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Editorial on the Research Topic

Structural, Metabolic, and Physiologic MR Imaging to Study Glioblastomas

Glioblastoma (GBM) is the most common and fatal primary malignant brain neoplasm in adults
(1). The current standard of care treatment for GBM comprises maximal safe surgical resection
followed by concurrent chemoradiation therapy (CCRT) and maintenance chemotherapy with
temozolomide. Despite aggressive multimodal treatment the prognosis has remained poor (2).
Recently, novel therapeutic approaches such as immunotherapy (3) and electric field therapy
(4) have been introduced. Currently, several clinical trials are in progress to evaluate the safety
profile and therapeutic efficacy of these new frontiers in fight against this devastating and
life-threatening disease.

In the field of neuro-oncology, diagnosis and treatment response evaluation remain highly
dependent on neuroimaging methods. While conventional magnetic resonance (MR) imaging
sequences provide valuable information about the anatomic details and blood-brain-barrier
(BBB) integrity, they lack specificity in characterizing gliomas as these neoplasms are highly
heterogeneous both in spatial and temporal dimensions. Continuous developments in metabolic
and physiologicMR imaging techniques have provided new insights into understanding underlying
tumor biology and tumor microenvironment (5–9). Taken together, these techniques have been
utilized to make the correct diagnosis, prognosis, evaluation of treatment response to both
established and novel therapeutic regimens, and identification of new molecular targets for
fostering the discovery of new treatments. Additionally, an emerging field of “radiomics” has
the potential to change the ways in which advanced MR imaging techniques can be utilized
more efficiently (10). This Research Topic was launched to collect high-quality manuscripts to
advance our knowledge on clinical utilities, existing challenges, and limitations of using metabolic
and physiologic MR imaging techniques in characterizing GBMs. A total of twelve manuscripts
(nine original research and three review articles) were finally accepted for publication under this
Research Topic.

ORIGINAL RESEARCH ARTICLES

The leakage of the contrast agent into the extravascular extracellular space (EES) during
the dynamic susceptibility contrast (DSC)-perfusion MRI affects the signals produced in two
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competing ways. Contrast agent shortens T1 values of tissue
water within the EES, thereby increasing MR signal results in
an underestimation of cerebral blood volume (CBV). Conversely,
T2

∗-effects caused by changes in susceptibility differences
between EES and intravascular compartments reduce the MR
signal, which does not recover to baseline during the DSC
scan. This effect causes an overestimation of CBV. When the
contrast agent extravasation is especially fast (as in malignant
gliomas), CBV can be calculated as a negative estimate because
the signal increase caused by T1 effects is greater than the
signal reduction due to T2

∗ effects. To address this problem
of contrast leakage in gliomas, Arzanforoosh et al. investigated
the effect of two known leakage correction algorithms on
CBV measurements. The leakage correction algorithms were
based on unidirectional contrast agent transport from the
intravascular to EES and bidirectional contrast agent transport
between these two compartments. The investigators reported
that in enhancing gliomas (situations when the BBB is generally
disrupted), applying either of these two leakage correction
methods decreased CBV measurements.

While exploring the potential associations between molecular
features and patterns of contrast enhancement in GBMs, Yang et
al. identified endothelial cell-enriched genes from transcriptome
data from the GBM patients. The investigators demonstrated
that contrast enhancement was associated with distinct vascular
molecular imprints which is characterized by up-regulation of
proinflammatory genes and de-regulation of BBB-related genes
in endothelial cells. Moreover, high contrast enhancement was
associated with poor patient prognosis and survival outcomes.
Furthermore, enhancing volume/complete tumor volume ratio
was significantly higher in the mesenchymal subtype of GBMs.

Huang et al. have suggested that neuroplasticity in patients
with insular glioma might play a crucial role in preserving
the neurological functions and subsequently improving the
post-resection prognosis. The authors correlated gene expression
profiles of isocitrate dehydrogenase (IDH), telomerase reverse
transcriptase (TERT), and 1p19q codeletions with MRI
volumetric data. The authors observed that IDH mutation status
was the only genotype that was found to be associated with
significant structural compensation in patients with insular
glioma. These authors suggested that such findings may help in
predicting neurocognitive and functional outcomes in patients
with insular glioma undergoing surgical resection.

Adult supratentorial extra ventricular ependymoma (STEE)
are rare neoplasms often misdiagnosed as high-grade gliomas
(HGG) due to their similar characteristics on conventional
neuroimaging. Safai et al. developed a machine learning-based
diagnostic model by using quantitative radiomic signatures from
multi-model MRI data for distinguishing adult STEE from
HGG. The investigators reported that texture-based radiomic
features from T2-FLAIR images were vital in discriminating
STEE from GBM. On the other hand, first-order features from
T2-weighted images and apparent diffusion coefficient (ADC)
maps were consistently ranked higher in differentiating multiple
tumor groups.

Against the backdrop of growing concern over patients’
radiation exposure from undergoing 2-deoxy-2-[fluorine-
18]fluoro-D-glucose (18F-FDG)-positron emission tomography

(PET) and other inherent shortcomings associated with this
technique, Mangalore et al. explored whether high “b” value
diffusion-weighted imaging (DWI) and 18FDG-PET can provide
similar or complementary information in detecting malignant
brain lesions. The investigators obtained comparable sensitivity
and specificity for DWI and 18FDG-PET derived parameters and
concluded that DWI could act as a surrogate for 18FDG-PET in
the diagnosis of brain tumors.

Despite the clinical importance, the accurate distinction
between GBMs and solitary metastasis often remains challenging
as these entities exhibit similar features on conventional
neuroimaging. To address this issue, Zhang et al. designed
a clinical trial and developed an integrated radiomics model
by incorporating DWI-derived ADC and 18FDG-PET derived
standardized uptake value (SUV). This integrated model
provided significantly better diagnostic performance than the
utilization of any single imaging parameter alone.

Using multivariate logistic regression analyses, Wong et al.
developed a mathematical model by incorporating multiple
clinical features and imaging factors (DWI-derived ADC,
contrast-enhancement size, whole-tumor size) in predicting
malignant transformation of low-grade gliomas. This model had
an accuracy of 84% from the training group and 85% from the
validation group.

In a seminal study, Cui et al. investigated the prognostic
significance of metabolic alterations from the postoperative
peritumoral edematous zone (PEZ) in GBMs. Authors proposed
that an elevated choline/N-acetyl aspartate ratio in PEZ can be
considered as an independent risk factor for predicting early
tumor recurrence. Moreover, this metabolic abnormality was also
associated with poor prognosis and adverse clinical outcomes in
patients with GBM.

By leveraging the utility of unique brain functional
connectivity information obtained from resting-state functional
MRI combined with machine learning algorithms, Lamichhane
et al. classified GBM patients into short-term and long-
term survival groups with high sensitivity and specificity
(precision prognostics).

REVIEW ARTICLES

Determining the utility of interval imaging (i.e., imaging at pre-
planned time-points to assess tumor status) in brain tumor
management remains crucial in neuro-oncology. An expert
panel comprising of professionals from data science, health
economics, trial management of adult brain tumors, and patient
representatives extensively reviewed the current evidence on
the use of interval imaging to monitor brain tumors, and
summarized their findings in a review article. The investigators
concluded that evidence for the value of regular interval imaging
is currently lacking. At the same time, the authors indicated that
ongoing collaborative efforts might provide some evidence to
optimizemonitoring imaging biomarkers for the standard of care
brain tumor management (Booth et al.).

A review article by Kumar et al. comprehensively showcased
the clinical potentials of emerging metabolic imaging techniques
such as 3D-echoplanar spectroscopic imaging, 2D-correlation
spectroscopy, and chemical exchange saturation transfer imaging
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in several neuro-oncologic applications. The authors also
provided a detailed head-to-head comparison of these three
metabolic techniques.

In another review article, Gonçalves et al. provided an
overview on the potential utilities of advanced MR imaging
techniques for studying pediatric GBMs.

Altogether, the studies published in this special issue have
highlighted the importance of using advanced MR imaging
and PET imaging techniques in redefining and reshaping
our understanding of GBMs. Collectively, these techniques
provide crucial information about the tumor microstructure,
microvasculature, and metabolism, thus offering opportunities
for optimizing clinical care of glioma patients. “Radiomics” is
a relatively young and evolving field, and has a tremendous
potential to provide meaningful biological understandings of

imaging features for further improvement in the clinical
outcomes and quality of life of these patients. However, the
widespread translation of advanced imaging and radiomics
methods into the routine clinical workflow has been slow due
to some technical challenges. We believe that standardization
as well as harmonization of data acquisition and post-
processing procedures will strengthen the clinical applications
and advance progress toward developing and validating new
imaging biomarkers in the field of neuro-oncology.
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Objective: To explore the prognostic significance of metabolic parameters in

postoperative peritumoral edema zone (PEZ) of patients with glioblastoma (GBM) based

on proton magnetic resonance spectroscopy (MRS).

Methods: The postoperative MRS data of 67 patients with GBM from Beijing

Tiantan Hospital were retrospectively reviewed. Metabolite ratios including Cho/NAA,

Cho/Cr, and NAA/Cr in both postoperative PEZ and contralateral normal brain

region were recorded. Log-rank analysis and Cox regression model were used

to identify parameters correlated with progression-free survival (PFS) and overall

survival (OS).

Results: Compared with the contralateral normal brain region, postoperative PEZ

showed a lower ratio of NAA/Cr (1.20 ± 0.42 vs. 1.81 ± 0.48, P < 0.001), and higher

ratios of Cho/Cr and Cho/NAA (1.36 ± 0.44 vs. 1.02 ± 0.27, P < 0.001 and 1.32

± 0.59 vs. 0.57 ± 0.14, P < 0.001). Both the ratios of Cho/NAA and NAA/Cr were

identified as prognostic factors in univariate analysis (P < 0.05), while only Cho/NAA

≥ 1.31 was further confirmed as an independent risk factor for early recurrence in

the Cox regression model (P < 0.01). According to the factors of MGMT promoter

unmethylation, without radiotherapy and Cho/NAA ≥ 1.31, a prognostic scoring scale

for GBM was established, which could divide patients into low-risk, moderate-risk, and

high-risk groups. There was a significant difference of survival rate between the three

groups (P < 0.001).

Conclusions: Higher Cho/NAA ratio in the postoperative PEZ of GBM predicts

earlier recurrence and is associated with poor prognosis. The prognostic scoring scale

based on clinical, molecular and metabolic parameters of patients with GBM can help

doctors to make more precise prediction of survival time and to adjust therapeutic

regimens.
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INTRODUCTION

Glioblastoma (GBM) is the most common primary malignant
tumor of central nervous system (1). It is charactered by rapid
proliferation, strong invasion to normal tissue, and dismal
prognosis (2). Surgical resection plays a vital role in the treatment
protocol of patients with GBM (3, 4). And the resection
degree has been proved to be closely correlated with patient’s
clinical outcome (4). Although the gross-total resection (GTR)
evaluated from contrast-enhanced T1 weighted imaging can be
achieved in nowadays (5, 6), the residual T2 or fluid attenuated
inversion recovery (FLAIR) abnormal signal region surrounding
the surgical cavity is frequently found in routine clinical practice
(7, 8). The components of this region are quite complicated and
studies committed to addressing this issue are relatively rare (9).
It may be a combined consequence of surgical injury, tumor
cells invasion, or even demyelination, etc., which cannot be
differentiated normally by routine magnetic resonance imaging
(MRI) (10–13).

1H magnetic resonance spectroscopy (1H-MRS) is widely
used to non-invasively detect the biochemical index and
metabolic changes of intracranial lesions, which plays a
vital role in making precise diagnosis and predicting the
prognosis of patients (14, 15). 1H-MRS can reinforce the
diagnostic confidence in the following three situations in which
conventional MRI may be of limited significance: (1) the
distinction of neoplastic and non-neoplastic intracranial lesions
(16, 17); (2) the differentiation between tumor recurrence and
radiation necrosis (18); (3) the role in biopsy guidance and
radiotherapy planning (19, 20).

Therefore, in this study, the residual T2/FLAIR abnormal
signal region surrounding the surgical cavity was defined as
postoperative peritumoral edema zone (PEZ), which was the
major cause of tumor recurrence of GBM. Our primary objective
was to compare the metabolic parameters between postoperative
PEZ and contralateral region, and further explore the clinical
significance of these properties in predicting tumor recurrence.

MATERIALS AND METHODS

Patients Cohort
A total number of 67 patients with diagnosis of GBM were
surgically treated in the Neurosurgery department IV of Beijing
Tiantan Hospital from January 2014 to August 2015. All patients
underwent routine and enhanced MRI and MRS within 48–72 h
after operation. Volumetric calculation of tumor has been fully
described in a prior study (3). The extent of resection (EOR)
was evaluated by two experienced neuro-radiologists who were
blinded to clinical information of patients, according to the
following equation: (preoperative tumor volume – postoperative
tumor volume) / preoperative tumor volume. The EOR for
each patient was classified as either GTR (>99%), near-total
resection (NTR) (95–99%), or subtotal resection (STR) (80–
95%). All pathological slides were morphologically examined and
graded according to the World Health Organization (WHO)
Classification of Tumors of the Central Nervous System (21,
22). Once pathological diagnosis was confirmed, all the patients

were recommended to receive standard Stupp protocol (23).
Briefly, radiotherapy divided into 30 daily fractions of 2Gy
each was delivered to patients within 1 month after operation.
Concomitant chemotherapy consisted of temozolomide (TMZ)
at a dose of 75 mg/m2/d was given during the whole procedure
of radiotherapy. After a 4-weeks break, patients would receive six
cycles of adjuvant TMZ at a dose of 150–200 mg/m2/d for 5 days
in every 28 days. Unfortunately, seven patients, in this study, quit
the continued treatment after operation for personal reason.

Acquisition of MRI Data
All MRI data acquisition was performed on a 3.0 Tesla scanner
(Siemens Magnetom Trio Tim, Germany) (Figure 1). The
routine sequences included T1-weighted imaging, T2-weighted
imaging, and contrast-enhanced imaging. The specific scanning
protocol of axial/sagittal T1Flair was field of view (FOV) 240 ×

240 mm2, matrix 256× 256, slice thickness 5mm, spacing 1mm,
time of repetition (TR) 1,500ms, time of echo (TE) 13ms, echo
train length (ETL) 5, average 1, and scan time of 1min and 23 s.
The specific scanning protocol of Axial T2Flair was FOV 240
× 240 mm2, matrix 256 × 180, slice thickness 5mm, spacing
1mm, TR 8,000ms, TE 13ms, time of inversion (TI) 2,500ms,
ETL 17, average 1, and scan time of 1min and 48 s. 1H-MRS
data was acquired using a 3D MRS sequence with point-resolved
spectroscopy (PRESS). Acquisition parameters were as follows:
TE 135ms, TR 1,700ms, FOV 160 × 160 mm2, slice thickness
15mm, voxel sizes 10 × 10 × 15 mm3, average 3, and scan
time of 6min and 53 s. Spectral bandwidth was 2,000Hz and
number of points was 1,024 points. The postoperative PEZ was
defined as target region and the contralateral mirror area of target
region was served as reference, avoiding bone, subcutaneous fat,
hemorrhage, and infarction. Six voxels per case were placed in the
target region in order to cover as much of the image abnormality
as possible. For cases with residual tumor, at least one voxel was
placed on the enhanced region. The relative amounts (area under
the curve) of the signals from N-acetyl-aspartate (NAA), choline
(Cho), and creatine (Cr) in the target and reference voxels were
measured. The MRS detection mentioned above was performed
by two independent neuro-radiologists who were blinded to the
outcomes of patients. The mean ratios of Cho/NAA, Cho/Cr,
NAA/Cr of 12 voxels from two neuro-radiologists was calculated
for each patient.

Follow-Up
Patients were followed up using MRI scans with an interval of
3 months after operation, or 1 month if necessary. Multimodal
MR including perfusion, diffusion and MRS was used to rule
out radiation necrosis and pseudoprogression. All the patients
enrolled in this study would be followed until death. Progression-
free survival (PFS) was defined as the time period from the date of
operation to date of tumor recurrence or last follow-up. Overall
survival (OS) was defined as the time period from the date of
operation to the date of death or last follow-up. At the time
of data analysis, the median follow-up of this cohort was 44.0
(range: 3.0–58.0) months, and there were 59 (88.1%) patients
progressed and 47 (70.1%) patients died.
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FIGURE 1 | Representative case of this study. Preoperative MR images showed a lesion located in the left anterior central gyrus and supplementary motor area (A).

Postoperative MR images displayed that the tumor has been totally removed (B), while the postoperative peritumoral zone showed a higher ratio of Cho/NAA (>1.31)

than that in the contralateral region (C,D). Twelve months after operation, the MR images showed a new enhanced lesion in the peritumoral zone (E), which was

further confirmed as tumor recurrence by biopsy (F).

Statistical Analysis
Summary of data are presented as the mean ± SD for
parametric variables and percentage for categorical variables.

For the comparison of the metabolic ratios between target
and reference regions, paired t-test was performed. Receiver
operating characteristic (ROC) curves were constructed and
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TABLE 1 | Baseline characteristics for all patients with GBM.

Characteristics No. of patients (%)

Age (years)

Mean ± SD 47.1 ± 11.6

Gender

Male 41 (61.2)

Female 26 (38.8)

Tumor location

1 lobe 23 (34.3)

2 lobes 28 (41.8)

3 lobes 12 (17.9)

4 lobes 4 (6.0)

Tumor size (cm)

Mean ± SD 5.1 ± 1.5

KPS score

Median (range) 80 (30–90)

Extent of resection

GTR 49 (73.1)

NTR 13 (19.4)

STR 5 (7.5)

Chemotherapy

Yes 60 (89.6)

Radiotherapy

Yes 60 (89.6)

1p/19q codeletion

Yes 0 (0.0)

IDH mutation

Yes 6 (9.0)

MGMT methylation

Yes 35 (52.2)

SD, standard deviation; KPS, Karnofsky performance scale; GTR, gross-total resection;

NTR, near-total resection; STR, subtotal resection; IDH, isocitrate dehydrogenase;

MGMT, O6-methylguanine-DNA-methyltransferase.

were used to determine the area under the curve (AUC) and
the optimal cutoff of metabolic ratios in predicting recurrence.
Survival as a function of time was plotted using the Kaplan-
Meier method, and the Log-rank analysis was used to compare
Kaplan-Meier plots. Multivariate proportional hazard regression
analysis was used to identify factors associated with PFS and OS.
In this analysis, all variables associated with survival in univariate
analysis (P < 0.05) were included in a step-wise multivariate
proportional hazard regression model. All data were analyzed
with SPSS software package version 22.0, IBM Corporation,
Armonk, NY, USA. Probability values were obtained using 2-
sided tests, with statistical significance defined as P < 0.05.

RESULTS

Overall Characteristics of Study Population
The baseline characteristics of the 67 patients with supratentorial
GBM were summarized in Table 1. There were 41 (61.2%)
male and 26 (38.8%) female patients with a mean age of 47.1
± 11.6 years). Of the 67 patients, 23 (34.3%) with tumor

located in one lobe, 28 (41.8%) in two lobes, 12 (17.9%) in
three lobes, and 4 (6.0%) in four lobes. GTR was achieved
in 49 (73.1%) patients, NTR in 13 (19.4%) patients, and STR
in 5 (7.5%) patients. Chromosome 1p/19q was intact in all
detected cases and only 6 (9.0%) patients harbored isocitrate
dehydrogenase (IDH) mutation. Thirty-five (52.2%) patients
were identified with O6-methylguanine-DNA-methyltransferase
(MGMT) promoter methylation.

Comparisons of Metabolic Parameters
Between PEZ and Contralateral Brain
Region
The mean ratios of Cho/NAA, Cho/Cr, and NAA/Cr in the
postoperative PEZ (target region) were 1.32 ± 0.59, 1.36 ±

0.44, and 1.20 ± 0.42, respectively; while the mean ratios of
Cho/NAA, Cho/Cr and NAA/Cr in the contralateral brain region
(reference region) were 0.57 ± 0.14, 1.02 ± 0.27, and 1.81 ±

0.48, respectively (Supplementary Table 1). Compared with the
reference region, ratios of Cho/NAA and Cho/Cr in the target
region were remarkably increased, but the ratio of NAA/Cr was
significantly decreased (P < 0.001, Figure 2).

Values of Metabolic Parameters in
Predicting Tumor Recurrence
We used ROC curves to determine the optimal cutoff ratios of
Cho/NAA, Cho/Cr, and NAA/Cr in predicting tumor recurrence.
As the median PFS of our cohort was 10.0 months, 10-months
recurrence was selected to serve as the observation point.
According to the results of ROC analyses, the cutoff ratio of
Cho/NAA was 1.31 with an AUC of 0.731 (95% confidence
interval [CI]: 0.607–0.856, P = 0.001). The sensitivity and
specificity were 82.4 and 66.7% for recurrence, respectively. The
cutoff ratio of Cho/Cr was 1.43 with an AUC of 0.542 (95%
CI: 0.402–0.683, P = 0.551). The sensitivity and specificity were
73.5 and 45.5% for recurrence, respectively. The cutoff ratio of
NAA/Cr was 1.10 with an AUC of 0.754 (95% CI: 0.635–0.872, P
< 0.001). The sensitivity and specificity were 76.5 and 69.7% for
recurrence, respectively (Figure 3).

Univariate and Multivariate Survival
Analysis
Univariate analysis showed that EOR, radiotherapy,
chemotherapy, MGMT promoter methylation, and ratios
of Cho/NAA and NAA/Cr were correlated with PFS and OS
(P < 0.05) (Table 2). All these factors correlated with PFS and
OS were further enrolled in Cox multivariate analysis. In the Cox
proportional hazards regression model, radiotherapy, MGMT
promoter methylation and Cho/NAA ratio were confirmed as
independent factors associated with both PFS (hazard ratio [HR]
= 0.417, 95% CI: 0.174–0.996, P = 0.049; HR = 0.401, 95% CI:
0.233–0.690, P = 0.001; HR = 2.959, 95% CI: 1.706–5.132, P <

0.001, respectively) and OS (HR = 0.083, 95% CI: 0.030–0.230,
P < 0.001; HR = 0.290, 95% CI: 0.156–0.539, P < 0.001; HR =

2.755, 95% CI: 1.512–5.020, P = 0.001, respectively) (Table 2).
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FIGURE 2 | Comparisons of metabolic ratios between target and reference regions by paired t-test. Comparing with reference region, ratios of Cho/NAA (0.57 ± 0.14

vs. 1.32 ± 0.59) and Cho/Cr (1.02 ± 0.27 vs. 1.36 ± 0.44) in the target region were remarkably increased, but the ratio of NAA/Cr (1.81 ± 0.48 vs. 1.20 ± 0.42) was

significantly decreased (P < 0.001). *** p < 0.001.

FIGURE 3 | ROC curves displaying the metabolic ratios: Cho/NAA (A), Cho/Cr (B), and NAA/Cr (C) in recurrence prediction. The cutoff ratio of Cho/NAA was 1.31

with an area under the curve (AUC) of 0.731 (P = 0.001). The cutoff ratio of Cho/Cr was 1.43 with an AUC of 0.542 (P = 0.551). The cutoff ratio of NAA/Cr was 1.10

with an AUC of 0.754 (P < 0.001).

A Proposed Prognostic Scoring Scale for
GBM
According to the independent prognostic factors identified by
the multivariate Cox proportional hazards regression model, a
prognostic scoring scale was thereby proposed. Briefly, one point
was assigned for each of the prognostic risk factors (MGMT
promoter unmethylation, without radiotherapy, and Cho/NAA
≥ 1.31). Accordingly, the patients would get a score ranging from
0 to 3 points. Then patients with a score of 0, 1, and equal or more
than 2, could be respectively divided into low-risk, moderate-
risk, and high-risk subgroups. The median PFS for patients in
low-risk, moderate-risk and high-risk groups was 18.0, 11.0, and

5.5 months, respectively, which conferred a significant difference
according to the log-rank analysis (P < 0.001) (Figure 4A).
Meanwhile, a similar survival tendency was also observed in
terms of OS among the three subgroups (P < 0.001) (Figure 4B).

Illustrative Case
A 42-years-old male who complained of right limb weakness
for 2 months was admitted in our hospital with radiological
diagnosis of high-grade glioma. Neurological examination found
that the muscle strength of right limbs was grade IV. Radiological
result showed a round-like lesion with contrast enhancement
in the left anterior central gyrus and supplementary motor
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TABLE 2 | Univariate and multivariate survival analysis in all patients.

Variables Univariate analysis P-value Multivariate analysis P-value

HR 95% CI HR 95% CI

Factors associated with PFS

Age (≥50/<50 years) 0.923 0.544–1.567 0.767

Gender (male/female) 1.142 0.673–1.938 0.623

Tumor size (≥4/<4 cm) 1.765 0.929–3.352 0.082

KPS score (≥70/<70) 0.792 0.387–1.621 0.524

Tumor location (≥3/<3 lobes) 1.604 0.887–2.898 0.118

EOR (GTR/No-GTR) 0.464 0.263–0.821 0.008

Radiotherapy (yes/no) 0.326 0.141–0.755 0.009 0.417 0.174–0.996 0.049

Chemotherapy (yes/no) 0.325 0.142–0.747 0.008

MGMT methylation (yes/no) 0.474 0.280–0.802 0.005 0.401 0.233–0.690 0.001

IDH mutation (yes/no) 0.925 0.368–2.328 0.869

Cho/NAA (≥1.31/<1.31) 2.674 1.578–4.529 <0.001 2.959 1.706–5.132 <0.001

Cho/Cr (≥1.43/<1.43) 1.503 0.884–2.554 0.132

NAA/Cr (≥1.10/<1.10) 0.379 0.224–0.641 <0.001

Factors associated with OS

Age (≥50/<50 years) 0.964 0.533–1.742 0.903

Gender (male/female) 1.041 0.577–1.877 0.894

Tumor size (≥6/<6 cm) 2.045 0.951–4.401 0.067

KPS score (≥70/<70) 0.919 0.390–2.169 0.847

Tumor location (≥3/<3 lobes) 1.731 0.923–3.247 0.087

EOR (GTR/No-GTR) 0.482 0.258–0.900 0.022

Radiotherapy (yes/no) 0.075 0.027–0.206 <0.001 0.083 0.030–0.230 <0.001

Chemotherapy (yes/no) 0.249 0.109–0.571 0.001

MGMT methylation (yes/no) 0.311 0.169–0.572 <0.001 0.290 0.156–0.539 <0.001

IDH mutation (yes/no) 0.510 0.158–1.645 0.260

Cho/NAA (≥1.31/<1.31) 2.502 1.396–4.486 0.002 2.755 1.512–5.020 0.001

Cho/Cr (≥1.43/<1.43) 1.243 0.689–2.243 0.469

NAA/Cr (≥1.10/<1.10) 0.412 0.228–0.746 0.003

HR, hazard ratio; CI, confidence interval; KPS, Karnofsky performance scale; EOR, extent of resection; GTR, gross-total resection; MGMT, O6-methylguanine-DNA-methyltransferase;

IDH, isocitrate dehydrogenase PFS, progression-free survival; OS, overall survival; NAA, N-acetyl-aspartate; Cho, choline; Cr, creatine.

Bold value represents p < 0.05.

FIGURE 4 | Comparison of survival rate between different subgroups based on the prognostic scoring scale. (A) The median PFS for patients in low-risk,

moderate-risk and high-risk groups was 18.0, 11.0, and 5.5 months, respectively, which imparted a significant difference (P < 0.001). (B) The median OS for patients

in low-risk, moderate-risk and high-risk groups was 49.0, 21.0, and 11.5 months, respectively, which imparted a significant difference (P < 0.001).
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area (Figure 1A). The patient underwent surgical resection
in our hospital. Postoperative MR implied the enhanced
tumor was totally removed (Figure 1B), while the peritumoral
zone with abnormal T2/FLAIR signal showed a higher ratio
of Cho/NAA (>1.31) than that in the contralateral region
(Figures 1C,D). After operation, the patient received concurrent
chemoradiotherapy and six cycles adjuvant chemotherapy.
Twelve months post of operation, the patient was hospitalized
again in our department because of seizures. The MR images
showed a new enhanced lesion in the peritumoral zone where
initially conferred a higher ratio of Cho/NAA (Figure 1E). To
rule out radiation necrosis and pseudoprogression, stereotactic
biopsy was performed. And final result confirmed the tumor
recurrence (Figure 1F).

DISCUSSION

GBM, unlike the circumscribed glioma, commonly spreads along
the axonal, vascular or subarachnoid space (24). The infiltrated
extent of GBM is traditionally refer to the central region on
contrast-enhanced T1-weighted images which includes both
enhancement and necrosis. However, this central region, to a
certain degree, is smaller than the truly infiltrated extent of
tumor (25, 26). In contrast, the abnormal region with hyper
intensity signal on T2/FLAIR image which reflects a combined
consequence of tumor and edema, is larger than the truly
infiltrated extent of tumor (27, 28). It’s well-established that
peritumoral edema is frequently presented in malignant glioma,
metastases, and meningioma (29–31). The degree and range of
peritumoral edema is correlated with tumor malignancy, and
can be used to predict the prognosis of patients (32). Therefore,
the peritumoral edema zone (PEZ) is worthy to make further
exploration and research.

Given the PEZ was infiltrated with tumor cells which has
been validated by histopathological examination, several studies
tried to explore the clinical implication of extensively resecting
PEZ (3, 33). Li et al., in 2016, conducted a study based on a
larger single-center series of GBM patients in order to disclose
the association between EOR and prognosis and found that
additional resection of PEZ could prolong the survival of patients
with GBM (33). Meanwhile, our previous study showed that
patients with proliferation-dominant and/or IDH-mutant high-
grade astrocytoma could benefit from extensive resection of the
FLAIR abnormality region (3). However, current assessment of
EOR of patients with GBM is mainly dependent on contrast-
enhanced T1-weighted images. Patients who achieved complete
removal of the contrast-enhanced region can be defined as gross-
total resection. It indicates that the PEZ which is considered as
the major origin of tumor recurrence has been remained during
operation. How to monitor the change of tumor burden in PEZ
is of great significance.

MRS is an imaging technique which can non-invasively
detect the metabolism and biochemical changes of tissue. It
has been used to differentiate tumor from edema in the
PEZ of intracranial malignancies (34, 35). In this study, we
systematically analyzed the metabolic changes in postoperative

PEZ of patients with GBM. To our knowledge, it’s the first study
that devoted to disclosing the relationship between metabolic
parameters in postoperative PEZ and tumor recurrence. The
most important finding was that higher Cho/NAA ratio in
postoperative PEZ was associated with early recurrence and the
prognostic implication of Cho/NAA has been further confirmed
inmultivariate analysis. Theoretically, a higher ratio of Cho/NAA
implies a more destruction of neuron and a stronger activity of
tumor cells (36). This is the reason for higher Cho/NAA ratio
in postoperative PEZ harboring poor prognosis. Cordova and
colleagues maintained that Cho/NAA could not only identify
regions at high risk for contrast-enhancing recurrence, but also
show a significant association with PFS in the cohort of GBM
patients (37). Tarnawski et al. (38) prospectively analyzed the
postoperative tumor bed of 51 patients with malignant gliomas
using MRS and found that the ratios of Cho/Cr, Cho/NAA,
and myo-inosytol/Cr in PEZ were remarkably increased, but
the ratio of NAA/Cr was significantly decreased, which was
consistent with our results. They also reported that Lac/NAA >

2 was a strong independent prognostic risk factor (38). In 2015,
Tolia et al. explored the prognostic value of MRS metabolites
in postoperative irradiated high-grade gliomas and found that
Cho/Cr≥ 2 was associated with earlier recurrence (39). All these
results support the hypothesis that substantial tumor cells do exist
in PEZ and spectroscopy can provide accurate tumormetabolism
information for physicians to better control gliomas.

The second valuable and interesting finding in our study was
that patients could be divided into low-risk, moderate-risk, and
high-risk subgroups with distinct survival time according to a
scoring scale based on the prognostic parameters of radiotherapy,
MGMT promoter, and ratio of Cho/NAA. This prognostic
scoring scale could lead to an incremental increase in the strength
of survival prediction. Li et al. built a survival tree based on
older age, larger contrast enhancement, higher ratios of Cho/Cr,
Cho/NAA, and lactate/lipid, and lower ratio of Cr/NAA in
order to better predict survival (40). But the operation of this
survival tree was complicated which limited the use of it in
clinical practice. Similarly, TCGA Glioma Phenotype Research
Group established a model based on clinical, imaging, and
genetic variables which showed the highest accuracy in predicting
survival (41). However, the AUC of this predicting model was
only 0.679 ± 0.068, which implied a low stability and reliability.
In 2019, Gandia-Gonzalez et al. proposed an OS prediction
model based on the metabolic markers for patients with
glioma, which could do help to make more precise therapeutic
decisions (42). Unfortunately, molecular biomarkers have not
been included in the model. Therefore, our presented model
seems to be relatively stable, easy to use, and more practical.

This study has limitations common to other retrospectively
designed studies. First, the sample size is relatively small.
However, even given the small sample size, the analytical
methods are robust enough to describe the significance of
metabolic parameters in predicting tumor recurrence. Second,
some patients still fail to reach endpoint event. In the future,
we will continue this study until all patients died in order
to recheck our results and conclusions. Moreover, several
important molecular biomarkers, such as telomerase reverse
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transcriptase (TERT), phosphate and tension homology deleted
on chromosome ten (PTEN), etc., have not been included in
our prognostic scoring scale. In spite of these limitations, our
study reported some interesting and important findings which
might help to extend the application of MRS in the assessment
of early recurrence and prognosis prediction of patients
with GBM.

CONCLUSIONS

The ratio of Cho/NAA ≥ 1.31 in postoperative PEZ predicts
earlier recurrence and is associated with poor prognosis. The
prognostic scoring scale based on clinical, molecular and
metabolic parameters of patients with GBM can contribute to
making more precise prediction of survival time and adjusting
therapeutic regimens timely.
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Objective: To summarise current evidence for the utility of interval imaging in monitoring
disease in adult brain tumours, and to develop a position for future evidence gathering
while incorporating the application of data science and health economics.

Methods: Experts in ‘interval imaging’ (imaging at pre-planned time-points to assess
tumour status); data science; health economics, trial management of adult brain tumours,
and patient representatives convened in London, UK. The current evidence on the use of
interval imaging for monitoring brain tumours was reviewed. To improve the evidence that
interval imaging has a role in disease management, we discussed specific themes of data
science, health economics, statistical considerations, patient and carer perspectives, and
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multi-centre study design. Suggestions for future studies aimed at filling knowledge gaps
were discussed.

Results: Meningioma and glioma were identified as priorities for interval imaging utility
analysis. The “monitoring biomarkers”most commonly used in adult brain tumour patients
were standard structural MRI features. Interval imaging was commonly scheduled to
provide reported imaging prior to planned, regular clinic visits. There is limited evidence
relating interval imaging in the absence of clinical deterioration to management change
that alters morbidity, mortality, quality of life, or resource use. Progression-free survival is
confounded as an outcome measure when using structural MRI in glioma. Uncertainty
from imaging causes distress for some patients and their caregivers, while for others it
provides an important indicator of disease activity. Any study design that changes imaging
regimens should consider the potential for influencing current or planned therapeutic trials,
ensure that opportunity costs are measured, and capture indirect benefits and added
value.

Conclusion: Evidence for the value, and therefore utility, of regular interval imaging is
currently lacking. Ongoing collaborative efforts will improve trial design and generate the
evidence to optimise monitoring imaging biomarkers in standard of care brain tumour
management.
Keywords: glioblastoma, high grade glioma, glioma, meningioma, interval imaging, magnetic resonance imaging,
utility, monitoring biomarker
INTRODUCTION

Over the last decade the treatment landscape for adult brain
tumours has changed incrementally for some tumour types, such
as metastases, where there have been improvements in systemic
therapy and brain radiotherapy (1). For other tumour types there
has been little change. The management of glioblastoma remains
largely based on maximum safe resection and radiotherapy with
concomitant and adjuvant temozolomide chemotherapy (2).
Evidence from randomised controlled trials [level 1 (3)]
underpins clinical treatments of adult brain tumours. In
contrast, there is little evidence (< level 3) to support the
current imaging practices used to monitor disease progression
or response to treatment (4, 5). Therefore, the clinical utility [the
relevance and usefulness of an intervention in patient care using all
sources of evidence (6)] of interval imaging (imaging at pre-planned
time-points to assess tumour status, as compared with scanning for
reasons of clinical deterioration) is largely unknown.

“Interval imaging” was first introduced into neuro-oncology
in 1977 by Victor Levin, shortly after the introduction of
computed tomography (CT) (7). In 1981 the World Health
Organisation (WHO) convened two expert meetings on the
“Standardization of Reporting Results of Cancer Treatment”.
The recommendations were widely adopted to ensure
consistency of timing between centres and became the basis of
subsequent iterations of high-grade glioma treatment monitoring
and result reporting (8). These evolved with the development of
MRI. In 1990, Macdonald also recommended assessing factors
affecting imaging appearance such as corticosteroid use (9) which
218
subsequently formed the basis of the AVAglio trial response criteria
(10) and the 2010 response assessment in neuro-oncology (RANO)
trial guidelines (11). There is a demonstrable historical lineage
following the advent of CT for how enhancing tumour size,
following exogenous contrast administration, has been
incorporated into current clinical and trial practice. The expert
committees were informed by observational studies, supported by a
biologically plausible assumption that the images from each time-
point, or the rate of change in a series of imaging investigations, are
reliable “monitoring biomarkers” (12) reflecting tumour behaviour.
The assumption is that changes in tumour size identify progression
of disease, potentially before it becomes clinically apparent, resulting
in a lead time improvement for therapeutic intervention. Indeed,
there may be benefits in changing management before the
development of irreversible disability or before the extent of
tumour precludes intervention. Some justification for
enhancement as a disease proxy has been inferred from data
showing that enhancing tumour size and extent of resection are
“prognostic biomarkers” (12) at both first presentation and
recurrence (13–15). However, there is no evidence that earlier
diagnosis influences prognosis pre- or post-operatively, and
individual enhancing tumour growth trajectories vary between
individuals with the same histological tumour type.

Deriving an evidence base surrounding current imaging
practices is important for several reasons. There is a lack of
biological specificity for contrast enhancement, particularly in
the context of treatment effects and pseudophenomena, which
can confound imaging assessment. There is also variability in
clinical adoption of interval imaging practice across UK and
February 2021 | Volume 11 | Article 620070
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European neuro-oncology centres which is unlikely to be in the
best interests of patients or healthcare systems (16, 17). It is also
noteworthy that the widely reported observation that increasing
enhancement tracks growth of most brain tumour types, has
extended the use of contrast-enhancing tumour size as a
biomarker beyond high-grade glioma. The impetus to derive
an evidence-base is driven by researchers (4, 5, 16), but more
importantly patients and carers (Box 1) (18). This in part relates
to factors such as understanding the anxiety surrounding the
imaging event and awaiting the results – so-called “scanxiety”
(19). Furthermore, determining the health economics related to
interval imaging is equally important. These include
understanding the direct costs of subsequent investigations (for
example, ‘advanced imaging’ requiring additional sequences and
processing time, or earlier interval imaging than usual),
additional hospital appointments that may follow uncertain
tumour changes, continuation of futile therapies, as well as
indirect and opportunity costs.

The purpose of this position statement is to summarise the
current evidence base for the utility of interval imaging in brain
tumours and to propose potential studies for future evidence
gathering incorporating the disciplines of data science and
health economics.
MATERIALS AND METHODS

Clinicians, scientists, and patient advocates and representatives
with expertise in interval imaging, data science, health economics
or trial management of adult brain tumours, convened in
London, UK, in April 2019 in conjunction with a National
Cancer Research Institute (NCRI) Brain Tumour group
workshop. Available evidence for interval imaging pathways
for different tumour types was discussed in the context of
research recommendations of previous publications, including
the UK’s National Institute for Health and Care Excellence
(NICE) brain tumour guidelines NG99 (Supplementary Table 1)
and a systematic review of glioma imaging (4, 5, 16). Specifically,
we sought to assess value in the context of morbidity, mortality,
quality of life and resource use (together these outcomes give the
additional outcome measure of cost effectiveness). Clinical utility
incorporates all these outcome measures as well as considering
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the interests and goals of stakeholders (6). In addition, the results
of a UK national clinical practice survey on the use of internal
imaging in glioblastoma management were reviewed.
Opportunities to generate evidence were explored in the
context of specific study designs, with a focus on the utility
and limitations of applying each design to a specific scenario. We
outlined the advantages and disadvantages of each design based
on current evidence and expert opinion. The discussion was
compiled into a manuscript and circulated to NCRI Brain
Tumour Group members and invited experts in attendance as
well as those unable to attend. Edits and feedback were
incorporated until all authors were in agreement with the
content, and a position statement was produced around
potential approaches to studying interval imaging in glioma
and meningioma.
RESULTS

Targeting of Interval Imaging Studies
Following explicit agreement that there was an evidence gap, and
that the JLA priority (Box 1) should be addressed, an initial
question was to determine which brain tumour types should be
included in the position statement. Whilst central nervous
system (CNS) tumours comprise a range of diverse histological
and molecular entities (20), meningioma and gliomas are the two
commonest accounting for 36% and 28% of tumours,
respectively. These were selected as the focus for interval
imaging studies. Although brain metastases are more common
overall, because of the rapidly evolving treatment paradigms
according to primary cancer site (stereotactic radiosurgery,
chemotherapy, immunotherapy) (1), the reliance on disease
response assessment in the body to systemic treatments, and
the fact that this can even vary between different intracranial
lesions in the same individual (1), it was agreed that metastases
were beyond the scope of the workshop (21–23). It was
acknowledged that high-grade (WHO III-IV) and lower-grade
(WHO II) infiltrating gliomas should be treated separately.
Individual imaging biomarker techniques beyond standard
structural clinical MRI have been reviewed extensively
elsewhere (24, 25) and the uptake of these “advanced” MRI
and positron emission tomography (PET) techniques is limited
BOX 1 | A National Institute for Health Research (NIHR) James Lind Alliance (JLA) Priority.
The National Institute for Health Research (NIHR) James Lind Alliance (JLA) brings patients, carers and clinicians together in Priority Setting Partnerships stating that
“addressing uncertainties about the effects of a treatment should become accepted as a routine part of clinical practice” and that “patients, carers and clinicians should
work together to agree which, among those uncertainties, matter most and deserve priority attention”.

In 2015, the group met to establish the ten highest clinical priority uncertainties in neuro-oncology in the UK. Number two is: “what is the effect on prognosis of interval
scanning to detect tumour recurrence compared with scanning on symptomatic recurrence in people with a brain tumour?” Patients expect imaging will give an accurate
account of the effect of treatment and either reassure or initiate a change in the treatment plan. If there is uncertainty regarding progression, that leads to anxiety until the
next scan or specialist MR imaging. In addition, if there is minor imaging progression only, there may be the clinical dilemma as to whether to change management if there
are further options, even though the patient has had no clinical deterioration and it is not known whether earlier pre-symptomatic intervention improves survival.

This might be interpreted as:
“For me, a patient, does earlier scanning to detect asymptomatic progression improve my quality of life and survival, or does it not make any difference, or make it

worse?”
And:
“Would I, as a doctor, improve the quality of life and survival of my patients if I monitored them more proactively and detected progression before it became

symptomatic or does it not make any difference or make it worse?”
February 2021 | Volume 11 | Article 620070

https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Booth et al. Brain Tumour Management: Interval Imaging
and highly heterogeneous, even in specialist neuro-oncology
centres across Europe (17). The focus at the workshop was
therefore on determining the value of the structural MRI
interval imaging pathway and methods to interrogate this,
although the potential role of additional imaging techniques
remains relevant. Improving the diagnostic performance of
structural or “advanced” imaging biomarkers is a further
means to rationalise imaging timepoints by reducing repeat
imaging while there is ongoing uncertainty. Key points
regarding study design types are summarised in Table 1.

Interval Imaging Overview
Neuro-oncology multi-disciplinary team meetings (MDTs,
referred to as “Tumor Boards” in North America) consider
longitudinal patient management, with serial imaging follow-
up having a central role. Meningioma and glioma imaging follow
up schedules from UK’s National Institute for Health and Care
Excellence (NICE) brain tumour guidelines NG99 are shown in
Supplementary Tables 2 and 3 (4). In the broadest sense,
interval imaging is typically performed in order to determine
whether a tumour is growing, which may initiate or change
treatment. A planned imaging schedule provides clinicians with
a framework to track an aspect of tumour biology just before
clinical review and allows easier administrative timetabling for
the imaging department, MDT planning, and the patient diary
planning, but cannot determine what the symptoms will be at the
point of imaging. The radiologist only has information of
symptoms at the time of request, which may limit
interpretation. This allows decisions to be made on
commencing, continuing, or discontinuing treatment and
provides insight into whether treatment has caused a
meaningful alteration in tumour biology. Standard structural
MRI is routinely used for this purpose. In some centres,
“advanced” MRI techniques (e.g. dynamic-susceptibility
contrast enhanced, DSC, imaging or 1H-magnetic resonance
spectroscopy MRS) or PET (targeting glucose or amino acid
uptake) helps problem solving in instances when structural
imaging is indeterminate (16, 17). As an alternative to a
planned imaging schedule, imaging can also be triggered by a
change in symptomatology or clinician concern, regardless of
any scheduled follow-up interval. While triggered imaging is
more difficult to organise at short notice, the strategy benefits
from addressing patient concerns regarding the cause of new
symptoms and providing the radiologist with contemporaneous
clinical information at the time of imaging. In most centres the
strategy for interval imaging is a combination of both a planned
schedule and triggered imaging (16). Clinical and other non-
imaging biomarkers of disease progression, whether as triggers
for imaging or additional treatment response biomarkers, have
the potential to be incorporated into the patient pathway and
would benefit from further research (Supplementary
Information 1).

The emergence of novel therapies, such as immunotherapy
have created challenges for follow-up imaging of glioma in
clinical trials, with pseudophenomena occurring in up to 5% of
patients leading to the development of modified response
assessment approaches such as iRANO (26). The central
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modification is that the moratorium on progressive disease is
extended to cover the first 6 months of treatment. Stopping
routine interval imaging for 6 months is, however, not
recommended given the potential for the side effects of these
therapies. Immunotherapy is not currently recommended as a
second-line treatment option in most countries outside of
research trials.

Interval Imaging and Confounds
Although MRI is a safe and effective technique, structural imaging
can lead to false positive, false negative, and indeterminate results,
particularly relating topost-treatment relatedpseudophenomena in
glioma. In glioblastoma, pseudoprogression is an early post-
treatment related effect typically occurring within 6 month of
finishing concomitant temozolomide and radiotherapy whereas
pseudoresponse typically occurs after anti-angiogenic agents such
as bevacuzimab have been administered. False positive progression
and false negative treatment response aremanifest as an increase or
decrease in MRI contrast enhancing volume respectively.
Confounding of treatment response commonly occurs with the
use of current standard interval imaging conventions in therapeutic
and novel imaging glioma trials due to the impact of such
pseudophenomena (27). Delayed treatment effects such as
increased enhancement due to radiation necrosis can similarly
cause false positive progression. Other examples of non-
specificity include post-operative peritumoral parenchymal
enhancement following operative “tissue handling”; or following
operative infarction. Confounding is particularly relevant if
progression-free survival is used as an outcome measure which is
fundamentally based on, and therefore affected by, the timing of
routine interval imaging. In part to mitigate this, objective criteria
such as RANO require a threshold of enhancing size change (a 25%
increase or 50% decrease in the product of perpendicular
dimensions) and an indication of clinical status, corticosteroid
dose, and other possible confounds of deterioration such as
unrelated health issues; and for true positive progression there is a
requirement for sustained size change beyond one time point. It is
noteworthy that overall survival is also confoundedbydifferences in
treatment at progression.Management typically consists of second-
line chemotherapy including the combination of procarbazine,
lomustine and vincristine (PCV) (28–30), TMZ re-challenge (31,
32) or supportive care. Not only is management heterogenous, but
pseudophenomona will confound this management choice.
Furthermore, such detail to understand these co-variates are
rarely included in studies (33).

The Patient and Carer Experience of
Interval Imaging
Patients undergoing MRI often experience anxiety prior to and
during scanning (34). Up to 37% of patients undergoing MRI
experience moderate to high levels of anxiety related to the
procedure itself (35–37). When the patient is aware they have a
brain tumour that is being assessed for response or progression,
anxiety is likely to be more frequent and magnified. Such
“scanxiety” is a recognised consequence of interval imaging in
cancer (19). Incorporating phenomena such as “scanxiety” into
neuro-oncological studies requires patient-reported outcome
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TABLE 1 | Different study designs to interrogate interval imaging.

Design Time
direction

Tumour and
Comment

Objectives and Comment Advantages Disadvantages

Audit
(single centre)

Retrospective HGG
Meningioma
LGG

• understand MDTM decision making (not
morbidity and mortality)
• understand if there is standardised MRI
interval imaging protocol or not; if so
protocol details

• fast way to estimate factors
influencing MDTM decision making
• can inform more complex studies
• some modelling of health economic
outcomes plausible in meningioma/
LGG who undergo imaging over many
years

• level 3 evidence
(confounded data capture)
• high likelihood that modelling
of health economic outcomes
may fail

Audit
(multicentre)

Retrospective HGG
Meningioma
LGG

• understand MDTM decision making (not
morbidity and mortality)
• modelling of health economic outcomes;
requires some data to predict what would
have happened in the absence of the
change in management (counterfactual
outcomes).
• understand if there is standardised MRI
interval imaging protocol or not; if so
protocol details

• larger numbers: more statistical
inference
• more representative sample
• fast way to estimate factors
influencing MDTM decision making
• modelling of health economic
outcomes plausible in meningioma/
LGG who undergo imaging over many
years
• can inform more complex studies

• level 3 evidence
(confounded data capture)
• time consuming preparing data
collection
• effort could be going into level
1 or 2 evidence
• robustness in the modelling of
health economic outcomes
dependent on quality of data
used to extrapolate
counterfactual outcomes

Observational
(single centre)

Prospective HGG
Meningioma
LGG

• test decision making at MDTM (not
morbidity and mortality)
• No need to examine those imaging
timepoints clearly changing management if
audit shows this already
• understand if there is standardised MRI
interval imaging protocol or not; if so
protocol details

• level 2 evidence
• accurately understand all factors
influencing MDTM decision making
• potential to capture data on multiple
timepoints throughout pathway

• time consuming collecting
prospective data
• maybe challenging for a health
economic assessment given a
lack of comparator data may
limit the scope of economic
evaluation

Observational
(multicentre)
(additional
points relating
to cancer
registries
shown in bold)

Prospective HGG
Meningioma
LGG

• test decision making at MDTM (not
morbidity and mortality)
• no need to examine those imaging time
points clearly changing management if audit
shows this already
• understand if there is standardised MRI
interval imaging protocol or not; if so
protocol details
• cancer registries may allow high level
interval imaging comparisons

• level 2 evidence
• accurately understand all factors
influencing MDTM decision making
• potential to capture data on multiple
timepoints throughout pathway
• more representative sample
• possibly RADIANT (UK) perform
study
• quality assured available
resource
• with large datasets, interval
imaging comparisons, accounting
for health service organization
variation, may provide useful
information

• time consuming preparing data
collection
• time consuming collecting
prospective data
• data may not be detailed
enough & incomparable

RCT
(multicentre)

Prospective HGG

Meningioma
& LGG
challenging
given long
follow up

• compare: symptomatic imaging vs.
regular interval imaging
• non-inferiority study

• level 1 evidence to assess morbidity,
mortality
• analysis of quality of life & resource
use outcomes using trial data and
extrapolation with a decision model
• Answers JLA question

• recruitment challenging both
for patients & PI (“no equipoise”).
This may be explored by
feasibility study.
• time consuming preparing data
collection
• time consuming collecting data
• expensive

RCT
(multicentre)

Prospective HGG • compare: EPMRI vs.
No EPMRI
• non-inferiority study

• level 1 evidence to assess morbidity,
mortality
• analysis of quality of life & resource
use outcomes using trial data and
extrapolation with a decision model

• recruitment challenging both
for patients & PI (“no equipoise”).
This may be explored by
feasibility study.
• time consuming preparing data
collection
• time consuming collecting data
• expensive

RCT
(multicentre)

Prospective HGG

Meningioma
& LGG
challenging

• compare: joint decision between patient
and clinician for imaging vs.
regular interval imaging
• non-inferiority study

• level 1 evidence to assess morbidity,
mortality
• analysis of quality of life & resource
use outcomes using trial data and
extrapolation with a decision model

• recruitment challenging both
for patients & PI (“no equipoise”).
This may be explored by
feasibility study.
• time consuming preparing data

(Continued)
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TABLE 1 | Continued

Design Time
direction

Tumour and
Comment

Objectives and Comment Advantages Disadvantages

given long
follow up

collection
• time consuming collecting data
• expensive

RCT
(multicentre)

Prospective HGG

Meningioma
& LGG
challenging
given long
follow up

• compare: imaging vs. no imaging at a
timepoint informed by prior studies
• non-inferiority study

• level 1 evidence to assess morbidity,
mortality
• analysis of quality of life & resource
use outcomes using trial data and
extrapolation with a decision model

• recruitment challenging both
for patients & PI (“no equipoise”).
This may be explored by
feasibility study.
• time consuming preparing data
collection
• time consuming collecting data
expensive

RCT
(multicentre)

Prospective HGG

Meningioma
& LGG
challenging
given long
follow up

• compare: imaging vs no imaging at
multiple (or all) timepoints
• non-inferiority study

• level 1 evidence
• to assess morbidity, mortality
analysis of quality of life & resource
use outcomes using trial data and
extrapolation with a decision model
• Analysis of multiple points of current
pathway

• recruitment challenging both
for patients & PI (“no equipoise”).
This may be explored by
feasibility study.
• potential ethical concerns
• complex
• very large numbers required as
multiple decision points
• time consuming preparing data
collection
• time consuming collecting data
expensive

RCT
(multicentre)

Prospective HGG

Meningioma
& LGG
challenging
given long
follow up

• compare: imaging at multiple short interval
timepoints (e.g. at 1 month) vs routine
interval imaging (e.g. at 3 months)
• non-inferiority study

• level 1 evidence
• to assess morbidity, mortality
• analysis of quality of life & resource
use outcomes using trial data and
extrapolation with a decision model
• Optimal way to understand points of
progression

• compliance
• challenging both for patients &
PI. This may be explored by
feasibility study.
• difficult to justify increased
scans if no clear step towards a
change in management after
scans.
• time consuming preparing data
collection
• time consuming collecting data
very expensive

in silico
(single centre)

Retrospective HGG
Meningioma
LGG

• discover high value imaging time points
• understand influence of co-variates

• some discovery prediction
• some modelling opportunities
• some limited ability to inform RCTs
of best imaging point to analyse
• some ability to look at different levels
of granularity including radiomics
• some assessment of morbidity,
mortality
• may support some model based
economic evaluation
• small possibility of finding ways to
improve survival

• lower level evidence (level not
quantifiable)
• (confounded data capture)
• modelling limited with small
numbers

in silico
(multicentre)

Retrospective HGG
Meningioma
LGG

• discover high value imaging time points
• understand influence of co-variates

• larger numbers: more discovery
prediction
• more representative sample
• modelling opportunities
ability to look at different levels of
granularity including radiomics
• inform RCTs of best imaging point
to analyse
• leverage additional trial data e.g.
EORTC or intellance AbbVie (2 month
follow up) or Paradigm (3 month
follow up) or CODAGLIO trial data
• more accurate modelling of
morbidity, mortality,

• lower level evidence (level not
quantifiable) (confounded data
capture)
• time consuming preparing data
collection
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(PRO) measures which are well defined and reliable and
therefore can generate high-quality evidence (38).

Uncertainty is defined as an individual’s “lack of ability to
determine the meaning of illness‐related events” (39). In patients
with primary brain tumours this has a direct impact on all
negative mood states (tension, depression, anger, fatigue, and
confusion) measured using the Profile of Mood States‐Short
Form (POMS‐SF)) (40). These negative mood states impact on
symptom severity, with higher levels of uncertainty associated
with worse negative mood states and symptom severity. Due of
the high likelihood of disease progression or recurrence in
glioma, negative mood states may be exacerbated when
patients who have symptoms are awaiting MRI results.
Interventions designed to reduce uncertainty may help lessen
patients’ perception of symptom severity, which may
subsequently result in better treatment outcomes and quality of
life. One solution might be “one-stop” clinics in neuro-oncology,
but this can be logistically challenging due to managing scanner
capacity and radiologist availability for providing direct access
Frontiers in Oncology | www.frontiersin.org 723
reporting. Another approach to reduce uncertainty might be to
provide re-assurance that the disease is better or to give a clear
management plan for treatment at the point when the imaging
results are conveyed to them. Conversely, any new uncertainty or
uncertainty that persists following imaging, such as the
consideration of pseudophenomena, might reinforce or
perpetuate negative mood states. In the typically slower
progressing lower grade glioma and meningioma, where there
is less impact of pseudophenomena and delayed treatment
effects, it is unclear how the relatively long imaging intervals
influence uncertainty.

There are several sources of low-level evidence (level 4)
indicating that patient and carer anxiety related to perceived
unnecessary MRI scans or inaccurate or indeterminate
imaging findings in primary brain tumours is a concern.
This was a motivating factor behind the James Lind Alliance
Priority Setting Partnership priority to establish the value
and benefit of neuro-oncological interval scanning (18). Study
design into interval imaging would benefit from including
TABLE 1 | Continued

Design Time
direction

Tumour and
Comment

Objectives and Comment Advantages Disadvantages

• may support some model based
economic evaluation
• possibility of finding ways to improve
survival

in silico
(single centre)

Prospective HGG

Meningioma
& LGG
challenging
given long
follow up

• discover high value imaging time points
• understand influence of co-variates

• Moderately higher level evidence
(level not quantifiable)
• some discovery prediction
• some modelling opportunities inform
RCTs of best imaging point to analyse
• ability to look at different levels of
granularity including radiomics
• potential to add MR fingerprinting
• moderately more accurate modelling
of morbidity, mortality, quality of life,
resource use, co-variates
• small possibility of finding ways to
improve survival

• modelling limited with very
small numbers
• time consuming collecting data
• if adding additional
experiments e.g. MR
fingerprinting, trial more complex

in silico
(multicentre)
Non-federated
(additional
federated
points shown
in bold)

Prospective HGG

Meningioma
& LGG
challenging
given long
follow up

• discover high value imaging time points
• understand influence of co-variates

• Higher level evidence (level not
quantifiable)
• larger numbers: more discovery
prediction
• more representative sample
• modelling opportunities
• inform RCTs of best imaging point
to analyse
• ability to look at different levels of
granularity including radiomics
• potential to add MR fingerprinting
• leverage Health Data Research UK
BRAIN MATRIX, BRIAN
• more accurate modelling of
morbidity, mortality, quality of life,
resource use
co-variates
• possibility of finding ways to improve
survival
• overcome concerns regarding
de-identification
• constant iteration of models

• time consuming preparing data
collection
• time consuming collecting data
expensive
• if adding additional
experiments e.g. MR
fingerprinting, trial more complex
• federated learning is still at
the research stage: time
consuming to develop and
resolve challenges
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patient-reported outcomes (PRO) so that “uncertainty reduction”
can be measured.

Interval Imaging Practices With a Focus
on Glioblastoma
There is no robust evidence (< level 3) to support the value or
lack of value for the imaging practices currently used to monitor
disease or to determine the response of any treatment given in
adult brain tumours (4). There is also a lack of evidence around
the utility of early post-operative MRI (EPMRI; within 72 h) on
adult brain tumour patients after surgical resection of
glioblastoma (16, 41–43). Interval imaging conventions are
based predominantly on expert opinion and have been
primarily motivated by efforts to standardise outcomes for
comparing therapeutic trials (9, 11). For EPMRI, it is also
noted that indirect contributors to value, such as improving
surgical practice (5, 44), are challenging to measure, particularly
at the start of a complex treatment pathway. Any study design
into interval imaging value must consider current or planned
therapeutic trials where outcomes are based on interval imaging
regimens. Similarly, there should be awareness that current
imaging conventions and the reliance of regulatory approval
pathways on them [e.g. FDA endorsing RANO-based treatment
outcomes (45)] might impede the development of innovative
imaging solutions and other biomarkers designed to rationalise
or optimise the imaging pathway.

An understanding of current practice is critical to subsequent
study design. A recent UK-wide national clinical practice survey
on the use of interval imaging in glioblastoma management (GIN
CUP study) showed considerable variation between centres (16).
Similarly, the timing and interval length between MRI
examinations in the period following completion of adjuvant
chemotherapy, shows considerable inter-institutional variation.
It is also noted that current UK, European, and international
guidelines (4, 46–49) show variation and lack of consensus on the
frequency and timing of neuroimaging during the post treatment
follow-up period, likely as a result of the lack of objective evidence
base and different resourcing between jurisdictions.

In summary, there is considerable variation in interval imaging
practice between centres during the glioblastoma post treatment
follow-up period which should be considered in the study design of
interval imaging value. Neuroimaging is believed to be crucial in
making subsequent plausible management decisions once
treatment is initiated, however there is a paucity of evidence for
this assertion at all timepoints. Additional evidence, therefore,
needs to be obtained to determine whether imaging protocols
used in current routine clinical practice, and the type of
neuroimaging performed at each component of the pathway,
result in a measurable and impactful change in management (as
opposed to the perception of a change or impact). Determining
whether there is a change in outcome and value (morbidity,
mortality, quality of life or resource use) is key.

Health Economics of Interval Imaging
Economic evaluation addresses issues of efficiency and cost
effectiveness: are the resources required to provide the
Frontiers in Oncology | www.frontiersin.org 824
intervention, in this case MRI scans, justified by the health
benefits? If the MRI scan offers no health benefit, then the
intervention is not considered cost effective, with robust
economic evaluation required to determine under which
circumstances cost-effectiveness is achieved. Whilst retrospective
analyses may determine to some extent whether there has been a
change in management, prospective studies are needed to quantify
the benefit in the context of confounds.

To determine cost effectiveness, an estimate of the impact of
imaging on overall resource use is required as well as an estimate
of the impact of imaging on survival and quality of life.
Consideration of resource data collection is important in the
design of future studies. Prospective collection of quality of life
data can support a within-trial analysis of quality adjusted life-
years (QALYs: a measure of the impact of the intervention on
health-related quality of life and survival). To inform QALYs,
quality of life is typically measured using generic quality of life
instruments, of which the most commonly used are the EuroQol
EQ-5D (50), the SF-6D (51) (based on the Rand SF-36
questionnaire) and the health utilities index (52). The EQ-5D
is the most commonly used measure, and reports health status as
the level of functioning in five domains. The five level (5L)
instrument differentiates 3,125 response combinations each of
which has an associated tariff ranging from 1 for full health,
through 0 for dead, to negative scores for a small number of
health states considered worse than dead. Measurement might be
performed at baseline and 3 monthly intervals during the
imaging period, in a similar fashion to interval imaging. More
extensive questionnaires such as the European Co-operative
Oncology Group Quality of Life Questionnaire Core 30
(EORTC QLQ C30) (53) may provide a more targeted capture
of quality of life and may prove to be suitable instruments.
Further work is required to determine more detailed evidence
surrounding patients’ views on quality of life in relation to
interval imaging cost effectiveness. Other sources of
information to capture outcomes such as mortality or resource
use can come from case report forms (CRF) within a trial or from
clinical registers, e.g. the Surveillance, Epidemiology and End
Results database in the US (SEER) (54) and the National Cancer
Registration and Analysis Service (NCRAS) in the UK (55).
Administrative databases may also provide useful data on
diagnosis, treatments and survival (56). The literature also
provides estimates of the cost of care for relevant events that
may not be observed during a trial such as the cost of end-of-life-
care (EOLC) (57).

Trial follow-up is frequently insufficient to capture the full
implications of monitoring and treatment on patient costs and
outcomes. A decision model is commonly used to extrapolate
costs and outcomes beyond trial follow-up, often over the
remaining lifetime of the patient cohort. The most commonly
used is the Markov model, which captures patient trajectories as
a sequence of health states representing progression of the
disease (58). Estimation of lifetime costs and outcomes of
different monitoring and treatment strategies allows
quantification of the difference in costs and outcomes across
strategies. The ratio of incremental costs to incremental
February 2021 | Volume 11 | Article 620070
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outcomes, known as the incremental cost-effectiveness ratio
(ICER), reports the efficiency of more effective strategies in
terms of the cost per unit improvement in outcome. These
data typically influence recommendations from national health
technology agencies on the use of new technology and care
pathways, although the application of an explicit upper limit or
threshold with regard to cost-effectiveness is limited to the UK,
Australia and Canada (59).

Deriving evidence to determine the cost effectiveness of
interval imaging requires consideration of the impact of
imaging on downstream costs and outcomes. Downstream
costs for surgical treatments such as craniotomy or licensed
chemotherapy drugs can greatly outweigh the costs of the
imaging. Hence quantifying small changes in treatments
arising from imaging is important. Therefore, any design or
modelling to optimise interval imaging cost effectiveness in
routine clinical practice should incorporate changes in the
costs of any subsequent alteration in treatment i.e. related and
opportunity costs. For example, the model should incorporate
changes in the costs of continuing expensive and ineffective
therapies which themselves may be associated with adverse
effects; changes to surgical procedures which themselves may
be associated with reduced or prolonged hospital stays; and
changes to the costs of rehabilitation if the clinical impacts of
progression of underlying disease are altered.

The conclusions of any health economic design framework
described above are most applicable to integrated healthcare
systems such as the UK. In these healthcare systems, imaging was
historically considered relatively costly, and most agencies
endorse rationing which can limit use. However, other
reimbursement models in other healthcare systems can
incentivise additional investigation, as reflected by the wide
discrepancy in MRI use between countries (60).

Beyond providers, there are individual financial implications
for imaging. For example, 54% of carers of US patients with high-
grade gliomas out of active treatment had costs of $271 per
month with transportation to hospitals amongst the greatest out
of pocket costs (61). These personal costs may be lower in
healthcare systems such as the UK where hospitals and
charities provide additional support, but evidence suggests they
remain substantial (62). Health economic modelling would
benefit from incorporating such individual costs and regional/
international variations.

More evidence to determine the cost effectiveness of interval
imaging incorporating the patient, carer, and healthcare system
is required. Careful study design using standard tools should
achieve this. Evidence on cost-effectiveness will improve care
pathways in all systems, and is central to the efficient use of
resources in centrally funded healthcare systems.

Data Science In Silico Interval
Imaging Studies
In silico studies are those performed on a computer or via
computer simulation. Sophisticated algorithms or simulations
can advance scientific understanding, although the inferences
drawn must recognise the limitations introduced by the
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simplified or reductive framework. The results of these
simulations can be tested in existing trials or serve as a guide
for future trials. Machine learning applications may move
beyond inferential statistical approaches to attempt to extract
more accurate predictions from complex datasets. Such
approaches for imaging monitoring biomarkers in neuro-
oncology are at an early stage of development in terms of
clinical validation and applied techniques are not yet ready to
be incorporated into the clinic (63, 64). A recent systematic
review using PRISMA-DTA and QUADAS-2 methodology,
showed that the small numbers of patients included in
machine learning studies, the high risk of bias and concerns of
applicability in the study designs, and the low level of evidence
given that the monitoring biomarker studies are retrospective,
suggest that limited conclusions can be drawn from the data (33).

Studies may take advantage of enhanced computational
approaches to build data-rich neuro-oncology monitoring
biomarker models, although more involved or computationally
expensive approaches such as those used in deep learning, may
not de facto outperform more traditional machine learning
techniques, for example multivariate logistic regression (63). It
is also notable that studies applying machine learning to build
neuro-oncology monitoring biomarker models have yet to show
overall advantage over those using traditional statistical methods
in terms of analytical validation and diagnostic performance (63,
65, 66). Such statistical methodology is wide ranging and
includes generalised estimating equations and mixed models
(67) but for clarity, we note that there is a continuum between
the two fields, a pertinent example being non-parametric
orthogonal transformations for dimensionality reduction.

We note several barriers in translating machine learning
which the neuro-oncology community must appreciate for in
silico study design: (1) the clinical context may not be
represented with a decreased ability to perform holistic
evaluations of patients, with loss of valuable and irreducible
aspects of the human experience such as psychological,
relational, social, and organizational issues (68); (2) accuracy-
driven performance metrics have led to more opaque models
(69) although advances in interpretability and explainability may
mitigate this somewhat (70); (3) binding the empirical data to
categorical interpretation misses an intrinsic ambiguity in the
observed phenomena (71) which might negatively affect
performance (68); (4) overreliance on the capabilities of
automation can lead to the related phenomenon of deskilling
(72). Furthermore, there are several technical limitations that
make many algorithms unreliable: domain adaptation is still in
its infancy and further solutions are required to help algorithms
extrapolate well to new hospitals. Uncertainty estimation is still
underdeveloped, and necessary to know when algorithms are
out-of-distribution or when the accuracy might be poor.
Robustness to data issues, such as artefacts, is very much
needed but also at its infancy. Lastly, the presence of multiple
pathologies (for example, tumours and stroke) can also confound
algorithms as these cases are rare and often unlabelled.

Nonetheless, we emphasise that machine learning models
have key advantages: whilst three decades ago it was noted that
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they require less formal statistical training given developments in
software (73, 74), more recently there has also been a
transformative reduction in the requisite programming
expertise for researchers which has been enabled by open
source software standardised implementations (75–77); have
the ability to detect implicitly any complex non-linear
relationship between independent and dependent variables (73,
78); and have the ability to detect all possible interactions
between predictor variables (69). Indeed, new approaches have
proven to bring new perspectives and insights to the diagnosis of
neuro-oncology pathologies, such as glioma (79, 80). In
particular, some of these models are currently used as
diagnostic biomarkers (12) for prediction of tumour grading
and genomics from imaging as well as automating diagnosis
from histopathology; furthermore prognostic biomarkers can
provide insights into survival (80).

Advances in brain tumour database curation will facilitate
integration of imaging data with demographic, clinical, and
molecular marker data into large databases [in the UK, for
example, these include Health Data Research UK, the Tessa
Jowell BRAIN MATRIX (81) or BRIAN – the Brain tumouR
Information and Analysis Network (82)]. The capture of large
volumes of data and the inclusion of a wider spectrum of imaging
phenotypes, typically results in improved diagnostic
performance during machine learning or statistical tasks; the
relative improvement of deep learning model performance is
particularly marked (83–85). Note that for deep learning, the
dependency on very large datasets can be reduced by data
augmentation and transfer learning; the latter, where an
already developed model for a task is reused as the starting
point or a model on a second task, is especially advantageous for
medical tasks since these pre-trained models not only obviate the
need for very large datasets but are less computationally
expensive (70, 79, 80). Once established, incoming data from
each of these larger scale live repositories will facilitate ongoing
refinement and assessment of impacts. Examples of machine
learning tools that have been used with large datasets in neuro-
oncology, as well as generic approaches to multi-centre machine
learning which might overcome privacy issues, are contained in
the Supplementary Information 2.

Initiatives and consensus statements have provided
recommended frameworks (86–89) for standardising imaging
biomarker discovery, analytical validation, and clinical validation
(12), which can help to improve the robustness of study design of
machine learning applied to neuro-oncology. It is clear that for
such an approach large, well-annotated datasets, and therefore,
multi-disciplinary and multi-centre collaborations are mandated
(63), and this will require a collaborative approach to reach
meaningful dataset size and quality.

Interval Imaging Study Design and
Statistical Considerations
The overarching purpose of any study design would be to
determine the value of interval imaging and to maximise this
value where possible. Ideally, studies would provide robust
evidence (≤ level 3) for morbidity, mortality, quality of life and
resource use (together these outcomes give the additional
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outcome measure of cost effectiveness) of three tumour groups
(meningiomas, lower grade gliomas, and high-grade gliomas)
undergoing interval imaging. Further Patient and Public
Involvement (PPI) work is underway to refine measurable
metrics although a primary outcome of mortality and
secondary outcomes of quality of life e.g. the EUROQOL EQ
5D–5L or EORTC QLQ C30 score, may be sensible. Outcomes
are confounded by treatment type and motivate thorough co-
variate collection. Progression-free survival is especially
confounded as described above and must be considered
carefully as an outcome measure in glioma study design. This
is a major driver for the consideration of adopting “advanced
imaging” in more robustly defining a progression event
through imaging.

Given these, it is likely that different approaches are required
to construct an evidence framework surrounding interval
imaging (Table 1); building the framework is likely to be
stepwise (90), using less robust evidence (< level 3) initially as
well as determining baseline quality of life and resource use
outcomes. Whilst the trial giving the highest level of evidence
would be a randomised controlled trial (RCT), and likely a non-
inferiority design, knowing which aspects of the pathway to
randomise will require additional supportive intermediate
evidence from preliminary studies. For example, data can be
acquired using audit or observational studies to determine
whether there is a change in management or not. If
management is changed, an RCT may be able to address
whether there is additional value from the change in
management in terms of morbidity, mortality, quality of life
and resource use. However, there may be challenges for
recruitment of patients into an RCT, predominantly influenced
by tumour type. For example, in a high-grade glioma RCT with
reduced imaging in one arm, some participants and recruiters
may oppose reduced imaging in a tumour where changes in
disease can be rapid. It is plausible that there would be less
concern for lower grade gliomas or meningioma interval
imaging studies.

In silico studies using statistical or machine learning
approaches might provide an alternative to inform which
aspects of the pathway should be randomised in an RCT (91,
92). Alternatively, such techniques might be used to approximate
outcomes themselves, however, as with an RCT, a large number
of centres would be required to provide sufficient data,
particularly if PROs and health economic measures are also
incorporated. It is noteworthy that within existing provision and
clinical trials, there will be natural jitter and missed time points
in the follow-up of patients. With large datasets this might
provide an opportunity using appropriate modelling
techniques to assess the impacts of these natural timing
differences and missing data points. Despite the potential of in
silico studies, a disadvantage is that they do not produce level 1
evidence nor is it clear how the most complex modelling studies
equate with traditional levels of evidence (3).

Whilst the focus of study design relates to the structural MRI
interval imaging pathway and by default the “when” of imaging,
the “how” and “what else” remain important avenues for
research (5). It is conceivable that the interrogation of
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biomarkers such as MRI radiomic features, advanced MRI or
PET studies can be added as secondary objectives. It is
acknowledged that these are not routinely used nor widely
available modalities, and in the case of PET in particular, have
a distinct risk and cost effectiveness profile compared to
structural MRI. We note other expert consortia are looking
specifically into advanced imaging and processing techniques
to develop international recommendations and guidelines on
their application as monitoring biomarkers (93, 94).

Regardless of the approach to achieve accurate, complete, and
transparent reporting of studies contributing to the evidence of
interval imaging in standard of care brain tumour management,
we strongly recommend following reporting guidelines from the
EQUATOR Network (95), available for example in prospective
biomarker studies (96, 97), RCTs (98) or economic
evaluations (99).
DISCUSSION

Determining the value, and therefore the utility, of interval
imaging in brain tumour management remains a key priority
in neuro-oncology. Meningioma and glioma were identified as
priorities for interval imaging utility analysis. Any study
design that changes imaging regimens should consider the
potential for influencing current or planned therapeutic
trials; ensure opportunity costs are measured; and that indirect
contributions to value are identified and assessed.

Whilst it was agreed that an RCT would provide level 1
evidence, no consensus was reached on specific trial design,
reflecting the immense challenge faced in addressing this
evidence gap. While development of level 1 evidence is the
desired goal, given that current practice is predominantly
based on expert opinion (level 5) there is a role for
establishing “intermediate level” evidence that might support a
future RCT. The outcomes of any study must include overall
survival, quality of life and resource use. The panel agreed that
this “intermediate level” evidence was unlikely to be obtained
solely through descriptive and inferential statistics of existing
datasets and would benefit from modelling and advanced
statistical and machine learning approaches, and that larger,
aggregate datasets would be required involving multicentre
collaborations. Overall, no consensus was reached as to the
specific studies which should be undertaken, but types of study
have been described here for consideration along with their
strengths and limitations.
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This position statement aims to provide a framework
for developing the evidence base for the value of interval
imaging in primary brain tumours and, thereafter, practice
recommendations. The panel welcomes any collaborative
approach from groups interested in aggregating data and
contributing to study design. Ongoing collaborative efforts will
improve trial design and generate the evidence to optimise
monitoring imaging biomarkers in standard of care brain
tumour management.
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Glioblastoma multiforme (GBM) is the most frequently occurring brain malignancy. Due

to its poor prognosis with currently available treatments, there is a pressing need

for easily accessible, non-invasive techniques to help inform pre-treatment planning,

patient counseling, and improve outcomes. In this study we determined the feasibility

of resting-state functional connectivity (rsFC) to classify GBM patients into short-

term and long-term survival groups with respect to reported median survival (14.6

months). We used a support vector machine with rsFC between regions of interest

as predictive features. We employed a novel hybrid feature selection method whereby

features were first filtered using correlations between rsFC and OS, and then using the

established method of recursive feature elimination (RFE) to select the optimal feature

subset. Leave-one-subject-out cross-validation evaluated the performance of models.

Classification between short- and long-term survival accuracy was 71.9%. Sensitivity

and specificity were 77.1 and 65.5%, respectively. The area under the receiver operating

characteristic curve was 0.752 (95% CI, 0.62–0.88). These findings suggest that highly

specific features of rsFC may predict GBM survival. Taken together, the findings of this

study support that resting-state fMRI and machine learning analytics could enable a

radiomic biomarker for GBM, augmenting care and planning for individual patients.

Keywords: brain tumor, resting state functional connectivity, biomarker, overall survival, short and long-term

survival, classification, support vector machine

INTRODUCTION

Glioblastoma multiforme (GBM) is the most frequently occurring brain malignancy. The median
survival time is very poor, ranging from 12 to 14.6 months following diagnosis and after receiving
the therapeutic standard of care (1, 2). Only 3–5% of GBM patients survive longer than 3 years
after diagnosis (3). Facing such abbreviated lifespans, decisions of care balancing aggressiveness of
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treatment with impacts on quality of life, are critical to patients.
As a result, the identification of novel prognostic biomarkers may
have substantial and meaningful impact for individual patients
making decisions for their terminal care.

Currently, a tissue diagnosis is required for definitive
histopathologic confirmation and optimizing the next steps
of care. Factors currently known to be associated with
survival include age, Karnofsky performance status (KPS) (4),
O6-methylguanine–DNA methyltransferase promoter (MGMT)
hypermethylation (5), and mutations in isocitrate dehydrogenase
(IDH) 1 or 2 (6, 7). Furthermore, gene expression–based
molecular classification of GBM (8), epidermal growth factor
receptor amplification (EGFR) (9) and CpG island methylator
phenotype status have emerged as additional potential predictors
of treatment response and outcome (10). Although such
molecular information has improved the clinical assessment of
GBM and has been used to better inform clinical trials (5–
8, 10, 11), there remains unmet clinical need for accessible, non-
invasively acquired biomarkers that predict clinical prognosis
and response to therapy for individual patients prior to surgical
intervention and biopsy.

There are numerous efforts in imaging radiomics to map
image features to molecular data. As an example, investigators
have correlated quantitative computed tomography (CT) image
features to gene expression data of non-small cell lung cancer
to predict survival (12, 13). Similarly in GBM, prior work has
demonstrated associations between imaging and gene expression
(14). These insights have been used to predict response to
treatment of gliomas (9). Further, by forming clustering patterns
on structural MRI across patients, these patterns can be used
to identify GBM phenotypic subtypes (15). In addition to the
molecular and genetic features, the synaptic input of neurons on
glioblastoma cells has been shown to be a powerful influence of
promoting tumor growth (16). Currently, there is no imaging
biomarker of this synaptic interaction.

Increasingly, it has become clear that brain networks and their
alterations associated with GBM have an impact on survival.
Stoecklein et al. demonstrated that resting-state functional
connectivity (rsFC) measured by MRI is affected by gliomas
throughout the whole brain and this information indicated
individual glioma disease burden (17). Daniel et al. took these
findings further to show that functionally connected voxels can
be routinely found within glioblastoma tumors and that intra-
tumor connectivity strength is a prognostic marker for overall
survival (18). What is currently lacking is a methodology that
leverages these group-level scientific findings and provides an
actionable imaging biomarker that can inform and guide clinical
care of individual patients.

In this study, we examined whether rsFC between pre-
defined regions of interest (ROIs) can enable machine learning
algorithms to predict overall survival (OS) for individual patients.
For this, we used resting-state functional MRI with blood oxygen
level-dependent (BOLD) signals acquired in 64 de novo GBM
patients prior to standard of care treatment with surgery and
chemoradiation. Retrospectively, patients’ clinical course and
rsFC between ROIs trained a support vector machine (SVM) to
predict OS. In this work we provide evidence that the alterations

of functional organization of the brain can provide insights into
predicting a GBM patient’s oncologic course.

MATERIALS AND METHODS

Participants
A total of 64 patients with a pathologic diagnosis of GBM
were included in this study. Patients were recruited from the
neurosurgery brain tumor service, initially as part of a National
Institutes of Health (NIH) funded tumor database project (NIH
5R01NS066905). Inclusion criteria stipulated that each patient
was newly diagnosed with a brain tumor, that they underwent
surgical treatment of the tumor, that the pathology was GBM,
and that there was a pre-surgical indication for structural MRI
and resting-state functional MRI as determined by the treating
neurosurgeon. Exclusion criteria were age <18 years and prior
surgery for a brain tumor. All patients provided written informed
consent and the study was approved by the Institutional Review
Board of the Washington University in St. Louis.

Group Construction and Patient Demographics
GBM patients were classified into two groups with respect to
the median duration of OS: 14.6 months (1). Patients surviving
<14.6 months were grouped as short-term survival (STS)
while those surviving 14.6 months or longer were grouped as
long-term survival (LTS). Demographic, clinical and molecular
characteristics of STS and LTS groups are summarized inTable 1.

MRI Acquisition
Imaging was done on Siemens Trio or Skyra MRI scanners
operating at 3T. Patients were scanned using a standard
presurgical tumor protocol. Structural imaging included T1-
weighted magnetization prepared rapid acquisition gradient
echo (MPRAGE) and T2-weighted fast spin-echo. Resting-
state functional MRI was acquired using echo-planar imaging
sequences (voxel size = 3mm cubic; echo time = 27ms;
repetition time = 2.2–2.9 s; field of view = 256mm; flip angle =
90◦) for a total of 320 frames.

Resting-State Functional Connectivity
(rsFC) Pre-processing
We used standard pre-processing approaches previously
described (19, 20). Denoising methods included slice timing
corrections which removed systematic slice intensity differences
due to interleaved acquisition, and head motion corrections
within and across runs. Atlas transformations were achieved
by the composition of affine transforms connecting functional
imaging volumes with T2-weighted and T1-weighted structural
images. Thereby, we registered volumetric BOLD time series
to an isotropic 3mm atlas space. Additional preprocessing
included spatial smoothing (isotropic 6mm full-width half-
maximum Gaussian blur), removal of linear temporal trends
from voxels in each scanning run, and temporal low-pass
filtering to retain frequencies <0.1Hz. Spurious variances were
reduced by regression of nuisance waveforms derived from head
motion correction and time series sampled from regions of
white matter and cerebrospinal fluid. The whole-brain (global)
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TABLE 1 | Patients’ demographic, clinical, and molecular characteristics of

patient population by group.

Summary of characteristics

Short term

survival (n = 35)

Long term

survival (n = 29)

P-value

Age in years (range) 62.6 ± 11.6

(27–83)

58.5 ± 9.1

(41–79)

0.114

Sex

Male 21 (60.0%) 24 (82.8%) 0.058

Female 14 (40.0%) 5 (17.2%)

CE volume (cm3) 37.6 ± 28.7 22.9 ± 28.7 0.004

FLAIR volume (cm3 ) 109.4 ± 67.6 83.4 ± 76.5 0.074

KPS, n (%)

>70% 6 (21.4%) 13 (52.0%) 0.025

Missing 7 4

Extent of resection

Gross-total 11 (31.4%) 10 (34.5%)

Subtotal 13 (37.1%) 14 (48.3%)

Laser 7 (20.0%) 1 (3.5%)

Biopsy 4 (11.4%) 4 (13.8%)

MGMT status

Methylated 12 (37.5%) 13 (52.0%) 0.297

Non-methylated 20 (62.5%) 12 (48.0%)

Missing 3 4

IDH mutation

Mutated 0 0

Wild type 34 29

Missing 1 0

EGFR amplification

Positive 6 (30.0%) 12 (63.2%) 0.056

Negative 14 (70.0%) 7 (36.8%)

Missing 15 10

Overall survival in days 242.1 ± 118.0 840.9 ± 372.6 <0.00001

STS, short-term survival (<14.6 months); LTS, long-term survival (≥14.6 months); CE,

contrast enhancement; FLAIR, fluid-attenuated inversion recovery; KPS, Karnofsky

performance status; MGMT, methylguanine methyltransferase; IDH, isocitrate

dehydrogenase; EGFR, epidermal growth factor receptor.

signal was removed as a nuisance regressor. Frame censoring
was performed to minimize the impact of head motion on FC
computations. Thus, for each volumetric frame, if the root-
mean-square of voxel intensities within brain regions changed
significantly compared to the previous frame, the frame was
censored. Significant changes were defined as those that exceeded
0.5% of root-mean-square voxel intensities.

Resting-State Functional Connectivity
(rsFC) Analysis
The BOLD time series for pre-defined volumetric ROIs were
obtained by averaging the voxel time series within each ROI.
The rsFC between any pair of ROIs was then defined as
Pearson’s product moment correlation coefficient between ROI-
specified time series. We used the set of 300 ROIs from
the study by Seitzman et al. [see (21), for detail]. Briefly

summarized, this set of 300 spherical ROIs comprise 264
previously described ROIs (22) with the addition of subcortical
and cerebellar ROIs. Thus, the ROI set comprised 239 cortical,
34 subcortical, and 27 cerebellar ROIs. The cortical ROIs
belong to one of 13 resting-state networks (RSNs): the cingulo-
opercular network (CO), frontoparietal network (FPN), dorsal
attention network (DAN), ventral attention network (VAN),
salience (SAL) network, somatomotor dorsal (SMD) network,
somatomotor lateral (SML) network, visual (VIS) network,
auditory (AUD) network, medial temporal lobe (MTL) network,
reward (REW) network, parietomedial (PMe) network, the
default-mode network (DMN), and cerebellum regions (all
cerebellum ROIs). Finally, we identified a collection of twelve
ROIs which overlapped with atlas regions for white matter
and tentorium, excluding their assignment to any of the 13-
resting state functional network. This was consistent with
methodological precedence for avoiding confounding of resting-
state inferences by ROIs encompassing non-graymatter (22), also
see Supplementary Material. Thus, for each subject, a 288× 288
functional connectivity (FC) matrix was computed.

Classification Using Machine Learning
We used the Caret package available within RStudio to
implement our machine learning classifier [(23), rstudio.com].
We used a support vector machine (SVM) with linear kernel
because of its favorable reported predictive performance in
medical knowledge discovery with small amounts of training
data (24). Because of the limited number of patients in
the present study and our aim to minimizing bias in the
estimate of classification accuracy, we used the leave-one-out
(LOO) cross-validation method. An overview is illustrated in
Figure 1. Our use of LOO cross-validation adhered to standard
prescriptions for cross-validation implemented in the Caret
package. For pedagogical overviews of cross-validation and
SVM we recommend the cross-disciplinary textbook by Hastie
et al. (25).

This analysis included 64 patients, thus 64-folds of LOO cross-
validations. For example, for the first cross-validation fold, all
data from one patient were withheld and data from the 63
remaining patients were used for feature selection, training the
SVM and tuning hyperparameters. Then, the fold-1 model was
tested against the held-out data. In the next cross-validation fold,
all data from a different patient were withheld and data from the
63 remaining patients were used for feature selection, retraining
the SVM and retuning hyperparameters. Then, the fold-2 model
was tested against the held-out data and so on until we predicted
(tested) all 64-subjects by running such 64-folds.

The Pearson product moment correlation of 288 ROIs
specified in section Resting-State Functional Connectivity (rsFC)
Analysis is represented by a correlation matrix of size 288 × 288
(Figure 1, step 1). Diagonal matrix elements are exactly unity
and non-informative while upper triangular matrix elements are
symmetric to lower triangular matrix elements. Consequently,
we count the informative correlations over ROIs to be 41,328,
equivalent to number of combinations

(

288
2

)

. We defined the
Fisher z-transformation of this set of informative correlations to
be the original features for rsFC. Since the number of original
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FIGURE 1 | Overview of machine learning. Step 1: the rsFC matrix of size 288 × 288 was computed for each patient. The features were rsFC between pairs of ROIs

(for example, the correlation between ROI X and ROI Y represented by dots in step 1). Step 2: feature selection was performed in two steps using only the lower

triangular rsFC matrix to exclude self and symmetric connections. First (i), features with correlation with patients’ days of overall survival OS (p < 0.05, uncorrected)

were selected for heuristic filtering. Then (ii), recursive feature elimination (RFE) was used to select the best predicting feature subset. Step 3: hyperparameter

optimization and final SVM model training was performed. Step 4: the trained model from the cross-validation fold was tested against the single held-out subject.

Steps 1–4 were repeated for each fold of leave-one-out cross-validation. Step 5: following all cross-validation folds, accuracy, AUC, sensitivity, and specificity for the

full sample set were computed.

FIGURE 2 | Heatmaps showing the distribution of tumor density, defined by contrast-enhanced (CE) T1w boundaries, in the full sample of 64 patients.

features, 41,328, is much higher than the number of patients, we
used feature selection to avoid overfitting our SVM.

Feature selection was performed in two steps (26, 27)
(Figure 1, step 2). First, using all patient training data (except the
withheld subject’s data), we computed the correlation of original
features for rsFC to OS expressed as continuous time of survival.
We discarded features with p-value >0.05 (uncorrected) for
heuristic filtering. The p-value for correlations was not used for
significance testing of any kind. Second, we used recursive feature
elimination (RFE) (28) which also ranks features according

to their predictive ability. However, features tend to also be
correlated with one another and so the multivariate discriminant
classifier retains high dimensionality. RFE repeatedly, and
recursively, evaluates the rank of features for predictively ability,
eliminating the worst performing features. Within the RFE
framework, we used 4-fold internal cross-validation (not to be
confused with external LOO cross-validation) with ten iterations
to obtain ranked selected features for rsFC. Internal cross-
validations and iterations are necessary for RFE to correctly
eliminate large numbers of features. Using heuristic p-value
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filtering and RFE, we reduced rsFC features from 41,328 to the
best performing features subset. Our strategy submitted these
best performing features to SVM.

As with other machine learning algorithms, SVM may
perform poorly until hyperparameters are tuned for the problem
domain. The caret package enabled tuning SVM scaling and
model complexity cost using grid search (Figure 1, step3). Thus,
the main parameters, the cost in case of linear SVM, was
estimated by using the grid-search algorithm at the scale of c =
1:10. We used 4-fold cross-validation for hyperparameter tuning
following feature extraction, feature selection (p-value filtration
and RFE), and in model training. Following training on 63
patients of the training set from LOO, we tested classification
performance on the single held-out patient of the test set from
LOO (Figure 1, step 4). Upon completion of 64 LOO folds, we
ascertained the performance of the final classifier, computing
accuracy, specificity and sensitivity values using the standard
confusion matrix (see Supplementary Material for detail). To
evaluate overall model performance, we also performed Receiver-
operating Characteristic (ROC) curve analysis.

RESULTS

A total of 64 patients diagnosed with de novo GBM were
partitioned into two groups, STS and LTS, based on overall
survival (OS). The summary of patient’s clinical, molecular,
and genetic characteristic of present sample were also reported
in Table 1. To test the significance of differences in summary
characteristics between two groups, we performed the Mann-
Whitney U-test (for the continuous variables; age, CE and
FLAIR volume, KPS) and Fisher’s exact test (for the categorical
variables: Sex, MGMT status, IDH mutation, EGFR) and p-
value of resultant test were also reported (Table 1). Furthermore,
the heterogeneity of GBM location, size, and morphology is
illustrated in Figure 2. These heatmaps represent the distribution
of tumor density in the entire patient cohort as defined by
contrast-enhanced (CE) T1w boundaries segmented by using the
software application ITK-SNAP (29). The distribution shows no
systematic asymmetry or focality that could significantly bias
the results.

Correlation Between Resting-State
Functional Connectivity and Overall
Survival (OS)
Figure 3 illustrates how each element of the matrix of canonical
functional connectivities correlates with OS. That is, for each
element of functional connectivity between ROIs, the vector of
measured functional connectivities for 64 patients was correlated
with the vector of days of OS for the patients. Please note that the
surface color in the Figure 3 represents the correlation between
OS and ROI-to-ROI rsFC. Figure 3 demonstrates that there are
no obvious patterns by which OS may be inferred directly from
rsFC. Matrix elements in red denoting positive correlations with
OS intersperse with matrix elements in blue denoting negative
correlations withOS. This absence of semantic patternsmotivates
techniques of feature reduction and inference by machine

FIGURE 3 | Correlation between rsFC (Fisher’s z transformed pairwise ROI

correlation) and OS. The horizontal and vertical axis of the plot is the ROI

number sorted by the resting-state network. The surface color represents the

correlation between OS and ROI-to-ROI rsFC. Correlation strength between

ROI pair and OS is represented by colorbar. AUD, auditory; CO,

cingulo-opercular; DMN, default-mode network; DAN, dorsal attention

network; FPN, frontoparietal network; MTL, medial temporal lobe; PMe,

parietomedial network; REW, reward network; SAL, salience network; SMD,

somatomotor dorsal network; SML, somatomotor lateral network; VAN, ventral

attention network; VIS, visual network; and Cereb, cerebellum regions (all).

learning. The strategy of heuristic filtering using uncorrected p-
values <0.05 pruned 41,328 unique matrix elements to ∼1,550
selected matrix elements (the number may change slightly from
the fold to fold of LOO cross-validation). The strategy of
wrapping using RFE pruned selected matrix elements to just 60
using a principled feature reduction technique (28). The 60 final
matrix elements were given to SVM for classification (also see
Supplementary Material for details)

Machine Learning Classification of
Short-Term Survival (STS) and Long-Term
Survival (LTS) GBM Patients
The performance of our classification schemes in predicting
short vs. long term survival are presented in Table 2. Briefly;
within-patient classification accuracy was 71.88%. Similarly, the
sensitivity and specificity were 77.14 and 65.52%, respectively.
The area under the curve (AUC) value was 0.752 (95% CI, 0.62–
0.88). The receiver operating characteristic (ROC) curves for
stratifying patients is shown in Figure 4.

The Most Predictive Features
In order to assess the predictive contribution of each features,
we sorted the top 60 contributing features as follows. During
model training, feature selection was performed on the training
set within each LOO fold, producing variations of selected
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TABLE 2 | Classification performance summary of SVM classifier.

SVM (LOO) Accuracy Sensitivity Specificity AUC C

STS vs. LTS 71.88% 77.14% 65.52% 0.752 1

Regarding C, although we used the grid-search algorithm at the scale of c = 1:10 to optimize C, all selected C were 1.

FIGURE 4 | ROC analysis for the STS vs. LTS classification.

features across cross-validation folds. We stored the 60 top-
ranking features from SVM-RFE from each LOO fold. We then
sorted features according to their frequency of occurrence in all
64 LOO folds. Figure 5 illustrates, as network adjacency maps,
the RSN distribution of the selected features using vertices for
ROIs (node) and edges for correlations of selected features with
OS. Of the top 60 features, 27 were reproducibly found in all 64
LOO folds, invariant to tumor and physiologic variability across
patients [for completeness, anatomical distribution of these top
60 and 27 shared features (separately) were also plotted, see
Supplementary Figures 1, 2, respectively].

DISCUSSION

Anatomic and functional imaging currently is routinely utilized
prior to and during the resection of brain tumors. This
technology has been shown to improve the extent of tumor
resection (30), and as a result, improve survival statistics (31).
That said, it is not routine prior to resections to make use of
imaging that reflect the functional organization of the brain
and its interaction with the tumor to provide insight into long-
term prognosis. Beyond, guiding the specific surgery per se, deep
insight into the aggressiveness of the tumor informs fundamental

decision making about the total course of care. Historically, task-
based fMRI has been employed as a means of pre-operatively
localizing function (32). During the past decade, it has been
shown that the representation of multiple motor, sensory, and
cognitive functions can be mapped by analysis of intrinsic brain
activity, acquisition of which requires only that the patient hold
still during fMRI (33–35). Thus, resting-state fMRI provides a
much more complete functional map of the brain than does task-
based fMRI; moreover, rs-fMRI is more reliable and much more
time-efficient. Finally, the robustness of this mapping modality
enables the identification of functional tissue both within a
tumor (providing insight into glial-neuronal interactions) and
throughout the brain (providing measures of global functional
distortions (17, 18, 36–38), What has remained a challenge has
been dealing with the complexity and magnitude of the resting-
state fMRI data to provide reliable and actionable insights that
can enhance clinical care.

Machine learning approaches creates the opportunity to
organize large amounts of data to support more generalized
and actionable interpretations. In the context of prognostic
radiomics for GBM there are several considerations that merit
attention. First, in the supervised context, as done in this work,
predictions were formulated by direct comparisons of abundant
functional data and outcome measurements. Recursive feature
elimination (RFE) with support vector machines (SVM) were
chosen because they outperformed many popular classification
algorithms in a survey of neuroimaging studies of brain
disorders: simple thresholding, centroid methods, minimum
distance, discriminant function analysis, Gaussian process,
spectral clustering, fused lasso, random forests, perceptrons,
stacked auto-encoder neural networks, SVM without RFE (39,
40). Second, appropriately selecting features, which determine
the dimensionality of a machine learning model, is critical for
SVM in the face of limited outcome data, such as the OS
of GBM patients. Valid selection of features can help increase
prediction accuracies and can also help interpretability. This
work made use of a heuristic filtering method that calculated
correlations and used uncorrected p-values to prune features.
RFE then served as a wrapper method to further prune features
that were most appropriate for the problem of predicting OS for
GBM patients. Third, a linear SVM provided classification.While
our feature selection choices provided limited interpretability
of feature subsets (network topographies and patterns in
neuroanatomy were not evident), feature selection did improve
clinically relevant prediction accuracies. Specifically, this work
demonstrated that patients with GBM can be partitioned
into short term and long-term survival groups using features
extracted from resting-state fMRI (Table 2 and Figure 4). These
findings complement previous work demonstrating the potential
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FIGURE 5 | The top-60 frequently selected features are shown in circle. (A) Red connection (line) indicates the positive correlation of connections (i.e., rsFC) with OS

and that of negatively correlated connections are in blue (B). The color of the outer sphere represents the resting-state network (RSN) that the ROIs belongs to. AUD,

auditory; CO, cingulo-opercular network; DMN, default-mode network; FPN, frontoparietal network; MTL, medial temporal lobe; REW, reward network; SAL, salience

network; SMD, somatomotor dorsal network; SML, somatomotor lateral network; VAN, ventral attention network; VIS, visual network; and Cereb, cerebellum regions

(all).

of rsFC as a biomarker of OS in GBM patients (18). Notably, this
work demonstrates predictions of OS for individual patients.

While the prediction of OS is clinically important a caution
is warranted in interpreting the features used to make those
predictions because of the nature of support vectors in
determining decision hypersurfaces in high-dimensional data.
The 60 most frequently selected features are plotted in Figure 5

(anatomical distribution of these features is also plotted, see
Supplementary Figure 1). Unlike other methods, such as linear
discriminant analysis in which features are ascribed shared
covariances that occupy the space of dominant features, our
use of RFE-SVM selects features which serve as kernel bases
optimally separating features which are most ambiguous along
the decision boundary. Consequently, while having optimal
benefits for generating decision hypersurfaces, our selected
features for rsFC in fact visualize anatomy and network
adjacencies that are most ambiguous for predicting OS. The
difficulty of interpreting features selected by machine learning
algorithms is a common problem of neuroimaging research.
Many features contribute to the classification of OS because of
the complexity of factors that determine OS. Broadly distributed
features have been found in many previous investigations of rsFC
in GBM patients (41–43).

FC studies have markedly advanced our knowledge of human
brain function and its organization. Thus, rsFC has been used to
characterize individuals’ functional brain organization in patients
with a broad range of neurosurgical diseases including GBM.
Relatively recently, there were reports of significant alteration
of brain functional connectivity in GBM (42, 43). We, for the
first time, directly tested the relationship of such changes with
OS in GBM patients (Figure 3). We emphasize the advantages of
rsFC over task-based MRI. For instance, resting-state functional
MRI can be acquired in patients that are unable to cooperate
with a task, such as cognitively impaired patients as they do

not need to perform a task (20, 44, 45). Moreover, task-based
fMRI conventionally is restricted to mapping the representation
of motor and speech function, which omits other important
functions (e.g., executive function, attention, etc.) and does not
perform a whole brain assessment. Even the waking state during
fMRI is not required as essentially the same functional maps are
obtained even if the patient is asleep or sedated (46–48). Thus,
rsFC provides information complementary to that obtained from
structural imaging of brain tumors. Notably, rsFC throughout the
brain is affected by gliomas, even in the non-lesional hemisphere
(41–43). This was one of the key motivations for this study.

To our knowledge, no previous studies have examined
correlations between rsFC and individual OS as a filtering
heuristic. While weak correlations have no role for testing
hypothesis, they can provide intermediate data for consumption
by more principled algorithms, such as RFE and SVM. These
weak correlative relationships may be interpretable in the context
that functional connectivity across networks correlates with
a patient’s cognitive function (41, 49, 50). In cases of high
grade GBM, reports describe marked decline in neurocognitive
functioning during the course of a patient’s disease (51).
Moreover, poorer performance on initial cognitive testing is
associated with shorter survival (52). Here we demonstrate that
a trained SVM predicts short and long-term survival in GBM
patients based on rsFCmeasures. Previous work in GBM patients
have shown that cognitive impairment in GBM patients can be
associated with both increases and decreases in rsFC (53, 54).

The ability of several rsFC ROI pairs to predict OS further
extends our previous report that intratumor rsFC may be
a prognostic marker for overall survival (18). This finding
aligned with previous reports that brain tumors can lead to
various cognitive deficits and are related to alterations in
local and interhemispheric rsFC across functional networks
(49, 50, 55, 56). Here we showed that particular ROI-pair
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dependent reductions and increases in rsFC are associated with
OS prediction, suggesting that connectivity alterations at specific
cortical locations play an important role in influencing outcomes.
Thus, local and global rsFC changes in GBM patients may act as
a biomarker for prognosis and disease monitoring.

LIMITATIONS

A common deficiency of neuroimaging studies is limitations
of sample size in the presence of data with high dimensional
sets of features (57). The difficulties of machine learning
methods under these restrictions include overfitting and the
inability to adequately represent the complexity of the underlying
study problem. Feature selection did not account for tumor
location, tumor staging, tumor grading, and aspects of patient
demography, such as age, sex, and ethnicity. However, inclusion
of such additional features in the classifier are likely to improve
the performance of the classifier described in this work. There
remain issues regarding reproducibility and generalizability of
results. Partial solutions include recruiting larger numbers of
patients for study and testing models with unseen data. In this
work, we used LOO on all available patient data.

CONCLUSION AND FUTURE WORK

In summary, our results demonstrate that resting-state functional
connectivity provides prognostic biomarkers for individual
patients with GBM. This work demonstrates prognostic
classification of short-term survival vs. long-term survival and
suggests how future work may attain more precise predictions
of years of survival for individual patients. Such efforts may
require extensive longitudinal data to attain clinical utility
but such precision predictions would have substantial and
meaningful impact for patients with GBM making decisions for
their terminal care.
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Purpose: Relative cerebral blood volume (rCBV) is the most widely used parameter
derived from DSC perfusion MR imaging for predicting brain tumor aggressiveness.
However, accurate rCBV estimation is challenging in enhancing glioma, because of
contrast agent extravasation through a disrupted blood-brain barrier (BBB), and even
for nonenhancing glioma with an intact BBB, due to an elevated steady-state contrast
agent concentration in the vasculature after first passage. In this study a thorough
investigation of the effects of two different leakage correction algorithms on rCBV
estimation for enhancing and nonenhancing tumors was conducted.

Methods: Two datasets were used retrospectively in this study: 1. A publicly available
TCIA dataset (49 patients with 35 enhancing and 14 nonenhancing glioma); 2. A dataset
acquired clinically at Erasmus MC (EMC, Rotterdam, NL) (47 patients with 20 enhancing
and 27 nonenhancing glial brain lesions). The leakage correction algorithms investigated in
this study were: a unidirectional model-based algorithm with flux of contrast agent from
the intra- to the extravascular extracellular space (EES); and a bidirectional model-based
algorithm additionally including flow from EES to the intravascular space.

Results: In enhancing glioma, the estimated average contrast-enhanced tumor rCBV
significantly (Bonferroni corrected Wilcoxon Signed Rank Test, p < 0.05) decreased
across the patients when applying unidirectional and bidirectional correction: 4.00 ± 2.11
(uncorrected), 3.19 ± 1.65 (unidirectional), and 2.91 ± 1.55 (bidirectional) in TCIA dataset
and 2.51 ± 1.3 (uncorrected), 1.72 ± 0.84 (unidirectional), and 1.59 ± 0.9 (bidirectional) in
EMC dataset. In nonenhancing glioma, a significant but smaller difference in observed
rCBV was found after application of both correction methods used in this study: 1.42 ±
0.60 (uncorrected), 1.28 ± 0.46 (unidirectional), and 1.24 ± 0.37 (bidirectional) in TCIA
dataset and 0.91 ± 0.49 (uncorrected), 0.77 ± 0.37 (unidirectional), and 0.67 ± 0.34
(bidirectional) in EMC dataset.
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Conclusion: Both leakage correction algorithms were found to change rCBV estimation
with BBB disruption in enhancing glioma, and to a lesser degree in nonenhancing glioma.
Stronger effects were found for bidirectional leakage correction than for unidirectional
leakage correction.
Keywords: dynamic susceptibility contrast (DSC), relative cerebral blood volume (rCBV), unidirectional leakage
correction, bidirectional leakage correction, glioma
INTRODUCTION

Dynamic susceptibility contrast (DSC)-MRI is a technique that
uses rapid measurements of MRI signal change following the
injection of a gadolinium-based contrast agent (GBCA) (1).
Perfusion parameters derived from DSC-MRI are increasingly
utilized as image-based biomarkers for management of patients
with brain cancer. Of particular interest is relative cerebral blood
volume (rCBV). It is the most widely used parameter derived
from DSC-MRI for predicting brain tumor aggressiveness (2, 3).
rCBV also has the potential to predict overall survival of brain
tumor patients (4) and can be used in brain tumor monitoring,
where it may have value in early detection of local recurrence or
malignant transformation, and can aid in differentiation of
posttreatment changes from tumor recurrence (5).

A particular challenge in using DSC-MRI for the determination
of rCBV in brain tumors is that the presence of a leaky blood-brain
barrier (BBB) may confound measurements (6). GBCA leads to
shortening of effective transverse relaxation time T∗

2 and shortening
of longitudinal relaxation time T1. In T∗

2-weighted DSC-MRI
acquisition, the shortening of T∗

2 results in signal loss induced by
the passage of the paramagnetic contrast agent. This forms the basis
of rCBV estimation. In lesions with a disrupted BBB, GBCA leaks
into the extravascular extracellular space (EES), reducing both T∗

2

time and T1 time even further. In DSC-based perfusion
quantification, this phenomenon violates underlying assumptions
and thus could lead either to an under- or overestimation of rCBV,
depending on the dominant leakage effect (7). A disrupted BBB is
present in enhancing glioma, defined as a glial tumor in which a
signal increase is clearly seen on T1-weighted imaging after injection
of a GBCA.

Various strategies have been proposed to address the GBCA
leakage issue in DSC-MRI; however, no universally accepted
method currently exists (8). Many of these techniques
concentrate on the reduction of T1 effects, such as application
of a preload bolus injection of contrast agent or optimizing
acquisition parameters such as echo time, repetition time and flip
angle (9, 10). Using a preload prior to the bolus injection for the
DSC acquisition is done to saturate the EES and thereby
diminish the T1 induced signal intensity increase during the
subsequent DSC-MRI GBCA administration (11). A number of
post-processing methods have also been proposed to correct
both T∗

2 − and T1-related leakage effects, either by themselves or
in addition to advanced acquisition methods (12–15). Among
first published post processing methods for addressing GBCA
leakage in glioma was the model-based approach by Boxerman–
Schmainda–Weisskoff (12). Known as the BSW leakage
242
correction method, it aims to correct both T∗
2 − and T1-related

leakage effects by modeling the temporal curves of transverse
relaxation rate changes in tumor voxels using two terms: one
derived from the average relaxivity in nonenhancing tissues,
where there is no contrast agent leakage, and the other term that
models contrast agent flux from the intravascular space to the
EES, with the assumption of no contrast agent back flux.

The BSW method has been widely used and implemented by
several commercial software vendors (16). It has been shown that
rCBV measurements resulting from a DSC acquisition acquired
after a preload and with using the BSW method agree well with
histology in spatially correlated tissue biopsies in patients
diagnosed with high grade glioma (17, 18). Despite this
promising result, limitations of the BSW approach prompted
researchers to look for modifications to this leakage correction
method. Leigh et al. (13) introduced an arrival time correction to
this model, in order to solve mismatch of mean transit time
between normal and malignant tissue. Bjørnerud et al. (14)
estimated leakage from the residue function, obtained via
singular value decomposition (SVD), to distinguish between T1

and T∗
2 dominant extravasation effects. Recently, the BSWmodel

was extended with bidirectional contrast agent exchange,
additionally including flow from EES to the intravascular space
(15, 19). Considering that contrast agent exchange is in principle
bidirectional, this modification could potentially improve the
accuracy of rCBV estimates.

In light of the rising use of rCBV and other DSC-based
biomarkers and with current recommendations for acquiring
DSC-MRI data including a preload bolus (20), there is an
increasing demand for guidance on accurate leakage correction
in clinical settings. Moreover, the necessity of using model-based
postprocessing leakage correction has been highlighted for high-
grade gliomas (20), where typically a contrast-enhancing lesion is
seen in T1-weighted postcontrast images. However, to the best of
our knowledge, the effect of using leakage correction algorithm
on nonenhancing glioma, when there is no visually detectable
contrast enhancing lesion in T1-weighted postcontrast, has not
been investigated. Fully understanding the effects of applying
leakage correction for rCBV estimation can help the radiologists
and technicians using commercial or free software for analyzing
DSC-MRI data decide if they need to “tick the box” of leakage
correction for both enhancing and nonenhancing tumor.
Therefore, this study focuses on a thorough investigation of
the effect of using the well-known BSW leakage correction
algorithm (12) as well as its recent modified leakage correction
algorithm (19) on rCBV estimation in both enhancing and
nonenhancing glioma, using two different datasets acquired
March 2021 | Volume 11 | Article 648528
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with different parameters and different GBCA dosage. In the
following, we will refer to the former method as the
unidirectional and the latter as the bidirectional leakage
correction algorithm.
MATERIALS AND METHODS

The Theory
In DSC-MRI, the dynamic signal drop caused by passage of an
intravascular GBCA bolus is assumed to be proportional to the
change in concentration of GBCA over time, causing a
proportional change in relaxation rate (21), as expressed by
equation [1]:

C(t)  ∝  DR∗
2(t) = −(1=TE)� (ln(S(t)=S0)) (1)

where DR∗
2(t) is the inverse of the change in T∗

2 relaxation time
(relaxivity-time curve), C(t) is the tracer concentration at time t,
S(t) is the intensity time-signal, S0 is the baseline signal in the
voxel prior to the contrast bolus arrival, and TE is the echo time.
The uncorrected rCBV is estimated by trapezoidal integration
between entrance t0 and exit t1 time points of the bolus in the
relaxivity-time curve:

rCBV =
Z t1

t0
DR∗

2(t) dt (2)

In the unidirectional leakage correction algorithm, the
measured relaxivity change DR∗

2(t) for each voxel can be
modeled as a linear combination of the whole-brain average
relaxivity-time curve DR∗

2(t) in nonenhancing voxels and its time
integral:

DR∗
2(t) ≈ K1 DR∗

2(t) − K2 
Z t

0
DR∗

2(t
0 ) dt 0 (3)

where K1 (sec
-1) is a susceptibility scaling factor, K2 (sec

-1) is a
permeability related parameter for intra- to extravascular
contrast flux and both are estimated by a linear least square fit
of the measured DR∗

2(t) to equation [3]. Thus, the unidirectional
corrected relaxivity-time curve DR∗

2 unidir and rCBVunidir can be
calculated for each voxel:

DR∗
2 unidir(t) = DR∗

2(t) + K2 
Z t

0
DR∗

2(t
0 ) dt 0 (4)

rCBVunidir =
Z t1

t0
DR∗

2 unidir(t) dt (5)

In the bidirectional leakage correction algorithm, the
assumption is that contrast agent flows back and forth between
the intravascular and extravascular compartment. This is
implemented by adding an extra term to equation [3] where D
R∗
2(t) can be modeled as follows:

DR∗
2(t) ≈ K1 DR∗

2(t) − K2 
Z t

0
DR∗

2(t
0 ) e−Kep(t−t

0 )dt 0 (6)
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where Kep is the transfer coefficient for extra- to intravascular
contrast flux and substituting Kep=0 yields the unidirectional
leakage correction equation [3]. After applying least square
fitting, and obtaining K1, K2 and Kep the bidirectional
corrected relaxivity-time curve DR∗

2 bidir and rCBVbidir can be
calculated for each voxel:

DR∗
2 bidir(t) = DR∗

2(t) + K2 
Z t

0
DR∗

2(t
0 ) e−kep(t−t

0 ) dt 0 (7)

rCBVbidir =
Z t1

t0
DR∗

2 bidir(t) dt (8)

Note that we did not impose any constraints for fitting Kep, K2

and K1 in any of those methods. This allows K2 to be positive or
negative in both methods to account for T1 and T∗

2

leakage effects.

Patients and MR Imaging
Two datasets were used retrospectively in this study. The first
dataset, “Glioma DSC-MRI Perfusion Data”, is publicly available
in The Cancer Imaging Archive (TCIA) (22, 23). This dataset
contains 49 patients (51 ± 16 years, 31 male) with coregistered
DSC-MRI and post contrast T1-weighted SPGR images of
nonenhancing (n = 14) and enhancing (n = 35) glioma. These
MR images were acquired at 1.5T or 3T on systems from two
vendors (GE Healthcare, Waukesha, WI, US; Siemens, Erlangen,
DE). All patients had received 0.1 mmol/kg of gadobenate
dimeglumine (MultiHance, Bracco Diagnostics, Cranbury, NJ,
US) during DSC-MRI acquisition with gradient-echo echo-
planar imaging (Repetition Time (TR): 1.1/1.25 s, Echo Time
(TE): 30 ms, Flip Angle (FA): 70/72/80°, 120 dynamics, voxel size:
0.85 × 0.85 × 6.5 mm3, 13 slices), preceded by the injection of
0.05 mmol/kg of the same contrast agent as preload bolus, except
for one patient who had received 0.01 mmol/kg for preload. A
power injector was used for contrast agent injection with
antecubital injection and typically set at a rate of 3 ml/s. The
parameters for T1-weighted postcontrast are not consistent
between all patients (TR ranging from 34 ms to 666 ms, TE

ranging from 2.3 ms to 21 ms).
The second dataset collected at the Erasmus MC (EMC,

Rotterdam, the Netherlands) contained 47 patients (50 ± 10
years, 32 male) with coregistered T1-weighted (FSPGR) and
DSC-MRI images from patients with confirmed enhancing
(n = 20) and nonenhancing (n = 27) glioma. These patients
underwent MRI scans at 3T (Discovery MR750, GE, Waukesha,
USA) with preload administration of 7.5 ml of gadobutrol 1.0
mmol/ml (Gadovist®1.0, Bayer AG, Leverkusen, DE) followed by
administration of the same dose of gadobutrol during DSC
acquisition with GRE echo-planar imaging (TR: 2 s, TE:45 ms,
FA: 90°, 50 dynamics, voxel size: 2 × 2 × 5 mm3, 26 slices). The
contrast agent injection was done by power injector with an
injection rate of 5 ml/s of the bolus as well as the saline flush
(20 ml, following the contrast agent bolus). Additionally, high
resolution inversion recovery T1-weighted pre- and postcontrast
images (TR: 2.1 ms, TE: 4.6 ms, voxel size: 0.5 × 0.5 × 0.8 mm3),
structural images of T2-weighted (T2W) (TR: 0.14 s, TE: 8.4 s,
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voxel size: 0.46 × 0.46 × 5.00 mm3) and FLAIR (Fluid-Attenuated
Inversion Recovery) (TR: 1.7 s, TE: 90 ms, voxel size: 0.54 × 0.54 ×
0.79 mm3) were collected in this dataset. The complete protocol
is part of routine clinical imaging and all patients provided
informed written consent to have their information stored in
an Institutional Review Board Approved Neuro-Oncology
database for use in future investigations.

In both datasets separation of enhancing and nonenhancing
glioma patients was done by visual inspection of pre- and post-
contrast T1-weighted imaging, by a certified neuroradiologist
with more than 12 years of experience for EMC dataset and a
neuroradiologist with more than 20 years of experience for
TCIA dataset

Volume of Interest Delineation
For the TCIA dataset the provided volumes of interest (VOI)
were used. These were binary masks of the whole brain, the
contrast enhanced part of the tumor mask for enhancing glioma
(CET), non-contrast enhancing part of tumor for nonenhancing
glioma (NCET) and normal appearing white matter mask
(NAWM) (8). These masks had been drawn manually on
structural images by an experienced radiologist and all were
coregistered to the DSC-MRI dataset.

For the EMC dataset, we used HD-BET for brain extraction of
the T1-weighted images to generate brain masks (24). FAST
(FMRIB’s Automated Segmentation Tool) (25) was used to
generate probability maps of white matter, grey matter and
cerebrospinal fluid. The NAWM mask was obtained by
thresholding and binarizing probability maps of white matter
(probability>0.90) in the contralateral part of brain. This
binarized map was eroded using FSL tools (http://www.fmrib.
ox.ac.uk/fsl/) to generate NAWMmasks comparable in size with
the NAWM masks in TCIA dataset. The generated NAWM
mask encompasses on average 50 voxels covering multiple slices
and was used for rCBV normalization.

For tumor segmentation, first structural images of T1-
weighted precontrast, T2-weighted and FLAIR were registered
to T1-weighted postcontrast using the Elastix toolbox (version
2.5) (26). Then, based on these 4 structural images, NCET mask
for nonenhancing as well as CET mask for enhancing glioma
were delineated using HD-GLIO (27, 28).
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Relative Cerebral Blood Volume
Measurements
In processing the DSC datasets, two first brain volumes from
each individual DSC dataset were removed to make sure that the
GRE signal had reached steady state. Then, all masks as well as
other volumes of the DSC dataset were rigidly registered to the
third volume of DSC-MRI dataset using FLIRT (FMRIB’s Linear
Image Registration Tool) (29, 30) (see Figure 1).

In-house code developed in Python 3.6 (http://www.python.
org) was used for image analysis. To ensure sufficient contrast-
to-noise for the time curves, we excluded voxels exhibiting a drop
of fewer than 5 standard deviations from the baseline signal from
the analysis (31). DSC signal–time curves were converted to
relaxivity–time curves using equation [1]. To fit equation [4] and
equation [7], relaxivity–time curves of nonenhancing voxels were
selected and averaged to produce DR∗

2(t) needed in both leakage
correction methods. Those nonenhancing voxels were selected
from voxels in the brain mask where the absolute difference
between average signal of the tail (final 10 time points) and the
baseline (timepoints prior to the contrast bolus arrival) was less
than one standard deviation of the baseline signal (12).

Trapezoidal integration between entrance and exit bolus time
points of the 3 relaxivity–time curves, uncorrected,
unidirectionally and bidirectionally corrected, was then used to
obtain rCBV, rCBVunidir, rCBVbidir respectively (32). These maps
were normalized by dividing all intensities by the mean intensity
of the contralateral NAWM of each rCBV map. “rCBV”
subsequently refers to this normalized rCBV. Additionally, the
permeability related parameters of K2 and Kep for the
bidirectional correction algorithm (equation [6]) and K2 for
unidirectional correction (equation [3]) have been provided.

Data Analysis and Statistical Method
For each patient the median values of each normalized map (rCBV,
rCBVunidir, rCBVbidir) as well as permeability related parameters
(K2_unidir, K2_bidir and Kep_bidir) within VOIs were computed and
used for comparison. These VOIs were CET for enhancing glioma
and the NCET for nonenhancing glioma. Data were tested for
normality using the Shapiro-Wilk test, with non-parametric
statistical tests selected accordingly. Comparison of parameters
was done across each glioma group of enhancing and
FIGURE 1 | Pre-processing workflow. 1) T2-weighted (T2W), FLAIR, T1-weighted precontrast (T1W) and postcontrast (T1W+C) images used for CET and NCET,
and NAWM segmentation, 2) Binary mask of CET/NCET (red color) and NAWM (green color) mask on the structural data, 3) Registered Binary mask of CET/NCET
on the third volume of DSC-MR imaging. CET, Contrast Enhanced Tumor; NCET, Non Contrast Enhanced Tumor; NAWM, Normal Appearing White Matter.
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nonenhancing in each dataset by Wilcoxon Signed Rank Test
combined with Holm–Bonferroni correction to counteract the
problem of multiple comparisons. Moreover, the percentage
difference between uncorrected rCBV and both corrected rCBV
values were computed and averaged across the enhancing and
nonenhancing group per dataset.

Goodness-of-Fit
Voxelwise goodness of fit was computed via calculation of the
coefficient of determination, adjusted R-squared for both
correction models. This involves the measurement of the
difference of DR∗

2(t) (equation [1]) and its unidirectional
(equation [3]) model fit for every time point:

R2
adj = 1 −

(1 − R2)(n − 1)
n − k − 1

� �
(9)

R2 = 1 − SSres=SStot (10)

where n is the number of time points in the DR∗
2(t) curve, and k is

the number of variables in the model, i.e. 2 and 3 for the
unidirectional and bidirectional model, respectively. In
equation [10], SStot is the total sum of squares and SSres is the
sum of squares of residuals:

SStot =o
t
(DR∗

2 (t) − DR∗
2(t))

2 (11)

SSres =o
t
(DR∗

2 corr(t) − DR∗
2(t))

2 (12)

Where DR�
2(t) is the uncorrected relaxivity-time curve, DR�

2(t)
is the mean DR�

2(t) for each voxel, and DR�
2corr(t) is the corrected

relaxivity-time curve, either bidirectionally or unidirectionally.
The average adjusted R-squared was calculated for the CET

and NCET VOIs for each group of patients in each dataset.

Predicting Glioma Grade With Relative
Cerebral Blood Volume
As a proof of principle, we assessed the statistical correlation
between rCBV (both corrected and uncorrected) and
histopathologic tumor grade using the Spearman rank
correlation test (rs). In the TCIA dataset all scans were
collected shortly before surgery (5 days on average), at which
time tumor grade was determined from the resected tumor
tissue. This was not the case for the EMC dataset, where scans
were acquired at various time points after tumor resection and as
a result the initially established tumor grading information might
no longer be valid for this imaging dataset to be used for
grade prediction.
RESULTS

Table 1 lists histopathologic diagnosis of both enhancing and
nonenhancing glioma patients in TCIA dataset. The WHO grade
II tumors included 13 glioma patients (4 enhancing and 9
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nonenhancing); the grade III included 5 glioma patients
(1 enhancing and 4 nonenhancing); and the grade IV included
31 glioma patients (30 enhancing and 1 nonenhancing).

Both unidirectional and bidirectional correction reduced the
tail of the uncorrected relaxivity-time curves of the CET VOI in
enhancing tumors and the NCET VOI in nonenhancing tumors.
Examples of these curves can be seen in Figure 2. As exemplified
in this figure, a stronger reduction was reached when bidirectional
leakage correction was applied. More specifically, the bidirectional
corrected relaxivity–time curve in the CET VOI dropped faster
initially, but the curve eventually slowed down; however, the
unidirectional corrected relaxivity–time curve dropped almost
linearly over time. In nonenhancing glioma, the mean
relaxivity–time curves of NCET VOI showed smaller differences
between either of the two leakage correction algorithms.

In the CET VOI (i.e. in enhancing glioma) the mean rCBV
was significantly decreased when using either correction
algorithm in both datasets. In the TCIA dataset uncorrected
rCBV was 4.00 ± 2.11 which significantly (p<0.001) decreased
with unidirectional correction to 3.19 ± 1.65 (20.2%) and with
bidirectional correction to 2.91 ± 1.55 (27.1%) (Figure 3).
Similar results were found in the EMC dataset with
uncorrected rCBV being 2.5 ± 1.30, decreasing significantly
(p<0.001) with unidirectional correction to 1.72 ± 0.84 (31.5%)
and with bidirectional correction to 1.59 ± 0.90 (36.6%). In the
NCET VOI in nonenhancing glioma, small but significant
(p<0.05) differences were observed between uncorrected and
corrected rCBV in both datasets when applying either of two
leakage correction algorithms (see Table 2). Moreover, in both
datasets and in both enhancing and nonenhancing tumors
bidirectionally corrected rCBV values were significantly lower
compared to unidirectionally corrected rCBV.

Visual inspection of uncorrected rCBV and corrected
rCBVunidir and rCBVbidir maps is consistent with the above
stated findings. As shown in Figure 4, the difference between
three rCBV maps of a nonenhancing tumor is not clearly
perceived, while in the enhancing tumor the difference between
rCBV with and without correction is detectable in the CET VOI.

Variation of permeability parameters of both correctionmethods
has been depicted inFigure 5 for both datasets. Themean value ofK2

in both datasets across enhancing and nonenhancing groups is
TABLE 1 | Summary of clinical description of patients in TCIA dataset.

Tumor
Grade

Diagnosis Enhancing
Glioma

Nonenhancing
Glioma

Number of
patients/Total %

Number of
patients/Total%

IV Glioblastoma multiforme 61.2% 2%

III Anaplastic Astrocytoma III 2% 6.1%
Mixed Anaplastic Astrocytoma/
Oligodendrogliomas III

0 2%

II Astrocytoma II 6.1% 6.1%
Mixed Astrocytoma/
Oligodendrogliomas II

0 12.2%

Ependymoma II 2% 0
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 2021 | Volume 11
 | Article 648528

https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Arzanforoosh et al. Effect of Applying Leakage Correction
A

B

FIGURE 3 | Boxplots of uncorrected, unidirectional corrected and bidirectional corrected rCBV values from left to right (A) for enhancing glioma (n = 35) (dark gray)
and for nonenhancing glioma (n = 14) (light gray) in TCIA dataset; (B) for enhancing glioma (n = 20) (dark gray) and nonenhancing glioma (n = 27) (light gray) in EMC
dataset. *Significantly different, p < 0.05.
A

B

FIGURE 2 | Leakage correction effect on relaxivity-time curve for an enhancing (top) and nonenhancing (bottom) tumor from TCIA dataset. (A) Structural T1-
weighted postcontrast (T1W+C) image overlaid with CET VOI on the left; mean uncorrected (green), bidirectional (red) and unidirectional (blue) corrected relaxivity-
time in CET VOI on the right. (B) Structural T1-weighted postcontrast (T1W+C) image overlaid with NCET VOI on the left; mean uncorrected (green), bidirectional
(red) and unidirectional (blue) corrected relaxivity-time in NCET VOI on the right. CET, Contrast Enhanced Tumor, NCET, Non Contrast Enhanced Tumor.
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negative, with a close to zero value for nonenhancing ones. This value
for enhancing tumors is K2_unidir = -0.03 ± 0.02 (sec-1) and K2_bidir =
-0.05 ± 0.08 (sec-1) for TCIA dataset; K2_unidir = -0.05 ± 0.04 (sec-1)
and K2_bidir = -0.06 ± 0.04 (sec-1) for EMC dataset. The transfer
coefficient Kep_bidir that appears in the bidirectional model,
representing the extra- to intravascular contrast flux, had a positive
mean value of 0.02± 0.05 (sec-1) and 0.01± 0.02 (sec-1) for enhancing
tumors of EMC and TCIA respectively.

Evaluation of model fitting by averaging adjusted R-squared
value across patients showed limited differences between the
bidirectional (0.87 ± 0.12) and unidirectional (0.87 ± 0.12)
models in TCIA dataset, while in EMC dataset adjusted R-
squared of the bidirectional model (0.86 ± 0.05) was slightly
higher compared to the unidirectional model (0.83 ± 0.06).

Table 3 shows corrected and uncorrected rCBV measurements
for each grade and each tumor type in the TCIA dataset. The
average rCBV values were higher for grade IV and III compared to
grade II and decreased after application of either of leakage
correction algorithm. Across the 49 patients in TCIA dataset,
Frontiers in Oncology | www.frontiersin.org 747
tumor grade and rCBV were significantly correlated with or
without leakage correction algorithm (see Figure 6).
DISCUSSION

This study investigated the effect of two known leakage
correction algorithms on rCBV measurements in both
enhancing and nonenhancing glioma in two independent
datasets. The leakage correction algorithms used in this study
are based on unidirectional contrast agent transport from the
intravascular to extravascular spaces and on bidirectional
contrast agent transport between these two spaces. The result
of this study showed that in enhancing glioma, when the BBB is
disrupted, application of either of these two leakage correction
methods decreased rCBV measurements. The decrease in rCBV
measurements in enhancing glioma after applying leakage
correction algorithms likely originates from initial rCBV
overestimation due to dominance of T∗

2 effects in the leaky area.
A

B

FIGURE 4 | A slice example of T1-weighted postcontrast overlaid with uncorrected, unidirectional corrected and bidirectional corrected rCBV maps from left to right,
respectively, (A) for enhancing glioma patient (B) for nonenhancing glioma; both from TCIA dataset.
TABLE 2 | Patient averages of uncorrected and corrected rCBV and the resulting P-Value from statistical analysis.

Uncorrected Unidirectional Leakage Correction Bidirectional Leakage Correction

rCBV
(mean ± std)

rCBV
(mean ± std)

Difference percentage
(P-Value)

rCBV
(mean ± std)

Difference percentage
(P-Value)

TCIA dataset Enhancing Glioma 4.00 ± 2.11 3.19 ± 1.65 20.2%
P < 0.001

2.91 ± 1.55 27.1%
P < 0.001

Nonenhancing Glioma 1.42 ± 0.60 1.28 ± 0.46 9.5%
P < 0.001

1.24 ± 0.37 12.6%
P = 0.02

EMC dataset Enhancing Glioma 2.51 ± 1.30 1.72 ± 0.84 31.5%
P < 0.001

1.59 ± 0.90 36.6%
P < 0.001

Nonenhancing Glioma 0.91 ± 0.46 0.77 ± 0.37 14.6%
P < 0.001

0.67 ± 0.34 25.9%
P < 0.001
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We have seen different effect size of leakage correction in the
two investigated datasets, with a stronger reduction on average in
rCBV for the EMC dataset. Previously it has been shown that the
leakage of contrast agent into the extravascular extracellular
space results in increased T1 and T∗

2 effect, by shortening both
T1 and T∗

2 relaxation time. Depending on which of two has
dominant effect in the leaky area, the tail of relaxivity-time curve
gets artificially either lower or upper than the baseline (11). In the
EMC protocol applying higher dose of preload, combined with
long TE and high FA, the measured signal would be less sensitive
to change in T1 effect and more sensitive to change in T∗

2 effect,
compared to TCIA dataset. Stronger T∗

2 effect dominance in the
enhanced area results in highly elevated tail in relaxivity-time
curve. Thus, when applying either of leakage correction
algorithms on the curve, the effect size would appear stronger.

In line with previous consensus (20) our result highlights the
necessity of using either leakage correction algorithm for rCBV
Frontiers in Oncology | www.frontiersin.org 848
measurements in enhancing glioma. However, when using these
algorithms in the absence of contrast agent leakage effects,
interpretation should be done with caution. The result of this study
shows that both leakage correction algorithms significantly altered
rCBV estimation in nonenhancing glioma. Although, this alteration
wasnotnoticeable inmostpatients, theremightbea riskofoverfitting
inusing these leakage correctionalgorithms innonenhancingglioma.
One explanation for this phenomenon could be the elevated steady-
state contrast agent concentration in the vasculature after first
passage. This might interfere with the performance of these
algorithms and cause rCBV misestimation after application of
leakage correction methods. Another possible explanation for this
result could be that these algorithms are able to detect subtle leakage
effects which are not yet clearly visible on a T1 postcontrast image.
Since there arenohistopathological rCBVmeasurements to serveas a
gold standard for rCBV in nonenhancing tumor caution needs to be
taken with application of leakage correction in nonenhancing areas.
A

B

FIGURE 5 | Boxplots of permeability parameters of K2 in unidirectional correction method and K2 and Kep in bidirectional correction method from left to right (A) for
enhancing glioma (n = 35) (dark gray) and for nonenhancing glioma (n = 14) (light gray) in TCIA dataset; (B) for enhancing glioma (n = 20) (dark gray) and
nonenhancing glioma (n = 27) (light gray) in EMC dataset. *Significantly different, p < 0.05.
TABLE 3 | Patient averages of uncorrected and corrected rCBV for the different tumor types and the grades in TCIA.

Tumor Grade Diagnosis Uncorrected Unidirectional Leakage
Correction

Bidirectional Leakage
Correction

rCBV (mean ± std) rCBV (mean ± std) rCBV (mean ± std)

Type grade Type grade Type grade

IV Glioblastoma multiforme 3.90 ± 1.87 3.90 ± 1.87 3.13 ± 1.53 3.13 ± 1.53 2.88 ± 1.46 2.88 ± 1.46
III Anaplastic Astrocytoma III 3.57 ± 4.25 3.45 ± 3.69 2.83 ± 2.99 2.73 ± 2.6 2.56 ± 2.66 2.44 ± 2.32

Mixed Anaplastic Astrocytoma/Oligodendrogliomas III 2.94 2.31 1.94
II Astrocytoma II 1.58 ± 1.05 1.66 ± 1.18 1.46 ± 0.86 1.45 ± 0.84 1.44 ± 0.79 1.38 ± 0.67

Mixed Astrocytoma/Oligodendrogliomas II 1.24 ± 0.48 1.13 ± 0.4 1.14 ± 0.38
Ependymoma II 4.65 3.29 2.48
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Comparing the performance of the uni- vs bidirectional
leakage algorithms, each method has its own pros and cons. The
goodness-of-fit analysis showed slightly higher adjusted R-squared
for bidirectional method. However, the bidirectional leakage
correction takes twice as long to compute as the unidirectional
one, which may be clinically undesirable. Analyses of the
permeability parameters for nonenhancing patients shows that
K2 obtained from unidirectional algorithm is plausibly close to
zero in both datasets, whereas K2 and Kep resulted from
bidirectional model are changing in a broader range specially for
nonenhancing group in EMC datasets. The likely reason for this
unexpected behavior could be the number of time points (50 time
points) collected in EMC dataset, as previous investigations have
indicated that the leakage correction algorithm performed best
with the collection of 120 time points (14).

It is worthwhile to note that in TCIA dataset, including both
enhancing and nonenhancing glioma, a significant correlation was
found between tumor grading and all three rCBV calculations,
including uncorrected, unidirectionally and bidirectionally
corrected rCBV. Therefore, the unexpected finding of significant
effects of leakage correction on rCBV on nonenhancing tumor
may not be an issue for standard application of leakage correction
in clinical settings. However, generalization of this finding requires
further corroboration in multiple clinical studies.

A limitation of this study is the retrospective nature which
leads to both datasets not following the standardized DSC-MRI
acquisition protocol (20). In consensus study it has been suggested
that using a full-dose of 0.1 mmol/kg for both preload and bolus
injection dose, along with DSC acquisition parameters of 60° for
FA and TE of 40–50 ms at 1.5 T and 20–35 ms at 3 T, provide
overall best accuracy and precision for rCBV estimates. As with
many retrospective studies, the DSC-MRI acquisition protocol
used for both TCIA and EMC datasets do not fall within the
standardized acquisition protocol, as described in the method
section. For instance, in TCIA dataset the preload is 0.05 mmol/kg
which is half of what is recommended currently; and in EMC
dataset, the dose protocol is not based on weight but on contrast
volume (7.5ml). With the standard “full dose” defined as 0.1
mmol/kg, only patients weighing 75 kg (~165 lb) received a full
dose, while patients under and over this weight would receive
more than and less than a full dose, respectively. Therefore, future
work should be focused on examining datasets with the most
recent standard protocol and a ground truth for MRI-derived
perfusion parameter utilizing spatially-correlated biopsy samples.
Frontiers in Oncology | www.frontiersin.org 949
In summary, this work evaluated the effect of leakage
correction on rCBV estimates, indicating stronger effects for
bidirectional than for unidirectional leakage correction as well as
larger effects in enhancing tumors than in nonenhancing tumors.
From a clinical perspective, our work highlights that using rCBV
as a universal biomarker still requires further development in
standardization of validation of both acquisition and post-
processing procedures. The fact that the application of a
correction algorithm affects the estimated rCBV indicates that
the use of published threshold values (8) for determining tumor
type, molecular profile or grade has to be done with great
caution, taking the methodology for establishing such
thresholds into account.
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Neuroplasticity may preserve neurologic function in insular glioma, thereby improving

prognosis following resection. However, the anatomic and molecular bases of this

phenomenon are not known. To address this gap in knowledge, the present study

investigated contralesional compensation in different molecular pathologic subtypes of

insular glioma by high-resolution three-dimensional T1-weighted structural magnetic

resonance imaging. A total of 52 patients with insular glioma were examined. We

compared the gray matter volume (GMV) of the contralesional insula according

to histological grade [low-grade glioma (LGG) and high-grade glioma (HGG)] and

molecular pathology status [isocitrate dehydrogenase (IDH) mutation, telomerase

reverse-transcriptase (TERT ) promoter mutation, and 1p19q codeletion] by voxel-based

morphometry (VBM). A cluster of 320 voxels in contralesional insula with higher

GMV was observed in glioma with IDH mutation as compared to IDH wild-type

tumors by region of interest-based VBM analysis (family-wise error-corrected at p <

0.05). The GMV of the entire contralesional insula was also larger in insular glioma

patients with IDH mutation than in patients with wild-type IDH. However, there was no

association between histological grade, TERT promoter mutation, or 1p19q codeletion

and GMV in the contralesional insula. Thus, IDH mutation is associated with greater

structural compensation in insular glioma. These findings may be useful for predicting

neurocognitive and functional outcomes in patients undergoing resection surgery.

Keywords: insular glioma, neuroplasticity, brain structural plasticity, molecular pathology, VBM

INTRODUCTION

Neuroplasticity occurs across the human life span. Developmental and adaptive plasticity underlie
experience-related changes resulting from modification of the environment, physical exercise, or
cognitive training (1). Additionally, reactive functional and structural plasticity is responsible
for restoring normal brain function following injury, a process known as cortical remodeling or
reorganization (2). Neuroimaging studies have revealed that this process occurs in both the lesioned
and intact hemispheres in stroke, brain trauma, and glioma (3–10).

The pattern of cortical remodeling in glioma has been reported to be hierarchical (6).
The compensation could be launched firstly within the lesioned area and then enlarged to
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the peritumor area. If it was still insufficient, the ipsilateral and
even the contralateral hemispheres could be recruited to the
remodeling process. And this hierarchical pattern is especially
suited for low-grade gliomas (LGGs), because they exhibited
a slow-growing, less-invasive feature, which left enough time
for this remodeling process. As it happens, the insular cortex
is a common location for LGGs (11, 12); it is also involved
in multiple brain functions, acting as a hub for neural circuits
involved in language processing, emotion, cognitive control, and
decision making (13). Most insular glioma patients are diagnosed
following seizure or headache or during routine physical
examination, and tumor resection typically has an acceptable
neurologic outcome (14, 15), implying that neuroplastic changes
occur during gliomagenesis. Along this perspective, Almairac
et al. (7) observed structural remodeling in unilateral low-grade
insular glioma patients, whereby gray matter volume (GMV) of
the contralesional insula was increased relative to healthy control
subjects. It was speculated that the slow rate of growth and low
invasiveness of low-grade insular glioma suited that hierarchical
remodeling pattern well.

It should be noted that the 2016 World Health Organization
(WHO) classification for glioma added the molecular subtype
[isocitrate dehydrogenase (IDH) or telomerase reverse-
transcriptase promoter (TERTp) mutation and 1p19q
codeletion], which is highly associated with tumor invasiveness
and prognosis (16, 17). There were even evidence that the
IDH wild-type LGGs should be treated as glioblastomas
(GBMs, Grade IV), as they shared similar clinical and genetic
characteristics (18). Therefore, except classical histological
grading, different molecular subtypes might also reflect different
biological behaviors and might lead to different neuroplastic
results. However, most studies investigating neuroplasticity in
glioma have compared patients and healthy control subjects,
without examining differences that exist according to the
histological grade or molecular pathologic subtype of glioma.

Therefore, we designed the present study to investigate
contralesional compensation in different histological grades,
especially molecular pathologic subtypes of insular glioma by
high-resolution three-dimensional (3D) T1-weighted (T1W)
structural magnetic resonance imaging (MRI) and voxel-based
morphometry (VBM) analysis.

MATERIALS AND METHODS

Participants and Grouping
A total of 52 patients diagnosed with unilateral insular glioma
at Beijing Tiantan Hospital were enrolled in this study.
Detailed information on molecular pathology including 6-
O-methylguanine (O6-MeG)-DNA methyltransferase (MGMT)
promoter methylation status, IDH mutation, TERTp mutation,
and 1p19q codeletion was available for all patients. MGMT
promoter methylation has been shown to inhibit apoptosis and
increase sensitivity to temozolomide (19, 20), but as it has little
clinical significance in gliomagenesis, it was not investigated in
this study.

The patients were grouped as IDH mutation (IDH-mu) and
IDH wild type (IDH-wt), TERTp-mu and TERTp-wt, and 1p19q

codeletion (1p19q-codel) and non-1p19q-codel. Additionally,
we also involved histological pathology, where patients were
grouped as LGG (WHO II) and high-grade glioma (WHO III and
IV, HGG). The study was approved by the Institutional Review
Board of the Beijing Tiantan Hospital. All the participants signed
a written informed consent form.

The number of patients was relatively small when they were
further grouped according to the side of the brain in which
the lesion was located (left vs. right). Therefore, in order to
enhance statistical power, all left-tumor MRIs were flipped
along the X axis in the FMRIB Software Library (FSL) before
preprocessing. Then the right and left insula could be consistently
referred to as the “lesioned insula” and “contralesional insula,”
respectively. Statistical analyses were performed with the flipped
images and focused on the contralesional insula. However, this
flipping operation could introduce bias because of the asymmetry
between certain brain regions in the left and right hemispheres
(21). In order to exclude this possibility, we compared the
contralesional insula between the right- and left-sided tumors;
as we did not observe any differences, we applied the flipping
operation to our dataset.

Aging can affect GMV; hence, studies comparing patients and
healthy participants typically consider age as an uninteresting
variable (3, 7, 22). It should be noted that HGG, IDH-wt, and
TERTp-mu in glioma were found to be closely related to older
age (16, 23), which was also the case in our study (Table 1).
Therefore, setting patient age as a covariate in our analyses could
eliminate the effects of different molecular pathologic subtypes
on GMV, which we should avoid in the present study. On
the other hand, recent studies have reported that the decline
in insular volume slows or even stops during aging (24, 25),
suggesting that age has little effect on GMV of the insular cortex.
Nonetheless, given that GMV starts to decrease at the age of 40
years (26, 27), which was also the median age in our cohort, we
compared GMV of the contralesional insula between patients
aged ≥40 years and those aged <40 years. As no difference
was found, we considered that age did not affect GMV of the
contralesional insula, and it was not included as a covariate in the
statistical analysis.

MRI
3D T1W structural images were acquired at our center with two
different scanners: the Ingenia 3.0T (Philips, Amsterdam, The
Netherlands) (P) and Prisma 3.0T (Siemens, Munich, Germany)
(S). The acquisition program was as follows: resolution = 1
× 1 × 1mm, field of view = 256 × 256mm, slice thickness
= 1mm, flip angle = 8◦, repetition time = 6.49/1.56 s, and
echo time = 3.042/1.56ms (for P/S). In addition, conventional
magnetic resonance (MR) sequences including T2-weighted
(T2W), fluid-attenuated inversion recovery (FLAIR) and T1W
images with intravenous injection of a gadolinium contrast agent
were routinely acquired.

Lesion Tracing
In order to visualize the lesion in the insula and calculate
tumor volume (TV), the tumor mask was delineated in
T2W or FLAIR images by a neurosurgeon with 8 years of
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experience using MRIcron (https://www.mccauslandcenter.sc.
edu/crnl/tools). Lesion masks and corresponding images for
tracing were normalized to standard Montreal Neurological
Institute (MNI) space using SPM12 (https://www.fil.ion.ucl.
ac.uk/spm/software/spm12/). A reconfirmation procedure was
performed by the neurosurgeon after normalization for more
accurate matching to the original lesion range. The normalized
and rechecked lesion masks were used for lesion overlap with
MRIcroGL (https://www.mccauslandcenter.sc.edu/mricrogl).

Image Preprocessing
Structural image preprocessing was performed with SPM12 and
the CAT12 toolbox in MATLAB. The images were manually
reoriented to the anterior commissure, which was defined as
the origin (mm coordinates: 0, 0, 0). The “Segment Data”
module of CAT12 was used to segment the structural images
into the gray matter (GM), white matter, and cerebrospinal
fluid. In this process, the original structural images were
normalized to MNI-152 standard space with an isotropic voxel
resolution of 1.5 × 1.5 × 1.5mm, and we also modulated
the spatial normalized data in order to maintain its original
GMV. We checked the data quality to verify the segmentation
and normalization results. Total intracranial volume (TIV) was
determined using the “Estimate TIV” module. The modulated
GMmaps of each participant were smoothed with an 8-mm full-
width at half-maximum Gaussian kernel. VBM analyses were
performed on the smoothed images generated during the last
preprocessing step.

Statistical Analysis
VBM analysis was applied to imaging data. Based on the general
linear model, the two-sample t-test was used for three types
of comparisons: (1) left-sided vs. right-sided tumor patients to
exclude the effect of brain structural asymmetry; (2) patients
aged ≥40 vs. <40 years to exclude the effect of aging; and (3)
LGG vs. HGG, IDH-mu vs. IDH-wt, TERTp-mu vs. TERTp-
wt, and 1p19q-codel vs. non-1p19q-codel to evaluate the effect
of molecular pathology on contralesional compensation in
insular glioma.

As we focused only on alterations in the contralesional (left)
insular cortex, we generated a left insular mask as the region
of interest (ROI) using the WFU_PickAtlas toolbox (https://
www.nitrc.org/projects/wfu_pickatlas/) based on the automated
anatomical labeling template. We used this mask in the
three abovementioned comparisons. The ROI-based analysis
highlights the changing patterns of certain brain areas and
provides enhanced statistical control (7). Patient sex, TIV,
TV, and MR scanner type were covariates in all of the
comparisons. An absolute masking threshold of 0.2 was also
set in all comparisons (28). A voxel-level family-wise error
(FWE) correction at P < 0.05 with a spatial extent threshold
of 50 voxels was regarded as significant. For comparisons that
passed the FWE correction in VBM, we further compared
the GMV of significant clusters and the entire insula. Non-
imaging data for continuous and categorical variables were
analyzed with the two-sample t-test and chi-squared test,
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FIGURE 1 | Lesion overlap for original side (A) and all left tumor flipped via X axis (B).

TABLE 2 | Demographic characteristic of different tumor sides and age.

Variables Left tumor Right tumor P Age ≥40 years Age <40 years P

Total No. 26 26 NA 28 24 NA

Gender, M/F, n 15/11 16/10 0.778 18/10 13/11 0.459

Age (Mean ± SD), years 44.42 ± 13.76 41.19 ± 11.02 0.354 51.89 ± 8.84 32.21 ± 5.85 <0.001

TV (Mean ± SD), ml 65.21 ± 37.12 44.93 ± 37.74 0.056 53.88 ± 30.75 56.46 ± 46.52 0.812

Scanner type, P/S, n 8/18 0/26 NA 4/24 4/20 NA

SD, Standard deviation; TV, Tumor volume; P, Philips Ingenia 3.0T scanner; S, Siemens Prisma 3.0T scanner; NA, Not applicable.

respectively. A P < 0.05 in a two-tailed test was considered
statistically significant.

RESULTS

Clinical and Demographic Characteristic

of Study Population
In 52 patients with insular glioma (Grade II, n = 26; Grade
III, n = 16; Grade IV, n = 10; male, n = 31; female, n =

21; median age, 40 years old), 26 tumors were located in the
left insula, and 26 were located in the right insula. The lesion

overlap is shown in Figure 1A. We flipped the image of left-
sided tumors so that in all 52 patients, the tumor was in the
right insula, and the left side was contralesional (Figure 1B).
Detailed information on the molecular pathology of the tumors
is shown in Table 1, and detailed demographic data are shown
in Table 2.

ROI-Based VBM Analysis
We examined whether the GMV of the contralesional insula
differed between patients with left and right insular gliomas.
The results of this comparison showed that no voxels survived
the FWE correction. We next compared patients aged ≥40

Frontiers in Neurology | www.frontiersin.org 4 April 2021 | Volume 12 | Article 63657355

https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://www.frontiersin.org/journals/neurology#articles


Huang et al. Contralesional Compensation in Insular Glioma

FIGURE 2 | T statistical parametrical map of IDH-mu > IDH-wt in ROI (left insula) based VBM analysis. The box plot showed the GMV of significant clusters between

IDH-wt and IDH-mu insular glioma. **P < 0.01.

TABLE 3 | VBM analysis for IDH-mu > IDH-wt.

Cluster

size

(voxels)

P-value Peak MNI coordinates t score

peak level

Anatomy

location

x y z

320 0.003 −44 2 0 4.39 Anterior

insular

cortex

−39 −9 15 3.58 Posterior

insular

cortex

and <40 years to determine whether aging affected the GMV
of the contralesional insula. This comparison also did not
reveal significant voxels. Thus, tumor side and patient age were
unrelated to the GMV of contralesional insula in our cohort.

Next, we first compared the GMV between LGG and HGG,
and the results showed that no voxel survived the FWE
correction. And the GMV in the entire contralesional insular
cortex was also indifferent (Figure 3 and Table 4).

Then, we investigated whether molecular pathology in
glioma is associated with the observed contralesional structural
reorganization. A cluster of 320 voxels located in both
anterior and posterior insular cortexes showed a significantly

increased GMV in IDH-mu relative to IDH-wt (Figure 2 and
Table 3). We extracted the GMV value of the significant
cluster and the entire insula and found that they were both
significantly higher in IDH-mu than in IDH-wt (Figure 3
and Table 4).

However, no voxel survived in the comparison of TERTp-mu
vs. TERTp-wt and 1p19q-codel vs. non-1p19q-codel. Moreover,
we did not observe any GMV differences in the entire
contralesional cortex in the comparisons (Figure 3 and Table 4).

DISCUSSION

The results of this study demonstrated for the first time
that IDH mutation in insular glioma leads to morphologic
compensation in the contralesional insula. TERTp mutation and
1p19q codeletion did not have this effect. The reorganization in
the contralesional hemisphere could be the result of disinhibition
(29), which has been observed in stroke patients on a functional
level (30–32). However, glioma is a progressive disease that
causes increasing damage over time. Structural reorganization
with tumor growth has been observed not only in the region
adjacent to the lesion but also in the contralateral hemisphere (6).
Contralesional plasticity was shown to be positively correlated
with the degree of impairment (29). Under these circumstances,
functional plasticity of existing synapses—which depends on
synaptic efficacy (33)—may not be sufficient to restore neuronal
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FIGURE 3 | The entire contralesional insula GMV comparisons between different histological grade and molecular pathology status. **P < 0.01 ns, for not significant.

TABLE 4 | t-test for GMV in different groups.

Variables GMV (mean ± SD)

LGG HGG P IDH-mu IDH-wt P TERT-mu TERT-wt P 1p19q-codel Non-1p19q-codel P

Active region – – – 0.511 ±

0.075

0.427 ± 0.086 0.0011 – – – – – –

Entire

contralesional

insular cortex

0.449 ±

0.074

0.415 ±

0.071

0.096 0.448 ±

0.064

0.390 ± 0.082 0.0096 0.421 ± 0.067 0.440 ± 0.078 0.377 0.431 ± 0.062 0.433 ± 0.078 0.909

activity when structural plasticity involving synaptogenesis
and axonal remodeling are required (34–36). Thus, structural
remodeling of the contralesional hemisphere in insular glioma
patients may depend on the duration between the onset of
the lesion and detection and the extent of damage within
this duration.

Along with this perspective, we could infer that insular
glioma patients with IDH mutation had a longer disease
course than those with wild-type IDH and accumulate damage
to the insula slowly. In fact, IDH mutation has also been
reported to be an early event in gliomagenesis that precedes
the occurrence of TERTp mutation and 1p19q codeletion (37),
which might be the reason for the absence of contralesional
reorganization in the latter two genetic alterations. IDH catalyzes
the conversion of isocitrate into α-ketoglutarate (α-KG), whereas

the enzyme produced by the mutated IDH gene further
converts α-KG into 2-hydroxyglutarate (α-HG). Excess α-HG
inhibits α-KG-dependent enzymes and causes alterations in
cellular metabolism, epigenetic regulation, redox state, and DNA
repair, all of which contribute to carcinogenesis including acute
myeloid leukemia (AML), chondrosarcoma, and glioma (38,
39). However, IDH mutation in AML and chondrosarcoma
has been linked to worse prognosis, while the opposite is true
for glioma (38). This phenomenon implied the complex role
in gliomagenesis. On one hand, IDH mutation may inhibit
complement activation and help the tumor evade immune
surveillance, leading to gliomagenesis (40, 41). On the other
hand, IDH mutation reduced cytoprotection and apoptosis
resistance in tumor cells and increased the number of antitumor
immune cells (M1 tumor-associated macrophages), resulting
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in tumor suppression (42, 43). And the better prognosis of
IDH-mu glioma patients implied that the tumor suppression role
overwhelmed its promotion role, which led to a longer disease
course and allowed contralesional reorganization to proceed as
observed in the present study.

Moreover, opposite to the IDH subtype, we did not observe
a compensation in the contralesional insular cortex in different
histological grades. These results implied that the effect on
contralesional compensation on the IDH subtype was more
significant than histological classification, also provided evidence
for different structural remodeling patterns in different IDH
subtypes, and also supported the distinctive biological behavior
between them (44). As for GBM, the most malignant type
in histological classification could be divided into primary
GBM (always IDH-wt) and secondary GBM (always IDH-mu).
Our result implied the insular secondary GBM patients had a
relatively long disease course, which is consistent with its feature
of increasing the malignancy grade of a lower grade glioma over
time (45).

There were some limitations to this study. Firstly, the sample
in this study was relatively small. Secondly, we did not evaluate
neurocognitive performance in our patients, and therefore, it
is unclear whether the observed reorganization of the brain
structure had functional significance. And functional MRI could
provide additional information on this point. Additionally, we
did not determine whether an association between molecular
pathologic subtype in glioma and contralesional structural
reorganization exists in tumors located outside the insula,
although this warrants further study. Nonetheless, our results
provide evidence for contralesional plasticity in the brain of
patients with insular glioma and a possible molecular basis for
this observation. These findings may have clinical significance

in that insular glioma patients with IDH mutation may be
candidates for more complete resection when an intraoperative
pathologic diagnosis is available.
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Signature in Endothelial Cells
Associated With Contrast
Enhancement in Glioblastoma
Fan Yang1†, Yuan Xie2†, Jiefu Tang3†, Boxuan Liu4†, Yuancheng Luo5, Qiyuan He2,
Lingxue Zhang2, Lele Xin2, Jianhao Wang1, Sinan Wang2, Shuqiang Zhang2,
Qingze Cao2, Liang Wang6*, Liqun He1,7* and Lei Zhang2,4*

1 Department of Neurosurgery, Tianjin Medical University General Hospital, Tianjin Neurological Institute, Key Laboratory of
Post-Neuro-injury Neuro-Repair and Regeneration in Central Nervous System, Ministry of Education and Tianjin City, Tianjin,
China, 2 Key Laboratory of Ministry of Education for Medicinal Plant Resource and Natural Pharmaceutical Chemistry,
National Engineering Laboratory for Resource Developing of Endangered Chinese Crude Drugs in Northwest of China,
College of Life Sciences, Shaanxi Normal University, Xi’an, China, 3 Trauma Center, The First Affiliated Hospital of Hunan
University of Medicine, Huaihua, China, 4 Precision Medicine Center, The Second People’s Hospital of Huaihua, Huaihua, China,
5 School of Life Science, University of Liverpool, Liverpool, United Kingdom, 6 Department of Neurosurgery, Tangdu Hospital of
the Fourth Military Medical University (Air Force Medical University of PLA), Xi’an, China, 7 Department of Immunology, Genetics
and Pathology, Uppsala University, Rudbeck Laboratory, Uppsala, Sweden

Purpose: Glioblastoma (GBM) is the most aggressive and lethal type of brain tumors.
Magnetic resonance imaging (MRI) has been commonly used for GBM diagnosis.
Contrast enhancement (CE) on T1-weighted sequences are presented in nearly all
GBM as a result of high vascular permeability in glioblastomas. Although several
radiomics studies indicated that CE is associated with distinct molecular signatures in
tumors, the effects of vascular endothelial cells, the key component of blood brain barrier
(BBB) controlling vascular permeability, on CE have not been thoroughly analyzed.

Methods: Endothelial cell enriched genes have been identified using transcriptome data
from 128 patients by a systematic method based on correlation analysis. Distinct
endothelial cell enriched genes associated with CE were identified by analyzing
difference of correlation score between CE-high and CE– low GBM cases.
Immunohistochemical staining was performed on in-house patient cohort to validate
the selected genes associated with CE. Moreover, a survival analysis was conducted to
uncover the relation between CE and patient survival.

Results: We illustrated that CE is associated with distinct vascular molecular imprints
characterized by up-regulation of pro-inflammatory genes and deregulation of BBB
related genes. Among them, PLVAP is up-regulated, whereas TJP1 and ABCG2 are
down-regulated in the vasculature of GBM with high CE. In addition, we found that the
high CE is associated with poor prognosis and GBM mesenchymal subtype.
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Conclusion: We provide an additional insight to reveal the molecular trait for CE in MRI
images with special focus on vascular endothelial cells, linking CE with BBB disruption in
the molecular level. This study provides a potential new direction that may be applied for
the treatment optimization based on MRI features.
Keywords: contrast enhancement, MRI, endothelial cell, radiomics, glioblastoma
INTRODUCTION

Glioblastoma (GBM), the most aggressive and lethal type of
brain tumors, is characterized by extensive vascular abnormality
in both morphological and molecular levels (1). Microvascular
proliferation and high vascular permeability are the hallmarks of
GBM (2). Abnormal vasculature in GBM promotes tumor
growth and relapses by inducing hypoxia and providing
specialized niches for glioma stem-like cells (GSCs), and has
been identified as a target for GBM treatment (3). MRI is a
powerful non-invasive diagnostic tool for GBM and it is
routinely used in clinical, providing in vivo portraits of tumors
with multidimensional information including structure, location,
composition, functional/physiological features as well as vascular
parameters (4, 5). Tumor neoangiogenesis can be determined by
the cerebral blood volume (CBV), which can be calculated from
dynamic susceptibility contrast MRI (DSC-MRI) (6, 7). The
leakiness of GBM vasculature can be detected by the
conventional contrast-enhanced MRI following intravenous
administration of gadolinium-based contrast agents (8). As a
result of diffusion of contrast molecules out of vessels and
accumulation within extracellular space in tumors, contrast-
enhancing hyper-intense regions on T1-weighted (T1W)
sequences are presented in nearly all GBM (9). These contrast-
enhancing regions are the typical target for surgical resection (9).

Contrast enhancement (CE) is associated with distinct
molecular imprints, and the plethora of radiomics studies have
conclusively correlated CE with distinct molecular imprint
including hypoxia signatures (10–14). However, most of these
investigations were focused on tumors cells. The effect of
vascular endothelial cells (ECs), the key component of blood
brain barrier (BBB), on CE has not been thoroughly analyzed. In
this study, we aim to understand how ECs affect CE in the
tumors, and to uncover the endothelial-specific molecular
imprints for CE.
MATERIALS AND METHODS

Patients Cohorts
External cohort: 128 GBM cases (5) with publicly available
transcriptome data and MRI records [The Cancer Imaging
Archive (TCIA) (http://www.cancerimagingarchive.net/)] were
included in this study (Table S1). Patients’ clinical information
and processed RNA-sequencing data were obtained from the
database of The Cancer Genome Atlas (TCGA) (http://
cancergenome.nih.gov). The tumor segmentation information
containing enhancing tumor volume (EV), central non-
261
enhancing tumor volume (NV), complete tumor volume (CV:
the sum of EV and NV) were obtained from the previous study (5).

Internal cohort: Our in-house GBM samples (14 cases) were
collected at the Tangdu Hospital of the Fourth Military Medical
University (Air Force Medical University of PLA) (Table S1).
Pathological characterizations were performed according to the
WHO criteria (2016). The MRI and biopsies were collected
before radio- and chemotherapy, and the patients did not
receive any anti-angiogenic therapy. All the patients have
received corticosteroid (Dexamethasone) before surgery.

MRI Imaging Acquisition and
Preprocessing Procedures
MRI scans were performed for in-house patients with a 3.0T
MRI system (MR750; GE Healthcare, Milwaukee, WI, USA)
before surgery. MRI sequence included T1-weighted imaging,
contrast-enhanced T1-weighted imaging, fast T2-weighted
imaging, and fluid-attenuated inversion recovery imaging
(FLAIR). Tumor segmentation and component volumes were
analyzed according to the previous description (5). In brief, after
skull-stripping with Brain Extraction Tool (BET) (15), T1-
weighted images were registered to Montreal Neurological
Institute (MNI) 152 standard space using the FMRIB’s Linear
Image Registration Tool (FLIRT) in FMRIB software library
(FSL) (16). For individual subject, all imaging modalities were
co-registered to their native T1-weighted images space. MRI
volumes were smoothed using Smallest Univalue Segment
Assimilating Nucleus (SUSAN) to reduce intensity noise (17).
Then, the automated hybrid generative-discriminative method
(GLISTRboost) was used to segment the enhancing tumor
volume (EV), central non-enhancing tumor volume (NV), and
the complete tumor volume (CV) (18). The segmentation was
confirmed by experienced neuroradiology expert and was revised
if necessary.

Immunohistochemical Analysis
Tissue sections of formalin-fixed, paraffin-embedded samples
were deparaffinized and dehydrated prior to antigen retrieval
followed by blocking as previously described (19). Then the
sections were incubated with primary antibody towards PLVAP
(HPA002279, Sigma), ABCG2 (ab24115, Abcam), and TJP1
(HPA001637, Sigma) followed by incubation with biotinylated
secondary antibody and streptavidin conjugated to HRP (Vector
Laboratories). The staining was developed with the DAB
substrate kit (SK-4100, Vector Laboratories) according to the
manufacturer’s protocol.

The images of immunohistochemical staining for VWF,
CLDN5, CDH5, PECAM1, and ELTD1 in tumor were
June 2021 | Volume 11 | Article 683367
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obtained from The Human Protein Atlas database (https://www.
proteinatlas.org/).

Identification of Endothelial Cell-Enriched
(EC-Enriched) Genes and Gene Ontology
(GO) Analysis
We used a correlation-based method (20) to identify endothelial-
specific genes in the bulk transcriptome dataset from TCGA.
Spearman correlation coefficients between known EC marker
genes (CDH5, CLDN5, VWF) and all other protein coding genes
were calculated. The raw P values and the False Discovery Rate
(FDR) adjusted P values were also calculated. Genes with mean
correlation coefficient more than 0.3 were identified as EC-
enriched genes.

GO analysis for EC-enriched genes was performed using the
web-based Gene Ontology tool (http://geneontology.org/), and
only GO terms for biological processes were included in
the analysis.

Identification of CE-High and CE-Low
Associated EC-Enriched Genes
Contrast enhancement high (CE-high) and contrast
enhancement low (CE-low) tumors associated EC-enriched
genes were identified by analyzing differential correlation score.
In brief, according to enhancing volume/complete tumor volume
ratio (EV/CV ratio), patients with top-20 and bottom-20 EV/CV
ratio were selected and dichotomized into CE-high or CE-low
group respectively. Correlation coefficients of EC-enriched genes
to EC marker genes (CDH5, CLDN5, VWF) were calculated in
CE-low tumor group and CE-high tumor group respectively, and
then the difference between the two correlation coefficients (CE-
high tumors and CE-low tumors) yields the differential
correlation scores for each EC-enriched gene. Genes with
differential correlation score >0.1 were classified as CE-high
associated genes, whereas genes with differential correlation
score < −0.4 were classified as CE-low associated genes.

Functional annotation of CE-high or CE-low associated EC
genes were performed using the web-based Gene Ontology tool
(http://geneontology.org/), and the GO terms with a FDR < 0.05
were considered significantly enriched.

Survival Analysis
One hundred twenty-eight patients from TCGA database were
dichotomized into CE-high or CE-low subgroups (median
cutoff). Survival curves were plotted by the Kaplan-Meier
method. Univariate test (log-rank) and multivariate test (Cox
proportional hazards model) were used to compare survival of
two subgroups.

Statistical Analysis
Statistical analysis was performed using GraphPad Prism
(GraphPad Software) and R (v 4.0.3). All the Pearson
correlation coefficients analysis were performed in R with
cor.test function from the stats package. The survival curves of
mice and patients were analyzed by log rank test. The following p
values indicate statistical significance: *p < 0.05.
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RESULTS

Identification of Endothelial-Enriched
Genes in GBM
To explore the effect of vascular ECs on contrast enhancement in
MRI, we first identified EC-enriched genes by a systematic
approach through performing the correlation analysis of the
expression profiles of all gene transcripts to the known EC
marker gene as previously described (20, 21). A high average
correlation coefficient with those EC marker genes indicates the
enrichment of the genes in EC (20, 21). We analyzed
transcriptome data from 128 GBM cases with available MRI
records in TCGA (Table S1) to produce the average correlation
values between EC marker genes (CDH5, CLDN5, VWF) and the
other >20,000 protein encoding genes, yielding 343 EC-enriched
genes manifesting correlation coefficient >0.3 (Figures 1A, B and
Table S2). The top 10 most highly enriched genes, including
VWF, TMEM204, GPR116, CLDN5, CDH5, PECAM1, ELTD1,
TIE1, GPR4, and MMRN2, are known EC enriched transcripts
(21, 22). Expression of VWF, CLDN5, CDH5, PECAM1, and
ELTD1 in the GBM vasculature were confirmed by
immunohistochemistry (Figure 1B). Gene Ontology analysis of
these 343 EC-enriched gene transcripts uncovered that the top
significantly enriched biological process categories were all
related to EC function (vasculature/blood vessel development),
as well as numerous other endothelial related terms including
blood vessel morphogenesis, circulatory system morphogenesis,
tube development, and angiogenesis (Figure 1C and Table S2).

Contrast Enhancement Is associated With
a Distinct Molecular Signature in ECs
Characterized by Upregulation of Pro-
inflammatory Genes and Deregulation of
BBB-Related Genes
To uncover the CE associated molecular signatures in
vasculature, we analyzed MRI records of 128 GBM cases
available in The Cancer Imaging Archive (TCIA) (https://www.
cancerimagingarchive.net/) (Table S1). To evaluate the degree of
CE for GBMs, we generated the ratio between the enhancing
volume and the complete tumor volume (sum of the enhancing
part and the central non-enhancing part) in the 128 TCGA GBM
cases (Figure 2A and Table S1). Top- and bottom-20 patients
were selected and dichotomized into contrast enhancement high
(CE-high) or contrast enhancement low (CE-low) groups
according to their enhancing volume/complete tumor volume
ratio (EV/CV ratio) (Figure 2A and Table S1). In order to
identify CE associated vascular genes, we first analyzed the
correlation coefficients of the 343 EC-enriched genes to the EC
markers in CE-low and CE-high groups respectively, and
produced a differential correlation score (between CE-high and
CE-low) for each gene. The scores indicate “degree” of EC-
enrichment. High differential correlation score indicates that the
gene gains EC-enrichment in CE-high tumors, which is likely
due to (1) loss of expression in CE-low ECs, or (2) gain of
expression in CE-high ECs. Forty-two genes with higher
correlation coefficient in CE-high tumors (differential
June 2021 | Volume 11 | Article 683367
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A B C

FIGURE 1 | Transcript-based analysis identifies endothelial-enriched genes in GBM. (A) Correlation analysis between VWF, CLDN5, and CDH5. (B) Frequency
distribution plot and immunohistochemical staining of 343 EC genes. The frequency distribution illustrates the distribution of the average correlation coefficients between
the known EC marker (VWF, CLDN5, and CDH5) and the other >20,000 protein encoding genes. The immunohistochemical staining (VWF, CLDN5, CDH5, PECAM1,
and ELTD1) in human GBM were obtained from Human Protein Atlas: www.hpr.se). Scale bar = 50 mm. (C) The enriched GO terms of the 343 EC enriched genes. The
x-axis shows the enrichment statistics false discovery rate (minus log scale) and the y-axis shows the number of genes in the GO term (log scale).
A B

C D

FIGURE 2 | CE is associated with a distinct molecular signature. (A) Overview of the ratios between the enhancing volume to the complete tumor volume (EV/CV
ratio) in the 128 TCGA patients. The ratios are sorted from low to high. (B) The differential corr. score (difference between mean corr. with CE-low and CE-high
transcripts) was plotted versus “EC-enrichment ranking” (position of correlation coefficients categorized as 343 EC-enriched genes, highest corr. = ranking 1). The
red circles represent CE-high associated genes and the blue triangles represent CE-low associated genes. (C, D) Gene ontology analysis of CE-high (C) and CE-low
(D) associated vascular genes. The x-axis shows the enrichment fold (log scale) and the y-axis shows the false discovery rate (log scale).
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correlation score > 0.1) were classified as CE-high associated
genes, including SCARF1, GRK5, FGR, GIMAP6, S1PR1, and
PLVAP (Figure 2B, red circles; Table S3). On the other hand, 44
genes with higher correlation coefficient in CE-low tumors
(differential correlation score < −0.4) were classified as CE-low
associated genes including RASIP1, CRIP1, ARHGAP29,
FERMT2 , ERG , FOXF2 , ABCG2 , TJP1 , and COL1A2
(Figure 2B, blue triangles; Table S3). Interestingly, TJP1 and
COL1A2 were used as markers for classical and mesenchymal
subtype classification (23, 24).

Function annotation of the 42 CE-high associated vascular
genes revealed significant enrichment of GO terms connected to
“regulation of macrophage,” “response to cytokine/TNF,” as well
as “response to cytokine secretion” (Figure 2C), whereas analysis
of CE-low associated vascular genes uncovered GO terms
including “blood vessel development,” “TGFb receptor
signaling,” and “regulation of vascular permeability”
(Figure 2D). Taken together, these results indicate that CE are
associated with alteration of genes involved in pro-inflammatory
response and BBB integrity in vascular ECs.

Increased PLVAP Expression and
Decreased ABCG2 and TJP1 Expression in
Vasculature in CE-High GBMs
To validate our findings showing the association of CE with
deregulation of BBB related genes in the GBM vasculature, we
performed immunohistochemical staining for PLVAP, ABCG2,
Frontiers in Oncology | www.frontiersin.org 564
and TJP1 on in-house CE-high or CE-low GBM cases. All three
proteins had vascular staining patterns (Figures 3A–C). As
expected, PLVAP was up-regulated in the vasculature in CE-
high GBMs, while ABCG2 and TJP1 were upregulated in the
vasculature of CE-low GBMs (Figures 3A–C).

Contrast Enhancement Is Associated With
Poor Prognosis and Mesenchymal
Subtype
The identification of the association of CE with pro-
inflammation led us to further investigate CE in different
molecular subtypes of GBM. It has been shown that
mesenchymal subtype was the most pro-inflammatory subtype
of GBM, which associated with higher immune-associated
signaling pathways and immune cells infiltration compared to
other non-mesenchymal subtypes including pro-neural and
classical subtypes (25, 26). As expected, EV/CV ratio was
significantly higher in mesenchymal subtypes (Figure 4A). The
association of CE-high phenotype with mesenchymal subtype
was supported by Kourosh’s study with 43 patients (27).

We next set out to assess whether CE correlates with patient
survival. By dichotomizing patients into two groups of equal size
according to EV/CV ratio, we found that the CE-high group was
associated with shorter survival (Figure 4B, P = 0.0211, log-rank
test). In addition, association of high contrast enhancement with
poor prognosis was observed in younger patients (<60 years old)
but not in older patients (≥ 60 years old) (Figures S1A, B). CE
A B C

FIGURE 3 | Increased PLVAP expression and decreased ABCG2 and TJP1 expression in vasculature of CE-high GBM. (A) Correlation plots show expression of
CDH5 versus selected genes (PLVAP, TJP1, and ABCG2) in CE-low (Bottom-20 EV/CV cases in TCGA dataset) and CE-high (Top-20 EV/CV cases in TCGA
dataset). (B) Immunohistochemistry staining of PLVAP, TJP1, ABCG2 in CE-low and CE-high groups. (C) Quantification of immunohistochemistry staining of PLVAP,
TJP1, ABCG2 in CE-low and CE-high groups. Staining was scored semi-quantitatively on scale from 0 to 2 (0, no vessels stained; 1, minority of vessels stained; and
2, majority of vessels stained) (Mann-Whitney test, *p < 0.05). Scale bar = 50 mm.
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did not significantly correlate to the survival when correcting for
age in a multivariate analysis (Table S4), indicating CE is not an
independent prognostic marker.
DISCUSSION

It has been shown in several studies that CE is associated with inter-
and intro-tumoral molecular signature in GBM (10–14). By
comparing gene expression in specimen from 22 incompletely
contrast-enhancing and 30 completely contrast-enhancing
untreated glioblastoma, it revealed that CE was associated with
distinct transcriptome signature characterized by increased VEGFA
expression (10). These results were supported by Diehn et al. study
with 22 GBM patients revealing a strong association between CE
and hypoxia signature including VEGFA (11). In addition, with
biopsies derived from distinct tumor regions by MRI-guided
stereotactic sampling techniques, intro-tumoral heterogeneity of
CE was investigated (12–14). Transcriptome analysis of biopsy
from paired enhancing and peri-tumoral non-enhancing region
from 13 treatment-naïve GBM patients indicated that enhanced
regions were characterized by increased level of hypoxia, cellular
density, and vascular hyperplasic together with elevated relative
cerebral blood volume (CBV) and reduced apparent diffusion
coefficient (ADC) (12, 13). Similarly, Van Meter et al. studied the
molecular profiles of contrast enhancing region and central non-
enhancing necrotic region and showed an enrichment of
angiogenesis and hypoxia signature in central non-enhancing
necrotic region (14).

In present study, we have integrated public dataset with our
in-house patient cohort to provide additional molecular trait for
CE with special focus on vascular ECs. ECs are key component of
BBB, controlling the vascular permeability and leakiness (28).
However, the direct molecular imprint of CE in ECs has not been
studied before. Here, we used an unbiased approach to identify
CE-low and CE-high associated EC-enriched genes. In contrast
to direct comparison, this correlation-based method allows
Frontiers in Oncology | www.frontiersin.org 665
identification cell-type-enriched transcriptome using bulk
RNA-seq data. We demonstrated that CE-high in GBM are
associated with upregulation of pro-inflammatory genes and
deregulation of BBB related genes in EC. The results were
supported by the previous study with 148 GBM cases revealing
a strong association of CE with an elevated inflammatory
response (29).

Alteration of BBB-related genes in CE-high GBM vasculature
is noteworthy. In the present study, we provide evidence in the
molecular level linking CE with BBB alteration in EC
characterized by up-regulation of PLVAP and down-regulation
of TJP1 and ABCG2 in vasculature of CE-high GBMs. Plasma
lemma vesicle-associated protein (PLVAP) is a vascular marker
of BBB disruption, and can be induced in vasculature and
associated with vascular leakage (30). In normal physiological
condition, PLVAP expression is only restricted to vasculature in
choroid plexus and circumventricular organs where the ECs are
fenestrated to allow exchange between blood and cerebrospinal
fluid (CSF) (31). PLVAP could increase vascular permeability by
promoting transcytosis in ECs through forming the diaphragms
of caveolae, fenestrae, and trans-endothelial channels (31). TJP1,
also known as ZO-1, is essential for tight junction formation (32,
33). At BBB, TJP1 link the claudins and occludins to the actin
cytoskeleton, sealing ECs (32, 33). ABCG2 encode breast cancer
resistance protein (BCRP), which is the ATP-binding cassette
transporter mediating efflux of xenobiotics including
temozolomide and other low molecular weight anti-cancer
drugs from the endothel ium away from the neuro
parenchymal space (34). The deregulation of these important
proteins indicates that CEmay serve as an imaging biomarker for
BBB disruption. Interestingly, steroids and anti-angiogenic
therapy play an essential role on vascular permeability, and
how the steroid and anti-angiogenic treatments affect ECs
leading to CE alteration deserves further investigation.

In conclusion, we have shown that CE in GBM was associated
with BBB alterations in vascular ECs. Considering the established
key role of BBB on systemically delivery of pharmacological
A B

FIGURE 4 | CE was associated with patient survival and enriched in the GBM mesenchymal subtype. (A) The ratio of EV/CV was enriched in mesenchymal
subtype. Student’s t-test, *p < 0.05 (B) Kaplan-Meier graph showing patient survival in EV/CV low and EV/CV high groups. Log-rank test, *P < 0.05.
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agents into the brain, whether CE is associated with drug delivery
and could be a non-invasive image biomarker for monitoring the
drug delivery deserves further investigation. Considering the
established key role of BBB on systemical delivery of
pharmacological agents into the brain, our results support
further research to develop CE as a potential non-invasive
image biomarker for predicting drug delivery in the future.
CONCLUSION

Our study provided additional insights to reveal molecular trait
for CE in MRI images with special focus on vascular ECs in
glioblastoma. We demonstrated that high CE was associated with
distinct gene signatures characterized by deregulation of BBB-
related genes and up-regulation of pro-inflammatory genes.
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Rationale and Objectives: To build a machine learning-based diagnostic model that

can accurately distinguish adult supratentorial extraventricular ependymoma (STEE) from

similarly appearing high-grade gliomas (HGG) using quantitative radiomic signatures from

a multi-parametric MRI framework.

Materials and Methods: We computed radiomic features on the preprocessed

and segmented tumor masks from a pre-operative multimodal MRI dataset

[contrast-enhanced T1 (T1ce), T2, fluid-attenuated inversion recovery (FLAIR), apparent

diffusion coefficient (ADC)] from STEE (n = 15), HGG-Grade IV (HGG-G4) (n = 24), and

HGG-Grade III (HGG-G3) (n = 36) patients, followed by an optimum two-stage feature

selection and multiclass classification. Performance of multiple classifiers were evaluated

on both unimodal and multimodal feature sets and most discriminative radiomic features

involved in classification of STEE from HGG subtypes were obtained.

Results: Multimodal features demonstrated higher classification performance over

unimodal feature set in discriminating STEE and HGG subtypes with an accuracy of

68% on test data and above 80% on cross validation, along with an overall above 90%

specificity. Among unimodal feature sets, those extracted from FLAIR demonstrated

high classification performance in delineating all three tumor groups. Texture-based

radiomic features particularly from FLAIR were most important in discriminating STEE

from HGG-G4, whereas first-order features from T2 and ADC consistently ranked higher

in differentiating multiple tumor groups.

Conclusions: This study illustrates the utility of radiomics-based multimodal

MRI framework in accurately discriminating similarly appearing adult STEE from

HGG subtypes. Radiomic features from multiple MRI modalities could capture

intricate and complementary information for a robust and highly accurate multiclass

tumor classification.

Keywords: radiomics, ependymoma, high grade glioblastoma, classification, GBM, glioblastoma multiforme, MRI
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INTRODUCTION

Supratentorial ependymoma are relatively rare neoplasms, which
constitute 3–5% of adult intracranial tumors and present
with a wide histopathological spectrum (1). Existing literature
illustrates that more than 25% of adult ependymoma can be
mis-diagnosed, thus, elevating the importance of an accurate
diagnosis (2). This is especially true in delineating extra-
ventricular supratentorial ependymomas (STEE) from high-
grade gliomas (HGG) as the appearance of ependymoma may
closely resemble that of a glioblastoma on a magnetic resonance
image (MRI) (2–4). STEEs generally appear hypointense on
T1-weighted imaging, hyperintense on T2-weighted imaging,
with an intermediate to high signal intensity on fluid-attenuated
inversion recovery (FLAIR) images and may demonstrate ring-
or wreath-like contrast enhancement on gadolinium based T1-
weighted imaging as shown in Figure 1 (2, 5–8). Moreover,
these lesions demonstrate marked heterogeneity within the
tumor. Cystic formation can be noted very frequently, and
calcifications are also common that can be seen in ∼50% of
ependymomas (4, 7, 9). Diffusion-weighted imaging (DWI) from
ependymoma demonstrates restricted diffusion within the solid
tumor compartment indicating high cellularity of the lesion,
while perfusion MRI shows marked increase in cerebral blood
volume. Finally, MR spectroscopy demonstrates elevated choline
and reduced N-acetyl-aspartate metabolism in tumor lesions (6).
The abovementioned features are also observed in HGG-grade
III (HGG-G3) referred to as anaplastic astrocytoma and HGG-
grade IV (HGG-G4) also known as glioblastoma (3, 10), which
are central nervous system neoplasms accounting for 59% of
the commonly occurring primary brain tumors (11). Although
the pathogenesis and treatment strategy of ependymoma differs
significantly from gliomas, and a standard course of management
in the case of STEE is not yet established, e.g., chemotherapy
and radiotherapy as an adjuvant to resection is a conventional
treatment protocol for gliomas (12–14); however, it is not
included as part of the accepted standard of care in case
of STEE (15). The European Association of Neuro-Oncology
guidelines published in 2017 advocate gross total resection
followed by adjuvant radiotherapy in grade 3 tumors and
adjuvant radiotherapy in low-grade neoplasms if residual tumor
is present. Chemotherapy is not advised in adult tumors,
although chemotherapy is indicated in children and adults with
recurrent tumor in whom primary treatment with resection and
radiotherapy has been exhausted (15). It is, therefore, crucial to
predict the tumor type to optimize treatment planning and assess
the therapeutic interventions, which can subsequently facilitate
better outcomes.

Radiomics is an emerging translational field that can extract
quantitative features beyond the level of human perception,
with an intent to create tumor phenotypic signatures to aid
in prognosis, stratification, disease tracking, and treatment

response evaluation (16). These features are generally based on

geometry (shape), intensity characteristics (histogram), entropy,

and numerous image textures that are extracted from the
tumoral region. Multivariate classification framework based on
these features can facilitate a single probabilistic marker for
the tumor type under consideration. The complete analysis

aims at delineating tumor types with the ultimate goal of
supporting clinical decisions that may consequently improve
patient outcomes.

Overall, there is scarce literature regarding neuroimaging
findings in ependymomas especially those seen in adult patients.
Existing work has demonstrated the utility of a radiomics-based
machine learning approach in differential diagnosis of pediatric
ependymoma from medulloblastoma and pilocytic astrocytoma
onmultiple 3DMRImodalities. These studies have reported high
classification performance of texture-based features using both
conventional T1- and T2-weighted images (17–19) as well as on
advanced ADCmaps (20, 21) in varying combinations. Recently,
studies have also demonstrated the role of radiomics in evaluating
treatment response of natural killer cell infusion therapy (22)
and novel network-driven approach using proton therapy (23)
in pediatric ependymoma. A radiomics-based signature of adult
STEE tumors is yet to be established. Apart from ependymomas,
radiomics has also shown potential in creating phenotypic
signatures of glioma genotypes such as isocitrate dehydrogenase
(IDH) (24–26), epidermal growth factor receptor (EGFR)
(27), and O6-methylguanine-DNA-methyl-transferase (MGMT)
(28–31). In glioblastoma, multimodal MRI-based quantitative
radiomic features have shown to predict tumor recurrence (32)
with better performance than traditional qualitative approaches
such as visualization of contrast-enhanced MRI and perfusion
kinematic changes in discriminating recurrence from radiation
necrosis (33, 34). These studies provide outcomes that evidently
encourage the use of radiomics-based multimodal MRI in
combination with machine learning framework to create an
imaging marker of adult STEE tumor, which can accurately
delineate it from HGG tumors.

This study aims to characterize adult STEEs using an
underlying phenotypic radiomics-based signature from
multimodal MRI images, which not only predicts but also
portrays the textural patterns that mark the uniqueness of these
tumors on MRI and discriminate them from HGG, thereby
serving as a potential biomarker. Such a non-invasive differential
prognostic signature of STEE can aid in better diagnosis, improve
clinical decision making, and timely therapeutic intervention
with better outcomes.

MATERIALS AND METHODS

Study Cohort and Imaging
Our dataset consisted of a clinical cohort of 75 adult tumor
patients that included 15 patients (age= 27.2± 11.73 years, M:F
= 8:7) with grade 2 and grade 3 STEEs, 36 patients with HGG-
G3 (age = 39.30 ± 11.64 years, M:F = 22:14), and 24 HGG-G4
patients (age = 48.8 ± 15.76 years, M:F = 11:13). All patients
included in this study had undergone surgical resection and
standard post-surgical care and were identified retrospectively
after reviewing the medical records. Final diagnosis was
confirmed based on the histopathological examination of the
resected tissue. Out of the complete cohort, 77% scanned were
performed on a Philips Achieva 3.0 T MRI scanner, while
others were scanned on a 3.0 T Siemens Skyra MRI system.
Multiple sequences were acquired as standard clinical MRI;
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FIGURE 1 | Multimodal magnetic resonance image (MRI) sequences of one supratentorial extraventricular ependymoma (STEE), high-grade gliomas-grade 4

(HGG-G4), and HGG-G3 tumor case with their tumor segmented masks, which shows similarly appearing necrosis tissue (red), diffused enhancement (yellow), and

edema tissue (green) in all three tumor groups.

however, we restricted our analysis to gadolinium-enhanced T1-
weighted (T1ce), fluid attenuation inversion recovery (FLAIR),
T2-weighted imaging, and apparent diffusion coefficient (ADC)
maps. T1ce scans were obtained using TR/TE = 8.0/3.7ms
using TFE sequence on Philips scanner, while TR/TE = 1,800–
2,200/2.3–2.6ms using T1MPRAGE sequence on Siemens with 1
× 1 × 1mm isotropic resolution. T2-weighted imaging protocol
consisted of TR/TE ranging from 3,600 to 6,000/80 to 99ms and
0.5 × 0.5mm resolution in the axial plane. FLAIR images were
acquired using TR/TE/TI of 11,000/125/2,800 within the plane
resolution of 0.5 × 0.5mm. ADC maps were acquired using the
DWI sequence. The institute review ethics committee approved
the study and the informed consent of the patient was waived off
as it was a retrospective study.

Image Processing and Radiomics
The detailed pre-processing of MRI images and radiomics
pipeline implemented in this study is shown in Figure 2.

Initially, for all the subjects, FLAIR, T2, and ADC maps
were resampled to 1.0mm iso-voxel and registered to T1ce
image using a 6 degree of freedom rigid body transformation.
T1ce images were further registered to standard MNI-spaced
image using affine transformation, and this transformation
matrix was further applied to FLAIR, T2, and ADC maps to
have them all in a uniform sampling space with a common
origin. All registration steps were performed using advanced
normalization tool (ANTs) toolbox (35). Brain extraction for
all co-registered modalities was performed using FSL’s BET
(36), followed by segmentation of enhancing tumor, edema,
and necrosis using a deep learning model (DeepMedic) (37).
This multiscale 3D convolutional neural network (CNN)
model was trained on multimodal images (T1ce, T2, and
FLAIR images) and labels from BRATS-2018 (https://www.
med.upenn.edu/sbia/brats2018/data.html) data (training n =

206, validation n = 52). The segmented output masks were
corrected manually by an expert annotator (M.J), followed by
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FIGURE 2 | Processing pipeline implemented for classification of tumor subgroups includes (A) Acquisition of multiple MRI modalities such as gadolinium enhanced

T1-weighted (T1ce), fluid attenuation inversion recovery (FLAIR), T2-weighted imaging, and apparent diffusion coefficient (ADC) maps. (B) Pre-processing of MRI

scans to segment different tumor tissues involved co-registration of FLAIR, T2, and ADC scans to T1ce scan and standardizing all modalities to 1mm iso voxel size

using advanced normalization tool (ANTs) software, brain extraction using all modalities using FSL’s BET, segmentation of enhancing tumor, edema, and necrosis

using deep learning (DeepMedic) model and its manual correction followed by intensity normalization. (C) Radiomic features such as shape, intensity-based

histograms, and texture features were computed from original segmented mask of each tumor tissue using PyRadiomics. (D) Dual stage feature selection was

performed on normalized radiomic features of each modality, where the first stage involved extraction of significantly varying features between tumor groups using

ANOVA F-test with a p-value cut-off of 1 xe−06. The second stage of feature selection was performed on features selected from stage 1 by implementing Random

Forest based Recursive Feature Elimination with Cross Validation (RF-RFECV), such that initially a RF model was fit in a 5 fold-CV framework, with elimination of

features at each cross validation (CV) based on their feature importance score and the model was recursively retrained on updated feature set until a minimum of 10

features were obtained that gave high accuracy across all the CVs. Classification performance of selected multimodal radiomic features in distinguishing different

tumor groups was assessed by implementing a multiclass classification modal using RF, support vector classifier (SVC) and artificial neural network (ANN) classifiers.

SVC coefficients were used to obtain the most important features.

intensity normalization and computation of radiomic features
using PyRadiomics 2.2.0 library (38). The feature set used
included 3D shape-based features, statistical features, gray-level
co-occurrence matrix (GLCM), gray-level dependent matrix
(GLDM), gray-level run length matrix (GLRLM), gray-level size
zone matrix (GLSZM), and neighboring gray tone difference
matrix (NGTDM). These features were also computed on filtered
images where the filters used were Laplacian, wavelets, Gaussian,
curvature flow, box mean, and box sigma. For each subject,
a total of 11,274 features were computed, comprising 1,409
features from each of the four modalities, making a total
of 5,637 features for each of the two tumor masks (edema
and T1ce-based tumor tissue enhancing). We excluded the
third region of interest (necrosis/cyst) from further analysis
due to its heterogeneous tissue composition, which involved
parts of non-enhancing tumor, cysts in some cases, and
tumor necrosis.

Feature Selection
Multivariate classifiers may overfit on the input radiomic
features, due to their enormously large size compared with the
available sample size. To alleviate this issue, feature selection
was performed to obtain an optimum feature set by removing
redundant features and reducing feature dimensionality of the
computed radiomic features. First, a 75–25% train-test split was
applied on the dataset, with 56 subjects in the training set and
19 subjects in the test set. We then normalized all radiomic
features using min–max normalization and implemented a
two-stage feature selection strategy on the training dataset. In
the first stage, features from each modality were statistically
compared between groups using an ANOVA F-test. A p-value
cutoff of 1 × e−06 was applied per modality to obtain up
to 50 significant radiomic features per modality. The second
stage of feature selection was performed on the selected
features obtained from stage 1 by implementing random
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FIGURE 3 | Feature selection plot of number of features vs. average cross validation (CV) accuracy for each unimodal MRI feature set obtained by implementing

Random Forest based Recursive Feature Elimination with Cross Validation (RF-RFECV) on training data. The vertical dotted line indicates a threshold on number of

features below which a drop in average accuracy was observed.

forest-based recursive feature elimination with cross validation
(RF-RFECV) (39–41). This two-stage feature selection process
was applied individually on all four modalities. RF-RFECV
was implemented by first fitting a random forest (RF) model
(42) in a cross-validation (CV) framework on the training
data using a fivefold CV. The least important features were
eliminated (minimum step size-5) after every CV based on
their feature importance scores pertaining to that CV, and an
averaged fivefold CV accuracy was noted at every elimination.
In the next step, the model was recursively retrained on
updated feature set until a minimum of 10 features were
obtained that gave high accuracy across all the CVs as shown
in Figure 3. Thus, for each modality, a specific number of
important selected radiomic features were used as input in the
classification models.

Classification Models
To distinguish between STEE, HGG-G3, and HGG-G4 tumor
types, we performed multiclass classification using the radiomic
feature set of each modality individually in a unimodal setup,
as well as by combining features from all modalities in a

multimodal setup. Additionally, we employed multiple machine
learning classification algorithms such as random forest (RF),
support vector classifier (SVC), and artificial neural network
(ANN) on both unimodal andmultimodal feature sets to evaluate
classification performance using different models. Random
forests are decision tree-based ensemble learning classification
algorithms that involve fitting multiple decision tree classifiers on
random subsamples of the data and predicting the final class by
aggregating votes or predictions from different decision trees. RF
algorithms control overfitting of the model that may occur in a
single decision tree (42). SVC is a supervised learning algorithm
that performs linear or non-linear classification by transforming
data to a higher dimensional space using a kernel function and
constructing an optimal hyperplane. The hyperplane classifies
data points into different classes by maximizing the distance
between the nearest point on its either side (43). ANN is a
biologically inspired feed forward neural networks that consists
of an input layer, hidden layer, and output layer with nodes that
act as activation functions and a back-propagation algorithm
that trains the model for classification (44). We implemented
RF classification model using 10,000 trees, maximum depth =
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TABLE 1 | Classification results from unimodal and multimodal feature sets

(testing/cross) validation (CV).

Classifier Accuracy Sensitivity Specificity F1-score AUROC

A) Classification based on T1ce feature set

RF 0.52/0.69 0.00/0.00 0.93/0.93 0.39/0.52 0.70/0.70

SVC 0.47/0.62 0.50/0.36 0.73/0.77 0.36/0.54 0.75/0.76

ANN 0.52/0.71 0.00/0.18 1.00/0.91 0.38/0.60 0.54/0.80

B) Classification based on FLAIR feature set

RF 0.63/0.53 0.5/0.18 0.93/0.73 0.61/0.44 0.76/0.73

SVC 0.63/0.67 0.5/0.18 0.93/0.91 0.61/0.57 0.79/0.80

ANN 0.57/0.75 0.50/0.36 0.86/0.93 0.53/0.68 0.75/0.85

C) Classification based on T2 feature set

RF 0.42/0.67 0.00/0.27 0.73/0.84 0.30/0.59 0.67/0.79

SVC 0.47/0.58 0.25/0.18 0.86/0.75 0.40/0.48 0.75/0.78

ANN 0.73/0.67 1.00/0.54 0.86/0.75 0.72/0.60 0.78/0.83

D) Classification based on ADC feature set

RF 0.57/0.67 0.25/0.27 0.93/0.88 0.51/0.58 0.78/0.78

SVC 0.42/0.64 0.25/0.27 0.73/0.82 0.31/0.55 0.75/0.82

ANN 0.52/0.69 0.00/0.27 0.93/0.86 0.39/0.60 0.64/0.80

E) Classification based on multimodal feature set

RF 0.53/0.75 0.50/0.36 0.80/0.95 0.49/0.73 0.77/0.80

SVC 0.68/0.80 0.75/0.45 0.93/0.95 0.68/0.74 0.78/0.84

ANN 0.68/0.87 0.75/0.81 0.93/0.91 0.68/0.85 0.78/0.94

Accuracy and f1-score (macro averaged) are overall classification scores, whereas

sensitivity and specificity are for STEE class.

AUROC, area under receiver operating curve; RF, random forest; SVC, Support Vector

Classifier; ANN, artificial neural network; FLAIR, Fluid Attenuated Inversion Recovery; ADC,

apparent diffusion coefficient; STEE, Supratentorial Extraventricular Ependymoma.

Highlighted scores indicate high classification performance.

2 and a maximum of square root of input features per tree
with “Gini” criterion as the loss. SVC was implemented using
a linear kernel on the training dataset having a c value of
1. A three-layer ANN was implemented with a single hidden
layer of five hidden units followed by a softmax activation
function at the output layer. The model was optimized using
Adam optimizer, with a learning rate = 0.005 and binary cross
entropy as the loss function. All three classification models
were trained on a training set of 56 subjects and tested on
19 subjects, in both unimodal as well as in multimodal setup.
Additionally, a leave-one-out-type cross validation (LOOCV)
was implemented on the training set for each classifier to
validate the model. To avoid classification bias in favor of
majority class due to our unbalanced group samples and
to attain robust prediction, we augmented the training data
using a borderline Synthetic Minority Oversampling Technique
(SMOTE) (45). Classification performance of the three classifier
models were compared by evaluating their performancemetrices,
which included macro-averaged accuracy, F1-score, and AUROC
(area under receiver operating curve), whereas the class-specific
classification performance was evaluated using precision, recall,
F1-score, and AUROC. To determine the most discriminative
features involved in classification, we further obtained SVC
coefficients for each pair of classes for unimodal as well
as multimodal feature sets, with a high coefficient score

TABLE 2 | Class-specific performance metrices of classifiers on unimodal and

multimodal feature sets.

Classifier Class Precision Recall F1-score

A) Class-specific performance metrices of SVC on unimodal feature set

T1ce STEE 0.33/0.29 0.50/0.36 0.40/0.32

HGG-G4 0.00/0.54 0.00/0.39 0.00/0.45

HGG-G3 0.58/0.83 0.78/0.89 0.67/0.86

FLAIR STEE 0.67/0.33 0.50/0.18 0.57/0.24

HGG-G4 0.75/0.57 0.50/0.67 0.60/0.62

HGG-G3 0.58/0.83 0.78/0.89 0.67/0.86

T2 STEE 0.33/0.15 0.25/0.18 0.29/0.17

HGG-G4 0.17/0.40 0.17/0.33 0.17/0.36

HGG-G3 0.70/0.89 0.78/0.93 0.74/0.91

ADC STEE 0.20/0.27 0.25/0.27 0.22/0.27

HGG-G4 0.00/0.56 0.00/0.50 0.00/0.53

HGG-G3 0.64/0.83 0.78/0.89 0.70/0.86

B) Class-specific performance metrices on multimodal feature set

RF STEE 0.50/0.38 0.25/0.27 0.33/0.32

HGG-G4 0.50/0.58 0.50/0.61 0.50/0.59

HGG-G3 0.64/0.83 0.78/0.89 0.70/0.86

SVC STEE 0.75/0.71 0.75/0.45 0.75/0.56

HGG-G4 0.60/0.70 0.50/0.78 0.55/0.74

HGG-G3 0.70/0.90 0.78/0.96 0.74/0.93

ANN STEE 0.75/0.69 0.75/0.82 0.75/0.75

HGG-G4 0.50/0.88 0.50/0.83 0.50/0.86

HGG-G3 0.78/0.96 0.78/0.93 0.78/0.94

HGG, high-grade gliomas. Highlighted scores indicate high classification performance.

implying high contribution of the feature in the classification of
tumor groups.

RESULTS

Clinical and Radiological Characteristics of
Tumors
Qualitative MRI features of patients with STEE, HGG-G3, and
HGG-G4 are depicted in Figure 1. It demonstrates the similarity
in the imaging findings of STEE and HGG with common
occurrences of edema, heterogenous enhancement, necrosis,
hemorrhage, and diffusion restriction in all three tumor groups.
Detailed radiological findings for STEEs are reported in (4).

Feature Selection and Classification of
Unimodal Radiomic Features
The two-stage feature selection process on each MRI modality
generated an optimum final feature set per modality (T1ce-10
features, FLAIR-10 features, T2-22 features, ADC-11 features)
based on the maximum average CV accuracy obtained using RF-
RFECV, as shown in Figure 3. The performance of classification
models using each unimodal feature set is mentioned in Table 1.
Among all modalities, radiomic features obtained from FLAIR
showed highest test accuracy of more than 60% using RF and
SVC classifiers, respectively. ANN showed a test accuracy of 57%,
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FIGURE 4 | (A) Receiver operating characteristic (ROC) curves for classification on multimodal feature set- ROC curves for multimodal features-based classification of

multiple tumor groups (STEE: supratentorial extraventricular ependymoma, HGG-G4: high-grade glioma-grade 4, HGG-G3: high-grade glioma-grade3) using random

forest (RF), support vector classifier (SVC), and artificial neural network (ANN) classifiers based on CV and test data. (B) ROC curves for SVC on unimodal features

set-ROC curves unimodal [gadolinium enhanced T1-weighted (T1ce), fluid attenuation inversion recovery (FLAIR), T2-weighted imaging, and apparent diffusion

coefficient (ADC)] feature-based SVC classification of multiple tumor groups using CV and test data.

a maximum CV accuracy of 75%, and AUROC of 85% among
the three classifiers. More than 75% AUROC were observed
consistently across all classifiers, along with high F1-score and
sensitivity using FLAIR modality. High specificity was observed
across all models for all modalities. As SVC model provided
balanced performance throughout all modalities, we further
assessed classification performance for each tumor group in a
one vs. all manner using the SVC model as shown in Table 2A.
Overall, all modalities gave high performance in identifying the
HGG-G3 group, while FLAIR modality showed high precision in
distinguishing all three tumor groups. In accordance with SVC
results, RF and ANN classifiers also showed high performance on
FLAIR and additionally on ADC and T2 modalities, respectively,
as shown in Supplementary Table 1.

Classification Performance of Multimodal
Radiomic Features
Classification performance of RF, SVC, and ANN models on
multimodal feature set is provided in Table 1E. Both SVC and
ANN showed 68% accuracy, 75% sensitivity, and 93% specificity
on test data, while on CV, both classifiers demonstrated more
than 80% accuracy and 90% specificity, along with 81% sensitivity
using the ANN classifier. All classifiers showed an AUROC
of 78% or more on test and CV; a maximum of 94% was

attained on CV of ANN as shown in Table 1D and Figure 4,
respectively. Higher accuracy and AUROC were obtained on
multimodal feature set compared with unimodal feature sets,
across all classifiers. Similar to the unimodal feature set, all
classifiers showed high performance in identifying the HGG-G3
group on multimodal feature set as shown in Table 2B.

Feature importances evaluated on multimodal feature set
using SVC are shown in Table 3. Radiomic features of FLAIR
on enhancement tissue, T2, and ADC on edema tissue were
the commonly occurring top 10 features that were most
discriminative between any two tumor groups. Particularly, the
texture-based GLRLM (gray-level run lengthmatrix) feature–run
length non-uniformity (RLN) was among the topmost frequently
occurring important feature in distinguishing STEE from HGG-
G4 as reported in Table 3A. From T2 and ADC modality,
first-order features and texture-based NGTDM (neighboring
gray tone difference matrix)-busyness and GLDM (gray-level
dependence matrix)–high gray-level emphasis (HGLE) features
on edema tissue were important in classifying STEE from
HGG-G3. The first-order features and GLRLM features were
important in distinguishing the HGG-G4 from the HGG-G3
tumor group. Interestingly, the GLDM feature from T2 edema
was significantly distinct between the STEE and HGG-G4
tumor groups and was also found to be the most important
feature in classifying HGG-G3 from HGG-G4 and STEE,
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TABLE 3 | Feature importances obtained using SVC coefficient scores on

multimodal feature set.

Sr.no. Features Coefficients p-value t-stat

A) STEE vs. HGG-G4

1 ADC_Edema_wavelet-

LHL_firstorder_InterquartileRange

1.214 0.554 0.598

2 FLAIR_Enh_wavelet-

LHH_glrlm_RunLengthNonUniformity

1.114 0.591 0.546

3 FLAIR_Enh_wavelet-

HLL_glrlm_RunLengthNonUniformity

0.987 0.831 0.216

4 FLAIR_Enh_wavelet-

LHL_glrlm_RunLengthNonUniformity

0.967 0.790 0.269

5 T2_Edema_wavelet-

HHL_gldm_HighGrayLevelEmphasis

0.790 0.055 −1.983

6 ADC_Enh_original_shape_LeastAxisLength 0.768 0.233 −1.225

7 T2_Edema_gradient_firstorder_Mean 0.759 0.586 0.550

8 FLAIR_Enh_wavelet-

HHH_glrlm_GrayLevelNonUniformity

0.620 0.602 0.530

9 T2_Edema_gradient_firstorder_Median 0.579 0.497 0.687

10 T1ce_Enh_wavelet-

HLH_ngtdm_Busyness

0.564 0.960 −0.051

B) STEE vs. HGG-G3

1 T2_Edema_wavelet-

HHL_gldm_HighGrayLevelEmphasis

1.145 0.000 −7.229

2 T2_Edema_gradient_firstorder_Median 0.949 0.000 7.181

3 ADC_Edema_wavelet-

LHL_firstorder_InterquartileRange

0.762 0.000 5.028

4 T2_Edema_wavelet-

HHH_glrlm_RunEntropy

0.598 0.000 −5.882

5 ADC_Edema_gradient_firstorder_Mean 0.582 0.000 5.493

6 T2_Enh_wavelet-LHL_ngtdm_Busyness 0.414 0.005 3.241

7 T2_Enh_wavelet-LHH_ngtdm_Busyness 0.378 0.004 3.254

8 ADC_Edema_gradient_firstorder_Median 0.360 0.000 5.111

9 T2_Edema_gradient_firstorder_Mean 0.351 0.006 3.160

10 T2_Enh_wavelet-HLH_ngtdm_Busyness 0.347 0.000 5.729

C) HGG-G4 vs. HGG-G3

1 T2_Edema_wavelet-

HHL_gldm_HighGrayLevelEmphasis

0.721 0.000 −5.617

2 ADC_Edema_gradient_firstorder_Median 0.647 0.000 6.007

3 ADC_Edema_gradient_firstorder_Mean 0.586 0.000 5.902

4 T2_Edema_gradient_firstorder_Median 0.532 0.000 6.415

5 ADC_Edema_wavelet-

LHL_firstorder_InterquartileRange

0.500 0.000 5.134

6 T2_Edema_square_glrlm_RunVariance 0.419 0.000 −5.658

7 T2_Edema_lbp-2D_glrlm_RunVariance 0.419 0.000 −5.658

8 T2_Edema_gradient_glrlm_RunVariance 0.419 0.000 −5.658

9 T2_Edema_exponential_glrlm_RunVariance 0.419 0.000 −5.658

10 T1ce_Edema_square_glrlm_RunVariance 0.419 0.000 −5.658

Highlighted scores indicate high classification performance.

respectively. Overall, the first-order features from T2 and ADC
on edema tissue were highlighted as the commonly seen
important features in discriminating STEE and HGG tumor
subtypes, whereas FLAIR-based GLRLM texture feature on
enhancement was particularly important in classifying STEE
from HGG-G4.

DISCUSSION

Radiological manifestations of STEEs are complicated and

can often be mis-diagnosed as HGGs, which are frequently
occurring neoplasms of the brain. This study aims at identifying

multimodal imaging signatures of STEE tumors through a

detailed radiomics-based quantitative evaluation. Our results
demonstrate that coalescence of multiple MRI modalities leads

to a superior classification performance compared with a
single modality. FLAIR, T2, and ADC emerged as the highly
discriminative modalities, whereas texture and higher-order
statistical features were able to capture intricate imaging markers
that could aid in accurately predicting STEE from HGG tumors.

Differential diagnosis of STEE is more challenging compared
with infratentorial ependymomas as the lattermostlymanifests in
the ventricles, whereas STEE may appear outside the ventricles,
in cortical regions, similar to other high-grade tumors such
as anaplastic astrocytoma and glioblastoma (2, 5). Necrosis,
internal hemorrhages, tissue heterogeneity, ring enhancement,
significant edema, choline/N-acetylasepartate metabolic ratio on
MR spectroscopy, occurrence of tumor in brain parenchyma,
and infiltration into the contralateral frontal hemisphere (2, 5–
7, 9) are some of the common characteristics of these tumors.
Radiographic imaging markers of STEE tumors manifest on
conventional MRI sequences as a heterogenous signal intensity
on T1- and T2-weighted images and as variable appearance on
FLAIR images (2, 5–8). Cyst and calcification are commonly
occurring attributes of STEE tumors (4, 7, 9). Higher ADC values
close to the white matter are also observed in these tumors
(4). DWI and perfusion imaging illustrate restricted diffusion
and high relative cerebral blood volume values, respectively, in
STEEs, which are similar to high-grade anaplastic astrocytoma
and glioblastoma (46). However, till date, there is no consensus
on an established differential diagnosis of STEE, primarily due to
its rare occurrence, which makes it difficult to conduct research
studies and develop a validated biomarker. This often results in
mis-diagnosis and poor prognosis of STEEs.

We investigated multiclass classification performance of
unimodal as well as multimodal feature sets using RF, SVC, and
ANN classifiers. Both SVC and ANN classifiers illustrated high
classification performance. Multimodal features demonstrated
consistently high AUROC of more than 75% and high CV
accuracy of more than 80% from these two classifiers for each
tumor type, as shown in Table 1E and Figure 4, suggesting
that a multiparametric MRI framework would be more efficient
and robust in classifying STEE from HGGs compared with a
single modality. Among the unimodal feature sets, radiomic
features computed from FLAIR modality provided maximum
macro average classification accuracy of more than 55% as
shown in Table 1B, which is significantly higher compared
with the baseline 33% accuracy for multiclass classification.
Moreover, in comparison with other modalities, FLAIR features
demonstrated consistently high AUROC for all tumor types while
assessing class-specific comparison of SVC as shown in Figure 4

and Table 2B. T2 and ADC modalities performed better in
delineating HGG-G3 tumors from other tumor groups as shown
in Table 2B.

Frontiers in Neurology | www.frontiersin.org 8 July 2021 | Volume 12 | Article 64809275

https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://www.frontiersin.org/journals/neurology#articles


Safai et al. Radiomics on Supratentorial Extraventricular Ependymoma

For a comprehensive understanding of each modality’s
contribution in classification of different tumor types in a
multiparametric framework, we ranked the most important
features based on the SVC coefficient score obtained from
multimodal feature sets as shown in Table 3. Overall, first-order
features such as mean, median, and interquartile range of edema
tissue from T2 and ADC along with GLDM-HGLE feature
from T2 were the commonly occurring most discriminative
features in classifying different tumor groups. The GLDM-
HGLE feature implies a larger concentration of high gray-level
intensities. It was most significant (p = 0.05) in classifying STEE
from HGG-G4 and was found to be lower in STEE compared
with the HGG groups and higher in HGG-G3 compared with
HGG-G4. Among other texture features, the GLRLM feature
indicative of homogeneity within the particular tissue types was
the commonly occurring important feature in the classification of
STEE from HGG-G4. STEE was found to be more homogenous
than HGG-G4 on enhancement tissue of FLAIR. NGTDM-
busyness was important in classifying STEE from HGG-G3
and was higher in STEE on edema tissue of T2 modality.
The busyness feature indicates a rapid change in intensities
within a pixel and its neighborhood. Thus, texture-based features
signifying concentration of high intensities, homogeneity, and
intensity fluctuations between pixel neighborhoods were some
of the key radiomics attributes that could distinguish different
tumor types.

There were a few limitations to this study. The sample size of
different tumor groups was unbalanced. Owing to the extremely
rare occurrence of STEEs, acquiring a large number of MRI
scans of these tumors is difficult. However, we controlled for this
limitation by implementing data augmentation using the SMOTE
technique, which provided a balanced dataset for our multiclass
classification. Another limitation was that multiscanner data
were used in the analysis. To control for scanner differences, we
normalized the intensity of the data during pre-processing stage,
prior to classification.

In conclusion, this study develops a potential quantitative
radiomics signature for accurately differentiating STEE from
HGGs using multimodal MRI. Radiomics features from FLAIR
modality can aid predominantly in the classification of STEE and
HGG-G4 tumor, whereas a multiparametric radiomics approach
constituting particularly of FLAIR, ADC, and T2 modalities
could provide intricate and complementary information that
could aid in highly accurate classification of STEE and HGGs

tumors. This work, thus, emphasizes the utility of radiomics-
based multimodal MRI framework in pre-operative clinical
diagnosis and effective treatment planning.
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An Integrated Radiomics Model
Incorporating Diffusion-Weighted
Imaging and 18F-FDG PET Imaging
Improves the Performance of
Differentiating Glioblastoma From
Solitary Brain Metastases
Liqiang Zhang1†, Rui Yao2†, Jueni Gao1†, Duo Tan2, Xinyi Yang1, Ming Wen1, Jie Wang3,
Xiangxian Xie4, Ruikun Liao5, Yao Tang6*, Shanxiong Chen2* and Yongmei Li1*

1 Department of Radiology, The First Affiliated Hospital of Chongqing Medical University, Chongqing, China, 2 College of
Computer & Information Science, Southwest University, Chongqing, China, 3 Department of Nuclear Medicine, The First
Affiliated Hospital of Chongqing Medical University, Chongqing, China, 4 Department of Radiology, Chongqing United
Medical Imaging Center, Chongqing, China, 5 Department of Radiology, Chongqing General Hospital, Chongqing, China,
6 Department of Oncology, People’s Hospital of Chongqing Hechuan, Chongqing, China

Background: The effectiveness of conventional MRI (cMRI)-based radiomics in
differentiating glioblastoma (GBM) from solitary brain metastases (SBM) is not
satisfactory enough. Therefore, we aimed to develop an integrated radiomics model to
improve the performance of differentiating GBM from SBM.

Methods: One hundred patients with solitary brain tumors (50 with GBM, 50 with SBM)
were retrospectively enrolled and randomly assigned to the training set (n = 80) or
validation set (n = 20). A total of 4,424 radiomic features were obtained from contrast-
enhanced T1-weighted imaging (CE-T1WI) with the contrast-enhancing and peri-
enhancing edema region, T2-weighted imaging (T2WI), diffusion-weighted imaging
(DWI)-derived apparent diffusion coefficient (ADC), and 18F-fluorodeoxyglucose positron
emission tomography (18F-FDG PET) images. The partial least squares (PLS) regression
with fivefold cross-validation is used to analyze the correlation between different radiomic
features and different modalities. The cross-validity analysis was performed to judge
whether a new principal component or a new feature dimension can significantly improve
the final prediction effect. The principal components with effective interpretation in all
radiomic features were projected to a low-dimensional space (2D in this study). The
effective features of the new projection mapping were then sent to the random forest
classifier to predict the results. The performance of differentiating GBM from SBM was
compared between the integrated radiomics model and other radiomics models or
nonradiomics methods using the area under the receiver operating characteristics
curve (AUC).
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Results: Through the cross-validity analysis of partial least squares, hundreds of radiomic
features were projected into a new two-dimensional space to complete the construction
of radiomics model. Compared with the combined radiomics model using DWI + 18F-FDG
PET (AUC = 0.93, p = 0.014), cMRI + DWI (AUC = 0.89, p = 0.011), cMRI + 8F-FDG PET
(AUC = 0.91, p = 0.015), and single radiomics model using cMRI (AUC = 0.85, p = 0.018),
DWI (AUC = 0.84, p = 0.017), and 18F-FDG PET (AUC = 0.85, p = 0.421), the integrated
radiomics model (AUC = 0.98) showed more efficient diagnostic performance. The
integrated radiomics model (AUC = 0.98) also showed significantly better performance
than any single ADC, SUV, or TBR parameter (AUC = 0.57–0.71, p < 0.05). The integrated
radiomics model showed better performance in the training (AUC = 0.98) and validation
(AUC = 0.93) sets than any other models and methods, demonstrating robustness.

Conclusions: We developed an integrated radiomics model incorporating DWI and
18F-FDG PET, which improved the performance of differentiating GBM from SBM greatly.
Keywords: 18F-FDG PET, diffusion-weighted imaging (DWI), apparent diffusion coefficient (ADC), glioblastoma,
solitary brain metastases (SBM)
INTRODUCTION

As the most common malignant brain tumor in adults,
metastasis is estimated to be at least 10 times more common
than primary malignant central nervous system tumors (1).
Glioblastoma (GBM) accounts for more than half of all
primary brain malignancies (2). Differentiating GBM from
solitary brain metastases (SBM) preoperatively is significantly
critical for optimizing individualized therapeutic decision-
making, as the medical staging, therapeutic strategies, and
prognosis are different (3–5). En bloc resection is preferred for
metastases, and stereotactic radiosurgery is also considered an
effective strategy for metastases of less than 3–4 cm (6), and
maximal resection of the tumor followed by radiotherapy and
temozolomide chemotherapy should be considered for GBM (7).
Generally speaking, metastasis usually presents as multiple
nodular enhancing lesions with surrounding edema in the
cortical gray-white matter junction, whereas GBM mostly has
general characteristic image features, such as the invasion of the
deep white matter and the presence of solitary ring-enhancing
lesion (3, 8). In patients with multiple lesions and systemic
cancer, brain metastasis identification may be easily performed
using conventional MRI (cMRI). However, when metastasis
presents with a solitary ring-enhancing lesion or an unknown
clinical history, it is challenging to differentiate the two tumors
due to their similar imaging features. Both GBM and SBM can
present with irregular ring enhancement and intratumoral
necrosis on contrast-enhanced T1-weighted imaging (CE-
T1WI), surrounding edema on T2-WI and ring-hypermetabolic
on 18F-fluorodeoxyglucose positron emission tomography
(18F-FDG PET) images. Histopathology is the gold standard for
the diagnosis of GBM or metastasis. Unfortunately, the present way
for identifying GBM from SBM is to undertake a biopsy or open
surgical resection invasively. However, when the tumors are located
near eloquent areas or the patient is weak, biopsy or open surgical
resection may risk morbidity and mortality. Therefore, an accurate
279
noninvasive preoperative method would be preferable and
sometimes necessary (9, 10).

It has been shown that infiltrating neoplastic cells have been
found in surrounding edema of GBM, while peritumoral edema
of metastasis consists essentially of vasogenic edema, indicating
that there are some differences in cells, edema type, angiogenesis,
etc. between the peri-enhancing edema regions of the two
tumors. However, the surrounding edema of the two tumors
showed no enhancement, hypometabolic, or no obvious
diffusion limitation. Therefore, it is reasonable to assume that
there are pathophysiological abnormalities in the peritumoral
edema area that cannot be visually recognized besides the tumor
enhancement area. We hope to find a new and more effective
method to distinguish two tumors based on the difference
between the metastatic vasogenic edema and GBM infiltrative
edema containing tumor cells infiltrating the white matter.

With the rapid development of medical image analysis,
radiomics has become a hot research topic. Radiomics can
noninvasively extract quantitative features of lesions from
magnetic resonance images, providing important reference
information for tumor characterizations, treatment monitoring,
and outcome prediction (11). Previous studies have established
radiomics models based on cMRI sequences to differentiate GBM
from SBM and achieved good results. Qian et al. (12) developed a
CE-T1WI-based radiomics model to differentiate GBM from
SBM, with a test AUC value of 0.90. A radiomics model based on
T1WI, T2WI, and CE-T1WI trained by Dong et al. (13) has a
test AUC value of 0.76. Artzi et al. (14) established a radiomics
model based on postcontrast 3D-T1W gradient echo images, and
the test mean accuracy was 0.85. The radiomics classifier
based on CE-T1WI established by Su et al. (15) yielded good
performance with AUC values of 0.82 and 0.81 in the training
and validation cohorts to distinguish GBM from SBM. These
results are barely satisfactory for having limited value in
demonstrating heterogeneity, function, and tumor metabolism
and still have room for improvement. Some studies have
August 2021 | Volume 11 | Article 732704

https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Zhang et al. Radiomics Model Improves the Performance
reported that the mean diffusivity and minimum apparent
diffusion coefficient (ADC) values of peritumoral edema seem
lower in GBM than in SBM (16–18). Even though some other
studies denied this result (19–21), diffusion-weighted imaging
(DWI) seems to have the potential to distinguish GBM from
SBM. Compared with cMRI, DWI can evaluate brain tumor
diffusion and hypercellularity. 18F-FDG PET imaging has been
shown to be helpful for assessing surgery and radiotherapy as
well as providing important imaging biomarkers for tumor
metabolism evaluation (22–26). Therefore, DWI and 18F-FDG
PET imaging may show great potential for differentiating GBM
from SBM. However, no studies have been reported to build a
radiomics model incorporating DWI and 18F-FDG PET imaging
in differentiating GBM from SBM.

We hypothesized that a multivariate radiomics model
incorporating DWI and 18F-FDG PET could differentiate GBM
from SBM more precisely than any other radiomics models or
nonradiomics approaches, which will be more useful for
clinicians to optimize clinical management decision-making.
Thus, the study aimed to develop and validate a radiomics
model using DWI and 18F-FDG PET to improve the
performance of differentiating GBM from SBM.
METHODS

Patient Enrollment
This retrospective study was approved by the local institutional
review board, and the informed consent was obtained. The data
and pathological information were obtained from The First
Affiliated Hospital of Chongqing Medical University and the
United Medical Imaging Center. We identified 128 consecutive
patients who were pathologically confirmed with GBM or SBM
on surgical resection or biopsy performed at the Department of
Neurosurgery of our hospital. The inclusion criteria were as
Frontiers in Oncology | www.frontiersin.org 380
follows: (1) pathologically confirmed GBM or SBM; (2) all the
lesions are solitary and limited to a single lobe, not across the
lobes; (3) performed CE-T1WI, T2WI, DWI, and 18F-FDG PET/
CT examinations; (4) the interval between MRI and 18F-FDG
PET/CT examinations was less than 2 weeks; and (5) no history
of preoperative radiotherapy or other medical treatments before
surgery. A total of 28 patients were excluded according to the
exclusion criteria (Figure 1). Finally, a total of 100 consecutive
patients were included in the study. The patient selection process
is presented in a flowchart in Figure 1 in detail.

MR Imaging Acquisition
The MRI protocol for both training and validation sets included
CE-T1WI, T2WI, DWI, and 18F-FDG PET imaging.

MR images were obtained from the 3.0-T MRI system (Genesis
Signa and Signa HDtx) with an eight-channel head coil (GEMedical
Systems, Chicago, IL, USA). The main parameters of the T2WI
sequence were as follows: repetition time/echo time (TR/
TE) = 8,000/140 ms, flip angle = 90°, slice thickness = 5 mm,
acquisition matrix = 256 × 256. The main parameters of the CE-
T1WI sequence were as follows: TR/TE = 750/15 ms, slice
thickness = 5 mm, acquisition matrix = 384 × 256. The main
parameters of the DWI sequence were as follows: TR/TE = 6,379/
70 ms; section thickness = 5 mm; intersection gap = 1.5 mm; matrix
size = 128 × 128; FOV = 260 × 260 mm. The apparent diffusion
coefficient (ADC) map (b = 1,000) was generated fromDWI images.

18F-FDG PET data acquisition was carried out with a PET/CT
scanner (Philips Gemini TF 64 PET/CT scanner). The
participants fasted for at least 6 h before 18F-FDG
administration and stopped any drugs that could affect brain
metabolism for at least 12 h before the 18F-FDG PET acquisition.
Blood glucose levels were determined in all patients before 18F-
FDG administration, and blood glucose level was less than
8.0 mmol/L. PET/CT images of the head were acquired 60 min
after intravenous injection of 370–555 MBq 18F-FDG (produced
FIGURE 1 | The flowchart of patient selection process.
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by Sumitomo accelerator of Japan with a radiochemical purity
of >95%). PET images were acquired for one bed position
(5 min/bed position), and a slice thickness of 2 mm. Low-dose
CT images were obtained with a standardized protocol of 400 mAs,
120 Kv, matrix size of 512 × 512, and a slice thickness of 1 mm. The
fusion images (a slice thickness of 2 mm) were obtained by
computer iterative reconstruction and attenuation correction.

Image Preprocessing
For the CE-T1WI and T2WI data, signal intensity normalization
was performed to reduce the variance in the T1-based signal
intensity of the brain. We used the hybrid white-stripe method
(22) for intensity normalization using the ANTsR and White
Stripe packages (27, 28) in R, which incorporates processes of the
statistical principles of image normalization, preserves ranks
among the tissues, and matches the intensity of the tissues
without upsetting the natural balance of the tissue intensities (29).

Skull stripping and tumor segmentation were performed by
the 3D-Slicer Software (version 4.3, https://www.slicer.org) (30),
an open-source software widely used for image visualization and
segmentation. The tumor and perifocal edema contours were
manually segmented using the fast-grow cut tool based on the
T2WI imaging by two radiologists with 10 and 5 years of
diagnostic experience, respectively, who were blinded to the
final pathological result. The final region of interest (ROI) was
determined by the two radiologists. If the divergence between
segmentations was less than 5%, the final ROI was determined as
the overlapping region of the two ROIs, otherwise, it was
determined by the two radiologists. The segmented tumor
contour was finally overlaid with source CE-T1WI, T2WI,
ADC, and 18F-FDG PET image.

Radiomics Feature Extraction
The radiomic features were composed of five groups of features:
18 first-order features, 14 shape features, 73 texture features, 273
Frontiers in Oncology | www.frontiersin.org 481
LoG-transformed features, and 728 wavelet-transformed
features. All patients had undergone CE-T1WI, T2WI, DWI,
and 18F-FDG PET, from which 1,106 radiomic features were
derived, respectively. Finally, all radiomic features were extracted
for group comparisons after z transformed. The entire feature
extraction algorithm was fully automated, which yielded
identical features regardless of the operators. The overall
process of the radiomics pipeline is shown in Figure 2.

Feature Selection and Model Construction
In this study, we first used a t-test to screen radiomics features with
significant independence, then applied partial least squares (PLS) to
complete the regression analysis of those high-dimensional
radiomics features in the training set. PLS regression method was
applied using principal component analysis to extract and
compress multiple independent variables X and multiple
dependent variables Y into corresponding principal components
U and V, respectively. Then, under the guidance of the canonical
correlation principle and the multiple linear regression principle,
the relationship can be analyzed between X and U, Y and V, and X
and V. Thus, the relationship between X and Y can be studied. The
PLS regression can project the high-dimensional data to the
appropriate low-dimensional space and complete the effective
feature selection of the data, which was chosen because the
extracted radiomics features have the following two
characteristics: (1) The number of feature dimensions extracted
is far more than the number of patients. (2) Radiomics features
exist in multiple correlations. PLS performs well in studies with
small sample and multicollinearity among independent variables
(radiomics features) and can emphasize the role of independent
variables in the interpretation and prediction of dependent
variables (classification of patients) when selecting feature
vectors to remove the influence of useless noise on regression
and make the radiomics model contain the least number of
variables. As a result, final prediction performance gets better.
A B

D

C

FIGURE 2 | Radiomics worklist. (A) Part 1 includes image acquisition, registration, and segmentation. Signal intensity normalization is conducted for CE-T1WI and
T2WI. (B) Part 2 includes the extraction of radiomics features. (C) Part 3 includes feature selection. (D) Part 4 includes model construction.
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To evaluate the robustness of the radiomics model and
consider the number of data samples, we applied fivefold
cross-validation. Cross-validity analysis was used to determine
the final output dimension size of PLS regression; after that, all
radiomics features with significant independence were projected
to the new two-dimensional space through PLS regression. Then
a variety of classical classifiers were used to predict the outcome
using the selected effective features and the optimal random
forest classifier is selected to construct the final radiomics model.
Finally, the predictive efficiency of the radiomics model was
compared under the different modality features combination.

Model Performance With Validation and
Comparison of Diagnostic Performance
The accuracy of differentiating GBM from SBM using the above
methods was assessed with the receiver operating characteristic
(ROC) curve and the AUC values in two sets. The optimal
thresholds of the AUC values were determined by maximizing
the sum of the sensitivity and specificity values calculated for
differentiating GBM from SBM.

The performance of the integrated radiomics model was
compared with that of the three combined radiomics models,
three single radiomics models, and five single nonradiomics
methods. Bonferroni correction was applied to adjust the p-
values for multiple comparisons. A Bonferroni-corrected
significance level of p < 0.008 was used to compare the
integrated radiomics model and six other radiomics models,
and a value of p < 0.01 was used to compare between the
integrated radiomics model and the five nonradiomics methods.

Statistical Analysis
Statistical analyses were performed using R software (version
3.3.3). Differences in clinical information between the training
and validation sets were evaluated using Student’s t-test and Chi-
square tests, and p < 0.05 was considered statistically significant.
The Student’s t-test was used to assess differences in the imaging
parameters between GBM and SBM in the training and
validation sets.
RESULTS

Clinical Characteristics
All patients underwent biopsy or surgery, and their pathological
examination results were assessed. Of the 80 enrolled patients in
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the training set, 41 (51.2%) were identified as GBM and 28
(36.8%) as SBM. Twenty patients in the validation set consisted
of nine (45.0%) GBM and 11 (55.0%) SBM. The clinical
characteristics of the training and validation sets are shown in
Table 1. No significant differences were found between the
patients with GBM and SBM regarding age and sex, which
justified the applicability of the training and validation sets.

Radiomics Feature Extraction
In total, 4,424 radiomic features were extracted from the
multiparametric MR data (1,106 features were derived from
CE-T1WI, T2WI, ADC, and 18F-FDG PET). Partial least
squares regression was used to find the correlation between
radiomic features and patient classification. After cross-validity
analysis, the top-m principal components of radiomic features
with significant improvement for prediction results were selected
by truncation method, so that hundreds of radiomic features
were projected into a new m-dimensional space. Table 2 shows
the corresponding numerical relationship between different
modality combinations (columns) and the final projection
mapping dimensions (rows). The table starts from the analysis
with only one principal component and gradually increases the
number of retained principal components until the cross-validity
principle is no longer satisfied, to select the number of final
effective feature dimensions. The specific performance is the
corresponding Qh2 value less than 0.0975, indicating that adding
a new principal component or feature dimension based on the
previous number of principal components no longer has an
obvious improvement on the final prediction effect and then
ends the increase of the principal component number. It can be
obtained from Table 2 that the effective principal components of
almost all modality combinations are less than or equal to 3. At the
same time, judging fromthe importance andcumulativeproportion
of each principal component to the outcome (Figure 3), evenwhen
there are only three principal components, the newly screened
features can affect thefinal result bymore than50%.From this point
of view, it is reasonable to use the partial least squares method to
screen the effective features. Through the experimental test, the
number of dimensions of the optimal result is 2.

In constructing a random forest model, not all the training
data were used by each decision subtree, so these data can be
used as test cases to measure the generalization performance of
the model by calculating the classification error of out-of-bag
estimation, which was 0.10 in the training cohort. The mean
prediction accuracy of 84.00% (AUC = 0.9330) for fivefold cross-
TABLE 1 | Clinical characteristics of the patients.

Group Training set Validation set

GBM (n = 41) SBM (n = 39) p-Value GBM (n = 9) SBM (n = 11) p-Value

Age 48.8 ± 11.2 49.6 ± 10.9 0.87 52.3 ± 10.3 51.8 ± 10.2 0.71
No of male patients 24 (58.5%) 17 (43.6%) 0.76 4 (44.4%) 5 (45.5%) 0.12
Biopsy 35 (85.4%) 31 (79.5%) 5 (55.6%) 7 (63.6%)
Surgical resection 7 (14.6%) 8 (20.5%) 4 (44.4%) 4 (36.4%)
August
 2021 | Volume 11 | Article
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validation was achieved in the validation cohort (Figure 4). For a
random forest classifier, the classification score matrix represents
the possibility that the label comes from a specific category. As
shown in Figure 5, the red line indicates the median, and in our
radiomics classifier model, the average scores (white diamond in
Figure 5) of correct prediction for samples with GBM label and
SBM label are 0.9365 (95% CI: 0.9044–0.9686) and 0.8762 (95%
CI: 0.8350–0.9174), respectively.

Model Performance and Comparison of
Diagnostic Performance
The sensitivity and specificity of the integrated radiomics model in
the training set were 92.5% and 98.7%, respectively. The AUC value
was higher in the integrated radiomics model (AUC = 0.98) than in
the combined radiomicsmodels (DWI+ 18F-FDGPET:AUC=0.93,
p=0.014; Conventional +DWI: AUC=0.89, p=0.011; Conventional
+ 8F-FDG PET: AUC = 0.91, p = 0.015), the single radiomics model
using cMRI (AUC = 0.85, p = 0.018), DWI (AUC = 0.84, P = 0.017),
18F-FDG PET (AUC = 0.85, p = 0.421) and single nonradiomics
method (AUC = 0.57–0.71, p < 0.05), showing the integrated model
with better performance (Table 3).

The sensitivity and specificity of the integrated radiomics
model in the validation set were 83.5% and 84.9%, respectively.
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The AUC value was higher in the integrated radiomics model
(AUC = 0.93) than in the combined radiomics models (DWI +
18F-FDG PET: AUC = 0.81; Conventional + DWI: AUC = 0.86;
Conventional + 8F-FDG PET: AUC = 0.83), the single radiomics
model using cMRI (AUC = 0.84), DWI (AUC = 0.83), and 18F-
FDG PET (AUC = 0.84) and the single nonradiomics method
(AUC = 0.51–0.67), showing the integrated model with better
performance as well. The comparison of diagnostic performance
of the radiomics models in the validation is shown by the fivefold
mean ROC curve for different combinations in Figure 6, and
more evaluation indicator information can be seen in Table 4.
DISCUSSION

In the present study, we built seven radiomics models and five
nonradiomics methods and compared their performance. By
optimizing the radiomics models from single parameter, single
and double sequences to multimodality, we finally concluded
that the integrated radiomics model incorporating DWI and
18F-FDG PET outperformed any other radiomics models and
nonradiomics methods. The integrated radiomics models in the
FIGURE 3 | Principal component contribution histogram and cumulative contribution rate line chart.
TABLE 2 | Score of crossvalidity analysis (Qh2 score).

Modality combination Number of principal components Effective number

1 Component 2 Components 3 Components 4 Components 5 Components

ADC 1 0.2402 0.0498 None None 2
PET 1 −0.0122 None None None 1
ADC+PET 1 0.1755 0.1990 −0.0559 None 3
T1+T2 1 0.1115 0.1243 0.1260 0.0369 4
T1+T2+ADC 1 0.0839 None None None 1
T1+T2+PET 1 0.2057 0.0183 None None 2
T1+T2+ADC+PET 1 0.1829 0.0475 None None 2
August 2021 | Volume 1
Qh2≤0.0975indicates that adding a new principal component or feature dimension based on the previous number of principal components no longer has an obvious improvement effect on
the final prediction effect, and then ends the increase of the component number.
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training and validation sets have an AUC of 98% and 93%, a
sensitivity of 92.5% and 83.5%, and a specificity of 98.7% and
84.9%, respectively. Some studies have used advanced imaging
modalities (DWI and PET, etc.) to differentiate GBM from SBM.
Lee et al. (29) analyzed patient age and sex, minimum ADC
Frontiers in Oncology | www.frontiersin.org 784
value, and ADC ratio of the two groups and found a statistical
difference between GBM and metastasis. Kamson et al. (31)
tested the accuracy of a[11C]-methyl-L-tryptophan (AMT)–
positron emission tomography (PET) to differentiate GBM
from metastases and concluded that tumor/cortex AMT SUV
FIGURE 5 | Random forest classifier scores for glioblastoma and solitary brain metastases in the validation cohort; the red line indicates median, and the white
diamond represents average prediction score.
FIGURE 4 | Fivefold and mean receiver operating characteristic (ROC) curve for prediction in the validation cohort.
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ratios could distinguish GBM from metastases. However, their
researches are just quantitative or semi-quantitative statistical
analyses and limited to depict heterogeneous nature and excavate
Frontiers in Oncology | www.frontiersin.org 885
deeper information of GBM and metastases. As far as we know,
this is the first radiomic study in brain tumors that combines
MRI and 18F-FDG PET. The CE-T1WI/T2WI, DWI, and
FIGURE 6 | Fivefold mean ROC curve for different modality combination.
TABLE 3 | Comparison of diagnostic performance between integrated radiomics model and other methods in the training and validation sets.

Group Training set Validation set

AUC p-Value* Sensitivity Specificity AUC Sensitivity Specificity

Integrated radiomics model Conventional + DWI+ 18F-FDG
PET

0.98 (0.93,
0.99)

92.5% 98.7% 0.93 (0.81,
0.97)

83.5% 84.9%

Combined radiomics model DWI + 18F-FDG PET 0.93 (0.89,0.97) 0.014 82.3% 91.2% 0.81 (0.67,0.89) 72.5% 78.1%

Conventional + DWI 0.89 (0.83,
0.94)

0.011 92.1% 89.7% 0.86 (0.74,
0.93)

76.1% 86.8%

Conventional + 18F-FDG PET 0.91 (0.84,
0.95)

0.015 91.7% 94.7% 0.83 (0.74,
0.93)

80.4% 80.3%

Single radiomics model Conventional MR 0.85 (0.74,
0.93)

0.018 82.6% 88.7% 0.84 (0.77,
0.91)

79.8% 76.1%

DWI 0.84 (0.71,
0.87)

0.017 77.2% 75.8% 0.83 (0.78,
0.88)

82.2% 74.5%

18F-FDG PET 0.85 (0.72,
0.91)

0.421 66.4% 93.5% 0.84 (0.76,
0.89)

87.8% 72.2%

Single nonradiomics
method

ADC max 0.59 (0.52,
0.65)

<0.001 56.4% 62.1% 0.51 (0.49,
0.72)

77.1% 61.3%

ADC avg 0.57 (0.51,
0.63)

<0.001 61.4% 72.3% 0.53 (0.51,
0.64)

67.3% 77.3%

SUV max 0.67 (0.62,
0.75)

<0.001 64.1% 53.4% 0.55 (0.47,
0.62)

62.1% 57.1%

SUV avg 0.64 (0.59,
0.71)

<0.001 81.7% 74.3% 0.59 (0.56,
0.67)

69.3% 62.7%

TBR max 0.71 (0.66,
0.77)

<0.001 80.4% 71.9% 0.67 (0.63,
0.77)

71.2% 89.3%
August 2021 |
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Numbers in parentheses are 95% confidence intervals.
ADC, apparent diffusion coefficient; SUV, standardized uptake value; TBR, tumor-to-background ratio.
*P-value refers to the significance among the differences of the AUCs between the integrated radiomics model and the other model or method.
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18F-FDG PET in the model provided structural, functional, and
metabolic information at the same time and space, which makes
our research more comprehensive and in-depth.

This study extended previous radiomic studies that only
extracted features from cMRI sequences on enhancing tumor
region or peri-enhancing edema region to differentiate GBM
from SBM (12–15, 32–35). First, we incorporated DWI and 18F-
FDG PET based on cMRI sequences, which is the first of its kind.
Second, the ROI of our study covers both enhancing tumor
region and peri-enhancing edema region, which is larger than
that of previous studies and is conducive to extracting more
effective features. Third, we used the t-test to screen radiomics
features with significant independence, and then used partial
least squares regression to process these features further. The
partial least squares regression with fivefold cross-validation was
applied to analyze the correlation between different radiomics
features within and between different imaging types in this study.
Through cross-validity analysis to determine the final output
dimension size of PLS regression, all radiomics features were
mapped to the new two-dimensional space. After that, a variety
of classical classifiers were used to predict classification outcomes
using the new effective features, and the classifier with the best
result (The random forest classifier is selected in this paper) will
be selected to build the final radiomics model. Unlike the partial
original radiomics features screened by LASSO in previous
studies, we built the new interpretation dimensions according
to the correlation between all radiomics features principal
components and the corresponding label principal components
to complete the construction of radiomics model. Even in a few
new projection mapping dimensions, the final results are
satisfactory. By comparing the diagnostic performance of
models, we finally found an optimal integrated radiomics
model to distinguish GBM from SBM. The integrated
radiomics model achieved a noteworthy result, with AUCs of
0.98 (95% CI: 0.83–0.99) and 0.93 (95% CI: 0.81–0.97) in the
training and validation sets, respectively, indicating the higher
predictive performance of our study than the former ones.

Nevertheless, there are several limitations in this study. The
total sample size was relatively small for the radiomics study, and
a larger data set is needed to assess and adjust our model.
Moreover, the validation set size is small, leading to the
relatively low sensitivity of the integrated radiomics model.
Finally, the study is a retrospective single-center study, and
larger data sets from multicenter registration using different
Frontiers in Oncology | www.frontiersin.org 986
MR protocols should be interrogated to improve the radiomics
model’s stability further. If validated correctly and properly, this
integrated model is expected to differentiate GBM from SBM
before surgery, which can improve the diagnostic accuracy and
provide help for the treatment plan and prognostic evaluation.
Although the low-dimensional effective features screened by PLS
can get a satisfactory performance, it ignores those principal
components with large numbers but small contributions in
feature screening, which may lead to a low cumulative
contribution rate of the final screened effective features.
Therefore, how to mine new information from these principal
components with a large number but small contribution can be
the future research direction.

In conclusion, our results confirm that the integrated
radiomics model incorporating functional (DWI) and
metabolic (18F-FDG PET) sequences can achieve promising
diagnostic efficiency for distinguishing between GBM and SBM
with robustness. A large-scale multicenter study should be
carried out to further confirm the preliminary results, thus
making this noninvasive, simple and effective method
applicable for routine clinical practice.
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Purpose: Hybrid whole-body magnetic resonance/positron emission tomography

(MR/PET) systems are new diagnostic tools enabling the simultaneous acquisition

of morphologic and multiparametric functional data, which allow for a diversified

characterization of oncological diseases. This study aimed to compare the diagnostic

ability of MRI with the diffusion-weighted image (DWI), and simultaneous integrated

positron emission tomography MR/PET to detect malignant lesions and elucidate the

utility and limitations of these imaging modalities in preoperative and postoperative follow

up in cancer patients.

Material and Methods: A total of 45 patients undergoing simultaneous MR/PET for

CNS ICSOL in our institution between January 2016 and July 2020 were considered in

this study. Post-processing was done in Siemens syngo software to generate a b2000

image. This image was then inverted to grayscale and compared with the NAC image

of PET.

Results: The lesion-based sensitivity, specificity, positive predictive value, and negative

predictive value for DWI were 92.3, 83.3, 97.3, and 62.5%, respectively (at 95% CI

and p was 0.000). The lesion-based sensitivity, specificity, positive predictive value, and

negative predictive value for PET were 97.4, 71.4, 94.9, and 83.3%, respectively (at 95%

CI and pwas 0.000). The lesion-based sensitivity and specificity of DWI were comparable

with those of PET.

Conclusions: Although DWI and FDG-PET reflect different tissue properties, there is an

association between the measures of both methods in CNS tumors probably because of

the coupling of cellularity with tumor metabolism as seen on FDG and other PET tracers.

Our study shows that DWI acts as a surrogate biomarker for FDGPET and other tracers in

tumors. The method of DWI image generation is simple, radiation-free, and cost-effective

in a clinical setup. The simultaneous DWI-PET study provides evidence and confirms the

role of DWI in surveillance imaging of tumors.

Keywords: PET-MR, CNS tumors, FDG-PET, high value diffusion weighted imaging, glioma
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INTRODUCTION

The hybrid whole-body magnetic resonance positron emission
tomography (MRPET) system is a new diagnostic tool. It enables
the simultaneous acquisition of morphologic and multiple
functional data and thus a diversified characterization of
oncological diseases (1, 2).

Our study focuses on the use of simultaneous MR/PET. The
temporal correlation ofMRI and PET in a single sitting is possible
with MR/PET and various MRI parameters and PET tracers can
be compared with high spatial and temporal resolution. MRI is
a multiparametric imaging technique and when combined with
simultaneous PET is better than PET computed tomography.

Many MR/PET studies correlate with multiple advanced
imaging parameters like diffusion-weighted imaging (DWI) and
Perfusion weighted imaging (PWI) studies on the grading of
gliomas, enabling the prediction of recurrence. It is possible
to differentiate recurrence vs. radiation necrosis and the false
negative in each modality is known (3–6). PET also has many
tracers, each with its specificity and sensitivity (7–10).

Each modality has inherent limitations, for instance,
false-positive uptake of FDG PET is due to the immediate effects
of cyberknife and gamma knife, and post-radiotherapy related
inflammatory changes (11). The resolution of PET at best is
4–6mm (12). Many small lesions in the brain may be missed
at this resolution in a post-operative case. MRI parameters
on the other hand, such as PWI, MRS, contrast enhancement
patterns have specificity and sensitivity and since these are
ROI-based measurements, inherent flaws exist (12, 13). MRS
and PWI can help grade tumors but since they use large voxel
sizes, they have low specificity (14). Contrast enhancement
pattern, which represents blood-brain barrier imaging, helps
to correlate, but pseudoprogression and pseudo regression are
known entities (15).

Though many DWI techniques have been discussed, no study
had access to simultaneous MR/PET, especially in a neuro-
oncology setup. However, the clinical benefits of simultaneous
MR/PET imaging need to be balanced against the relatively high
cost and availability of such an approach.

This paper discusses DWI as a potential MRI biomarker for
FDG PET and other tracers. Moreover, this marker is simple,
radiation-free, and cost-effective, making clinical translations
more straightforward. This study compares DWI with PET
images and aims to establish the sensitivity specificity and pitfalls
in neurooncology.

We hypothesize that DWI and PET will have a good
correlation as both show signal changes and uptake is based
on cellularity. Though this paper mainly focuses on the role of
MR/PET in cases of glioblastoma, we also briefly describe our
experience with other histotypes of CNS tumors and also with
other PET tracers as well.

MATERIALS AND METHODS

Approval was obtained from our institutional ethics committee.
Patient consent was waived for this retrospective observational

analysis of anonymized data. The study considered all patients
with intra-cranial space-occupying-lesions (ICSOL) (all grades of
gliomas and various other histotypes) evaluated with MR/PET
in our institution between January 2016 and July 2020. A total
of 45 cases with simultaneous MR/PET imaging are included
in the study. All patients had histologically proven malignancies
or suspected malignancies. Whole-brain PET images along with
multiplanar and multi-sequence MR images were acquired in
3-D mode after i.v. injection of 18F-FDG using a simultaneous
Siemens mMR Biograph PET/MR scanner. In a few cases
different tracers like C-11methionine, F-18 choline was used as
part of a clinical protocol.

This study aimed to compare the diagnostic ability of MRI
with a diffusion-weighted image (DWI), and simultaneous
integrated positron emission tomography MR/PET to detect
malignant lesions and elucidate the utility and limitations of these
imaging modalities in preoperative and postoperative follow up
in cancer patients.

DWI Image Acquisition
A routine multiparametric MRI was conducted including T2,
SWI, and fluid-attenuated inversion recovery (FLAIR) sequences,
axial and 3D T1-weighted, and GdT1w-MRI.

DWI was acquired in the axial plane before injection of
contrast material for all patients by fast echo-planar T2∗-
weighted gradient echo sequence and used for generating ADC
maps. The sequence parameters were: b-values 0 and 1,000
s/mm2,TR= 3,600ms, TE= 81ms, FOV= 23 cm, matrix= 128
× 128, voxel size-0.9 × 0.9 × 4mm, 27 slices of 4mm thickness
4mm without spacing, NEX- 1.

Image Interpretation
Two radiologists interpreted the MR/PET images in a blinded
fashion. The lesion-specific signal intensity on DWI and ADC
is compared with metabolism on PET images. Histopathology,
all imaging findings, and follow-up scans served as a standard of
reference. The DWI images were post-processed using Siemens
Heathineers syngo software (version 05.01.0000.0061). The MR
basics module in the software package has options for calculating
the high b value of trace images and hence we generated images
at b2000 to suppress the T2 shine-through the effects of gliosis
and edema and also at high value there was good background
suppression and increased conspicuity of recurrent foci. For ease
of visual correlation, in this study, we aimed to obtain a PET-
like image from DWI by inverting the b2000 trace image to
grayscale, which has the potential to be an excellent biomarker
in the neuro-oncology workup.

Statistical Analysis
Data were collated offline on Microsoft Excel version 15.0.4
and statistical analysis was conducted with an online interactive
statistics page using a 2 × 2 consistency table. Lesion-
based sensitivity, specificity, negative predictive value, positive
predictive value were calculated for DWI and PET modalities.
The Yates corrected P-value < 0.005 was considered significant.
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TABLE 1 | Brief summary of GLIOMA cases evaluated with MRI FDG-PET.

MRI Histopathology DWI

2000

ADC

2000

PET NAC vs. DWI Other imaging findings

1 Recurrence Anaplastic oligodendroglioma,

nos - who grade iii; right fronto

insular

Bright Dark Hyper

metabolism

Match Linear and nodular enhancement

and elevated perfusion

2 Recurrence in

background of

radiation necrosis

Recurrent glioblastoma who

grade -iv;

molecular

information:idh-1(r132h) -

positive, atrx - loss of expression,

p53 – positive mib-1 labeling is

high (25–30%) at foci

Bright Dark Hyper

metabolism

Match Swiss cheese enhancement and

elevated perfusion

3 Recurrence Anaplastic oligodendroglioma,

who grade iii; left frontal.

Bright Dark Hyper

metabolism

Match Homogenous enhancement with

elevated perfusion

4 Radiation necrosis Bright Dark Hypo

metabolism

Homogenous enhancement

5 Radiation necrosis Iso Iso Hypometabolism Match Swiss cheese enhancement with no

elevated perfusion

6 Recurrence Anaplastic oligodendroglioma -

who grade-iii - right frontal.

Bright Dark Hyper

metabolism

Match Swiss cheese with nodular foci on

enhancement. Volume

underestimation on PET

7 Recurrence Glioblastoma [idh-1 (r132h)

mutant] - who grade iv; right

frontal.

Bright Dark Hypermetabolism Match Nodular foci of enhancement with

elevated perfusion

8 Recurrence Glioblastoma, who grade-iv, left

parietal.

Bright Dark Hyper

metabolism

Match Swiss cheese with nodular foci on

enhancement and elevated

perfusion

9 Recurrence Bright Dark Few areas of

Hyper

metabolism

Match Heterogeneous enhancement

10 Radiation necrosis Anaplastic astrocytoma -who

grade iii; corpus callosum

Iso Iso Hypometabolism Match. No foci of enhancement or elevated

perfusion

11 Recurrence in

background of

radiation necrosis

Infiltrating anaplastic astrocytoma,

left occipital.

Bright Dark Hypermetabolism Match. Lesion is

more evident on

DWI

Swiss cheese with thick areas of

enhancement and elevated

perfusion. Overestimation on pet.

12 Radiation necrosis Iso Iso Hypometabolism Match No foci of enhancement

13 Radiation necrosis Anaplastic mixed

oligo-astrocytoma, who grade-iii.

Iso Iso Hypometabolism Match. Heterogeneous enhancement along

the resection cavity

14 Recurrence Bright Dark Hypermetabolism Match Very thick nodular enhancement.

15 Recurrence Bright Dark Hypermetabolism Match Extensive parenchymal

enhancement with elevated

perfusion

16 Recurrence Glioblastoma (epithelioid variant)

who grade iv; left frontal

Bright Dark Hypermetabolism Match Thick parenchymal enhancement.

Overestimation on pet

17 Recurrence Radiation necrosis with foci of

glial neoplasm consistent with

anaplastic glioma [idh 1 (r132h)

negative, atrx retained

expression]; left frontal.

Bright Dark Hypermetabolism Match Swiss cheese kind of appearance

with overestimation on ASL

18 Recurrence Glioblastoma, idh mutant, who

grade iv, left frontal (recurrent).

Bright Dark Hypermetabolism Match Near homogenous enhancement

with elevated perfusion on ASL

19 Recurrence Glioblastoma who grade iv Bright Dark Hypermetabolism Match Heterogeneous enhancement with

elevated perfusion

20 Recurrence Anaplastic oligodendroglioma,

who grade iii; nos, right parieto

occipital

Bright Dark Hyper

metabolism

Match Swiss cheese with nodular

enhancement

21 Recurrence with

metastasis in body

High grade glioma suggestive of

pilocytic astrocytoma with

malignant transformation

(Dedifferentiation)

Bright dark Hypermetabolism Match Metastatic deposits in the occipital

lobe; posterior fossa and left

paravertebral region.

(Continued)
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TABLE 1 | Continued

MRI Histopathology DWI

2000

ADC

2000

PET NAC vs. DWI Other imaging findings

22 Recurrence GBM with metastasis Bright Bright Hypermetabolism Match Heterogeneous enhancement with

elevated perfusion

23 Recurrence Anaplastic oligodendroglioma

grade iii,

Bright Dark Hypermetabolism Match Swiss cheese enhancement with

nodular foci of enhancement with

elevated perfusion.

24 Recurrence Anaplastic oligodendroglioma

who grade iii

Bright Dark Hypermetabolism Match Nodular focus of entertainment with

elevated perfusion along margins

25 Recurrence in

background of

radiation necrosis

Bright Dark Hypermetabolism Match Areas of near heterogenous

enhancement with elevated

perfusion

MRI Histopathology ADC

2000

ADC

values

mean

SUV max PET Other imaging findings

1 Recurrence Anaplastic oligodendroglioma,

nos - who grade iii; right fronto

insular

Dark 667.58 5.8 Hyper

metabolism

Linear and nodular enhancement

and elevated perfusion

2 Recurrence in

background of

radiation necrosis

Recurrent glioblastoma who

grade -iv;

molecular information:idh-1

(r132h) - positive, atrx - loss of

expression, p53 – positive mib-1

labeling is high (25–30%) at foci

Dark 825.3 8.2 Hyper

metabolism

Swiss cheese enhancement and

elevated perfusion

3 Recurrence Anaplastic oligodendroglioma,

who grade iii; left frontal.

Dark 906.6 21.9 Hyper

metabolism

Homogenous enhancement with

elevated perfusion

4 Radiation necrosis Dark Hypo

metabolism

Homogenous enhancement

5 Radiation necrosis Iso 1,636 7.5 Hypometabolism Swiss cheese enhancement with no

elevated perfusion

6 Recurrence Anaplastic oligodendroglioma -

who grade-iii - right frontal.

Dark 420 5 Hyper

metabolism

Swiss cheese with nodular foci on

enhancement. Volume

underestimation on PET

7 Recurrence Glioblastoma [idh-1 (r132h)

mutant] - who grade iv; right

frontal.

Dark 725.5 27 Hypermetabolism Nodular foci of enhancement with

elevated perfusion

8 Recurrence Glioblastoma, who grade-iv, left

parietal.

Dark 882 6.8 Hyper

metabolism

Swiss cheese with nodular foci on

enhancement and elevated

perfusion

9 Recurrence Dark 659.2 7.1 Few areas of

Hyper

metabolism

Heterogeneous enhancement

10 Radiation necrosis Anaplastic astrocytoma -who

grade iii; corpus callosum

iso 1,201 Hypometabolism No foci of enhancement or elevated

perfusion

11 Recurrence in

background of

radiation necrosis

Infiltrating anaplastic astrocytoma,

left occipital.

Dark 831.7 11.9 Hypermetabolism Swiss cheese with thick areas of

enhancement and elevated

perfusion. Overestimation on pet.

12 Radiation necrosis Iso 818.8 5.9 Hypometabolism No foci of enhancement

13 Radiation necrosis Anaplastic mixed

oligo-astrocytoma, who grade-iii.

Iso 1,340 10.6 Hypometabolism Heterogeneous enhancement along

the resection cavity

14 Recurrence Dark 489 Hypermetabolism Very thick nodular enhancement.

15 Recurrence Dark 906 11.5 Hypermetabolism Extensive parenchymal

enhancement with elevated

perfusion

16 Recurrence Glioblastoma (epithelioid variant)

who grade iv; left frontal

Dark 668 11 Hypermetabolism Thick parenchymal enhancement.

Overestimation on pet

(Continued)
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TABLE 1 | Continued

MRI Histopathology ADC

2000

ADC

values

mean

SUV max PET Other imaging findings

17 Recurrence Radiation necrosis with foci of

glial neoplasm consistent with

anaplastic glioma [idh 1 (r132h)

negative, atrx retained

expression]; left frontal.

Dark 670 14.1 Hypermetabolism Swiss cheese kind of appearance

with overestimation on ASL

18 Recurrence Glioblastoma, IDH mutant, who

grade iv, left frontal (recurrent).

Dark 812.7 14.9 Hypermetabolism Near homogenous enhancement

with elevated perfusion on ASL

19 Recurrence Glioblastoma who grade iv, Dark Hypermetabolism Heterogeneous enhancement with

elevated perfusion

20 Recurrence Anaplastic oligodendroglioma,

who grade iii; nos, right parieto

occipital

Dark 405 3.5 Hyper

metabolism

Swiss cheese with nodular

enhancement

21 Recurrence with

metastasis in body

High grade glioma suggestive of

pilocytic astrocytoma with

malignant transformation

(Dedifferentiation)

dark Hypermetabolism Metastatic deposits in the occipital

lobe; posterior fossa and left

paravertebral region.

22 Recurrence GBM with metastasis Bright 414 54.7 Hypermetabolism Heterogeneous enhancement with

elevated perfusion

23 Recurrence Anaplastic oligodendroglioma

grade iii

Dark 439 7.7 Hypermetabolism Swiss cheese enhancement with

nodular foci of enhancement with

elevated perfusion.

24 Recurrence Anaplastic oligodendroglioma

who grade iii

Dark 816 8 Hypermetabolism Nodular focus of entertainment with

elevated perfusion along margins

25 Recurrence in

background of

radiation necrosis

Dark 998 111.4 Hypermetabolism Areas of near heterogenous

enhancement with elevated

perfusion

RESULTS

Anonymized MR/PET imaging data obtained in 45 patients with
ICSOL were also used in the analysis and examined glioma of
all grades (n = 35) and other histotypes (n = 10, including
ependymoma, craniopharyngioma, meningioma, lymphoma,
atypical rhabdoid tumor) with FDG tracer (n = 31), and other
PET tracers such as C-11methionine (n = 8) and F-18 choline
(n= 3).

Lesion-based sensitivity, specificity, positive predictive value
and negative predictive value for DWI were 92.3, 83.3, 97.3,
and 62.5% respectively (at 95% CI and p < 0.05). The
lesion-based sensitivity, specificity, positive predictive value, and
negative predictive value for PET were 97.4, 71.4, 94.9, and
83.3% respectively (at 95% CI and p is < 0.05). These lesion-
based sensitivity, specificity of DWI were comparable with
those of PET. The DWI showed significantly higher specificity
than PET.

The salient observations noticed on visual analysis will also be
discussed underneath as:

a) our experience with Glioma: high b value diffusion as a
surrogate marker for FDG PET in the diagnosis of recurrence
in brain tumors (Table 1).

b) Our experience with CNS tumors of other histotypes
including the whole body work up (Table 2).

c) Our experience with other tracers (Table 2).

Using MRPET in Glioma to Differentiate
Recurrence From Radiation Necrosis
A total of 25 post-operative patients with brain tumors were
studied with preoperative histopathology and FDG MR/PET
between 2016 and 2020.

Out of 25, 10 were Grade III and 8 were Grade IV tumors.
A detailed histopathology report of glioma was not available in
seven cases, as they were referred cases.

Among the 10 cases with Grade III, there were four who had
IDH mutation, four were of p53 type and five were positive for
ATRX. Among the eight cases with Grade IV tumor, two had IDH
mutation, three were p53 subtype and one had ATRX mutation.
The grade was based on a mitotic index. Of Grade IV cases, seven
were of GBM tissue subtype and one was pilocytic astrocytoma
subtype. In Grade III, six cases were of Oligodendroglioma
subtype, one was of mixed Oligo astrocytoma subtype, and thee
of anaplastic astrocytoma subtype.

MR/PET was done in 25 cases of glioma and reported
as recurrence (n = 20) (Figure 1) and radiation necrosis (n
= 5) (Figure 2) based on imaging findings. On follow-up,
histopathology was available in 16 cases in the recurrence group.
Recurrence on PET was noted in 20 cases with radiation necrosis
in five cases. In Grade IV, five had a recurrence and among Grade
III, seven had a recurrence, and three had necrosis on PET. We
used PET as a reference to standardize DWI in differentiating
necrosis vs. recurrence. When B2000 DWI and PET findings
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TABLE 2 | Brief summary of other CNS histotypes cases evaluated with MRI FDG-PET and other PET tracers.

S.NO Indication Final diagnosis DWI b-2000 ADC PET NAC vs. DWI PET tracer Comments

1 Primary tumor Anaplastic Ependymoma Bright Dark Hypermetabolism Match FDG

2 Primary CNS

lesion

Demyelination- clippers Bright Dark Hyper etabolism Match FDG HP after a month was Tcell lymphoma likely due to

low tissue volume for both DWI and PET scan.

3 Brain and whole

body PET

Lymphoma Bright Dark Hypermetabolism Match FDG HP came as demyelination but DWI PET matched

as lymphoma – biopsy site should be planned

properly

4 Recurrence With

SMART syndrome

Anaplastic mixed oligo astrocytoma (WHO

Grade III); left thalamus

Bright Dark Hypermetabolism Small focus recurrence match

PET and DWI

Mismatch of large area of

gyral uptake and normal DWI

FDG SPECT Patient had sudden weakness and large uptake of

FDG with DWI normal –SMART syndrome

5 Primary Diffuse midline high grade glioma with

thalamic extension

Bright Dark Hypermetabolism Match FDG DWI PET showed high grade lesion. Surveillance

imaging. DWI showed free diffusion likely due to

post radiotherapy resolution.

6 Primary tumor Pontine glioma Center bright Dark Hypermetabolism Match FDG

7 Recurrence Case of Melanotic schwannoma with

multiple intracranial and spinal dural deposits

and also in the right pinna and left orbit.

iso iso Hypermetabolism DWI is masked due to

presence of susceptibility foci

FDG In syndromes NF differentiating tumor undergoing

high grade transformation is crucial possible with

Whole body DWI imaging

8 Recurrence with

metastasis in

brain.

External auditory canal squamous cell

carcinoma.

Bright Dark Hypermetabolism Match FDG Near homogenous enhancement with intracranial

extension to temporal lobe

9 Primary tumor Lymphoma right external capsule Bright Dark Hypermetabolism Match FDG Remote hyper metabolism in bilateral frontal lobes

mimicking multifocal lymphoma with no lesion

noted on MRI.

10 Recurrence k/c/o diffuse astrocytoma grade ii/iv Bright Dark Hypermetabolism Match C11

METHIONINE

11 Primary tumor Low grade glioma oligodendroglioma Subtle bright Subtle

dark

Subtle hyper

metabolism

Match C11

METHIONINE

12 Post operative

follow up scan.

No recurrence of glioma iso iso Hypometabolism Match C11

METHIONINE

13 Primary tumor Gliosarcoma IDH wild type, who grade-iv-

right parietal.

Bright Dark Hypermetabolism Match C 11

METHIONINE

14 Pre surgical work

up

Meningioma incidentally detected. iso iso Hypermetabolism Mismatch C 11

METHIONINE

Methionine is taken up by low grade benign tumor

such as meningioma. DWI appearance based on

cellularity

15 Primary tumor Diffuse midline glioma H3k27m mutant; who

grade iv; left ventricle and thalamus

Bright Dark Hyper etabolism Match C11

METHIONINE

16 Recurrence Atypical teratoid rhabdoid tumor, who

grade-iv, suprasellar.

Bright Dark Hypermetabolism Match C 11

METHIONINE

17 Recurrence Craniopharyngioma iso iso Hypermetabolism Mismatch C 11

METHIONINE

Low grade tumors such as craniopharyngioma

show c11 methionine uptake

18 Recurrence Recurrence GBM Bright Dark Hypermetabolism Match F18 CHOLINE

19 GBM GBM Match Match Hypermetabolism Match F18 CHOLINE

20 Primary tumor Right parietal anaplastic clear cell

Ependymoma. False negative PET is

reported in clear cell variant of

Ependymoma.

Bright Dark Hypometabolism Mismatch F 18 CHOLINE Variable behavior on F18 choline PET is reported

in clear cell variant
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Mangalore et al. High b Value Diffusionimaging of CNS Tumors

FIGURE 1 | A 43 year old male postoperative case of Glioblastoma IDH mutant in the left frontal lobe, 5 year follow up MRI FDG PET axial images T2-FLAIR (A)

post-contrast T1 (B) Inverted DWI (C) DWI b2000 (D) ADC (E) NAC PET (F) showed a T2 heterogeneous hypointense lesion with Swiss cheese and nodular

enhancement and elevated perfusion. The lesion shows DWI restriction with hypermetabolism on PET. There is a match on the inverted DWI image and the NAC PET

image. Suggestive of recurrence.

were compared, very similar imaging findings were noted among
bothmodalities concerning recurrence and the radiation necrosis
group complementing each other.

On comparing PET -DWI for tumor volume, overestimation
or underestimation of tumor volume was noted as compared
to structural imaging. Since the intensity of PET is based on
the uptake, tumors with high SUV can have a spillover effect
with overestimation of tumor volumes in three cases and tumors
with low SUV and below an absolute standard can appear
smaller as noted in one case as compared to the DWI image.
DWI is based on cellularity and FDG on metabolic uptake and
hence this disparity in volume (1). In MRI of CNS tumors with
the heterogeneous landscape, noting the volume of the tumor,
cellularity on DWI, and ADC and SUV uptake measurements
are important for prognosis and treatment response, which again
highlights the need for multiparametric imaging.

On CEMRI, recurrence post-radiotherapy was considered
when there was a nodular enhancement in the background of the
Swiss cheese pattern of enhancement. On the correlation between
DWI, PET, and CEMRI, false-positive recurrence was noted in
two cases CEMRI but DWI and PET were suggestive of necrosis.
Similarly, four cases showed false negative for recurrence on CE
MRI when compared with DWI -PET.

PWI data was available in 22 cases. On post-processing ROI
was placed on the enhancing portion on CEMRI.14 cases showed
elevated perfusion values consistent with recurrence and the
remaining eight cases did not show any elevated perfusion that
was suggestive of necrosis. When the correlation between DWI,
PET, and PWI was done, recurrence was missed in 4 cases i.e.,
false negative on PWI. This pitfall might be due to wrong ROI
placement based on the standard enhancing portion on CEMRI
rather than planning on either DWI or PET. Non-enhancing
recurrence foci can be missed by using CEMRI if used as criteria
to identify tumor foci (2).

There was a case of pseudoprogression correctly identified
by DWI and FDG PET helping in differentiating thick nodular
enhancement in that case is due to radiation necrosis with no
recurrence. Though CEMRI and PWI techniques showed thick
nodular enhancement with no abnormal perfusion.

In two cases simultaneous ASL was performed as part of the
protocol. ASL, DWI, and PET volumes matched in both cases,
and ASL which is a perfusion marker has good potential in
tumor imaging. ASL is known to differentiate oligodendroglioma
from astrocytoma irrespective of tumor grade and enhancement
pattern and may aid in the pathological molecular typing of
gliomas (3).
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FIGURE 2 | A 24 year old female postoperative, post-RT case of Glioma left frontal lobe, 3 year follow up MRI FDG PET axial images T2-FLAIR (A) post-contrast T1

(B) Inverted DWI (C) DWI b2000 (D) ADC (E) NAC PET (F) show a postoperative cavity in the left frontal lobe with Swiss cheese-like enhancing lesion posterior to

postoperative either no elevated perfusion. Neither DWI restriction nor elevated metabolism on PET is seen, which is suggestive of radiation necrosis.

FIGURE 3 | A 52 year old female with imbalance, MRI FDG PET axial brain images T1 post-contrast (A) image showed an enhancing lesion in the right cerebellum.

Whole-body MRI with fast sequences at axial hepatic sections (B) VIBE fat sat post-contrast (C) DWI b800 (D) ADC and NAC PET (E) showing an area of metastases

to the vertebral body as an area of restricted diffusion and post-contrast enhancement. HPE was suggestive of Pilocytic astrocytoma with metastasis.
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FIGURE 4 | A 55 year old male with a progressive right-side weakness for one and a half month, MRI FDG PET axial images T2 (A) ASL (B) Inverted DWI (C) DWI

b2000 (D) ADC (E) NAC PET (F) showed a well-defined lobulated T2 heterogeneous iso- hyperintense with increased perfusion on ASL. The lesion shows DWI

restriction with hypermetabolism on PET. There is a match on the inverted DWI image and the NAC PET image. HPE is suggestive of Anaplastic Ependymoma.

Pilocytic astrocytoma with metastases is very rare. There was a
histopathologically proven case and MR/PET corroborated this,
provingmetastatic spread.Whole-bodyDWI correlated well with
FDG PET (Figure 3) (case 21).

There was a case of multiple intracranial lesions referred to as
metastases. A whole-body MRI PET revealed it as a primary CNS
tumor with metastases and both PET and DWI matched in the
diagnosis (case 22).

MRPET in Other CNS Tumor Histotypes
Cases denote serial numbers in Table 2. We had a case
of anaplastic Ependymoma (Figure 4), DWI, and FDG PET
correlated well to confirm recurrence and rule out radiation
necrosis though contrast enhancement patterns that appeared
like radiation necrosis (Case 1).

There were 2 MR/PET cases of brain stem lesions diagnosed
as demyelination on MR/PET and lymphoma in another, which
on histopathology turned out to be T cell lymphoma and
demyelination, respectively (Case 2, 3).

In another case, there was a large area of uptake on FDG
mimicking recurrence but DWI, which showed only a small focus
of restriction and due to DWI and FDG PETmismatch. PET with

other tracers was done and DWI correlated well with F18 choline
helped in planning the biopsy site. The patient had a sudden onset
of transient weakness before FDG was injected and hence was
diagnosed with SMART syndrome (stroke-like migraine attacks
after radiation therapy) (case 4) (Figure 5).

There was a case of midline glioma H3K27 mutant, with
extension into the thalamus and cerebellar peduncles DWI and
FDG PET correlated well, post-radiotherapy follow up, DWI
showed free diffusion suggesting resolution of the lesion (Case 5).

Another case with MRI T1 hyperintensity and CT
hyperattenuating lesion in the right cerebellum and brachium
pontis, suggested melanoma and it proved to be melanotic
schwannoma. MR PET whole body was asked to rule out
metastatic spread or any syndromic association (NF syndrome)
before planning excision. There was no diffusion restriction.
The enhancement pattern was confounded by the precontrast
T1 hyperintensity. The FDG pet showed uptake as expected
in schwannomas.

Whole-body MRI PET confirmed the SOL to be primary with
no associated syndrome or metastatic spread, as the primary or
secondary status could not be commented on histopathology.
PET behavior was similar to any schwannoma and showed
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FIGURE 5 | A 32 year old male postoperative, post-radiotherapy case of Anaplastic mixed oligoastrocytoma left thalamus, 3 year follow up MRI FDG PET axial

images T2W (A) post-contrast T1 (B) Inverted DWI (C) DWI b2000 (D) ADC (E) NAC PET (F) show a postoperative cavity in the left parietal region. Anterior and

posterior to this there is a heterogeneously enhancing lesion with elevated perfusion. The lesion shows DWI restriction with hypermetabolism on PET. This is

suggestive of recurrence, but there is a large area of gyral enhancement due to SMART Syndrome. There is a false positive uptake on PET.

uptake. The T1 image identified it as a melanotic variant and
DWI labeled it as low grade (case 7). This case highlights the
importance of multimodality and whole-body imaging.

There was a case of lymphoma in the right external
capsule, DWI- FDG correlated well, but there was remote
hypermetabolism in bilateral frontal lobes mimicking multifocal
lymphoma with no lesion noted on MRI (Case 9).

Our Experience With Other Tracers
Tracers like F18 /C11 choline, C11 methionine, and Ammonia
(NH3) PET were assessed.

DWI correlated well with FDG tracers like C11 methionine in
cases of glioblastoma (Case 10–13) and F18 choline (Case 18–19)
(Figure 6).

Methionine had better specific uptake in small foci of
recurrence as compared to DWI, especially in low-grade glioma
(Case 10).

There was a case of recurrence of glioma with an incidental
meningioma (Figure 7), both recurrence and meningioma were
picked by C11 methionine PET but DWI helped to differentiate
the two. This case of meningioma showed no DWI restriction
and had post-contrast brilliant enhancement. PET showed false-
positive uptake irrespective of the grade of the tumor (Case 14).

There were cases of midline glioma in which both
C11methionine PET and DWI correlated well. However,
the intensity of uptake was more in methionine than DWI
(Case 15).

Similar findings were noted in high-grade glioma recurrence
in which DWI andmethionine uptake was restricted to the tumor
area, unlike FDG which has another non-specific uptake in the
cortex, like in the case of SMART syndrome.

In the case of the recurrent atypical teratoid rhabdoid tumor
(Figure 8), DWI and C11methionine PET correlated well to
confirm recurrence (Case 16). In another case of recurrent
craniopharyngioma, DWI showed no restriction but uptake is
seen in C11 methionine PET (Case 17).

We had the case of a clear cell variant of Ependymoma
(Figure 9), evaluated with MR F18 choline PET. MRI DWI
showed small foci of recurrence in the background of radiation
necrosis. PET showed faint to no uptake as it was a clear cell
variant and F18 choline has variable behavior in this subtype (4)
(Case 20).

In all cases where there was DWI and PET, the correlation
grayscale inverted b2000 image corresponded with the NAC
image of PET, which has the potential to be an excellent
biomarker in neuro-oncology workup.
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FIGURE 6 | A 52 year old female with a headache for 1 year with recent onset of a seizure. MRI PET (F18 CHOLINE) axial images T2W (A) post-contrast TW (B)

Inverted DWI (C) DWI b2000 (D) ADC (E) NAC PET (F) shows Ill-defined infiltrative heterogeneous lesion in the right frontal lobe with invasion to corpus callosum

showing intense heterogeneous enhancement. The lesion shows DWI restriction with hypermetabolism on PET. There is a match on the inverted DWI image and the

NAC PET image, which is suggestive of Glioblastoma.

Discussion
This study evaluated the simultaneous acquisition of MR-DWI
and PET data in the patients with suspected ICSOL, mainly
focusing on gliomas and also other histotypes.

In lesion based sensitivity, the specificity of DWI was
comparable with those of PET and in agreement with earlier
published studies (5, 6).

In our study, we used the trace image as it nullifies T2
shine-through the effects of gliosis, and vasogenic edema, which
is commonly associated with the tumor and postoperative
and post-radiotherapy cases, and only tissue with increased
cellularity is seen as bright on the trace image. A high
b value (b2000) was generated to further decrease the
background of the T2 effects and increase the contrast
noise ratio. Synthetic high b value generation helps save
time on the scanner and gives similar images, allowing
retrospective analysis. We inverted this b2000 trace image
to make it look like a PET AC corrected image. The
ADC image does not have a good PET-like appearance and
background parenchyma suppression is suboptimal to pick
small foci.

This DWI-PET study suggests that DWI can be planned as
a surrogate marker and saves time, which helps in surveillance
imaging. Both DWI and PET have a resolution of 3–4mm
thick sections. In the case of tumor, DWI highlights cellularity
and is immune from blood-brain barrier dysfunction and
helpful in differentiating recurrence from enhancing radiation
necrosis and in diagnosing non-enhancing recurrence (7).
PWI and MRS have a good correlation but, since it is
ROI-based, if the location of placement is wrong it can
be misleading.

DWI and PET have a good one-on-one correlation (8). A
combined DWI -PET increases true positive by nullifying the
false positive and negative of both MRI and PET such as bleed,
air/bone, the parenchyma interface artifacts of DWI, and the
non-specific uptake of FDG (9).

Glioma is graded as 1–4 based on the cellularity/mitotic
index. FDG PET has low sensitivity for grades 1 and 2, which
is very similar to DWI (11). Excellent correlation was noted with
FDG and DWI for tumor margin delineation in the background
of radiation necrosis as compared to other MRI parameters
(11). Tracers such as methionine and choline are better for
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FIGURE 7 | A 59 year old female with Glioma, incidentally detected a lesion in follow up MRI C-11 Methionine PET axial images T2W (A) post-contrast T1 (B) Inverted

DWI (C) DWI b2000 (D) ADC (E) NAC PET (F) shows a broad-based T2 hypointense intensely enhancing in the left inferior temporal convexity. The lesion shows no

DWI restriction with hypermetabolism on PET. S/O meningioma. False-positive uptake of meningioma by methionine.

low-grade tumors and recurrence of the low-grade tumor as
compared to DWI–FDG PET in combination with conventional
MRI for characterizing the lesion further into a meningioma or a
glioma etc.

The intensity of uptake and DWI grayscale matches with
FDG but not with other tracers. Tumor volume was better
delineated with DWI and methionine as compared to FDG and
GHA wherein lesions with increased SUV often had exaggerated
volumes and a spill-over effect. The FDG intensity reflects
the metabolic behavior and can help plan the intensity of
radiotherapy and prognosticate whereas MRI can help define
borders (12).

This paper highlights the role of a high b value DWI
weighted image trace image with grayscale inversion, which is
excellent for achieving a PET-like image. Since a close correlation
between DWI and FDG has been established, developing high
b value DWI as a biomarker can help in treatment response
assessment in close intervals without risk of contrast, radiation,
and cost.

Our experience of DWI–PET with other histotypes of brain
tumor and tracers highlighted the need to know false positive
and negative rates associated with FDG and other tracers and

interpret PET along with MRI parameters (13) such as DWI,
ASL, PWI, MRS, SWI and CEMRI for further characterization
and diagnosis. False-positive uptake in meningioma (9) was
noted with free diffusion and brilliant enhancement. This type
of MR correlation is very important in syndromes such as
Neurofibromatosis wherein both glioma and meningioma can
coexist and identify malignant transformation. Similarly, brain
tuberculoma can show raised FDG uptake and can mimic tumors
with high SUV (14) but MRI DWI can show free diffusion and
aids in differentiating them (15).

Simultaneous MR/PET of the brain and whole body helps
confirm whether a lesion is a primary CNS lesion rather than
metastases/systemic lymphoma. Overall hybrid imaging has
many advantages such as increasing the diagnostic accuracy to
demarcate viable tumor margin, planning therapy, and patient
management and treatment response (16). Knowledge of the
advantages and pitfalls of each modality is required. CT MRI
provides excellent cross-sectional imaging with MRI having a
resolution of up to 1mm as compared to PET, which has
a resolution of 4mm. Structural MRI has excellent spatial
resolution and is well-suited to differentiate tumors from edema,
hemorrhage other features such as raised ICP. Advanced MRI
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FIGURE 8 | A 33 year old female postoperative, post-radiotherapy case of Embryonal tumor compatible (atypical teratoid rhabdoid tumor) 1 year follow up MRI C-11

Methionine PET axial images post-contrast T1 (A) ASL (B) Inverted DWI (C) DWI b2000 (D) ADC (E) NAC PET (F) showed Multiple enhancing dural based lesions are

seen in bilateral frontal convexity and anterior falx with elevated perfusion. The lesion shows DWI restriction with hypermetabolism on PET. There is a match on the

inverted DWI image and the NAC PET image, which is suggestive of recurrence.

such as ASL, DWI, PWI, SWI, and MRS also provide blood flow
cellularity and metabolic information (10).

PET tracers give information on subcellular processes based
on the radiopharmaceutical used such as glucose/amino
acid metabolism and so on. Though tumor biology is
associated with tracers to map increased glucose consumption,
increased expression of amino acid transporters, increased
proliferation rate, increased membrane biosynthesis, increased
perfusion, and hypoxia are available and a commonly
used tracer is glucose consumption imaging. FDG reflects
increased tumor glucose metabolism, glycolysis via the
GLUT receptors, and apoptosis rate /mitotic index in
tumors. Some low-grade tumors with increased expression
of GLUT receptors such as pilocytic astrocytoma and neuroma
etc. can show high uptake of FDG. In these cases, MRI
DWI can help differentiate benign tumors from high-grade
lesions (17).

Amino acid PET imaging such as ammonia, methionine,
FET, FLT, FDOPA deals with part of tumor biology related to
histopathology with the Ki-67 index, proliferating cell nuclear
antigen, and microvessel density (18).

A knowledge of biological distribution of different tracers in
brain is required before interpretation for example ammonia
is transported by process of diffusion and others are carrier
mediated and dependent on BBB damage. Areas which lack BBB
such as choroid plexus and pituitary gland can show uptake (F-
thymidine and F choline) (19). Choice of tracers for brain tumor
in these location should be planned accordingly. FLT may have
lower specificity for low grade tumors as compared tomethionine
PET.

Methionine has a better background suppression as compared
to choline and thymidine and is preferred in tumor imaging.
Normal distribution of this tracer should be known and non
tumor conditions such as demyelination or abscess can also show
methionine uptake (20).

F DOPA is another tracer but can be taken up by other sol such
as meningioma etc. Overall since FDG, methionine and FDOPA
uptake is affected by body metabolism and knowledge of patient
preparation is required such as controlled sugars, seizure free, low
protein diet, off dopaminergic drugs for the above tracers (21).

In our series we don’t have experience with FET, FLT or
FDOPA for tumour and its correlation with DWI or MRPWI.

Frontiers in Neurology | www.frontiersin.org 13 September 2021 | Volume 12 | Article 627247101

https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://www.frontiersin.org/journals/neurology#articles


Mangalore et al. High b Value Diffusionimaging of CNS Tumors

FIGURE 9 | A 34 year old female postoperative case of anaplastic clear cell Ependymoma, 7 year follow up MRI F-18 choline PET axial images SWI (B) postcontrast

T1 (A) Inverted DWI (C) DWI b2000 (D) ADC (E) NAC PET (F) showed a Swiss cheese and nodular enhancement lesion in the right parietal region. The lesion shows

DWI restriction with hypermetabolism on PET. There is a match on the inverted DWI image and the NAC PET image, which is suggestive of recurrence.

Hypoxia imaging with FMISO helps demarcate tumor margins
and angiogenesis. Perfusion imaging with radio water reflects
angiogenesis that correlates with VEGF and antigen ki6 on
histopathology which make tumor more aggressive and resistant
to radiotherapy (22). Molecular imaging with hybrid technology
expands the scope of tracers and imaging in vivo. Newer
chemistry derivatives can be used either with Gadolinium
particles, Nano particles for MRI or radiotracers for PET or
fluorescein for optical imaging. It is an exciting field for in vivo
imaging (16).

This paper has some limitations. First, the limited sample size
and study design involved visual interpretation rather than voxel-
wise correlation by fusing DWI and PET images because of quick
analysis, reproducibility, and non-time consumption. Rather
than highlighting the differences between DWI and PET, this
paper says that both are complementary. The difference between
the image and the representative histopathological specimen
limited the proof of concept.

The preliminary results of this study need to be confirmed
in a larger patient population. Further studies are planned
to extend parameter inclusion and quantification. The main
strength of this paper is that this study involves a broader
spectrum of CNS ICSOL imaged with multiple types of PET

tracers and all cases have been followed up to establish
the diagnosis.

CONCLUSION

The role of imaging is not about characterizing the lesion but
trying to extract virtual histopathology-like features in vivo and,
additionally, keep pace with newer modes of tumor treatment
regimens that target different pathways of a tumor. This approach
has led to the development of multimodality advanced hybrid
imaging. Although DWI and FDG-PET reflect different tissue
properties, there may very well be an association between the
measures of both methods, most probably because of increased
cellularity and the glucose metabolism of FDG-avid CNS
lesions. Presently PET is an adjunct to MRI in neurooncology.
DWI helps pick the lesion, calculate tumor volume, and
predict appropriate early post-treatment tumor response. MRI
is a good tool when multi-time point imaging is required
for the diagnosis of a tumor, for planning therapy, post-
treatment response, and further surveillance. DWI acts as
a surrogate to FDG PET and has promising potentials for
clinical translation.
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Using only increasing contrast enhancement as a marker of malignant transformation (MT)
in gliomas has low specificity and may affect interpretation of clinical outcomes. Therefore
we developed a mathematical model to predict MT of low-grade gliomas (LGGs) by
considering areas of reduced apparent diffusion coefficient (ADC) with increased contrast
enhancement. Patients with contrast-enhancing LGGs who had contemporaneous ADC
and histopathology were retrospectively analyzed. Multiple clinical factors and imaging
factors (contrast-enhancement size, whole-tumor size, and ADC) were assessed for
association with MT. Patients were split into training and validation groups for the
development of a predictive model using logistic regression which was assessed with
receiver operating characteristic analysis. Among 132 patients, (median age 46.5 years),
106 patients (64 MT) were assigned to the training group and 26 (20 MT) to the validation
group. The predictive model comprised age (P = 0.110), radiotherapy (P = 0.168),
contrast-enhancement size (P = 0.015), and ADC (P < 0.001). The predictive model
(area-under-the-curve [AUC] 0.87) outperformed ADC (AUC 0.85) and contrast-
enhancement size (AUC 0.67). The model had an accuracy of 84% for the training
group and 85% respectively for the validation group. Our model incorporating ADC and
contrast-enhancement size predicted MT in contrast-enhancing LGGs.

Keywords: malignant transformation, contrast enhancement, apparent diffusion coefficient, model prediction and
validation, low-grade gliomas
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INTRODUCTION

Malignant transformation (MT) of low-grade gliomas (LGGs) is the
histopathologic progression of grade II World Health Organization
(WHO) tumors to WHO grade III or IV tumors. LGGs account for
14.6% of gliomas in population-based studies (1) and may remain
stable clinically and by imaging for years after initial diagnosis and
treatment. MRI features suggesting disease progression include
enlargement of non-enhancing areas and increasing enhancement
on post-gadoliniumT1-weighted images. However, tumors showing
these featuresmay remainWHOgrade II orundergoMTandcorrect
diagnosis requires histopathologic confirmation. Because of potential
risks and costs associated with histopathologic confirmation,
increased contrast enhancement is frequently used as a surrogate
marker forMT in clinical practice, research studies, and clinical trials
ofLGG. In thewidelyusedResponseAssessment inNeuro-Oncology
criteria (2), an increase of enhancement is regarded as MT.

In a recent study, the specificity of using increased contrast
enhancement to detect MT was 57%, despite a sensitivity of 92%
(3). Among LGGs with increasing contrast enhancement, the
percentage of tumors that remained grade II ranges from 18-37%
(3, 4). Also, increasing contrast enhancement may be associated
with treatment-related changes (5, 6). This limited accuracy of
using increasing contrast enhancement to diagnose MT was
recognized in a consensus article recently published by the
Society for Neuro-Oncology and the European Association of
Neuro-Oncology (7). Therefore, using increasing contrast
enhancement as a marker of MT may result in overtreatment
of patients whose tumors remain low-grade, errors in the results
of research studies, and misinterpretation of clinical benefits of
new therapies. Because of the issues associated with increasing
contrast enhancement, it is crucial to search for imaging markers
that can accurately diagnose MT.

Diffusion-weighted imaging (DWI) identifies high-grade
gliomas by their low apparent diffusion coefficient (ADC) values
(8, 9). In a study investigating multiple diffusion tensor imaging
parameters, ADC showed the highest diagnostic performance in
differentiating between LGGs and high-grade gliomas (9). A recent
study demonstrated the utility of DWI in predicting MT of LGGs
(10). Since ADC values can be heterogeneous in previously treated
LGGs (11), the choice of regions for ADCmeasurements affects its
reproducibility and accuracy in diagnosing MT. To the best of our
knowledge, the role of DWI in diagnosing MT has not been
investigated among LGGs with increased contrast enhancement.
In our study which used histopathology as the gold standard, we
aimed to develop a regressionmodel based on clinical and imaging
factors to predict MT in a group of patients with LGGs with
increased contrast enhancement on follow-up MRI studies.
MATERIALS AND METHODS

Patients
This retrospective study was performed after institutional review
board approval. The need to obtain patient informed consent was
waived by our review board (202100387B0). Patients were selected
from our brain tumor database if theymet the following criteria: 1)
Frontiers in Oncology | www.frontiersin.org 2105
prior pathologic diagnosis of LGG and follow-up MRI studies
performed between 2004 and 2020 showing increasing contrast
enhancement; 2) having undergone surgery due to increased
contrast enhancement with the resected tumor being grade II,
III, or IV gliomas; 3) availability of DWI, and 4) removal of tumor
regions with increased contrast enhancement confirmed by
follow-up MRI. Increasing contrast enhancement was defined as
new enhancement in previously non-enhancing regions, new
separate lesions with contrast enhancement, or at least a 25%
increase in the size of enhancement in previously enhancing
regions at baseline. Baseline was the first follow-up MRI study
after surgery. Increased contrast enhancement was confirmed by
neuroradiologists who compared the baseline MRI and the most
recent MRI before the next surgery. Patients with multiple
surgeries for separate events of increasing contrast enhancement
were included until they experienced MT. Each instance of
increasing contrast enhancement was treated independently.
Histopathologic diagnosis was made by a board-certified
neuropathologist according to the 2000 WHO classification of
CNS tumors before 2007, the 2007 WHO classification from 2007
to 2016, and the 2016WHO classification after 2016. We excluded
patients younger than 18 years of age at initial diagnosis, those
with a diagnosis of radiation necrosis, and those in whom DWI
showed susceptibility artifacts that hindered interpretation.

Between 2004 and 2020, 306 patients with LGGs were regularly
followedup inour institutionafter initial diagnosis and treatment.On
follow-up MRI studies, 132 patients had 149 instances of increasing
contrast enhancement leading to surgery. Seven patients with 9
instances of radiation necrosis were excluded. Eight instances of
increasing contrast enhancement were excluded due to the lack of
DWI studies. Removal of brain regions with increasing contrast
enhancement was confirmed in 44 instances with intraoperative
MRI, in 34 with postoperativeMRI performed within 1 week, and in
46with postoperativeMRI performed between 2-12weeks.Ourfinal
study population consisted of 118 patients with 132 MRI studies
(48grade II, 40 grade III, and44grade IV).Figure1 shows thepatient
selection process.

Clinical and Imaging Information
Patient medical records were retrospectively reviewed to collect
information including sex, age, and Karnofsky Performance Scale
score (KPS) at the time of increased contrast enhancement,
histologic subtypes (diffuse astrocytoma, oligoastrocytoma, or
oligodendroglioma), isocitrate dehydrogenase 1 (IDH1) mutation
status (12), disease duration (time interval between first
histopathologic diagnosis of LGG and subsequent increased
contrast enhancement), adjuvant therapy received before
increased contrast enhancement, post-radiation therapy duration
(time interval between the end of radiation therapy and subsequent
increasedcontrast enhancement), and tumorgradesassociatedwith
increased contrast enhancement. The first follow-up MRI studies
after the last operation were reviewed for the presence of baseline
residual tumor.

MRI Parameters
MRI examinations were performed at 1.5 T (N = 14) or 3.0 T (N =
118). All examinations included a T2-weighted sequence, DWI, and
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T1-weighted sequences acquired before and after administration of
0.1 mmol/kg body weight gadopentetate dimeglumine (Magnevist;
Schering, Berlin, Germany). MRI parameters are provided in
Table 1. Isotropic DWI and ADC maps were generated using
software provided by the manufacturers.

Measurements of Tumor Size and ADC
All imaging data were transferred to an independent workstation
and processed using nordicICE (nordic Image Control and
Evaluation Version 2, Nordic Imaging Lab, Bergen, Norway). Co-
registration of T2-weighted and post-contrast T1-weighted images
to ADC maps were based on a 3D non-rigid transformation and
mutual information. Adequacy of registrationwas visually assessed
and manually adjusted. Blinded to the final pathologic results, 2
board-certifiedneuroradiologistswith20 and17yearsof experience
independently measured contrast enhancement size, whole tumor
size, and tumorADConallMRI studies. Post-contrast T1-weighted
Frontiers in Oncology | www.frontiersin.org 3106
images in axial, coronal, and sagittal planes were used to localize
increased contrast-enhancing tumor portions. These tumor
portions were carefully chosen to include as much of the
enhancing regions as possible and avoid the inclusion of necrosis,
cysts, hemorrhage, edema, calcifications, and normal-appearing
brain. Size of the contrast-enhancing regions was the product of the
largest diameterof the increased contrast-enhancingportionand its
perpendicular length on a single post-contrast transverse image.
The size of the whole tumor, which included both enhancing and
non-enhancing components, was measured on transverse T2-
weighted images. If multiple lesions were present, the largest 3
were selected and their products were summed.

ADC was measured by placing a region of interest (ROI) of 30
mm2 or larger on the tumor portion with increased contrast
enhancement (Figure 2). The ROI was drawn to cover the largest
axial tumor cross-section, after excluding necrosis, macroscopic
hemorrhages, and calcifications.
FIGURE 1 | Flowchart of patient selection process. DWI, diffusion-weighted imaging.
September 2021 | Volume 11 | Article 744827
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Morphologic Assessment
Blinded tofinal pathology results, 3 board-certified neuroradiologists
with 6, 17, and 20 years of experience independently assessed the
contrast enhancementpatterns.Contrast enhancementpatternswere
categorized into solid (>70% area of the whole tumor on transverse
image), scattered, or rim enhancing.

Statistical Analysis
Intra-class correlation coefficient (ICC) analysis, with a two-way
random-effects model, was used to assess agreement between
observers for measurements of ADC, whole tumor size, and
contrast enhancement size. For each ROI of these measurements,
the mean of the observers’ measurements was adopted as the
final value. Fleiss’s kappa testing was used to evaluate observer
agreement for contrast enhancement patterns and the majority’s
opinion was designated as the final pattern.

Tovalidate ourmodel for thepredictionofMTinLGGs, patients
were split into trainingandvalidation groups.According to the time
ofhistopathologic diagnosis, instancesdiagnosedbetween2004 and
2018 were included in the training group and those diagnosed
between 2018 and 2020 in the validation group.

Data of the training group were used to develop the study
model. Univariate logistic regression was applied to test if the
following variables could predict MT: sex, age, KPS, histologic
subtype, IDH1 mutation, disease duration, presence of baseline
residual tumor, radiotherapy (RT), post-RT duration,
chemotherapy, whole tumor size, contrast enhancement size,
contrast enhancement pattern, and ADC. Selected variables with
P-values < 0.10 by univariate analysis were subjected to
multivariate analysis using logistic regression with a backward
Frontiers in Oncology | www.frontiersin.org 4107
selection procedure. Starting from the highest P-value, a backward
elimination process by using the Wald test was applied to discard
variables that did not contribute significantly to the prediction
concluding with the most parsimonious model to identify MT
(13). Odds ratios and 95% CIs were calculated to demonstrate the
relative risk of each significant factor for MT. Using receiver
operating characteristic curve analysis, areas under the curve and
cutoff values of statistically significant factors and regression
models were determined. Cutoff values with the highest
sensitivity and lowest false-positive rates were chosen to
calculate sensitivity, specificity, and accuracy of each significant
factor and model. A commercially available statistical software
package (SPSS 23, IBM, Armonk, NY) was used for analysis, and
P-values < 0.05 were considered to indicate significance.

By inputting the data of the validation group into the study
model formula developed by multivariable regression, the MT
probabilities for each instance of the validation group were
obtained. Using a cut-off probability of 0.5, these MT
probabilities were tabulated to calculate the respective sensitivity,
specificity,PPV,andNPVfor thisgroup tovalidate the studymodel.

To further validate the study model developed using
multivariate regression, we performed classification and
regression trees method (CART) with k-fold cross validation
using the ‘Tree’ command in the SPSS 23 software package (14,
15). All patients were randomly divided into a training set (80%)
and a validation set (20%). Using data of the training set, the CART
was applied to develop amodel withMT as the dependent variable.
The independent variables were the parameters included in the
most parsimonious model generated using multivariate regression.
Five-fold cross validation was performed to validate the model
TABLE 1 | MRI parameters.

Field
strength

Vendor Model Patients Sequence TR
(ms)

TE
(ms)

TI
(ms)

In-plane resolution
(mm2)

Slice thickness
(mm)

Slice gap
(mm)

3 T Siemens Magnetom Trio 87
T2W 4000 90 0.43 × 0.43 4 0

Post-contrast
MPRAGE

2000 2.6 900 1.0 × 1.0 1 0

DWI 5300 93 1.15 × 1.15 4 0
3 T Philips Ingenia 24

T2W 4500 100 0.68 × 0.68 4 1
Post-contrast T1TFE 8 3.5 950 1.0 × 1.0 1 0

DWI 4000 60 1.78 × 1.78 4 1
3 T GE Discovery

MR750
7

T2W 5400 107 0.43 × 0.43 4 1
Post-contrast

BRAVO
8.2 3.2 450 1 × 1 1 0

DWI 6000 65 0.86 × 0.86 4 1
1.5 T Philips Intera 6

T2W 4000 90 0.41 × 0.41 5 1.5
Post-contrast T1W 420 11 0.41 x 0.41 5 1.5

DWI 3200 60 0.82 × 0.82 5 1.5
1.5 T GE Optima MR450 8

T2W 5300 100 0.45 × 0.45 5 2
Post-contrast

BRAVO
7.8 3.2 450 1 × 1 1 0

DWI 6000 74 0.86 × 0.86 5 2
Septembe
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DWI performed using 3 diffusion gradients with b values 0 and b = 1000 s/mm2. T2W, T2-weighted; T1W, T1-weighted; DWI, diffusion-weighted imaging; TR, repetition time; TE, echo
time; TI, inversion time; MPRAGE, magnetization-prepared rapid acquisition with gradient echo; TFE, turbo field echo; BRAVO, brain volume imaging.
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based on the selected parameters. This model was applied to the
validation set to assess the performance of the prediction.
RESULTS

Patient Demographics
Table 2 is an overview of clinical and imaging information of 132
instances. One hundred and six instances (median age, 46 years;
interquartile range, 27–65 years; 68 male patients) were included
Frontiers in Oncology | www.frontiersin.org 5108
in the training group and 26 instances were included in the
validation group.

Interobserver Agreement
There were excellent interobserver agreements in themeasurement
of contrast enhancement size (ICC = 0.958, 95% CI = 0.941–0.970,
P < 0.001), whole tumor size (ICC = 0.935, 95% CI = 0.903–0.955,
P<0.001) and tumorADC (ICC=0.924, 95%CI=0.891–0.947,P<
0.001). Interobserver agreement among the 3 readers was
substantial-to-perfect for categorization of contrast enhancement
FIGURE 2 | Images in a 40-year-old man with low-grade glioma with increased contrast enhancement but preserved grade II histology. (A) Axial apparent diffusion
coefficient, and (B) Axial post-contrast T1-weighted images show region-of-interest placement in the contrast-enhancing solid portion of the right frontal tumor.
Images in a 58-year-old man with low-grade glioma with increased contrast enhancement and malignant transformation. (C) Axial apparent diffusion coefficient, and
(D) Axial post-contrast T1-weighted images show region-of-interest placement in the contrast-enhancing solid portion of the left frontal tumor.
September 2021 | Volume 11 | Article 744827
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pattern (Fleiss’ kappa coefficient = 0.806, 95% CI = 0.801–0.810,
P < 0.001).

Study Model Development
Table 3 illustrates the results of univariate analysis in which
previous radiotherapy (P = 0.034), larger whole tumor size (P =
0.033), larger contrast enhancement size (P = 0.006), and lower
ADC (P < 0.001) were associated with MT (Figure 3). On ROC
analysis, the discriminative power of contrast enhancement size
measured with AUC was 0.67 (95% CI: 0.57, 0.78). With 3.25
cm2 as the cutoff value, contrast enhancement size predicted MT
with a sensitivity of 48/64 (75%), specificity of 22/42 (52%), and
accuracy of 70/106 (66%) (Figure 4). The discriminative power
of ADC measured with AUC was 0.85 (95% CI: 0.79, 0.93). With
the cutoff value of 968.07 ×10-6 mm2/seconds, using ADC
predicted MT with a sensitivity of 55/64 (86%), specificity of
28/42 (67%), and accuracy of 83/106 (78%) (Figure 4).

Using multivariate logistic regression analysis with a
backward selection procedure, the most parsimonious model
for predicting MT was developed and consisted of age in years
(P = 0.110), radiotherapy (P = 0.168), contrast enhancement size
in cm2 (P = 0.015), and ADC in mm2/s (P < 0.001). The model
Frontiers in Oncology | www.frontiersin.org 6109
formula was logit (probability) = 8.152 - 0.038*Age
-0.853*Radiotherapy + 0.081*Contrast enhancement size -
0.006*ADC. On ROC analysis, the AUC of this model was 0.87
(95% CI: 0.81, 0.94) (Figure 4). With 0.5 as the probability cutoff
value, the sensitivity, specificity, and accuracy of this model in
diagnosing MT were 56/64 (88%), 33/42 (79%), and 89/106
(84%), respectively (Table 4).

Study Model Validation
By inputting the data of the validation group (26 instances) into
the study model formula, the model correctly classified MT in 22
of 26 instances (85%), with a sensitivity of 17/20 (85%) and
specificity of 5/6 (83%) (Table 4).

Using the CART with a 5-fold cross validation and
incorporating age, radiotherapy, contrast enhancement size,
and ADC as the independent variables, the model generated
with the training set (106 instances) correctly classified MT in 91
of 106 instances (86%), with a sensitivity of 58/66 (88%) and
specificity of 33/40 (83%) (Table 4). By applying this model to
the validation set (26 instances), MT was correctly classified in 23
of 26 instances (88%), with a sensitivity of 16/18 (89%) and
specificity of 7/8 (88%) (Table 4).
TABLE 2 | Clinical and imaging data of 132 instances with low-grade gliomas demonstrating increased contrast enhancement.

Clinical and Imaging Information Training Group (N =106) Validation Group (N = 26) All Instances (N = 132)

Sex
Female 38 (55.9%) 8 (30.8%) 46 (34.8%)
Male 68 (64.2%) 18 (69.2%) 86 (65.2%)

Age range (year) 48 ± 12* 51, 23# 47, 19#

Karnofsky performance status 90, 10# 88.2 ± 9.1* 90, 10#

Histologic subtype
Diffuse astrocytoma 32 (30.2%) 11 (42.3%) 43 (32.6%)
Oligoastrocytoma 30 (28.3%) 5 (19.2%) 35 (26.5%)
Oligodendroglioma 44 (41.5%) 10 (38.5%) 54 (40.9%)

Isocitrate dehydrogenase 1 mutation
Wild-type 14 (13.2%) 4 (15.4%) 18 (13.6%)
Mutant 66 (62.3%) 20 (76.9%) 86 (65.2%)
Not available 26 (24.5%) 2 (7.7%) 28 (21.2%)

Baseline residual tumor
Yes 80 (75.5%) 14 (53.8%) 94 (71.2%)
No 26 (24.5%) 12 (46.2%) 38 (28.8%)

Disease duration (year) 4.6, 6# 4.8, 6.3# 4.7, 5.9#

Adjuvant therapy
Radiotherapy 80 (56.3%) 22 (100%) 102 (61.4%)
Carmustine implant 49 (34.5%) 0 49 (29.5%)
Temozolomide 13 (9.2%) 0 15 (9.0%)

Post- Radiotherapy duration (month) 42.8, 68.4# 56.7 ± 46.1* 42.8, 60.1#

Whole tumor size (cm2) 8, 14.6# 9.8, 18.4# 9, 14.3#

Contrast enhancement size (cm2) 5, 13.5# 10.9 ± 12.8* 5, 13.3#

Contrast enhancement pattern
Solid 32 (30.2%) 7 (26.9%) 39 (29.5%)
Scattered 44 (41.5%) 11 (42.3%) 55 (41.7%)
Rim 30 (28.3%) 8 (30.8%) 38 (28.8%)

Apparent Diffusion Coefficient (×10-6 mm2/s)
< 968 56 (52.8%) 16 (61.5%) 72 (54.5%)
> 968 50 (47.2%) 10 (38.5%) 60 (45.5%)

Tumor grade
II 42 (39.6%) 6 (23.1%) 48 (36.4%)
III 30 (28.3%) 10 (38.5%) 40 (30.3%)
IV 34 (32.1%) 10 (38.5%) 44 (33.3%)
September 2021 | Vo
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TABLE 3 | Univariate analysis of factors associated with malignant transformation in the study group (106 instances).

Factors Malignant Transformation P Value OR 95% CI

No Yes

Sex .70 1.18 0.52-2.64
Male 26 42
Female 16 22

Age (year) 50 ± 12 47 ± 13 .09 0.97 0.94-1.00
Karnofsky performance status 90, 12.6 90, 15 .52 1.01 0.98-1.05
Histologic subtype .29 NA NA
Diffuse astrocytoma 13 19
Oligoastrocytoma 15 15
Oligodendroglioma 14 30

Isocitrate dehydrogenase 1 mutation .38 NA NA
Yes 25 41
No 13 13

Disease duration (year) 4.2, 4.0 4.9, 4.2 .59 1.00 1.00-1.00
Baseline residual tumor .13 0.47 0.18-1.25
Yes 35 45
No 7 19

Radiotherapy .03 9.46 1.18-75.78
Yes 36 44
No 6 20

Post-radiotherapy duration (month) 42.5, 48.4 46, 49.1 .99 0.99 0.99-1.01
Chemotherapy .12 1.94 0.85-4.47
None 30 36
Carmustine implant 16 33
Temozolomide 1 12

Whole-tumor size (cm2) 3.8, 9.7 12.0, 9.1 .03 1.05 1.00-1.09
Contrast enhancement size (cm2) 2.0, 7.0 6.8, 10.2 .01 1.09 1.02-1.15
Contrast enhancement pattern (cm2) .64 0.89 0.53-1.48
Solid 11 21
Scattered 19 25
Rim 12 18

Apparent Diffusion coefficient (×10-6 mm2/s) 1137.0 ± 287.8 880.3 ± 257.2 < 0.001 0.99 0.99-1.00
Frontiers in Oncology | www.frontiersin.org
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Data are mean ± SD for age; data are median, interquartile range for Karnofsky performance status, disease duration, post-radiotherapy duration, whole-tumor size, contrast enhancement
size, and apparent diffusion coefficient.
A B

FIGURE 3 | Boxplots between contrast-enhanced tumor portions with malignant transformation and those that remained WHO grade II regarding (A) Apparent
diffusion coefficient, and (B) Contrast-enhancement size.
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DISCUSSION

Our results showthat ifweused increasing contrast enhancement as
an indication of MT in LGGs, one-third (48/132) of them would
remain grade II. Amultivariate logistic regressionmodel, including
age, presence of radiotherapy,ADCand contrast enhancement size,
was established to predict MT (accuracy: 84%, sensitivity: 86%,
specificity: 79%). This model was further validated by using data of
26 recently recruited instances (accuracy: 85%, sensitivity: 85%,
specificity: 83%). By inputting clinical information and common
MRI parameters into the model formula the probability ofMT was
predicted with high accuracy.

In high-grade gliomas, decreased ADC (16, 17) is associated with
increased tumor cellularity. MT is expected to show decreased ADC
due to increased cellularity. Previous reports using ADC for
differentiation among glioma grades show variable results.
Differentiation between LGGs and high-grade gliomas can be
achieved using DWI in which ADC values of LGGs are
significantly higher than those of high-grade tumors (18, 19). A
recent report revealed significant ADC differences between grades II
andIII, grades II and IV,andbetweengrades IIand III-IVgliomas (9).
Conversely, a study of non-enhancing gliomas found no significant
ADC differences between LGGs and high-grade gliomas (20),
Moreover, a considerable overlap of ADC values have been found
Frontiers in Oncology | www.frontiersin.org 8111
betweengrade II andgrade IVgliomas (21) andbetweengrade III and
grade IV gliomas (19). These inconsistenciesmay be partly explained
by tissue heterogeneity in glial tumors (22). Because tumor grading
depends on the location of biopsies or surgical resection, such
heterogeneity may cause sampling errors and thus inaccurate
grading. In these previous studies, the location of contrast
enhancement was not cross-referenced to that of the ROI (8, 9, 18,
19).ADCvalueshavebeenused todetect earlyMTinLGG. Ina study
of 18patients undergoingMT(10), low intensity onDWIwasused to
target possibleMT. Similarly, because of heterogeneity of high-grade
glioma (23) and MT (11), portions of tumors with varying ADC
values may coexist making it difficult to locate those with the lowest
diffusion further reducing reproducibility.Of note is that inone series
contrast enhancement occurred simultaneously with restricted
diffusion in 12/18 (66%) patients and appeared about eight months
later in the remaining 6/18 (33%) patients with restricted diffusion
(10). Contrast enhancement was also found in the location of
restricted diffusion about 3 months later in 23/27 (85%) patients
with glioblastoma (10). These results suggest that contrast
enhancement is likely to appear within months after restricted
diffusion in high-grade gliomas. In our study, ADC was only
measured in tumor portions with increasing contrast
enhancement. Given that our model accurately diagnosed MT in a
subset of patientswith contrast-enhancing tumors, the combined use
A B

FIGURE 4 | Graphs show receiver operating characteristic curve plotted using calculated sensitivity against 1-specificity to assess test performance (area-under-the-
curve) in diagnosing malignant transformation. (A) Apparent diffusion coefficient and contrast-enhancement size, and (B) the multivariate logistic regression model.
TABLE 4 | Diagnostic accuracy of malignant transformation for study model and model validation.

Statistical Algorithm Sensitivity Specificity PPV NPV Accuracy

Multivariate regression Study model (106 instances) 0.88 0.79 0.86 0.80 0.84
Model validation (26 instances) 0.85 0.83 0.94 0.63 0.85

Classification and regression trees with 5-fold cross validation Study model (106 instances) 0.88 0.83 0.89 0.80 0.86
Model validation (26 instances) 0.89 0.88 0.94 0.78 0.88
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of ADC measurements and increasing contrast enhancement
improved the specificity by limiting the ADC measurement to the
contrast-enhancing tumor portions thus counteracting the effect of
tumor heterogeneity.

Recently, anMRS study diagnosingMT of LGGs with increased
contrast enhancement showed an accuracy of 89.6% (4). In that
study, using single-voxel protonMRS, the NAA/Cho ratio was the
only significant factor diagnostic of MT. Unlike that study, ours
used DWI and contrast-enhanced imaging which are included in
routine MRI protocols. Moreover, pre-localization of lesion as
needed for MRS was not required and imaging data can be
retrospectively processed to evaluate different tumor components,
for example, non-enhancing components. However, when the
results of imaging are uncertain using conventional MRI
techniques, MRS can be obtained to improve one’s interpretation.

In our study, the median time to MT was 5 years and thus
comparable to previously reported times to MT that range from 2.7
to 5.4 years (24, 25). However, in our study, none of the previously
identified factors (24–26), including old age, male sex, multiple tumor
locations, tumor size > 5 cm, adjuvant temozolomide, presence of
residual tumor, astrocytoma histology, and IDH wild-type, were
significant predictors of MT. This discrepancy may be attributed to
different criteria used forMT, suchas the fact that in our studyMTwas
confirmedwithhistologybut inothers, this confirmationwas imaging-
based insomepatients.Whilemostof thepreviouslymentionedfactors
were analyzed inour study,ADCwasnot assessedor analyzed in those
other studies. In our study, the combined effect of ADC and contrast
enhancement size onMTwas stronger than the effect of other factors
thus diluting the effect of those factors in the multivariate regression
model.More importantly, inother studies, the factorswere assessed for
associationswithMT, but in ours, various factorswere used to develop
a model to predict MT.

Deep learninghas recentlybecomeadominant formof supervised
machine learning method that uses a network architecture for a
specific application (27). For classification in neuroimaging, imaging
features are extracted and act as inputs to enter a neural network, like
the convolutional neural network (CNN), which outputs a
probability of the image belonging to each class. Deep learning
methods have been applied in multiple aspects of gliomas, using
MRI metrics to predict long-term outcome, treatment response like
pseudopregression, and tumor genetics including 1p19q codeletion,
O-6-methylguanine DNA-methyltransferase promoter, and IDH
mutations (28). A deep learning approach would be able to model
more complex and non-linear relationships between dependent and
independent variables. In contrast, the model presented in our study
is a simple linear relationship of limited clinicoradiologic features.
Ourmodelmaynot be as robust as onebuiltwithdeep learning in the
prediction of MT, but it allows assessments of the individual
associations between MT and clinicoradiologic parameters. This
information could be clinically important and is not available with
deep learningmethod. However, if a larger sample size was available,
applying a radiomic approach with deep learning to predict MT of
gliomas would be a focus of further investigation.

Only LGGs having increasing contrast enhancement were
included in our study. The exclusion of non-enhancing tumors
was a limitation of our study. Further study of MT in non-
Frontiers in Oncology | www.frontiersin.org 9112
enhancing tumors is necessary and should be performed using an
alternative approach instead of manual ROI placement, such as
whole-tumorhistogramanalysis. Second, ADCmeasurementsmay
be affected by heterogeneity in MRI units and protocols.
Unfortunately, these heterogeneities are inevitable in a study of
patients imaged over 17 years although it has been reported that
variability ofADCvalues across platforms is small (29). Thirdly, the
use of 2-dimensional measurements was a limitation of our study.
A recent study comparing volumetric segmentation and
bidimensional products in the assessment of glioblastoma
progression revealed that using the bidimensional measurement
was approximately 30% less accurate and tended to underestimate
tumor progression (30). Lastly, the inclusion of patients from a
single institution may limit the generalizability of our findings,
which can be improved by performing a more comprehensive
multicenter study using differentMRI scanners andMRI protocols.

In conclusion, a model incorporating ADC and contrast
enhancement size was established to predict MT in low-grade
gliomas with increased contrast enhancement. Compared with
using contrast enhancement size alone, taking into consideration
ADC more accurately diagnoses MT of low-grade gliomas.
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The shortly upcoming 5th edition of the World Health Organization Classification of

Tumors of the Central Nervous System is bringing extensive changes in the terminology

of diffuse high-grade gliomas (DHGGs). Previously “glioblastoma,” as a descriptive

entity, could have been applied to classify some tumors from the family of pediatric

or adult DHGGs. However, now the term “glioblastoma” has been divested and is

no longer applied to tumors in the family of pediatric types of DHGGs. As an entity,

glioblastoma remains, however, in the family of adult types of diffuse gliomas under the

insignia of “glioblastoma, IDH-wildtype.” Of note, glioblastomas still can be detected

in children when glioblastoma, IDH-wildtype is found in this population, despite being

much more common in adults. Despite the separation from the family of pediatric types

of DHGGs, what was previously labeled as “pediatric glioblastomas” still remains with

novel labels and as new entities. As a result of advances in molecular biology, most

of the previously called “pediatric glioblastomas” are now classified in one of the four

family members of pediatric types of DHGGs. In this review, the term glioblastoma is still

apocryphally employed mainly due to its historical relevance and the paucity of recent

literature dealing with the recently described new entities. Therefore, “glioblastoma” is

used here as an umbrella term in the attempt to encompass multiple entities such

as astrocytoma, IDH-mutant (grade 4); glioblastoma, IDH-wildtype; diffuse hemispheric

glioma, H3 G34-mutant; diffuse pediatric-type high-grade glioma, H3-wildtype and

IDH-wildtype; and high grade infant-type hemispheric glioma. Glioblastomas are highly

aggressive neoplasms. They may arise anywhere in the developing central nervous

system, including the spinal cord. Signs and symptoms are non-specific, typically of short

duration, and usually derived from increased intracranial pressure or seizure. Localized

symptoms may also occur. The standard of care of “pediatric glioblastomas” is not

well-established, typically composed of surgery with maximal safe tumor resection.

Subsequent chemoradiation is recommended if the patient is older than 3 years. If

younger than 3 years, surgery is followed by chemotherapy. In general, “pediatric

glioblastomas” also have a poor prognosis despite surgery and adjuvant therapy.

Magnetic resonance imaging (MRI) is the imaging modality of choice for the evaluation

of glioblastomas. In addition to the typical conventional MRI features, i.e., highly

heterogeneous invasive masses with indistinct borders, mass effect on surrounding
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structures, and a variable degree of enhancement, the lesions may show restricted

diffusion in the solid components, hemorrhage, and increased perfusion, reflecting

increased vascularity and angiogenesis. In addition, magnetic resonance spectroscopy

has proven helpful in pre- and postsurgical evaluation. Lastly, we will refer to new MRI

techniques, which have already been applied in evaluating adult glioblastomas, with

promising results, yet not widely utilized in children.

Keywords: advanced MRI, children, conventional MRI, diffusion-weighted imaging, glioblastoma, magnetic

resonance spectroscopy, perfusion weighted imaging

INTRODUCTION

This review was conceived and developed during a watershed
moment, in which major changes are occurring in how brain
tumors are classified. During the last few years, new concepts
and entities have emerged, and well-known diagnoses and
terminology have been abandoned. According to the shortly
upcoming 5th edition of the World Health Organization
Classification of Tumors of the Central Nervous System (CNS)
(WHO/CNS/5), the term “glioblastoma” is no longer applicable
for tumors in the family of pediatric types of diffuse high-grade
gliomas (DHGGs) (1). Glioblastoma only remains, as an entity,
in the family of adult types of diffuse gliomas (1).

As stated in the WHO/CNS/5, there are three components in
the family of adult types of diffuse gliomas and four in the family
of pediatric types of DHGG. The three adult types of diffuse
gliomas are represented by the (1) astrocytoma, IDH-mutant
(grades 2, 3, and 4); (2) oligodendroglioma, IDH-mutant, and
1p/19q-codeleted (grades 2 and 3) and (3) glioblastoma, IDH-
wildtype (grade 4) (1). The four pediatric types of DHGGs (all
grade 4 tumors) are represented by the (1) diffusemidline glioma,
H3 K27-altered; (2) diffuse hemispheric glioma, H3 G34-mutant;
(3) diffuse pediatric-type high-grade glioma, H3-wildtype and
IDH-wildtype; and (4) infant-type hemispheric glioma (1). This
review will focus on the pediatric types of DHGGs (except the
diffusemidline glioma, H3K27-altered) and the two grade 4 adult
types of diffuse gliomas, namely the astrocytoma, IDH-mutant
grade 4 (formerly known as glioblastoma, IDH-mutant), and the
glioblastoma, IDH-wildtype (1). These two latter diffuse gliomas
are typically found in adults, but can also occasionally occur in
older children, particularly teenagers.

Despite the separation and removal of the term “glioblastoma”
from the family of pediatric type DHGGs, as per the
WHO/CNS/5 (1), this paper will still apocryphally employ the
term due to a number reasons, including: (1) its preeminent
historical relevance, (2) the bulk of the available neuro-
oncology literature refers to it as glioblastoma, (3) the paucity
of recent literature explicitly dealing with the most current
classification (WHO/CNS/5), and (4) a convenient way to
refer to grade 4 DHGGs that can occur in children, beyond
the diffuse midline glioma, H3 K27-altered, and glioblastoma,
IDH-wildtype, which may still be sometimes seen in the
pediatric population.

Studies on glioblastomas in children are more limited in
number than their adult counterparts, despite this tumor’s

clinical relevance and the substantial patient burden that
accompanies this diagnosis. Even though “glioblastomas in

children” share similar morphological characteristics to adult

glioblastomas, they are much less common and present distinct

gene expression and molecular profiles, explaining observed
differences in adjuvant treatment response. Given their relative
rarity, most of the available literature relies on studies involving

small numbers of patients in the form of case reports and
small case series. Fundamental concepts of pathology, clinical

features, management, structural imaging, and advanced imaging

techniques (some not widely available such as metabolic and
physiologicmagnetic resonance imaging) to study “glioblastomas
in children” will be reviewed.

BACKGROUND

Glioblastomas are highly aggressive tumors whose cell of origin

is not fully clarified. They are the most lethal and most common
primary CNS neoplasm in adults, with incidence peak in the
sixth and seventh decades (2). They are relatively rare in children,
representing 0.6–7.9% of all “glioblastomas” (3), and accounting
for 3–15% of all primary pediatric CNS tumors (4). They can
occur at any age, more frequently around the second decade of
life (4–6).

“Glioblastomas” may arise anywhere in the developing
CNS. Their most common location is in the supratentorial

compartment (7), occurring in 30–50% of the patients in the
cerebral hemispheres (8). Involvement of deeper structures
such as the thalamus, corpus callosum, and hypothalamus

is less common (9). Spinal cord involvement is rare,
representing only 3% of all cases (8). Very rarely “pediatric
glioblastomas” may occur in the cerebellum (1–2% of all
patients) (10).

Signs and Symptoms
Signs and symptoms are often non-specific, typically of short
duration, and usually result from increased intracranial pressure
(headache, behavior changes, early morning nausea/emesis,
diplopia, papilledema, and altered sensorium) (4, 5, 11). In
addition, localizing symptoms may occur, namely focal motor
deficits, hemiplegia, pyramidal tract findings, dysmetria, and
chorea (12). Infants and young children may also manifest
ambiguously with failure to thrive, lethargy, and macrocephaly.
Finally, precipitous neurological deterioration may also occur,
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FIGURE 1 | Diffuse hemispheric glioblastoma, H3 G34 mutant (histologic

“glioblastoma”) demonstrating high cellularity, nuclear pleomorphism,

microvascular proliferation (arrows), necrosis (asterisks), and mitotic figures

(arrowheads). HandE stain, 100x magnification.

commonly from intratumoral hemorrhage or seizures (9).
Seizures may be present in around 30% of affected children, more
commonly when lesions are superficially located in the frontal or
temporal lobes (5, 11, 13).

Pathology and Molecular Diagnosis
“Glioblastomas” are typically large, highly vascularized,
heterogeneous, and infiltrative masses, and often have irregular
margins. On gross pathology, the peripheral rims are pink-gray
and solid andmay contain a yellow, soft necrotic center, and often
contain hemorrhagic foci (14). Microscopically, they typically
show increased cellularity, high mitotic activity, pleomorphic
cells, microvascular proliferation, and necrosis (Figure 1). There
are no gross or microscopic histologic differences between
“glioblastomas” affecting adults or children (15–17); however,
certain histologic subtypes may be more frequently encountered
in specific age groups.

Their diffusely infiltrative behavior is characteristic, typically
showing hypercellularity, nuclear atypia, necrosis (which may be
pseudopalisading), and vascular endothelial cell proliferation.
Glioblastomas are friable and highly vascularizedmasses in which
thrombosed vessels, bleeding, and necrosis can be identified (18).
Calcification is atypical but can be seen in radiation-associated
“secondary glioblastomas.” Radiation-associated “secondary
glioblastomas” may be observed many years following CNS
radiation treatment for childhood malignancies, including
leukemia and other brain tumors such as medulloblastomas and
ependymomas (Figure 2) (18). However, radiation-associated
“secondary glioblastomas” are uncommon, with an average time
to develop around 9 years (18). Contrary to adult patients, the
progression of low-grade gliomas into “secondary glioblastoma”
is very rare in children.

Traditionally, glioblastomas have been histologically classified
as giant-cell glioblastoma, gliosarcoma, and epithelioid
glioblastoma (19). Epithelioid “glioblastomas” are known
to be more common in children and are characterized by large

FIGURE 2 | Radiation-induced secondary “glioblastoma” in a 17-year-old girl

who had a previous posterior fossa ependymoma at age 5. (A) Computed

tomography image in the axial plane shows a large ill-defined tumor in the right

temporal and occipital lobes (white arrows), causing mass effect, compression

of the right lateral ventricle, and midline deviation. The lesion is associated with

vasogenic edema and hemorrhage (white arrowhead). (B) T1 weighted image

in the axial plane shows that the bulk of the lesion is hypointense (white

arrows) with scattered hyperintensity foci due to intratumoral hemorrhage

(Continued)
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FIGURE 2 | (white arrowhead). (C) T2 weighted image and (D) FLAIR image in

the axial plane show that the bulk of the lesion is hyperintense with scattered

hypointense foci due to intratumoral hemorrhage. (E) Diffusion-weighted

image in the axial plane shows that the lesion is heterogeneous in signal. The

bulk of the lesion is isointense to the normal brain parenchyma with scattered

hyperintense foci due to intratumoral hemorrhage and small peripheral

hyperintense foci (white arrowhead), which had lower values on the ADC maps

(not shown) in keeping with restricted diffusion. (F) Susceptibility weighted

image in the axial plane shows extensive signal drop within the tumoral bed

(white arrows) in keeping with diffuse hemorrhage. (G) T1-weighted

contrast-enhanced image in the axial plane shows that the tumor enhances

heterogeneously. The mass has avid enhancement with central non-enhancing

areas in keeping with necrotic tissue.

FIGURE 3 | Diffuse pediatric-type high-grade glioma, H3-wildtype and

IDH-wildtype (“histologic epithelioid glioblastoma”) characterized by sheets of

tumor cells with distinct nuclear borders, a moderate to large amount of

eosinophilic cytoplasm, eccentrically-located nuclei, and prominent nucleoli.

HandE stain, 200x magnification.

eosinophilic cells, prominent melanoma-like nuclei, and often
rhabdoid cells (Figure 3) (9). However, in the WHO/CNS/5,
subtypes are not listed in the classification, but are further
discussed in their respective chapters (1).

Many high-grade gliomas (HGGs) have also more recently
been classified and diagnosed by methylation profiling, and
entities once thought to comprise “pediatric glioblastomas” have
been reclassified as other entities and vice versa. In addition,
molecular features may vary by location. For example, what was
thought to be a uniform group of glioblastomas occurring in
the posterior fossa, now comprises distinct molecular entities
(based on methylation profiles), namely anaplastic astrocytoma
with piloid features; glioblastoma, IDH wildtype; diffuse midline
glioma H3 K27Mmutant; and astrocytoma, IDH mutant (20).

Previously, CNS tumor grading fundamentally relied on
histological features with rare exceptions (i.e., diffuse midline
glioma, H3K27M-mutant). Currently, specific molecular
markers also play a major role in diagnosis and prognosis and
even in assignment of tumor grade. The WHO/CNS/5 has
combined histological and molecular grading, meaning that
molecular parameters have now been added as biomarkers

of grading and can sometimes upgrade a lesion, despite its
conventional histology characteristics (1).

Formerly, glioblastomas have been classified, based
on the isocitrate dehydrogenase (IDH) gene mutation
status, into three major subgroups: IDH-wildtype (the
majority of the patients), IDH-mutant, and not otherwise
specified (19, 21). “IDH-mutant glioblastomas” were often
considered secondary neoplasms (i.e., progressed from
lower-grade IDH-mutant astrocytomas), while IDH-wildtype
glioblastomas typically represented de novo neoplasms, mainly in
older adults (9).

According to WHO/CNS/5, glioblastomas, as valid entities,
are, by definition, only represented by the IDH-wildtype. They
may also incorporate three genetic parameters, namely TERT
promoter mutation, EGFR gene amplification, the combined
gain of entire chromosome 7, and loss of entire chromosome
10 [+7/−10] (1). Therefore, the presence of one or more of
the latter three in a patient with IDH-wildtype diffuse astrocytic
tumor suffices to assign the highest WHO grade (1). In the
family of adult diffuse gliomas, the tumors that do not show
microvascular proliferation or necrosis, but show either TERT
promoter mutation, EGFR mutation, or +7/-10 chromosome
copy number changes will still be classified as glioblastoma when
considering the integrated diagnosis (1). In other words, even
though there may not be full histologic features of “glioblastoma”
in these diffuse gliomas, the addition of specific molecular
information may still classify them as glioblastoma. Note that
occasionally, adult type glioblastoma, IDH-wild type may be seen
in older children.

At present, the WHO/CNS/5 (1) recognizes three adult types
of diffuse gliomas, namely:

1) Astrocytoma, IDH-mutant
2) Oligodendroglioma, IDH-mutant, and 1p/19q-codeleted

and the
3) Glioblastoma, IDH-wildtype.

Astrocytomas, IDH-mutant, can be classified in grades 2, 3, or
4 (formerly IDH-mutant glioblastoma) (1). Notably, the term
“glioblastoma” is no longer valid in the setting of a pediatric type
diffuse glioma (1). In addition, the WHO/CNS/5 (1) endorses
four pediatric types of DHHGs, namely:

1) Diffuse midline glioma, H3 K27-altered
2) Diffuse hemispheric glioma, H3 G34-mutant
3) Diffuse pediatric-type high-grade glioma, H3-wildtype

and IDH-wildtype
4) Infant-type hemispheric glioma.

The characteristically altered genes andmolecular profiles in each
of the four pediatric types of DHHGs are (1):

1) Diffuse midline glioma, H3 K27-altered: H3 K27, TP53,
ACVR1, PDGFRA, EGFR, EZHIP

2) Diffuse hemispheric glioma, H3 G34-mutant: H3 G34, TP53
(Figure 4), ATRX

3) Diffuse pediatric-type high-grade glioma, H3-wildtype,
and IDH-wildtype: IDH-wildtype, H3-wildtype, PDGFRA,
MYCN, EGFR (methylome)
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FIGURE 4 | A “glioblastoma” with a mutation in TP53 demonstrating strong,

diffuse nuclear staining for p53 with wildtype staining present in vessels

(arrows). p53 immunostain, 200x magnification.

4) Infant-type hemispheric glioma: NTRK family, ALK,
ROS, MET.

Lack of IDH mutation is known to impact therapy outcomes
negatively in adult patients. “Glioblastomas in children” and
other HGG typically demonstrate a low incidence of IDH
mutation (seen in ∼6% of all pediatric HGGs), and such
alterations are infrequent in younger children (22). Therefore,
the majority of true glioblastomas in children are thought to
be IDH-wildtype. The incidence of IDH-mutant or “secondary
glioblastomas” may be higher in older adolescents and younger
adults (23).

Mutations in histone genes are the most common molecular
findings in pediatric HGGs with H3 K27M mutations associated
with midline tumors (Figures 5, 6) and H3 p.G34R/V mutations
occurring in hemispheric tumors. The majority of these tumors
are histologically high-grade; however, it should be noted
that infiltrative, astrocytic tumors of the midline with H3
K27M mutations are classified as “diffuse midline gliomas,” and
regardless of histologic grade, correspond to WHO grade 4 (19).
In addition, co-occurring mutations in TP53 (Figure 4) and
ATRX (Figure 7) may be seen in tumors with H3 mutations,
whereas IDH mutations are not observed (24, 25). Of note,
circumscribed/non-diffuse gliomas of the midline are not
considered grade 4, according to the (WHO/CNS/5) (26). Diffuse
midline gliomas are not the primary focus of this paper.

Diffuse midline gliomas are one of the most severe pediatric
brain tumors, with dismal prognosis despite developments in
diagnosis and therapeutics. According to Castel et al. (27)
there are two subgroups of diffuse midline gliomas, H3-K27M-
mutant, namely H3.1-K27M and H3.3-K27M with differences in
prognosis and phenotypes. According to them, the differences
between H3.1/H3.3 subgroups may be a result of distinct cells
of origin or due to the type of histone mutated. In their study
they found that the type of histone H3 mutated could also
predict the outcome of DIPG patients more efficiently than

FIGURE 5 | Diffuse midline glioma, H3K27M-altered demonstrating diffuse

nuclear staining for H3K27M with negative endothelial cells serving as an

internal control (arrow). H3K27M immunostain, 200x magnification.

FIGURE 6 | Diffuse midline glioma, H3K27-altered demonstrating a loss of

nuclear staining for H3K27me3 with positive endothelial cells serving as an

internal control (arrows). H3K27me3 immunostain, 200x magnification.

clinical and radiological characteristics of the tumors (27). An in
depth discussion about diffuse midline gliomas was not included
here because of their complexity and specificities and due to
space limitations, being necessary a specific paper to discuss
them accordingly.

“Pediatric glioblastomas” commonly have a higher incidence
of p53 mutation/overexpression (particularly in children <3
years) than mutation of epithelial growth factor receptor (EGFR)
or deletion of phosphatase and tensin homolog (PTEN), which
are common features of “adult glioblastomas” (9). In addition,
ATRX mutations (Figure 7) have been reported in a fraction
of “pediatric glioblastomas,” usually associated with other
mutations (28). Vascular endothelial growth factor (VEGF) is
commonly expressed by “adult glioblastomas” and is responsible
for increased vascularity, tumor progression, and infiltration.
Therefore, anti-VEGF (bevacizumab) therapy is frequently
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FIGURE 7 | A “glioblastoma” with an ATRX mutation demonstrating a loss of

nuclear staining for ATRX with positive endothelial cells serving as an internal

control (arrows). ATRX immunostain, 200x magnification.

employed in “adult glioblastomas.” However, VEGF expression
is relatively infrequent in “pediatric glioblastomas,” which may
explain the comparative ineffectiveness of anti-VEGF therapy in
children (29).

The mechanism of action of temozolomide (TMZ), one of
the chemotherapy agents to treat glioblastomas, is by promoting
DNA methylation. On the other hand, O6-Methylguanine-
DNA Methyltransferase (MGMT) is a DNA repair enzyme,
rescuing neoplastic cells from alkylating agent-induced damage.
Therefore, MGMT activation leads to increased resistance
to chemotherapy with alkylating agents. MGMT promoter
methylation status has crucial prognostic importance in
glioblastomas. Inactivation of MGMT generally correlates
with chemotherapy responsiveness (30) and increased median
event-free survival (31). Studies on MGMT expression in
“pediatric glioblastomas” have demonstrated little alteration
in the methylation promoter status in children, which may
explain the reduced efficacy of TMZ in children compared
to adults (32). Regarding the diffuse midline gliomas,
H3 K27M mutant, MGMT promoter is unmethylated in
almost all cases, which explains the failure of clinical trials
administrating TMZ to patients with this diagnosis (33, 34).
Whenever present, the prognostic significance of inactivating
hypermethylation of MGMT confers a survival benefit to
affected children.

NEUROIMAGING

Computed Tomography
Computed tomography (CT) may be the first imaging modality
in children to detect an intracranial neoplasm. On CT,
“pediatric glioblastomas” typically present as poorly marginated
heterogeneous lesions with mass effect and variable areas of
hyperattenuation, which may be partially due to hemorrhage
(Figure 8). Areas of hypoattenuation may correspond to necrosis
or surrounding edema. Contrast-enhanced CT features are

FIGURE 8 | 10-year-old male with worsening headaches and papilledema due

to a right temporal lobe “glioblastoma”. (A) Computed tomography image in

the axial plane shows a heterogeneously hyperdense area in the right temporal

lobe in keeping with a diffusely hemorrhagic lesion. At this point, the differential

includes vascular lesions or tumors. (B) T1 weighted image in the axial plane

shows that the lesion is heterogeneous with mixed signals. The tumoral bed is

hypointense (white arrows) with scattered hyperintensity components due to

intratumoral hemorrhage (white arrowheads). (C) T2 weighted image and (D)

FLAIR images in the axial plane show that the bulk of the lesion is hypointense

due to diffuse intratumoral hemorrhage. (E) Susceptibility weighted image in

the axial plane shows extensive signal drop within the tumoral bed (white

arrows) in keeping with diffuse hemorrhage. (F) T1-weighted

contrast-enhanced image in the axial plane shows that the tumor enhances

heterogeneously. The mass has thin peripheral enhancement (arrowhead) with

internal variable minimal enhancement due to hemorrhage and necrosis.

variable, ranging from minor to marked enhancement and from
solid to heterogeneous enhancement. Necrotic lesions may show
rim enhancement, typically with irregular borders (35). Typical
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TABLE 1 | Typical computed tomography and magnetic resonance imaging

features of pediatric glioblastomas.

Imaging features

Generalities - Variable size (typically large)

- Poorly marginated

- Heterogeneous

- Mass effect

- Variable hemorrhage

- Variable vasogenic edema

Location - Cerebral hemispheres (most common)

- Brainstem

- Cerebellum

- Spinal cord

Computed tomography

Non-enhanced - Variable areas of hyperattenuation

(hemorrhage/hypercellularity)

- Hypoattenuation → necrosis or

surrounding edema

Contrast enhanced - Variable enhancement

- Minor to marked

- Solid to heterogeneous

- Necrotic lesions may present

ring enhancement

Magnetic resonance imaging

T1WI - Iso- to hypointense (relative to gray matter)

- Edema and necrosis → Hypointense

T2WI - Hyperintense (relative to gray matter)

- Variable vasogenic edema → hyperintense

FLAIR - Hyperintense (relative to gray matter)

- Variable vasogenic edema → hyperintense

Contrast enhanced T1WI - Variable

- Complex

- Thick irregular rim (typical)

- No enhancement (rare)

Susceptibility weighted imaging

and T2* weighted imaging

- When neoplasms are complicated by

hemorrhage → low signal

Diffusion weighted imaging - Variable restricted diffusion

- Restricted diffusion (typical in solid areas)

Dynamic susceptibility contrast - ↑ CBV

Dynamic contrast-enhanced - ↑ Ktrans

- ↑ Kep

- ↑ Ve

- ↑ CBV

- ↑ CBF

Arterial spin labeling - ↑ CBF

Proton 1/H Magnetic resonance - ↑ Choline

spectroscopy - ↓ NAA

- ↑ Lactate

T1WI, T1 Weighted imaging/T2WI, T2 Weighted Imaging. ↑, high; ↓, low;→, resulting in.

CT findings of “pediatric glioblastomas” can be seen in the
Table 1.

Magnetic Resonance Imaging
Magnetic Resonance Imaging (MRI) is the imaging modality of
choice in the evaluation of “pediatric glioblastomas.” It delivers
superior spatial and contrast resolution, allowing improved non-
invasive assessment of the tumor and surrounding brain, and

helps with neurosurgical and radiation planning (36). MRI
findings of “pediatric glioblastomas” are not specific. Masses are
typically heterogeneous with indistinct margins, mass effect on
surrounding structures, and a variable degree of enhancement
(complex, variable, or rarely absent). Relative to gray matter,
“pediatric glioblastomas” may demonstrate iso- to hypointense
T1 signal and heterogeneously hyperintense T2 signal with
surrounding edema, which is readily evident on fluid attenuation
inversion recovery (FLAIR) images (35, 37).When the neoplasms
are complicated by hemorrhage, different signal characteristics
can be seen, such as T1 hyperintense, T2 hypointense, low
signal on T2∗, and susceptibility-weighted imaging. Typical
conventional MRI features of “pediatric glioblastomas” can be
seen in the Table 1.

A distinction must be made between contrast enhancement
and increased perfusion. The degree and extent of contrast
enhancement reflect pathologic changes of the blood-brain
barrier and extravascular leakage of contrast (38, 39). The blood-
brain barrier breakdown can result from the destruction of
normal capillaries by a neoplastic process or from the pathologic
structure of the vascular walls of newly formed abnormal
capillaries. The degree of perfusion reflects tumor vascularity,
which may or may not be associated with blood-brain barrier
breakdown (38, 39).

“Pediatric glioblastomas” are known to be less common than
adult glioblastomas. As stated previously, there are no gross and
microscopic pathology differences between adult and pediatric
glioblastomas. However, there are major molecular and genetic
differences between, which is unequivocally demonstrated and
established by the WHO/CNS/5. In addition, these tumors also
differ in terms of cause-specific survival and overall survival (9).

Literature comparing imaging differences between adult
and pediatric glioblastomas is very scarce. Both tumors are
typically heterogeneous and may demonstrate mass effect,
vasogenic edema, restricted diffusion, and contrast enhancement.
“Pediatric glioblastomas” may present as masses with more
solid enhancement, whereas adult glioblastomas have a higher
tendency to be necrotic, and therefore more commonly present
as rim enhancing lesions.

Advanced MRI Neuroimaging
The number of studies and evidence supporting the utility of
advanced MRI neuroimaging techniques in children is much
more limited than in adult glioblastomas, but the general
principles similarly apply. Most of the literature on advanced
MRI neuroimaging techniques in children is with limited
affirmed clinical validation if analyzed in isolation. Thus, these
techniques should be applied in conjunction with conventional
imaging, under a multiparametric approach, for the imaging
evaluation of brain tumor diagnosis and follow-up.

Diffusion-Weighted Imaging
Diffusion-weighted imaging (DWI) is a well-known clinical
imaging technique applied in the study of brain tumors.
However, there are very few studies dedicated specifically
to using diffusion-weighted imaging (DWI) and apparent
diffusion coefficient (ADC) measurements in assessing “pediatric
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glioblastomas.” DWI is a superb technique that measures the
degree of movement of water molecules and probes their relation
to the surrounding environment in both the normal and diseased
states. Quantitative DWI information on the extent of the
movement of water molecules can be obtained by the apparent
ADC calculation (40, 41).

DWI is a mainstay in routine brain tumor MRI, typically
acquired with two b-values for ADC calculation (b = 0 and
b = 1,000 s/mm2). DWI is very helpful in pointing toward
the diagnosis, providing information regarding tumor grade
and type, and monitoring treatment response (42). In addition,
several authors have shown that the different components of
the tumors, surrounding edema, and normal surrounding white
matter may have distinct ADC values (40, 43–45).

Several authors have demonstrated the utility of DWI in
the differential diagnosis of cystic masses (46–49). Cystic and
necrotic components of a tumor have higher ADC values,
reflecting the increased water movement characterizing these
components. Enhancing components of HGGs typically show
lower ADC values than non-enhancing tumor and peritumoral
edema (40). DWI often demonstrates restricted (reduced)
diffusion (low ADC values) in solid portions of HGGs, in
keeping with high cellular density and/or high nuclear-to-
cytoplasm ratios (50). Restricted diffusion can be observed
in some gliomas, notably higher grade tumors such as
anaplastic astrocytomas, glioblastomas, diffuse midline gliomas,
and anaplastic ependymomas.

DWI has been used to distinguish areas of peritumoral
neoplastic cell infiltration from peritumoral edema, a critical
distinction when dealing with HGGs (40). In addition, ADC
values can be used to distinguish normal white matter from
necrotic or cystic areas, edema, and solid-enhancing tumors (51).
However, the distinction between infiltrating tumors from edema
or nearby normal-appearing brain is sometimes inaccurate in
glioblastoma, as small amounts of infiltrating tumor cells may
be present in these areas, but not in enough quantities to
significantly alter the diffusion parameters. DWI may also aid
in the differentiation of abscesses from necrotic or cystic brain
tumors such as HGGs (52, 53).

ADC is negatively correlated with cell proliferation indices
such as Ki-67 (54). The signal characteristics on DWI and
ADC maps can be strongly correlated to grade in pediatric
brain tumors, and they may assist with preoperative diagnostic
predictions (55). In addition, ADC measurements can be used to
differentiate between HGGs from low-grade gliomas. Wang et al.
(56), in a recent meta-analysis including 1,172 patients, found an
area under the curve (AUC) for b values of 1,000 and 3,000 s/mm2

to be of 0.91 and 0.92, respectively. Their results demonstrated
that ADC measurements had high diagnostic performance in
discriminating HGGs from low-grade gliomas.

A study by Chang et al. (35) involving 11 patients with
glioblastomas found that the DWI signal intensity in the solid
portion of the tumor was hyperintense compared to the white
matter. The ADC values for the solid tumor component ranged
from 0.53 to 1.30 × 10−3 mm2/s (mean, 1.011 ± 0.29 × 10−3

mm2/s) and for white matter from 0.60 to 0.98 × 10−3 mm2/s
(mean, 0.824 ± 0.130 × 10−3 mm2/s). In one of the patients,

a recurrent glioblastoma demonstrated increased DWI signal in
the tumoral bed months after total gross removal of the tumor
(35). Tumor recurrence has been reported to have significantly
lower ADC values than radiation necrosis (57, 58). DWI and
ADC calculation may be utilized as a surrogate marker for
monitoring the response of tumor therapy (59, 60). For example,
Chenevert et al. (59) found a rapid increase in the mean ADC
values shortly after treatment initiation, and the magnitude of the
diffusion changes corresponded with clinical outcome.

Most published experience in applying DWI in pediatric
tumors has focused mainly on posterior fossa tumors. Higher
ADC values at the baseline have been reported to have a more
favorable outcome in patients of diffuse midline glioma (61–63).
In addition, baseline ADC values can be used as an outcome
predictor in these tumors, although diffusion-derived metrics
showed no significant association with overall survival (64).

Diffusion Tensor Imaging
Literature specifically dealing with diffusion-tensor imaging
(DTI) in assessing “pediatric glioblastomas” is quite scarce.
DTI is a more sophisticated quantitative analysis of diffusion-
based imaging. In DTI, water movement is measured in several
directions within the tissue from which tensors can be fit
with directionality information. When these measurements are
combined and analyzed, in addition to an averaged measure of
water diffusion for each voxel (ADC), individual and summary
measures of how water diffusion varies along different axes
(fraction anisotropy—FA) can be calculated. Both ADC and
FA reflect the microstructure of the tissue in which they are
measured (65). For example, FA estimates the amount and
the direction of diffusion restriction of water molecules along
myelinated white matter tracts, which is in turn partly influenced
by the degree of preserved and destroyed white matter tracts
within the tumoral area (66–68).

DTI can demonstrate white matter tracts and their structural
changes related to different brain pathologies. DTI describes
the three-dimensional diffusion phenomenon of water molecules
about their microenvironmental properties allowing a unique
description of the space where this molecular movement
occurs. This model provides an in-vivo demonstration of the
complex ultrastructural organization of the white matter and
structural changes due to tumor invasion. Current DTI and
magnetic resonance tractography applications allow accurate
graphic delineation of the eloquent white matter tracts and their
relation with tumoral tissue, which may be essential in surgical
treatment planning and useful in assessing post-therapeutic
changes (69). Furthermore, DTI in mapping white matter tracts
may sometimes enable resection of tumors previously deemed
unresectable, such as well-defined pilocytic astrocytomas in the
thalamus (Figure 9) (70).

Several authors demonstrated that the evaluation of the
peritumoral area and the differentiation between tumoral
infiltration and pure vasogenic edema might be enhanced by
DTI analysis (68, 71–76). Other authors quantified tumoral and
peritumoral FA in low- and high-grade gliomas with low-grade
gliomas showing higher FA values than HGGs (76–80). The more
conspicuous FA reduction in high-grade compared to low-grade
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FIGURE 9 | 13-year-old female with blurry vision, facial weakness, and

right-sided paresthesias due to a left thalamic glioblastoma. (A) Computed

tomography image in the axial plane shows an ill-defined slightly hyperdense

mass in the left thalamus. (B) T1 weighted image in the axial plane shows that

(Continued)

FIGURE 9 | the lesion is well-demarcated with heterogeneous mixed-signal,

predominantly hypointense (white arrows). (C) T2 weighted image and (D)

FLAIR images in the axial plane show that the bulk of the lesion is hyperintense

(white arrows) with a central component showing even higher signal. (E)

Susceptibility weighted image in the axial plane shows irregular signal drop foci

within the tumoral bed (white arrows) in keeping with hemorrhage. (F)

Diffusion-weighted image in the axial plane shows that the lesion is

heterogeneous in signal. The periphery of the mass is isointense to the normal

brain parenchyma. The center of the mass shows a hypointense signal (white

arrow). Surrounding the center, there is an irregular hyperintense thick rim with

low values in the ADC map (not shown) in keeping with restricted diffusion. (G)

T1-weighted contrast-enhanced image in the axial plane shows that the tumor

enhances heterogeneously. The thick irregular area that shows restricted

diffusion enhances avidly (white arrows) with no enhancement centrally due to

necrosis.

tumors is likely due to the higher incidence of cystic and necrotic
changes leading to loss of white matter tract organization and
integrity. Besides, some researchers also suggest that FA is more
sensitive than ADC in the early detection of white matter tumoral
involvement (67, 68, 78). White matter tract changes can occur
due to fiber destruction (reduced absolute number), fiber edema
(reduced density and higher water content), or fiber degradation
(abnormal fibers with a normal number and density) (81, 82).
In addition, qualitative assessment of DTI maps can suggest the
different types of tumoral involvement such as displacement,
edema, infiltration, destruction, or a combination of two ormore,
but one has to be careful of the technical limitations that may lead
to false-negative tract visualization (68, 83–85).

Gauvain et al. (65) demonstrated the utility of ADC obtained
via DTI assessing pediatric brain tumors. ADC correlated
significantly with tumor cellularity and the calculated total
nuclear area (nuclear area of each tumor cell type multiplied
by the number of cells per high-power field). Brunberg et al.
(51) found differences between ADC and FA from normal white
matter and solid-enhancing tumor, cystic and necrotic areas, and
regions of edema. However, they did not find differences in ADC
values between various glioma subtypes.

DTI is also valuable in the assessment of postoperative
changes. For example, DTI can compare the status of eloquent
cortical pathways before and after the surgery delivering
information to the neurosurgeon about the damaged and
preserved tracts postoperatively (86–88). DTI also allows
detecting and monitoring treatment-induced neurotoxicity in
cerebral white matter (87, 89–92). Several studies investigating
the effect of cranial irradiation and chemotherapy indicate a
prominent decrease in mean FA values that are more severe
in the frontal lobes compared with the parietal lobes despite
the same radiation dose, suggesting regional susceptibility in
the frontal lobe (89–94). Mabbott et al. (93) demonstrated
that medulloblastomas treated with cranial-spinal radiation
therapy show abnormal FA and ADC in the normal-appearing
white matter. Their study observed damaged white matter
microstructure and/or fiber integrity as demonstrated by FA
and ADC for multiple regions within the cerebral hemispheres.
Further, decreased FA and increased ADC were related to
lower intellectual outcomes in patients relative to age-matched
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controls. A significant advantage of DTI is that it provides
measures sensitive to underlying tissue properties, and hence
potential damage may be evident even within the normal-
appearing white matter.

Perfusion Weighted Imaging
Perfusion weighted imaging (PWI) describes a group of
valuable techniques that can non-invasively evaluate the cerebral
hemodynamic status and, in many patients, can predict tumor
grade and behavior (35, 51). The main clinically utilized PWI
techniques include dynamic contrast-enhanced (DCE), dynamic
susceptibility contrast (DSC), and arterial spin labeling (ASL).
The main parameters derived from these techniques include
cerebral blood volume (CBV), cerebral blood flow (CBF), and
mean transit time (MTT), among others. Derivation of absolute
perfusion parameters may be challenging at times, and therefore,
relative CBV (rCBV) or relative CBF (rCBF) may be used
when involved regions are normalized to other normal-appearing
brain structures.

In general terms, most HGGs typically show higher
perfusion (increased CBV and/or CBF) than low-grade gliomas
(Figure 10). Nevertheless, compared to adults, the higher
prevalence in children of malignant non-glioma neoplasms
and contrast-enhancing low-grade tumors may confound the
accuracy of grading of brain neoplasms using PWI measures in
certain types of neoplasms.

Dynamic Susceptibility Contrast (DSC) Perfusion
DSC perfusion is the most widely used PWI technique and
requires high-flow contrast injection, often using power injectors,
and large-bore intravenous access, which may pose challenges
in young children and infants (95). Other drawbacks of
the DSC perfusion method are calcification and hemorrhage-
induced susceptibility within the tumor and blood-brain barrier
breakdown-related contrast leakage (96). Despite this, DSC is
feasible and has been performed even in young children (97).

There is an overall significant difference in rCBV and CBF
between pediatric low-grade gliomas andHGGs (98). In addition,
in the study by Chang et al. (35), rCBVmaps helped detect highly
vascular areas correlated with areas of enhancement in three
of their patients. rCBV maps may also demonstrate increased
microvascularity even in the absence of enhancement in some
patients with “glioblastoma” (35).

Dynamic Contrast Enhancement (DCE)
DCE may be used as a potential alternative or complementary
technique to DSC. It has been mainly used in adult brain
tumors, with few studies performed in children (99, 100). DCE
provides signal intensity–time curve reflecting a combination
of tissue perfusion, microvessel permeability, and extravascular-
extracellular space characteristics (101, 102) thus allowing for a
multiparametric characterization of tumor microvasculature and
leakage quantitation.

The advantages of DCE over DSC are fewer susceptibility
artifacts and the quantification of blood-brain barrier (BBB)
integrity; indeed, the leading interest for DCE-derived metrics
was initially focused on the volume transfer constant (Ktrans),

FIGURE 10 | 5-year-old male with headaches and confusion due to a right

frontal “glioblastoma.” (A) T1 weighted image in the sagittal plane shows that

the lesion is heterogeneous, ill-defined with mixed-signal, predominantly

hypointense, and infiltrates the corpus callosum (white arrows). (B) T2

weighted image in the axial plane, (C) T2 weighted image in the coronal plane,

and (D) FLAIR image in the axial plane show that the bulk of the lesion is

(Continued)
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FIGURE 10 | hyperintense, with marked mass effect and vasogenic edema

(white arrows). (E) Susceptibility weighted image in the axial plane shows

irregular areas of signal drop within the tumoral bed (white arrows) in keeping

with hemorrhage. (F) Diffusion-weighted image in the axial plane shows that

the lesion is heterogeneous in signal. The extensive area of vasogenic edema

shows low signals (white arrows). The midline component shows areas of

hyperintense signal with low values in the ADC map (not shown) in keeping

with restricted diffusion. (G) T1-weighted contrast-enhanced image in the axial

plane shows that the tumor enhances heterogeneously. The midline

component of the mass shows thick and irregular enhancement (white arrows)

with no foci of enhancement in areas of necrosis (white arrowhead). (H) Arterial

spin labeling perfusion image in the axial plane shows that the midline

component has marked increased perfusion (white arrow). Note that the area

of vasogenic edema is not associated with increased perfusion (white

arrowhead).

a permeability marker correlating with BBB disruption (102)
and malignancy (103). Conversely, DSC typically offers better
temporal resolution than DCE, allowing potentially better blood
volume estimation (104).

A small study demonstrated that DCE could be used to assess
tumor grade in pediatric brain tumors, although not all were
gliomas (100). Transfer constants from and into blood plasma
(Ktrans and Kep) and extracellular extravascular volume fraction
(Ve) showed a sensitivity of 71–76% and a specificity of 82–100%
in separating low-grade from high-grade tumors. In another
study, fractional plasma volume (Vp) was significantly different
between high and low-grade tumors, but Ktrans, Kep, and Ve were
not statistically different.

In a study of 64 pediatric brain tumor patients, Gupta et al.
(105) demonstrated that DSC and DCE helped differentiate low-
grade tumors, high-grade tumors, and amongst major posterior
fossa tumors. rCBV and fractional plasma volume measures
differed significantly between high-grade and low-grade tumors.
High-grade tumors could be differentiated from low-grade
tumors with an rCBV cutoff value of 2.41 and 88.6% sensitivity
and 65% specificity. There was no significant difference in Ktrans,
Kep, or Ve between these two groups of tumors (105).

Arterial Spin Labeling (ASL) Perfusion
ASL, a PWI technique that uses magnetically labeled water as
endogenous contrast, has been used to study pediatric brain
tumors (106). However, ASL is limited by a low signal-to-noise
ratio, often the need for greater magnetic field strength, and the
presence of susceptibility (105).

ASL is considered a reliable PWI technique in evaluating
tumor perfusion and predicting glioma grade in adults (107).
ASL is advantageous for children since it lacks contrast injection,
the need for high flow injections, and has easier potential for
CBF quantification. Also, ASL can be repeated if patients move
(95). Moreover, younger children’s immature paranasal sinuses
also result in better ASL image quality, with potentially lesser
degrees of distortion artifacts in the frontal and inferior brain
regions (108).

In a study of ASL in pediatric brain tumors by Yeom
et al. (95), the authors demonstrated that the technique could
reasonably distinguish high-grade from low-grade tumors. Their

results in “glioblastoma” patients indicated that CBF in the
tumoral bed might have a wide range, which suggests vascular
heterogeneity similar to what is seen in patients with adult
glioblastomas. According to these authors, ASL maps can depict
tumor vascular heterogeneity and indicate higher tumor blood
flow regions offering a valuable parameter to potentially direct
biopsy of higher vascular density or more malignant regions
(95). Dangouloff-Ros et al. (106) have confirmed that pediatric
high-grade brain tumors generally display higher CBF than low-
grade tumors on ASL. Low-grade gliomas had a significantly
lower absolute CBF and rCBF than high-grade tumors (CBF:
median, 29 mL/min/100g vs. median, 116 mL/min/100 g; P
< 0.001) (rCBF: median, 0.50 mL/min/100 g vs. median,
2.21 mL/min/100 g; p < 0.001). There was no significant
difference between the various high-grade neoplasms (grade 3
gangliogliomas, glioblastomas, atypical teratoid rhabdoid tumor,
and grade 3 ependymomas) (106). Morana et al. (109) compared
ASL and DSC in 37 children with low-grade and HGGs obtained
on a 1.5T scanner. Normalized CBV values in the most perfused
area of each neoplasmwere compared with normalized CBF from
DSC and normalized CBF from ASL data and designated with a
WHO tumor grade. According to the authors, normalized ASL
provides comparable results to DSC and may help distinguish
between low-grade and HGGs (109).

A meta-analysis of eight studies assessing pediatric glioma
grading using ASL showedmany bias and applicability issues. For
low and high-grade tumor differentiation, the pooled sensitivity
ranged from 0.69 to 0.92, and specificity ranged from 0.63
to 0.93 (110). Relative CBF demonstrated less variability than
absolute CBF, as would be expected given the variability of
acquisition techniques. In another meta-analysis, although not
only composed of gliomas, normalized cerebral blood flow
derived from ASL perfusion had 83% accuracy in separating low
and high-grade pediatric brain tumors (111). Other authors have
also confirmed that ASL can be a potentially valuable tool to
differentiate low from high-grade tumors (106, 111–114) and
that the technique has comparable results with DSC in the
differentiation between low and HGGs (115).

Proton 1H Magnetic Resonance

Spectroscopy
Proton 1H MRS is a non-invasive technique that has been
used to evaluate tissue metabolism in a wide variety of diffuse
and focal CNS diseases, including brain tumors (116). Several
brain metabolites such as choline (Cho), N-acetylaspartate
(NAA), creatine (Cr), myoinositol (mI), and lactate can show
abnormalities in the context of brain neoplasms. For example,
in gliomas, as tumor grade increases, there is an increase in
the Cho/NAA ratio, reflecting increased metabolic activity. High
Cho reflects rapid membrane turnover with glial proliferation,
whereas low NAA reflects decreased normal neurons as they are
replaced by neoplastic cells in the MRS voxel (35).

Multiple studies have demonstrated that a common feature
of many rapidly growing tumors is a decreased NAA/Cr
ratio and an increased lactate level (Figure 11) (37, 117–
122). Cr concentration is supposedly rather stable over time,
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FIGURE 11 | 8-year-old- female with a hemispheric glioblastoma. (A)

Computed tomography image in the axial plane shows an extensive mass in

(Continued)

FIGURE 11 | the right hemisphere (white arrows), causing mass effect,

compression of the right lateral ventricle, and midline deviation. The lesion is

heterogeneous with areas of hyper and hypodensity compatible with

hemorrhage and edema, respectively. (B) T1 weighted image in the axial plane

shows that the bulk of the lesion is hypointense (white arrows). There is a

component of the mass that is high in signal intratumoral hemorrhage (white

arrowhead). (C) T2 weighted image in the axial plane. (D) T2 weighted image in

the sagittal plane, and (E) FLAIR image in the axial plane show that the lesion’s

bulk is hyperintense with marked mass effect vasogenic edema (white arrows).

In addition, there is marked increased vascularity in the component located in

the occipital region (white arrowheads). (F) Susceptibility weighted image in

the axial plane shows scattered signal drop foci within the tumoral bed (white

arrows) in keeping with hemorrhage. (G) Diffusion-weighted image in the axial

plane shows that the lesion is heterogeneous in signal. The bulk of the lesion is

isointense to the normal brain parenchyma with scattered hyperintense foci

due to intratumoral hemorrhage (white arrows). (H) T1-weighted

contrast-enhanced image in the axial plane shows that the tumor has multiple

enhancing components heterogeneously. The mass has avid peripheral

enhancement with internal no enhancing elements in keeping with necrotic

tissue. (I,J) Magnetic resonance spectroscopy obtained with short and long

echo times showing marked decreased N-acetylaspartate peak, which

corresponds to neuronal loss, increased choline peak, which corresponds to

increase cell membrane turnover in an environment of rapid growing neoplastic

tissue, and increased lactate peaks due to anaerobiosis and necrotic changes.

so it is used as a denominator to report the metabolite
ratios in most studies. Elevated lipid-lactate peaks are more
frequently found in HGGs, particularly in those undergoing
central necrotic changes. Mixed MRI spectral patterns can
reflect the known heterogeneity seen in many tumors (123).
Importantly, patients with diffuse midline gliomas showing
high levels of lactate on MRS are associated with poor
prognosis (124).

Proton 1H MRS may be used as an adjunct tool in
the evaluation of “pediatric glioblastomas.” This technique
has been applied for the initial diagnosis of brain masses,
biopsy guidance, tumor grading, treatment response assessment,
recurrence vs. treatment effects detection, and a prognostic
marker in brain tumor patients. Higher Cho/Cr and Cho/NAA
ratios are typically observed in HGGs compared to low-
grade tumors and non-neoplastic masses in broad terms,
although exceptions do occur (125). mI is often elevated
in low-grade diffuse gliomas, unlike HGGs (123). Previous
studies have shown that higher Cho/Cr and Cho/NAA ratios
portray a poorer prognosis in pediatric brain tumors (126,
127). Other studies have looked at lactate/NAA ratios and
normalized indices combining choline and lipid+lactate levels,
demonstrating strong correlations with predictors of outcome
(128, 129).

Pathogenic variants in the IDH1 and IDH2 can lead to the
accumulation of abnormally high D-2-hydroxyglutarate (2-HG)
levels in certain brain tumors. This increased 2-HG level may be
detected in-vivo by specialized advanced spectral-editedMRS and
used to characterize glial neoplasms. IDH1/2 pathogenic variants
are considered prognostic biomarkers in subjects with glioma
and are associated withmore prolonged overall survival (24, 130).
Ameta-analysis demonstrated excellent sensitivity and specificity
of 2-HGMRS to predict IDH mutant gliomas (131).
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Chemical Exchange Saturation Transfer
Chemical exchange saturation transfer (CEST) is a recently
developed technique that can identify very low concentrations
of molecules by the presence of groups with exchangeable
protons, such as hydroxyls, amides, and amines (132). The vast
majority of studies on CEST and “glioblastomas” have been
performed in adults. Future studies on “pediatric glioblastomas”
are needed to confirm its utility in this age group. CEST signal
is affected by endogenous proteins and metabolites such as
glutamate, lactate, mI, and glucose that play crucial roles in
tumor development, growth, and progression. Hence, studying
these macromolecules and metabolites may help understand the
brain tumormicroenvironment and evaluate response to targeted
therapies. Studies have demonstrated that CEST imaging can
reasonably differentiate malignant neoplastic infiltration from
peritumoral vasogenic edema, differentiate histopathological
grades, and discriminate HGGs from the brain lymphomas (133).
In addition, CEST can also reliably distinguish recurrent tumors
from radiation necrosis (133). Moreover, the intensity of the
CEST signal was shown to decrease in irradiated tumors at
3 days and 6 days post-treatment periods relative to baseline,
suggesting that CEST may potentially help evaluate treatment
response in brain tumors. CEST signal may potentially be an
imaging biomarker for distinguishing true progression from
pseudoprogression in “glioblastoma” patients (134).

Amide proton transfer (APT) imaging is a CEST technique
that measures a decrease in bulk water intensity due to chemical
exchange withmagnetically labeled amide protons of endogenous
proteins and peptides in tissues (135). Studies have shown the
potential of APT-weighted imaging in delineating malignant
neoplastic infiltration. In addition, the APT signal may also
potentially be a valuable imaging biomarker for distinguishing
true progression from pseudoprogression in glioblastoma
patients (133). Studies have documented significantly higher
APT signals in true progression cases than those with
pseudoprogression (136). It is widely believed that active tumor
cells express more protein species and higher concentrations of
protein components, as shown by proteomics (136, 137) and
proton MRS studies (138). In contrast to true progression, there
are fewer mobile cytosolic proteins and peptides in regions of
brain injury associated with pseudoprogression due to lower
cellular density and disrupted cytoplasm. Collectively, these
studies have indicated that APT based on CEST is fast emerging
as a novel molecular MRI technique in neuro-oncology.

Multiparametric Analysis
Multiparametric analysis is an evolving method in which
multiple quantitative MRI techniques are analyzed in
combination to overcome the intrinsic limitations of
conventional MRI and potentiate the individual value of each
advanced MRI technique in isolation. For example, quantitative
data obtained from metabolic and physiologic techniques such
as DWI, DTI, DSC, DCE, ASL, or proton MRS can be variously
combined and analyzed with multivariate logistic regression,
analysis of variance, or artificial intelligence tools to determine
the optimal parameter(s) and thresholds for addressing a specific
question prediction.

Multiparametric MRI has been widely used to predict
treatment response in glioblastoma patients, to differentiate
glioblastoma from solitary brain metastasis (139), to differentiate
radiation necrosis from a recurrent tumor (140), to assess tumor
invasiveness (141), and to predict tumoral survival (142).

POSITRON EMISSION TOMOGRAPHY

(PET)

Positron emission tomography (PET) is a nuclear medicine
imaging modality that plays a vital role in evaluating
brain tumors, including glioblastomas. PET, as a functional
imaging technique, is typically used to complement anatomical
imaging, capturing non-invasively functional and biochemical
information about the tumor and its surroundings. This
information is beneficial for tumor grading, differential
diagnosis, tumor delineation, surgery planning, radiotherapy,
and post-treatment monitoring follow-up (143). PET can probe
the physiological milieu of neoplastic cells, such as glucose
metabolism, protein synthesis, and DNA replication. There
are multiple groups of PET radionuclide tracers typically used
to evaluate tumor metabolism, including glucose metabolism
tracers, amino acid tracers, and other miscellaneous tracers that
can target various receptors or functions of the cells. These PET
tracers are useful in demonstrating cellular proliferation, hypoxia
sensing, and inflammation (144).

A typical and widely used glucose metabolism tracer is
18F-2-fluoro-2-deoxy-D-glucose ([18F]FDG). [18F]FDG is
taken up by the glucose transporter, engaging in phosphorylation
(the first step of glucose metabolism), and subsequently becomes
trapped in the cell (145). [18F]FDG demonstrates avid uptake
in the brain, which may limit the interpretation of tumors
near or involving the gray matter (144). On the other hand,
amino acid transport tracers exhibit lower uptake in normal
tissue, being more sensitive than 18F-FDG in primary and
recurrent tumors, and are helpful in differentiating recurrent
tumors from treatment-induced changes (146). Typical
amino acid analogs include [11C]11C-methyl-methionine
([11C]MET), 3,4-dihydroxy-6-[18F]-fluoro-L-phenylalanine
([18F]FDOPA), O-(2-[18F]-fluoroethyl)-L-tyrosine ([18F]FET),
and deoxynucleoside bases such as [18F]fluoro-thymidine and
[18F]clofarabine (143, 145).

[11C]MET is the most studied and validated amino acid
tracer. It is an essential amino acid for protein synthesis and
is considered more sensitive than [18F]FDG in delineation of
tumors. [11C]MET is avidly taken up by glioma cells, with
only a low uptake in normal cerebral tissue. Several studies
have suggested that tumor uptake of [11C]MET mainly reflects
increased amino acid transport (147). Its most important
limitation is its very short life (144). 18F-labeled amino acids
have been created to increase amino acid tracer half-life and
utilization, namely [18F]FET and [18F]FDOPA. [18F]FET is
a tracer for both HGGs as well as low-grade gliomas due to
an efficient nucleophilic reaction, elevated uptake by tumor
tissues, low uptake by inflammatory tissues, and high stability
(148). [18F]FDOPA is incorporated into cells through amino
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acid transporters that are overexpressed in gliomas, and its
transport and uptake are independent of the blood-brain barrier
(149). [18F]FDOPA has shown a significant correlation between
WHO grade and the volume of MRI contrast enhancement
and volume of T2 hyperintensity (150). Another radiotracer,
[18F]fluorothymidine ([18F]FLT), is a thymidine analog uptaken
in tissues after phosphorylation by the thymidine kinase (151).
Thymidine kinase is considered a critical enzyme in the DNA
salvage pathway. Nucleotide salvage pathways recover bases and
nucleosides that are formed during the degradation of RNA and
DNA (152). Since [18F]FLT has lower uptake in the normal brain,
it correlates well with proliferative tissue markers (153). The
radiotracer has been used in diagnosis and assessment of glioma
grading, in differentiating tumor recurrence from radionecrosis,
in assessing response to treatment, and in predicting overall
survival (154).

PET tracers such as the [18F]Fluoromisonidazole, which sense
oxygen levels in cells, can be used to visualize hypoxia. Hypoxia is
an essential feature of most solid tumors (153, 155). For example,
in a hypoxic tumor microenvironment, radiation therapy could
be more effective at a higher dose (143). Inflammation, a
component of the immune response, is well-known to occur in
glioblastomas. Translocator protein (TSPO) is a component of
the mitochondrial membrane protein responsible for cholesterol
transport and responds to cell stress. Broadly, TSPO is treated
as a biomarker sensitive to pro-inflammatory stimuli (143).
Moreover, TSPO PET imaging was found to be correlated with
outcome (156).

As neuro-oncology treatment advances and therapies centered
on tumor biomarkers are discovered, the development of
selective PET tracers can dramatically enhance the efforts toward
personalized medicine (143).

TREATMENT

The standard of care for adult glioblastomas involves surgery
with maximal safe tumor resection followed by chemoradiation
as adjuvant treatment (157). There is not such a well-defined
standard of care for “pediatric glioblastomas.” Regarding surgery,
substantial evidence recommends the adoption of maximal
safe surgical resection of the visible tumor, since prognosis
correlates positively with the amount of tumor resected (5, 6,
16, 158, 159). However, the choice of adjuvant treatment is
debated due to the potentially deleterious effects of radiation
treatment in the early developing brain and inconsistent results
of various chemotherapy regimens (9). Radiation therapy has
become the standard of treatment, particularly for those children
older than 3 years with a newly diagnosed “glioblastoma”
(36). Younger children, however, are more susceptible to
the adverse effects associated with radiation therapy and are
typically treated with chemotherapy alone and radiation-sparing
approaches (160–162).

Novel classes of treatments such as molecular-targeted
therapy and immunotherapy have been recently incorporated
as new weapons in the arsenal of treatment of oncology
patients (163). Immunotherapy agents include typically chimeric

antigen receptor (CAR) T-cell therapy, immune checkpoint
inhibitors, virotherapy, cancer vaccines, and dendritic cell
therapy. Molecular-targeted therapy consists of drugs or other
substances that target specific molecules involved in the growth
and spread of cancer cells (164). The most common targets
for molecular-targeted therapy in pediatric brain tumors, in
particular, HGGs and other high-grade tumors, are the tyrosine
kinase (165), tumor-specific surface proteins (monoclonal
antibodies) (166), vascular endothelial growth factor (167),
platelet-derived growth factor and epidermal growth factor,
PI3K-mTOR pathway (mostly animal model studies) (168), ERK-
RAS-RAF mitogen-activated protein kinase pathway (BRAF
mutation) (169), e PI3K/AKT pathway, gene fusions (170),
Sonic Hedgehog pathway (171), and epigenetic targets (DNA
methylation, chromatin modeling, and histone modifications
signaling) (172). Despite multiple clinical trials in pediatric brain
tumors, molecular-targeted therapy, with some exceptions, has
not yet made a major impact on survival or, for that matter,
quality-of-life for children with brain tumors (164). However,
there remains great promise for the future as more agents are
developed and included in clinical trials.

CARs are synthetic receptors composed of three major
components (an extracellular tumor-specific antibody, an
intracellular signaling structure, and a transmembrane domain
serving as a bridge), which are typically added to a T cell,
augmenting its function (173–175). These receptors allow T
cells to recognize and destroy specific cancer cells without the
major histocompatibility complex (MHC) presentation (176). In
normal conditions, T cells require costimulation by the antigen-
presenting cell to exert their cytolytic activity (177). This method
has had tremendous success in treating leukemias. CAR T cell
administration can be made hematogenously, or via the cerebral
spinal fluid, or locally in the tumor cavity. Brain tumors are
currently one of the most common solid tumor types undergoing
clinical trial testing for CAR T cell efficacy and have shown early
promise in treating “glioblastomas” (178, 179). Multiple clinical
trials are evaluating the efficacy of CAR T cell therapy in solid
tumors. However, none are FDA approved yet.

Checkpoint inhibitors are a group of drugs that target
signaling pathways involved in the modulation of host immune
responses as part of the normal regulation of immunity and
establishment of tolerance. However, neoplastic cells are known
to block these checkpoints and suppress the host’s immune
response, bypassing immune recognition and destruction (180).
Exhaustion is a phenomenon that occurs during cancer
progression, which refers to immune cell desensitization. At
exhaustion, T cells are unable to kill malignant cells (181, 182),
which can occur when neoplastic cells upregulate inhibitory
receptors such as programmed cell death receptor-1 ligand (PD-
L1) and cytotoxic T lymphocyte antigen-4 (CTLA-4) (183).
Checkpoint inhibitors seek to reverse this inhibition so that an
immune response can be mounted against the malignant cells
(180). Researchers have shown that 75–100% of gliomas in a
sample of patients exhibited PD-L1 expression, which correlated
with the severity of the disease (184, 185).

There are several studies describing the efficacy and side
effect profile of checkpoint inhibitors in pediatric patients.
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A clinical trial conducted by Gorsi et al. (186) in recurrent
or refractory pediatric brain tumors treated with the immune
checkpoint inhibitor nivolumab demonstrated transient partial
responses in patients with positive PD-L1 expression and higher
tumor mutation burden. Nivolumab was well-tolerated with
some transient partial responses in patients with positive PD-
L1 expression and a higher tumor mutation burden. Median
survival for PD-L1 positive patients was 13.7 weeks vs. 4.2
weeks for PD-L1 negative patients (ρ = 0.08). These findings
suggest that only tumors with elevated PD-L1 expression and
tumor mutation burden may benefit from immune checkpoint
inhibitors (186). A clinical trial by Cacciotti et al. (187) involving
PD-1 and CTLA-4 blockade has shown relatively well tolerability
in a group of pediatric patients with DIPG, HGG, ependymoma,
craniopharyngioma, high-grade neuroepithelial tumor, and non-
germinomatous germ cell tumor. The majority of the patients,
during the time of the study, showed stable disease or partial
response. Checkpoint inhibition has proved to be a promising
new form of immunotherapy, demonstrating efficacy in adult
malignancies such as melanoma, renal cell carcinoma, and small
cell lung cancer; however, it has failed to produce durable
responses in pediatric brain cancer (188).

Virotherapy is an emerging technique that uses viruses
as therapeutic agents. Oncolytic viruses combine tumor cell
destruction and immune system stimulation, which are the most
critical components of virotherapy (189). In addition, viruses can
also be used as vectors for gene therapy, inducing the expression
of a transgene thatmodifies the immune environment to promote
an anti-tumor response (189). Several oncolytic viruses have been
evaluated clinically in pediatric brain tumors, such as myxoma
virus (190, 191), recombinant poliovirus (192, 193), adenovirus
(194), Seneca Valley-001 (195), reovirus (196), herpesvirus
(197), and Newcastle disease virus (198). The administration
of oncolytic viruses can be either intravenous or intratumoral.
Once the virus reaches the tumor, it can infect both normal
and neoplastic cells; however, it only replicates and destroys the
tumor cells (198). Cancer vaccines are typically well-tolerated and
contain tumor antigens, such as peptides, tumor lysate, nucleic
acids, and autologous dendritic cells (196, 199). Mutations such
as the H3 K27M in DIPG have been explored as a target for
peptide vaccines (199). A number of clinical trials are evaluating
the efficacy of virotherapy in pediatric brain tumors. However,
none are FDA approved yet.

Dendritic cells are an essential link between the innate
and adaptive immune systems. Upon finding foreign antigens,
dendritic cells release inflammatory cytokines that activate the
immune system. These cells also process and present antigens to
T cells and B cells, thereby activating naïve, effector, and memory
immune cells or maintaining tolerance against self-antigens
(200). For active immunotherapy, dendritic cells are typically
generated by isolating monocytes from cancer patients that are
expanded and activated ex vivo. These cells are loaded with either
tumor lysate, peptides, nucleic acids, or viral epitopes that are
expressed by the tumor. Dendritic cells are usually matured with
GM-CSF, a critical cytokine, then administered as a vaccine.
Adjuvants such as tetanus toxoid are important to improve
inflammation and immunogenicity in the host (200). Dendritic

cell vaccines have demonstrated modest but encouraging results
in patients with advanced cancers (201). It is thought that
these vaccines can induce tumor-specific T cell responses and
immunological memory, constituting a promising platform for
pediatric brain tumors (201). There are several trials using
dendritic cell vaccines and tumor RNA (201) or tumor lysate
for pediatric brain tumors (202, 203). Dendritic cell vaccines are
reliably manufactured and extremely well-tolerated; however, for
efficacy improvement, enhanced techniques for targeting, antigen
loading, and migration in vivo are needed (196). There are a
number of dendritic cell vaccines in clinical trials; none are
available for widespread clinical use.

Immunotherapy has shown efficacy against lymphoid tumors
and some solid neoplasms, with less efficacy in the treatment of
pediatric brain tumors. Reasons for this limited response include
tumor heterogeneity, a suppressive immune microenvironment,
and the blood-brain barrier (163). In addition, most pediatric
brain tumors are immunologically quiescent, with a low
mutational burden. Therefore, immunotherapy strategies should
be tailored based on the type of tumor being targeted and its
associated microenvironment (163). According to the National
Cancer Institute at the National Institutes of Health, there
are only six FDA-approved immunotherapy options for brain
and nervous system tumors, namely dostarlimab, a checkpoint
inhibitor that targets the PD-1/PD-L1 pathway for patients
with advanced cases associated with DNA mismatch repair
deficiency; granulocyte-macrophage colony-stimulating factor,
an immunomodulatory cytokine combined with naxitamab-
gqgk, for advanced cases of neuroblastoma; pembrolizumab, a
checkpoint inhibitor that targets the PD-1/PD-L1 pathway for
patients with advanced cases associated with high microsatellite
instability, DNA mismatch repair deficiency, or high tumor
mutational burden; bevacizumab, a monoclonal antibody that
targets the VEGF/VEGFR pathway and inhibits tumor blood
vessel growth for advanced “glioblastoma”; dinutuximab, a
monoclonal antibody that targets the GD2 pathway for first-
line treatment of high-risk pediatric neuroblastoma; naxitamab-
gqgk, a monoclonal antibody that targets the GD2 pathway and
approved in combination with GM-CSF for a subset of patients
with advanced neuroblastoma.

Regardless of the treatment selected, “pediatric glioblastoma”
remains a devastating disease, with median survival ranging
from 13 to 73 months, with a 5 year survival of <20% (4–6,
204). Nevertheless, several studies have demonstrated a relatively
better prognosis and long-term survival among pediatric patients
compared to adults (5–7).

FINAL REMARKS

Glioblastomas are highly aggressive neoplasms that represent a
small subset of pediatric brain tumors. “Pediatric glioblastomas”
are grossly and microscopically identical to their adult
counterparts, but molecularly and genetically distinct. These
differences may explain why “pediatric glioblastomas” may have
a different prognosis or occasionally be less responsive to current
adjuvant therapy regimens.
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MRI is the imaging modality of choice in evaluating “pediatric
glioblastomas,” not only because it is safer due to the absence
of radiation exposure but also for its superior spatial and
contrast resolution and for delivering physiologic information
about the tumor and adjacent brain parenchyma. MRI is
also vital for surgical and radiation therapy planning and
postsurgical evaluation. Conventional MRI sequences provide
precise anatomic detail and detection of blood-brain barrier
integrity and leakage. Advanced MRI techniques such as DWI,
PWI, and proton 1HMRS may help differentiate non-enhancing
tumors from other causes of changes in the signal. It is expected
that continued research increases the availability of advanced
MRI techniques. This increment, coupled with emerging MRI

techniques and advances in personalized medical care, perhaps
powered by artificial intelligence techniques, would hopefully
result in a better quality of life and overall improvement in
survival rates.
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Proton magnetic resonance spectroscopy (1H-MRS) provides a non-invasive

biochemical profile of brain tumors. The conventional 1H-MRS methods present a

few challenges mainly related to limited spatial coverage and low spatial and spectral

resolutions. In the recent past, the advent and development of more sophisticated

metabolic imaging and spectroscopic sequences have revolutionized the field of

neuro-oncologic metabolomics. In this review article, we will briefly describe the

scientific premises of three-dimensional echoplanar spectroscopic imaging (3D-

EPSI), two-dimensional correlation spectroscopy (2D-COSY), and chemical exchange

saturation technique (CEST) MRI techniques. Several published studies have shown

how these emerging techniques can significantly impact the management of patients

with glioma by determining histologic grades, molecular profiles, planning treatment

strategies, and assessing the therapeutic responses. The purpose of this review article

is to summarize the potential clinical applications of these techniques in studying brain

tumor metabolism.

Keywords: brain tumor, chemical exchange saturation transfer (CEST), MRI and MRS, glioblastomas

(GBMs), neurometabolites, two-dimensional correlation spectroscopy (2D-COSY), three-dimensional echo-planar

spectroscopic imaging (3D-EPSI)

INTRODUCTION

Gliomas are the most common primary brain tumors of the central nervous system (CNS) in adults
and carry a grim prognosis (1–3). Proton magnetic resonance spectroscopy (1H-MRS) is a valuable
tool for the non-invasive assessment of metabolic alterations present within brain tumors (4).
Several prior studies have reported potential utilities of 1H-MRS in evaluating histological grades,
molecular profiles, determination of prognosis, and assessment of treatment response to established
novel therapies in patients with gliomas (5–10).

Despite presenting promising findings in clinical practice, the widely used single-voxel or single-
slice two-dimensional 1H-MRS methods suffer from some limitations. First, the conventional 1H-
MRS methods are constrained by the incomplete sampling of gliomas due to limited coverage
of a region of interest. Consequently, it may not always be possible to interrogate the entire
tumor volume, and as such, metabolic alterations from the essential regions of glioma may not be
sampled. Conversely, the sampled large voxels from solid/contrast-enhancing regions of gliomas
might include the edges of necrotic regions, peritumoral edematous regions, normal brain tissues,
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or a combination of these tissue compartments. In such
circumstances, metabolite levels in a particular tissue region of
a tumor might be influenced by contributions from adjacent
tissue compartments, thereby lowering the diagnostic accuracy
of 1H-MRS by falsely including features that do not actually
exist in that particular tumor region. Second, the neoplastic cells
in high-grade gliomas have a propensity to infiltrate beyond
contrast-enhancing regions in the normal brain parenchyma,
often along the myelinated axons and blood vessels (11–
13). However, standard 1H-MRS sequences do not often map
the widespread metabolite abnormalities and suffer from the
incomplete sampling of a glioma. Third, it is challenging to
resolve several overlapping resonances existing over a small
chemical shift range using conventional 1H-MRS techniques,
hampering the reliable separation of several metabolites, which
are of critical importance in understanding the metabolic
processes occurring within these gliomas. Over the last several
years, alternative MR-based techniques have been developed and
successfully implemented in research and clinical settings to
unravel the metabolic profiling of gliomas.

In this review article, we will provide an overview of emerging
metabolic MRI techniques that have revolutionized the field of
neuro-oncology in the recent past. These techniques include
three-dimensional echoplanar spectroscopic imaging (3D-EPSI),
two-dimensional correlation spectroscopy (2D-COSY), and
chemical exchange saturation technique (CEST) MRI methods.
Recently, 13C hyperpolarized and deuterium-based techniques
have also gained momentum for studying metabolic pathways
in brain tumors. While it is not in the scope of the current
review for presenting a discussion on these novel multinuclear
spectroscopic techniques, readers are referred to excellent articles
available in the literature for a detailed overview on basic
concepts and potential applications in neuro-oncology (14–20).

THREE-DIMENSIONAL ECHOPLANAR

SPECTROSCOPIC IMAGING

Three-dimensional echo planar spectroscopic imaging (3D-
EPSI) is an elegant method that provides high-resolution
(nominal voxel size = 0.1 cm3) volumetric metabolite maps
covering supratentorial and infratentorial brain regions in
a clinically acceptable acquisition window (21, 22). These
volumetric maps can be spatially co-registered with anatomical
images to facilitate mapping of metabolite alterations from
normal brain parenchyma and from different tumor regions
(central core, solid/contrast-enhancing, and peritumoral regions)
with minimal partial volume averaging, thus projecting a more
comprehensive representation of a tumor true spatial extent
(23). Moreover, the whole-brain data acquisition scheme obviates
the subjectivity and user bias for placing voxels in a tissue of
interest (24, 25).

On routine clinical MR systems (1.5 or 3 T), the whole
brain 3D-EPSI data is acquired using a spin-echo sequence
with parallel imaging scheme using generalized autocalibrating
partially parallel acquisition (GRAPPA) (26). This sequence
requires strong, fast switching gradients with excellent eddy

current performance. It takes ∼17–18min to acquire a 3D-EPSI
sequence that involves interleavedmetabolite and water reference
scans. The water scan is employed to improve the reconstruction
and analysis of metabolite maps in the presence of magnetic
field inhomogeneity and drift, besides using it as a reference
signal for metabolite concentration scaling. To reduce lipid signal
contamination from the skull and scalp, an inversion recovery
prepared lipid inversion nulling is generally used in addition
to employing an outer volume saturation band covering the
skull base.

In neuro-oncology, multiple studies have shown the potential
clinical utility of 3D-EPSI in studying brain tumor metabolism
(23, 27–32). Glioblastomas (GBMs) are well known for their
infiltrative nature with finger-like tentacles extending into the
normal brain parenchyma like “mixing black and white sand”
together, making differentiation of tumor cells from normal
brain cells challenging on postcontrast T1-weighted images
(33, 34). It is well established that cellular and metabolic
alternations initiate much earlier than the appearance of actual
lesions or anatomical changes in any pathological conditions,
including brain tumors. By using 3D-EPSI, metabolite profile
can be assessed both from the supratentorial and infratentorial
brain regions simultaneously. Any deviation in the normal
metabolite profile from normal-appearing brain tissues may
be indicative of tumor infiltration. More importantly, these
infiltrative tumor regions are generally associated with tumor
recurrence and treatment failure (35, 36). Hence, it is crucial
to develop a roadmap for precise delineation of tumor margins
that will eventually aid in appropriate individualized therapeutic
planning, including maximal safe tumor resection and delivery
of accurate radiation therapy in these patients. To this end, 3D-
EPSI derived total choline (tCho)/total N-acetyl aspartate (tNAA)
maps were used in a study to detect regions of microscopic occult
tumor infiltration beyond the areas of contrast enhancement in
patients with GBM (26, 28, 37). The strong positive correlations
were observed between tCho/tNAA ratios and quantitative
measures of tumor infiltration (Sox2-positive cell density and
ex-vivo fluorescence signals), supporting the notion that whole-
brain metabolic maps can be used for reliable detection of
infiltrative tumor regions (23).

Moreover, the investigators found that metabolically active
disease does not always receive appropriate dose coverage in
conventional radiation therapy planning in a routine clinical
setting. The authors suggested using whole-brain tCho/tNAA
maps in defining a target volume for delivering a maximum
dose of radiation to active tumor regions for improved clinical
outcomes in patients with GBM.

Surgical resection followed by concurrent chemoradiotherapy
(CCRT) along with adjuvant temozolomide (TMZ) is the current
standard of care treatment for patients with GBM (38). However,
within 6 months after completing CCRT, a contrast-enhancing
lesion within the radiation field at the site of original tumor or
resection margins appears (39). While this lesion may represent
true progression (TP) of a neoplasm, it may also reflect either
a predominant treatment effect/pseudoprogression (PsP) that
is mediated by TMZ-induced increased vascular permeability
and inflammatory response. Specifically, PsP is a subacute and
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posttreatment reaction that subsequently regresses or remains
stable (40). Patients with TP are considered for repeat surgery
or for alternative treatment strategies (41). On the other hand,
patients with PsP are associated with a favorable prognosis
and these patients are usually continued on adjuvant TMZ
therapy (42, 43). Therefore, it is essential to differentiate TP
from PsP for making informed decisions on future therapeutic
interventions and for prognostication of disease in these
patients. Using 3D-EPSI, our group demonstrated the clinical
utility of tCho/tNAA and tCho/total creatine (tCr) maps in
distinguishing TP from PsP with a discriminatory accuracy of
over 90% (27). We observed significantly higher tCho/tNAA
from contrast-enhancing, immediate, and distal peritumoral
regions of GBMs in TP than those in patients with PsP. In
addition, significantly elevated tCho/tCr levels from the contrast-
enhancing areas were observed in TP compared with PsP. When
these parameters were incorporated into multivariate logistic
regression analyses, a discriminatory model with a sensitivity
of 94% and a specificity of 87% was observed in distinguishing
TP from PsP (27). Representative 3D-EPSI derived volumes of
tCho/tNAA, and T2-FLAIR abnormalities from patients with TP
and PsP are demonstrated in Figure 1A. In addition, summed
1H-MRS spectra encompassing the entire volumes of contrast-
enhancing regions of neoplasms from these two patients are given
in Figure 1B.

In another study, our group documented the clinical utility
of 3D-EPSI in assessing the deleterious effects of whole-brain
radiation therapy on normal brain parenchyma in patients with
metastases (32). This study reported a significant increase in
tCho/tCr levels in the hippocampus and genu of the corpus
callosum at a 1-month postirradiation period relative to the
baseline MRI study. These alterations in tCho levels support
the idea that radiation therapy disrupts the metabolism of the
normal brain tissues secondary to the breakdown of the myelin
sheath and cell membranes following radiation-induced damage
to oligodendrocytes. In addition, trends toward decrease in
tNAA/tCr ratio were observed from the hippocampus (32).

Numerous other studies have also reported the immense
clinical potential of 3D-EPSI in characterizing histological grades
of gliomas, mapping distribution of glycine in gliomas, defining
target volumes for radiation therapy in GBMs, and evaluating
treatment response to immunotherapy and electric field therapy
in patients with GBM (23, 28–31). Collectively these studies
have reported that volumetric EPSI sequence can evaluate the
spatial extent of metabolic alterations with high accuracy, which
is essential for assessing disease burden in patients with glioma.

Mutation in isocitrate dehydrogenase (IDH) 1 and 2 families
of enzymes in the TCA cycle causes NADPH-dependent
reduction of α-ketoglutarate to 2-hydroxyglutarate (2HG),
resulting in a two-to-three order of magnitude increase in
the cellular 2HG concentration, which otherwise is present in
vanishingly small quantities in the normal human brain regions.
This mutation occurs at a single amino acid residue of the IDH
active site resulting in loss of the enzyme’s ability to catalyze
the conversion of isocitrate to α-ketoglutarate. Several studies
have reported that patients with glioma harboring IDHmutation
demonstrate a better response to chemoradiation therapy and

FIGURE 1 | (A) Top Row: tCho/tNAA maps from patients with representative

PsP (left) and TP (right) showing red color 3D volumes corresponding to voxels

that exceed a threshold value of 0.85 for tCho/tNAA overlaid on the inferior

most slices of tCho/tNAA maps encompassing the neoplasm. A transparent

blue shows an outline of the brain and skull derived from a coregistered

T1-weighted MPRAGE image. Bottom Row: T2-FLAIR image from these two

patients showing blue color 3D volumes corresponding to FLAIR abnormality

that is approximately similar in size (227 voxels, 24.4 cm3 for PsP and 219

voxels, and 23.6 cm3 for TP). Please note that the red 3D volume of

tCho/tNAA is smaller in patients with PsP than patients with TP despite the

presence of approximately comparable volumes of FLAIR abnormality,

emphasizing the importance of 3D-EPSI in ascertaining the true extent of

metabolic abnormalities in patients with TP and PsP. (B) Summed 1H-MRS

spectra encompassing the entire volumes of contrast-enhancing regions of

neoplasms from patients with TP and PsP are shown. Please note, higher

tCho/tNAA ratio in TP than in PsP.

prolonged overall survival outcomes than those harboring IDH
wild-type alleles (44, 45), thus emphasizing the importance of
non-invasive identification of IDHmutant gliomas. An alteration
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in tumor metabolism results in the aberrant accumulation
of an oncometabolite 2HG, which has been considered as a
putative marker for identifying IDH mutant gliomas (10, 45).
Structurally, the oncometabolite 2HG consists of a 5-spin system
and the scalar (J) coupling pattern of 2HG leads to several
multiplets with spectral peaks centered around 4.02 (H2), 1.9
(H3 and H3

′

), and 2.25 ppm (H4 and H4
′

) spectral locations.
The noninvasive detection of 2HG on conventional 1H-MRS
is challenging due to the extensive overlap of its resonances
with those from metabolites, namely, NAA, glutamate (Glu),
glutamine (Gln), gamma-aminobutyric acid (GABA), and lipids.
Some previous 1H-MRS studies have employed sophisticated
acquisition and postprocessing strategies for reliable in-vivo
detection and quantification of 2HG (46–48). It is well known
that improved spectral resolution and reduced overlap can be
achieved by applying a longer echo time (TE) to a standard
point resolved spectroscopy (PRESS) sequence in order to take
advantage of the differences in J-evolution observed in the
coupled spin system (49). In a study, Choi et al. conducted
several quantum mechanical simulations and finally used an
optimal TE of 97ms for the detection of 2HG signals from
gliomas scanned on a 3 T MR system. The authors reported
100% sensitivity and specificity for detecting 2HG in gliomas
(47). In a related study, the investigators used a triple refocusing
sequence with a TE of 137ms for improved detection of 2HG
by successfully suppressing the confounding signals from Glu,
Gln, and GABA (48). Using an innovative approach in a recent
study, new lipid basis sets were used for detecting 2HG signals
especially in those brain tumors, which exhibited high lipid
resonances. Despite presenting encouraging findings, all these
studies employed single voxel and/or single slice multivoxel 1H-
MRS methods. Lately, a high-resolution whole-brain 1H-MRS
technique has been proposed to map the oncometabolite 2HG
from the entire volume of IDH mutant gliomas (50). Another
recent study has demonstrated significantly higher tCho/tCr
and tCho/tNAA ratios in IDH mutant than in IDH wild-type
gliomas using whole-brain 1H-MRS (51). Taken together, this
wide range of clinical applications provide a strong impetus to use
the 3D-EPSI sequence for the non-invasive quantification and
assessment of metabolite alterations in gliomas.

The volumetric EPSI sequence is also associated with
some limitations that include the effects of magnetic field
inhomogeneity, especially from frontal and brain stem
regions that may limit the spectroscopic characterization
of tumors located in those particular regions. To avoid the
inclusion of low-quality spectroscopic data, an automatic
quality assurance procedure is used for each voxel using
several metrics such as Cramer-Rao lower bounds (CRLB),
line shapes, CSF partial volume contribution, and degree
of residual water and lipid signals. The voxels that do not
meet these predefined criteria are excluded from the final
data analysis (21). Given that the volumetric EPSI sequence
provides reliable metabolic information from different regions of
gliomas and multiple normal brain regions simultaneously,
we expect this sequence to be used widely in neuro-
oncological applications in the near future. Moreover, the
implementation of the whole-brain 3D-EPSI sequence on

FIGURE 2 | Basic pulse diagram of a 2D-NMR experiment preparation time

allows the nuclei in the sample to reach equilibrium with the static external

magnetic field environment and solvent suppression is performed. During the

evolution period, the magnetization of spins evolves. This time domain is

incremented during the 2D-NMR experiment. During mixing time, coherence

transfer takes place between J-coupled spins. During the detection period,

transverse magnetization is recorded.

7 T MRI scanners will open more avenues for studying brain
tumor metabolism.

TWO-DIMENSIONAL-CORRELATION

SPECTROSCOPY

On conventional one-dimensional (1D) 1H-MRS, spectral peaks
due tomethyl, methylene, andmethane protons from the number
of metabolites, namely, NAA, N-acetyl aspartyl glutamate
(NAAG), Glu, Gln, GABA, and 2HG neurometabolic peaks
severely overlap in the spectral region of 2–4 ppm, often
confounding the detection and quantification of metabolite
concentrations. In contrast, the 2D-COSY method offers
the ability to identify potentially overlapping resonances of
metabolites by dispersing the multiplet structure of scalar (J)-
coupled spin systems into a second spectral dimension and by
exploiting the unlikely possibility that two metabolites would
share identical chemical shifts in two dimensions (52–55). A
basic pulse sequence of a 2D-COSY consists of preparation time
that allows the nuclei in the sample to reach equilibrium with
the static external magnetic field environment and during which
water suppression is performed. During the evolution period, the
magnetization of spins evolves. This time domain is incremented
during a pulse sequence. During mixing time, coherence transfer
occurs between scalar (J)-coupled spins, and finally, transverse
magnetization is recorded during the detection period (Figure 2).
In a 2D-COSY experiment, the MR signal is recorded as a
function of two-time variables, t1 (incremented time delay) and
t2 (fixed time delay) (Figure 3). The series of 1D-free induction
decays are Fourier transformed along the first dimension in t2
followed by another Fourier transformation in t1. The signals
of each transformation may differ in amplitude and/or phase.
Higher resolution in t2 (direct dimension) costs little time, but
the higher resolution in t1 (indirect dimension) adds directly to
the acquisition time of the experiment.

As shown in Figure 4, a typical 2D-COSY spectrum comprises
of two types of peaks (a) diagonal peak, which indicates
that protons are not J-coupled with neighboring protons and
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FIGURE 3 | Multiple (∼64) evolutionary periods (1t1 increments) are collected

in a typical 2D-NMR experiment which is a simple series of 1D-NMR

experiments acquired with different timings. Higher resolution in t2 (direct

dimension) costs little time, but the higher resolution in t1 (indirect dimension)

adds directly to the acquisition time of the experiment.

FIGURE 4 | A schematic diagram showing a typical 2D-COSY spectrum. Two

types of peaks are observed. Auto peak/diagonal peak indicates that protons

from a chemical moiety are not J-coupled with protons of a neighboring

moiety. Cross-peak/off-diagonal peak indicates spin-spin couplings between

two protons up to three bonds apart (vicinal coupling).

(b) cross-peak or off-diagonal peak, which indicates spin-spin
couplings between two protons up to three bonds apart (vicinal
coupling). Though well-separated, the cross-peaks show lower
signal intensity than primary resonances because they originate
only from the small fraction of spins undergoing coherence
transfer during t1 evolution.

Several earlier studies have reported the feasibility and clinical
importance of in-vivo 2D-COSY sequence with human brains
scanned at routine clinical scanners, mainly at 1.5 and 3 T MR
systems (56–58). However, the introduction of ultra-high field
(7T) MR systems has improved the sensitivity of 2D-COSY
technique in detecting metabolites, particularly with overlapping

resonance peaks. Previously, our group has implemented a 2D-
COSY pulse sequence on a 7 T MR system and demonstrated
enhanced signal-to-noise ratio (SNR) and increased chemical
shift dispersion compared to a similar 2D-COSY scheme and
voxel size acquired at a lower field strength of 3 T (59). In this
reproducibility study, test-retest experiments of brain phantom
using 2D-COSY sequence on 7 T revealed coefficients of variation
(CVs) of 3–20% for most metabolites, suggesting high diagnostic
accuracy of this method. A direct comparison of SNR indicated
that most metabolite peaks were 2–3 times more intense at 7 T
than at 3 T.

Furthermore, in vivo 2D-COSY spectra allowed the detection
of several metabolite resonances from multiple brain regions of
normal volunteers, and intersubject experiments revealed CVs
of 4–26% for most metabolites (59). Collectively, these results
demonstrate the feasibility, reliability, and clinical potential of
the 2D-COSY sequence in unambiguously detecting additional
metabolites in the human brain than what can be generally
ascertained either by 1D studies at 7 T or analogous 2D-COSY
studies at lower field strengths (1.5 or 3 T). Moving forward,
our group implemented a non-uniformly weighted sampling
(NUWS) scheme for faster acquisition of 2D-COSY data on
a 7T MR system. The NUWS 2D-COSY facilitated a 25%
shorter acquisition time while maintaining almost similar SNR
in humans (+0.3%) and phantom experiments (+6.0%) to that
of the uniform averaging method (60). This new approach could
make the clinical applications of 2D-COSY sequences faster,
easier, and more versatile.

In brain tumors, an elevated resonance of tCho at 3.2
ppm is generally observed on conventional 1H-MRS, indicating
increased cellular proliferation (4, 7, 8, 61). This prominent
resonance of tCho is composed of signals from free Cho,
phosphocholine (PC), and glycerophosphocholine (GPC) (62).
To fully understand the dysregulated phospholipid metabolism
in brain tumors, it is essential to detect and quantify relative
levels of PC and GPC (4). In a previous in-vitro 1H-MRS study
from tumor extracts, it was found that PC was a predominant
contributor to the tCho peak in high-grade gliomas (61). At the
same time, GPC dominated in low-grade gliomas suggesting the
potential role of relative amounts of PC and GPC in predicting
tumor grades. The higher PC observed in high-grade gliomas
has been attributed to elevated expression of choline transporters
and/or enzymatic activities of choline kinase, and phospholipase-
C (63). Furthermore, alterations in the PC/GPC ratio have been
proposed as a marker of malignant transformation and treatment
response (61). On conventional 1H-MRS, the individual peak
components of tCho (free Cho, PC, and GPC) cannot be reliably
resolved (4, 61, 64).

There has been an increasing interest in investigating the
crucial roles of neurotransmitters in dynamic remodeling and
regulation of metabolic pathways in brain tumors. Hence, it
is imperative to understand the alterations in Glu, Gln, and
GABA cycle as Glu is involved in the cellular anabolic pathways
and is also associated with facilitating tumor invasion (65–67).
Consequently, reliable detection of these metabolites is valuable
for studying tumor metabolism. Detection of elevated lactate
(Lac) in brain tumors may reflect elevated tumor glycolysis
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and/or poor tissue perfusion (68). However, reliable detection of
Lac on 1D 1H-MRS is problematic due to intense co-resonant
lipids signals that are also known to be present at elevated levels,
especially in high-grade gliomas.

In a study, we published our initial experience of using 2D-
COSY sequence on a 7 TMRI scanner for successfully identifying
IDH mutant gliomas by unambiguously detecting resonances of
2HG besides reporting other clinically relevant metabolites (69).

Representative 2D-COSY spectrum from a patient with grade-
III astrocytoma harboring IDH wild-type genotype is shown
in Figure 5. In another study, Ramadan et al. reported several
characteristic metabolites from GBMs using 2D-COSY (70).
Collectively, these studies suggest the potential utility of 2D-
COSY in the characterization of brain tumors. However, future
studies with larger patient populations are required to validate
these encouraging findings.

We recognize the limitations of the 2D-COSY technique
in terms of its relatively longer acquisition time (∼17min).
However, future modifications of this pulse sequence would
benefit from implementing acceleration techniques like matched
accumulation or sparse sampling to reduce overall scan time.
Quantification of metabolic resonances detected on 2D-COSY
could also be improved by implementing a prior-knowledge-
based fitting approach analogous to linear combination (LC)-
model fitting on 1D-MRS rather than using a peak integration
method that is generally used. ProFit is one such 2D
prior-knowledge-based fitting algorithm, and adopting this
program could improve the reliable quantification of brain
tumor metabolites (52, 71, 72). Future developments also
include designing multivoxel-based 2D-COSY sequences using
concentric circular echoplanar encoding or spiral encoding
schemes for facilitating faster data with greater anatomical
coverage and higher spatial resolution.

CHEMICAL EXCHANGE SATURATION

TRANSFER

Chemical exchange saturation transfer (CEST) is a relatively
novel metabolic imaging modality that allows the detection
of specific exogenous and endogenous metabolites/molecules
present at very low concentrations (73–75). In CEST imaging,
exchangeable solute protons present on the chemical functional
groups such as hydroxyls (–OH), amides (–CONH), and
amines (–NH2) resonate at a frequency different from the
bulk water protons (off-resonance frequencies for -OH, –
CONH, and –NH2 protons are ∼ 0.5–1.5, ∼3.5, and 1.8–3.0
ppm, respectively). These labile protons are selectively saturated
using radiofrequency (RF) irradiation centered at the resonance
frequencies of these protons. This saturation is subsequently
transferred to bulk water pool when solute protons exchange
with water protons leading to a decrease in the water signal
proportional to the concentration of solute molecules and
exchange rate of labile protons. While the saturation pulse is
being applied, this process continues to decrease the water
magnetization. Simultaneously, longitudinal relaxation processes
return the saturated proton spins to their thermal equilibrium

FIGURE 5 | A 2D-COSY spectrum (from a voxel placed on hyperintense signal

abnormality as visible on T2-FLAIR image, right inset) from a patient with

grade-III astrocytoma harboring IDH wild-type genotype showing various

metabolites. Abbreviations: choline (Cho); ethanolamine (Eth); glutamate (Glu);

glutamine (Gln); glutamate + glutamine (Glx); glycerophosphocholine (GPC);

isoleucine (Ile); lysine (Lys); Myo-inositol (mI); N-acetyl aspartate (NAA);

phosphocholine (PC); phosphoethanolamine (PE); and taurine (Tau).

state until the system reaches a steady-state condition or the
saturation pulse is turned off. This reduction in the water signal
can be imaged by modifying fast imaging pulse sequences. For
the exchangeable solute protons of interest, two factors that play
a critical role in obtaining the optimal contrast are (i) the applied
power and (ii) the duration of the RF pulse.

The CEST imaging provides a powerful contrast for detecting
endogenous mobile proteins/peptides and neurometabolites
such as Glu and Cr, which play a crucial role in tumor
development, tumor growth, and disease progression (76–79).
Therefore, studying these macromolecules and metabolites using
CEST imaging techniques may provide valuable insights for
understanding the brain tumor microenvironment.

Amide Proton Transfer
Amide proton transfer imaging is a CEST technique developed to
detect and quantitatively visualize endogenous mobile peptides
and proteins present within the biological tissues (76, 80). Amide
protons resonate at around 8.2 ppm on the MR spectrum and
hence have a chemical shift of 3.5 ppm downfield from the water
signal. Due to the prolonged exchange rate (∼30 s−1) of amide
protons, it is possible to obtain nearly complete saturation using a
low-power, long-duration saturation RF pulse (81). APT imaging
can also be performed on 3T clinical MRI scanners mainly due
to the slow exchange rate of amide protons. As an APT signal is
dependent on the variations in tissue pH values, APT imaging
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FIGURE 6 | Axial postcontrast T1 weighted image (A) demonstrating a ring-enhancing GBM with hypointense vasogenic edema in the left frontal lobe, which is visible

as a hyperintense mass on the corresponding T2-FLAIR image (B). B0 and B1 field in-homogeneity corrected Glu-CEST map (C) showing high glutamate signals from

contrast-enhancing ring (arrowheads) and the surrounding brain regions beyond the contrast enhancement, suggesting infiltrative nature of this neoplasm.

may be helpful in determining the tumor pH after performing
appropriate calibration of the signals (82).

It is widely believed that active tumor cells express higher
concentrations of mobile protein and peptide components (83,
84). Also, metabolically active tumors produce a higher amount
of lactic acid in the extracellular tumor microenvironment (85).
This decrease in tumor pH should generate lower APT contrast
due to the slower exchange rate of amide protons because
the chemical exchange of protons from the amide group to
water is base-catalyzed. On the contrary, higher APT contrast
is generally observed from tumors than from normal tissues.
The plausible reason for this observation could be that higher
peptides/protein contents present within the tumors might offset
the pH-dependent lower APT signals (80).

Using orthotropic glioma models in rats, a preclinical study

reported the potential utility of APT imaging in differentiating

viable tumors from radiation necrosis. While actively growing
tumor regions exhibited hyperintensities on APT images,
necrotic regions showed hypointense to isointense signal
intensities (86). In addition, the intensity of the APT signal
was shown to decrease in irradiated tumors at 3-day and 6-
day of posttreatment periods relative to baseline suggesting
APT imaging may aid in evaluating treatment response to
radiation therapy in brain tumors. Several clinical studies
have also demonstrated the great potential of APT-weighted
imaging in delineating malignant neoplastic infiltration from
peritumoral vasogenic edema, differentiating histopathological
grades, and discriminating high-grade gliomas from primary
cerebral lymphomas (87–89). In addition, some studies have
documented significantly higher APT signals in TP than those
with PsP in patients with GBM. This difference may be
attributed to the presence of lower concentrations of mobile
cytosolic proteins and peptides in PsP secondary to reduced
cellular density and disrupted cytoplasm than those present in
TP (84, 87).

Amide proton transfer-weighted imaging has also been used
to identify IDHmutation status in gliomas (90–93). Intriguingly,
lower APT signal intensities have been observed in IDH-
mutant (phenotypically indolent tumors with more favorable

prognosis) than in IDH-wildtype (phenotypically aggressive
tumors with poor prognosis) gliomas (94–96). APT imaging
has also been used for identifying O6-methylguanine-DNA
methyltransferase (MGMT) promoter methylation status in
GBMs. In a study, significantly lower APT signal intensities were
observed in MGMT methylated (a prognostic marker for more
favorable prognosis) than in MGMT unmethylated GBMs (97).
In summary, APT imaging is fast emerging as a novel molecular
MRI technique in neuro-oncology that can be used for classifying
brain tumor types, determining histological grades andmolecular
profiles of gliomas, and evaluating treatment response in patients
with glioma.

Glutamate-CEST
It has been demonstrated that Glutamate (Glu) exhibits a pH
and concentration-dependent CEST effect between its amine
protons observed at ∼3.0 ppm downfield from bulk water
protons. A CEST method for imaging Glu (Glu-CEST) can be
utilized to generate high-resolution (in-plane resolution varies
between 0.8 × 0.8 and 1.0 × 1.0 mm2) parametric maps
for better understanding the role of this crucial metabolite
in studying brain tumor metabolism (98–100). In a pilot
study, higher Glu-CEST signals were observed from peritumoral
regions of grade II–III gliomas compared to contralateral brain
regions. Interestingly, these high Glu-CEST contrast regions
were associated with seizure activities in these patients (101).
These findings substantiate the notion that the peritumoral
regions could be potential epileptogenic zones in gliomas. In an
ongoing study at our institution, we are currently investigating
the potential role of Glu-CEST imaging on a 7 T MR scanner
for detecting occult neoplastic infiltration into the normal brain
parenchyma and evaluating the extent of glutamatergic excitatory
activity in patients with GBM (Figure 6). We believe that
improved delineation of tumor margins (precision diagnostics)
will aid in appropriate individualized therapeutic planning,
including maximal safe tumor resection and enhanced delivery
of radiation dose to actively proliferating regions of a GBM
(personalized therapeutics), thus improving the quality of life and
survival outcomes in these patients.
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TABLE 1 | Head-to-head comparison of three metabolic techniques (3D-EPSI, 2D-COSY, and CEST imaging).

Type of characteristics 3D-EPSI 2D-COSY CEST imaging

General features Simultaneous spatial-spectral encoding

technique and potentially valuable tool for

mapping metabolite profiles from multiple

brain regions

Identify potentially overlapping resonances

of metabolites by spreading out the

multiplet structure of scalar (J)-coupled

spin systems into a second spectral

dimension and by exploiting the unlikely

possibility that two metabolites would

share identical chemical shifts in

two-dimensions

Generates unique image contrast between

tissues by targeting labile protons present

within the endogenous molecules or

exogenous compounds

Potential strengths Offers advantages of greater spatial

coverage and higher spatial resolution

compared to multivoxel spectroscopic

imaging techniques

Provides better dispersion of J-coupled

peaks and unambiguously disentangles

peaks present at similar chemical shift

positions

Provides higher spatial resolution images

for detecting metabolites with higher

sensitivity compared to routine

spectroscopy methods

Potential challenges Longer shimming and acquisition times,

the trade-off between spatial resolution

and spectral bandwidth, prone to artifacts

due to B0 inhomogeneity and magnetic

field susceptibility

Long acquisition times to adequately

sample t1 dimension, limited spatial

coverage (typical single voxel size of

4–8cm3 ), and limited availability of

post-processing tools

High RF power deposition, the

requirement of ultrahigh magnetic field

strength (≥7 T) for observing some

fast-exchanging metabolites, e.g.,

glutamate, sensitivity to B0 and B1 field

inhomogeneities

Future directions Implementation of robust, whole-brain

3D-EPSI sequence on 7T MRI scanners

Development of sequences for allowing

faster data acquisition with greater

anatomical coverage and higher spatial

resolution

Development of reliable multi-slice CEST

imaging sequences

Potential clinical

applications in brain tumors

Characterization of multiple brain tumor

lesions, intratumoral heterogeneity, tumor

infiltration, harmful effects of radiation

therapy from multiple normal brain regions

Detection and quantification of metabolites

whose resonances severely overlap with

those of other metabolites. For example,

separation of lactate from lipids,

phosphocholine from

glycerophosphocholine, identification of

glutamate, glutathione, and

2-hydroxyglutarate, etc

Quantitative mapping of proteins/peptides

and metabolites present within the brain

tumors with high sensitivity and spatial

resolution

Creatine-CEST
Creatine-CEST (Cr-CEST) provides an imaging method to
evaluate free Cr non-invasively with much improved spatial
and temporal resolution than standard 1H-MRS methods (102).
Under normal physiological conditions, Cr-CEST contrast is
observed predominantly from Cr with negligible contributions
from phosphorylcreatine centered at +1.8 ppm downfield from
water resonance. It has been shown that Cr-CEST imaging has
over 1,000 times higher detection sensitivity compared to single-
voxel 1H-MRS enabling high-resolution mapping of Cr signal
within a biological tissue (103).

Using the 9L gliosarcoma rat brain tumor model, a previous
study demonstrated lower Cr-CEST peak integral from tumor
regions than from contralateral normal brain regions. Moreover,
the Cr-CEST peak integral decreased further with tumor
progression (79). Furthermore, significantly lower Cr-CEST peak
integrals were found in F98 (more aggressive) rat brain tumor
model than in the 9L tumors (less aggressive) (79). It is well
known that F98 gliomas share the essential characteristics of
human GBMs (Grade-IV gliomas, the most malignant brain
tumors), such as invasiveness and formation of hypoxia and
necrosis. On the other hand, 9L gliosarcoma grows slowly
and homogeneously and these tumors rarely exhibit regions
of necrosis (104–106). Taken together, the findings of Cr-
CEST studies on rodent tumor models indicate that levels
of Cr diminish as the tumor progresses and the degree of
aggressiveness increases. These findings are in good agreement

with previously published studies that have shown a decreased
level of Cr and/or creatine kinase activity in several different types
of cancers (107, 108).

Over the last decade, several encouraging findings have been
obtained by using CEST imaging; however, these are mostly
restricted to animal models or pilot clinical studies. To translate
these promising results of CEST imaging into a routine clinical
setting, some critical issues, including B1 inhomogeneities effects,
especially in the temporal brain regions, the requirements
for lower power deposition, longer scan time, and correct
interpretation of CEST data need to be addressed. Sequences
with radial or spiral k-space-filling strategies are being explored
for CEST imaging to achieve a shorter acquisition time. Some
developments such as parallel transmission, RF shimming, and
post-B1 correction strategies are also currently in progress to
address some of the shortcomings associated with CEST imaging.

SUMMARY

New advances in metabolic MRI and spectroscopic techniques
have been evolving rapidly over the last few years. A comparative
analysis of three metabolic techniques (3D-EPSI, 2D-COSY, and
CEST imaging) is given in Table 1. These techniques will have
significant roles in reshaping our understanding of brain tumor
biology and metabolism for accurate tumor diagnosis, prognosis,
and identification of new molecular targets for fostering the
discovery of new treatments. However, it is critical to standardize
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and harmonize the acquisition parameters of these metabolic
techniques for fast-tracking the translation and implementation
into routine clinical workflows. Further progress in this field
also requires data sharing and large multicentric, collaborative
validation studies.
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