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Deep Learning AI Applications in the Imaging of Glioma
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John A. Boockvar, MD,z and Christopher G. Filippi, MD�

Abstract: This manuscript will review emerging applications of artificial

intelligence, specifically deep learning, and its application to glioblastoma

multiforme (GBM), the most common primary malignant brain tumor.

Current deep learning approaches, commonly convolutional neural networks

(CNNs), that take input data from MR images to grade gliomas (high grade

from low grade) and predict overall survival will be shown. There will be more

in-depth review of recent articles that have applied different CNNs to predict

the genetics of glioma on pre-operative MR images, specifically 1p19q

codeletion, MGMT promoter, and IDH mutations, which are important

criteria for the diagnosis, treatment management, and prognostication of

patients with GBM. Finally, there will be a brief mention of current challenges

with DL techniques and their application to image analysis in GBM.
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BACKGROUND

G lioblastoma (GBM), classified as World Health Organization
(WHO) grade IV tumor, remains the most common primary

brain tumor and 80% of all primary malignant tumors.1 Standard
therapy remains the Stupp protocol2 with maximal surgical resection
followed by chemoradiation (temozolomide and radiation therapy),
although Optune has been recently approved for frontline therapy.3

Treatment options narrow when there is recurrence and for which re-
resection, anti-angiogenic therapy with Bevacizumab (Avastin), or
clinical trials are typically offered. The prognosis for patients diag-
nosed with GBM remains grim despite many ongoing clinical trials
with a median survival on average of 18 to 24 months.4 There are
many factors that contribute to the lackluster efficacy of targeted
therapeutic approaches such as the intrinsic aggressive nature of a
high-grade neoplasm, persistence of perivascular niches of ‘‘persistor
cancer cells,’’5 the inherent, intratumoral, genetic variability of
glioma, and the difficulty of chemotherapeutic agents to efficiently
and effectively cross the blood-brain barrier. In fact, studies have
shown that within an individual high-grade glial tumor, there is
intratumoral variability with different portions of the tumor-express-
ing different genes,6,7 and, a particular treatment targeted to a
particular mutation therefore may only be partially effective. As

new treatments are targeted to the specific tumor mutations of a
patient’s glioma, an individualized, ‘‘precision medicine’’ approach
to glioma may be conceivable, but this will be tempered by the reality
of current clinical practice in which the best biopsies and surgical
resections may not fully capture the genetic variability of the tumor
on histopathologic examination.

With the advent of artificial intelligence in radiology, both
machine learning and deep learning, there is opportunity to more
fully capitalize on all the quantitative information within the millions
of voxels of an MR image, which may allow for the classification
and/or prediction of the genetic features of glioma that have such a
crucial role in treatment management and prognostication. Genomic
sequencing is not routinely or widely available albeit decreasing in
cost overtime. A cheaper, more widely available technology such as
MRI-coupled artificial intelligence algorithms that can detect image
patterns accurately predicting genetic markers of glioma would be a
significant benefit to neuroradiology and neuro-oncology practice.

Deep learning is a subset of machine learning and artificial
intelligence in which the processes of feature selection from images
and classification happens concurrently in one algorithm and which
eliminates the need for human intervention during training. It is, in
essence, end-to-end machine learning. ImageNet competitions that
seek to use AI algorithms to correctly classify animals and objects8–

11 have shown that convolutional neural networks (CNNs) have
consistently outperformed all competitors, which partly explains
the current popularity of CNNs and a shift away from machine
learning in the digital imaging field. Using the quantitative informa-
tion in all the voxels on a preoperative brain MR for glioma using,
for example T1, T2, FLAIR, postcontrast imaging T1, diffusion-
weighted imaging, and perfusion MR sequences is a ‘‘big data’’
mathematical problem for which a CNN may be the best approach,
and many other tissue contrasts are available. Given enough high-
quality, data, a CNN will learn and determine the radiologic features
and relative importance needed to make a predictive model that can
accurately classify an image.4 Many recent research articles are
reporting remarkable success in the use of deep learning CNNs to
accurately predict the status of 1p19q codeletion, IDH1 mutation,
and MGMT promoters in glioma as well as tumor grade and long-
term survival.

TUMOR GRADING
Accurate grading of glial tumors is crucial for patient manage-

ment. Decisions regarding the extent of surgical resection, need for
adjuvant therapy, and overall patient outcomes are largely driven by
glial tumor grading. However, even with histologic tissue analysis,
grading these tumors can be challenging.12 Therefore, deep learning
and CNNs have great potential in neuro-oncology to improve the
accuracy in grading gliomas both histologically and perhaps more
importantly by imaging.

There have been several studies focusing specifically on grading
glial tumors using CNN. Ahammed Muneer et al13 compared two
different artificial intelligence systems, Weighted Neighbor Distance
using Compound Hierarchy of Algorithms Representing Morphol-
ogy (WNDCHRM) and VGG-19 deep CNN, in their ability to
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classify gliomas. In this study, 20 patients with known WHO grade I,
II, III, or IV gliomas were classified using the aforementioned
methods. The accuracy was higher with using VGG-19 CNN than
wndchrm (98.25% vs 92.86%).13 Despite the relatively small sample
size, this study confirms the potential of CNN in grading gliomas.
Although Ahammed Muneer et al13 focused on classifying each
glioma into 1 of 4 grades, Ge C et al,14 focused on distinguishing
between low-grade (which was defined as WHO II) and high-grade
glioma (WHO III and IV). In their study, Ge C et al,14 proposed a
novel multistream CNN and fusion network for glioma classification.
Using a dataset of patients obtained from the MICCAI BraTS 2017
competition, multiple sensors (T1 postcontrast, T2, and FLAIR
images) from patients with low-grade and high-grade gliomas was
obtained and placed in its own CNN. The aggregate data were then
fused with the relevant features extracted. In this manner, they were
able to achieve an accuracy of 90.87% by utilizing 3 different data
points. The postcontrast T1-weighted images were overall the most
accurate in distinguishing high versus low-grade glioma on an
individual basis. In another study by Yang et al,15 they compared
2 different CNN, AlexNet and GoogLeNet, in their ability to
distinguish between lower grade gliomas (which they defined as
WHO II and III) and high-grade gliomas (WHO IV). Using T1
postcontrast images from 113 patients with pathologically proven
gliomas, they compared the accuracy from these 2 CNNs when
trained from scratch and using pretrained CNNs with fine tuning. The
results demonstrate superior accuracy using the pretrained CNNs
with GoogLeNet achieving the highest accuracy of 94.5%.15

The use of CNN for glioma classification is not just an active
research area in imaging, but in pathology as well. Ertosun and
Rubin12 utilized histopathologic images obtained from The Cancer
Genome Atlas (TCGA) databank in patients with lower grade
gliomas (which they defined as WHO II and III) and high-grade
gliomas (WHO IV). Using an ensemble of CNNs, they were able to
distinguish between high-grade gliomas and lower grade gliomas
with an accuracy of 96% and between WHO grade II and III with an
accuracy of 71%.12 It is important to point out a discrepancy in
comparing these studies. Ertosun and Rubin12 and Yang et al15

defined ‘‘low grade glioma’’ as WHO II and III, while Ge C
et al14 defined WHO III as high grade. As a result, direct comparison
between these studies is limited as a result of this discrepancy.
However, it is of interest to note that Ertosun and Rubin12 had a
significantly worse accuracy distinguishing between WHO II and III
as compared to WHO II/III versus IV (71% vs 96%). Thus, additional
research attempting to differentiate WHO II and III may be a
potential future area of research to consider.

IDH MUTATIONS
Isocitrate dehydrogenase (IDH) is an enzyme of the Krebs

cycle, which is a part of the energy metabolic pathway of cells.
Normally with IDH wt (wild-type) glioma, there is an accumulation
of alpha-ketoglutarate from isocitrate, but with IDH mutations, the
isocitrate becomes 2-hydroxyglutarate. Having IDH1 or IDH2
mutations is associated with improved survival,16 as these gliomas
respond better to Temozolomide therapy. Furthermore, in the new
2016 WHO classification system, both low-grade astroctyomas
and oligodendrogliomas are classified by the presence of IDH 1 and
IDH 2 mutations as well as loss of portions of chromosomes 1 and
19, known as 1p19q codeletion.17 IDH-mutant gliomas demon-
strate lower regional cerebral blood volume and flow on MR
perfusion, higher apparent diffusion coefficients on diffusion
MR imaging, and improved survival.18,19 In a study by Beiko
et al,20 resection of nonenhancing tumor after gross total
resection of the enhancing component correlated with improve-
ments in progression-free survival in both WHO III and IV gliomas

as opposed to IDH wild-type tumors, and thus, knowledge of IDH
mutation status before surgical resection may be important.

In a study by Liang et al,21 a multimodal 3D DenseNet to predict
IDH using the publicly available BraTS 2017 database that included
axial T1, postcontrast T1, T2, and FLAIR images from 102 GBM
patients and 65 low-grade glioma (LGG) patients achieved 84.6%
accuracy with sensitivity 78.5%, specificity 88%, and AUC 85.7%.18

To optimize the performance of the model, patient age, sex, and
tumor grade were included. A significant limitation to this study is
the inclusion of grade III tumors into the low-grade glioma category
(WHO II), as grade III tumors are high-grade neoplasms.21 In a study
by Li et al,22 a deep learning-based radiomics (DLR) approach was
developed to predict IDH1 mutation in a cohort of 151 patients with
WHO II low-grade glioma, and the modified CNN had an AUC of
95% when using DLR with additional axial FLAIR and postcontrast
T1 MR images compared with radiomics alone (86% AUC). Lack of
independent external validation, no clear methodology on measures
to prevent overfitting, and the use of pathologic diagnoses no longer
accepted (eg, oligoastrocytoma) limit the significance of these
results.22 A residual CNN trained on axial FLAIR, T2, T1 pre-
contrast, and T1 postcontrast images to predict IDH mutation status
in a multicenter study by Chang et al23 showed accuracies that ranged
from 82.8% to 85.7% on the training, validation, and testing models
that improved with the addition of clinical data (patient age) to ranges
of 87.3% to 89.1%. A major limitation to their approach was the lack
of drop out or regularization to improve model performance, but a
relative strength was the use of logistic regression models based on
age as IDH mutations are more commonly seen in younger patients
with glioma.23

A couple of recent manuscripts have achieved outstanding
results. Chang et al24 used a novel 2D/3D hybrid CNN with 259
cases of LGG and high-grade glioma from the TCIA achieving an
accuracy of 94%. They used principal component analysis to reduce
features that were highly correlated with one another in order to
determine which features had the largest impact on the final classi-
fication for a particular mutation status.24 Absent or minimal
enhancement, central areas with low T1 and FLAIR signal, and
well-defined tumor margins were the features that mattered most to
prediction of IDH mutation status (Fig. 1), whereas Liang et al21

reported that metrics derived from the T2-weighted sequence were
the best IDH predictors.24 In a recent study by Yogananda et al,25 a
3D-Dense-UNet CNN trained with 94 cases of IDH mutation and 120
wild-type gliomas from the Tumor Cancer Imaging Archive (TCIA)
and The Cancer Genome Atlas (TCGA) using 3-fold cross validation
and multiparametric MR images achieved 98% sensitivity, 97%
specificity, with AUC of 99%.

1P19Q CODELETION
Other than a single manuscript reporting slight frontal lobe

predilection, there are no consistent MR imaging features that can
reliably and accurately predict 1p19q codeletion tumors,26 and there
are a paucity of manuscripts using CNNs to predict 1p19q codeletion.
In one of the more successful studies, Chang et al24 used a 2D/3D
hybrid to predict 1p19q codeletion status achieving an accuracy of
92%. In a recent study by Ge C et al,14 a novel multistream deep CNN
(a 7-layer 2D CNN) achieved an accuracy of 89.39% on a cohort of
159 cases using contrast-enhanced T1 MR and T2-weighted MRs
and data augmentation.14 Another study by Akkus et al,27 including
159 patients and using a multiscale CNN, had 87.70% accuracy for
the prediction of 1p19q codeletion status. Only the manuscript by
Chang et al24 attempted to peak into the ‘‘black box’’ of the CNN by
employing principal component analysis to reduce features that were
highly correlated to each other. Frontal lobe location, ill-defined
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FIGURE 1. 2D/3D hybrid CNN predicting IDH mutation status with 94% accuracy. The 4 images on the left show IDH wild type and the 4 images on

the right show IDH mutation in which the IDH mutation GBMs show minimal or no contrast enhancement, which was determined on principal

component analysis (PCA) to be a key feature that the model used to make its prediction along with well-marginated tumor borders and cysts that

were T1 and FLAIR hypointense.

FIGURE 2. 2D/3D hybrid CNN predicting 1p19q Codeletion status with an accuracy of 92% in which the 4 images on the left show non-1p19q

Codeletion and the 4 images on the right show 1p19q codeletion. PCA used to determine that ill-defined tumor margins and greater amounts of

enhancement were key imaging features that the CNN used to make its predictions.
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tumor borders, and larger amounts of contrast were the most impor-
tant features that predicted 1p19q codeletion status (Fig. 2).

MGMT PROMOTER
Hypermethylation of O-6-methylguanine-DNA-methyltransfer-

ease (MGMT) promoter, an enzyme that mediates DNA damage and
dealkylates DNA, and patients with this mutation respond better to
temozolomide chemotherapy and have improved prognosis.28 The
development of pseudoprogression (PsP) is strongly associated with
this mutation in which MR images look worse (disease progression)
about 3 months following chemoradiation, but the patient is actually
responding to therapy.28,29

There has been modest success using CNNs to predict MGMT
mutation status in glioma on preoperative MR images. In a study by
Han et al,30 they used a bi-directional recurrent CNN on 260 patients
acquired from the TCIA and TCGA using T1, T2, and FLAIR scans
only but no postcontrast T1 scans that obtained an accuracy of 67%
on the validation set and 62% on the test data. Inclusion of post-
contrast imaging could have potentially improved their model accu-
racy. Interestingly, this work allowed interaction of end-users with
the CNN to compare different filters and layers of the model,30 which
may be a way to tailor models more effectively and enlist greater
engagement of neuroradiologists in the incorporation of CNNs into
clinical practice. In a study by Korfiatis et al,31 they used and
compared 3 different residual CNNs to predict MGMT status on
155 brain MR examinations with no tumor segmentation pre-proc-
essing and achieved accuracies of 94.90%, 80.72%, and 75.75%
respectively. In a recent work by Chang et al,24 using 256 brain MRs
from the TCGA and TCIA datasets, they had an accuracy of 83% in a
novel 2D-3D hybrid CNN for prediction of the MGMT promoter
status. Again, in this paper, the use of principal component analysis
for dimensionality reduction determined that the most important

imaging features for prediction of MGMT status included heteroge-
neous and nodular enhancement, presence of eccentric cysts, more
masslike T2/FLAIR signal with cortical involvement, and slight
tendency toward frontal and temporal lobe locations24 (Fig. 3). These
findings corroborate findings from prior MR genomics studies where
tumors with MGMT mutations are more likely to have eccentric and/
or necrotic cysts and frontal lobe predominance.14,22,23,27

PSEUDOPROGRESSION (PSP)
It is difficult to reliably differentiate true progression (TP) from

PsP on MR imaging, and this remains a difficult dilemma in patient
management that has utilized many strategies from MR perfusion to
watchful waiting. With the development of newer immunotherapies,
inflammatory responses have emerged with complex signal charac-
teristics which adds to the difficulty in distinguishing PsP from TP.
Many cases of PsP are not reliably diagnosed using RANO criteria,32

and a recent meta-analysis suggested that up to 36% of cases are
underdiagnosed.33 Jang et al34 used a hybrid deep and machine
learning CNN-LSTM (long short-term memory) technique on GBM
patients from a couple of institutions to classify PsP from TP
achieving an AUC of 0.83. Lack of ‘‘ground truth’’ or histopatho-
logically proven cases and an insufficient number of well-curated,
annotated MR images of PsP cases may explain the relative absence
of CNN manuscripts devoted to prediction of PsP, which remains a
critical, unmet need in neuro-oncology.

OVERALL SURVIVAL AFTER DIAGNOSIS WITH GBM
Independent risk factors that portend poor overall survival (OS)

in patients with GBM include male gender, older age at the time of
diagnosis (age >60 years), poor preoperative Karnofsky scores of
<70, which is a clinical metric of functional status, Caucasian
ethnicity, advanced tumor with partial resection, and surgery without

FIGURE 3. 2D/3D hybrid CNN predicting MGMT promoter status with accuracy of 83%. Four images on the left are non-MGMT tumors and the 4

on the right have the MGMT promoter. PCA analysis suggested that more heterogeneous enhancement, eccentric cysts, and masslike abnormal T2/

FLAIR signal, particularly cortical, were key features used by the CNN to make its model predictions.
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adjuvant chemoradiation.35–37 In a study by LaCroix et al,38 inde-
pendent predictors of OS in GBM patients not only confirmed the
importance of older age and Karnofsky Performance Scale scores but
also included MR-derived imaging features, including the extent of
resection, degree of necrosis, and enhancement on preoperative
imaging. Additional MR studies have shown that both nonenhancing
tumor and areas of infiltration are good predictors of OS,39 and poor
OS correlated with higher regional cerebral blood volume (rCBV)
and EGFRvIII amplification (a marker of neo-angiogenesis) in
patients with GBM.40,41

In a hybrid machine learning (ML)-deep learning study by Sun
et al, 3D CNN was used for tumor segmentation followed by a ML
program that extracted radiomics features using a decision tree
regression model42 that examined 210 high-grade and 75 low-grade
gliomas from the BraTS (Brain Tumor Segmentation) 2018 dataset
with 66 unknown cases and using T1, T2, FLAIR, and T1 postcon-
trast images to predict OS in GBM patients achieving a modest 61%
accuracy on short-term (<10 months), mid-term (between 10 and 15
months), and long-term survivors (>15 months).42 In a similar
approach, a study by Nie et al used a 3D CNN to automatically
extract features from multi-modal preoperative brain MR images
(T1, functional MRI, and diffusion tensor imaging) of high-grade
gliomas (69 patients with either WHO III or IV tumors) to train a
support vector machine (SVM) model to predict long versus short-
term OS in GBM patients with less than 22 months being short-term
and greater than 22 months being long-term survival.43 Clinical
features were added to the SVM model, including age at diagnosis,
gender, tumor location, tumor size, and WHO grade, and greatest
accuracy was obtained using the 3D CNN with the SVM and hand-
crafted features at nearly 90%.43 Subsequently, this research group
performed the same study but swapping out the functional MR data

with axial resting state connectivity maps (rs-fMRI) and the same
hand-crafted clinical features that achieved similar accuracy at
90.66%.44 The study by Lie et al44 has several important limitations,
including lack of independent test sets, MR examinations from a
single institution using the same MR scanner from one vendor,
arbitrary designation of 650 days as a cut-off between good versus
poor survival, absence of genomic data (IDH, EGFR, and MGMT
status) and failure to include extent of tumor resection (partial vs
gross total resection), and type and duration of treatment. In an
abstract by Chang et al,45 using clinical features (tumor location, age,
and Karnofsky scores) combined with a 2D/3D hybrid CNN, the
model classified good survival (greater than 24 months) from poor
survival (less than 6 months) with 82% accuracy (Fig. 4). There was
no exploration to discern which imaging features were most salient in
OS prediction. In a recent study by Lao et al,46 a deep learning-based
radiomics model with transfer learning on 112 patients using T1, T2,
FLAIR, and T1 postcontrast images and clinical data (age and
Karnofsky scores) achieved a modest accuracy of 71%.

CHALLENGES AND THE FUTURE
Despite recent hype, the implementation of AI algorithms into

clinical neuroimaging practice is not yet routine and faces several
challenges. Large, well-annotated data sets are needed to train,
validate, and test CNNs, which is costly and time-consuming because
radiologists are more valuable to the health care enterprise reading
clinical cases. Many diseases including glioma are thankfully rela-
tively rare so the acquisition of a large amount of data is a real
problem. To compete with the private sector buying up medical data,
a culture of multi-institutional data sharing may be needed with a
more horizontal and less paternalistic, hierarchical academic culture.
Large-scale standardization of imaging protocols may be needed, as

FIGURE 4. 2D/3D hybrid CNN predicting poor (<6 months) versus good survival (>24 months). The 4 images on the left were classified as good
survival, while the 4 images on the right were classified as poor survival with an accuracy of 82% using clinical information in the model (age, tumor

location, and Karnofsky scores).
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even good CNNs may underperform when prospectively tested on
independent, external, ‘‘real world’’ data. Additional challenges
include the expense and lack of widely available ‘‘ground truth’’
genomics and the need for potentially greater amounts of tissue
sampling and/or biopsy even in cases of gross total resection to better
characterize MR imaging in relation to CNN predictions using
techniques such as principal component analysis for dimensionality
reduction, because this may potentially inform neuroradiologists
about image features. Finally, thoughtful integration of CNNs into
routine clinical workflow whether on-sight or in-cloud solutions
will need ‘‘buy-in’’ from neuroradiologists. Too many clicks on a
mouse or disruption to workflow would be a death knoll for
CNN deployment.

In summary, tumor grading and prediction of IDH mutation,
1p19q codeletion, and MGMT promoter status, and OS are being
achieved with good success by CNNs, and it is likely that the
accuracies of prediction exceeding 80% to 90% in many cases
already surpass human level performance. With newer coder archi-
tecture, large-scale data sharing, and CNNs combined with clinical
data from the EMR, performances are likely to improve. At that time,
neuroradiologists are more likely to embrace artificial intelligence
when it seems more like augmented intelligence that enhances their
ability to make more precise, impactful diagnoses.
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