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A B S T R A C T

Purpose: On MR imaging, peritumoral T2 hyperintensity surrounding glioblastoma is known to contain tumor
cell infiltrates, thus contributing to poor prognosis. This study aimed to determine the incremental prognostic
value of radiomics on peritumoral T2 hyperintensity in pretreatment glioblastoma.
Methods: One hundred fourteen pathologically confirmed glioblastoma patients were retrospectively selected
from March 2008 to May 2018 (our institution, n= 61; the Cancer Imaging Archive, n=53). All patients were
randomly divided into either training (n= 80) or test set (n= 34). Manually segmented peritumoral T2 hy-
perintensity yielded 106 radiomic features per patient. A random forest variable selection was used to select the
most relevant radiomic features. Four Cox proportional hazards models were fitted with clinical features, clinical
features with tumor/peritumoral volumes, radiomics, and all of them combined. Kaplan-Meier survival curves of
the models were plotted with log-rank tests. All models were validated on a test set using prediction error curves
over survival times.
Results: A random forest variable selection yielded five relevant features among the 106 radiomic features (two
shape, two gray-level and one first order features). These radiomic features increased survival prediction ac-
curacy when they were added onto clinical and tumor/peritumoral volumetric features (combined model,
P=0.011). On test set, the combined model showed lower mean survival prediction error rate (0.14) than
clinical (0.191) or radiomic (0.178) model.
Conclusions: The clinical model with radiomic features demonstrated improved survival predictive performance
than the model without radiomic features, thus suggesting incremental prognostic value of peritumoral radio-
mics as MR imaging biomarker in pretreatment glioblastoma.

1. Background

On MR imaging, peritumoral T2 hyperintensity is a common radi-
ologic finding in glioblastoma—the most common primary malignant
brain tumor in adults with a median overall survival (OS) of around
14.7 months [1]. Even with standard therapy of surgical resection fol-
lowed by concurrent chemoradiation, the prognosis of glioblastoma
remains dismally poor. After surgical resection, recurrences of glio-
blastoma usually occur along the resection margins where peritumoral
hyperintensity is mixed; these recurrences proliferate more aggressively
than the central glioblastoma cells [2,3], which adds difficulty for
neurosurgeons in deciding the extent of surgical resection. Further-
more, the extent of peritumoral edema has been reported to contribute
to poor prognosis [4]; however, the prognostic value of heterogeneity

within peritumoral hyperintensity has not been established well.
Therefore, understanding the significance of peritumoral T2 hyper-
intensity non-invasively on MR imaging would be meaningful for
prognostic assessment. We assume that combining conventional clinical
prognostic parameters with radiomics on peritumoral hyperintensity
would improve survival prediction for patients initially diagnosed with
glioblastoma.

Currently known clinical prognostic parameters of glioblastoma are
age, KPS (Karnofsky performance score), extent of tumor resection,
radio-chemotherapy, corticosteroid use, IDH1 and O6-methylguanine-
DNA methyltransferase (MGMT) promoter methylation status [5–11].
In addition to such conventional parameters, many advances in imaging
parameters have been made, one of which is radiomics—a field of
quantitative extraction of subtle imaging features not easily discernible
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to radiologists and transforming them into minable data [12]. Texture
features in describing patterns of heterogeneity of segmented brain
tumors were reportedly linked to cellular anomalies within corre-
sponding tissues [13]. Prior studies have found that conventional MR
imaging characteristics [14] as well as texture [15,16] and radiomic
features [17,18] extracted from enhancing, necrotic and non-enhancing
edematous portions of glioblastoma were useful in predicting OS of
patients. Compared to assessing enhancing portions alone, inclusion of
T2-weighted images in assessing glioblastoma recurrence was found to
improve progression-free survival prediction [19]. As for the predictive
value of imaging, Pope et al [20] found that non-enhancing tumor,
edema, satellites, and multifocality were significantly associated with
prediction of survival. Particularly, non-enhancing peritumoral edema
plays an important role in glioblastoma prognosis; severity of peritu-
moral edema at diagnosis is reportedly an independent negative prog-
nostic factor [4,20,21]. In this regard, our work is designed to extend
the radiomic analysis on peritumoral T2 hyperintensity in OS predic-
tion. We hypothesized that radiomic analysis on non-enhancing peri-
tumoral edema in addition to the conventional clinical prognostic
parameters would improve OS prediction in patients with glioblastoma.

In this study, the performances of prognostic models constructed
from clinical, radiomic and combined features will be evaluated. The
present study aims to focus specifically on radiomic features’ incre-
mental prognostic value in survival prediction of glioblastoma patients.

2. Methods

2.1. Patient selection

Retrospective collection of clinical and imaging data was approved
by the Institutional Review Board of our institution and informed
consent was waived. Between March 2008 to May 2018, 203 patients
diagnosed with glioblastoma at our institution were retrospectively
selected. In addition, a separate cohort of 259 glioblastoma patients was
collected from The Cancer Imaging Archive (TCIA) [22], an open ar-
chive of oncologic medical images. The inclusion criteria were 1) pa-
thologically confirmed glioblastoma, 2) available pre-treatment MRI
with conventional sequences [T2-weighted images (T2WI), T1-
weighted images (T1WI), and contrast-enhanced T1-weighted images
(T1CE)], 2) known survival status, and 3) clinical information (age, sex,
type of surgical resection, MGMT promoter methylation status). 61
patients from our institution and 53 patients from TCIA met the above
criteria giving a total study population of 114 patients.

2.2. Image acquisition

All pre-operative MRI were obtained on two 3.0 T MR scanners at
our institution (Magnetom Verio; Siemens, Healthcare Sector, Erlangen,
Germany) with a 12-channel phased-array coil and Ingenia (Philips
Healthcare, Best, the Netherlands) with a 32-channel phased-array coil.
Conventional sequences including T1WI, T1CE [echo time (TE): 3–4ms;
repetition time (TR): 8–10ms), and T2 (TE: 140–150ms; TR: 10–14ms)
were acquired. The scanning parameters were: 5-mm slice thickness,
250×250 mm2

field of view and 256× 256 pixel matrix. For TCIA
dataset, either 1.5 T or 3.0 T MR scanners were used with sequences
consisting of T1WI, T1CE [echo time (TE): 3–4ms; repetition time (TR):
8–10ms), and T2 (TE: 140–150ms; TR: 10–14ms). The scanning
parameters were 5-mm slice thickness, 250×250 mm2

field of view
and 256×256 pixel matrix.

2.3. Image processing and segmentation

For each patient, peritumoral hyperintensity was manually seg-
mented on T2WI by two neuroradiologists (BLINDED, BLINDED with 6
years and 20 years of experience, respectively). The T1CE and T2WI
were co-registered after interscan motion corrections. Three-

dimensional volume of interest covering the entire peritumoral hyper-
intensity was delineated by segmenting the region of interest (ROI) slice
by slice on axial scans. Enhancing regions on T1CE as well as central
solid and necrotic portions were subtracted from segmented images to
selectively include the peritumoral hyperintensity. After additional re-
viewing session, any discrepancies in ROI were resolved by consensus.
Morphologic features on MRI—tumor volume and peritumoral hyper-
intensity volume—were also assessed. All segmentations and registra-
tions were carried out with NordicICE software (version 2.3.12,
NordicNeuroLab AS, Bergen, Norway).

2.4. Radiomic feature extraction and selection

A publicly available python package Pyradiomics 2.1.0 [23] was
used to extract radiomic features. One hundred six features consisting
of grey level co-occurrence matrix (GLCM), grey-level run length matrix
(GLRLM), grey-level size zone matrix (GLSZM), first-order, and shape
features were extracted from peritumoral hyperintensity of T2WI. Since
the number of parameters was greater than the number of patients in
the test (n= 80) set, we used a random forest variable selection scheme
with tree minimal depth methodology [24,25] to select a smaller subset
of relevant features. The workflow of radiomics analysis is displayed in
Supplementary Fig. 1.

2.5. Endpoints

The primary endpoint was OS of glioblastoma patients measured
from the initial date of MR-based diagnosis to the death or last out-
patient follow-up visit.

2.6. Statistical analysis

All statistical analyses were performed using R statistical and
computing software (Version 3.3.1; http://www.r-project.org/). All
patients were randomly grouped into a training and test set by 7:3 ratio
(training set, n= 80; test set, n= 34) with balancing of survival status
distribution between both groups. For this random dichotomization of
cohort into training and test sets, ‘caret’ R package was used [26].

Continuous variables such as age, tumor volume and peritumoral
hyperintensity volume were first tested for normality and then com-
pared using Student’s t test. Categorical variables including gender,
MGMT methylation status and type of surgical resection were compared
using x2 test. To select the most relevant subset of radiomic features,
‘randomForestSRC’ R package was used. Four different models each
fitted with a) clinical features (model 1), b) clinical features with
tumor/peritumoral volumentric features (model 2), c) relevant subset
of radiomic features (model 3), and d) all features combined (model 4)
were created using multivariate Cox proportional hazards analyses. The
Harrell’s concordance index (C-index) for each model was computed to
assess the survival predictive performance in the training set [27].
Moreover, analysis of deviance for different Cox regression models
(ANOVA) was employed to determine whether the additive features
(i.e. volumetric and radiomic features) improved the model fit from the
clinical model. For assessment of overall performances of each model
on test set, we used prediction error curves over survival time with the
integrated Brier score via ‘pec’ R package [28].

Finally, ‘survminer’ R package was used to determine the optimal
cutpoint for clinical and radiomic features, yielding maximal separation
between high-risk and low-risk cohorts; Kaplan-Meier survival curves of
the two risk groups were then plotted with log-rank tests for compar-
ison of the curves. Statistical significance was set at P < 0.05. For
comparison of model fits using ANOVA, statistical significance was set
at P<0.025 after Bonferroni correction. P-values of covariates within
multivariate Cox regression models were adjusted using Benjamini &
Hochberg correction [29].
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3. Results

3.1. Baseline characteristics of study population

The characteristics of training and test groups are summarized in
Table 1. The training group consisted of 80 patients (49 males and 31
females; mean age, 57.4 ± 12.1 years) with mean OS of 610 days
(range, 82–2213 days). The test group consisted of 34 patients (18
males, 16 females; mean age, 59.6 ± 12.5 years) with mean OS of 623
days (range, 121–2125 days). No significant differences were observed
between both groups regarding age, gender, MGMT promoter methy-
lation status, type of surgical resection, preoperative tumor volume/
peritumoral hyperintensity area and OS (P=0.383-0.957).

3.2. Model building using clinical and radiomics features

The Cox proportional hazards models fitted with clinical features
(model 1), clinical features with volumetric features (model 2), radio-
mics (model 3), and all features (model 4) of the training set are shown
in Table 2. Among the clinical variables, age was found to be a sig-
nificant variable in the univariate Cox proportional hazards model
(HR=1.02; P=0.027). The type of surgical resection showed bor-
derline statistical significance (HR=1.78; P=0.051). Preoperative
tumor volume and peritumoral hyperintensity volume were not found
to be significant prognostic factors on univariate Cox proportional ha-
zards analyses (P=0.062 and P=0.099, respectively). Model 1 was
fitted with three clinical features (type of surgical resection, age, and
MGMT promoter methylation status); model 2 was fitted with clinical
features and tumor/peritumoral volumetric features. Model 3 was fitted
with the five most relevant radiomic features—two shape features
(elongation and sphericity), two gray-level co-occurrence matrix fea-
tures (inverse difference normalized and inverse difference moment
normalized), and one first-order feature (maximum in-
tensity)—obtained via random forest variable selection (Supplemental
Table 1). Finally, model 4 was fitted with all features (clinical, volu-
metric and radiomic features).

3.3. Survival predictive performances and model validation on testing set

The clinical, clinical with volumetric, radiomic and combined
models had C-indices of 0.595 (P=0.047), 0.664 (P=0.007), 0.659
(P=0.006), and 0.699 (P < 0.001), respectively. When volumetric
and radiomic features were consecutively added onto the clinical
model, the ANOVA showed increasing log-likelihood for each addition

(P=0.017 and P=0.011, respectively) indicating improved model fit
(Table 2). The Kaplan-Meier survival curves of high-risk and low-risk
groups as stratified by the clinical model showed no significant differ-
ence (P=0.71, Fig. 1a) while those stratified by the radiomic model
showed significant difference (P < 0.006, Fig. 1b); the survival stra-
tification by the combined model showed the greatest difference
(P < 0.001, Fig. 1c). The risk prediction errors of the four models that
were validated on the test set are shown in Fig. 2, and detailed pre-
diction error rates (or integrated Brier scores) are displayed in Table 3.
Overall, the combined model showed lowest mean prediction error
rates (0.14) than any of the three model (range, 0.178-0.191). Re-
presentative images with peritumoral edema are shown in Fig. 3.

4. Discussion

The highly variable OS among glioblastoma patients associated with
its aggressive clinical course has been attributed to its heterogeneous
biological traits [30]. It is now widely believed that this infiltrative
heterogeneity spreads beyond the tumoral margins and into the peri-
tumoral brain zone [31,32], often manifested as T2 hyperintensity. This
study demonstrates a high-throughput radiomic analysis on pretreat-
ment peritumoral T2 hyperintensity of glioblastoma patients. In addi-
tion to assessing the conventional clinical variables, we applied quan-
titative radiomic analysis to construct both clinical and radiomic
prognostic models. This is an important step forward to understanding
the prognostic value of heterogeneity within peritumoral T2 hyper-
intensity of glioblastoma via radiomics, thereby allowing risk stratifi-
cation of patients.

Of the clinical variables, only age showed statistical significance
within the univariate Cox proportional hazards analysis, but we none-
theless included the type of surgical resection and MGMT promoter
methylation status since they are very well-known prognostic

Table 1
Clinical characteristics and tumor/peritumoral volumes of study population
(n=114).

Characteristic Training group
(n=80)

Test group
(n= 34)

P value

Age (years, mean ± SD) 57.4 ± 12.1 59.6 ± 12.5 0.383
Gender (n,%)
Male 49 (61.3) 18 (52.9) 0.41
Female 31 (38.7) 16 (47.1)

MGMT (n, %)
Methylated 35 (43.8) 18 (52.9) 0.745
Unmethylated 45 (56.2) 16 (47.1)

Type of surgical resection (n, %)
Total 64 (80) 27 (79.4) 0.943
Subtotal/Partial 16 (20) 7 (20.6)

Preoperative tumor volume
(cm3, mean ± SD)

27.5 ± 23.0 24.4 ± 20.7 0.436

Preoperative peritumoral
hyperintensity volume (cm3,
mean ± SD)

50.5 ± 41.2 49.2 ± 42.2 0.957

Overall survival [days; mean
(range)]

610 (82-2213) 623 (121-2125) 0.582

Table 2
(a) Univariate Cox regression analyses of clinical variables and tumor/peritu-
moral volumes. (b) Multivariate Cox regression models with ANOVA.

(a) Clinical variables and tumor/peritumoral volumes
HR CI Concordance

index
P-value

Resection 1.78 1.00-3.17 0.554 0.051
Age 1.02 1.00-1.05 0.565 0.027
Sex 0.64 0.39-1.06 0.55 0.08
MGMT methylation status 0.67 0.41-1.09 0.536 0.104
Peritumoral hyperintensity

volumea
1.49 0.927-

2.41
0.577 0.099

Tumor volumeb 0.51 0.253-
1.035

0.547 0.062

(b) Four different Cox multivariate modelsc with ANOVA
Concordance index P-value

Model 1 0.595 0.047
Model 2 0.664 0.007
Model 3d 0.659 0.006
Model 4e 0.699 <0.001
ANOVA Chi-square P-valuef

Model 1 vs. Model 2 8.12 0.017
Model 2 vs. Model 4 14.78 0.011

HR hazards ratio, CI 95% confidence interval, ANOVA analysis of deviance for
different Cox regression models, MGMT O6-methylguanine-DNA methyl-
transferase.

a Volume threshold set at 37.5 cm3.
b Volume threshold set at 7.8 cm3.
c Model 1: age, resection and MGMT methylation status; model 2: model 1 +

tumor/peritumoral volume; model 3: relevant radiomic features; model 4: all
features.

d Adjusted P-values of five relevant radiomic features were all< 0.05 after
Benjamini & Hochberg correction.

e Adjusted P-values of five relevant radiomic features and peritumoral hy-
perintensity volume were all< 0.05 after Benjamini & Hochberg correction.

f Statistical significance set at P < 0.025 after Bonferroni correction.
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parameters of glioblastoma [33,34]. The type of surgical resection,
however, showed borderline statistical significance (P=0.051) with a
meaningful hazards ratio (HR: 1.78, CI: 1.00–3.17); these findings
suggest that gross total resection yields more favorable prognosis than
non-total resection, which is consistent to previous studies [34,35].
Both pretreatment tumor and peritumoral hyperintensity volumes were
not associated with patients’ OS. These findings were partially con-
sistent with a previous study by Henker et al. [36] who demonstrated
that tumor volume, but not the peritumoral edema volume, is sig-
nificantly associated with survival. We assume that differences in
measurement technique—their volumetric analysis was based on 3D
segmentation—may be attributable to the conflicting findings. How-
ever, our findings were consistent with another study by Hammoud
et al. [21] who showed that preoperative tumor volume was not a
significant predictor of survival. Although tumor/peritumoral volumes
were not significantly associated with survival, they improved the
survival predictive performance when they were added onto the clinical
model.

Regarding peritumoral edema, a previous study by Schoenegger
et al. [4] showed that pretreatment peritumoral edema of glioblastoma
on T2-weighted MRI was an independent prognostic factor. Their

results demonstrated that patients with a larger area of peritumoral
edema (> 1 cm from tumor margin) had significantly shorter OS. An-
other study, however, showed that association of extent of peritumoral
edema to survival was inconclusive [37]. Our study attempted more

Fig. 1. Kaplan-Meier survival curves of the clinical (a), radiomic (b) and combined (c) models. The green and red lines indicate low-risk and high-risk patients,
respectively.

Fig. 2. Prediction error curves of the clinical (red), clinical with volume (green), radiomic (blue) and combined (light blue) models. Reference (black) indicates
Kaplan-Meier survival estimation.

Table 3
Prediction performances on test set with integrated Brier scores.

Integrated Brier scoresa (prediction error rates)

Overall
survival
(days)

No.
at
risk

Referenceb Model 1c Model 2 Model 3 Model 4

328 26 0.148 0.133 0.146 0.141 0.114
473 18 0.241 0.234 0.229 0.2 0.182
732 9 0.218 0.206 0.183 0.192 0.124
Mean integrated Brier

scores
0.202 0.191 0.186 0.178 0.14

a Lower integrated Brier scores indicate better predictive performance.
b Kaplan-Meier survival estimation.
c Model 1: age, resection and MGMT methylation status; model 2: model 1 +

tumor/peritumoral volume; model 3: relevant radiomic features; model 4: all
features.
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computationally rigorous analysis on peritumoral T2 hyperintensity via
radiomics approach, incorporating first-order, shape, and texture fea-
tures, thereby overcoming previous studies’ limitations on area and
volumetric analyses. A similar study by Prasanna et al. [17] showed
that radiomic features extracted from peritumoral edema on T2WI had
a C-index of 0.637, which is comparable to our findings of 0.659.
Furthermore, as seen in our findings, their study selected five most
predictive radiomic features from peritumoral edema. Unlike their
study, however, this study consisted of a larger cohort and an in-
dependent test cohort to validate our models.

The subset of 5 most relevant radiomic features (4.7% of the total
features) were extracted solely from the non-enhancing portion of

peritumoral T2 hyperintensity. The radiomic analysis based only on
T2WI that are routinely acquired on conventional MR scans would
allow wider applications in any setting where complex multi-para-
metric sequences are not available. Interestingly, two GLCM features
were included in the subset of relevant features; these features capture
underlying lesion heterogeneity and have been shown to predict ag-
gressive growth and poor treatment response [17]. A previous study by
Chaddad et al. [38] also found that a homogeneity radiomic feature
computed from peritumoral edema regions was significantly associated
with survival in patients with glioblastoma. We assume that these
findings further imply the possible association between peritumoral
heterogeneity with patients’ survival. Moreover, the shape sphericity

Fig. 3. Representative images of two patients with long (a) and short-term (b) overall survival (851 and 172 days, respectively). The first-order feature (maximum)
was higher in long-term survivor (399.8 vs. 266) while the shape feature (elongation) was higher in the short-term survivor (0.71 vs. 0.58). Upper row: T2-weighted
images; lower row: gadolinium-enhanced T1-weighted images.
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feature reflecting asphericity (or shape irregularity) was one of the five
radiomic features, which may suggest more irregular-shaped peritu-
moral hyperintensity was associated with poor outcome.

In both training and test cohorts, the combined model incorporating
clinical, volumetric and radiomic features showed highest survival
predictive performance than all other models, a finding consistent with
Prasanna et al [17]. The internal validation of all four models via risk
prediction error rates over survival time showed that radiomic model
had a lower mean integrated Brier score than that of clinical model. The
combined model, however, outperformed all the other models with
lower integrated Brier scores in all time intervals (328–732 OS days). In
addition, the prediction error rates of the combined model were pro-
minently lowest during one to four years of survival period. This finding
possibly suggests that radiomic features—with their potential incre-
mental survival prognostic value—may yield the best prognostic per-
formance over one to four years of survival period.

There are a few limitations to be addressed in this study. First, al-
though our prognostic models were separately validated on a test set,
their performance was not validated on an independent external cohort
from a different institution, which is a more robust validation method.
In addition, inclusion other well-known prognostic parameter such as
IDH1 or Karnofsky performance score was not possible due to missing
information. Correlation between prognostic genetic markers and
radiomics—known as radiogenomics—would have strengthened our
results. Furthermore, the variable acquisitions of MRI data limited us to
analyze 2D scans only rather than 3D scans which could have added
better delineation of ROI with possibly improved radiomic feature ex-
traction. Finally, our study lacked progression-free survival because the
images from TCIA did not contain information regarding progression as
defined by RANO (Response Assessment in Neuro-Oncology) criteria.

In conclusion, radiomic features of peritumoral T2 hyperintensity
combined with clinical and volumetric parameters provided improved
OS prediction in pretreatment glioblastoma patients, suggesting the
potential incremental prognostic value of radiomics as imaging bio-
marker.
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