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ARTICLE INFO ABSTRACT

Keywords: Objectives: To develop a radiomic signature to predict overall survival (OS) for high-grade glioma (HGG), and
High grade glioma construct a nomogram by combining selected radiomic, genetic and clinical risk factors to further improve the
Radiomics

performance of the risk model.

Materials and Methods: 147 cases of HGG with MRI images, genetic data, clinical data were studied, wherein 112
patients were used as training cohort, and 35 patients were as independent test cohort. Radiomics features were
extracted from tumor area and peritumoral edema area on CE-T1WI and T2FLAIR images. Association between
radiomics signature, genetic, clinical risk factors and OS was explored by Kaplan-Meier survival analysis and log
rank test. The multivariate Cox regression analysis was trained with radiomic features along with selected ge-
netic and clinical risk factors, which was presented as a nomogram.

Results: The radiomic signature constructed by 11 radiomics features stratified patients into low- and high-risk
groups, and the C-Index for OS prediction was 0.707 and 0.711 in training and test cohorts, respectively. The
multivariable Cox regression analysis identified radiomics signature (hazard ratio (HR): 2.18, P = 0.005), IDH
(HR: 0.490, P = 0.007) and age (HR: 1.039, P = 0.005) as independent risk factors. A nomogram combining
these independent risk factors further improved the performance for OS estimation (C-index = 0.764 and 0.758
in training and test cohorts, respectively).

Conclusion: The radiomics signature is a new prognostic biomarker for HGG. A nomogram incorporating
radiomics signature, IDH and age improved the performance of OS estimation, which might be a new com-
plement to the treatment guidelines of glioma.

Genetic risk factor
Clinical risk factor
Overall survival

1. Introduction

High-grade gliomas (HGG) defined as a WHO Grade III-IV diffuse
glioma are highly aggressive primary cerebral tumors with dismal
prognoses '. Currently, standard comprehensive treatments including
maximum surgical resection followed by adjuvant chemoradiotherapy
are widely adopted for HGG [2,3]. The median overall survival (OS) for
Grade III and IV glioma is 24 months and 14 months [1,4], respectively.
However, in clinical practice, the OS of patients with HGG may differ
significantly for each other though the patients have the same patho-
logical grade and receive similar treatments [5-7]. The wide spectrum
of OS existing in HGG underscores the imperative need for

personalizing treatment options [8]. Stratification of clinical groups
will directly impact image-guided diagnosis and subsequence treatment
options for glioma. Therefore, identifying effective prognostic factors
which stratified the clinical groups could help inform individualized
management strategies and improve the prognosis of HGG.

Compared to qualitative analysis made by radiologists [9,10],
radiomics based on machine learning method could provide more
quantitative imaging biomarkers of prognostic assessment for glioma
[11-14]. Furthermore, estimations based on multivariable model is
considered more reliable for prognostic analyses [15]. Currently, many
studies have identified other prognostic factors for gliomas, including
clinical risk factors (age, gender, Karnofsky performance status, the
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extent of resection) [1,16] and genetic risk factors [Oxygen 6-methyl-
guanine-DNA  methyltransferase gene promotor methylation
(MGMTmet), isocitrate dehydrogenase mutation (IDH-M), and deletion
of 1p/19q '] [17-20]. Using one risk factor alone to predicting prog-
nosis is challenging due to the heterogeneity of gliomas. Using a mul-
tivariable model based on the comprehensive integration of radiomics
signature, genetic and clinical risk factors to analysis the survival of
HGG might be a more effective and reliable way.

Hence, the aim of the present study was to develop and externally
validate a radiomic signature extracted from multiparametric and
multiregional MRI images for predicting prognosis; and to develop a
risk stratification model for HGG by construct a nomogram that com-
bines radiomic signature, genetic and clinical risk factors.

2. Materials and methods
2.1. Patients

In this study, a total of 147 patients with pathologically confirmed
HGG were included: 112 were selected from The Cancer Imaging
Archive (TCIA) database and used as training cohort, and 35 were
collected from *** hospital according to inclusion and exclusion criteria
(Supplementary S1 and Supplementary Fig. 1) and used as an in-
dependent test cohort. As TCIA are publicly available database without
patient identifiers, no institutional review board approval was required
for the training cohort. For the independent test cohort, the institu-
tional review board of *** university approved the study protocol.
Given the retrospective study and anonymized patient data, informed
consents were waived.

The information of IDH-M and MGMTmet in the training cohort was
obtained from The Cancer Genome Archive (TCGA). In the test cohort,
IDH-M was determined using Sanger sequencing, the MGMTmet was
determined by pyrosequencing analysis, all the details of IDH-M and
MGMTmet detection are shown in Supplementary S2.

Baseline clinical data including age, gender, histologic grade (Grade
III and Grade IV), treatment and OS were obtained from the medical
records. OS was calculated from the initial pathologic diagnosis date to
death or censure point if still alive. The minimum follow-up period to
ascertain the OS was 24 months after the initial pathologic diagnosis if
patients were alive.

The flowchart of this study is shown in Fig. 1.

2.2. MRI data acquisition and process

MR images acquisition for the test cohort: preoperative MRI was
performed with a 3.0-T scanner (GE Signa HDxt) using an 8-channel
array coil. Radiomic features were extracted from both contrast-en-
hanced T1-weighted imaging (CE-T1WI) and T2 fluid-attenuated in-
version recovery (T2FLAIR) images. The parameters were repetition
time (TR) 195 ms and echo time (TE) 4.76 ms for gradient-echo (GRE)
CE-T1WI; TR 8000 ms, TE 95 ms, and inversion time (TI) 2000 ms for
T2FLAIR. Slice thickness and slice interval were 5.0/1.5 mm. Field of
view (FOV) was 240 X 240 mm?, matrix: 256 X 256. About 0.1 mmol/
kg of gadolinium chelate contrast was injected for contrast-enhanced
imaging.

T2FLAIR image had rigid registration using CE-T1WI image as a
template. Region of interest (ROI) were manually segmented using ITK-
SNAP by one neuroradiologist with 15 (***) years experiences. Three
tumor sub-region ROIs including the tumor area (the whole body of
tumor), peritumoral edema area and contralateral normal healthy
white matter area in semioval center were segmented, respectively. The
detailed standard of ROI segmentation for the sub-regions is provided in
Supplementary Fig. 2.

Subsequently, the CE-T1WI and T2FLAIR images were preprocessed,
encompassing N4 correction of bias field, skull stripping, image re-
sampling to 1 x 1 x 1 mm? isotropic voxels with a linear interpolator.
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Inter-scanner harmonization was conducted by normalizing the tumor
intensity by minusing the intensity value of contralateral normal
healthy white matter. All preprocessing was performed with open
source software (Matlab).

2.3. Radiomics feature extraction

The feature pool included 364 radiomics features from the image
biomarker standardisation initiative (IBSI) [21], which consisted of
intensity, morphological, textural, laws and wavelet features. We ex-
tracted the radiomics features from the sub-regions including the tumor
area and peritumoral edema area on CE-T1WI and T2FLAIR images,
respectively. Thus, a total of 1456 features were obtained.

2.4. Radiomics feature selection and signature construction

All the training radiomics features were normalized by transforming
the data into new scores with a mean of 0 and a standard deviation of 1
(z scores), and the test features were normalized with the mean value
and standard deviation of training datasets with similar method. The
least absolute shrinkage and selection operator (LASSO) Cox regression
model was used to select the most useful prognostic radiomics features
with non-zero coefficients in training cohort from a subset of un-
correlated predictive features (Supplementary S3). The selected radio-
mics features were then combined into a radiomics signature (referred
as Radio-score) by linear combination of selected radiomics features
weighted by their respective coefficients. The hyper parameter was
selected using 10-fold cross validation via minimum criteria.

2.5. Validation of radiomics signature

Univariable Cox regression analysis was first performed to in-
vestigate the association of Radio-score with OS on both training and
test cohorts. The potential association of the radiomics signature with
OS was first assessed in training cohort and then validated in test cohort
by Kaplan-Meier survival analysis. The patients were classified into
high-risk or low-risk groups according to the radiomics score (Radio-
score), the threshold of which was identified by X-tile. The difference in
the survival curves of the high-risk and low-risk groups was evaluated
by log-rank test.

To investigate the relationship between radiomics signature and
selected genetic-clinical risk factors in terms of survival benefit, the
high and low risk groups divided by radiomics signature were then sub-
stratified by the selected genetic-clinical risk factors respectively both
in the training and independent test cohorts. The difference in the
survival curves of the sub-groups in high-risk or low-risk groups was
evaluated by log-rank test.

2.6. Construction and assessment of nomogram

Evaluation of the radiomics signature as an independent biomarker
was performed by integrating the following genetic and clinical risk
factors into the multivariable Cox proportional hazards model: histo-
logic grade (III or IV), gender (female or male), age, treatment (stan-
dard or non-standard), IDH-M (yes or no), and MGMTmet (yes or no),
which were also analyzed with univariable Cox regression and Kaplan-
Meier survival analysis firstly.

To prove the incremental value of the radiomics signature for in-
dividualized assessment of OS in patients with HGG, a nomogram in-
corporating the radiomics signature and selected independent genetic-
clinical risk factors based on the multivariate Cox analysis.

To assess the agreement between the observed outcomes and the OS
prediction of nomogram, calibration curves were generated.
Furthermore, the Harrell concordance index (C-index) was measured to
quantify the discrimination performance.

Finally, a decision curve analysis determined the clinical usefulness
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Fig. 1. A flowchart describing the radiomics method for OS prediction. 1) Regions of Interests (ROI) of the tumor lesion and peritumoral edema area were manually
delineated, on 2-dimensional CE-T1WI and T2FLAIR images separately. 2) Radiomics features were extracted including non-textural, textural and wavelet features
after local standard deviation filter. 3) Discriminative features were selected by the lasso regression model. 4) Prediction model was constructed incorporating the
radiomics signature, genetic, and clinical characteristics; a nomogram was finally adopted to present the OS prediction outcomes with a clinical usefulness.

of the nomogram by quantifying the net benefits at different threshold
probabilities.

2.7. Statistical analysis

The statistical analysis was performed with R software, version
3.0.1 (http://www.R-project.org) and X-tile software, version 3.6.1
(Yale University School of Medicine, New Haven, Conn). The packages
in R used in this study are described as follows: Chi-Squared Test,
Mann-Whitney U test and Kruskal-Wallis rank sum test were done using
the “stats” package. Levene's test was done using the “car” package.
Multivariable Cox regression was done using the “glmnet” package.
Nomograms and calibration curve were done with the “rms” package.
C-index calculation was performed the “Hmisc” package. ROC curves
plot was done using “pROC” package. The reported statistical sig-
nificance levels were all two sided, with the statistical significance level
set at 0.05. The differences in age, gender, treatment, histologic grade,
IDH-M, MGMTmet, OS between the training and test cohort were as-
sessed by independent samples t-test

3. Results
3.1. Clinical and genetic characteristics

Patients’ clinical and genetic characteristics in the training and test
cohorts are summarized in Table 1. There was no significant difference
in age, gender, IDH-M, treatment and OS between the training and
independent test cohorts (P > 0.05). There were more patients with
Grade III (P < 0.001), more MGMTmet (P = 0.024), and more alive
at 2 yrs. (P = 0.041) in the independent test cohort compared to those
of the training cohort.

3.2. Radiomics signature construction

There were 9, 5, 11 radiomic features in tumor and peritumoral
edema area selected with non-zero coefficients in the LASSO Cox re-
gression model for CE-T1WI, T2FLAIR and combined sequences,

Table 1

Characteristics of patients in the training and test cohorts.
Characteristic Training cohort Test cohort P

(N =112) (N =35)
Age (years) 0.588
Range 18 - 81 24 -77
Median 56 61
Mean * SD 54.44 + 15.20 56.03 = 13.31
Gender, NO. (%) 0.561
Female 54 (48.21) 15 (42.86)
Male 58 (51.79) 20 (57.14)
Grade, NO. <.0001
III (A/O) 38 (18/20#) 24 (24/0)
v 74 (66.07) 11 (31.43)
IDH mutation NO. 0.702
(%)

IDH-M 30 (26.79) 11 (31.43)
IDH-W 82 (73.21) 24 (68.57)
MGMT met NO. (%) 0.024
MGMTmet 66 (58.93) 27 (77. 14)
Non-MGMTmet 46 (41.07) 8 (22.85)
Status NO. (%) 0.041
Alive 19 (16.96) 13 (37.14)
Dead 93 (83.04) 22 (62.86)
Treatment NO. (%) 0.056
Standard 98 (87.50) 24 (68.57)
Non-standard 14 (12.50) 11 (31.43)
OS (months) 0.353
Range 0.167-135 3.167- 67.4
Median 16.87 17.77
Mean + SD 22.29 + 20.63 26.11 + 21.05

Note: NO.: number; A: astrocytoma; O: oligodendroglioma; # there was no
significant difference of OS between astrocytoma and oligodendroglioma; IDH-
M: IDH-mutant type; IDH-W: IDH-wild type; MGMTmet: MGMT methylation;
Standard: comprehensive treatment included surgery, radiotherapy and/or
chemotherapy; NO-Standard: with surgery, but did not get the information of
chemotherapy and radiotherapy.

respectively. The radiomics signature of combined sequences achieved
higher C-index (0.707) than that of CE-T1WI (0.700), and T2FLAIR
(0.583), respectively (Supplementary S4), and was selected as the final
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radiomics model. The formula of Radio-score for combined sequences
was as follows:

Radio-score
(CE-T1WI+ T2FLAIR)

CE-T1WI_Tumor_Mean X 1.092

+ CE-T1WI_Tumor_Compactness X (-0.033)

+ CE-T1WI_Tumor_ Angular second

moment X (-1.181)

+ CE-T1WI_Tumor_First measure of information
correlation X 1.416

+ CE-T1WI_Tumor_ Low grey level zone emphasis
% (-0.730)

+ CE-T1WI_Tumor_Wavelet P1L2C2 X 0.015

+ CE-T1WI_Edema_ Number of connected 3D
components X (-0.381)

+ CE-T1WI_Edema_ Small zone low grey level
emphasis X 0.169

+ CE-T1WI_Edema_Mean intensity X 2.547

+ T2FLAIR_Edema_Wavelet P1L2C1 X (-0.243)
+T2FLAIR_Edema_ Maximum intensity x (-0.053)

3.3. Validation of radiomics signature

Based on the Radio-score of patients in the training cohort, the
optimal cutoff calculated by the X-tile plot was 3.315 for Radio-score.
Then, patients were stratified into low-risk and high-risk groups by
Radio-score, as shown in Fig. 2. The C index of radiomics signature was
0.707 (95%CI, 0.661 to 0.754, P < .001) for training cohort, and
0.711 (95%CI, 0.609 to 0.813, P < .001) for test cohort. The OS of
high risk and low risk groups divided by radiomics signature are
showed in Table 2. The patients of low-risk group (OS = 31.1 = 7.9)
survived longer than those of high-risk group (0OS = 13.4 + 3.4).

3.4. Construction and assessment of nomogram

According to univariate Cox regression analysis, the radiomics sig-
nature, age, and IDH were significantly associated with OS in both
training and test cohorts, as shown in Supplementary S5. The multi-
variable Cox regression analysis identified radiomics signature, age and
IDH as independent risk factors (radiomics signature: HR: 2.18, 95% CI:
1.356-3.513, P = 0.005; age: HR: 1.039, 95% CI: 1.019-1.058,
P = 0.005; and IDH: HR: 0.490, 95% CI: 0.247-0.973, P = 0.007).

The low-risk group based on radiomics signature was sub-stratified
into subgroups by age (50.5) and IDH respectively, while the high-risk

Radiomics signature
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group based on radiomics signature was not sub-stratified by age (60.0)
or IDH both in training and independent test cohort (Fig. 3), because
most patients were IDH-W (94.6% in training cohort, 88.2% in test
cohort), and the mean age was 60.6 * 12.1 in training cohort, and
61.6 + 11.9 in test cohort. The OS of subgroup divided by age (50.5)
and IDH are showed in Tables 3 and 4 . The MRI images of subgroup are
showed in Fig. 4. The greatest survival benefit of HGG was observed in
patients with Radio-score < 3.315, IDH-M and age < 50.5, which had
an approximately 3-year increased in OS relative to patients in high-risk
group (Radio-score = 3.315, IDH-W and age = 60.0).

Based on the relationship of selected risk factors, the nomogram
(Fig. 5) was constructed by radiomics signature, age and IDH, and
achieved a C-Index of 0.764 (95% CI: 0.723-0.806, P < .001) for the
training cohort, and 0.758 (95% CI: 0.667-0.838, P < .001) for the
independent test cohort, demonstrating the improved predictive per-
formance.

The calibration curves of the nomograms for the probability of OS at
1, 2, or 3 years after surgery are shown in Fig. 5. The calibration curves
of the nomogram demonstrated satisfactory agreement between the
predictive and observational possibility of OS for 1, 2, 3 years in both
the training and test cohorts.

A decision curve analysis showed that the nomogram had a higher
overall net benefit than the radiomics signature, age and IDH-M across
most of the range of reasonable threshold probabilities (Supplementary
Fig. 3).

4. Discussion

In the current study, the radiomics signature was identified to be the
independent prognostic biomarkers and stratified HGG patients. Age
and IDH were important supplements for the low-risk group. The no-
mogram incorporating the radiomics signature, age and IDH status
improved the performance for individualized OS prediction. The
greatest survival benefit of HGG was observed in patients with Radio-
score < 3.315, IDH-M and age < 50.5, which had an approximately 3-
year increased in OS relative to patients in high-risk group (Radio-score
= 3.315, IDH-W and age = 60.0).

Our radiomics signature contained 4 texture, 2 tumor shape, 3 first-
order and 2 wavelet features from CE-T1WI and T2FLAIR images which
could predict the OS of glioma, and stratified patients into high- and
low-risk groups in our study. CE-T1WI contains the information of re-
gional angiogenesis in tumor and the destruction of blood-brain barrier.
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Fig. 2. Kaplan Meier survival analysis of radiomics signature. The radiomics signature successfully stratified HGG into high-risk and low-risk groups with significant

prognostic difference, both in training (A), and independent validation cohorts (B).
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Table 2

Characteristics of patients according to the risk groups stratified by radiomics signature.
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Training cohort

0OS (Months)
1 year

2 years

=3 years
IDH-M

Age

High risk (N = 56)
134 + 3.4

28 (50.0%)

20 (35.7%)

8 (14.3%)

3 (5.4%)

60.6 * 12.1

Low risk (N = 56)
311 + 7.9

8 (14.3%)

16 (28.6%)

32 (57.1%)

27 (48.2%)

48.3 + 15.5

0.000

0.000
0.000

Test cohort

High risk (N = 17)
17.4 + 43

8 (47.1%)

6 (35.3%)

3 (17.6%)

2 (11.8%)

61.6 + 11.9

Low risk (N = 18)
343 = 5.2

4 (22.2%)

2 (11.1%)
12(66.7%)

9 (50.0%)

50.8 + 12.7

0.018

0.001
0.016
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Fig. 3. The sub-stratified analysis by IDH and age based on Kaplan Meier survival analysis of radiomics signature. In low-risk group of radiomics signature, both IDH
and age sub-stratified patients into two subgroup in training (A-C) and independent validation cohorts (G-I). In high-risk group of radiomics signature, both IDH and
age failed to sub-stratify patients in training (D-F) and independent validation cohorts (J-L).

Table 3

The subdivided analyses by age in high and low risk groups based on radiomics signature.

Training cohort

Test cohort

High risk (N = 56)

Low risk (N = 56)

High risk (N = 17)

Low risk (N = 18)

Age = 60 Age < 60 P Age = 50.5 Age < 505 P Age = 60 Age < 60 P Age = 50.5 Age < 505 P

(N = 28) (N = 28) (N = 28) (N = 28) N =29 (N =28) (N =18) (N = 10)
OS (Months) 11.4 =2.0 155+ 1.9 0.147 21.6 = 3.4 40.7 £ 5.0 0.002 10.6 = 3.1 243 76 0.130 20.8 6.7 43.7 £ 6.0 0.023
1 year 17 (60.7%) 11 (39.3%) - 8 (28.6%) 0 (0.0%) - 7 (77.8%) 2 (25.0%) - 4 (50.0%) 1 (10.0%) -
2 years 8 (28.6%) 12 (42.9%) - 10 (35.7%) 5 (17.9%) - 1(11.1%) 4 (50.0%) - 1 (12.5%) 1 (10.0%) -
=3 years 3 (10.7%) 5 (17.8%) - 10 (35.7%) 23 (82.1%) - 1 (11.1%) 2 (25.0%) - 3 (37.5%) 8 (80.0%) -
IDH-M 0 3 7 20 1 1 0 9
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Table 4
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The subdivided analyses by IDH in high and low risk groups based on radiomics signature.

Training cohort

Test cohort

High risk (N = 56) Low risk (N = 56)

High risk (N = 17) Low risk (N = 18)

IDH-W IDH-M P IDH-W IDH-M P IDH-W IDH-M P IDH-W IDH-M P

(N = 53) (N =3) (N = 29) N = 27) (N = 15) N =2) N =9 (N =9
0S (Months) 12.4 £ 9.0 32.0*+9.1 0.163 23.3+47 39.5+4.0 0. 011 159 £ 43 27.9 = 21.3 0.673 21.4+58 48.8 = 5.4 0.004
1 year 27 (50.9%) 0 (0.0%) - 8 (27.6%) 1 (3.7%) - 8 (53.4%) 1 (50.0%) - 4 (44.4%) 0 (0.0%) -
2 years 20 (33.8%) 0 (0.0%) - 11 (37.9%) 4 (14.8%) - 5 (33.3%) 0 (0.0%) - 1 (11.2%) 2 (22.2%) -
=3 years 6 (11.3%) 3 (100%) - 10 (34.5%) 22 (81.5%) - 2 (13.3%) 1 (50.0%) - 4 (44.4%) 7 (77.8%) -
Age 61.5 +11.4 44.3 £ 8.1 0.163 55.5 + 14.3 40.5 £ 13.1 0.000 63.1 £9.1 51.0 = 20 0.652 57.8 +11.1 42.8 £9.3 0.008

High risk patient (GBM), Radio-score=3.68,
Age=74 years, IDH-W, 0OS=3.7 months

High risk patient (Grade Ill), Radio-score=3.32,
Age=51 years, IDH-W, 0S=21.53 months

T2FLAIR reflects the anatomical information and density of tumor cells.
The radiomics features from these two sequences could quantify the
comprehensive information to characterize the heterogeneity of the
glioma [11,12], [15]. Previous studies have confirmed the hypothesis
that the prognostic information could be inferred from the radiological
images of glioma [13,14,22]. Chaddad A, et al. [23] showed that the
texture features could characterize the heterogeneity of GBM and pre-
dict the OS. Liu Y, et al. [24] showed that radiomics could reflect
heterogeneous distribution of GBM and thereby affect the survival
stratification. Li QH, et al. [25] found that the multiparametric radio-
mics signature had the potential to offer better prognostic performance
for GBM. Furthermore, we confirmed that the combined 11 radiomics
features could accurately reflect this whole heterogeneous information
of angiogenesis and cell proliferation both in tumor and edema regions
which are closely related to the prognosis of HGG.

The multivariable Cox regression analysis identified radiomics sig-
nature, age and IDH as independent risk factors. We further analyzed
the relationship between radiomics signature, age and IDH status. In
high-risk group stratified by radiomics signature, there was no sub-
groups existing by the sub-stratified analysis of IDH and age, respec-
tively. This demonstrated that the radiomics signature was an enough
noninvasive imaging biomarker for high-risk group, and partly re-
flecting the information of IDH status and age, because most patients of
this group were IDH-W (94.6%) and the mean age was 60.6 years old. It
confirms that IDH mutations can convert a-ketoglutarate to 2-

Low risk patient (GBM), Radio-score=3_.09,
Age=52 years, IDH-M, OS=37.3 months

Fig. 4. MRI images of HGG in high-risk and
low-risk patients. Both glioblastomas (GBMs)
showed ring enhancement (A-D), but one pa-
tient (A, B) was stratified to high risk group
(Radio-score = 3.68; age = 74 years; IDH-W;
OS = 3.7 months), the other patient (C, D) was
stratified to low risk group (Radio-score =
3.09; age =52 years; IDH-M; OS = 37.3
months). Both Grade III gliomas showed irre-
gular enhancement near midline (E-H), but
one patient (E, F) was stratified to high risk
group (Radio-score = 3.32; age = 51 years;
IDH-W; OS = 21.53 months), the other patient
(G, H) was stratified to low risk group (Radio-
score = 2.80; age = 52  years; IDH-M;
OS = 44.87 months). Note: A, C, E, G re-
presented the CE-T1WI images; B, D, F, H re-
presented the T2FLAIR images.

Age=52 years, IDH-M, OS=44.87 months

hydroxyglutarate, which ultimately suppresses angiogenesis and cell
proliferation [26]. The radiomics signature from CE-T1WI and T2FLAIR
images could reflect the biological processes of high-risk group. While
in low-risk group, patients were successfully sub-stratified into sub-
groups by IDH and age, respectively. The patients with IDH-M and
age < 50.5 survived longer than those with IDH-W and age = 50.5.
Thus, age and IDH were important supplements to radiomics signature
for low-risk group. Our study first expands on the knowledge by de-
monstrating a relationship between radiomics signature, IDH and age in
terms of survival benefit.

The complex nature of tumor malignancy might be better reflected
when considering the interactions between the multiple risk factors
[27,28]. The nomogram which takes account of multiple risk factors by
assigning a total number of points to each patient, is imperative
[12,29-31]. A recent study integrating radiomics features, age, and KPS
successfully improved the performance of OS prediction for GBM [32].
The 2016 WHO Classification of Tumors of the Central Nervous System
firstly defines the IDH genotype of glioma, which is an important ge-
netic hallmark with considerable prognostic value [33,34]. Given the
relationship between radiomics signature, IDH and age in our study, we
combined these variables into a nomogram, and the predictive power
was improved with C-index of 0.764, which demonstrated the incre-
mental value of combining multiple variables for individualized OS
prediction in HGG patients. The greater survival benefit of HGG pa-
tients was observed in low-risk group (Radio-score < 3.315, IDH-M and
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Fig. 5. The nomogram constructed by radiomics signature, IDH and age (A).
The calibration curves of the nomogram demonstrated satisfactory agreement
between the predictive and observational possibility in both the training (B)
and test cohorts (C).

age < 50.5), which had an approximately 3-year increased in OS re-
lative to patients in high-risk group (Radio-score = 3.315, IDH-W and
age = 60.0). Thus, the patients in low-risk group would be strongly
recommended with current standard therapy to obtain the survival
benefit, while the patients in high-risk group might be better to add
other more aggressive treatments such as immunotherapy or targeted
therapy. Our nomogram provided a robust method to address the sur-
vival estimation for HGG, which might be a new complement to the
treatment guidelines of glioma for clinical use.

There were still several limitations in our study. First, we used the
retrospective data with relatively small sample size, although in-
dependent test cohort was included. Multi-center data should be col-
lected to test the stable performance of the model. Secondly, because
the heterogeneity of imaging parameters in the TCIA cohort, we only
included the routine sequences (CE-T1WI and T2FLAIR) and did not
investigate the advanced MR sequences. Thirdly, some variables, such
as extent of resection and KPS, were not available for the patients from
TCGA. We excluded the patients with biopsy.

5. Conclusions

In conclusion, the radiomics signature is an independent prognostic
biomarker for HGG, and successfully stratified patients. Age and IDH

European Journal of Radiology 120 (2019) 108609

were important supplements for radiomics signature, especially for the
low-risk group. A nomogram incorporating radiomics signature, IDH
and age improved the performance of individualized OS estimation,
which might be a new complement to the treatment guidelines of
glioma for clinical use.
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