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Abstract

Intratumor heterogeneity is partly responsible for the poor prognosis of glioblastoma (GBM) patients. In this study, we aimed to
assess the effect of different heterogeneous subregions of GBM on overall survival (OS) stratification. A total of 105 GBM patients
were retrospectively enrolled and divided into long-term and short-term OS groups. Four MRI sequences, including contrast-
enhanced T |-weighted imaging (T1C), T1, T2, and FLAIR, were collected for each patient. Then, 4 heterogeneous subregions, i.e.
the region of entire abnormality (rEA), the regions of contrast-enhanced tumor (rCET), necrosis (rNec) and edema/non-contrast-
enhanced tumor (rE/nCET), were manually drawn from the 4 MRI sequences. For each subregion, 50 radiomics features were
extracted. The stratification performance of 4 heterogeneous subregions, as well as the performances of 4 MRI sequences, was
evaluated both alone and in combination. Our results showed that rEA was superior in stratifying long-and short-term OS. For the
4 MRI sequences used in this study, the FLAIR sequence demonstrated the best performance of survival stratification based on the
manual delineation of heterogeneous subregions. Our results suggest that heterogeneous subregions of GBMs contain different
prognostic information, which should be considered when investigating survival stratification in patients with GBM.
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poor, with a median survival of 10-14 months.” The past years  china.
have seen remarkable advances in GBM research, but this  Email: yliu@fmmu.edu.cn

Creative Commons Non Commercial CC BY-NC: This article is distributed under the terms of the Creative Commons Attribution-NonCommercial 4.0 License
(https://creativecommons.org/licenses/by-nc/4.0/) which permits non-commercial use, reproduction and distribution of the work without further permission
BY NC

provided the original work is attributed as specified on the SAGE and Open Access pages (https://us.sagepub.com/en-us/nam/open-access-at-sage).

Corresponding Author:



https://orcid.org/0000-0003-1869-5528
https://orcid.org/0000-0003-1869-5528
mailto:yliu@fmmu.edu.cn
https://creativecommons.org/licenses/by-nc/4.0/
https://us.sagepub.com/en-us/nam/open-access-at-sage
https://sagepub.com/journals-permissions
https://doi.org/10.1177/15330338211033059
http://journals.sagepub.com/home/tct

Technology in Cancer Research & Treatment

progress has failed to yield significant improvements in prog-
nosis. While the l-year survival rate is 50.6%,* the 5-year
survival rate is only 9.8%.° Recent studies have indicated that
intratumor heterogeneity is partly responsible for the dismal
outcome of GBM patients.® Assessing the effect of heteroge-
neity on survival stratification is therefore critical for appropri-
ate GBM clinical management.

Currently, magnetic resonance imaging (MRI) has served as
a noninvasive tool for the survival analysis of GBMs.”® An
increasing number of radiomics studies aim to predict disease
prognosis, thereby providing beneficial information for perso-
nalized treatment from a variety of imaging features extracted
from multiple MRI.? Two researches utilized MRI features and
corresponding criteria of the VASARI (Visually Accessable
REMBRANDT [Repository for Molecular Brain Neoplasia
Data] Images) and showed that such features improve the pre-
diction of survival in GBM patients over clinical features
alone.'®!"" Another recent study also demonstrated that the
incorporation of diffusion- and perfusion-weighted MRI into
an MRI radiomics model to allow for better prognostication in
newly diagnosed glioblastoma patients improved its perfor-
mance over that achievable using clinical predictors alone.'?
We assessed GBM heterogeneity with MRI textures, which
indicated that local heterogeneity might play an important role
in the survival stratification, while global heterogeneity had
little effect.'® It further suggested that the tumor regions with
high gray-levels or intensity in postcontrast T1-weighted ima-
ging (T1WI) might contribute more to the prognosis of patients
with GBM, and we could improve the prediction performance
by dividing the active tumor into several subregions in space.'*
Intratumor heterogeneity occurs at the molecular level and can
be macroscopically reflected by different phenotypes in MRI, '
which are commonly identified as the region of contrast-
enhancing tumor (rCET), necrosis (rNec) and edema/non
contrast-enhancing tumor (rE/nCET). Moreover, with the help
of multi-parametric MRI, the tumor region can specifically be
identified as active tumor and necrosis using TIWI images and
edema by fluid attenuation inversion recovery (FLAIR)
sequences.'® However, investigations into the effect of GBM
heterogeneity on survival stratification have reported contra-
dictory results regarding the influence of different heteroge-
neous subregions on the overall survival (OS) of GBM
patients. One study observed that the texture in active tumor
(VAT) phenotype may predict the OS of GBM patients.'”
Another study asserted that nonenhanced regions of GBM can
be used to identify patients with poor survival trends.'® Which
subregion is the most effective and whether their combinations
can improve the predictive performance, which modality or
their combination could benefit the prediction, are still
unknown. Therefore, it is necessary to establish a novel
approach evaluating the influence of different subregions of
GBM.

In this study, we aimed to employ high-throughput radio-
mics features, which were extracted from different GBM
subregions of multimodal MRI, to discriminate long- and
short-term OS groups and to evaluate the performance of each

Table 1. Summary of Patient Characteristics of Long-Term and
Short-Term Groups.

Age (years),  Overall survival

Gender (median, (days), (median,
Group (male/female) range) range)
Long-term group 36/21 57, 18-78 616, 368-1757
Short-term group 27/21 63.5, 40-84 150, 5-362

subregion or subregions combination for the OS stratification.
With full utilization of the heterogenous information contained
in different subregions of GBMs, the proposed approach could
achieve a promising survival stratification performance.

Material and Methods

Patient Selection

In this study, all the GBM patients were collected from the
Cancer Genome Atlas (TCGA, https://wiki.cancerimagingarc
hive.net/display/Public/TCGA-GBM), and the corresponding
MRI data from the Cancer Imaging Archive (TCIA) were retro-
spectively included.'® A database consisting of 262 patients
were included in this study basing on the following criteria:
(1) the patient previously underwent 4 MRI sequences includ-
ing contrast-enhanced T1-weighted imaging (T1C), T1, T2,
and FLAIR sequences, (2) the patient had entire follow-up
information, and (3) MRI scans were performed before any
treatments or interventions, and these patients were subse-
quently diagnosed as GBM based on the histological examina-
tion. Among them, 157 patients were excluded based on the
following criteria: (1) patients who lacked certain MRI mod-
alities (n = 107), (2) patients with poor image quality, making
the segmentation of GBM regions difficult and texture analysis
inaccurate (n = 17), and (3) patients who underwent MRI
exams after surgery or biopsy (n = 33). Finally, 105 patients
were eligible in this study and were divided into 2 groups based
on their OS, i.e. long-term survival (OS > 12 months, n = 57)
and short-term survival (OS < 12 months, n = 48). In this study,
OS was calculated from the initial pathologic diagnosis date to
death or censored point if still alive. The summary of patient
characteristics of long-term and short-term groups was listed in
Table 1. Because all the patient data in TCGA were deidenti-
fied, an institutional review board approval was waived.

Image Data Acquisition and Preprocessing

Preoperative MRI data were collected from the archived data-
base. The manufacturer of the scanner included GE, Siemens,
and Philip with the magnetic field intensity ranged from 1.0 T,
1.5 T, and 3.0 T. The number of patients scanned by using MRI
scanners from different manufacturers and magnetic field
intensity has been summarized in Table 2.

Four MRI sequences were performed for each patient,
including T1C, T1, T2, and FLAIR. The T1C sequence was
acquired with the following parameters: repetition time (TR)/
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Table 2. Summary of the Number of Patients Scanned by Using MRI
Scanners From Different Manufacturers and Magnetic Field Intensity.

Magnetic field intensity

Manufacturer 30T 15T 1.0T Notrecorded Sum
GE 13 21 0 2 36
Siemens 5 12 0 0 17
Philips 8 4 0 0 12
Not recorded 15 18 1 6 40
Sum 41 55 1 8 105

echo time (TE), 4.9-3285 msec/2.1-20 msec; slice thickness,
1-5 mm; spacing slice, 0.6-7.5 mm. The major parameters for
T1 imaging sequence included TR/TE, 352-3379 msec/2.75-19
msec; slice thickness, 1-5 mm; spacing slice, 2-7.5 mm. The
primary parameters for T2 imaging sequence included TR/TE,
700-6370 msec/15-120 msec; slice thickness, 1.5-5 mm;
spacing slice, 1.5-7.5 mm. And the predominant imaging
parameters for the FLAIR sequence involved TR/TE, 6000-
11000 msec/34.6-155 msec; slice thickness, 2.5-5 mm; spacing
slice, 2-7.5 mm. The matrix size of all the MRI sequences was
either 256 x 256 or 512 x 512. In the process of image acqui-
sition, diverse parameters of different MRI sequences were
used, which may have a great influence on 3-dimensional
(3D) analyses. Therefore, 2-dimensional (2D) preprocessing
was performed in this study.”®

Heterogenous Subregions Delineation

Considering the diverse parameters of these MRI sequences,
image registration was performed using the rigid transforma-
tion and mutual information. This process was conducted by
using the function of “imregister” derived from Matlab 2015.
Then, the axial slice of each imaging sequence was determined
based on obtaining the largest area of the GBM lesion for each
patient. After that, all the images were normalized using an in-
house Collewet et al algorithm developed by Matlab 2015.2!
To extract high throughput features, both original MRI images
and corresponding filtered images after wavelet transform were
obtained. Then, 4 2D heterogenous subregions were manually
drawn, including (1) the 2D region of entire abnormality (rEA)
outlined on FLAIR image, (2) rCET and (3) rNec on T1C, and
(4) TE/MCET acquired by subtracting the union of rCET and
rNec from rEA, as shown in Figure 1. In this study, all manual
contours were created by 2 neuroradiologists with 12 and
8 years of MRI interpretation experience. They were blinded
to the clinical information about patients and worked together
on outlined contours of each patient for consensus reading,
especially on those with discrepancies.

By changing the ratio of the high-frequency to low-
frequency signals in the images, the wavelet transform
increases the information from the low-frequency signal. L and
H are a low-pass and high-pass function, respectively, I is the
original image, and the wavelet decompositions of I in 2 direc-
tions (x, y) are labeled Iy, Iy g, Iy, and Iyyg. Then, we can

obtain 4 new filtered images. The size of each filtered image is
equal to that of the original image and is shift-invariant. There-
fore, 5 images were acquired from each MRI sequence.

Radiomics Feature Extraction

Textural features are visual characteristics that reflect the
homogeneous appearance of images and the arrangement of
the properties that change slowly or periodically on the body
surface. Textural features used in this study mainly included
histogram features and those derived from gray-level
co-occurrence matrix (GLCM), gray-level run-length texture
matrix (GLRLM), and gray-level size-zone matrix
(GLSZM).?*** The detailed definition of these features has
been published in our previous articles.***> The extraction
process was performed using a publicly shared package online
available.’*?® In this study, 13 GLCM features, 13 GLRLM
features, and 13 GLSZM features were extracted from the cor-
responding matrices. Each feature was calculated with the
average of the values generated from 4 directions (0°, 45°,
90°, and 135°) and the pixel distance set as 1. Prior to the above
3 categories of feature extraction, the grayscale of each ROI
was normalized empirically to 16, to obtain more distinguish-
able features, according to the results of our previous stud-
ies.?”*® A total of 11 histogram-based features were applied
to describe the distribution of voxel intensities within the
image, which have been listed in supplemental material. As a
result, a total of 4000 candidate radiomics features were gen-
erated for each subject (50 radiomics features x 4 subregions x
5 images x 4 MRI sequences). The feature extraction package
was implemented using MATLAB 2015b (MathWorks, Natick,
MA, USA).

Feature Selection and Classification

To assess the performance of each subregion and MRI
sequence when investigating the survival stratification of
GBM, the nonlinear support vector machine-based recursive
feature elimination (SVM-RFE) method was firstly performed
on these 50 features set of single subregion or subregion com-
bination to select and optimal feature subset. Please refer to
previous study®’ for the detailed mechanism of SVM-RFE. On
the basis of the analysis of each subregion, the optimal feature
subsets of the 4 subregions were combined and further selected
by the SVM-RFE method. Then, based on the optimal feature
subset selected from different heterogenous subregion, we can
build a model to predict the survival stratifications of the GBM
patients. After each classification, the quantitative indices,
namely the sensitivity, specificity, accuracy, and area under
the curve (AUC) of the receiver operating characteristics
(ROC), were calculated to evaluate the classification perfor-
mance. Furthermore, we evaluated the performances of 4 MRI
sequences when investigating the effect of GBM heterogeneity
on survival stratification by heterogenous subregions
delineation.
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1.Four heterogeneous subregions

T1C

2.Four wavelet images (Take T1C for example)

LL of TIC LH of T1C

HL of T1C

HH of T1C

Figure 1. The generation of 4 heterogenous subregions of GBM patients and the wavelet transform process of each MRI modality. 1, Four
heterogenous subregions were manually drawn. 2, The original T1C, T1, T2, and FLAIR images were decomposed into 4 new images in 4 decomposed
directions (LL, LH, HL, HH) by wavelet transform, respectively. L and H represent low-pass and high-pass functions, respectively.

Statistical Analysis

Statistical analyses were performed using SPSS software v.
22.0.00 (IBM Corp., New York, NY). The Mann-Whitney U test
and chi-square test were applied to clinical characteristics to verify
whether significant intergroup differences existed. Two-sided
P values < 0.05 were described as statistically significant.

Results

Classification Performance With Four Heterogenous
Subregions

The performance of OS stratification using optimal radio-
mics features from a single subregion or combination of

subregions in GBM patients with long- and short-term sur-
vival times is compared in Table 3. In addition to the months
of OS (P <0.01), there were no significant intragroup differ-
ences of clinical characteristics. By comparing the efficiency
of single subregion, the role of rEA was more outstanding for
stratifying long- and short-term OS, with AUC = 0.9254,
which was shown in Figure 2. The next one was the rE/nCET,
with AUC = 0.9083. By comparing the efficiency of subre-
gion combination, the 4-region combination (rEA, rCET,
rNec and rE/nCET) combination with AUC = 0.9591 and
accuracy = 91.43%, outperformed the 3-subregion (rCET,
rNec and rE/nCET) combination with AUC = 0.9342 and
accuracy = 89.52%.
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Table 3. The Performance of Single Subregion or Subregion Combination With the SVM Classifier in Differentiating Long- and Short-Term

Survival Time.

Single subregion or subregion combination Sensitivity Specificity Accuracy AUC  Number of optimal features
All 89.58% (43/48)  92.98% (53/57) 91.43% (96/105) 0.9591 21
rCET+ rNec+ rE/nCET 85.42% (41/48)  92.98% (53/57) 89.52% (94/105) 0.9342 57
rEA 85.42% (41/48)  87.72% (50/57) 86.67% (91/105) 0.9254 22
rCET 81.25% (39/48) 87.72% (50/57) 84.76% (89/105) 0.8596 10
rNec 85.42% (41/48) 84.21% (48/57) 84.76% (89/105) 0.8995 60
rE/nCET 87.5% (42/48) 89.47% (51/57) 88.57% (93/105) 0.9083 36

Abbreviations: rCET, regions of contrast-enhancing tumor; rNec, regions of necrosis; rE, regions of edema; nCET, non-contrast-enhancing tumor; rEA, the region

of entire abnormality.
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Figure 2. The efficiency of OS stratification using optimal radiomics features from single subregion or subregion combination. By comparing
the efficiency of single subregion, the role of rEA was more outstanding for stratifying long- and short-term OS, with AUC = 0.9254. The next
one was the rE/nCET, with AUC = 0.9083. By comparing the efficiency of subregion combination, the 4-subregion combination (AUC =
0.9591 and accuracy = 91.43%) outperformed the 3-subregion combination (AUC = 0.9342 and accuracy = 89.52%). The group of all means
4-subregion combination, which contains rEA, rCET, rNec and rE/nCET.

Classification Performance With Single MRI Modality

Furthermore, we assess the performance of each sequence
(T1C, T1, T2, and FLAIR) when investigating the effect of
GBM heterogeneity on survival stratification by heterogenous
subregions delineation. In our previous study, we have found
that the tumor regions with high gray-levels or intensity in
postcontrast T1 might contribute more to the prognosis of
patients with GBM.'* But in this study, when 4 heterogenous
subregions were manually drawn, the performance of FLAIR
sequence was the best, with AUC = 0.9101 and accuracy =
86.67%, and followed by that of T2 sequence, AUC = 0.8637
with and accuracy = 82.86%, as showed in Figure 3. The
performance of each MRI sequence was also compared in
Table 4.

Discussion

GBMs are usually present with extensive areas of necrosis,
pseudo-palisading, vasogenic edema and infiltrative micro-
scopic disease. It is clear that, despite a lot of advancements
made in the wide field of GBM molecular biology and the
development of new therapies based on this knowledge, there
is still a long way to go to fully understand this terrible dis-
ease.”” MRI is the primary imaging modality for diagnosis and
monitoring of GBM, and integration of advanced MRI features
with conventional MRI, may provide valuable information for
differentiating glioblastoma from solitary metastatic lesions.>”

More and more studies show that precise segmentation of
active tumor region and perifocal edema extension from MRI is
essential for planning stereotactic biopsy and GBM surgery.’!
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Figure 3. The efficiency of OS stratification using optimal radiomics features from single MRI modality. The best accuracy and AUC were got

when using FLAIR images (AUC = 0.9101 and accuracy = 86.67%).

Table 4. The Optimal Classification Performance of Different Sequence Using the SVM Classifier.

Modality (sequence) Sensitivity Specificity Accuracy AUC Number of optimal features
T1C 77.08% (37/48) 85.96% (49/57) 81.90% (86/105) 0.8596 16
T1 79.17% (38/48) 80.7% (46/57) 80.00% (84/105) 0.8447 40
T2 79.17% (38/48) 85.96% (49/57) 82.86% (87/105) 0.8637 18
FLAIR 85.41% (41/48) 87.72% (50/57) 86.67% (91/105) 0.9101 18

The previous study had shown that 4 out of 7 of the examined
imaging features were associated with survival.**> These fea-
tures were: tumor functional grade, necrosis grade, edema
grade, and enhancement grade.>* Some studies also provided
more evidence for the usefulness of imaging features when
predicting survival time.**=3 In our previous studies, the
results indicated that further spatial segmentation of the active
tumor into multiple subregions might improve survival
stratification.'*

In this study, we proposed the preoperative MRI-based
radiomics extracted from different subregions of GBM for sur-
vival stratification in patients. Results demonstrated that local
and regional heterogeneity may play an important role in the
survival stratification of patients with GBM. Meanwhile, dif-
ferent subregions in GBM multimodal MRI had different stra-
tification efficiencies.

Considering the intratumor heterogeneity of GBMs, it is
commonly critical to determine which regions/volumes to be
extracted for further analysis. In most of previous GBM-related
MRI studies, researchers usually focused on the rCET and
investigated its potential to grading or survival prediction.
Most GBM prognosis-related studies indicated the association
between poor prognosis and radiomics features from contrast-

enhanced region.'*® However, in our experiments, the role of
rEA was more outstanding for stratifying long- and short-term
OS by comparing the efficiency of single subregion, and the
next one was the rE/nCET. By comparing the efficiency of
subregion combination, the group of all 4-subregion (rEA,
rCET, rNec and rE/nCET) combination outperformed the
3-subregion (rCET, rNec and rE/nCET) combination.

Despite the superiority of rEA in OS stratification, each
subregion contained specific microenvironment information
that was fully represented by optimal radiomics features and
could complement each other. Therefore, the OS stratification
model of the 4-subregion combination achieved the best per-
formance compared to any other subregion combination or
single subregion. According to the performance of optimal
features extracted from different MRI sequences, features from
FLAIR images achieved more favorable predictive perfor-
mance than those from the other sequences did for the OS
stratification. These results further denote that important infor-
mation in the non-contrast-enhanced subregions and MRI
sequence can be used for improving the prognostic perfor-
mance of GBM patients.”’

However, the results of this study should be carefully inter-
preted due to several limitations. First, the datasets enrolled in
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this retrospective study were relatively limited. In future, a
larger sum of datasets is required to further validate the overall
performance of the proposed strategy. Secondly, this study
required annotation of 4 different tumor subregions in each
slice of each case, which required an enormous amount of
radiology work. considering the large section thickness and
spacing of most data, we used 2D texture analysis instead of
3D analysis, which may have resulted in missing information.
Thirdly, therapy information was missing among a proportion
of these patients, thus was not fully considered in this study,
which might be an important variation factor for OS estimation.
Finally, the pixel distance was set as | in calculating the GLCM
and GLRLM features. In future work, other pixel distance like
2 and 3 should be evaluated in feature calculation and perfor-
mance estimation.

Conclusion

In this study, we used the integrated optimal features of hetero-
geneous subregions in multimodal MRI and machine learning
models to evaluate the OS stratification efficiency of each
subregion or subregion combination. Meanwhile, different sub-
regions in GBM on multimodal MRI had different stratification
efficiencies. rEA and the FLAIR sequence may play a more
important role in the survival stratification of GBM patients by
heterogeneous subregion delineation.

Authors’ Note

Lulu Yin and Yan Liu have contributed equally to this work, and they
are co-first authors. Institutional Review Board approval was not
required because all the data used in this study were selected from
the Cancer Genome Atlas (TCIA). After ethical review by NIH, the
TCIA is freely available for the scientific research. Followed by the
instructions of TCIA, we have referred related articles about TCIA.

Declaration of Conflicting Interests

The author(s) declared no potential conflicts of interest with respect to
the research, authorship, and/or publication of this article.

Funding

The author(s) received the financial support for the research, author-
ship, and/or publication of this article: The present study was finan-
cially supported by grants from the National Natural Science
foundation of China [grant number 81871424, 81701658].

ORCID iD

Lulu Yin, MD  https://orcid.org/0000-0003-1869-5528

Supplemental Material

Supplemental material for this article is available online.

References

1. Anjum K, Shagufta BI, Abbas SQ, et al. Current status and future
therapeutic perspectives of glioblastoma multiforme (GBM) ther-
apy: a review. Biomed Pharmacother. 2017;92:681-689.

2. Dolecek TA, Propp JM, Stroup NE, Kruchko C. CBTRUS statis-
tical report: primary brain and central nervous system tumors

11.

13.

14.

15.

16.

diagnosed in the United States in 2005-2009. Neuro Oncol.
2012;14(suppl 5):v1-v49.

. Van Meir EG, Hadjipanayis CG, Norden AD, Shu HK, Wen PY,

Olson JJ. Exciting new advances in neuro-oncology: the avenue to
a cure for malignant glioma. C4A Cancer J Clin. 2010;60(3):
166-193.

. Stupp R, Mason WP, van den Bent MJ, et al; European Organisa-

tion for Research and Treatment of Cancer Brain Tumor and
Radiotherapy Groups; National Cancer Institute of Canada Clin-
ical Trials Group. Radiotherapy plus concomitant and adjuvant
temozolomide for glioblastoma. N Engl J Med. 2005;352(10):
987-996.

. Stupp R, Hegi ME, Mason WP, et al; European Organisation for

Research and Treatment of Cancer Brain Tumor and Radiother-
apy Groups; National Cancer Institute of Canada Clinical Trials
Group. Effects of radiotherapy with concomitant and adjuvant
temozolomide versus radiotherapy alone on survival in glioblas-
toma in a randomized phase III study: 5-year analysis of the
EORTC-NCIC trial. Lancet Oncol. 2009;10(5):459-466.

. Sottoriva A, Spiteri I, Piccirillo SG, et al. Intratumor heterogene-

ity in human glioblastoma reflects cancer evolutionary dynamics.
Proc Natl Acad Sci U S A. 2013;110(10):4009-4014.

. Sanghani P, Ang BT, King NKK, Ren H. Overall survival pre-

diction in glioblastoma multiforme patients from volumetric,
shape and texture features using machine learning. Surg Oncol.
2018;27(4):709-714.

. Molina D, Pérez-Beteta J, Luque B, et al. Tumour heterogeneity

in glioblastoma assessed by MRI texture analysis: a potential
marker of survival. Br J Radiol. 2016;89(1064):20160242.

. Viallon M, Cuvinciuc V, Delattre B, et al. State-of-the-art MRI

techniques in neuroradiology: principles, pitfalls, and clinical
applications. Neuroradiology. 2015;57(5):441-467.

. Gutman DA, Cooper LA, Hwang SN, et al. MR imaging predic-

tors of molecular profile and survival: multi-institutional study of
the TCGA glioblastoma data set. Radiology. 2013;267(2):
560-569.

Mazurowski MA, Desjardins A, Malof JM. Imaging descriptors
improve the predictive power of survival models for glioblastoma
patients. Neuro Oncol 2013;15(10):1389-1394.

. Park JE, Kim HS, Jo Y, et al. Radiomics prognostication model

in glioblastoma using diffusion-and perfusion-weighted MRI.
Sci Rep. 2020;10(1):4250.

LiuY, Xu X, Yin L, Zhang X, Li L, Lu H. Relationship between
glioblastoma heterogeneity and survival time: an MR imaging
texture analysis. AJNR Am J Neuroradiol. 2017;38(9):1695-1701.
LiuY, Zhang X, Feng N, et al. The effect of glioblastoma hetero-
geneity on survival stratification: a multimodal MR imaging tex-
ture analysis. Acta Radiol. 2018;59(10):1239-1246.

O’Connor JP, Rose CJ, Waterton JC, Carano RA, Parker GJ,
Jackson A. Imaging intratumor heterogeneity: role in therapy
response, resistance, and clinical outcome. Clin Cancer Res.
2015;21(2):249-257.

Chaddad A, Zinn PO, Colen RR. Quantitative texture analysis for
glioblastoma phenotypes discrimination. In: Control Decision
and Information Technologies CoDIT 2014 International Confer-
ence on, IEEE, Metz, France, November 3-5, 2014: 605-608.


https://orcid.org/0000-0003-1869-5528
https://orcid.org/0000-0003-1869-5528
https://orcid.org/0000-0003-1869-5528

Technology in Cancer Research & Treatment

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

Chaddad A, Tanougast C. Extracted magnetic resonance texture
features discriminate between phenotypes and are associated with
overall survival in glioblastoma multiforme patients. Med Biol
Eng Comput. 2016;54(11):1707-1718.

Boonzaier NR, Larkin TJ, Matys T, van der Hoorn A, Yan JL,
Price SJ. Multiparametric MR imaging of diffusion and perfusion
in contrast-enhancing and nonenhancing components in patients
with glioblastoma. Radiology. 2017;284(1):180-190.

Clark K, Vendt B, Smith K, et al. The Cancer Imaging Archive
(TCIA): maintaining and operating a public information reposi-
tory. J Digit Imaging. 2013;26(6):1045-1057.

Tixier F, Hatt M, Le Rest CC, Le Pogam A, Corcos L, Visvikis D.
Reproducibility of tumor uptake heterogeneity characterization
through textural feature analysis in 18F-FDG PET. J Nucl Med.
2012;53(5):693-700.

Collewet G, Strzelecki M, Mariette F. Influence of MRI acquisi-
tion protocols and image intensity normalization methods on tex-
ture classification. Magn Reson Imaging. 2004;22(1):81-91.
Haralick RM, Shanmugam K, Dinstein IH. Texture features for
image classification. /EEE Trans Syst Man Cybern Syst. 1973;
smc-3:610-621.

Castellano G, Bonilha L, Li LM, Cendes F. Texture analysis of
medical images. Clin Radiol. 2004;59(12):1061-1069.

Xu X, Zhang X, Tian Q, et al. Quantitative identification of
nonmuscle-invasive and muscle-invasive bladder carcinomas: a
multiparametric MRI radiomics analysis. J Magn Reson Imaging.
2019;49(5):1489-1498.

Xu X, Wang H, Du P, et al. A predictive nomogram for indivi-
dualized recurrence stratification of bladder cancer using multi-
parametric MRI and clinical risk factors. J Magn Reson Imaging.
2019;50(6):1893-1904.

Jiang Y, Yuan Q, Lv W, et al. Radiomic signature of 18F fluoro-
deoxyglucose PET/CT for prediction of gastric cancer survival and
chemotherapeutic benefits. Theranostics. 2018;8(21):5915-5928.
Zhang X, Lu D, Gao P, et al. Survival-relevant high-risk subre-
gion identification for glioblastoma patients: the MRI-based

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

multiple instance learning approach. Eur Radiol. 2020;30(10):
5602-5610.

Zhang X, Lu H, Tian Q, et al. A radiomics nomogram based on
multiparametric MRI might stratify glioblastoma patients accord-
ing to survival. Eur Radiol. 2019;29(10):5528-5538.

Monticelli M, Zeppa P, Zenga F, et al. The post-surgical era of
GBM: how molecular biology has impacted on our clinical man-
agement. A review. Clin Neurol Neurosurg. 2018;170:120-126.
Lee EJ, Ahn KJ, Lee EK, Lee YS, Kim DB. Potential role of
advanced MRI techniques for the peritumoural region in differ-
entiating glioblastoma multiforme and solitary metastatic lesions.
Clin Radiol. 2013;68(12):¢689-¢697.

Simi VR, Joseph J. Segmentation of glioblastoma multiforme
from MR images—a comprehensive review. Egyptian J Radiol
Nuclear Med. 2015;46(4):1105-1110.

Lacroix M, Abi-Said D, Fourney DR, et al. A multivariate anal-
ysis of 416 patients with glioblastoma multiforme: prognosis,
extent of resection, and survival. J Neurosurg. 2001;95(2):
190-198.

Pope WB, Sayre J, Perlina A, Villablanca JP, Mischel PS,
Cloughesy TF. MR imaging correlates of survival in patients with
high-grade gliomas. AJNR Am J Neuroradiol. 2005;26(10):
2466-2474.

Park JK, Hodges T, Arko L, et al. Scale to predict survival after
surgery for recurrent glioblastoma multiforme. J Clin Oncol.
2010;28(24):3838-3843.

Zinn PO, Sathyan P, Mahajan B, et al. A novel volume-age-KPS
(VAK) glioblastoma classification identifies a prognostic cognate
microRNA-gene signature. PLoS One. 2012;7(8):e41522.
Brynolfsson P, Nilsson D, Henriksson R, et al. ADC texture—an
imaging biomarker for high-grade glioma? Med Phys. 2014;
41(10):101903.

Boxerman JL, Zhang Z, Safriel Y, et al. Prognostic value of
contrast enhancement and FLAIR for survival in newly diagnosed
glioblastoma treated with and without bevacizumab: results from
ACRIN 6686. Neuro Oncol. 2018;20(10):1400-1410.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 266
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 175
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50286
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 266
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 175
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50286
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 900
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 175
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50286
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
  /PDFXOutputConditionIdentifier (CGATS TR 001)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /CreateJDFFile false
  /Description <<
    /ENU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 9
      /MarksWeight 0.125000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
  /SyntheticBoldness 1.000000
>> setdistillerparams
<<
  /HWResolution [288 288]
  /PageSize [612.000 792.000]
>> setpagedevice


