The formu-
la was then used to calculate a radiomics signature for each
GBM patient to reflect their long- or short-term OS.

Construction and assessment of the radiomics
nomogram with the training cohort

The radiomics signature and each clinical factor were first
inserted into a univariate logistic regression model to test
whether they were significantly independent prognostic fac-
tors for OS stratification in the training cohort. The radiomics
signature and significant clinical factors were then utilized to
build the multivariate logistic regression model to discrimi-
nate the short- and long-term OSs of the GBM patients. For
comparison, multivariate logistic regression models that used
only the significant clinical factors or the radiomics signature

were also established. Finally, a radiomics nomogram, which
could visually and individually indicate the probability of OS
stratification in the training cohort, was constructed based on
multivariate logistic regression [30].

The discriminative ability of the radiomics nomogram was
quantitatively measured using the C-index, which ranges from
0 to 1. The Hosmer-Lemeshow test was performed to evaluate
the goodness-of-fit of the radiomics nomogram. The calibra-
tion curves were plotted using observed probabilities and the
nomogram-estimated probabilities [30, 31].

External validation of the radiomics nomogram
on the validation cohort

The fitting formula that was constructed with the training
cohort was applied to all GBM patients in the validation
cohort, and the radiomics signature of each patient was
calculated. The radiomics nomogram was then validated
in this cohort using the radiomics signatures and clinical
factors. Finally, the C-index and the Hosmer-Lemeshow
test were implemented to evaluate the model results for
OS stratification. Moreover, the calibration curve was also
constructed.

Clinical utility of the radiomics nomogram

To estimate the clinical utility of the radiomics nomogram,
decision curve analysis (DCA) was performed by calculating
the net benefits at different threshold probabilities in the com-
bined training and validation cohorts [32].

Statistical analysis

In this study, either Student’s # tests or Mann-Whitney U tests
were applied to confirm whether inter-group differences in
continuous variables (such as age) existed between the short-
and long-term OS groups. Either chi-square tests or Fisher’s
exact tests were performed on the rest of the categorical char-
acteristics to determine whether the constituent ratios were
significantly different between the groups. All statistical anal-
yses were performed with R software version 3.4.2. (R
Foundation for Statistical Computing; http://www.R-project.
org, 2017), using basic statistical functions or additional
packages. The following R packages were used: the glmnet
package was used for the LASSO logistic regression, the rms
package was used for the nomograms and calibration curves,
the Hmisc package was used for the comparisons between the
C-indices, the Resource Selection package was used to apply
the Hosmer-Lemeshow tests, and the 7mda package was used
to implement the DCA.
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Results
Clinical characteristics of the patients

The clinical characteristics and corresponding results of the sta-
tistical analyses comparing the long- and short-term OS groups
are summarized in Table 1. The two groups significantly differed
in age and KPS in both the training and validation cohorts.

Radiomics signature construction

To determine the optimal regulation weight A (A=0.07998,
log(\) =—2.52592) for the LASSO algorithm, 25 features
with non-zero coefficients were selected for survival stratifi-
cation among the 4000 radiomics features (Fig. 2). The details
of these 25 features are described in Appendix E1, section S3
(online). Then, the radiomics signature was constructed by the
fitting formula listed in Appendix E1, section S4 (online), in
which the 25 selected features were ordered by the absolute
values of their coefficients. The radiomics signatures for each

Table 1

Characteristics of patients in the training and validation cohorts

GBM patient in the training and validation cohorts are pre-
sented in Fig. 3. The patients with long-term OS generally
displayed a significantly higher radiomics signature than the
patients with short-term OS in both the training (p <0.001)
and validation (p < 0.001) cohorts (Table 1).

Non-zero-coefficient features analysis

As mentioned above, 25 radiomics features with non-zero
coefficient were selected by LASSO algorithm and ordered
by their absolute values of coefficients which were seen in
the calculating formula of radiomics signature in Appendix
El, section S4 (online). The absolute value of coefficient
can be seen as the importance of certain feature to the OS
stratification. For different heterogenous regions, the sum of
absolute coefficients of features from rEA was 1.597, higher
than the sum of feature coefficients from other regions, ac-
cording to Table 2. For different MRI sequences, the sum of
absolute coefficients of features from FLAIR was 1.631,
higher than the sum of other sequences. Combining both the

Training cohort (n =70)

Short-term (n =32)

Long-term (n =38)

Validation cohort (n =35)

Age, mean = SD 62.91+10.14 54.6+16.04
Gender, no. (%)

Male 20 (62.5%) 22 (57.9%)

Female 12 (37.5%) 16 (42.1%)
KPS, median (range) 80 (40-100) 80 (60-100)
Treatment, no. (%)

Untreated 4 (12.5%) 1 (2.6%)

Single 12 (37.5%) 9 (23.7%)

Combined 16 (50%) 28 (73.7%)
IDH, no. (%)

Mutant 0 (0%) 7 (18.4%)

Wild 32 (100%) 31 (81.6%)
Involved lobe, no. (%)

Frontal 4 (12.5%) 12 (31.6%)

Temporal 17 (53.1%) 15 (39.5%)

Parietal 6 (18.8%) 6 (15.8%)

Occipital 1(3.1%) 2 (5.3%)

Insular 2 (6.3%) 3 (7.9%)

Callosum 2 (6.3%) 0 (0%)
Hemisphere, no. (%)

Unilateral 30 (93.8%) 35 (92.1%)

Bilateral 2 (6.3%) 3(7.9%)
Radiomics signature, —-0.284 0.639

median (interquartile range)  (—0.687, —0.017) (0.238, 0.763)

p Short-term (n = 16) Long-term (n=19)  p
0.011 63.50+12.11 54.05+11.02 0.021
0.695 0.072
7 (43.8%) 14 (73.7%)
9 (56.3%) 5 (26.3%)
0.035 79 (60-80) 80 (60-100) 0.001
0.081 0.020
4 (25.0%) 0 (0%)
5 (31.3%) 3 (15.8%)
7 (43.8%) 16 (84.2%)
0.001 0.489
0 (0%) 2 (10.5%)
16 (100%) 17 (89.5%)
0.086 4 (25%) 5(26.3%) 0.929
0.253 5 (31.3%) 8 (42.1%) 0.508
0.743 2 (12.5%) 5 (26.3%) 0415
0.660 4 (25%) 1(5.3%) 0.156
0.790 1(6.2%) 0 (0%) 0.457
0.205 0 (0%) 0 (0%) NA
0.790 0.312
13 (81.3%) 18 (94.7%)
3 (18.7%) 1(5.3%)
<0.001 —0.129 0.615 <0.001

(—0.486, 0.175) (0.330, 0.824)

p values < 0.05 are shown in italics
NA not available
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Fig. 2 Radiomics feature selection using the least absolute shrinkage and
selection operator (LASSO) algorithm. a Selection of the regulation weight
A (Lambda). The AUCs from the LASSO regression cross-validation
procedure were plotted as a function of log(\). The vertical black imaginary
lines define the optimal values of A at which the model provides its best fit
to the data. b The LASSO coefficient profiles of the 4000 features. The
imaginary vertical line was plotted at the selected log()\) in (a), and 25
features with non-zero coefficients were finally identified

factors of sequence and heterogenous region, the sum of ab-
solute coefficients of features extracted from rCET of T1, rEA
of T2, and rNEC of FLAIR were 0.880, 0.769, and 0.766,
respectively. In addition, the sum of absolute coefficients for
each feature type were 1.984 for GLCM feature, 1.812 for

15 T T T T T T T

A3
T

0.

o
T

Feature Coefficient

I short-term OS patients
I Long-term OS patients

15 L 1 1 L 1 L 1
0 10 20 30 40 50 60 70

a Patient Numbers

histogram statistics, 0.506 for GLRLM feature, and 0.500
for GLSZM feature, respectively.

The evaluation of the radiomics signature and/or
clinical risk factors

For the results listed in Table 3, the radiomics signature, age,
KPS, and treatment strategy were identified as independent
predictors of OS stratification in GBM patients. The multivar-
iable logistic regression model was applied based on three
clinical predictors and/or the radiomics signature. The C-
index when only three clinical predictors were used for OS
stratification was 0.747 (95% CI, 0.719-0.775), and the
Hosmer-Lemeshow test produced a value of p=0.504. The
C-index that resulted from the use of only the radiomics sig-
nature for OS stratification was 0.941 (95% CI, 0.929-0.953),
and the Hosmer-Lemeshow test yielded a value of p = 0.437.
Next, the radiomics signature and clinical predictors were
combined to verify the increment in stratification value. The
C-index that resulted from the combined use of the radiomics
signature and three clinical predictors for OS stratification was
0.971 (95% CI, 0.964-0.980), and the Hosmer-Lemeshow test
resulted in a value of p =0.921.

Radiomics nomogram construction and validation

Based on the multivariate logistic regression, a radiomics no-
mogram that incorporated the radiomics signature and three
clinical factors was constructed (Fig. 4). Figure 5a illustrates
the calibration curve of the proposed nomogram based on the
training cohort. Moreover, a favorable calibration (Fig. 5b)
was confirmed in the validation cohort. The C-index was
0.974 (95% CI, 0.961-0.987), and the Hosmer-Lemeshow test
produced a value of p=0.998.

Feature Coefficient

ERES I short-term OS patients B
- Long-term OS patients

15 L L 1 1 1 L 1
0 5 10 15 20 25 30 35

b Patient Numbers

Fig. 3 Radiomics signature for each patient in the (a) training cohort and (b) validation cohort. The red bars show the radiomics signature values for the
patients with short-term overall survival (OS), and the blue bars show the values for those with long-term OS
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Table2 The sums of'the absolute values of the feature coefficients from
different heterogeneous regions of four MRI sequences

T1C T1 T2 FLAIR Total
tEA 0 0.515 0.766 0.316 1.597
rCET 0 0.880 0.323 0 1.204
rNec 0.040 0 0.322 0.769 1.132
rE/mCET 0.025 0.209 0 0.546 0.779
Total 0.065 1.604 1.412 1.631 4712

Clinical utility of the radiomics nomogram

The decision curve for the radiomics nomogram (Fig. 6) indi-
cates that the use of the radiomics nomogram to stratify the OS
of GBM patients was beneficial at all threshold probabilities in
our study.

Discussion

This study investigated the role of radiomics nomogram on
overall survival stratification of GBM patients. The radiomics
signature, which was constructed based on multiregional imag-
ing features from the multiparametric MRI of each GBM pa-
tient, performed better than clinical risk factors in the survival
stratification of the GBM patients. Furthermore, the radiomics
nomogram integrating both radiomics signature and clinical
risk factors could precisely predict the individualized probabil-
ity of survival stratification for each GBM patient.
Survival-related nomograms of GBM patients construct-
ed in previous studies [8, 20, 33, 34] only have applied some

clinical risk factors such as age, gender, KPS, O°-
methylguanine-DNA methyltransferase (MGMT), and
IDH status. These clinical factor-based nomograms have
got some achievements in survival analysis. In our study,
we did not include MGMT information due to the lack of
these information on a large proportion of the GBM patients
from TCGA. According to the univariable logistic regres-
sion model, clinical risk factors, i.e., age, KPS, and way of
treatment, were significant in stratifying long- and short-
term OS and were chosen to construct a clinical factor-
based nomogram. Then, the similar stratification perfor-
mance was obtained from the clinical factor-based nomo-
gram, comparing to previous studies [8, 20, 33, 34].

Then, the incremental value when adding the radiomics sig-
nature into the clinical factor-based nomogram was assessed. The
results suggested that the radiomics signature was more robust
than the traditional clinical risk factors, as many previous studies
focusing on radiomics nomogram indicated [22-25]. To develop
the radiomics signature, 4000 high throughput radiomics features
were firstly extracted from the multiregional imaging features in
the multiparametric MRI of each GBM patient [35] . While, 25
potential features out of 4000 were selected using the LASSO
method. The radiomics signature was constructed by the weight-
ed sum of these 25 features (the weights were the corresponding
non-zero coefficients). Among these features, the FLAIR se-
quence and rEA region of GBM contributed more than other
MRI sequences and regions. This may be due to more heteroge-
neous information in rEA region and independent effect of
FLAIR sequence for GBM survival prognosis [36]. Thus, the
non-invasive radiomics signature derived from multiparametric
MRI could serve as a potential imaging biomarker to predict
survival stratification.

Table 3 Radiomics signature and
clinical factors used for overall

Univariate logistic regression

Multivariable logistic regression

survival (OS) stratification of

glioblastoma patients OR (95% CI) p OR (95% CI) p
Age 0.506 (0.285-0.897) 0.020 0.732 (0.257-2.087) 0.559
Gender 0.825 (0.315-2.161) 0.685 NA
KPS 1.798 (1.050-3.081) 0.033 3.807 (1.011-14.337) 0.048
Treatment 1.768 (1.054-2.965) 0.031 3.361 (1.062-10.640) 0.039
IDH 4.378 (0.813-23.904) 0.098 NA
Frontal 3.231 (0.925-11.290) 0.066 NA
Temporal 0.575 (0.222—-1.490) 0.255 NA
Parietal 0.813 (0.234-2.820) 0.774 NA
Occipital 1.722 (0.149-19.918) 0.663 NA
Insular 1.286 (0.201-8.213) 0.791 NA
Callosum 1.915 (0.744-15.230) 0.832 NA
Hemisphere 1.286 (0.201-8.213) 0.791 NA
Radiomics signature 40.273 (6.454-251.298) <0.001 87.272 (7.453-121.934) <0.001
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Fig. 4 Radiomics nomogram for

the overall survival (OS) Points
stratification of glioblastoma
patients
Rad.Score
Age
KPS
Treatment
Total Points

OS Stratification probability

Finally, the combination of the radiomics signature and
clinical predictors demonstrated an enhanced stratification ef-
ficacy in both the training and validation cohorts. The results
indicated that long-term survivors of GBM are more likely to
be younger, have a good KPS, undergo neoadjuvant chemo-
radiotherapy after surgery, and achieve a higher radiomics
signature value. Comparing to several survival analysis stud-
ies of GBM patients [9, 35, 37], the focus of this study was the
proposed radiomics nomogram, which integrated radiomics
signature and three clinical predictors, and can visually and
individually estimate the probability of survival stratification
for each GBM patient. Another important issue associated
with this radiomics nomogram is its efficiency in guiding clin-
ical decisions. According to the DCA, when a specific GBM
patient is indicated to have a long-term OS by the proposed
radiomics nomogram, the adoption of a proper intervention
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strategy would facilitate the patient outcome. The results sug-
gest that the radiomics nomogram demonstrated great poten-
tial for clinical application in the survival stratification of
GBM patients.

In our study, the absolute values of coefficients obtained by
the LASSO algorithm indicate the contribution of specific fea-
ture for OS stratification. For different heterogeneous regions,
the features from entire anomaly region (rEA) contributed
more to the survival stratification than did the features from
other regions, according to their higher sum of absolute coef-
ficients. Most GBM prognosis-related studies indicated the
association between poor prognosis and radiomics features
from contrast-enhanced region [38, 39]. Some recent studies
also revealed the role of features from peritumoral brain paren-
chyma [5, 37] and from central necrosis [40, 41]. Therefore, it
was reasonable that the non-zero-coefficient features from rEA
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Fig.5 The calibration curves of the radiomics nomogram in the training cohort (a) and validation cohort (b). The calibration curves depict the calibration
of the nomogram in terms of the agreement between the predicted risk of long-term overall survival (OS) and the observed OS
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Fig. 6 Decision curve analysis 2~
(DCA) for the proposed
radiomics nomogram. The y-axis
represents the net benefit. The x-
axis represents the threshold
probability. The black line at the
bottom represents the hypothesis
that no patients had long-term
overall survival (OS). The blue
line represents the hypothesis that
all patients had long-term OS.
The red line represents the net
benefit of the radiomics
nomogram at different threshold
probabilities
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of all the MRI sequences could contain most of the details of
heterogenous regions in GBM and could better describe the
prognosis of GBM patients than features from each single re-
gion. For different MRI sequences, features from the FLAIR
images contributed more to the OS stratification model than
did features from other sequences, due to their higher sum of
absolute coefficients. Especially, both the top 2 and 3 features
of all the 25 selected features, i.e., the sum variance (GLCM
feature) and kurtosis (top 3 histogram statistics), were from
FLAIR image These results were partly consistent with previ-
ous studies [5]. These results further suggested the role of
information contained in non-contrast-enhanced subregions
and sequences for GBM prognosis.

Some limitations of this study were necessary to be further
investigated. First, the data used in this study was from
TCGA. Although the multiinstitutional data can guarantee
the clinical generalizability and usefulness of the radiomics
nomogram, a large-scale validation study should be per-
formed prior to its clinical application. Bakas et al [42] col-
lected 135 patients from TCGA, which was more than 105
patients in our study. Because neuroradiologists in our study
use the relatively strict exclusion criterion to exclude all the
MRI data that appeared to be postoperative in order to avoid
bias caused by the visual MRI assessment, the number of
enrolled subjects is relatively small. Second, the 2D manual
segmentation applied in this study may induce bias about tu-
mor slices selection and manual ROIs delineation. Therefore,
a reproducibility analysis was carried out to validate the repro-
ducibility of ROI delineated, describing in Data Supplement
S5 of Appendix E1 [43]. Furthermore, Hainc N et al [43] have
investigated that the variation of slices and ROI delineation
method could affect the radiomics features. These findings
could be the guidance in our future work. Finally, although
with high efficiency and sparsity, LASSO regression method
may be less stable when a large number of features were

@ Springer
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involved in the model. Other feature selection methods should
be investigated in the future work.

In conclusion, this study developed and validated a
radiomics nomogram based on multiparametric MRI and mul-
tiregional information. Based on the multiinstitutional data
from TCGA, the radiomics nomogram demonstrated a favor-
able predictive accuracy and provided an individualized prob-
ability of survival stratification for each GBM patient, which
suggests its great potential for clinical application.
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