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AIM: To review how machine learning (ML) is applied to imaging biomarkers in neuro-
oncology, in particular for diagnosis, prognosis, and treatment response monitoring.
MATERIALS AND METHODS: The PubMed and MEDLINE databases were searched for articles

published before September 2018 using relevant search terms. The search strategy focused on
articles applying ML to high-grade glioma biomarkers for treatment response monitoring,
prognosis, and prediction.
RESULTS: Magnetic resonance imaging (MRI) is typically used throughout the patient

pathway because routine structural imaging provides detailed anatomical and pathological
information and advanced techniques provide additional physiological detail. Using carefully
chosen image features, ML is frequently used to allow accurate classification in a variety of
scenarios. Rather than being chosen by human selection, ML also enables image features to be
identified by an algorithm. Much research is applied to determining molecular profiles, his-
tological tumour grade, and prognosis using MRI images acquired at the time that patients first
present with a brain tumour. Differentiating a treatment response from a post-treatment-
related effect using imaging is clinically important and also an area of active study
(described here in one of two Special Issue publications dedicated to the application of ML in
glioma imaging).
CONCLUSION: Although pioneering, most of the evidence is of a low level, having been

obtained retrospectively and in single centres. Studies applying ML to build neuro-oncology
monitoring biomarker models have yet to show an overall advantage over those using tradi-
tional statistical methods. Development and validation of ML models applied to neuro-
oncology require large, well-annotated datasets, and therefore multidisciplinary and multi-
centre collaborations are necessary.
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Box 1. Neuro-oncology epidemiology

The global incidence of central nervous system (CNS) tu-
mours is unknown, but is at least 45/100,000 patients a
year.5,6 CNS tumours are categorised as primary or sec-
ondary. Secondary CNS tumours (metastases) are the
commonest type of CNS tumour in adults. The reported
incidence of metastatic CNS tumours is increasing but the
exact incidence is unknown. Primary CNS tumours are
diverse histological entities with different causes and
include malignant, benign, and borderline tumours. The
2016 World Health Organization classification of primary
CNS tumours is based on histopathological and molecular
criteria.7 In the USA, the incidence of primary CNS tumours
is 21/100,000 patients a year.8 The two main histological
types aremeningiomas and gliomas accounting for 36% and
28% of primary CNS tumours, respectively.

There are four histological glioma grades. Grade 4 gliomas
(glioblastoma) are the commonest glioma (53%).9 Diffuse
grade 2 (diffuse low-grade) and 3 (anaplastic) gliomas ac-
count for approximately 30% of all gliomas. The median age
at diagnosis of these gliomas are 64, 43, and 56 years,
respectively. In contrast, the commonest paediatric gliomas
are grade 1 (predominantly pilocytic astrocytomas) ac-
counting for 33% of paediatric gliomas.10 Almost all ma-
chine learning studies applied to neuro-oncology have
focused on gliomas, particularly high-grade gliomas (grades
3 and 4), which are the malignant gliomas.
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Introduction

A biomarker, a portmanteau of biological and marker, is
defined as a characteristic that is measured as an indicator
of normal biological processes, pathogenic processes, or
responses to a therapeutic intervention.1 Molecular, histo-
logical, imaging, or physiological characteristics are types of
biomarkers. Well-known biomarkers in neuro-oncology
include demographic features (such as age) and tumour
features (such as grade and O6-methylguanine-DNA meth-
yltransferase [MGMT] promoter methylation status), while
imaging biomarkers are used for diagnosis, prognosis, and
treatment response monitoring.

Magnetic resonance imaging (MRI) is typically used
throughout the neuro-oncology patient pathway because
routine structural imaging provides detailed anatomical
and pathological information, and advanced techniques
(such as 1H-magnetic resonance spectroscopy) provide
additional physiological detail.2 Qualitative analysis of a
new intracranial mass aids diagnosis and can determine
whether or not to proceed to confirmatory biopsy or
resection in routine clinical practice. For example, with
some basic demographic information, such as patient age,
and with some clinical information, such as knowledge that
the mass was found incidentally whilst investigating an
unrelated condition, the qualitative routine structural im-
aging features of a grade 1 meningioma allow diagnosis
with high precision (positive predictive value) without the
need for confirmatory biopsy. Advanced imaging tech-
niques allow quantitative analysis of abnormalities that can
change management. For example, cerebral blood volume
values obtained using dynamic susceptibility-weighted
contrast-enhanced imaging (DSC) imaging within an area
of tumour contrast enhancement, or 1H-magnetic reso-
nance spectroscopic ratios acquired from a mass, may help
determine whether a tumour is of high histological grade
(grade 3 or 4) in certain scenarios.

Some image analysis recommendations, which deter-
mine treatment response of high histological grade gliomas
(Box 1), have become common in the research setting and
rely on simple linear metrics of image features, namely the
product of the maximal perpendicular cross-sectional di-
mensions of contrast enhancing tumour (in “measurable”
lesions, which are defined as >10 mm in all perpendicular
dimensions).3,4 Nonetheless, seemingly simple measure-
ments can still be challenging because tumours have a va-
riety of shapes, may be confined to a cavity rim, and the
edge may be difficult to define. Indeed, large, cyst-like high-
grade gliomas are common and are often “non-measurable”
unless a solid peripheral nodular component fulfils the
above “measurable” criteria.

Much research in image analysis aims to extract under-
lying quantitative information from the imaging dataset to
develop biomarkers that may not be readily visible to in-
dividual human raters; this is radiomics. Typically, radio-
mics consists of the following phases: pre-processing
images, feature estimation (quantifying or characterising
the image), feature selection (dimensionality reduction to
Please cite this article as: Booth TC et al., Machine learning and gliom
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remove noise and random error in the underlying data, and
therefore, reduce overfitting), classification (decision or
discriminant analysis) and evaluation11 (Fig 1). Pre-
processing typically constitutes a major part of most
studies. Although many steps can be taken prior to patient
imaging to reduce the pre-processing burden (e.g., over-
coming geometric distortion through phantom analysis or
reduce image noise through signal averaging), typically
images will require intensity non-uniformity correction
(through estimation of bias field), noise reduction (through
careful application of filters), motion correction, and in-
tensity normalisation (through transformation of intensity
to standard scale), and often spatial normalisation (different
brains anatomically aligned through geometrical trans-
formation), and segmentation. Pre-processing pipelines are
complex, but potentially can have empirical, data-driven,
and complete machine learning (ML) solutions to the
problems described above,13 including quantification of the
inherent uncertainty.14

Some research has leveraged applied statistical models,
some ML models and many both. The basic difference be-
tween them is that statistics draws population inferences
from a sample, and ML finds generalisable predictive pat-
terns.15 Some of the recent shifts towards ML can be
attributable, firstly, to ML methods being effective when
applied to “wide data”, where the number of input variables
exceeds the number of subjects; and secondly, to applied
statistical modelling being inherently designed for data
with tens of input variables and sample sizes smaller than
those seen with current data curation (big data). Together,
a imaging biomarkers, Clinical Radiology, https://doi.org/10.1016/
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these explain some of the recent shifts towards ML. In this
review, we focus on ML approaches to neuro-oncology
radiomics (Box 2).

There has been a long history of using ML in neuro-
oncology, and even neural networks have been applied to
classifier tasks for more than two decades16; however,
recent work has made use of improvements in technology
to allow the use of much more complex supervised, unsu-
pervised, and reinforcement ML including the use of deep
Figure 1 The phases of radiomics are shown using explicit feature engin
tation of hyperintense voxels associated with a glioblastoma in a T2-w
quantisation. Some feature estimation steps are shown here: in this exam
scriptors of image heterogeneity12 (area is the number of white pixels ¼
subtracted from number of holes ¼ 0). Note that deep learning uses impli
not be required.

Box 2. Assessing machine learning methodology in neuro-

oncology radiomic studies

One of the challenges when interpreting the literature on
machine learning (ML) approaches to neuro-oncology is that
different researchers may use different technologies as the
basis for their work. As a result, the reader can face technical
details that may appear challenging. In fact, many tech-
niques share similar underlyingmotivations, and evenwhen
they do not, there are some basic principles that apply to
assessing ML applications. Firstly, because ML models tend
to start with the data and then generalise, overfitting is a
substantial challenge. For this reason, model validation on
dual training and testing datasets is recommended. Sec-
ondly, common, simple clinical data incorporation or com-
parison is likely to be important. Thirdly, assessing
performance against an existing standard (typically an
existing assessment system or human expert performance)
is essential.

Please cite this article as: Booth TC et al., Machine learning and gliom
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(multiple layered) neural networks (some relevant open
source tools are listed in Electronic Supplementary Material
Box S1). Nonetheless, for now, most radiomic work uses
explicit rather than implicit feature engineering techniques
(i.e., features chosen by imaging scientists such as texture,17

rather than features identified by an algorithm).
Evaluation in image analysis research initially consists of

analytical validation, where accuracy and reliability of the
biomarker are assessed.18 Accuracy determines how often a
test is correct in a given population (the number of true
positives and true negatives divided by the number of
overall tests). Accuracy alone is limited and other metrics
derived from the confusion matrix are typically employed
such as precision (positive prediction value), recall (sensi-
tivity), the F1 score (recall and precision combined),
balanced accuracy (the mean of sensitivity and specificity)
and area under the receiver operator characteristic curve
(AUC). Clinical validation is the testing of biomarker per-
formance, typically in a clinical trial. One weakness of much
current work is that novel approaches are validated against
existing biomarkers. For example, an attempt to validate a
new DSC imaging biomarker for treatment response
monitoring may involve benchmarking it against a common
biomarker for treatment response, such as the product of
the maximal perpendicular cross-sectional dimensions of
contrast enhancing tumour, rather than overall survival;
however, the common biomarker itself may not be rigor-
ously proven to be clinically valid. Indeed, when the
maximal perpendicular cross-sectional dimensions of
eering. Some pre-processing steps are shown here: manual segmen-
eighted image is performed. A mask is extracted, which undergoes
ple, the pixels are made into three features that are topological de-
1; perimeter around a white pixel ¼ 4; genus is the number of rings
cit feature engineering and some of the feature estimation steps may

a imaging biomarkers, Clinical Radiology, https://doi.org/10.1016/
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contrast-enhancing tumour have been used to determine
progression-free survival in high-grade glioma, there may
be false-positive progression (pseudoprogression described
below) or, when bevacizumab is added to the treatment
regimen, false-negative progression (pseudoresponse).
Even expert recommendations4 for avoiding false-positive
progression through careful timing of cross-sectional mea-
surements are flawed, requiring modifications.12 False-
negative progression is a concern in the United States, but
rarely in Europe as the European Medicines Agency
concluded that the progression-free survival bevacizumab
trial outcome measures were inherently confounded and
the use of bevacizumab is not supported.19

This review describes several illustrative radiomic
studies aimed at developing imaging biomarkers for treat-
ment response monitoring, prognosis, and prediction as
well as diagnosis (outlined in the adjoining publication:
deep learning can see the unseeable: predicting molecular
markers from MRI of brain gliomas). We demonstrate how
different ML strategies are used in classification in partic-
ular, as well as in feature estimation and selection. As is
fundamental to biomarker development, the extent of
analytical and clinical validation is highlighted. The studies
described here, many of which are retrospective and per-
formed in single centres, show that while there is consid-
erable research on applying ML to neuro-oncology, the
evidence is often poor thereby limiting clinical utility and
deployment.20
Material and methods

The PubMed and MEDLINE databases were searched for
articles published between September 2008 and 2018 (re-
views) and September 2013 and 2018 (original research)
using the search terms listed in Electronic Supplementary
Material Table S1 based on variants of glioma and ML
search term combinations. Those articles where there was
no mention of a ML algorithm used in feature extraction,
selection, or classification/regression were excluded. All
articles that were not in the English language or did not
have an obtainable English language translation were
excluded. All articles that had no mention of imaging in the
abstract or title were excluded.

Given that the review describes a broad range of studies
involving several imaging approaches (a range of MRI se-
quences including structural and advanced techniques; also
PET) and several target conditions (pseudoprogression, ra-
diation necrosis, or a combination of both; complete
response) it is not suitable for a PRISMA-DTA analysis
addressing a specific question on diagnostic accuracy.21

Nonetheless, components of the PRISMA-DTA methodol-
ogy have been incorporated where practicable.
Results

The search strategy returned 1,549 initial candidate ar-
ticles. Following the exclusion criteria (Electronic
Supplementary Material Fig. S1), the final dataset consisted
Please cite this article as: Booth TC et al., Machine learning and gliom
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of 20 studies primarily assessing prognostic biomarkers and
14 studies primarily assessing monitoring biomarkers.

Monitoring biomarkers

Monitoring biomarkers are measured serially and may
detect change in extent of disease, provide evidence of
treatment exposure, or assess safety.1 There is an overlap
with safety biomarkers that specifically determine any
treatment toxicity. Monitoring blood or cerebral spinal fluid
for circulating tumour cells, exosomes, and microRNAs
shows promise18; however, imaging is particularly useful as
it is non-invasive and captures the entire tumour volume
and adjacent tissues and has led to recommendations to
determine treatment response in trials.3,4 Clinical validation
is typically not proven. Common biomarkers are frequently
used as benchmarks in an attempt to validate indirectly the
monitoring biomarker under development.

The commonest primary malignant brain tumour, glio-
blastoma, is a devastating disease with a progression free-
survival of 15% at 1 year and a median overall survival of
14.6 months despite standard of care treatment.22,23 The
standard of care treatment consists of maximal debulking
surgery and radiotherapy, with concomitant and adjuvant
temozolomide,22 but is associated with pseudoprogression.
This describes false-positive progressive disease within 6
months of chemoradiotherapy, typically determined by
changes in contrast enhancement on T1-weighted MRI im-
ages, representing non-specific bloodebrain barrier disrup-
tion24,25 (Fig 2). Pseudoprogression confounds response
assessment and may affect clinical management. It occurs in
20e30% of cases and is associated with better clinical out-
comes.26 Apparent tumour progression on MRI, therefore,
commonly presents the neuro-oncologist with the difficult
decision as towhether to continue adjuvant temozolomide or
not. An imaging technique that reliably differentiates patients
with true progression from those with pseudoprogression
would allow an early change in treatment strategy with
cessation of ineffective treatment and the option of imple-
menting second-line therapies.27 This is an area of significant
potential impact: only 50% of patients with glioblastoma
receive second-line treatment, even in clinical trials.

Pseudoprogression is an early-delayed treatment effect,
in contrast to the late-delayed radiation effect (or radiation
necrosis).28 Whereas pseudoprogression occurs during or
within 6 months of chemoradiotherapy, radiation necrosis
occurs after this period, but at an incidence that is an order
of magnitude smaller than the earlier pseudoprogression. In
the sameway that it would be beneficial to have an imaging
technique that discriminates true progression from pseu-
doprogression, an imaging technique that discriminates
true progression from radiation necrosis would also be
beneficial to allow the neuro-oncologist to know whether
to implement second-line therapies or not.

For these reasons, multiple radiomic studies have
attempted to develop monitoring biomarkers and ML has
been central to the method (Table 1). Several of these
studies are described below in order to demonstrate a range
of ML techniques, which incorporate different imaging
a imaging biomarkers, Clinical Radiology, https://doi.org/10.1016/



Figure 2 A longitudinal series of T1-weighted images after gadolinium administration. On the left is an image demonstrating a glioblastoma 1
month after surgery before chemoradiotherapy. In the middle is an image demonstrating the appearances 2 months after radiotherapy and
concomitant chemotherapy. On the right is an image demonstrating the appearances 4 months after radiotherapy and concomitant chemo-
therapy. There was no new treatment between 2 and 4 months therefore this shows pseudoprogression occurred at 2 months.
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approaches (e.g., different sequences and combinations of
sequences) and serve as examples containing methodo-
logical strengths and weaknesses. Other monitoring bio-
markers have been developed for other reasons including
surveillance imaging of low-grade gliomas, which will
invariably transform to a high-grade glioma.29

Going solo: a single imaging type can be used to analyse
pseudoprogression

In the first example, the study aim was to use an ML al-
gorithm to differentiate progression from pseudoprog-
ression in glioblastoma at the earliest time point when an
enlarging contrast-enhancing lesion is seen within 6
months following chemoradiation completion, using T2-
weighted images alone.12 Unsupervised feature estimation
was performed to investigate topological descriptors of
image heterogeneity (Minkowski functionals). Confounders
were determined using principal component analysis and
they showed that simple clinical features (e.g., Karnofsky
performance status), were not discriminatory. Feature se-
lection reduced the number of features to consider from 32
to seven. Supervised analysis with a support vectormachine
(SVM) and leave-one-out cross validation (LOOCV) gave an
accuracy of 0.88 and AUC of 0.9 in a retrospective training
dataset of 17 patients and the model gave 0.86 accuracy in a
prospective test dataset of seven patients with 100% recall
and 80% precision. Although not apparent to the reporting
radiologist, the T2-weighted hyperintensity phenotype of
those patients with progression was heterogeneous, large,
and frond-like when compared to those with pseudoprog-
ression. The pseudoprogression phenotype on T2-weighted
images was shown to be a distinct entity and different from
vasogenic oedema and radiation necrosis.

Additional analytical validation was performed firstly in
the form of reliability testing, which showed that a different
operator performing segmentation achieved 100% classifi-
cation concordance. Secondly, the same results using a
different software package and a different operator were
also obtained. Thirdly, a different feature selection method
(random forest) and classifier (least absolute shrinkage and
selection operator; LASSO) were used and also gave the
same evaluation values with six similar selected features.
Please cite this article as: Booth TC et al., Machine learning and gliom
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A strength of the study is that T2-weighted images alone
were used increasing the chance of translation to the clinic;
however, the study was small and performed in a single
centre and the biomarker requires clinical validation in a
larger multicentre test dataset (open access code was pro-
vided for others to study this).

In another study, the aimwas also to use anML algorithm
to differentiate progression from pseudoprogression at the
earliest time point when an enlarging contrast-enhancing
lesion is seen, using [18F]-fluoroethyl-L-tyrosine (FET)
positron-emission tomography (PET).30 The small, single-
centre, proof-of-concept study which included all high-
grade gliomas, showed that ML could be applied to imag-
ing techniques other than MRI. First- and second-order
statistics were obtained from the images of 14 patients
and underwent unsupervised consensus clustering. The
cumulative distribution functionwas used to determine the
optimal class size. Feature selection by predictive analysis of
microarrays methodology using 10-fold cross validation
reduced the features from 19 to 10. Three class PET-based
clusters were derived and progression and pseudoprog-
ression could be differentiated with 90% recall and preci-
sion; however, there was no test dataset and the
performance was similar to standard PET analysis using the
maximal tracer uptake in the tumour divided by that in
normally appearing brain tissue. This study highlights some
of the challenges with such studies: the sample size is small,
and there is no clear proof that the new approach is better
than existing ones.

Another glioblastoma study aimed to differentiate pro-
gression from pseudoprogression at the earliest time point
when an enlarging contrast-enhancing lesion is seen, using
post-contrast T1-weighted images alone.31 They con-
structed a convolutional neural network (CNN) using data
from 59 patients and tested its performance in 19 patients.
The model performed better when combined with clinical
parameters than without, giving an AUC of 0.83, area under
the precision-recall curve (AUPRC) of 0.87, and F1-score of
0.74. As is the case with much CNN-based work, they were
unable to determine which features were important among
the input data. The optimal CNN model also performed
better than a random forest model with clinical parameters
alone, although it is worth noting that performance status
a imaging biomarkers, Clinical Radiology, https://doi.org/10.1016/



Table 1
Recent studies applying machine learning to the development of neuro-oncology monitoring biomarkers.

Author(s) Prediction Dataset Method Results

Cha et al., 201440 True progression 35 CBV & ADC Retrospective
Multivariate logistic regression,
longitudinal subtraction of ADC &
CBV histograms

Mode of rCBV
AUC: 0.877

Park et al., 201544 Early true
progression

162 (training ¼ 108 & testing ¼
54) DWI, DSC, DCE

Retrospective
Volume-weighted, MP clustering

Sensitivity: 87%
Specificity: 87.1%
AUC: 0.96

Yun et al., 201542 True progression 33 DCE Prospective
Multivariate logistic regression,
Ktrans, ve, vp

Ktrans

Accuracy: 76%
Sensitivity: 59%
Specificity: 94%

Artzi et al., 201649 Pseudoprogression 20 longitudinal patients DCE &
MRS (training ¼ 25/44 DCE & MRS
studies; testing ¼ 19/44 studies)

Prospective
Voxel-wise SVM with Ktrans, ve, Kep,
vp

Sensitivity: 98%
Specificity: 97%

Tiwari et al., 201647 Radiation necrosis 58 (training ¼ 43 & testing ¼ 15)
MRI

Retrospective
119 features, mRmR feature
selection, SVM. Sequence
independent

AUC: 0.79
AUC (primary): 0.77
AUC (metastatic): 0.72

Qian et al., 201636 True progression 35 longitudinal DTI Retrospective
Spatiotemporal dictionary learning
& SVM classification

Accuracy: 86.7%
AUC: 0.92

Ion-Margineanu et al.,
201650

True progression 29 T1, T1 C, DKI, DSC Prospective
Compared 7 classifiers over various
global and local features

T1 C
Max BAR (balanced accuracy rate)
value: 0.96 for AdaBoost

Yoon et al., 201745 True progression 75 MRI, DWI, DSC, DCE Retrospective, unsupervised
MP clustering of ADC, rCBV, IAUC

Sensitivity: 96.4%
Specificity: 81.8%
AUC: 0.95

Booth et al., 201712 True progression 50 feature estimation.
24 (training ¼ 17 & testing ¼ 7) T2

Prospective testing set. SVM using
Minkowski functionals

Accuracy: 88%
AUC: 0.9

Kebir et al., 201730 True progression 14 18F-FET-PET Retrospective, unsupervised
Consensus clustering, 19
conventional and textural features

Sensitivity: 90%
Specificity: 75%
NPV: 75%

Nam et al., 201743 True progression 37 DCE Retrospective
Multivariate logistic regression
using pharmacokinetic parameters

Kep

Accuracy: 70.3%
AUC: 0.75
Sensitivity: 71.4%
Specificity: 90%

Jang et al., 201831 Pseudoprogression 78 (training ¼ 59 & testing ¼ 19)
T1 C MRI, Age, Gender, MGMT
status, IDHmutation, radiotherapy
dose & fractions, follow up interval

Retrospective
9 T1 C axial slices centred on lesion,
CNN

AUC: 0.83
AUPRC: 0.87
F1 score: 0.74

Ismail et al., 201837 True progression 105 (training ¼ 59 & testing ¼ 46)
MRI

Retrospective
SVM using global & local features of
lesion & peritumour habitat

Accuracy: 90.2% Sensitivity: 100%
Specificity: 94.7%

Kim et al., 201838 Early true
progression

95 (training ¼ 61 & testing ¼ 34)
T1 C, FLAIR, DWI, DSC

Retrospective
Generalised linear model, LASSO
feature selection on
multiparametric first- & second-
order statistics

AUC: 0.85
Sensitivity: 71.4%
Specificity: 90%

18F-FET-PET, [18F]-fluoroethyl-L-tyrosine positron emission tomography; NPV, negative predictive value; T1 C, post contrast T1-weighted; MGMT, O6-meth-
ylguanine-DNA methyltransferase; IDH, isocitrate dehydrogenase; CNN, convolutional neural network; AUC, area under the receiver operator characteristic
curve; AUPRC, area under the precision-recall curve; DCE, dynamic contrast-enhanced imaging; MRS, 1H-magnetic resonance spectroscopy; SVM, support
vector machine; mRmR, minimum redundancy and maximum relevance; CBV, cerebral blood volume (rCBV, relative CBV); ADC, apparent diffusion coefficient;
IAUC, initial area under the curve; MP, multiparametric; DWI, diffusion-weighted imaging; DSC, dynamic susceptibility weighted; LASSO, least absolute
shrinkage and selection operator; DTI, diffusor tensor imaging; DKI, diffusor kurtosis imaging.
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was not included.32 The strengths were that the testing
dataset came from a second hospital and that it used post-
contrast T1-weighted images alone, which makes the
approach potentially more applicable. Again, open access
code is provided.

In summary, the three studies above demonstrate that a
range of ML techniques can be used to differentiate
Please cite this article as: Booth TC et al., Machine learning and gliom
j.crad.2019.07.001
progression and pseudoprogression using a single imaging
type alone (whether T2-weighted or post-contrast T1-
weighted MRI images or FET images) thereby increasing the
chance of translation to the clinic. The importance of carefully
crafting the clinical methodology in ML applications is high-
lighted in the CNN and FET studies described above, because
the aim to differentiate progression and pseudoprogression
a imaging biomarkers, Clinical Radiology, https://doi.org/10.1016/
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was not truly addressed. This is because pseudoprogression
and radiation necrosis (late-delayed radiation effects) are not
interchangeable terms.28 Although some researchers have
interchangeably used the terms radiation necrosis and
pseudoprogression,33,34 this should be avoided as there are
differences in the clinical and radiological course of the two
entities28 and thehistopathological andmolecularphenotype
differ.35 The CNN study and the FET study included a mixture
of cases of pseudoprogression and radiation necrosis.

Over time: a longitudinal imaging series can be used to
analyse pseudoprogression

Dictionary learning has been employed to differentiate
progression from pseudoprogression by performing im-
plicit feature engineering without the need for tumour
segmentation. In one glioblastoma study, features were
estimated by using spatiotemporal discriminative dictio-
nary learning of longitudinal diffusor tensor imaging (DTI)
images to determine the sparse coefficients that were not
shared between those with progression and pseudoprog-
ression.36 Then, after applying a score to each coefficient, a
feature set was selected by sequentially adding the highest
scoring coefficients using 10-fold cross-validation and
classifying the cases using an SVM. The best performance
gave an accuracy of 0.87 and an AUC of 0.92. Again, it was
unclear whether second-line agents had been used, and
there was no test dataset to validate the model; however,
they were able to demonstrate some interpretability in that
those with progression represented higher fractional
anisotropy as might be expected due to the orientation of
overproduced extracellular matrix in glioblastoma. Trans-
lation may be challenging because multiple concatenated
DTI time points were required for the optimal classifier,
which might be logistically difficult to obtain in routine
practice, and again, it is noteworthy that simple clinical
features were not included.

Combinations: multiple imaging types can be combined
as a means to analyse pseudoprogression

Traditional explicit feature engineering was used to
differentiate progression from pseudoprogression within 3
months following chemoradiation of glioblastoma using
simple and first-order three-dimensional shape features.37

Post-contrast T1-weighted and fluid attenuated inversion
recovery (FLAIR) images were combined, applying SVM and
fourfold cross-validation. Sixty features were reduced to
five, and gave an accuracy of 0.9 in both a training dataset of
59 patients and a test dataset of 41 patients, which achieved
100% recall. Correlation coefficients comparing the most
discriminant features at the two sites were high. The T2-
weighted hyperintensity phenotype of those patients with
progression compared to those with pseudoprogression
was round rather than elliptic; the post-contrast T1-
weighted phenotype was round and compact. As with the
longitudinal DTI study, clinical data were not included in
the analysis, and the results were not compared with
simpler models, but the use of routine post-contrast T1-
Please cite this article as: Booth TC et al., Machine learning and gliom
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weighted and T2-weighted images increases the chance of
translation.

Old and new: long-established ML methods have been
used with advanced imaging to analyse
pseudoprogression

As an alternative to SVM, a generalised linear model was
applied to first-order, second-order and wavelet-
transformed imaging features to differentiate progression
from pseudoprogression in glioblastoma.38 Post-contrast
T1-weighted, FLAIR, DSC and apparent diffusion coeffi-
cient (ADC) images were obtained within 3 months
following chemoradiation from a training dataset of 61
patients. Feature selection by LASSO using 10-fold cross
validation reduced the features from 6,472 to 12. Classifi-
cation using a generalised linear model showed that a
multiparametric model of predominantly second-order
features (texture) gave an AUC of 0.90. Although relevant
clinical and molecular data were collected, they were not
included in any model despite MGMT promoter methyl-
ation status being shown to be significantly different in
those with progression and pseudoprogression. The work
was validated in a test dataset of 34 patients from a second
hospital, although with a reduced AUC and accuracy, with
some evidence of overfitting in the DSC component. This is
likely to be associated with variation in how DSC is per-
formed between centres,39 and is one reason why multi-
parametric techniques are challenging to translate.

Other long-established regression analyses within the
definition of ML include multivariate logistic regression,
which has been employed in studies aiming to differentiate
progression from pseudoprogression in glioblastoma.40e43

A multivariate logistic regression model (LRM) employing
LOOCV was applied in a study using DTI and DSC metrics to
differentiate tissue containing pseudoprogression from
tissue containing progression within 6 months following
chemoradiation.41 Using maximum relative cerebral blood
volume (i.e., normalised to contralateral white matter;
rCBV) and fractional anisotropy features obtained from the
segmented enlarging contrast-enhancing lesions of 41 pa-
tients, the LRM gave an AUC of 0.81, recall of 0.79, and ac-
curacy of 0.63.

LRM with LOOCV was also applied to 33 patients using
dynamic contrast-enhanced imaging (DCE) metrics ac-
quired from the enlarging contrast-enhancing lesionwithin
2 months after chemoradiation.42 Unlike the other neuro-
oncology monitoring studies in this review, this study was
an entirely prospective study. Key clinical predictors were
analysed and shown not to be discriminative. There was
good interobserver reliability. Using mean Ktrans (the vol-
ume transfer constant is a measure of capillary permeability
obtained using DCE, which reflects the efflux rate of gado-
linium contrast from blood plasma into the tissue extra-
vascular extracellular space), the LRM gave an accuracy of
0.76 and recall of 0.59.

In a further study of 35 patients, LRM was applied to
subtracted ADC and DSC histograms of contrast-enhancing
lesions obtained at baseline (around the time of
a imaging biomarkers, Clinical Radiology, https://doi.org/10.1016/
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chemoradiation) and at the point of enlargement within 6
months after chemoradiation.40 Using the mode rCBV, LRM
gave an AUC of 0.88, recall of 0.82 and accuracy of 0.94.

In summary, long-established ML methods can be used
with advanced imaging techniques, such as DSC or DCE, to
differentiate progression and pseudoprogression. A
strength of the LRM studies is that the results are inter-
pretable as they relate to the increased perfusion (CBV) and
permeability (Ktrans) occurring as a result of increased
angiogenesis, the orientation of overproduced extracellular
matrix (fractional anisotropy) and increased cellularity
(ADC) known to be present in the enhancing rim of a glio-
blastoma; however, unlike in the generalised linear model
approach, there were no test datasets employed in these
single centre LRM studies.

Clustered combinations: unsupervised analyses can also
be applied to multiple imaging types to analyse either
pseudoprogression or the broader group of treatment-
related effects

An unsupervised volume-weighted, voxel-based, multi-
parametric clustering method was used to differentiate pro-
gression from pseudoprogressionwithin 3 months following
chemoradiation44 as well as recurrence from radiation ne-
crosis in enlarging contrast-enhancing lesions seen after 3
months.45 Pseudoprogression can occur up to 6 months,46 so
the classifier in the second study is not examining radiation
necrosis alone but two distinct entities combined35 (or
“treatment-related effects”). In the first study, metrics from
ADC, DSC, and DCE underwent k-means clustering in a
training dataset of 108 patients and a test dataset of 54 pa-
tients. AUC in the test dataset was >0.94 and accuracy and
recall was>0.87 for each of two readerswith reliability intra-
class correlation coefficient of 0.89. In the second study, the
same metrics were included although a necrosis cluster was
added to the finalised clusters analysed in the previous study.
Boot strappingwithLOOCVandfivefoldcross-validationwere
used for evaluation. AUC in the training dataset of 75 patients
was >0.94 and recall was >0.95 for each of two readers, but
there was no separate test dataset. As with many neuro-
oncology monitoring biomarker studies, including the three
studies using LRM above, it was unclear whether second-line
agents had been used, which may confound the results. The
results are impressive, particularly in the test dataset in the
first study; however, as with the LRM studies, multi-
parametric techniques are challenging to translate, particu-
larly with the known variation in advanced imaging
techniques, including DCE, between centres.39

Combinations and radiation necrosis: multiple imaging
types can be combined as a means to analyse radiation
necrosis

A feasibility study to differentiate radiation necrosis and
progression in enlarging contrast-enhancing lesions seen af-
ter 9 months of chemoradiation was performed for both
glioblastoma and brain metastases using FLAIR, T2-weighted
and contrast-enhanced T1-weighted images.47 Therewere 22
Please cite this article as: Booth TC et al., Machine learning and gliom
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patients in a training dataset and 11 in a test dataset for
glioblastomapatientsand21 ina trainingdataset and four ina
test dataset for patients with brain metastases. Feature se-
lection was performed with a feed-forward minimum
redundancyandmaximumrelevance algorithmto reduce 119
features, including first- and second-order features as well as
Laws and Laplacian pyramid features, to five. Classification
was performed by SVM recursive feature elimination with
threefold cross-validation. In the training datasets, AUC was
0.79 for both tumour types using FLAIR images alone. In the
test datasets, accuracy was 0.91 and 0.5 for glioblastoma and
metastasis sub-studies, respectively, although all three MRI
sequences were not available for all cases, which makes
interpretation challenging. The authors postulate that the
features extracted in the study may relate to patterns similar
to what is sometimes observed qualitatively in radiation ne-
crosis, namely that the extracted Laws features relate to a
soap-bubble appearance and that Laplacian pyramid features
relate toanenhancing featheryrim.Furthermore, theHaralick
features (second-order texture features that are functions of
the elements of the grey-level co-occurrence matrix and
represent a specific relation between neighbouring voxels)
may relate to hypointensities and hyperintensities seen on all
three MRI sequences due to microhaemorrhage in tumours.
Because routine structural images were used, the chance of
translation to the clinic is increased. Clinical data were not
included in the analysis or models.

Voxel-based approaches can be used in the analysis of
treatment-related effects

Proof-of-concept voxel-based approaches using ML to
differentiate radiation necrosis and progression were
developed in 2011 using DSC and ADC data.48 In a recent
study with the aim to differentiate progression from
treatment-related effects (both pseudoprogression and ra-
diation necrosis) in high-grade glioma, a linear kernel SVM
classifier was trained using DCE metrics (including Ktrans) of
10 voxels within the enlarging contrast-enhancing lesion
taken from 25 images from 20 patients.49 Twofold cross-
validation gave a recall of >0.97. The model was applied
to all voxels from a larger dataset of 44 images from the
same 20 patients and shown to be interpretable and
meaningful, including when there was a locally different
treatment response in different lesions in the same patient;
however, translation of the model may be challenging
because it was trained on a small number of patients
incorporating mixed grade, mixed treatment-effect (pseu-
doprogression and radiation necrosis), and mixed time
points of the enlarging contrast-enhancing lesion (i.e., im-
ages not only from the first time point that an enlarging
lesion is seen). There is also the potential for overfitting
because images from several time points were used from
the same patient to train the model.

Analysis of complete response

One study aimed to differentiate a complete response
from progression a month before routine imaging
a imaging biomarkers, Clinical Radiology, https://doi.org/10.1016/
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assessment3,4 would detect this using data from two
immunotherapy studies.50 Immunotherapy was added to
the standard of care in one study and as a second-line
therapy in another. First- and second-order features were
extracted from FLAIR, T2-weighted, contrast-enhanced T1-
weighted images, and other metrics were obtained from
DTI and DSC images. Feature selection was performed using
several algorithms including minimum redundancy
maximum relevance and random forest to reduce 1,248
features to 10 or less features. Classification was also per-
formed by a range of algorithms and these included SVMs,
random forest, linear discriminant analysis, and stochastic
gradient boosting. LOOCV, which consisted of leaving one
patient out as opposed to one image out as multiple images
were used for each patient, was performed during feature
selection and classification. The highest balanced accuracy
came from features derived from contrast-enhanced T1-
weighted and DSC images using a radial basis function
SVM or boosting classifiers; however, no test dataset was
used, and the methodology has significant weaknesses, in
that it does not cater for a range of clinically likely out-
comes, such as stable disease.

Prognostic biomarkers

Prognostic biomarkers identify the likelihood of a clinical
event, recurrence, or progression based on the natural his-
tory of the disease.1 They are generally associated with
specific outcomes, such as overall survival or progression-
free survival. The potential for confounding in prognostic
biomarker andmonitoring biomarker studies overlaps. Both
may be influenced by second-line treatments and a range of
clinical variables. Most studies leveraging ML (Table 2) are
also performed in a single centre and are retrospective.

Diagnostic biomarkers (described in detail in the other
Special Issue publication dedicated to the application of ML
in glioma imaging) may predict molecular information
within a tumour from the imaging. Examples include
MGMT promoter methylation status, 1p/19q chromosome
arm co-deletion status and isocitrate dehydrogenase (IDH)
mutation status. It is noteworthy that because some mo-
lecular markers are prognostic biomarkers in the same way,
that histopathological grade is a prognostic biomarker,
diagnostic biomarkers may be prognostic biomarkers using
the molecular marker or grade as a common biomarker.
Another similarity of diagnostic and prognostic biomarker
studies is that they both typically extract features from
preoperative MRI examinations and they often share
methodology.

Given the overlap in principles described here and in the
adjoining publication, we describe just two instructive
studies as examples. In one study, anML algorithm aimed to
determine overall survival using imaging features from
preoperative routine MRI in patients with glioblastoma.51

Pre- and post-contrast T1-weighted, FLAIR, DSC, and DTI
images were obtained from a training dataset of 105 pa-
tients. Enhancing tumour tissue, non-enhancing tumour
tissue, and oedematous tissue regions were segmented to
produce imaging descriptors including location and first
Please cite this article as: Booth TC et al., Machine learning and gliom
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order statistics features and added to limited demographic
features. Sixty features with the best survival prediction
following 10-fold cross validation were selected from >150
extracted features. Two SVMs were used to classify patients
as survivors or not at 6 and 18 months, respectively, and a
combined prediction index calculated. Tenfold cross-
validation was used and gave an accuracy of 0.77 for pre-
dicting short-, medium- and long-term survivors. A pro-
spective test dataset of 29 patients gave an accuracy of 0.79.
Again, simple data such as performance status, which is
known to be an important co-variate in multivariate ana-
lyses of glioma survival, were not included. To make the
findings interpretable and meaningful, histograms were
produced in order to understand the predictive features.
Older patients, large tumour size, increased tumour diffu-
sivity (potentially representing necrosis), larger proportions
of T2 hypointensity within a region, and highest perfusion
peak heights, were all predictive of short survival. Although
the findings have a plausible biological basis, translation is
limited as this was performed in a single centre. It is also
noteworthy that the process of predicting survival at set
time points (6 and 18 months) is generally less useful than
producing estimates over time (as survival curves allow).

An ML algorithm was used to determine overall survival
of patients with high-grade glioma using data from the
brain tumour segmentation challenge (BRaTS).52 Pre- and
post-contrast T1-weighted, T2-weighted, and FLAIR images
were obtained from a training dataset of 163 patients.
Segmented regions including enhancing tumour tissue,
non-enhancing tumour tissue, and oedematous tissue re-
gions were segmented manually. Different sets of features
were selected for classification. These included simple fea-
tures such as location; histograms; discrete wavelet trans-
form first and second order statistics; and a CNN that
produced over 4,000 deep features. The CNN was built us-
ing transfer learning based on AlexNet (a convolutional
neural network that is trained on more than a million im-
ages from the ImageNet database53), and so benefits from
the work already undertaken as part of the construction of
an open-source “off-the-shelf” algorithm. Patients were
classified as survivors or not at 10 and 15 months, respec-
tively. SVMs, k-nearest neighbours, linear discriminant
analysis, tree, ensemble, and logistic regression were all
independently applied to each set of features. A combina-
tion of CNN deep features and a linear discriminant classi-
fier with fivefold cross-validation gave the best predictive
result, although the reduction in accuracy between the
training and test dataset (0.99 to 0.55) provides clear evi-
dence of overfitting.

Predictive biomarkers

Predictive biomarkers identify individuals likely to
experience a favourable or unfavourable effect from a spe-
cific intervention or exposure.1 Therefore, a predictive
biomarker requires an interaction between treatment and
the biomarker. Biological subsets (such as MGMT promoter
methylation status, 1p/19q chromosome arm co-deletion
status and IDH mutation status) may correlate with a
a imaging biomarkers, Clinical Radiology, https://doi.org/10.1016/



Table 2
Recent studies applying machine learning to the development of neuro-oncology prognostic biomarkers.

Author(s) Dataset Method Results

Choi et al., 201560 61 preoperative DCE Retrospective
Multivariate Cox regression using MRI,
pharmacokinetic, & clinical parameters

C-index: 0.82

Kickingereder
et al., 201661

119 (training¼ 79 & testing¼ 40) T1, T1
C, FLAIR, DWI, DSC

Retrospective
Supervised principal component analysis with Cox
regression analysis

C-index: 0.70

Chang et al., 201662 126 (training ¼ 84 & testing ¼ 42)
patients T1, T2, FLAIR, T1 C, DWI

Retrospective
Random forest on radiomic features (including Laws,
Haralick)

Accuracy: 76%

Liu et al., 201663 147 rs-fMRI and DTI Retrospective
SVM using clinical features & network features of
structural & functional network

Accuracy: 75%

Nie et al., 201664 69 T1 C, rs-fMRI, DTI Prospective
SVM using supervised CNN-derived features

Accuracy: 89.9%
Sensitivity: 96.9%
Specificity: 83.8%
PPR: 84.9%
NPR: 93.9%

Macyszyn et al., 201651 134 (training ¼ 105 & testing ¼ 29) T1,
T1 C, T2, FLAIR, DTI, DSC

Prospective
SVM for OS <6 months & SVM for OS <18 months

Accuracy (<6 months): 82.76%
Accuracy (<18 months): 83.33%
Accuracy (combined): 79%

Zhou et al., 201765 32 TCGA T1 C, FLAIR, T2 &
22 T1 C, FLAIR, T2

Retrospective
Group difference features to quantify habitat
variation Supervised forward feature ranking with
SVM

Accuracy: 87.5%, 86.4%

Dehkordi et al., 201766 33 pre-treatment DCE Retrospective
Adaptive neural network with fuzzy inference
system using Ktrans, Kep and ve

Accuracy: 84.8%

Lao et al., 201767 112 (training ¼ 75 & testing ¼ 37) pre-
treatment T1, T1 C, T2, FLAIR

Retrospective
Multivariate Cox regression analysis using radiomic
features as well as “deep features” from pre-trained
CNN

C-index: 0.71

Liu et al., 201768 133 T1 C Retrospective
Recursive feature selection with SVM

Accuracy: 78.2%
AUC: 0.81
Sensitivity: 79.1%
Specificity: 77.3%

Li et al., 201769 92 (training ¼ 60, testing ¼ 32) T1, T1 C,
T2, FLAIR.
TCGA data used.

Retrospective
Random forest for segmentation into 5 classes
Multivariate LASSO-Cox regression model

C-index: 0.71

Chato & Latifi, 201752 163 T1, T1 C, T2, FLAIR. Short-, mid-,
long-term survivors

Retrospective
SVM, KNN, linear discriminant, tree, ensemble &
logistic regression applied to volumetric, statistical &
intensity texture, histograms & deep features

Accuracy: 91%
Linear discriminant using
deep features

Ingrisch et al., 201770 66 T1 C Retrospective
Random survival forests using 208 global & local
features from segmented tumour

C-index: 0.67

Li et al.,
201771

92 (training ¼ 60 & testing ¼ 32) T1, T1
C, T2, FLAIR.
TCGA data used.

Retrospective
LASSO Cox regression to define radiomics signature

C-index: 0.71

Bharath et al., 201772 63 TCGA preoperative: T1 C, FLAIR Retrospective
LASSO Cox regression using age, KPS, DDIT3 & 11
principal component shape coefficients

C-index: 0.86

Shboul et al., 201773 163 T1, T1 C, T2, FLAIR Retrospective
Recursive feature selection & random forest
regression

Accuracy: 63%

Peeken et al., 201874 189 T1, T1 C, T2, FLAIR & clinical data. Retrospective
Multivariate Cox regression using VASARI features
and clinical data

C-index: 0.69

Kickingereder
et al., 201875

181 (training ¼ 120 & testing ¼ 61)
pretreatment MRI

Retrospective
Penalised Cox model for radiomic signature
construction

C-index: 0.77

Chaddad et al., 201876 40 (training ¼ 20 & testing ¼ 20)
preoperative MRI, T1 & FLAIR.

Retrospective
Random forest on multi-scale texture features

AUC: 74.4%

Bae et al., 201877 217 (training ¼ 163 & testing ¼ 54) pre-
operative MRI, T1 C, T2, FLAIR, DWI

Retrospective
Variable hunting algorithm for selection & random
forest classifier

iAUC: 0.65

TCGA, The Cancer Genome Atlas; T1 C, post contrast T1-weighted; SVM, support vector machine; DCE, dynamic contrast-enhanced imaging; CNN, convolu-
tional neural network; KNN, k-nearest neighbours/rs-fMRI, resting state functional MRI; KPS, Karnofsky performance status; DDIT3, DNA damage inducible
transcript 3; DTI, diffusor tensor imaging; DSC, dynamic susceptibility weighted; OS, overall survival.
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favourable or unfavourable effect, and in these cases, there
is an overlap with diagnostic and prognostic biomarkers.54

There are few truly predictive biomarkers in neuro-
oncology, molecular, or otherwise. One study has applied
unsupervised and supervised ML techniques to genomic
information to predict whether pseudoprogression or true
progression will occur after treatment.55 Analytical and
clinical validation in this radiogenomic study strongly sug-
gested that interferon regulatory factor (IRF9) and X-ray
repair cross-complementing gene (XRCC1), which were
involved in cancer suppression and prevention respectively,
are predictive biomarkers.
Conclusion

ML applications to imaging in neuro-oncology are at an
early stage of development and applied techniques are not
ready to be incorporated into the clinic. Many ML studies
would benefit from improvements to their methodology.
Examples include the use of larger datasets, the use of
external validation datasets and comparison of the novel
approach to simpler standard approaches. Initiatives and
consensus statements have provided recommended frame-
works17,56,57 for standardising imaging biomarker discovery,
analytical validation, and clinical validation, which can help
to improve the application of ML to neuro-oncology.

Studies taking advantage of enhanced computational
processing power to build neuro-oncology monitoring
biomarker models, for example using CNNs, have yet to
show benefit compared to ML techniques using explicit
feature engineering and less computationally expensive
classifiers, for example using multivariate logistic regres-
sion. It is also notable that studies applying ML to build
neuro-oncology monitoring biomarker models have yet to
show overall advantage over those using traditional statis-
tical methods58,59; however, regardless of method,
increased computational power and advances in database
curation will facilitate integration of imaging data with
demographic, clinical, and molecular marker data.

MRI is typically used throughout the neuro-oncology
patient pathway; however, a major stumbling block of
MRI is its flexibility. The same flexibility that makes MRI so
powerful and versatile, also makes it hard to harmonise
images from different centres. After all, MRI physics is
complex and it is challenging (if not impossible) to fully
harmonise parameters from different sequences, manufac-
turers, and coils. These problems can be mitigated to some
extent by manipulating the training dataset, such as
through data augmentation, thereby allowing more gen-
eralisable ML models to be applied to MRI. Other ap-
proaches can describe the disharmony through modelling
prediction uncertainty including the generation of algo-
rithms that would “know when they don’t know” what to
predict.

Development and validation of ML models applied to
neuro-oncology require large, well-annotated datasets, and
therefore, multidisciplinary andmulti-centre collaborations
are necessary. Radiologists are critical in determining key
Please cite this article as: Booth TC et al., Machine learning and gliom
j.crad.2019.07.001
clinical questions and shaping research studies that are
clinically valid. When these models are ready for the clinic
as a routine clinical tool, as with the application of any
medical device or the introduction of any therapeutic agent,
there needs to be judicious patient and imaging selection
reflecting the cohort used for validation of the model.

Alongside the drive towards clinical utility, the related
issue of interpretability is likely to be important. As well as
increasing user confidence, interpretability might help to
generate new biological research hypotheses derived from
image feature discovery.

Conflict of interest

Jorge Cardosa is involved in machine learning enterprise
and business.

Acknowledgments

This work was supported by theWellcome/EPSRC Centre
for Medical Engineering (WT 203148/Z/16/Z).

Appendix A. Supplementary data

Supplementary data to this article can be found online at
https://doi.org/10.1016/j.crad.2019.07.001.

References

1. FDA-NIH Biomarker Working Group. In: BEST (biomarkers, EndpointS, and
other tools) resource. 1st edn. Silver Spring, MD: Food and Drug Admin-
istration (US), co-published by Bethesda, MD: National Institutes of
Health (US); 2016.

2. Waldman AD, Jackson A, Price SJ, et al. Quantitative imaging biomarkers
in neuro-oncology. Nat Rev Clin Oncol 2009;6:445e54.

3. MacDonald D, Cascino TL, Schold SC, et al. Response criteria for phase II
studies of supratentorial malignant glioma. J Clin Oncol 1990;8:1277e80
https://doi.org/10.1200/JCO.1990.8.7. 1277.

4. Wen PY, Macdonald DR, Reardon DA, et al. Updated response assessment
criteria for high-grade gliomas: response assessment in neuro-oncology
working group. J Clin Oncol 2010;28:1963e72 https://doi.org/10.1200/
JCO.2009.26.3541.

5. Darlix A, Zouaoui S, Rigau V, et al. Epidemiology for primary brain tu-
mors: a nationwide population-based study. J Neurooncol
2017;131:525e46.

6. Fox BD, Cheung VJ, Patel AJ, et al. Epidemiology of metastatic brain tu-
mors. Neurosurg Clin N Am 2011;22:1e6.

7. Louis DN, Perry A, Reifenberger G, et al. The 2016 World Health orga-
nization classification of tumors of the central nervous system: a sum-
mary. Acta Neuropathol 2016;131:803e20.

8. Ostrom QT, Gittleman H, Liao P, et al. CBTRUS statistical report: primary
brain and central nervous system tumors diagnosed in the United States
in 2007e2011. Neuro Oncol 2014;16(Suppl. 4). iv1eiv63.

9. Ostrom QT, Bauchet L, Davis FG, et al. The epidemiology of glioma in
adults: a “state of the science” review. Neuro Oncol 2014;16:896e913.

10. Ostrom QT, de Blank PM, Kruchko C, et al. Alex’s Lemonade Stand
Foundation infant and childhood primary brain and central nervous
system tumors diagnosed in the United States in 2007e2011. Neuro
Oncol 2015;16(Suppl. 10):x1e36.

11. Kassner A, Thornhill RE. Texture analysis: a review of neurologic MR
imaging applications. AJNR Am J Neuroradiol 2010;31:809e16.

12. Booth TC, Larkin T, Kettunen M, et al. Analysis of heterogeneity in T2-
weighted MR images can differentiate pseudoprogression from pro-
gression in glioblastoma. PLoS One 2017;12:e0176528, https://doi.org/
10.1371/journal.pone.0176528.
a imaging biomarkers, Clinical Radiology, https://doi.org/10.1016/

https://doi.org/10.1016/j.crad.2019.07.001
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref1
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref1
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref1
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref1
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref1
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref2
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref2
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref2
https://doi.org/10.1200/JCO.1990.8.7.%201277
https://doi.org/10.1200/JCO.2009.26.3541
https://doi.org/10.1200/JCO.2009.26.3541
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref5
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref5
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref5
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref5
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref6
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref6
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref6
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref7
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref7
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref7
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref7
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref8
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref8
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref8
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref8
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref8
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref9
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref9
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref9
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref10
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref10
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref10
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref10
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref10
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref10
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref11
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref11
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref11
https://doi.org/10.1371/journal.pone.0176528
https://doi.org/10.1371/journal.pone.0176528


T.C. Booth et al. / Clinical Radiology xxx (xxxx) xxx12
13. Jog A, Carass A, Roy S, et al. MR image synthesis by contrast learning on
neighborhood ensembles. Med Image Anal 2015 Aug;24(1):63e76.

14. Eaton-Rosen Z, Bragman F, Bisdas S, et al. Towards safe deep learning:
accurately quantifying biomarker uncertainty in neural network pre-
dictions. 22 Jun 2018 https://arXiv.org/abs/1806.08640.

15. Bzdok D, Altman N, Krzywinski M. Statistics versus machine learning.
Nat Methods 2018;15:233e4.

16. Abdolmaleki P, Mihara F, Masuda K, et al. Neural networks analysis of
astrocytic gliomas from MRI appearances. Cancer Lett 1997;118:69e78.

17. Zwanenburg A, Leger S, Vallieres M, et al. Image biomarker stand-
ardisation initiative. 28 Feb 2019 https://arXiv.preprint.arXiv:1612.07003.

18. Cagney DN, Sul J, Huang RY, et al. The FDA NIH biomarkers, endpoints,
and other tools (BEST) resource in neuro-oncology. Neuro Oncol
2017;20:1162e72 https://doi:10.1093/neuonc/nox242.

19. European Medicine Agency. Refusal assessment report for avastin. 2010.
Available at: https://www.ema.europa.eu/en/documents/variation-
report/avastin-h-c-582-ii-0028-epar-refusal-assessment-report-varia-
tion_en.pdf. [Accessed 15 April 2019].

20. Howick J, Chalmer I, Glasziou P, et al. The Oxford 2011 levels of evidence.
Oxford: Oxford Centre for Evidence-Based Medicine; 2016. Available at:
http://www.cebm.net/index.aspx?o¼5653. [Accessed 1 August 2018].

21. McInnes MDF, Moher DM, Thombs B, et al. Preferred reporting items for
a systematic review and meta-analysis of diagnostic test accuracy
studies. The PRISMA-DTA Statement. JAMA 2018;319(4):388e96.

22. Filipini G, Falcone C, Boiardi A, et al. Prognostic factors for survival in 676
consecutive patients with newly diagnosed primary glioblastoma. Neuro
Oncol 2008;10:79e87.

23. Stupp R, Mason WP, van den Bent MJ, et al. Radiotherapy plus con-
comitant and adjuvant temozolomide for glioblastoma. N Engl J Med
2005;352:987e96 https://doi.org/10.1056/NEJMoa043330.

24. Booth TC, Tang Y, Waldman AD, et al. Neuro-oncology single-photon
emission CT: a current overview. Neurographics 2011;01:108e20.

25. Chamberlain MC, Glantz MJ, Chalmers L, et al. Early necrosis following
concurrent Temodar and radiotherapy in patients with glioblastoma. J
Neurooncol 2007;82:81e3.

26. Brandsma D, Stalpers L, Taal W, et al. Clinical features, mechanisms, and
management of pseudoprogression in malignant gliomas. Lancet Oncol
2008;9:453e61.

27. Dhermain FG, Hau P, Lanfermann H, et al. Advanced MRI and PET im-
aging for assessment of treatment response in patients with gliomas.
Lancet Neurol 2010;9:906e20 https://doi.org/10.1016/S1474-4422(10)
70181-2.

28. Verma N, Cowperthwaite MC, Burnett MG, et al. Differentiating tumor
recurrence from treatment necrosis: a review of neuro-oncologic im-
aging strategies. Neuro Oncol 2013;15:515e34.

29. Claus EB, Walsh KM, Wiencke JK, et al. Survival and low-grade glioma:
the emergence of genetic information. Neurosurg Focus 2015;38:E6.

30. Kebir S, Khurshid Z, Gaertner FC, et al. Unsupervised consensus cluster
analysis of [18F]-fluoroethyl-l-tyrosine positron emission tomography
identified textural features for the diagnosis of pseudoprogression in
high grade glioma. Oncotarget 2017;8:8294e304. https://doi.org/
10.18632/oncotarget.14166.

31. Jang B-S, Jeon SH, Kim IH, et al. Prediction of pseudoprogression versus
progression using machine learning algorithm in glioblastoma. Sci Rep
2018;8:12516.

32. Rowe LS, Butman JA, Mackey M, et al. Differentiating pseudoprogression
from true progression: analysis of radiographic, biologic, and clinical
clues in GBM. J Neurooncol 2018;139(1):145e52.

33. Booth TC, Ashkan K, Brazil L, et al. Re: “Tumour progression or pseu-
doprogression? A review of post-treatment radiological appearances of
glioblastoma”. Clin Radiol 2016;5:495e6.

34. Booth TC, Waldman AD, Jefferies S, et al. Comment on “The role of im-
aging in the management of progressive glioblastoma. A systematic
review and evidence-based clinical practice guideline”. J Neurooncol
2015;121:423e4.

35. Ellingson BM, Chung C, Pope WB, et al. Pseudoprogression, radio-
necrosis, inflammation or true tumor progression? challenges associ-
ated with glioblastoma response assessment in an evolving therapeutic
landscape. J Neurooncol 2017;134:495e504.
Please cite this article as: Booth TC et al., Machine learning and gliom
j.crad.2019.07.001
36. Qian X, Tan H, Zhang J, et al. Stratification of pseudoprogression and true
progression of glioblastoma multiform based on longitudinal diffusion
tensor imaging without segmentation. Med Phys 2016;43:5889e902.

37. Ismail M, Hill V, Statsevych V, et al. Shape features of the lesion habitat
to differentiate brain tumor progression from pseudoprogression on
routine multiparametric MRI: a multisite study. AJNR Am J Neuroradiol
2018;39:2187e93.

38. Kim JY, Park JE, Jo Y, et al. Incorporating diffusion- and perfusion-
weighted MRI into a radiomics model improves diagnostic perfor-
mance for pseudoprogression in glioblastoma patients. Neuro Oncol
2018, https://doi.org/10.1093/neuonc/noy133 [Epub ahead of print].

39. van Dijken BRJ, van Laar PJ, Holtman GA, et al. Diagnostic accuracy of
magnetic resonance imaging techniques for treatment response evalu-
ation in patients with high-grade glioma, a systematic review and meta-
analysis. Eur Radiol 2017;27:4129e44.

40. Cha J, Kim ST, Kim H-J, et al. Differentiation of tumor progression from
pseudoprogression in patients with posttreatment glioblastoma using
multiparametric histogram analysis. AJNR Am J Neuroradiol
2014;35:1309e17.

41. Wang S, Martinez-Lage M, Sakai Y, et al. Differentiating tumor pro-
gression from pseudoprogression in patients with glioblastomas using
diffusion tensor imaging and dynamic susceptibility contrast MRI glio-
blastoma. AJNR Am J Neuroradiol 2016;37:28e36.

42. Yun TJ, Park C-K, Kim TM, et al. Glioblastoma treated with concurrent
radiation therapy and temozolomide chemotherapy: differentiation of
true progression from pseudoprogression with quantitative dynamic
contrast-enhanced MR imaging. Radiology 2015;274:830e40.

43. Nam JG, Kang KM, Choi SH, et al. Comparison between the pre bolus T1
measurement and the fixed T1 value in dynamic contrast-enhanced MR
imaging for the differentiation of true progression from pseudoprog-
ression in glioblastoma treated with concurrent radiation therapy and
temozolomide chemotherapy. AJNR Am J Neuroradiol 2017;38:2243e50.

44. Park JE, Kim HS, Goh MJ, et al. Pseudoprogression in patients with
glioblastoma: assessment by using volume-weighted voxel-based
multiparametric clustering of MR imaging data in an independent test
set. Radiology 2015;275:792e802.

45. Yoon RG, Kim HS, Koh MJ, et al. Differentiation of recurrent glioblastoma
from delayed radiation necrosis by using voxel-based multiparametric
analysis of MR imaging data. Radiology 2017;285:206e13.

46. Chaskis C, Neyns B,Michotte A, et al. Pseudoprogression after radiotherapy
with concurrent temozolomide for high-grade glioma: clinical observa-
tions and working recommendations. Surg Neurol 2009;72:423e8.

47. Tiwari P, Prasanna P, Wolansky L, et al. Computer-extracted texture
features to distinguish cerebral radionecrosis from recurrent brain tu-
mors on multiparametric MRI: a feasibility study. AJNR Am J Neuroradiol
2016;37:2231e6.

48. Hu X, Wong KK, Young GS, et al. Support vector machine (SVM) multi-
parametric MRI identification of pseudoprogression from tumor recur-
rence in patients with resected glioblastoma. J Magn Reson Imaging
2011;33:296e305.

49. Artzi M, Liberman G, Nadav G, et al. Differentiation between treatment-
related changes and progressive disease in patients with high grade brain
tumors using support vector machine classification based on DCE MRI.
Neurooncol 2016;127:515e24. https://doi.org/10.1007/s11060-016-2055-7.

50. Ion-M�argineanu A, Van Cauter S, Sima DM, et al. Classifying glioblas-
toma multiforme follow-up progressive vs. responsive forms using
multi-parametric mri features. Front Neurosci 2016;10:615.

51. Macyszyn L, Akbari H, Pisapia JM, et al. Imaging patterns predict patient
survival and molecular subtype in glioblastoma via machine learning
techniques. Neuro Oncol 2016;18:417e25.

52. Chato L, Latifi S. Machine learning and deep learning techniques to
predict overall survival of brain tumor patients using MRI Images. In:
17th IEEE international conference on bioinformatics and engineering. New
York, NY: IEEE Press; 2017, https://doi.org/10.1109/BIBE.2017.00009.

53. Krizhevsky A, Sutskever I, Hinton GE. ImageNet classification with
deep convolutional neural networks. Advances in neural information
processing systems. In: Proceedings of the 25th international conference
on neural information processing systems, vol. 1; 3 Dec 2012.
p. 1097e105.
a imaging biomarkers, Clinical Radiology, https://doi.org/10.1016/

http://refhub.elsevier.com/S0009-9260(19)30313-7/sref13
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref13
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref13
https://arXiv.org/abs/1806.08640
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref15
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref15
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref15
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref16
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref16
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref16
https://arXiv.preprint.arXiv:1612.07003
https://doi:10.1093/neuonc/nox242
https://www.ema.europa.eu/en/documents/variation-report/avastin-h-c-582-ii-0028-epar-refusal-assessment-report-variation_en.pdf
https://www.ema.europa.eu/en/documents/variation-report/avastin-h-c-582-ii-0028-epar-refusal-assessment-report-variation_en.pdf
https://www.ema.europa.eu/en/documents/variation-report/avastin-h-c-582-ii-0028-epar-refusal-assessment-report-variation_en.pdf
http://www.cebm.net/index.aspx?o=5653
http://www.cebm.net/index.aspx?o=5653
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref21
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref21
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref21
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref21
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref22
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref22
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref22
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref22
https://doi.org/10.1056/NEJMoa043330
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref24
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref24
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref24
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref25
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref25
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref25
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref25
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref26
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref26
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref26
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref26
https://doi.org/10.1016/S1474-4422(10)70181-2
https://doi.org/10.1016/S1474-4422(10)70181-2
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref28
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref28
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref28
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref28
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref29
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref29
https://doi.org/10.18632/oncotarget.14166
https://doi.org/10.18632/oncotarget.14166
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref31
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref31
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref31
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref32
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref32
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref32
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref32
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref33
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref33
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref33
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref33
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref34
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref34
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref34
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref34
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref34
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref35
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref35
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref35
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref35
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref35
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref36
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref36
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref36
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref36
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref37
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref37
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref37
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref37
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref37
https://doi.org/10.1093/neuonc/noy133
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref39
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref39
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref39
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref39
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref39
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref40
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref40
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref40
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref40
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref40
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref41
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref41
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref41
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref41
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref41
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref42
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref42
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref42
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref42
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref42
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref43
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref43
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref43
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref43
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref43
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref43
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref44
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref44
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref44
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref44
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref44
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref45
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref45
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref45
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref45
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref46
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref46
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref46
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref46
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref47
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref47
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref47
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref47
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref47
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref48
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref48
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref48
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref48
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref48
https://doi.org/10.1007/s11060-016-2055-7
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref50
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref50
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref50
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref50
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref51
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref51
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref51
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref51
https://doi.org/10.1109/BIBE.2017.00009
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref53
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref53
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref53
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref53
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref53
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref53


T.C. Booth et al. / Clinical Radiology xxx (xxxx) xxx 13
54. Wick W, Meisner C, Hentschel B, et al. Prognostic or predictive value of
MGMT promoter methylation in gliomas depends on IDH1 mutation.
Neurology 2013 Oct 22;81(17):1515e22.

55. Qian X, Tan H, Zhang J, et al. Identification of biomarkers for pseudo and
true progression of GBM based on radiogenomics study. Oncotarget
2016;7:55377e94.

56. O’Connor JPB, Aboagye EO, Adam JE, et al. Imaging biomarker roadmap
for cancer studies. Nat Rev Clin Oncol 2017;14:169e86.

57. Sullivan DC, Obuchowski NA, Kessler LG, et al. Metrology standards for
quantitative imaging biomarkers. Radiology 2015;277(3):813e25.

58. Hansen MR, Pan E, Wilson A, et al. Post-gadolinium 3-dimensional
spatial, surface, and structural characteristics of glioblastomas differ-
entiate pseudoprogression from true tumor progression. J Neurooncol
2018;139:731e8.

59. Ceschin R, Kurland BF, Abberbock SR, et al. Parametric responsemapping of
apparentdiffusion coefficient (ADC)as an imagingbiomarker todistinguish
pseudoprogression from true tumor progression in peptide-based vaccine
therapy for pediatric diffuse instrinsic pontine glioma. AJNR Am J Neuro-
radiol 2015;36:2170e6. https://doi.org/10.3174/ajnr.A4428.

60. Choi YS, Kim DW, Lee S-K, et al. The added prognostic value of preop-
erative dynamic contrast-enhanced MRI histogram analysis in patients
with glioblastoma: analysis of overall and progression-free survival.
AJNR Am J Neuroradiol 2015;36:2235e41.

61. Kickingereder P, Burth S, Wick A, et al. Radiomic profiling of glioblas-
toma: identifying an imaging predictor of patient survival with
improved performance over established clinical and radiologic risk
models. Radiology 2016;280:880e9.

62. Chang K, Zhang B, Guo X, et al. Multimodal imaging patterns predict
survival in recurrent glioblastoma patients treated with bevacizumab.
Neuro Oncol 2016;18:1680e7.

63. Liu L, Zhang H, Rekik I, et al. Outcome prediction for patient with high-
grade gliomas from brain functional and structural networks.Med Image
Comput Comput Assist Interv 2016;9901:26e34.

64. Nie D, Zhang H, Adeli E, et al. 3D Deep learning for multi-modal im-
aging-guided survival time prediction of brain tumor patients. Med
Image Comput Comput Assist Interv 2016;9901:212e20.

65. Zhou M, Chaudhury B, Hall LO, et al. Identifying spatial imaging bio-
markers of glioblastoma multiforme for survival group prediction. J
Magn Reson Imaging 2017;46:115e23.
Please cite this article as: Booth TC et al., Machine learning and gliom
j.crad.2019.07.001
66. Dehkordi ANV, Kamali-Asl A, Wen N, et al. DCE-MRI prediction of sur-
vival time for patients with glioblastoma multiforme: using an adaptive
neuro-fuzzy-based model and nested model selection technique. NMR
Biomed 2017;30, https://doi.org/10.1002/nbm.3739.

67. Lao J, Chen Y, Li Z-C, et al. A deep learning-based radiomics model for
prediction of survival in glioblastoma multiforme. Sci Rep
2017;7:10353.

68. Liu Y, Xu X, Yin L, et al. Relationship between glioblastoma heteroge-
neity and survival time: an MR imaging texture analysis. AJNR Am J
Neuroradiol 2017;38:1695e701.

69. Li Q, Bai H, Chen Y, et al. A fully-automatic multiparametric radiomics
model: towards reproducible and prognostic imaging signature for
prediction of overall survival in glioblastoma multiforme. Sci Rep
2017;7:14331.

70. Ingrisch M, Schneider MJ, N€orenberg D, et al. Radiomic analysis re-
veals prognostic information in T1-weighted baseline magnetic
resonance imaging in patients with glioblastoma. Invest Radiol
2017;52:360e6.

71. Li Z-C, Li Q, Sun Q, et al. Identifying a radiomics imaging signature for
prediction of overall survival in glioblastoma multiforme. In: 10th
biomedical engineering international conference (BMEiCON). New York,
NY: IEEE Press; 2017, https://doi.org/10.1109/bmeicon.2017.8229098.

72. Bharath K, Kurtek S, Rao A, et al. Radiologic image-based statistical shape
analysis of brain tumors. 2017. Available at: http://arxiv.org/abs/1702.
01191. [Accessed 1 August 2018].

73. Shboul Z, Vidyaratne L, Alam M, et al. Glioblastoma and survival pre-
diction. Brainlesion 2018;10670:358e68.

74. Peeken JC, Hesse J, Haller B, et al. Semantic imaging features predict
disease progression and survival in glioblastoma multiforme patients.
Strahlenther Onkol 2018;194:580e90.

75. Kickingereder P, Neuberger U, Bonekamp D, et al. Radiomic subtyping
improves disease stratification beyond key molecular, clinical, and
standard imaging characteristics in patients with glioblastoma. Neuro
Oncol 2018;20(6):848e57.

76. Chaddad A, Sabri S, Niazi T, et al. Prediction of survival with multi-scale
radiomic analysis in glioblastoma patients. Med Biol Eng Comput
2018;56(12):2287e300.

77. Bae S, Choi YS, Ahn SS, et al. Radiomic MRI phenotyping of glioblastoma:
improving survival prediction. Radiology 2018;289(3):797e806.
a imaging biomarkers, Clinical Radiology, https://doi.org/10.1016/

http://refhub.elsevier.com/S0009-9260(19)30313-7/sref54
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref54
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref54
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref54
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref55
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref55
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref55
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref55
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref56
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref56
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref56
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref57
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref57
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref57
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref58
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref58
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref58
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref58
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref58
https://doi.org/10.3174/ajnr.A4428
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref60
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref60
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref60
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref60
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref60
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref61
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref61
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref61
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref61
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref61
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref62
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref62
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref62
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref62
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref63
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref63
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref63
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref63
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref64
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref64
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref64
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref64
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref65
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref65
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref65
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref65
https://doi.org/10.1002/nbm.3739
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref67
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref67
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref67
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref68
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref68
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref68
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref68
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref69
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref69
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref69
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref69
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref70
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref70
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref70
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref70
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref70
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref70
https://doi.org/10.1109/bmeicon.2017.8229098
http://arxiv.org/abs/1702.01191
http://arxiv.org/abs/1702.01191
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref73
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref73
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref73
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref74
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref74
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref74
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref74
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref75
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref75
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref75
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref75
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref75
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref76
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref76
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref76
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref76
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref77
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref77
http://refhub.elsevier.com/S0009-9260(19)30313-7/sref77

	Machine learning and glioma imaging biomarkers
	Introduction

	Neuro-oncology epidemiology
	Assessing machine learning methodology in neuro-oncology radiomic studies
	Material and methods
	Results
	Monitoring biomarkers
	Going solo: a single imaging type can be used to analyse pseudoprogression
	Over time: a longitudinal imaging series can be used to analyse pseudoprogression
	Combinations: multiple imaging types can be combined as a means to analyse pseudoprogression
	Old and new: long-established ML methods have been used with advanced imaging to analyse pseudoprogression
	Clustered combinations: unsupervised analyses can also be applied to multiple imaging types to analyse either pseudoprogres ...
	Combinations and radiation necrosis: multiple imaging types can be combined as a means to analyse radiation necrosis
	Voxel-based approaches can be used in the analysis of treatment-related effects
	Analysis of complete response
	Prognostic biomarkers
	Predictive biomarkers

	Conclusion
	Conflict of interest
	Acknowledgments
	Appendix A. Supplementary data
	References


